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ABSTRACT

Forest monitoring benefits from biophysical parameters such as Leaf Area Index (LAI), Plant Area
Index (PAI) and fractional vegetation cover (FCOVER) and can be obtained from optical and LiDAR
remote sensing, such as Sentinel-2 (S2) and the Global Ecosystem Dynamics Investigation (GEDI).
While GEDI-derived products consider all phyto-elements, those from S2 refer to green elements
only. Apart from individual accuracies, systemic deviations among products are thus expectable.
However, products from S2 and GEDI lack inter-comparison. We evaluated S2 and GEDI-derived
LAI, PAI and FCOVER with digital hemispherical photography observations (DHP) in a forest
disturbance hotspot in Germany across various forest conditions, including vital stands, standing
deadwood and clearings. We found moderate to high agreement with in-situ data, with highest
accuracy for S2-derived LAl (R*=0.54) and GEDI-derived FCOVER (R®=0.73). Agreements
between S2 and GEDI products were low, which we attribute to systematic influences of
woody components, GEDI's limitations in sloped terrain, and saturation of optical signals in
dense canopy. In conclusion, findings suggest that while GEDI is effective in dense canopies, S2
products are beneficial for monitoring forest recovery. We also see potential for synergistic use in
monitoring standing deadwood for habitat mapping and fire risk assessment.
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Introduction Although forest changes are well-detectable from
space, it remains challenging to translate the resulting
products into quantitative information relevant for
forest practitioners. Therefore, numerous algorithms
have been developed for disturbance monitoring,
which are mostly based on one or several different
vegetation spectral indices to identify both abrupt
and gradual changes (Low & Koukal, 2020; Marinelli
et al., 2023; Ochtyra et al,, 2020). Although spectral
indices deviations or retrieved disturbances are useful
for anomaly detection, they do not represent biophy-
sical variables that can be measured with physical
units to allow for quantitative assessment of stand
properties. In addition, such biophysical variables are
crucial to link vegetation status to the C cycle (both
fluxes and stocks) for global carbon balance assess-
ments (Xiao et al., 2019). Leaf Area Index (LAI) and

Forests all over Central Europe are facing an increase
of disturbance due to a variety of intensifying stressors
(Patacca et al., 2023). Prolonged drought in the recent
years has led to drought-related crown defoliation,
early-season senescence, dieback as well as susceptibil-
ity to further stressors, such as insect and fungal infes-
tations across different tree species (Senf et al., 2020).
Given these rapid changes, satellite-based monitoring
of forests is urgently needed as it provides spatially
explicit information on the status of actual forest con-
dition, understanding disturbance dynamics and
extents as well as planning and monitoring forest
restoration (Gao et al., 2020). Since its launch in
2015, data acquired within the Copernicus Sentinel-2
(S2) satellite mission at decametric spatial resolution is
increasingly being used for operational forest moni-

toring (Phiri et al., 2020). In the meantime, space-
borne LiDAR active sensors have emerged as well,
such as the Global Ecosystem Dynamics
Investigation (GEDI) (Schneider et al., 2020), with
the potential to derive forest structure information
with higher accuracy than from passive optical multi-
spectral sensors.

Plant Area Index (PAI) are defined as half of the total
leaf and plant area per unit of the ground surface area,
respectively, and represent crucial variables at the
interface of biosphere and atmosphere, controlling
forest productivity, interception, water and nutrient
use as well as the carbon balance of (forest) ecosystems
(Alton, 2016; Chen & Black, 1992; Ogutu et al., 2013;
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Richardson et al., 2013; Sellers et al., 1997; T6rnros &
Menzel, 2014). For its key role for terrestrial ecosys-
tems, LAI is one of the Essential Climate Variables
stated by the Global Climate Observing System
(GCOS) (2022). Another important biophysical vari-
able is fractional vegetation cover (FCOVER), which is
defined as the fraction of ground covered by vegeta-
tion (Liang & Wang, 2020). FCOVER is linked to
forest health, disturbance dynamics and restoration
as well as climate regulation and water cycling (Liang
& Wang, 2020).

Although biophysical variables provide relevant
information for decision-makers, existing remote-
sensing-derived products are currently barely used in
forestry practice. There are numerous products avail-
able from medium spatial resolution optical space-
borne sensors, such as MODIS, VIIRS or Proba-V
(Lacaze et al., 2015; Yan et al., 2016, 2018), but limited
by the fact that their spatial resolution is not detailed
enough for forest applications. In this regard, biophy-
sical products derived from S2 are promising and their
retrieval is freely available with the Biophysical
Processor implemented in ESA’s free software
“SNAP” (Weiss et al., 2020). There are implementa-
tions of different calibrated algorithms, that allow for
retrieving biophysical variables both from the full set
of spectral bands at 10 m and 20 m resolution (visible,
red-edge, near-infrared and short-wave infrared spec-
tral intervals) and the band set at 10 m resolution
(visible and near-infrared spectral intervals). Due to
their decametric resolution and a repetition rate of
several days (under favourable sky conditions), the
products are suitable for forest applications, but the
different algorithms lack systematic inter-comparison
and validation against reference data (Filipponi, 2021).

Although progress has been achieved to constantly
improve algorithms to retrieve biophysical variables
from optical remote sensing data, retrieval algorithms
based on radiative transfer model inversion make simpli-
fying assumptions on the canopy and rely on the unam-
biguity of spectral signatures for parameter retrieval
(Richter et al., 2012a; Verrelst et al., 2015). For example,
in their validation of the S2 biophysical products, Hu et al.
(2020) found only moderate relationships (coefficients of
determination 0.55-0.68) with the S2-derived LAI and
FCOVER products against in-situ measurements in
broadleaf forests. LAI is known to be less accurate for
tall, dense or multi-layered canopy due to saturation of
the spectral signal (Mutanga et al,, 2023). As common
algorithms typically focus on green vegetation elements
(Djamai et al., 2019; Fernandes et al., 2014), there are
limitations to detect woody and dry biomass that are
dependent on species, phenology or vitality. Various
attempts to retrieve structural information, e.g. from S2
data have ascertained the limitations of optical data
(Kacic et al., 2023; Wernicke et al., 2022).

With the active sensing system, LiDAR provides
more direct measurements of the canopy with higher
potential to retrieve robust structural forest parameters
(Brown et al,, 2023). In particular, full waveform air-
borne LiDAR (ALS) has shown to yield robust esti-
mates of forest structural variables, such as PAI and
FCOVER in forests (Hu et al., 2018). Data availability of
ALS is still limited and if existent, it is often not (freely)
available. Although LiDAR satellite missions such as
ICESat-2 have been used to retrieve LAI (Zhang et al.,
2021), they have not explicitly focused on forest mon-
itoring (Liu et al., 2021; Markus et al., 2017). In this
regard, the GEDI instrument operated onboard the ISS,
with its near infrared full waveform LiDAR, has been
explicitly designed to retrieve structural vegetation
parameters, thereby enabling new potentials for species
and biodiversity mapping (Marselis et al., 2020;
Schneider et al., 2020). While initial accuracy assess-
ments have focused on canopy height (Adam et al,
2020; Liu et al., 2021; Potapov et al., 2021), the GEDI-
derived PAI has been validated in several studies, show-
ing promising performance across various forest
biomes when validated against in-situ observations
(e.g. digital hemispherical photography) and ALS
(Brown et al., 2023; Wang et al., 2023a, 2023b).
However, validation studies, both for GEDI and S2-
derived biophysical variables, have focused on rather
undisturbed, homogenous forests stands (Brown et al.,
2020, 2023) so that product performances could be
lower in actual forest disturbance settings. Specifically,
in the context of actual forest disturbance, it is not clear
how the GEDI products perform in disturbed forests
with standing deadwood or on areas undergoing suc-
cession. Thus, as pointed out by Brown et al. (2023),
validation against more in-situ measurements and dif-
ferent forest biomes is necessary to better understand
actual performance.

Both the S2-derived and GEDI-derived products
refer to effective LAI and PAI i.e. assuming random
distribution of leaves (Tang & Armston, 2019).
Whereas the GEDI-derived products refer to all plant
material, S2 products consider green vegetation ele-
ments only (Weiss et al., 2020). Thus, values of S2
products can be expected to be lower than GEDI
products for a given canopy. However, we are not
aware of an inter-comparison study of S2 and GEDI-
derived LAI, PAI and FCOVER. Thus, there is the
need to jointly assess (a) the accuracy of S2- and
GEDI-derived biophysical variables in various forest
settings, including factors affecting the level of agree-
ment, and (b) if the products could be used comple-
mentary in forestry applications.

This study presents an accuracy assessment on S2-
and GEDI-derived biophysical variables against in-
situ observations from digital hemispherical photogra-
phy (DHP) from two years (2021, 2022) in Central



Germany. We hypothesized that the level of agree-
ment between S2- and GEDI-derived biophysical vari-
ables (i.e. LAI/PAI, FCOVER) varies depending on
site-specific factors, i.e. terrain slope, amount of
woody biomass, canopy height and forest type. Thus,
our specific objectives were to (a) evaluate the consis-
tency of S2-derived and GEDI-derived LAI/PAI and
FCOVER, respectively, (b) evaluate the level of agree-
ment between S2- and GEDI-derived products with
regards to several impacting factors (i.e. canopy
height, terrain slope, forest disturbance level) and (c)
validate remote sensing derived products with in-situ
observations. To obtain a realistic impression of the
product performance and the comparability of optical
products compared to LiDAR products, we deliber-
ately examined stands so far understudied in valida-
tion studies, i.e. stands with standing deadwood, both
open and very dense stands and cleared stands
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undergoing succession. We derive recommendations
on the application potentials of S2 and GEDI products
for practical forest monitoring in the context of forest
disturbance.

Materials and methods

The methodological framework of this study is
depicted in Figure 1, including the collection of in-
situ (DHP and LAI-2200 measurements) as well as S2
and GEDI data and the performance evaluation, which
was carried out as a product inter-comparison study
and impact factor analysis of the agreement of S2 and
GEDI products across the study area (see example in
Figure 2b) as well as a validation exercise of S2 and
GEDI products against in-situ observations at five
study sites within the study area (Table 1).

GEDI Field data collection Sentinel-2
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Figure 1. Methodological framework for retrieval, evaluation and validation of Sentinel-2- and GEDI-derived PAI, LAl and FCOVER
products. Site-specific procedures to retrieve in-situ LAl for the validation of the S2-derived LAI product, considering contributions
of WAI and understory vegetation, are illustrated with dashed lines.
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Table 1. Characteristics of the study sites.

Geographical Altitude (m  Dominant tree Tree height
Site location a.s.l) species (max in m) Understory vegetation (dominant species)
Needleleaf, 51.616170 °N, 531 Picea abies (L.) 30 -
evergreen forest 10.876900 °E Karst.
Broadleaf, deciduous ~ 51.608930 °N, 535 Fagus sylvatica L. 17 -
forest | 10.812816 °E
Broadleaf, deciduous 51.612745 °N, 510 Fagus sylvatica L. 33 Calamagrostis arundinacea
forest Il 10.815332 °E
Clear-cut 51.613921 °N, 502 Senecio nemorensis, Calamagrostis arundinacea, Digitalis
10.806918 °E purpurea, Poa pratensis
Standing deadwood 51.614576 °N, 506 Picea abies (L.) 23 Rubus idaeus, Calamagrostis arundinacea, Urtica dioica
10.808142 °E Karst.

Study area

The study area is located in Central Germany in
the Southern Harz Mountains, a low mountain
range, ranging from approx. 200 to 640 m.s.l.
(Figure 2a,b). The area is characterized by all-year-
round humid conditions, with mild summers and
moderately cool winters. The mean annual tem-
perature is 8°C, and mean annual precipitation
sum is 760 mm (meteorological information taken
from the “ReKIS platform” (Kronenberg et al,
2021)). Typical soil types are Cambisol, Podzol
and Leptosol that formed on greywacke, rhyolite
and sandstone as parent materials
(ThiiringenForst, 2022; TLUBN, 2006). Forests are
composed of mostly even-aged Norway spruce
(Picea abies (L.) Karst.) on the ridges (area share
of 35% according to the local forest administration,
“ThiringenForst”) and deciduous stands of mostly
European beech (Fagus sylvatica L.) at lower eleva-
tions and the southern facing slopes (area share of
53%). Recently, spruce stands have been affected by
bark beetle infestation following several years of
drought (2018-2020). To limit insect outbreaks,
salvage logging has been practised. The resulting
large areas of forest cover loss have been reported
in remote sensing-based investigations, identifying
the Harz as a hotspot of current forest cover loss in
Germany (Kacic et al., 2023; Thonfeld et al., 2022).

Our study sites for in-situ data incorporate broad-
leaf and needleleaf forest stands of different age and
density (Table 1). Within the sampling period between
2021 and 2023, these stands remained intact, so that
comparability with GEDI data sampled one prior
vegetation period at peak vegetation period or leaf-
off season is ensured. Given the actual situation, we
assessed post-disturbance plots, including standing
deadwood and cleared areas undergoing succession
and reforestation.

Remote sensing data

Pre-processing of Sentinel-2 Level 2B data

S2 satellite data acquired by the Multi-Spectral
Instrument sensor in the period January 2021 -
April 2023, with cloud cover lower than 90%, were

gathered for the study area (granule T32UPC).
Collected satellite acquisitions at processing level
L2A are distributed by Copernicus as bottom of atmo-
sphere reflectance, orthorectified, terrain-flattened
and atmospherically corrected with the “Sen2Cor”
algorithm (Richter et al., 2012b). S2 data were first
processed to clip data to the study area, mask out
invalid pixels (clouds, snow, shadows, topographic
shadows), and spatially resample spectral bands and
ancillary sun and view angle information at two com-
mon spatial resolution sets (10 m and 20 m). Images
with less than 10% valid pixels resulting after masking
were discarded. LAI and FCOVER biophysical vari-
ables were estimated using both the 10 m and 20 m
bands within the SNAP “Biophysical Processor”, ver-
sion 2.0 (Djamai et al., 2019; Weiss et al., 2020). In
order to compare the datasets generated using both
versions of the implemented algorithm, estimates pro-
duced using the 20 m spectral bands were spatially
resampled to 10 m spatial resolution, using the nearest
neighbour resampling method. Dataset were finally
spatially co-registered using AROSICS algorithm
(Scheffler et al., 2017), in order to deal with weak
spatial coherence of S2 time series processed using
processing baselines 0l.xx and 02.xx (Filipponi,
2019), improved under baselines 03.xx and 04.xx,
and enhancing vegetation indices time series integrity
(Filipponi et al., 2022).

GEDI Level 2B data

Data from NASA’s GEDI mission was downloaded as
“Level 2B Canopy Cover and Vertical Profile Metrics
product” (GEDI0O2_B) from LP DAAC for the years
2019-2023. The biophysical metrics are derived from
the Level 1B full waveform product based on the
directional gap probability profile using the approach
of Ni-Meister et al. (2001) (Dubayah et al., 2021b). The
data is provided in HDF5 format at footprint level (25
m diameter). The R package “rGEDI” (Silva et al.,
2020) was used to convert and subset the data to vector
files.

GEDI delivers eight ground tracks with an
across-distance of about 600 m and an along-track
distance of about 60m (Figure 2b). Each track
contains (among other attributes) information on
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Figure 2. Location of the study area “Southern Harz Mountains” in Central Germany (a) and example of remote sensing products
with Sentinel-2-derived LAl and GEDI level-2B product for close overpass dates in the summer of 2022 (b); selected GEDI track with

PAI profile and terrain elevation across the study area (c).

canopy height and vertical profiles of biophysical
variables calculated at 5m bins (Figure 2c). For the
inter-comparison with S2-derived biophysical vari-
ables and the validation against in-situ data, we
focused on the attributes “pai” (total PAI), and
“cover” (total cover) referred to as FCOVER in
the following. We filtered the data using provided

quality information (i.e. “L2B quality flag=1",
“L2A degrade flag=07), which may result in data
gaps as depicted in Figure 2b,c. For information on
canopy height shown in Figure 2c¢ and used in an
impact factor analysis, we used the attribute
“rh100”, i.e. maximum canopy height in centi-
metres from Level 2A data (Dubayah et al., 2021a).
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Auxiliary geoinformation

Digital elevation model

We used a digital elevation model (DEM) at 5m
spatial resolution provided by the Free State of
Thuringia (Landesamt fiir Bodenmanagement und
Geoinformation, 2019). For consistency with S2 data,
the DEM was formally transformed (i.e. EPSG: 25832
to EPSG: 32632) and resampled using cubic convolu-
tion before deriving terrain slope in degree.

Forest type classification

In the product inter-comparison and impact factor
analysis, we distinguished between needleleaf and
broadleaf forest stands, composed of Norway spruce
and European beech as dominant species. Therefore,
we used a classification map (provided by the forest
administration) at 20 m spatial resolution based on S2
imagery, which was produced using a random forests
classification approach in reference to Immitzer et al.
(2019) and Persson et al. (2018) using administrative
forest inventory data for training (Minder et al,
2022).

Forest disturbance information

It was our intention to quantify the level of agreement
between S2 and GEDI products not only in healthy tall
canopies but also in disturbed forest stands, including
cleared areas undergoing succession (thus with pre-
sumably shorter canopies than the 5m bins of the
GEDI products) and standing deadwood. To retrieve
information on forest disturbance, we used the out-
puts of an existing time series analysis framework by
Low and Koukal (2020). The approach utilizes dense
S2 time series and a dynamic filtering for modelling
phenology courses to detect phenological anomalies.
Anomaly is calculated at pixel-level as the cumulative
sum of daily differences between a baseline phenology
course (calculated in a previous modelling period,
here 2017-2018) and a smoothed time series at daily
timestep for each pixel within a given detection period
(here 2019-2021). Forest disturbance level (FDL) was
calculated from the cumulative sum of daily deviations
of the Normalized Difference Vegetation Index. The
lower the FDL value, the longer the anomaly period
and thus higher the severity of the disturbance. For
details of the algorithm, the reader is referred to Low
and Koukal (2020).

Images of the study area (S2 granule “I32UPC”)
with a cloud cover of less than 80% were processed in
the period between January 2017 and December 2021
(for details, see Putzenlechner et al. (2023)). Outputs
of FDL, referring to (minimum) forest disturbance
level by the end of 2021, were exported to GeoTIFF-
format with 10 m spatial resolution and categorized.
According to Léw and Koukal (2020), an FDL of -7
relates to unequivocal disturbance, such as standing

deadwood or cleared areas. The FDL dataset was also
used as a source of information to ensure that no
disturbance occurred on the selected study sites in
the vital beech and spruce stands.

In-situ LAI, PAl and FCOVER

Digital hemispherical photography

Digital hemispherical photography was used to
retrieve effective PAI and FCOVER at the forested
sites. The GEDI points with a footprint of 25 m were
treated as Elementary Sampling Units (ESU).
Locations were approached with a differential GNSS
(model HiPer V, Topcon). To ensure sampling repre-
sentativity and stable conditions, a total of 9-15
images were taken in the centre of the ESU as well as
circularly-arranged within the footprint. Photos were
taken upward with a full-frame digital camera (model
Eos 6d mark ii, Canon) with 8 mm £/3.5 fish-eye lens
(model Zenitar, Zenit) in diffuse or near-dusk condi-
tions, using the “histogram method” to avoid over-
exposure recommended by Beckschifer et al. (2013).
The Can-Eye software was used (Weiss & Baret, 2017)
to retrieve effective PAI (PAlpyp) and FCOVER
(FCOVERpyp), considering zenith angles up to 60°
and 10°, respectively. Camera calibration to determine
the optical centre and projection function was carried
out as described in the Can-Eye user manual (Weiss &
Baret, 2017).

As GEDI data provision by LP DAAC took up to six
months after acquisition, measurements had to be
carried out at GEDI points from past overpasses. To
quantify the contribution of woody canopy elements
(WAIpyp) in PAI leaf-off DHP was carried out in the
beech stands in April 2023. For spruce, WAI was
retrieved in standing deadwood after needle-loss.
Table 2 shows GEDI acquisitions and corresponding
DHP acquisition dates for the study sites.

LAl measurements

On plots with herbal understory layer, i.e. within the
standing deadwood and the open beech stand, LAI
(LAIynderstory) Was acquired. Measurements were
taken with the LAI-2200C (LAI-2200C Plant Canopy
Analyzer, LI-COR Biosciences) at peak vegetation per-
iod (June to July) during clear-sky conditions around
the solar noon to rule out shadowing of surrounding
trees or trunks in the open spots. Per ESU (i.e. GEDI
point), a total of 12 LAI samples were taken as recom-
mended by Majasalmi et al. (2012) for open forests.
The individual readings of the herbal layer were col-
lected at non-tree-covered, un-shadowed spots, with
below-canopy readings (“B-readings”) preceded by
above-canopy sequences for scattering correction
(“K-records”) required in direct sunlight conditions,
following recommendations by LI-COR (LI-COR
Biosciences, 2016). Mean effective LAI values of the
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Table 2. Acquisition dates for DHP, GEDI and Sentinel-2 data and extracted samples obtained from overlapping GEDI tracks
at the study sites. *No DHPs were taken on the cleared plot (PAl and FCOVER set as zero).

GEDI

Beech Spruce Standing deadwood Clearing*
DHP S2 (N=12) (N=13) (N=11) (N=13)
30 Jul 2021 30 Jul 2021 23 Jun 2019 31 Jul 2020 11 Jul 2021*
14 Sep 2021 08 Sep 2021 23 Jun 2019 11 Jul 2021 11 Jul 2021 *
13 Oct 2021 01 Oct 2021 11 Jul 2021 *
01 Jun 2022 15 Jun 2022 *
06 Jul 2022 20 Jul 2022 02 May 2022 17 Sep 2021 *
29 Sep 2022 03 Sep 2022 *
06 Apr 2023 06 Apr 2023 26 Apr 2022 *

understory vegetation per study site accounted to up
to 1.1 and 2.0 m* m? in standing deadwood and the
open beech forest stand, respectively.

Considering contributions of understory and woody
components for in-situ LAl
For validating S2-derived LAI, we assessed LAI;.giw,
considering contributions of WAI in PAIpyp and the
contribution of (green) understory vegetation.
Depending on site characteristics (existence of decid-
uous canopy and/or understory herbal layer, Table 1),
LAT;,sin Was calculated following equations (1-3).
With PAI defined as the sum of LAI and WAI
(Fang et al,, 2019), the positive contribution of WAI
to PAI has been accounted to 5+ 35% (Bréda, 2003),
with variations due to different species, phenological
period, plant health status as well as contribution of
the understory and combinations thereof. As PAI
equals WAL in leaf-off conditions, LA, in the
dense beech forest was assessed based on leaf-on and
leaf-off DHP:

LAlLipsitu = PAlpup,,, ,, — PAlpHP,, (1)

The contributions of WAI to PAI accounted to 20%
in beech and 57% in spruce, respectively.

For LAl of standing deadwood, PAIpyp and
LAInderstory Were offset with each other depending on
FCOVERp;p:

LAIpsity = PAIpyp * FCOVERpyp + LAIunderstory

For LAI,i, of the open beech stand, equations (1)
and (2) were combined:

LATnsos = (PAlprp,,., ~ PAlpip,, ;)

* FCOVERppp + LAIunderstory
* (1 — FCOVERppp) 3)

Performance evaluation

Linking remote sensing with in-situ data

For product inter-comparison in the study area,
GEDI acquisitions were matched to temporally
nearest, cloud-free S2 acquisitions, resulting in 733
data points in either needleleaf or broadleaf forests

for the years 2021 and 2022. GEDI data points
(referring to single LiDAR shots) were buffered to
account for the 25 m footprint and then intersected
as ESUs with the S2 gridded products, which, in
turn, were assigned to ESUs as spatially weighted
averages.

For validation against in-situ data, GEDI tracks
covering the five study sites were used to define initial
locations for DHP acquisitions in 2021. The search
was repeated to increase the number of samples and
ensure even sampling numbers across the study sites.
Overall, this procedure resulted in 49 samples avail-
able for comparison (Table 2). All spatial analysis was
carried out in R with the “terra” package (Hijmans
et al., 2023).

Product inter-comparison and validation
Product inter-comparison across the study area was
carried out by investigating the relationships between
LAI (PAI) and FCOVER products by fitting exponen-
tial and linear models between the two calibrated
algorithm sets of the S2 products (“10 m bands ver-
sion” vs. “20 m bands version”) as well as between
GEDI and S2 products. Observed WAI (at the study
sites) was used to modify the “I:1 line” in the scatter-
plots for GEDI-derived PAI and S2-derived LAL

For validation against in-situ observations, we per-
formed linear regression and calculated several per-
formance metrics, including the coefficient of
determination (R?) according to ordinary least square
regression, the normalized root mean square error
(nRMSE, using minimum-maximum-normalization),
the mean bias error in percent (%bias) and the mean
bias error (MBE). For evaluating performance of S2-
derived LAI, we refer to the minimum required uncer-
tainty of 20% for values > 0.5 or 0.1 for smaller values
set by the GCOS (2022). Further analysis focused on
the “20 m version” of the S2 products, as the “20 m
version” outperformed the “10m version” (see
results).

Impact factor analysis

The agreement between GEDI- and S2-derived pro-
ducts in broadleaf and needleleaf forests in the
study area was investigated with linear and
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generalized linear models (GLMs) and subsequent
multi-factor analysis of variance (ANOVA) with
post-hoc testing. While the deviation between the
respective GEDI and S2 products (A GEDI, S2) was
treated as target variable, covariables of the
ANOVA were categories of canopy height, terrain
slope and FDL. Due to the non-normal distribution
of A PAlggpr, LAlg,, a GLM with Gamma distribu-
tion was fitted, for which the value distribution of
A PAlggpy, LAlg, was shifted by the rounded abso-
lute value of minimum A PAlggp;, LAlg, to ensure
positive value range required for the Gamma
family. As overall measure of model fit, we calcu-
lated the R* and the Nagelkerke pseudo-R*
(Nagelkerke, 1991) for the linear models and the
GLMs, respectively.

Canopy height was aggregated into three categories
to distinguish between juvenile (<15m), established
(15-35m) and mature (>35 m) forest stands. Terrain
slope was aggregated by means of the quantile method
into four categories (<6° 6° — 19°, 19° — 27°, > 27°).
For FDL, we distinguished three categories, i.e.
“undisturbed canopy” (FDL=0), “somewhat dis-
turbed canopy” (0 < FDL > -7) and “severely dis-
turbed” (FDL < -7) forests stands. Boxplots illustrate
the results of post-hoc Tukey (a=0.05) testing with
small letters. The WAI-related deviations between LAI
and PAI (i.e. values of A PAlggp, LAlg, below
observed WAI) are depicted as semi-transparent
points.

Results
Inter-comparison of Sentinel-2 and GEDI products

PAlggpr and FCOVERGgpr as well as LAIg, and
FCOVERs, exhibit exponential relationships with
high coefficient of determinations in both broadleaf
and needleleaf forest stands (R* ~ 0.9, Figure 3). Thus,

O S2, needleleaf, Rz = 0.86 L
© - 0 82, broadleaf, R*= 0.96 ii -6
o GEDI, needleleaf, R? = 0.99 -
GEDI, broadleaf, R = 0.99

LAls2_zom [m*m 2]
T
w
PAlgeps [m*m 2]

0.0 0.2 0.4 0.6 0.8 1.0
FCOVERs;_20m & FCOVERGgep; [-]

Figure 3. Sentinel-2 derived FCOVER against LAl as square
symbols and GEDI-derived FCOVER against PAI in circles
shown for needleleaf (dark green) and broadleaf (light
green) forest in the study area. The dashed lines refer to fitted
exponential models.

LAIs, and PAIggpy saturate with increased vegetation
cover. GEDI products are highly correlated due to
their retrieval from directional gap probability
(Dubayah et al., 2021b). In contrast, a higher spread
of values exists between the S2 products in needleleaf
forest stands (R* = 0.86).

The different versions of the “Biophysical
Processor” for the S2 products result in only minor
differences between LAI and FCOVER products,
respectively (R* > 0.8, Figure A1), with FCOVER
products being more similar (R* ~ 0.9) irrespective
of forest type. Considerable differences appear predo-
minantly at higher LAI values (i.e. LAl >4.0) and in
broadleaf forest stands, thereby exceeding the GCOS
uncertainty requirements (Figure Ala). This feature is
also indicated for the different versions of FCOVER,
but showing only marginal differences in needleleaf
forest stands.

The inter-comparison of S2 and GEDI in the study
area shows overall weak relationships (Figure 4), with
higher coefficients of determination in needleleaf for-
est stands (R* ~ 0.2, Figure 4). However, bias is higher
in needleleaf than in broadleaf forest stands
(e.g. percent bias 11% vs. 6% for PAI/LAI).
Considerable disagreement results from small values
in GEDI products contrasting high values in S2 pro-
ducts. For example, it is noticeable that for high
FCOVER values in the GEDI product (>0.8), there is
still a considerable amount of low values of S2-derived
FCOVER (Figure 4b).

Impact factor analysis

Linear (and generalized linear) regression models
indicate effects of terrain slope and canopy height on
deviations of GEDI and S2 products (p < 0.05), with R?
for overall model evaluation ranging between 0.3 for
APAlggp, LAlg, and 0.4 for AFCOVERGepD
FCOVERg;, respectively. The effects of terrain slope
and canopy height on APAIggp;, LAls, are visualized
in the boxplots in Figure 5 (AFCOVERGepr
FCOVERsy, in Figure A2). No distinct pattern was
found for forest disturbance level, as indicated in
value distributions of PAI and LAI (Figures 6 and A3).

Terrain slope. There are distinct differences
between levels of slope for APAlggp;, LAIs, (and
AFCOVERGgp, FCOVERy,), with decreasing agree-
ment observed for stands on sloped terrain
(Figures 5a and A2a). Here, values of the GEDI
products tend to overpass those of S2 in broadleaf
stands. For the LAI and PAI products, broadleaf
stands on slopes above 19°, products show signifi-
cantly less agreement, as absolute bias becomes
highest.

Canopy height. There are also distinct differences
for APAlggpr, LAlg, (and also AFCOVERGgpis
FCOVERg;,) between different levels of canopy height
(Figures 5b and A2b). For low-growing canopy
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Figure 4. Sentinel-2-derived (a) LAl against GEDI-derived PAIl and (b) FCOVER against GEDI-derived FCOVER in the study area 2021
and 2022. Needleleaf and broadleaf forests are coloured in dark and light green, respectively; for LAI/PAI (a), the continuous lines
refer to the 1:1-line considering the observed PAI-to-LAl-bias. The grey-coloured polygons refer to the 90% confidence intervals for

the linear regression models shown as dashed lines.
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Figure 5. Deviation between GEDI-derived PAl and Sentinel-2-derived LAl with respect to (a) terrain slope and (b) canopy height
for needleleaf and broadleaf forest in the study area in 2021 and 2022. Different lowercase letters indicate significant (p < 0.05)
differences with levels of terrain slope for PAI deviations. Note that semi-transparent dots refer to deviations related to WAI.

(<15m), the bias is negative (GEDI products < S2 pro-
ducts), whereas in tall canopies, values of GEDI products
are higher than those of S2. This pattern is more pro-
nounced in broadleaf stands but also observed for needle-
leaf stands. Overall, product agreement is best at canopy
heights between 15 and 35 m as absolute bias is lowest.

Forest disturbance level. The GEDI and S2 products
are consistent in showing considerably lower values of
PAI, LAI and FCOVER on disturbed plots (Figures 6
and A3). Further, in needleleaf stands, values of all
products are lower than in the corresponding distur-
bance level of broadleaf stands. However, in severely
disturbed stands, GEDI values are close to zero, whereas
the S2 products report PAI around 1.0 m* m > and
FCOVER around 0.3 on average.

Validation against in-situ observations

Sentinel-2-derived LAI and FCOVER. S2-derived LAI
and FCOVER were validated against in-situ measure-
ments at GEDI locations. For S2, field measurements
could be linked to S2 acquisition in a timely manner

(Figure 7). The phenological dynamics are well-
reflected in both the LAI and FCOVER products, with
highest values in 2021 and 2022 reached by the end of
June and an abrupt decline occurring after late
September, indicating senescence (Figure 7). For LAI,
highest values occurred in the dense beech forest and
lowest values on bare areas and in standing deadwood,
which is supported by in-situ LAl measurements and
observations. For FCOVER, the dense beech stand also
shows highest values, followed by vital spruce.

As for absolute values, the LAI and FCOVER values
derived from S2 show overall considerable mismatch
when compared to in-situ measurements (Figure 8).
Linear regression models are significant but indicate
low to moderate relationships (LAL R%=0.5), with best
performance metrics for LAIg, found for both versions of
the algorithm (Figure 8a). However, for both LAI and
FCOVER, the version of the algorithm including the 20
m bands performed slightly better compared to the ver-
sion using the 10 m bands only. Overall, the S2 products
underestimate in-situ measurements, with considerably
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Figure 6. Sentinel-2-derived LAl (a) and GEDI-derived PAI (b) with regards to forest disturbance level and forest type.
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higher bias observed for FCOVER compared to LAI

(percent bias: —1% vs. 6%). Although LAI shows better
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differs with study site: While in beech stands, LAIs,
tends to overestimate (especially in the tall, open stand),
there is systematic underestimation in vital spruce and

standing deadwood stands.
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Figure 9. GEDI-derived PAI (a) and FCOVER (b) against in-situ observations at the study sites. The continuous lines correspond to the
1:1 line. The grey-coloured polygons refer to the 90% confidence intervals for the linear regression models shown as dashed lines.

GEDI-derived PAI and FCOVER. Compared to the
results from S2 product validation, GEDI products
perform better when validated against in-situ mea-
surements from DHP (Figure 9). Best agreement is
obtained for FCOVER, showing a significant linear
regression model with relatively high coefficient of
determination (R* ~ 0.7). Overall, GEDI products
tend to overestimate observations,
with percent bias between 11% and 32% for
FCOVER and PAI respectively. As for 52, GEDI’s
product performance is site-dependent, with high
accuracy in the beech stands and relatively low agree-
ment in spruce, especially standing deadwood. Clear-
cut areas show low PAI values below 1 and FCOVER
below 0.3, which may indicate a certain sensitivity to
remaining lying deadwood.

in-situ

Discussion
Evaluation of the experimental design

In this study, we used DHP for retrieving effective
PAI and FCOVER. Thus, our approach incorpo-
rates a general disparity between downward-
looking remote sensing systems and upward-
looking DHP. Nevertheless, we have designed the
approach in the best possible way to eliminate
uncertainties in the accuracy assessment. We per-
formed leaf-off measurements to derive WAI and
thereby accounted for the difference between PAI
and LAI that were often treated as interchangeable
quantities (Chen et al., 2023). We incorporated an
understory correction for LAI, since it is known
that understory reflectance can significantly influ-
ence forest reflection (Rautiainen et al.,, 2018).
Since evaluation between the remote sensing pro-
ducts exhibited higher deviation than evaluating
remote sensing products against the in-situ

measurements, we deem our reference measure-
ments valid.

We deliberately included sites that were considered
challenging, e.g. by including dense or clumped canopy
and disturbed sites with standing deadwood, and this
could explain the overall low to moderate relationships
we observed for S2 and GEDI products with in-situ
observations. It should be noted that sampling numbers
were relatively low which is because we oriented our
sampling design in line with the GEDI observations to
facilitate the most direct comparison, akin to the meth-
odology employed by Wang (2023b). Apart from the
fact that our study area is at the edges of the GEDI
coverage of the northern hemisphere, high-quality data
was rare as well. It was due to the scarcity of GEDI data
that the temporal consistency of GEDI-derived PAI and
FCOVER could not be investigated. In addition, the
availability of GEDI data leads to time lags between
GEDI observations and actual in-situ data collection.
Nevertheless, we were able to counteract this by using
the disturbance area product to rule out observed devia-
tions between datasets due to intermediate disturbance
in the respective pixels.

Accuracy of Sentinel-2 and GEDI products

Between LAI/PAI and FCOVER, we obtained
a high agreement from an exponential fit
(Figure 3), which is in agreement with field and
simulations studies (Eriksson & Eklundh, 2005;
Mougin et al., 2014). The lower coefficient of deter-
mination for the S2 products could arise from
higher variability in the optical data, i.e. variations
in leaf pigments, phenological changes of the
understory vegetation, as well as directional and
atmospheric fluctuations affecting the accuracy of
LAI retrievals (Fang et al., 2019). In particular, the
lower accuracy observed at the beech stands
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(compared to spruce) could result from seasonal
variations of chlorophyll.

S2-derived LAI and FCOVER were consistent with
in-situ observations concerning seasonal variations
and value proportions at the study sites (Figure 7).
The overall low (FCOVER) to moderate (LAI) linear
relationships (Figure 8) obtained in validation against
in-situ observations widely agrees with existing studies
(also based on DHP and S2 products), reporting coef-
ficients of determination for LAI between 0.33 (Chen
et al.,, 2023) and 0.68 (Hu et al., 2020) and for
FCOVER of 0.55 (Hu et al.,, 2020). The overall higher
accuracy of LAI compared to FCOVER as well as the
overestimation bias for LAI is in accordance with Hu
et al. (2020) (bias: 0.42). While the underestimation
bias of LAI in spruce and standing deadwood could be
related to uncertainties of DHP retrieval for clumped
canopy (Lee et al., 2023), the retrieval in the dense
beech stand could be affected by saturation effects
occurring with high LAI values (Fang et al., 2019).
As variations in the NIR and SWIR are known to
describe effective LAI best (Heiskanen et al., 2013),
saturation effects could be more pronounced with less
spectral information, which could explain better per-
formance of the LAI product considering also the 20
m bands (Figure 8a). Indeed, in their sensitivity ana-
lysis for deriving GEDI attributes from S2 data, Kacic
et al. (2023) found the Red Edge bands to be most
decisive. Thus, the additional information contained
in the Red Edge could compensate the disadvantage of
lower spatial resolution of the 20 m bands compared
to the 10 m bands. The low effect of different product
versions for the performance of S2-derived FCOVER
(Figure 8b) could result from the fact that both pro-
ducts showed low accuracy, which may indicate the
general difficulty in deriving this variable from optical
data.

Compared to the S2 products, accuracy of GEDI-
derived PAI and FCOVER was higher (Figure 9),
which can be attributed to the better suitability of
LiDAR to retrieve forest structure variables. Our
results for PAI (RMSE=1.16, nRMSE=0.19,
Figure 9a) widely agree with existing studies (Brown
et al., 2023; Chen et al, 2023; Wang et al., 2023a),
reporting RMSE between 0.7 and 1.0. Accuracy was
decreased in standing deadwood compared to vital
stands, which is in accordance with findings of Wang
et al. (2023b) who reported lower accuracy for leaf-off
observations. The overall similar performance
observed at the needleleaf and broadleaf stands differs
from findings of C. Wang et al. (2023a) who report
better agreement in needleleaf canopies. Overall, there
is still a limited sampling number among validation
studies for GEDI-derived PAI, even though moderate
to high relationships with in-situ observations were
reported. Regarding FCOVER, our results indicate
high capabilities of the GEDI product. However,

more studies are needed for performance evaluation,
as validation studies on canopy attributes have so far
mainly focused on canopy height and PAI (Adam
et al.,, 2020; Brown et al., 2023; Chen et al., 2023;
Dorado-Roda et al.,, 2021; Wang et al., 2023a, 2023b).
Nevertheless, the better performance of GEDI-derived
FCOVER in the dense beech stand (Figure 9b) could
support findings of Dorado-Roda et al. (2021), who
reported better performance in dense canopy.

Consistency of S2 and GEDI products and
potentials for forest monitoring

The inter-comparison of S2 and GEDI products
revealed weak relationships (highest R* ~ 0.2 obtained
for LAI vs. PAI in beech, Figure 7a). The positive bias
between GEDI-derived PAT and S2-derived LAI can be
attributed to the conceptual differences of the quanti-
ties, i.e. contributions of WAI, which is also in line
with the higher bias found in needleleaf stands. Here,
our results are in accordance with Chen et al. (2023),
reporting coefficients of determination between 0.23
and 0.35 for PAI vs. LAIL Based on our results, the low
agreements result from product mismatches in the
lower, but for the most part upper value ranges. The
mismatch in the higher value ranges may be attributed
to (previously discussed) saturation effects of the S2
products and in the lower value ranges to potential
geolocation inaccuracies (10.2 m in Level2B version 2,
Dubayah & Blair, 2021a). After all, we attribute the
mismatch to the conceptual differences between pas-
sive optical and LiDAR data. For example, Wernicke
et al. (2022) reported low explanatory potential of S2
data for forest structure compared to aerial LiDAR
data, thereby also classifying results from Kacic et al.
(2023), who faced challenges in modelling GEDI bio-
physical attributes from S2 data (among other) with
random forest regression.

The effect of terrain slope on the deviations
between GEDI and S2 products (Figure 5a) is in
accordance with findings of numerous studies report-
ing uncertainties of GEDI attributes in steep terrain
(Adam et al., 2020; Chen et al., 2023; Fayad et al., 2021;
Schneider et al., 2020), even if estimates vary as to the
threshold at which errors become critical (e.g. >20° in
Adam et al., 2020; > 30° in Liu et al., 2021). With
significant effects observed at slopes above 19°, we
recommend filtering out such data, as carried out in
recent studies with varying thresholds (Chen et al.,
2023; Stritih et al., 2023). Regarding canopy height,
we found significantly increased deviations between
products in very high and low canopies (Figure 5b).
Although their analysis was on the accuracy of canopy
height, Liu et al. (2021) reported higher errors of
GEDI estimates in tall dense canopies which in turn,
Brown et al. (2023) did not confirm in their validation
study on PAL In tall stands, deviations may, however,



also increase due to the uncertainty of S2 estimates
associated with the saturation of the optical signal, as
mentioned previously. We found no distinct pattern in
product deviations across different levels of forest dis-
turbance. Consistently low PAI/LAI and FCOVER in
disturbed needleleaf forest stands can be attributed to
salvage logging which has been carried out in the study
area due to bark beetle infestation of Norway spruce.
Based on the observations on the cleared study site, the
first bin of GEDI (i.e. <5m) seemed sensitive to
remaining lying deadwood (Figure 6), while the con-
siderably higher values of the S2 products can be
attributed to green (herbal) vegetation which are not
detectable with GEDI.

To summarize our findings with regards to product
potentials for monitoring forest and recovery, we
found that S2-derived LAI and FCOVER are appro-
priate for monitoring initial succession, if woody com-
ponents are out of interest. Given our findings that
LAI and FCOVER reached similar value ranges in vital
forest stands, we consider GEDI products better suited
for overall forest delineation. In addition, these pro-
ducts demonstrated high potential to also characterize
standing deadwood. Thus, synergic use of S2 and
GEDI products could be exploited to detect deadwood
structures and monitor succession which is relevant
for recovery management, biodiversity or fire risk
assessment.

Conclusion

We evaluated the performance and comparability of
LAI, PAI and FCOVER derived from Sentinel-2 (S2)
and GEDI for forest monitoring between 2021 and 2023
in Central Germany. In the context of recent forest
disturbance across Central Europe, we deliberately
investigated study sites considered challenging for
both LiDAR and optical sensors, i.e. stands with dense
and open stands with understory, cleared sites under-
going succession and standing deadwood. As such, the
study aimed at a realistic assessment of the performance
of S2- and GEDI-derived canopy attributes with regards
to forest monitoring. Therefore, we also assessed the
deviations between S2- and GEDI-derived products
with regards to influencing factors, i.e. terrain slope,
canopy height and forest disturbance level.

Both the S2 and GEDI products were consistent
within each other, and phenological variations were well-
reflected in S2-derived LAI and FCOVER. Further, both
S2 and GEDI products showed consistently lower LAI,
PAI and FCOVER on disturbed sites and peaked in
dense stands with broadleaf canopy. While GEDI-
derived FCOVER showed best performance (R* ~ 0.7)
when validated with in-situ observations, LAI and PAI
products reached moderate performance (0.5 > R* < 0.6).
For S2 products, we attribute limitations mainly to
saturation effects and the generic nature of the algorithm.

EUROPEAN JOURNAL OF REMOTE SENSING . 13

Although GEDT’s performance was higher, we encoun-
tered limitations due to data availability and timeliness,
thereby stressing the need for a future LiDAR satellite
mission. The inter-comparison of GEDI and S2 products
revealed low overall agreement, which was significantly
aggravated on stands with sloped terrain and in tallest
stands. Overall, the deviations can be attributed to con-
ceptual differences, with the S2 and GEDI products
focusing on either green or woody vegetation compo-
nents, respectively.

Our findings emphasize different application
potentials of the products, and we therefore recom-
mend that products should be used rather comple-
mentarily (instead of interchangeably). While
monitoring stand properties or the delineation of
forests with S2-derived LAI and FCOVER alone
would be difficult, products are beneficial for mon-
itoring temporal dynamics of forest rejuvenation
and succession. GEDI-derived PAI and FCOVER
hold great potential for stand characterization and
forest delineation. Further, in the context of forest
recovery, these attributes could be used for implica-
tions on microclimate. For future studies, we see
synergetic potential for a differential recovery mon-
itoring, including deadwood structures, rejuvenation
and succession. An integrated approach could be
based on detecting forest disturbance from S2 time
series, identification of structural components with
space-borne LiDAR on disturbed plots and monitor-
ing vegetation recovery with the S2 biophysical pro-
ducts. Ultimately, the complementary or even
synergistic use of optical and LiDAR remote sensing
will be crucial for comprehensive forest monitoring,
including biodiversity and fire risk assessments in
post-disturbance landscapes.
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Figure A1. Sentinel-2 derived biophysical products (a) LAl and (b) FCOVER, with the products obtained from the 10 m version of
the algorithm plotted against the products from the 20 m version (within the “biophysical Processor” in SNAP), respectively. The
continuous line represents the 1:1 line, the grey-coloured polygon refers to the 90% confidence intervals for the linear regression
model shown as dashed line. For LAI (a), the second grey-coloured polygon around the 1:1 line refers to the GCOS uncertainty
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Figure A2. Deviation between GEDI-derived FCOVER and Sentinel-2-derived FCOVER with respect to (a) terrain slope and (b)
canopy height for needleleaf and broadleaf forest in the study area in summer 2021 and 2022. Different lowercase letters indicate
significant (p < 0.05) differences with levels of terrain slope for PAI deviations.
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Figure A3. Sentinel-2-derived FCOVER (a) and GEDI-derived FCOVER (b) with regards to forest disturbance level and forest type.
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