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A B S T R A C T

A novel approach to characterize the physiological conditions of plants from hyperspectral remote sensing data
through the numerical inversion of a light version of the SCOPE model is proposed. The combined retrieval of
vegetation biochemical and biophysical parameters and Sun-induced chlorophyll fluorescence (F) was in-
vestigated exploiting high resolution spectral measurements in the visible and near-infrared spectral regions.
First, the retrieval scheme was evaluated against a synthetic dataset. Then, it was applied to very high resolution
(sub-nanometer) canopy level spectral measurements collected over a lawn treated with different doses of a
herbicide (Chlorotoluron) known to instantaneously inhibit both Photochemical and Non-Photochemical
Quenching (PQ and NPQ, respectively). For the first time the full spectrum of canopy F, the fluorescence
quantum yield (ΦF), as well as the main vegetation parameters that control light absorption and reabsorption,
were retrieved concurrently using canopy-level high resolution apparent reflectance (ρ*) spectra. The effects of
pigment content, leaf/canopy structural properties and physiology were effectively discriminated. Their com-
bined observation over time led to the recognition of dynamic patterns of stress adaptation and stress recovery.
As a reference, F values obtained with the model inversion were compared to those retrieved with state of the art
Spectral Fitting Methods (SFM) and SpecFit retrieval algorithms applied on field data. ΦF retrieved from ρ* was
eventually compared with an independent biophysical model of photosynthesis and fluorescence. These results
foster the use of repeated hyperspectral remote sensing observations together with radiative transfer and bio-
chemical models for plant status monitoring.

1. Introduction

In the last years, Remote Sensing (RS) of Sun-induced chlorophyll
fluorescence (F) emerged as a novel and promising scientific field for
studying the dynamic behavior of photosynthesis (for a review of this
topic see Meroni et al., 2009 and Porcar-Castell et al., 2014). F is a
physical side product of light absorption that is emitted as an electro-
magnetic radiation in the red and far-red spectral regions (≈ 640 nm to
850 nm), and it is related to the energetic status of the photosystems.

The feasibility of consistent retrievals of F from ground based
platforms (Rossini et al., 2016; Yang et al., 2015), Unmanned Aerial
Vehicles (UAVs) (Garzonio et al., 2017; Zarco-Tejada et al., 2013),

airplanes (Rascher et al., 2015; Rossini et al., 2015) and satellites
(Cogliati et al., 2015; Guanter et al., 2015, 2010; Joiner et al., 2016) has
been successfully investigated in the last years, with a strong impulse
given by the activity supporting the Earth-Explorer 8 FLuorescence
EXplorer (FLEX) satellite mission, of the European Space Agency (ESA),
specifically intended for global-scale F retrieval from space (Drusch
et al., 2017). Nevertheless, due to the concurrent influence of phy-
siology, leaf and canopy structure, pigment concentration and weather
conditions on F (Porcar-Castell et al., 2014; Verrelst et al., 2015b), it's
unambiguous interpretation in terms of the quantification of vegetation
photosynthesis and stress detection is a largely unsolved challenge.
Several authors (e.g., Damm et al., 2010, Guanter et al., 2014, Lee et al.,
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2013) exploited the conceptual scheme of the Light Use Efficiency
(LUE) model, proposed by Monteith (1972) for the Gross Primary
Production (GPP), to express F as:

= × × ×F λ PAR fAPAR λ f λ( ) Φ ( ) ( )F esc (1)

where PAR is the Photosynthetically Active Radiation, fAPAR is the
fraction of PAR that is absorbed by vegetation (i.e., the fraction of PAR
that is transformed into Absorbed Photosynthetically Active Radiation
(APAR)), ΦF(λ) the fluorescence yield (also LUEF(λ), i.e., the fraction of
absorbed PAR emitted as fluorescence at wavelength λ), and fesc(λ) the
“escape probability” (i.e., the probability that an emitted fluorescence
photon escapes the canopy in the direction of the sensor). These three
processes together (i.e., the absorption of light, the emission as fluor-
escence, and the escape of F from the canopy) determine the directional
F flux emitted at the top of the canopy.

Given these definitions, the effective fluorescence quantum yield
(ΦF) can be defined as:

∫
= =

×
F

APAR

dλ

fAPAR PAR
ΦF

int
TOT

F λ
f λ640

850 ( )
( )esc

(2)

with Fint
TOT being the total emitted fluorescence by all photosystems in

the leaves. ΦF is modulated by changes in the physiological status of
plants, and represents the fraction of absorbed energy that is not used
for Photochemical (PQ) and Non-Photochemical Quenching (NPQ).

Although the potential of ΦF to monitor photosynthesis has been
demonstrated, it is not trivial to quantify it from canopy level mea-
surements, with increasing complexity when moving from field to air-
borne and satellite observations. In particular: i) the calculation of Fint

TOT

requires the retrieval of the full spectrum of emitted F, but only few
attempts have been made so far to retrieve it at canopy level from
ground measurements (Zhao et al., 2014; Liu et al., 2015), airborne
(Cogliati et al., 2016) or simulated satellite data (Cogliati et al., 2015;
Sabater et al., 2015); ii) it is not possible to directly measure fesc; iii) the
proper quantification of the components of APAR from RS is still
challenging (cfr. Garbulsky et al., 2010, Gitelson and Gamon, 2015).
Apart from ground or near ground measurements, any retrieval of PAR
or fAPAR from RS platforms is mediated by a model, and the dis-
agreement between currently available fAPAR products is high (Meroni
et al., 2013; Pickett-Heaps et al., 2014). This fosters the implementation
of a flexible and robust framework able to tackle these three issues
concurrently, by means of an appropriate modeling of light intercep-
tion, absorption and emission, and to eventually consistently retrieve
ΦF at canopy level from RS data. This parameter could offer an addi-
tional observational constraint on modeled carbon uptake (MacBean
et al., 2018) independent of canopy structure and illumination condi-
tions.

Physically-based Radiative Transfer Models (RTMs) of the vegeta-
tion have been used in the last decades to express mathematically the
complex interactions between plant elements (e.g., tissues, leaves,
branches) and the electromagnetic radiation. RTMs inversion techni-
ques have been widely used to retrieve vegetation parameters such as
chlorophyll content (Cab) or leaf area index (LAI) from RS data (for a
review of methods and applications see Verrelst et al., 2015a), but so far
few of them incorporated the F signal within the modeling or the re-
trieval process. The 1-D (vertical) “Soil-Canopy Observation Photo-
synthesis and Energy fluxes” (SCOPE) model (van der Tol et al., 2009) is
a state of the art integrated radiative transfer and energy balance model
that enables the simulation of canopy leaving hyperspectral reflectance
and fluorescence, modeling the full radiative transfer of light from the
photosystem to the top of canopy, as well as the turbulent heat fluxes
and photosynthesis. van der Tol et al. (2016) successfully exploited high
resolution (Spectral Sampling Interval (SSI)= 0.24 nm and Full Width
at Half Maximum (FWHM)=1 nm) top of canopy reflectance spectra in
the visible and near-infrared (VNIR) spectral region, to partially invert
SCOPE to retrieve biochemical and structural parameters of the

vegetation (e.g., pigment concentration, canopy structure), and further
simulate emitted F760. Very recently, Verhoef et al. (2018) developed a
scheme based on several routines of SCOPE and a F retrieval based on
principal components, to obtain F together with important vegetation
parameters out of FLEX/Sentinel-3 top of atmosphere synthetic data.
Verhoef et al. (2018) showed that it was possible to reach a remarkable
accuracy, given the correct atmospheric characterization. Hernández-
Clemente et al. (2017) extended a 3-D radiative transfer model to si-
mulate F in complex canopies, and used this model (FluorFLIGHT) to
account for the effects of sunlit/shadow pixels, vegetation structure and
fractional cover on F in an oak forest, highlighting the importance of a
proper modeling approach to relate F to forest health. Nevertheless, 3-D
models are generally slower and require a larger number of input
parameters than simpler 1-D RTMs, and this can be a limiting factor for
their invertibility and their large-scale application.

In this work we propose a novel approach to improve the char-
acterization of the physiological conditions of plants from hyperspectral
RS data through the inversion of a light version of the SCOPE model.
Compared to van der Tol et al. (2016) and to Verhoef et al. (2018), in
this work we retrieve the full F spectrum and ΦF as direct products of
the numerical inversion of a physically based model. This work aims at
using these, together with other important vegetation biochemical and
biophysical parameters consistently retrieved within the inversion
process, to assess vegetation status in a case of induced stress. In order
to evaluate the proposed approach, we compare the retrieved F values
with state of the art SFM and SpecFit algorithms (Cogliati et al., 2015)
and we analyze the temporal evolution of the retrieved parameters
during the controlled stress experiment. Finally, we compare the re-
trieved ΦF values with an independent biochemical model of photo-
synthesis and fluorescence to sketch a conceptual use of ΦF to inform on
PQ.

2. Materials and methods

2.1. Experimental setup

The field campaign was conducted in a farm in Latisana (Udine,
Italy; 13.013E, 45.779N) from 7th June 2014 to 3rd July 2014, during
the ESA funded FLEX-EU campaign. Three parcels (9 m×12m) of a
commercially produced lawn were treated with different doses of
Dicuran 700 FW (Syngenta AG), a commercial formulation of
Chlorotoluron (3-(3-chloro-p-tolyl)-1,1-dimethylurea). Chlorotoluron is
an herbicide that interferes with the light reactions of photosynthesis,
inhibiting the electron transport chain from photosystem II to photo-
system I. This translates in a strong decrease of PQ, and in an accu-
mulation of absorbed energy inside the reaction centers that has to be
rapidly dissipated to avoid oxidative stress. Chlorotoluron is also known
to inhibit NPQ, hence we expect a strong increase of ΦF, driven by an
increase in F emission, after the treatment. On the other hand, the ve-
getation biophysical and biochemical parameters should only be in-
fluenced at a later stage. Three additional non-treated plots were
sprayed with water and used as control. A similar treatment was
exploited in Rossini et al. (2015), with noticeable effects on both F687
and F760. The lawn was frequently irrigated during the campaign and
was expected to never experience water limited conditions. A pre-
liminary assessment of the full dataset showed i) no differences be-
tween the control plots and ii) that the effect of the lower doses of
Dicuran was statistically comparable. Hence, for the sake of simplicity,
data shown in this paper refer only to three plots, representative of the
more (maximum dose, 24 mll−1) and less stressed (minimum dose,
1.5 mll−1) among the treated plots, as well as a control plot. Due to
logistic constraints, the herbicide was applied on the two plots seven
days apart (12th June 2014 and 19th June 2014, respectively) hence in
this paper the Day After the Treatment (DAT), instead of the Day Of the
Year (DOY) will be used.
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2.2. Top of canopy hyperspectral measurements

High resolution spectral measurements were performed in the field
with three Ocean Optics (Dunedin, USA) portable spectrometers oper-
ating in the VNIR region with different spectral configurations
(Table 1). The spectrometers were housed in a Peltier thermally regu-
lated box (model NT-16, Magapor, Zaragoza, Spain) keeping the in-
ternal temperature at 25 °C in order to ensure the stability of both the
intensity and the spectral information of the measured signal. The
targets were measured from nadir with bare optical fibers (field of view
of 25 °) at a distance of 1.30m, yielding to an observed circular surface
of approximately 0.58m of diameter. The fibers were mounted down-
looking on a specially modified tripod that allowed the alternate
measurement of the vegetated target and of the white reference cali-
brated panel (Labsphere Inc., North Sutton, NH, USA). A picture of the
overall spectroscopic measurements setup is reported in Fig. 1a. This
system has been widely used in the last decade to provide consistent
values of reflectance and fluorescence in different field campaigns, over
a wide range of crops and natural vegetation (Rossini et al., 2016). The
spectral data were acquired with a dedicated software (3S; Meroni and
Colombo, 2009) and processed with a specifically developed IDL
(ITTVIS IDL 7.1.1) application described in Meroni et al. (2011). Each
acquisition consisted of three spectra recorded sequentially: Lin

meas

measured over the calibrated white reference panel, Lout
meas over the

target and Lin
meas again. The actual Lin

meas at the time of the target mea-
surement was estimated by linear interpolation. The relative variation
of the two Lin

meas measurements was used as a quality check for illu-
mination condition stability (i.e., total variation below 5%). Each of
these spectra is the average of 10 and 3 scans (for the full range and the
other two spectrometers, respectively) in order to reduce instrumental
noise.

Fig. 1b shows a nadiral picture of one of the measured lawn parcel.
A white frame was used as a reference to ensure spatially consistent
measurements of the vegetated surface (depicted approximately with
the yellow circle) over time. To ensure that the white frame had no
effect on the measurements (i.e., signal contamination due to adjacency
effects), two consecutive measurements with and without the frame
were compared, showing no significant differences in terms of re-
flectance and fluorescence (data not shown). Ground measurements
were performed over the whole time window of the campaign. Mea-
surements started around 10:00 AM until 16:00 PM, depending on the
weather conditions. The plots were measured moving the instruments
from the first to the last plot cyclically during the day. Five consecutive
acquisitions were taken for each plot under stable illumination condi-
tions before moving to the next one. The final spectral dataset consisted
of ≈ 600 measurements. The spectra collected with the three spectro-
meters were converted from digital numbers to radiance and then
merged together in order to cover the VNIR spectrum (400–900 nm)
with the maximum possible spectral resolution (i.e., minimum SSI and
FWHM). In this work, in fact, in order to retrieve concurrently the
biophysical parameters by model inversion technique, the F687 and F760
at the oxygen absorption bands, as well as the full spectrum F, the
spectra collected with the highest spectral resolution spectrometers (S-
O2-B and S-O2-A) were accurately inter-calibrated based on the lower
resolution spectrometer (S-Full), and merged together to obtain a single
spectrum with the highest possible resolution (Fig. 2). Top of canopy F
was retrieved in the O2-A and O2-B oxygen absorption bands using state
of the art spectral fitting methods (SFM; Cogliati et al., 2015), originally
proposed by Meroni and Colombo (2006) and Meroni et al. (2010). This
method models the fluorescence and the true reflectance (ρSFM; i.e., the
ratio of the reflected radiance and the incoming radiance) as a function
of wavelengths inside the O2-A and O2-B oxygen absorption bands. FSFM

and ρSFM were modeled using Voigt functions and piecewise cubic
splines, respectively. Moreover, the SpecFit algorithm as described in
Cogliati et al. (2015) was applied to retrieve the full spectrum of the F
emission (FSpecFit) in the spectral range from 670 nm to 780 nm. The

integral of each F spectrum F( )int
SpecFit was computed by means of tra-

pezoidal numerical integration.
Starting from the measured radiance fluxes, the measured apparent

reflectance (ρ*,meas) was computed. ρ*,meas is a quantity defined as the
ratio between the radiance leaving the vegetation surface L( )out

meas and
the incoming radiance L( )in

meas . It differs from the true reflectance (ρ) for
including not only the reflected, but also the emitted radiance (i.e., the
fluorescence).

2.3. Modeling setup

2.3.1. Model description
The radiative transfer (RT) routines used to simulate reflectance and

fluorescence were taken from the SCOPE model (version 1.701). Four
routines were selected for this purpose. At leaf level, reflectance and
fluorescence spectra were simulated with a modified version of the
Fluspect-B model (Verhoef, 2011; Vilfan et al., 2016), while for pro-
pagation through the canopy the routines RTMo for incident light and
RTMf for fluorescence were used. Fluspect-B is based on the PROSPECT
model (Jacquemoud and Baret, 1990), with the addition of backward
and forward fluorescence spectra. Here, the absorption coefficients of
leaf biochemical components from the recently published PROSPECT-D
(Féret et al., 2017) were used. RTMo is based on the SAIL model
(Verhoef, 1984), and it simulates the four-stream radiative transfer of
the incident light, resulting in the reflectance. Finally, RTMf propagates
the fluorescence fluxes simulated by Fluspect-B inside the canopy based
on the distribution of APAR and the scattering coefficients modeled
with RTMo. The soil reflectance was modeled using the “Global Soil
Vector” (GSV) model (Jiang and Fang, 2012; Verhoef et al., 2014). The
coupled model resulting from the combination of Fluspect-B, RTMo,
RTMf and GSV is a “light” version of SCOPE, and it is referred to as
“RTMc” in this study.

2.3.2. Model inversion
The model inversion routine for the retrieval of biophysical and

biochemical parameters of the vegetation was based on a Numerical
Optimization (NO) algorithm that minimizes the differences between
the measured and the modeled apparent reflectance in the spectral
region from 400 nm to 900 nm. The modeled apparent reflectance
(ρ*,RTM) is defined by the ratio of the modeled radiance leaving the
vegetation surface L( )out

RTM and the incoming radiance:

=
+

=ρ
L F

L
L
L

* RTM refl
RTM

out
RTM

in
meas

out
RTM

in
meas

,

(3)

where Fout
RTM is the modeled fluorescence in the observation direction,

and the modeled reflected radiance L( )refl
RTM is computed as:

=
+

L
r πL r πL

π
( ) ( )

refl
RTM so sun

meas
do sky

meas

(4)

where rso and rdo are the canopy reflectance factors of the direct (solar)
and diffuse (sky) components of the incoming irradiance (πLsun

meas and

Table 1
Summary of the technical characteristics of the Ocean Optics spectrometers
(Dunedin, USA) used in the measurement campaign. “Range” is the spectral
range, “SSI” is the Spectral Sampling Interval, “FWHM” is the Full Width at Half
Maximum and “SNR” is the nominal Signal-to-Noise Ratio.

ID Model Range SSI FWHM SNR
[nm] [nm] [nm]

S-Full HR4000 400–1000 0.24 1.00 300:1
S-O2-B QE65000 657–743 0.10 0.25 1000:1
S-O2-A HR4000 717–805 0.02 0.10 300:1

1 https://github.com/Christiaanvandertol/SCOPE.git.
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πLsky
meas, respectively). Lsun

meas and Lsky
meas were not directly measured in the

field, but were obtained by decomposing Lin
meas according to a simula-

tion produced with the MODerate resolution atmospheric
TRANsmission (MODTRAN) RT model (Berk et al., 2014), so that the
sum of the two components was equal to the measured total Lin

meas (Eq.
(5)).

= +L L Lin
meas

sun
meas

sky
meas (5)

An example of the spectra obtained from this decomposition is shown in
Fig. 3. Given a set of arbitrary starting model parameters (Table 2,
column SV), the true Solar zenith and azimuth angles, and the Lsun

meas and
Lsky

meas components, the NO algorithm iteratively executes the RTMc
model, varying all the free parameters within their range of variation
(Table 2), until a cost function is minimized.

A number of parameters were left free to vary during the inversion
routine. In particular, six Fluspect-B parameters for Chlorophyll (Cab)
and carotenoid content (Ccar), dry matter (Cdm), water content (Cw),
senescent material (Cs), fluorescence quantum efficiency (fqe), and Leaf
Area Index (LAI) from the SAIL model. SMp is a parameter in the GSV
model for the volumetric soil moisture percentage in the root zone, and
it was left free to account for potential variations in the soil brightness
due to soil moisture content. The Fluspect-B parameter “fqe” corre-
sponds to ΦF. In order to test the retrieval scheme in a generally ap-
plicable configuration, the lower (Table 2, column LB) and upper
boundaries (column UB) of the free parameters were left very wide. A
spherical leaf angle distribution (LIDFa=−0.35; LIDFb=−0.15),
was chosen to model the lawn canopy. It was left fixed because no
variation in the canopy architecture was observed during the campaign.

Following van der Tol et al. (2016), we used the lsqnonlin
function of the optimization toolbox in MATLAB® R2016b, selecting a
Trust-Region-Reflective least squares algorithm for updating

(a) (b)

Fig. 1. a) Picture of the spectroscopic setup in the field; b) Parcel of the measured lawn: the yellow circle is approximately the area measured with the spectroscopic
system. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 2. Example of the spectra collected with the three spectrometers merged
together to obtain the highest resolution spectral configuration. The shaded
areas represent the regions where the data from the high resolution spectro-
meters (S-O2-B and S-O2-A) were used instead of the full-range one (S-Full). (For
interpretation of the references to color in this figure, the reader is referred to
the web version of this article.)

Fig. 3. Example of the measured total incoming radiance L( )in
meas and the de-

composed direct L( )sun
meas and diffuse L( )sky

meas fluxes.

Table 2
Lower boundaries (LB), upper boundaries (UB), a priori values (p0), assumed
standard deviations (σp0) and starting values (SV) of each retrieved parameter.
Free parameters include six Fluspect-B parameters for Chlorophyll (Cab) and
carotenoids (Ccar), dry matter (Cdm), water content (Cw), senescent material (Cs)
and fluorescence quantum efficiency (fqe, equivalent to ΦF), Leaf Area Index
(LAI) from the SAIL model, and volumetric soil moisture percentage in the root
zone (SMp) from the GSV model.

Parameter Unit LB UB p0 σp0 SV

Cab μg cm−2 0 100 40 30 40
Ccar μg cm−2 0 30 10 109 10
Cdm g cm−2 0 0.04 0.01 109 0.005
Cw cm 0 0.05 0.01 109 0.02
Cs – 0 0.4 0.15 109 0.1
fqe (ΦF) – 0 1 0.01 109 0.01
LAI m2m−2 0 6 2 1 3
SMp % 5 55 30 109 30
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parameters after each iteration step. The cost function “f” was defined
as:

= +

=
⎧

⎨
⎪

⎩⎪

− ∈
− + ∈

− −

=
−

∗

∗ ∗

∗ ∗

∗ ∗

f w

ρ ρ
ρ ρ

ρ ρ
p p

σ

ER1 ER1 ER2 ER2

ER1
(λ) (λ) ,λ λ

( (λ) (λ)) ,λ λ
( (λ) (λ))

ER2

RTM meas
noabs

RTM
BL

RTM
abs

meas
BL

meas

p

T T

, ,

, ,

, ,

0

0 (6)

with λabs being the spectral ranges within the fluorescence emission
region where major atmospheric absorption features occur, in parti-
cular:

• O2-A from 754 nm to 775 nm

• O2-B from 685 nm to 688 nm

• H2O from 715 nm to 734 nm

and λnoabs all other wavelengths in the 400–900 nm spectral range.
The first term of the cost function (ER1) calculates the residuals be-
tween the modeled (ρ*,RTM) and the measured apparent reflectance
(ρ*,meas). Outside the oxygen absorption bands, simply the difference
between ρ*,RTM and ρ*,meas is used. However, inside the absorption
bands, the apparent reflectance is normalized (subtracted) by a “base-
line reflectance” (ρ*BL, the “baseline” of ρ

*). This ensures that the heights
of the spikes in the apparent reflectance relative to the shoulders out-
side the absorption bands are reproduced rather than the absolute
heights. This appears necessary as the ρ*,RTM may have some residual
bias in the red-edge and the NIR plateau, which could strongly affect
the retrieved fluorescence. ρ*BL is calculated by fitting a linear spline
function to the ρ* curve once the peaks due to F contribution are re-
moved, an approach conceptually similar to the one used in the iFLD
fluorescence retrieval (Alonso et al., 2008). ER1 in the absorption bands
is then calculated as the difference of the modeled and measured re-
siduals between ρ* and ρ*BL. Fig. 4a shows an example of the minuend

−ρ ρ( * * )meas
BL

meas, , and the subtrahend −ρ ρ( * * )RTM
BL

RTM, , of ER1 (Eq. (6)),
in the spectral region around the O2-A band, while in Fig. 4b ER1
computed for the whole dataset is compared to the difference between
ρ*,RTM and ρ*,meas. The second term (ER2) includes the posterior (p) and
a priori (p0) values of the model parameters, as well as their expected
standard deviation (σp), weighted for a factor w=3×10−2 (van der
Tol et al., 2016). The output of this process is an optimized set of the
input parameters, as well as the corresponding modeled reflectance and
fluorescence spectra (Fig. 5). The integral of each F spectrum F( )int

RTM

was computed by means of trapezoidal numerical integration. In order
to be consistent with the calculation of Fint

SpecFit, the spectral range was
limited between 670 nm and 780 nm.

2.3.3. Evaluation of model inversion performance against synthetic data
In order to test the retrieval algorithms described in the previous

section (i.e., RTMc inversion, SFM and SpecFit), we created a large
synthetic (> 800,000) look-up table of apparent reflectance spectra
with RTMc, with the same spectral characteristics of the measured data.
RTMc input parameters were varied over their whole range of variation
(i.e., the whole parameter space between LB and UB in Table 2), with a
fixed-pass sampling ensuring at least five steps for each parameter. In
addition, the short-wave incoming radiation (Rin) was varied between
400 and 1000Wm−2 with a 200Wm−2 step. A subset of randomly
selected 1000 simulations was used to perform the inversion and to test
the retrieval algorithms.

2.4. Regression models and error estimation

All data in the plots are reported as mean ± standard deviation,
unless differently indicated. Similarly, the linear regression models

shown in this paper are obtained with Ordinary Least Squares (OLS)
fitting. For the robust regression models, the bisquare weighting
scheme for downweighting outliers included in MATLAB® R2016b
fitlm function was used.

The Root Mean Squared Error (RMSE) and the Relative Root Mean
Squared Error (RRMSE) were computed according to Eqs. (7) and (8),
respectively. Together with the slope (m), the intercept (q) and the
coefficient of determination (R2), they were used to compare the re-
trieved ŷ( ) and the reference (y) values.

=
∑ −= ŷ y

n
RMSE

( )i
n

i i1
2

(7)

Fig. 4. a) Example of the minuend −ρ ρ( * * )meas
BL

meas, , and the subtrahend
−ρ ρ( * * )RTM

BL
RTM, , of the term ER1 in the cost function (Eq. (6)), as well as the

modeled (ρ*,RTM) and measured (ρ*,meas) apparent reflectance in the spectral
region around the O2-A band. b) Mean (μ) and standard deviation (σ) of the
difference between ρ*,RTM and ρ*,meas (Dev) and of the ER1 term of the cost
function, in the spectral region around the O2-A band. Data in (b) refer to the
whole dataset. (For interpretation of the references to color in this figure, the
reader is referred to the web version of this article.)

Fig. 5. Example of the true (ρRTM) and apparent (ρ*,RTM) reflectance and
fluorescence (FRTM) spectra simulated with the RTMc model. (For interpretation
of the references to color in this figure, the reader is referred to the web version
of this article.)
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where n is the number of observations.

3. Results

3.1. Evaluation of the modeled reflectance and fluorescence

Table 3 shows the results of the inversion of the RTMc model on the
synthetic spectral dataset. The comparison between fluorescence values
at 687 nm F( )RTM

687 and at 760 nm F( )RTM
760 retrieved inverting RTMc and

the reference values are reported as well. In general, the agreement
between true and retrieved biochemical and biophysical vegetation
parameters is good: the R2 values are generally larger than 0.9 for most
of the parameters, and the RMSEs are reasonably low. The slope of the
OLS linear model for FRTM

687 and FRTM
760 are close to one, while there is a

certain overestimation in retrieved FRTM
760 (q=0.59mWm

−2 sr−1 nm−1). FRTM values integrated over the whole emission spec-
trum F( )int

RTM show similar R2 value, with RMSE=41.26mWm−2 sr−1

and q=55.08mWm−2 sr−1. The RRMSE is generally lower or very
close to 10%.

When applying robust bisquare linear regression, the variance
explained by the model is often close to 100%, and the RMSE is very
low. Nevertheless, fqe is still overestimated (m=1.33), and a po-
sitive bias in FRTM

760 and Fint
RTM values is still present

(q=0.39 mWm−2 sr−1 nm−1 and q=37.92 mWm−2 sr−1, re-
spectively). In order to evaluate the performances of the SFM and
the SpecFit retrieval algorithms, FSFM

687 and FSFM
760 were retrieved

starting from the simulated spectra, and the integral of the emitted
fluorescence spectrum in the 670–780 nm spectral range was com-
puted. If no additional noise is added to the simulated data, the
agreement between the modeled (i.e., the reference values in this
case) and the retrieved FSFM values is almost perfect
F( SFM

687 : R2 = 1.00, RMSE= 0.08 mWm−2 sr−1 nm−1; FSFM
760 :

R2 = 1.00, RMSE= 0.03 mWm−2 sr−1 nm−1; Fint
SpecFit : R2 = 1.00,

RMSE= 0.03 mWm−2 sr−1), even though FSFM
687 values are slightly

overestimated (m=1.05). In all cases the RRMSE is lower than
10%, with a very low value of 0.67% for FSFM

760 , and these values
further improve if robust bisquare linear regression models are
used.

In this paragraph the results of the measured spectral dataset are
reported. Fig. 6 shows an example of the measured (ρ*,meas) and re-
trieved (ρ*,RTM) apparent reflectance (left panel). The regions around
the O2-B and O2-A oxygen absorption bands are highlighted. FSFM

687 and
FSFM

760 values retrieved with SFM, the full F spectrum retrieved with
SpecFit, as well as the F spectrum retrieved with RTMc (FRTM) are re-
ported. The deviation (difference) and the RRMSE between measured

and retrieved apparent reflectance, computed for the whole dataset
across the whole spectral range used for the model inversion, are shown
in Fig. 7. In general the fitting is good, but the model systematically
overestimates ρ* in the blue region and it is not perfectly able to re-
produce the slope of the red-edge and the NIR plateau. In particular, ρ*
is overestimated before 450 nm, from 700 nm to 745 nm, and from
770 nm to 835 nm, and it is underestimated afterwards. In the green
region, from 500 nm to 550 nm, the model reproduced almost correctly
the shape of the measured apparent reflectance, while small second
order differences are still present.

The OLS linear regression model between FSFM
687 and FRTM

687 computed

Table 3
Coefficient of determination (R2), Root Mean Square Error (RMSE), Relative Root Mean Square Error (RRMSE), slope (m) and intercept (q) of the OLS linear
regression model between reference and retrieved values of RTMc parameters, fluorescence at 687 nm (FRTM

687 ) and at 760 nm (FRTM
760 ), as well as the integral of the full

spectrum of F (Fint
RTM) are reported. Regression coefficients between reference values and F retrieved with SFM (FSFM

687 and FSFM
760 ) and with SpecFit (Fint

SpecFit) starting
from the simulated spectra are reported too. All values in brackets refer to the robust bisquare linear regression model. p-value is always<0.001.

Parameter Unit R2 RMSE RRMSE [%] m q

Cab μg cm−2 0.94 (0.99) 3.87 (1.19) 9.83 (3.02) 0.88 (0.91) 0.38 (0.00)
Ccar μg cm−2 0.87 (0.98) 1.27 (0.57) 12.74 (5.70) 1.01 (1.04) 0.27 (0.01)
LAI m2m−2 0.97 (0.97) 0.29 (0.26) 8.64 (7.75) 1.10 (1.13) 0.01 (−0.07)
fqe – 0.95 (0.99) 0.004 (0.003) 10.38 (7.79) 1.34 (1.33) 0.004 (0.003)

F RTM
687 mWm−2 sr−1 nm−1 0.96 (0.99) 0.17 (0.12) 10.42 (7.36) 1.03 (1.02) 0.18 (0.13)

F RTM
760 mWm−2 sr−1 nm−1 0.95 (0.99) 0.95 (0.27) 8.67 (4.88) 0.99 (1.00) 0.59 (0.39)

Fint
RTM mWm−2 sr−1 0.96 (1.00) 41.26 (27.39) 8.31 (5.51) 1.00 (1.00) 55.08 (37.92)

FSFM
687 mWm−2 sr−1 nm−1 1.00 (1.00) 0.08 (0.03) 5.62 (2.11) 1.05 (1.02) −0.01 (0.01)

FSFM
760 mWm−2 sr−1 nm−1 1.00 (1.00) 0.03 (0.03) 0.67 (0.67) 0.99 (0.99) 0.00 (−0.01)

Fint
SpecFit mWm−2 sr−1 0.99 (1.00) 36.70 (25.70) 8.49 (5.95) 1.01 (1.02) 0.90 (0.40)

Fig. 6. Example of the measured and retrieved apparent reflectance (left) and
fluorescence values (right). The regions around the O2-B and O2-A oxygen ab-
sorption bands are highlighted. (For interpretation of the references to color in
this figure, the reader is referred to the web version of this article.)

Fig. 7. Mean (μ) and standard deviation (σ) of the difference (Dev) and the
Relative Root Mean Square Error (RRMSE) between measured and retrieved
apparent reflectance (ρ*), computed for the whole dataset across the whole
spectral range used for the model inversion. (For interpretation of the refer-
ences to color in this figure, the reader is referred to the web version of this
article.)
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for the whole dataset of field measurements shows a good correlation
between the two fluorescence retrievals (R2= 0.84) with a RMSE of
0.15mWm−2 sr−1 nm−1 (Fig. 8a). Two point clouds are clearly dis-
tinguishable, one composed by F687 values between
0.5 mWm−2 sr−1 nm−1 and 1mWm−2 sr−1 nm−1, and the other
composed by higher values. F760 (Fig. 8b) shows an even higher R2

(0.97) and a slope much closer to 1 (m=1.03), while the average
RMSE is 0.22mWm−2 sr−1 nm−1. Fint

RTMc values (Fig. 8c) closely re-
semble Fint

SpecFit ones (m=1.02; q=39.17mWm−2 sr−1; R2= 0.96;
RMSE=22.91mWm−2 sr−1). When applying a robust bisquare linear
regression model to the data (green dashed line), the fittings improve.
In particular, the RMSE of F687 and F760 decreases to
0.14mWm−2 sr−1 nm−1 and 0.19mWm−2 sr−1 nm−1, respectively,
while the R2 slightly increases to 0.85 and 0.98. Nevertheless, the slope
of the linear model for F687 is still far from one (m=0.81) and the
intercept (q) is 0.22mWm−2 sr−1 nm−1, while F760 from RTMc in-
version is overestimated of about 0.51mWm−2 sr−1 nm−1.

3.2. Monitoring the retrieved parameters during the induced stress
experiment

In this section the temporal evolution of a selection of parameters
retrieved for the stress-detection field experiment, and the retrieved F
radiances, are shown. In the following plots only data collected around
solar noon, i.e., ± 1 h, are used to compute mean and standard devia-
tion for each DAT. Data refer to a control (“Control”) and two treated
plots, one with the lowest (“Low Dose”) and the other with the highest
dose in the experimental setup (“High Dose”).

Modeled fluorescence values at the O2-B (Fig. 9a) and O2-A band
(Fig. 9c) follow the dynamics observed in fluorescence retrieved with
SFM quite well (Fig. 9b and d). Just after the treatment, there is an
abrupt increase of both F760 and F687 and a subsequent decrease in the
following days. The control plot shows no significant variation in F
values over time. Absolute F values are correctly reproduced as well,
coherently with what already shown in Section 3.1. Although there is a
systematic overestimation of Fint

RTM values of about 40mWm−2 sr−1

compared to Fint
SpecFit , the relative agreement between the observed va-

lues is still high, and the temporal dynamics are preserved.
Fig. 10 shows the temporal variation of a selection of leaf and ca-

nopy retrieved parameters. A few hours after the treatment was ap-
plied, the relative variation of leaf chlorophyll content (Cab; Fig. 10a)
compared to the pre-treatment values was negligible. Starting from
DAT 1, Cab values of the treated plots started to decrease slowly. LAI
values (Fig. 10b) in contrast were stable over time (as foreseen con-
sidering that the treatment did not induce any structural variation).

During the campaign the grassland was not cut, thus a certain increase
in plant biomass in the control plot could be easily justified. The con-
tent of senescent material (Cs; Fig. 10c) stays stable over time in both
the control and the “Low Dose” plot, even though the average values
differed almost by a factor of 2. In the “High Dose” plot, Cs increased
over time following pigment degradation and plant browning. Re-
trieved ΦF values (Fig. 10d) clearly show a quick and strong response of
the photosynthetic apparatus to the applied treatment, even on DAT 0,
few hours after the application. ΦF values are in agreement with both
FRTM and FSFM (in particular with F760 values).

3.3. Combined observation of ΦF and Cab for stress detection

Fig. 11 shows the combined variation of Cab and ΦF during the ex-
periment for the three plots. In the control plot (Fig. 11a), ΦF did not
vary during the campaign, while there was a small fluctuation of Cab

values. Fig. 11b shows a circular pattern over time of ΦF versus Cab,
after application of a low dose of Chlorotoluron (“Low Dose”). Im-
mediately after the treatment, there was an abrupt rise of ΦF with no
variation of Cab, while in the following three days, ΦF values stayed
high and Cab started decreasing. From DAT 3 to 5, ΦF and Cab values
decreased together, while from DAT 5 to 7 only ΦF showed a further
decrease. 14 days after the chemical was applied, values of both ΦF and
Cab were close to the pre-treatment ones. On the other hand, when the
treatment was applied with a much higher dose (“High Dose”; Fig. 11c),
after a quick increase of ΦF with almost no variation in Cab values, both
parameters started decreasing rapidly. Several days after the treatment,
the plants were brownish, so that the measurements were stopped. At
that point, almost 50% of the original Cab content was lost, and the
plants did not show any sign of recovery for the rest of the campaign.

4. Discussion

4.1. Monitoring vegetation dynamics through RTM inversion

Sun-induced fluorescence (F) has been shown to be a relevant proxy
of photosynthetic activity at different scales. Nevertheless, due to the
concurrent influence of multiple drivers on the remotely sensed F
signal, it's unambiguous interpretation in the context of plant status
analysis is still challenging. On the other hand, radiative transfer model
inversion techniques have been increasingly used to retrieve quantita-
tive information on vegetation parameters from hyperspectral remote
sensing observations, but only few of them simulate the F signal. In this
study, a state of the art radiative transfer model for reflectance and
fluorescence was combined with very high resolution apparent

(a) (b) (c)

Fig. 8. OLS (red solid line) and robust bisquare linear regression model (green dashed line) between F values retrieved with SFM and obtained with RTMc inversion.
a) Linear regression models for F687; b) linear regression models for F760; c) linear regression models for Fint. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
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reflectance spectra to retrieve coherent information about vegetation
status and functioning. Typical hyperspectral VNIR measured spectra
(FWHM ≈ 1 nm) and higher resolution measured spectra (FWHM
≈ 0.3 nm) in the fluorescence emission region were combined (merged
in a single spectrum) to allow the consistent retrieval of both leaf/ca-
nopy biophysical parameters and F (and its quantum yield, ΦF) based
on model inversion through numerical optimization. This allowed to
test the capability of the model in retrieving quantitatively and tracking
over time very high variations in both fluorescence (full spectrum) and
fluorescence quantum yield. This represents a different approach
compared to previous studies, in which fluorescence was either pro-
duced with a look-up table approach (Hernández-Clemente et al.,
2017), simulated in forward mode as a second step (van der Tol et al.,
2016), or expressed as a function of modeled principal components
(Verhoef et al., 2018). The retrieval approach proposed in our work
fully exploits spectral observations as will be provided by FLEX, in
which the broad range spectral information is combined with the very
high spectral resolution radiance measurements at the oxygen absorp-
tion bands. Moreover, whereas van der Tol et al. (2016) and
Hernández-Clemente et al. (2017) evaluated retrieved F values in the
O2*-A band, we directly retrieved the full spectrum of fluorescence and

its quantum yield during the numerical inversion process from apparent
reflectance, and we compared it to state of the art SFM and SpecFit
retrieval methods (Cogliati et al., 2015).

Very good agreement was found between the retrieved vegetation
parameters and the reference values when testing the proposed model
inversion framework on synthetic data (Table 3). Highly significant and
very good relationships (p-value always< 0.001) were also obtained
between RTMc-based and reference F values. These results indicate that
the model inversion was able to effectively disentangle the effect of
pigments and canopy structure on the apparent reflectance spectrum
from the one due to F emission. This was possible thanks to: i) the
inclusion of the modeling of F emission and its radiative transfer inside
the leaf and the canopy within the forward model (RTMc); ii) the use of
very high resolution apparent reflectance spectra in the VNIR spectral
region; and iii) the specifically conceived cost function to invert RTMc
(Eq. (6)).

When applying the retrieval scheme to the measured dataset, a very
good agreement between measured and modeled spectral apparent re-
flectance was observed (Fig. 7). Nevertheless, there was a slight over-
estimation of ρ* in the blue. This could be triggered by an under-
estimation of Lsky

meas (imperfect characterization of the atmospheric

Fig. 9. Time series of fluorescence values retrieved with RTMc inversion (“a”, “c” and “e”) and with the SFM algorithm (“b”, “d” and “f”). The x axis shows the
number of Days After the Treatment (DAT).
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scattering), due to the simplified accounting of the direct/diffuse ratio
of the incoming radiation in the forward model. Apart from this aspect,
within the context of this experiment uncertainties in the character-
ization of the direct and the diffuse components of the incoming ra-
diation should have a very limited effect on the shape of the modeled
reflectance outside the atmospheric absorption bands. The measure-
ments, in fact, were always performed in cloud-free conditions, with
Solar Zenith Angles (SZA) lower than 60°, and the real SZA was used to
simulate the reflectance components in the model inversion routine.
The fraction of direct/diffuse irradiance can nevertheless partly explain
the residual difference in the modeling of apparent reflectance in the
O2-A band (750 nm to 770 nm). The depth of the absorption band de-
pends on the path-length followed by photons from the sun via the
target to the sensor (Cogliati et al., 2015), being therefore influenced by
the direct/diffuse ratio. This is true for the O2-B band as well, but its
depth and width are lower compared to the O2-A band, therefore this
effect is less pronounced.

The remaining discrepancies in ρ* could be partially attributed to
the pigment absorption coefficients (cfr. van der Tol et al., 2016),

especially in the green and red spectral regions. The discrepancy in the
red-edge region, and in particular from 700 nm to 770 nm is likely due
to the effect of an inaccurate retrieval of the senescent material in the
leaves (Cs), a parameter that preferentially affects the slope of the re-
flectance in this spectral region. As an example, Fig. 12 shows the
variation induced in the reflectance spectra when selectively varying Cs

from 0 to 0.25, highlighting its strong selective impact over the green
and the red edge. Although the mismatch in the modeled reflectance in
this region could potentially translate into an uncertainty in the re-
trieved pigments, a very good agreement was found between a well-
known vegetation index computed from the measured apparent re-
flectance related to the canopy chlorophyll content (i.e., the MTCI; Dash
and Curran, 2004) and the correspondent retrieved parameters
(R2= 0.86; p < 0.001).

Applying SFM and SpecFit to the simulated spectra confirms what
was observed in Cogliati et al. (2015), indicating that both are very
good performing fluorescence retrieval algorithms when a proper esti-
mation of the incoming solar irradiance is provided. In this work, in
fact, the incoming radiation was directly measured at top of canopy

(a) (b)

(c) (d)

Fig. 10. Time series of parameters retrieved from RTMc inversion. The x axis shows the Day After Treatment (DAT).

(a) Control (b) Low dose (c) High dose

Fig. 11. Scatter plots between chlorophyll content (Cab) and fluorescence yield (ΦF), for three different plots: a control (panel “a”), a plot treated with a low dose
(“b”) and one with a high dose of herbicide (“c”). The color palette refers to the number of Days After the Treatment (DAT), the arrows follow the temporal dynamic
as well. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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during the field campaign, and no atmospheric modeling was needed.
There was a strong and consistent agreement between F values re-
trieved with RTMc inversion and SFM/SpecFit (Fig. 8). It is worth
noting that the two fluorescence retrievals are completely independent
and use different parametrization of the functions describing both
fluorescence and reflectance. In this perspective, and lacking an in-
dependent reference for F values, RMSE and RRMSE are to be inter-
preted as “deviations” more than “errors”. Moreover, due to the her-
bicide application, the range of variation of F760 and F687 found in this
study is extreme when compared to what has been observed with the
same measurement setup over a wide range of crops and natural ve-
getation (Rossini et al., 2016). This indicates that both SFM/SpecFit and
the SCOPE-based RTMc model are flexible enough to cope with dif-
ferent (up to extreme) variations in emitted F triggered by stress events.
Nevertheless, there is a bias in Fint

RTM that can be attributed to the dif-
ferent shape of the fluorescence emission spectrum modeled by the two
algorithms (see Fig. 6). In particular, RTMc based F spectra tend to
systematically overestimate F in the far-red region (cfr. Fig. 8b), and
this triggers the overestimation in Fint as well. In this experiment the
strongest driver of F variation is the inhibition of PQ and NPQ by the
chemical application, this meaning that in this specific case the in-
formative content of F and ΦF is similar (in particular when looking
only at midday measurements). This is consistent with what was ob-
served in a recent study by Hernández-Clemente et al. (2017) using a
dataset simulated with the 3-D FluorFLIGHT model (in particular cfr.
Fig. 11d), that found a strong and linear correlation between far-red
fluorescence and the model-based fluorescence quantum efficiency.

The promising results obtained in this study open interesting per-
spectives for exploiting the increasing number of high resolution data
from multi-scale remote sensing (RS) platforms. Computational times
could be shortened by means of emulators of the radiative transfer
models (Rivera et al., 2015). Moreover, a multi-step inversion routine
where computationally efficient retrieval algorithms would be used to
retrieve key parameters like chlorophyll content (Cab) and Leaf Area
Index (LAI), then used as priors for a better regularization of the nu-
merical optimization inversion scheme is already in development. In
addition, in an operational perspective independently retrieved F values
(e.g., with SFM or SpecFit), could be used as a constrain inside the cost
function as well, while in this study we used them as a benchmark for
the modeled values. The proposed technique could be further im-
plemented for remote sensing airborne (e.g., HyPlant; Rascher et al.,
2015) and satellite measurements (e.g., FLEX), but in these cases a
proper correction of the atmospheric effect must be included. Several
efforts are ongoing in the FLEX community to develop robust algo-
rithms that take advantage of the multi-sensor tandem mission FLEX/
Sentinel-3 observations (Sabater et al., 2017) to atmospherically correct
the remote observations, or to include the atmospheric modeling within
the inversion scheme (Verhoef et al., 2018).

4.2. Comparison of the retrieved ΦF values with an independent biochemical
model

We have already discussed that ΦF is linked to the activity of the
photosynthetic machinery, so that a variation in the Photochemical
(PQ) or Non-Photochemical Quenching (NPQ) reflects in a variation of
ΦF. According to Butler (1978), ΦF can be expressed as a ratio of rate
coefficients (K) (Eq. (9)):

=
+ + +

K
K K K K

ΦF
F

F D N P (9)

where KF, KD, KN and KP are the rate coefficients for fluorescence,
constitutive thermal dissipation, NPQ and PQ, respectively. With
KF=0.05 and KD=0.95KF=0.05 and KD=0.95 (van der Tol et al.,
2014), ΦF is maximum when both KP and KN are 0 (i.e., both PQ and
NPQ are blocked), so that = =Φ 0.05/1 0.05F

max , and minimum when KP

and KN are high (e.g., 4, van der Tol et al., 2014), so that
= ≈Φ 0.05/9 0.005F

min , or when KN is very high (e.g., KN=10 and
KP=1, Porcar-Castell et al., 2012), so that = ≈Φ 0.05/12 0.001F

min .
With unstressed (control) values around 0.015 and maximum stressed
(treated) values around 0.035–0.040, the ΦF values retrieved from the
apparent reflectance through RTMc inversion span over most of the
physiological range of ΦF, up to values close to its maximum, which is
as expected considering that the Chlorotoluron is known to strongly
inhibit both PQ and NPQ. As a test, setting KP=0.15 and KN=0.15 in
Eq. (9), the resulting ΦF value of 0.039 indicates that even a small
amount of residual (i.e., non inhibited) PQ and NPQ would be enough to
justify the retrieved maximum values of ΦF. Although these results are
promising and strengthen the reliability of the retrieved ΦF values, it is
worth noting that the stressor applied in this study is not representative
for natural conditions, in which variations in NPQ are much more im-
portant and PQ is not artificially blocked. More efforts are needed in
this direction, especially in enlarging the domain of the biochemical
models to account for a wider range of physiological conditions, and in
finding a proper regularization strategy for NPQ.

5. Conclusions

In this work we demonstrated that it is possible to quantitatively
retrieve the full spectrum of emitted F, the main vegetation parameters
that control light absorption and reabsorption inside the canopy, as well
as a physiologically relevant parameter such as the quantum yield of
fluorescence (ΦF), by inverting numerically a light version of the SCOPE
model on measured apparent reflectance spectra. We also demonstrated
that the combined observation of these parameters over time led to the
recognition of specific patterns of stress adaptation and stress recovery
in a controlled experiment.

Using ΦF (or F) to derive quantitative information about plant
photosynthesis is still challenging. First results presented in this study
are promising, and foster the use of repeated hyperspectral remote
sensing observations together with radiative transfer and biochemical
vegetation models for a better quantification of photosynthesis from
space.
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