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ARTICLE INFO ABSTRACT

Keywords: Leaf chlorophyll plays an essential role in controlling photosynthesis, physiological activities and forest health.
INFORM In this study, the performance of Sentinel-2 and RapidEye satellite data and the Invertible Forest Reflectance
RapidEye Model (INFORM) radiative transfer model (RTM) for retrieving and mapping of leaf chlorophyll content in the
Sentinel-2

Norway spruce (Picea abies) stands of a temperate forest was evaluated. Biochemical properties of leaf samples
as well as stand structural characteristics were collected in two subsequent field campaigns during July 2015 and
2016 in the Bavarian Forest National Park (BFNP), Germany, parallel with the timing of the RapidEye and
Sentinel-2 images. Leaf chlorophyll was measured both destructively and nondestructively using wet chemical
spectrophotometry analysis and a hand-held chlorophyll content meter. The INFORM was utilised in the forward
mode to generate two lookup tables (LUTs) in the spectral band settings of RapidEye and Sentinel-2 data using
information obtained from the field campaigns. Before generating the LUTs, the sensitivity of the model input
parameters to the spectral data from RapidEye and Sentinel-2 were examined. The canopy reflectance of the
studied plots were obtained from the satellite images and used as input for the inversion of LUTs. The coefficient
of determination (R?), root mean square errors (RMSE), and the normalised root mean square errors (NRMSE),
between the retrieved and measured leaf chlorophyll, were then used to examine the attained results from
RapidEye and Sentinel-2 data, respectively. The use of multiple solutions and spectral subsets for the inversion
process were further investigated to enhance the retrieval accuracy of foliar chlorophyll. The result of the
sensitivity analysis demonstrated that the simulated canopy reflectance of Sentinel-2 is sensitive to the alter-
nation of all INFORM input parameters, while the simulated canopy reflectance from RapidEye did not show
sensitivity to leaf water content variations. In general, there was agreement between the simulated and measured
reflectance spectra from RapidEye and Sentinel-2, particularly in the visible and red-edge regions. However,
examining the average absolute error from the simulated and measured reflectance revealed a large discrepancy
in spectral bands around the near-infrared shoulder. The relationship between retrieved and measured leaf
chlorophyll content from the Sentinel-2 data had a higher coefficient of determination with a higher NRMSE
(NRMSE = 0.36 pg/cm?, R? = 0.45) compared to those obtained using the RapidEye data (NRMSE = 0.31 pg/
cm? and R? = 0.39). Using the mean of the ten best solutions (retrieved chlorophyll) the retrieval error for both
Sentinel-2 and RapidEye data decreased (NRMSE = 0.34, NRMSE = 0.26, respectively), as compared to only
selecting the single best solution. When the Sentinel-2 red edge bands were used as the spectral subset, the
retrieval error of leaf chlorophyll decreased indicating the importance of red edge, as well as properly located
spectral bands, for leaf chlorophyll estimation. The chlorophyll maps produced by the inversion of the two LUTs
effectively represented the variation of foliar chlorophyll in BFNP and confirmed our earlier findings on the
observed stress pattern caused by insect infestation. Our findings emphasise the importance of multispectral
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satellites which benefits from red edge spectral bands such as Sentinel-2 as well as RapidEye for regional
mapping of vegetation foliar properties, particularly, chlorophyll using RTMs such as INFORM.

1. Introduction

Biochemical parameters of plants are mainly controlling their
overall photosynthetic and physiological activities (Cornelissen et al.,
2003). The most critical leaf biochemical properties are chlorophyll
pigments which largely affect the photosynthetic activities (Clevers and
Kooistra, 2012; Cracknell et al., 2009; Gitelson et al., 2006; Inoue et al.,
2016). Pigments of chlorophyll are in the form of chlorophyll a and b,
and each has distinct spectral absorption properties (Lichtenthaler and
Buschmann, 2001). Both forms of chlorophyll pigments are valuable for
plants’ energy conversion. The total leaf chlorophyll content (mass per
unit leaf area) is predominantly responsible for any photosynthesic
activity in the leaf and has a major role in capturing the energy and
adaptation process (Gitelson et al., 2006; Sims and Gamon, 2002).
Because of its role in photosynthesis, leaf chlorophyll is an essential
indicator of growth status and nutritional stress and is commonly used
to evaluate stress, infestation or diseases, and heavy metal pollution in
plants (Abdullah et al., 2018a; Cui and Zhou, 2017). Hence when used
as a proxy for leaf photosynthetic aptitude, chlorophyll regulates the
forest carbon exchange, which is a critical factor in understanding
ecosystem response to climate change (Croft et al., 2017, 2015;
Sievering et al., 2000).

Typically, ecologists use leaf chlorophyll content to study interac-
tion between the ecosystem and biotic community, for example, to
assess plant health status associated with disease or any environmental
stressor (Garnier et al., 2007), gross primary productivity and eco-
system productivity (Gitelson et al., 2006; Lavorel et al., 2011; Orwin
et al., 2010). Furthermore, previous studies also highlighted the role of
chlorophyll pigments for habitat quality assessment and tree species
identification (Castro-Esau et al., 2006; Delegido et al., 2014), estima-
tion of crop net primary productivity and precision farming
(Haboudane et al., 2002; Navarro-Cerrilloa et al., 2014) Foliar chlor-
ophyll is acknowledged as one of the “essential biodiversity variables”
which can be monitored through remote sensing (Skidmore et al.,
2015).

Several in situ/laboratory (in situ) methods and remote sensing ap-
proaches for measuring/ estimating leaf chlorophyll content have been
developed. Traditionally, wet chemical analysis is performed in la-
boratories to determine the foliar chlorophyll content of plants
(Lichtenthaler, 1987; Lichtenthaler and Buschmann, 2001). In this
method, fresh leaf samples are collected from the field and analysed in
the laboratory (Brix, 1987). This method, though is the most accurate
method for determining chlorophyll content in leaves, is destructive,
and costly (Cortazar et al.,2015) hence applicable for minimal spatial
coverage and not suitable for large-scale assessments. Contrary to the in
situ based chlorophyll estimation, remote sensing based methods are
efficient, non-destructive and enable assessments of larger temporal
and spatial coverage (Homolova et al., 2013). Likewise, in the last
decades, remote sensing data has been broadly used for chlorophyll
estimation (Hernandez-Clemente et al., 2012; Kokaly et al.,2009).

Remote sensing measurements from vegetation canopies, through
their unique spectral signature, can provide valuable information about
different vegetation parameters (Liang, 2004). Various spectral regions
from visible to thermal infrared are recognized as useful for studying
various vegetation traits at leaf and canopy levels (Ali et al., 2017a;
Atzberger et al., 2013; Kokaly et al., 2009; Mirzaie et al., 2014;
Neinavaz et al.,, 2017; Rivera et al., 2014; Ullah, 2013; Yoder and
Pettigrew-Crosby, 1995; Zhu et al., 2017). Estimation of plant traits
utilising remote sensing data requires a model to allow data inter-
pretation and to explain the relationship of spectral data with the
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vegetation traits. Over the last three decades, several methods for re-
trieval of plant traits have been developed, but only a few have reached
an operational phase. A comprehensive review of these retrieval
methods has been given in Verrelst et al. (2015). Typically remote
sensing approaches for estimating plant traits consist of physically
based (deductive) and statistical (inductive) models (Skidmore, 2002),
each having pros and cons. The physical approach to estimating vege-
tation variables implicates the use of radiative transfer models (RTMs)
(or radiometric/spectral data-driven, (Baret and Buis, 2008)). The ro-
bustness and transferability of RTMs in comparison to statistical models
makes them a preferable solution (Darvishzadeh et al., 2008; Demarez
and Gastellu-Etchegorry, 2000). These models explain the spectral
variations of plants through leaf, canopy, and background soil char-
acteristics together with atmosphere and observation geometry based
on physical laws (Liang, 2004; Verhoef, 1984). However, in order to use
the RTMs for retrieving plant traits from remote sensing data, they must
be invertible (Kimes et al., 2000). Various canopy RTMs have been
developed from one-dimensional turbid medium to more complex
three-dimensional ray tracing models (Widlowski et al., 2015). Among
the existing RTMs, the Invertible Forest Reflectance Model (INFORM)
(Atzberger, 2000), offers a trade-off between the realism of simulation
of the forest canopy and inversion feasibility. Several RTM inversion
algorithms have been established (Verrelst et al., 2015), while among
them the commonly used method is the lookup table (LUT) approach
(Atzberger et al., 2013; Knyazikhin et al., 1998). The LUT approach is
efficient for regional mapping of vegetation parameters (Schlerf and
Atzberger, 2012) and is recommended for handling complex models
(Kimes et al., 2000).

The spectral bands from the visible and red edge region
(400-750 nm) show high sensitivity to foliar chlorophyll (Curran, 1989;
Dawson et al., 1999). Numerous studies have confirmed the usefulness
of hyperspectral remote sensing measurements for leaf chlorophyll es-
timation (Darvishzadeh et al., 2008; Gitelson et al., 1996; Haboudane
et al., 2002; Inoue et al., 2016; Jiao et al., 2014; Liang et al., 2016;
Schlerf et al., 2010; Sun et al., 2018; Zarco-Tejada et al., 2002).
Whereas broadband multispectral satellites are more regularly avail-
able and are also relatively less costly, few studies have examined the
data from multispectral satellites for estimating leaf chlorophyll (Croft
et al., 2015; Darvishzadeh et al., 2012; Houborg et al., 2015; Pastor-
Guzman et al., 2015) with various degree of success. The advances in
remote sensing and availability of high-resolution satellites that provide
spectral information from the red edge spectral region (such as Rapi-
dEye and Sentinel-2) has offered new opportunities to improve map-
ping and estimation of leaf chlorophyll over large spatial extents. Re-
cently several studies have successfully investigated the estimation of
leaf chlorophyll in crops using data from these new sensors (Clevers and
Gitelson, 2013; Clevers et al., 2017; Dahms et al., 2016; Houborg and
McCabe, 2016; Kooistra and Clevers, 2016; Shang et al., 2015). How-
ever, to our knowledge, assessing the potential of these sensors for es-
timation of leaf biochemical variables, especially leaf chlorophyll con-
tent, in forest ecosystems and for spruce stands, which are highly
vulnerable in Europe for infestation by insect pest is rarely studied.

Therefore, this study aimed to evaluate the performance of
RapidEye and Sentinel-2 spectral data, through inversion of INFORM
for retrieving foliar chlorophyll content in spruce stands. The INFORM
model has been used successfully for retrieving other plant traits from
hyperspectral and Landsat 8 data (Ali et al., 2016c; Schlerf and
Atzberger, 2012, 2006; Wang et al., 2018; Yuan et al., 2015). However,
to our knowledge, its potential to retrieve leaf chlorophyll content has
not been investigated. Hence, our specific objectives in this study were:
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1) to explore the feasibility of INFORM for leaf chlorophyll content
retrieval from RapidEye and Sentinel-2 spectral data, and 2) to map the
spatial variation of leaf chlorophyll content in the spruce stands of a
temperate heterogonous forest using RapidEye and Sentinel-2 data. The
study benefits from two field data sets which were collected during
summer 2015 and 2016 in spruce stands of the Bavaria Forest National
Park (BFNP), Germany.

2. Materials and methods
2.1. Study site and field data collection

The Bavarian Forest National Park in Germany (BFNP) has an ap-
proximate area of 240 km>. It is situated in south-eastern Germany, at
centre coordinates of 13°12’9” E (longitude) and 49°3’19” N (latitude)
bordering the Czech Republic. The elevation of the BFNP varies be-
tween 600 m-1453 m. The national park is alienated based on three
ecological zones: highlands, hillsides, and valleys (Heurich et al., 2010).
Around 90% of the trees in the highlands are Norway spruce (Picea abies
(L.) Karst), 2% are beech (Fagus sylvatica L.), and the rest (about 8%) are
other broad-leaf trees. On the hillsides, around 58% of trees are Norway
spruce, and the remaining consists of European silver fir and beech
mixture, while 83% of trees in the valleys, are Norway spruce, and the
remaining is a mixture of different species (Cailleret et al., 2014). The
dominant Norway spruce forest is known for having a long history of
bark beetle infestations (Ips typographus), which caused a massive die-
off of about 6000 ha of spruce forest in BFNP (Lausch et al., 2013).

Given the majority of the spruce stands in the forest, the time and
cost constraints, we randomly selected 30 and 50 sample plots of
30mx30m for the year 2015 and 2016, respectively (Fig. 1) in the
spruce strata. Field campaigns were performed in early July, and to
understand the variation of leaf chlorophyll through the two sub-
sequent years, the sampled plots from 2015 and those of 2016 had
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about one-third of overlaps. The Differential Global Positioning System
(DGPS) Leica GPS 1200 (Leica Geosystems AG, Heerbrugg, Switzerland)
with an accuracy of less than 1 m (after post-processing) was used to
measure the centre coordinate of each plot. In each sample plot dif-
ferent biophysical parameters and stand characteristics such as height
(H), average leaf angle (ALA), canopy closure (CC), leaf area index
(LAI), canopy diameter (CD), and stem density (SD) were recorded. The
stand height (H), CC and CD were obtained by calculating the average
height, canopy closure and crown diameter of five representative trees
selected in each plot. The tree height was measured using a Nikon
Forestry 550 laser rangefinder, the CC was measured using the Convex
Spherical Crown Densitometer, and the CD for each tree was obtained
by calculating the average of two perpendicular projected distances.
The sum of trees per hectare was considered as the stem density (SD).
The LAI and ALA for each plot were measured using Li-Cor LAI-2200
canopy analyser (LI-COR, 1992). For each plot, one reference (above
canopy) reading was performed in the nearest open field, and five
below canopy measurements were taken inside each plot. During the
LAI measurements care was taken to have constant illumination con-
ditions for the above and below canopy readings. The summary sta-
tistics of the measured forest parameters obtained from the field cam-
paigns are presented in Table 1.

To obtain the leaf biochemical parameters, five representative trees
were measured within each plot. As such from the upper canopy of each
tree (exposed to sunlight), an average of two to three branches were
collected (Abdullah et al., 2018b) using an Excalibur Matrix 310
crossbow which was used to shoot at a branch with sunlit leaves with an
arrow coupled to a fishing line (Ali et al., 2016a). Then, a hand-held
chlorophyll content meter CCM-300 was employed to measure the leaf
chlorophyll of the sampled branches. Next, the leaf samples were di-
rectly separated from the collected branches and were retained in zip-
locked bags, while sheltered with wet pulp paper and then carried to
the laboratory using ice packs with a portable cooling box to preserve

Sample plots 2015
* Sample plots 2016
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Fig. 1. Distribution of samples collected in summer 2015 and 2016 in the Bavarian Forest National Park, Germany.
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Table 1

Summary statistics of the measured forest structural and biochemical variables
from the two field campaigns (n = 70, summer 2015 (n = 30) and 2016
(n = 50)). Cy,: leaf mass, Cy: leaf water content, H: stand height, CC: canopy
closure, ALA: average leaf angle, the CD: canopy diameter, LAI leaf area index,
and SD: the stem density.

Summary Cm Cw H CC ALA CD LAI SD

(n = 70) (gem™?) (gem™?) (m) (%) (degree) (m) (m? (ha™h
m™?)

Minimum  0.010 0.004 14 48 398 1.5 0.5 170

Maximum  0.029 0.033 29 87 654 8 5.9 5000

Mean 0.016 0.016 199 71 51.2 41 3.4 290

Std.dev 0.003 0.005 36 10 7.4 1.5 1.1 90

them fresh and to impede probable alterations in biochemical char-
acteristics.

In the laboratory, the surface area of the leaf samples was measured
using AM-350 leaf area meter, and their chlorophyll content was ob-
tained following Lichtenthaler’s (1987) method. These measurements
were also used to calibrate/validate the recorded values from CCM-300
in 2015 and 2016. For this, a portion (3 g) of fresh leaf samples were
ground with acetone to extract the green pigments, and a double beam
spectrophotometer was used to read the chlorophyll a and b absorption
coefficients at sensitive wavelengths of 661.8 nm and 644.8 nm, re-
spectively. The total leaf chlorophyll concentration was then calculated
following the Lichtenthaler and Buschmann (2001) study and was
converted into area-based chlorophyll content (ug/cm?) using the leaf
sample surface area. Further, leaf water content (C,,) and leaf mass (C,)
were measured using the oven dried leaves and their corresponding leaf
areas. To obtain the leaf properties at the plot level, for each plot, the
measured leaf biochemical parameters (leaf chlorophyll, leaf water
content and leaf mass) from the selected representative trees were
averaged (Tables 1 and 3).

2.2. Satellite data

Cloud-free high-resolution multispectral satellite images were ac-
quired parallel to the time of the field campaigns, i.e. on 2 July 2015 for
RapidEye and 8 July 2016 for Sentinel-2. RapidEye is a constellation of
five satellites providing high-resolution multispectral imagery in five
spectral bands (blue, green, red, red-edge and near infrared). Two
RapidEye L2A images covering the southern part of the park were
systematically geo-corrected and orthorectified at a spatial resolution of
5m (Planet, 2016). To obtain the top of canopy (TOC) reflectance data,
ATCOR-2 was used for atmospheric and topographic correction (Richter
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and Schléapfer, 2018). The mean spectral reflectance for each sample
plot in 2015 was then extracted by considering a kernel size of 5*5
pixels (i.e. 25mx25m), hereafter referred to as RapidEye measured
reflectance, and was utilised for further analysis.

The standard Sentinel-2 Level-1C product, with UTM/WGS84 pro-
jection in Top of Atmosphere (TOA) reflectance, was obtained from the
European Space Agency’s (ESA) Copernicus Open Access Hub (https://
scihub.copernicus.eu/). To obtain the Level-2 A TOC reflectance data,
the image was atmospherically corrected using the Sen2Cor processor.
Sentinel-2 offers spectral data in 13 bands from 443 to 2190 nm with
three red edge bands with a central wavelength at 705 nm, 740 nm,
783 nm, respectively. The TOC data was used to retrieve the reflectance
spectra of the plots sampled in 2016. The centre coordinates of the
sample plots were overlaid on the Sentinel-2 image (20 m), and the
reflectance of the corresponding pixels was extracted for each sample
plot. The mean reflectance of all plots for 2015 (RapidEye) and 2016
(Sentinel 2) are presented in Fig. 2. For this study, the spectral bands
with the 60 m spatial resolution, which are designed for coastal, water
vapour and cirrus studies, were not utilised.

2.3. The INFORM radiative transfer model

The Invertible Forest Reflectance Model (INFORM) (Atzberger,
2000) is a hybrid model that integrates the Forest Light Interaction
Model (FLIM) (Rosema et al., 1992), Scattering by Arbitrary Inclined
Leaves (SAILH) (Verhoef, 1985, 1984), and PROSPECT (Fourty et al.,
1996; Jacquemoud et al., 1996; Jacquemoud and Baret, 1990) to si-
mulate the bidirectional reflectance of forest canopies. INFORM con-
siders the one-dimensional turbid medium radiative-transfer within the
crowns and the three-dimensional characteristics such as clumping of
the leaves and shadows of the crowns (Atzberger, 2000; Schlerf and
Atzberger, 2012, 2006). The model offers a compromise concerning the
feasibility of inversion and exhaustive characterisation of the canopy
structure (Schlerf and Atzberger, 2006). The capacity and suitability of
INFORM for retrieving forest structural and biochemical variables such
as fAPAR, LA, leaf dry matter, leaf water content, specific leaf area, leaf
and canopy nitrogen content has been demonstrated in both broadleaf
and conifer stands with varying levels of success (Ali et al., 2016c;
Schlerf and Atzberger, 2012, 2006; Wang et al., 2018; Yang et al., 2011;
Yuan et al., 2015; Zhu et al., 2019). However, the model has not pre-
viously been used for retrieving leaf chlorophyll, in particular using
high-resolution multispectral data.

In addition to background soil reflectance, the model has 15 input
parameters corresponding to coupled PROSPECT, SAILH and the FLIM
models (Table 2). Leaf level parameters such as leaf structure

(RapidEye)
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Fig. 2. Mean and range of canopy reflectance of sample plots in 2016 (n = 50) and 2015 (n = 30) obtained from Sentinel-2 and RapidEye data, respectively, in

spruce stands of Bavarian Forest National Park, Germany.
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Table 2
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Specific ranges of model input parameters varied (free model parameters) for generating two LUTs in spectral band settings of Sentinel-2 and RapidEye, using the
forward calculation of the INFORM. Parameters values are drawn randomly within these specific ranges.

Input paramtere Abbervation in model Unit Minimum value Maximum value
Crown diameter” CD m 1 10
Stem density SD ha™! 160 5500
Stand height H m 10 35
Single trees LAI LAIL m?m ™2 1 7

LAI understory LAI, m?m ™2 0.2 0.8
Average leaf angle ALA degree 40 75
Leaf structure parameter N No dimension 1 2.5
Chlorophyll content” Cab pg-em 2 20 60
Leaf dry matter content Cin gem ™2 0.008 0.03
Equivalent water thickness Cw g cm 2 0.0035 0.035
Soil brightness parameter scale No dimension 0.5 1.2

* The ranges are designated based on the prior knowledge from the two field campaigns.
** The value was kept constant to its mean value (0.02) for generation of the RapidEye LUT.

Table 3
Summary statistics of leaf chlorophyll measurement using wet chemistry ana-
lysis in 2016 (n = 50) and 2015 (n = 30) in BFNP, Germany.

Basic statistics  Chlorophyll (ug/cm?) 2016 Chlorophyll (ug/cm?) 2015

(n =50) (n = 30)
Minimum 28.8 31.3
Maximum 53.8 53.1
Mean 37 40.9
Standard dev. 5.6 5.7

parameter, chlorophyll content, leaf dry matter content, and leaf water
content are used to simulate the leaf hemispherical transmittance and
reflectance through PROSPECT. In addition to these leaf level para-
meters, INFORM requires several other variables explaining the canopy
geometrical structure (single tree LAI, mean leaf inclination angle,
crown diameter, stem density and stand height), background soil (un-
derstory vegetation, the brightness factor for the background soil re-
flectance), and observation related variables (relative azimuth angle,
sensor viewing angle, solar zenith angle, and fraction of diffuse in-
coming solar radiation) to simulate the bidirectional reflectance of
forest canopies. Because it is highly uncommon to find bare soil on the
forest floor, the average reflectance spectra of the forest floor elements
and understory vegetation which was measured by Ali et al. (2017b,
2016b) were utilised.

Of the existing 15 model input parameters, four parameters (solar
zenith angle, relative azimuth angle, sensor viewing angle, and also the
fraction of diffuse incoming solar radiation) were kept constant. Five
hundred thousand (500,000) sets were then generated randomly using
uniform distributions for the other model input parameters, as proposed
by le Maire et al. (2008) using the available ranges in the literature and
prior information from the field campaigns (Tables 1 and 2). Such a
parameterisation is expected to enhance the parameters retrievals in
RTM modelling (Baret and Buis, 2008; Combal et al., 2002).

2.3.1. Model sensitivity analysis

The suitability of INFORM utilising hyperspectral data to study
some parameters in forest ecosystems has been demonstrated earlier
(Ali et al., 2016c; Schlerf and Atzberger, 2006; Wang et al., 2018).
However, local sensitivity analysis (Bowyer et al., 2003) were ad-
ditionally performed in this study to understand the impact of each
model input parameter, in particular, leaf chlorophyll, on the simulated
canopy reflectance of RapidEye and Sentinel-2, respectively, generated
by the INFORM model. We examined the effect of each model input
parameter on the corresponding spectral reflectance of RapidEye and
Sentinel-2 by varying each time one parameter value systematically and
keeping the rest of the parameters at constant values. The model
parameters that did not affect either RapidEye or Sentinel-2 simulated
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reflectance spectra were further fixed to constant values in the sub-
sequent generation of LUTSs.

2.4. Parametrisation and the lookup table (LUT) inversion

In contrast to other methods such as numerical optimisation and
neural networks, LUT offers a modest approach to solve the inversion of
a RTM (Houborg et al., 2009; Knyazikhin et al., 1998; Weiss et al.,
2000). Utilising LUT would allow for a global search in the parameter
space while resulting in a less unexpected mismatch between the
modelled and measured spectra (Atzberger et al., 2015; Darvishzadeh
et al., 2008; Schlerf and Atzberger, 2012, 2006). However, to obtain
good retrieval accuracy for the investigated parameters, the size of LUT
must be large (Atzberger et al., 2015; Combal et al., 2002; Tang et al.,
2006).

To build two LUTs in the spectral band settings of RapidEye and
Sentinel-2, the 500,000 parameter combinations that were randomly
generated, were utilised with observation specific parameters from each
spectral dataset of the two sensors in the forward calculation of the
INFORM. This resulted in two simulated datasets (LUTs), which were
then used in the inversion process of RapidEye and Sentinel-2 spectral
datasets. The parameter ranges for the “free” model parameters were
fixed using the prior information from the two field campaigns (Tables
1 and 3), in order to prevent a too wide parameter space (Darvishzadeh
et al., 2011, 2008). The use of such prior information has facilitated to
regularise the ill-posed problem of the inversion and has been the en-
dorsed procedure in various studies (Atzberger et al., 2015; Combal
et al., 2003; Darvishzadeh et al., 2008; Yang et al., 2011). In INFORM,
LAI is presented by the LAI of single trees, therefore, the field measured
LAL and the canopy closure were used to obtain the LAI for single trees
(i.e., LAIs = LAI/CC) (Schlerf and Atzberger, 2006). For the leaf struc-
ture parameter (N), the recommended range by Ali et al. (2016a) for
conifer needles, which was obtained by inverting the PROSPECT model,
was utilised. The maximum and minimum values of these parameters
are reported in Table 2. The value of the fraction of diffuse incoming
solar radiation (skyl) was fixed to 0.1 through all corresponding bands
of the RapidEye and Sentinel-2 (Ali et al., 2017b; Atzberger et al., 2015;
Darvishzadeh et al., 2011; Schlerf and Atzberger, 2006) as this para-
meter has a negligible effect on the reflectance of canopy (Clevers and
Verhoef, 1991). Moreover, in each LUT the three parameters related to
observation geometry were fixed based on the information obtained
from metadata of the corresponding images. As such solar zenith angle
(26°, 40°), sensor viewing angle (52°, 5°), and relative azimuth angle
(69°, 100°) were considered for the RapidEye and Sentinel-2 LUTs, re-
spectively. It has been earlier identified that these parameters have
insignificant effects on the INFORM simulated canopy reflectance (Ali
et al., 2016b). For the soil reflectance, the average background re-
flectance, which was measured using an ASD field spectroradiometer
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from 385 samples of barks, lichens, litter and mosses from the forest
floor (Ali et al., 2016c¢), was interpolated to spectral band settings of
RapidEye and Sentinel-2 and used for the corresponding LUT genera-
tions. To explain the roughness and moisture variations in (soil) back-
ground reflectance, the soil brightness parameter ‘scale’ (Atzberger
et al., 2003) was considered (Table 2).

The inverse problem for the canopy reflectance extracted from the
RapidEye and Sentinel-2 images was solved considering the root mean
square errors (RMSE) as the cost function for each simulated canopy
reflectance spectra in the LUTs of the two sensors. As such the RMSE
between the simulated reflectance spectra and the extracted reflectance
from RapidEye and Sentinel-2 data was computed respectively, ac-
cording to:

RMSE =

“ZL] (pimaged — pLUTA)?
\/ n @

Where pimage is the image-extracted reflectance of the sample plots, and
prut is the simulated reflectance in the LUT, A is the corresponding
spectral band, and n is the number of spectral bands of RapidEye and
Sentinel-2, respectively. The set of model input parameters related to a
simulated reflectance from the LUT that most resembles the canopy
reflectance of the plot extracted from the RapidEye and Sentinel-2
images, respectively (hence the smallest RMSE) is considered as the
solution. Nevertheless, such a solution may not always be unique
causing the so-called ill-posed problem. Therefore, to address this and
to improve the estimated values of leaf chlorophyll content, besides the
single solution with the smallest RMSE value the utilisation of the mean
from the best 10, 50 and 100 solutions was examined. Further, a proper
spectral band selection is recognised as a marginal approach to enhance
the RTM inversion results (Atzberger et al., 2013; Lavergne et al., 2007;
Meroni et al., 2004). Because RapidEye data has merely five spectral
bands, only Sentinel-2 data was further explored for band subsetting.
We investigated whether the leaf chlorophyll estimates from Sentinel-2
data through INFORM inversion could be improved by selecting spec-
tral subsets. Three spectral subsets were considered by selecting a) the
spectral bands with central wavelengths close to those from RapidEye,
b) red edge spectral bands, and c) excluding spectral bands with high
average absolute errors (AAE) between Sentinel-2 measured and si-
mulated reflectance. More details on the calculation of AAE can be
found in Darvishzadeh et al. (2011, 2008).

2.5. Model validation and mapping

The retrieved leaf chlorophyll content was validated using the la-
boratory measured leaf chlorophyll. The coefficient of determination
(R?), the root means square error (RMSE), and the normalised RMSE
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(NRMSE, RMSE/range) (Atzberger, 1997; Darvishzadeh et al., 2008)
between retrieved leaf chlorophyll and lab measured chlorophyll were
used to compare retrieval accuracies. The leaf chlorophyll content of
the spruce stands in the BFNP was then mapped using INFORM and the
Sentinel-2 and RapidEye images. For this, the spruce class from the
vegetation map obtained from the national park administration
(Silveyra Gonzalez et al., 2018) was used to mask the Sentinel-2 and
RapidEye data. The masked images were then used into the inversion
process, and the predicted leaf chlorophyll maps using the best fitting
spectra (minimum RMSE criterion) were retrieved.

3. Results
3.1. Wet chemistry chlorophyll estimation

The measured foliar chlorophyll content using wet chemical ana-
lysis is presented in Table 3. A strong correlation was observed between
the field measured leaf chlorophyll using the CCM-300 and wet la-
boratory analysis (r = 0.83, not shown). As can be observed from
Table 3, the ranges of the measured foliar chlorophyll content in 2015
and 2016 were relatively close, though the observed range was slightly
larger in 2016. These ranges are not far from those reported in earlier
studies for the BENP (Wang et al., 2015). The measured leaf chlorophyll
from both years demonstrated similar variability and only slightly
lower variation in 2015 (coefficient of variation = 0.14) compared to
those in 2016 (coefficient of variation = 0.15).

3.2. Sensitivity analysis of INFORM parameters

Sensitivity analysis was performed for all INFORM model input
parameters using RapidEye and Sentinel-2 spectral band settings. As
was expected the simulated canopy reflectance of both sensors were
primarily affected by all stand structural parameters (leaf area index
(LAI), tree height (H), average leaf angle (ALA), canopy diameter (CD)
and stem density (SD)) (not shown). Leaf chlorophyll content (Cab)
exhibited a significant impact on the simulated canopy reflectance of
RapidEye. Almost all spectral bands of this sensor (except the NIR band
with a central wavelength of 805 nm) demonstrated sensitivity to var-
iation of leaf chlorophyll. Further, the variation of this parameter also
affected the visible and red-edge spectral bands from Sentinel-2.
Nonetheless, it was observed that the influence of Cab on red-edge band
centred at 705 and 740 nm was stronger than on 783 nm,which is closer
to the NIR region (not shown). Moreover, the effect of leaf dry mass
(Ch), as a non-pigment leaf parameter, using the Sentinel-2 data was
more pronounced in two regions of near-infrared (NIR) and shortwave
infrared (SWIR) while the role of this parameter on the simulated

(RapidEye)
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Fig. 3. Modelled and measured canopy reflectance spectra of Sentinel-2 and RapidEye in two sample plots with rather similar leaf chlorophyll content. Reflectance
values are at distinct spectral wavelengths; lines are used to help the interpretation.
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canopy reflectance of RapidEye is more noticeable at Red-edge
(710 nm) and NIR (805 nm) spectral bands (not shown). It was further
observed that the leaf water has no effect on the simulated canopy
reflectance spectra of RapidEye and the effect of this parameter can
only be distinguished lightly in the NIR and mostly on SWIR spectral
bands of Sentinel-2. Subsequently, leaf water content was fixed to a
constant value (C,, = 0.02) for the RapidEye LUT and all the other
parameters (leaf chlorophyll, leaf mass and all stand structural para-
meters were varied during the LUT generations for RapidEye and
Sentinel-2.

3.3. Inversions based on minimum RMSE criterion

Both LUTs of RapidEye and Sentinel-2 were sorted based on the
minimum RMSE measure (cost function), utilised to solve the inverse
problem. The set of parameter values corresponding to the simulated
canopy reflectance which provided the smallest RMSE, with a given
canopy reflectance from the two sensors, was regarded as the solution.
Fig. 3 illustrates the canopy reflectance spectra from RapidEye and
Sentinel-2 and the so-called best-simulated canopy reflectance spectra
from the LUTs calculated in this way for two plots with rather similar
leaf chlorophyll values. As can be observed from Fig. 3, the modelled
reflectance of Sentinel-2 and RapidEye using INFORM are somehow in
agreement with the reflectance acquired from the corresponding
images. However, for Sentinel 2 data larger discrepancies between the
simulated and measured canopy reflectance data can be found in the
NIR and shortwave infrared spectral bands.

A succinct analysis demonstrated that the dissimilarities between
the modelled and measured canopy spectral reflectance from Sentinel-2
and RapidEye exhibit similar trends and particularly the visible and red
edge spectral bands of the two sensors were simulated with somewhat
similar average absolute errors (AAE) (Darvishzadeh et al., 2008). In
Fig. 4, the AAEs between the Sentinel-2 and RapidEye measured and
the best-fit spectra (with minimum RMSE between image and modelled
canopy spectra) of the two datasets are demonstrated. As can be rea-
lised from the figure, the AAEs calculated for the data from the two
sensors in the visible and start of the red edge regions are generally low
and somehow corresponds to each other, though the infrared and the
third red edge band of Sentinel-2 demonstrated relatively larger errors.

The variation of retrieved and measured foliar chlorophyll content
using the minimum RMSE criterion for both sensors were further stu-
died and are demonstrated in Fig. 5. In general, the observed variances
between the estimated and measured leaf chlorophyll were more pro-
nounced for plots with either high or low chlorophyll content in both
2015 and 2016 datasets. Using both Sentinel-2 or RapidEye datasets the
dissimilarities between the estimated and measured leaf chlorophyll
content were minimum for samples with values close to the means.

3.4. Inversion using various solutions

To further investigate the relation between the estimated and
measured leaf chlorophyll content using the minimum RMSE criterion,
we calculated their R%, RMSE and the NRMSE measures. The sig-
nificance of using multiple solutions instead of only one solution cor-
responding to the minimum RMSE has been shown in our earlier study
(Darvishzadeh et al., 2008). Therefore, we examined the best 10, 50,
and 100 entries in the LUTs as the alternative solutions. The results of
these analyses are presented in Table 4. As can be realised from the
table, using the Sentinel-2 and RapidEye data and the mean of the first
ten best solutions resulted in slightly higher retrieval accuracy for the
leaf chlorophyll content (NRMSE = 0.34 and 0.26), respectively,
though the R? values in both datasets decreased. When using the mean
of 50 and 100 solutions, the retrieval accuracy (RMSE and NRMSE)
started to deteriorate for both sensors.

The relationships between retrieved and measured leaf chlorophyll
utilising the best ten solutions are demonstrated in Fig. 6. As can be
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seen from the scatter plots, in general, retrieved and measured leaf
chlorophyll content had reasonable relationships. Leaf chlorophyll es-
timated using the Sentinel-2 data had a higher coefficient of determi-
nation (R? = 0.39) and larger error (NRMSE = 0.34) with the measured
chlorophyll in 2016.

We further examined whether the R and NRMSE of different so-
lutions are significantly different. The result of one-way ANOVA (ana-
lysis of variance) showed that the mean R?and NRMSE from different
solutions for the two datasets had no significant differences (p > 0.05).

3.5. Inversion results using spectral subsets from Sentinel-2

Three subsets from Sentinel-2 data were considered for further
analysis. The role of spectral subsets from Sentinel-2 data for the re-
trieval of leaf chlorophyll was further examined using R%, RMSE and the
NRMSE between the measured and retrieved leaf chlorophyll. First, the
spectral bands which had an AAE greater than 0.02 were considered as
the bands with large errors (Darvishzadeh et al., 2008) (see Fig. 4).
These bands only were present in Sentinel-2 (783 nm, 842nm and
865 nm) while for RapidEye all bands had an AAE smaller than 0.02.
Consequently, the inversion of Sentinel-2 LUT was performed excluding
these wavelengths (subset A). Next, spectral bands in Sentinel-2 with
central wavelengths similar (as close as possible) to those from Rapi-
dEye were selected (490 nm, 560 nm, 665 nm, 705 nm, and 783 nm)
and used as input for the inversion of LUT of Sentinel-2 (subset B).
Finally, only the red-edge bands (705nm, 740 nm, 783nm) were
chosen and again used for the inversion of Sentinel-2’ LUT (subset C).
The results are presented in Table 5. As can be observed from the table
utilising the first two subsets A and B from Sentinel-2 spectral data
mainly decreased the retrieved accuracy of leaf chlorophyll and did not
result in any enhancements of foliar chlorophyll estimation. However,
when the spectral subset C was used the retrieval error was slightly
improved (NRMSE = 0.33).

3.6. Mapping leaf chlorophyll in Bavarian Forest National Park

Foliar chlorophyll was mapped in the national park using the
Sentinel-2 and RapidEye data. For this, the spruce area was extracted
from the existing habitat map of the national park and used to mask out
the non-spruce area from the Sentinel-2 and RapidEye images. Due to
the presence of clouds for a small part of the Sentinel-2 image, a mask
was applied to remove clouds from this image. The masked Sentinel-2
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Fig. 4. The average absolute errors (AAEs) calculated between Sentinel-2 and
RapidEye measured reflectance and their corresponding best-fit reflectance
spectra. The AAE has been computed from the 30 and 50 image reflectance of
RapidEye and Sentinel-2 and the corresponding best fitting reflectance from
their LUTSs, respectively. The AAE units are reflectance.



R. Darvishzadeh, et al.

Int J Appl Earth Obs Geoinformation 79 (2019) 58-70

(Sentinel-2) (RapidEye)
60 — 60 R2=0 39 —e—Field measured
< NE : —8—Retrieved from LUT
g 551 k5 55
=)
50! =50
5 s
c45¢ 545
] 3
%40 r E~40 r
s g
S35 535¢
. 5
E 301 E 30+
2 . ‘ ‘ i ‘ 25
0 10 20 30 40 50 0 10 20 30

sample plots (2016)

sample plots (2015)

Fig. 5. Measured and modelled foliar chlorophyll using LUT inversion and Sentinel-2 and RapidEye for different sample plots in 2016 and 2015, respectively.

Table 4

R% RMSE and NRMSE between measured and retrieved foliar chlorophyll
content (ug cm~2) in BENP for 2015 (n = 30) and 2016 (n = 50) using
RapidEye and Sentinel-2 data, respectively. The estimation of leaf chlorophyll is
investigated based on the minimum cost function criteria “best fitting spectra”,
as well as mean of the first 10, 50 and 100 solutions.

Solution Sentinel-2 (n = 50) RapidEye (n = 30)

R? RMSE  NRMSE R? RMSE  NRMSE
Best fitting spectra 0.45 8.9 0.36 0.39 6.18 0.31
Mean of first 10 0.39 8.6 0.34 0.36 5.22 0.26
Mean of first 50 0.37 9.46 0.37 0.30 5.44 0.27
Mean of first 100 0.35 10.23 0.41 0.32 5.36 0.27

and RapidEye images were then used as inputs to the inversion routines
to produce the corresponding chlorophyll maps using the minimum
RMSE criteria (best fitting spectra). These maps are illustrated in Fig. 7.
The observed means of both maps were in agreements to the means of
measured samples from the field campaigns (Table 3). As Fig. 7 de-
monstrate the spatial distribution of foliar chlorophyll of the two maps
are comparable and follow a similar pattern. However visual inspection
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of the maps elucidated that the map produced by RapidEye data (owing
to its fine spatial resolution) presents more details on the spatial var-
iation of leaf chlorophyll.

4. Discussion

This study demonstrates the feasibility of retrieving foliar chlor-
ophyll using INFORM and high spatial resolution RapidEye and
Sentinel-2 images. Generally, the signal dissemination from leaf to the
canopy is poor (Asner, 1998; Yoder and Pettigrew-Crosby, 1995) which
makes the retrieval of leaf biochemical variables from canopy spectral
reflectance challenging (Darvishzadeh et al., 2008). In our study, the
strong multiple scattering effects in the spruce stand with rather large
vegetation fraction may have improved the needles reflectance and
absorption features by a factor greater than two, particularly in red
edge bands (Baret et al., 1994). Using best fit spectra, foliar chlorophyll
was estimated with reasonable accuracy (R% = 0.39, RMSE = 6.2 and
NRMSE = 0.31) from RapidEye data and Sentinel-2 data (R? = 0.45,
RMSE = 8.9 and NRMSE = 0.36) (Table 4). Further, the obtained er-
rors were decreased when multiple solutions (Table 4) and the red-edge
spectral subset for Sentinel-2 were used (Table5). Though, due to rather
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Fig. 6. Measured and retrieved leaf chlorophyll content using the mean of the best ten solutions using Sentinel-2 (2016, n = 50) and RapidEye (2015, n = 30) data.
The black line is the 1:1 relationship and the green line present the relationship between the retrieved and measured leaf chlorophyll (For interpretation of the
references to colour in this figure, the reader is referred to the web version of this article).
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Table 5
R?, RMSE and NRMSE between estimated and measured leaf chlorophyll based on spectral subsets from Sentinel-2 (n = 50).
Spectral subset R? RMSE NRMSE
Spectral subset A (783 nm, 842 nm and 865 nm are excluded) 0.26 9.8 0.39
Spectral subset B (490 nm, 560 nm, 665 nm, 705 nm, and 783 nm) 0.30 9.5 0.38
Spectral subset C (red edge bands: 705 nm, 740 nm, and 783 nm) 0.36 8.1 0.33
* These spectral bands have central wavelengths close to those from RapidEye.
Chlorophyll (mg/m?)
. High : 600
. Low : 100
Cloud
0 3 6 12 18 24
- e s KM N

Fig. 7. Variation of foliar chlorophyll in Norway spruce stands of Bavarian Forest National Park, Germany. The maps are produced by inversion of INFORM using

minimum RMSE criterion for Sentinel-2 (a) and RapidEye (b) images, respectively.

low variabilities in measured leaf chlorophyll from both field cam-
paigns (Table 3) (coefficient of variation = 0.14 and 0.15 for 2015 and
216, respectively), poor retrieval accuracies were expected. The rea-
sonable accuracies also may owe to the realistic parameterisation of the
INFORM, since the suitability of an RTM for estimating leaf properties
rely on a proper consideration of all the factors and processes which
determine the canopy reflectance (le Maire et al., 2004). INFORM
contains parameters that determine the geometrical structure of the
canopy such as stand height and understory vegetation layer and em-
ploy the FLIM model to balance the undesired effects including the
clumping and shadows in a three-dimensional structure (Atzberger,
2000; Schlerf and Atzberger, 2012, 2006). Such model characteristics
may also have helped to decouple the reflectance of RapidEye and
Sentinel-2 from canopy structural effects and leaf properties (Wang
et al., 2018). However, downscaling the canopy reflectance to leaf level
reflectance based on their relationship and retrieval using leaf RTMs
such as PROSPECT may result in a stronger relationship between the
estimated and measured leaf chlorophyll. As such, Ma et al. (2017)
reported a similar error (RMSE = 8.82) and a higher R? (R = 0.59)
while predicting leaf chlorophyll from Sentinel-2 data of a mixed
temperate forest by downscaling the canopy reflectance to leaf re-
flectance based on 4-Scale and PROSPECT models. Further, the
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reasonable retrieval accuracy of foliar chlorophyll is attributed to the
large size of LUTs in this study (500,000 records), which allowed for
proper sample selection. The importance of proper sample selection
when generating the LUT is emphasised by Weiss et al. (2000) as a
mean to optimise the model efficiency and for better realisation of ac-
tual ecosystem condition.

The sensitivity analysis identified the model input parameters in-
fluencing forest canopy reflectance in the spectral band settings of
RapidEye (475-805 nm) and Sentinel-2 (490-2190 nm) when simulated
by INFORM (partly shown). The results from this analysis revealed that
the canopy spectral reflectance from both sensors at 450-7750 nm were
highly sensitive to the variation of leaf chlorophyll (not shown). This
was expected as the chlorophyll absorption bands which are sensitive to
pigment levels are primarily located in this region (Gitelson and
Merzlyak, 1997). Among leaf parameters, leaf water content has
minimal effect on the RapidEye simulated reflectance. Water sensitive
features are mainly found beyond the NIR and in SWIR regions
(Ollinger, 2011) which do not exist in RapidEye spectral data. There-
fore this parameter was further fixed to its observed mean value, in the
generation of RapidEye LUT. We observed that the simulated re-
flectance from the two sensors is affected by almost all stand char-
acteristics (not shown); hence the existing knowledge from the field
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campaigns assisted for reasonable parameterisation of the model. The
obtained result is in line with earlier findings by Yuan et al. (2015) and
Ali et al. (2015) who demonstrated the effect of stand characteristics on
INFORM simulated canopy reflectance.

In general, a close match was observed between the measured and
simulated reflectance spectra of RapidEye and Sentinel-2 in the visible,
and the red-edge region where the average absolute errors (AAE) were
below 0.02 for both sensors (Fig. 4). However, a spectral mismatch
between measured and simulated reflectance was mainly pronounced
around the NIR shoulder which is most sensitive to LAI and leaf dry
matter variations. These results are in agreement with earlier findings
by Darvishzadeh et al. (2011) and Wang et al. (2018) who observed
that using RTM, the spectral bands at NIR shoulder (around
800-850 nm) have relatively high AAE. Apparently, the spectral bands
from this region (800-850 nm) are highly sensitive to noise or are not
well modelled by RTM.

The relationship between the retrieved and measured leaf chlor-
ophyll content utilising the best-fit spectra (minimum RMSE criterion)
for Sentinel-2 data had a higher coefficient of determination with a
higher error (NRMSE = 0.36, RMSE = 8.9 ug/cm?, R? = 0.45) com-
pared to those obtained using the RapidEye data (NRMSE = 0.31,
RMSE = 6.18 ug/cm? and R? = 0.39). These results, particularly the
RMSE values obtained from different scenarios for Sentinel-2 in our
study, are in agreement with that of le Maire et al. (2008) who utilised
the PROSAIL model for leaf chlorophyll estimation and reached an
RMSE of 8.2 ug/cm? The retrieved accuracy for leaf chlorophyll ob-
tained from RapidEye data in our study was comparable to those from
Zarco-Tejada et al. (2001); Moorthy et al. (2008); Schlerf et al. (2010)
and Croft et al. (2013) who used various remote sensing data in dif-
ferent forest types including conifers and obtained RMSE values of 3 to
6.9 (ug/cm?). In general, our retrieved accuracies from both sensors
were higher than those obtained by Malenovsky et al. (2006) who es-
timated forest foliar chlorophyll using hyperspectral measurements and
3D Discrete Anisotropic Radioactive Transfer (DART) model in the
spruce stands. Since both RapidEye and Sentinel-2 sensors benefit from
spectral bands at visible and red edge region, we believe that the lower
retrieval errors obtained from RapidEye data are mainly due to its finer
spatial resolution. This assumption was further confirmed when the
spectral subset B of Sentinel 2, with central wavelengths similar to
those from RapidEye, was selected (490 nm, 560 nm, 665 nm, 705 nm,
and 783 nm) for the inversion and returned lower retrieval accuracy in
comparison to those from RapidEye (Table 5). The RapidEye high
spatial resolution in combination with the availability of red-edge band
makes the sensor distinctive (though expensive) from most other mul-
tispectral satellites and may contribute to the accurate leaf chlorophyll
content retrieval.

To overcome and minimize the ill-posed problem a number of
regularization approaches are suggested including the use of spectral
subsets (Darvishzadeh et al., 2008; Marie Weiss et al., 2000), prior
knowledge (Atzberger et al., 2013; Combal et al., 2002), spatial reg-
ularization (Houborg et al., 2015) and ecological constraints (Yebra and
Chuvieco, 2009). The prior information obtained from the two field
campaigns were considered in this study to define the range of model
input parameters and avoid unlikely combinations. Further, in addition
to utilising the foliar chlorophyll corresponding to the best-fitting
spectra (with minimum RMSE as the cost function), we examined the
mean of the first 10, 50 and 100 best solutions. The use of multiple
solutions showed that when the mean of the first ten best solutions is
used the retrieval error of leaf chlorophyll content improved slightly for
both RapidEye and Sentinel-2 data (NRMSE = 0.26, NRMSE = 0.34,
respectively) (Table 4). These findings confirmed that utilising multiple
solutions results in a more robust retrieval accuracy and lower error for
the parameter of interest (Atzberger et al., 2013; Darvishzadeh et al.,
2012, 2011, 2008).

When the role of spectral subsets on retrieval accuracy of foliar
chlorophyll from Sentinel-2 data was evaluated, the spectral subset C
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which contained the three red edge spectral bands (710, 740, 783 nm)
resulted in a relatively lower estimation error for foliar chlorophyll
(Table 5). A comparable result was achieved by Delegido et al. (2011)
who examined the simulated Sentinel-2 data for chlorophyll estimation
and observed that the elimination of red edge spectral bands from in-
version resulted in poor model prediction accuracy. In the current
study, the inversion of LUT using only the three red edge bands has
lowered the RMSE to 8.1 ug/cm?® (NRMSE = 0.33). Nonetheless, when
the other two spectral subsets which each unexploited one red edge
band (783 nm in subset A, and 740 nm in subset B) were used from
Sentinel-2 data, the retrieval error increased indicating the importance
of red edge as well as properly located spectral bands from the sensor.

For the generation of the chlorophyll maps the minimum RMSE
criteria (with higher R?) was used for the inversion process. Overall, the
chlorophyll maps from both RapidEye and Sentinel-2 represented well
the variation of foliar chlorophyll in the national park. The spatial
variation of foliar chlorophyll from the two maps were comparable.
Though the map produced from RapidEye data presented a detailed
overview of the variation of leaf chlorophyll which wasparticularly
exhibited by more reddish color (higher leaf chlorophyll content). The
RapidEye data due to its higher spatial resolution enabled the detection
of almost individual crown cover. While the Sentinel-2 image has mixed
chlorophyll from multiple crowns forming a single pixel of a larger
area, by averaging the reflectance of crowns with other objects, such as
understory layers and background reflectance. A more concise studying
of the maps indicated that the areas exhibiting a low chlorophyll con-
centration are well in agreement with those found by Abdullah et al.
(2018b) as areas under early-stage bark beetle infestation. Our findings
emphasise the importance of multi-spectral satellite sensors with red
edge spectral bands, such as Sentinel-2 and RapidEye, for regional
mapping of vegetation foliar properties, particularly, chlorophyll using
RTMs such as INFORM.

5. Conclusion

The feasibility of two multispectral satellites’ imagery and the
INFORM radiative transfer model for mapping leaf chlorophyll content
in spruce stands of the Bavarian Forest National Park was studied. The
LUT inversion method was employed for the retrieval of foliar chlor-
ophyll. The overall results obtained in this study revealed the suitability
of the INFORM model for simulating canopy reflectance from the two
satellites and retrieval of leaf chlorophyll. The lowest retrieval errors,
using all spectral bands of RapidEye and Sentinel-2, were obtained
using the mean of the best ten solutions. Furthermore, a spectral subset
that contained only the three bands from the red edge region of
Sentinel-2 decreased the retrieval error and emphasised the prominence
of red edge bands embedded in the Sentinel-2 data. Our results exhibit
the potential of INFORM when coupled with satellite data for regional
and global mapping of foliar chlorophyll in the forest ecosystem.

We note that in addition to spectral data and the model used for leaf
chlorophyll estimation, uncertainties related to in situ measurements of
the foliar chlorophyll is a crucial factor in determining the retrieval
accuracy. In our study leaf chlorophyll was measured using hand-held
chlorophyll meter and wet chemical analysis which is among the most
accurate in situ methods of chlorophyll measurements. Although the
measured leaf chlorophyll explained the within-plot variability, the
vertical heterogeneity of leaf chlorophyll within the canopy (Gara et al.,
2018) was not considered in this study. Further improvement of re-
trieval accuracy is expected when modulated chlorophyll (leaf chlor-
ophyll multiplied by LAI) would be considered at the canopy level.
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