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A B S T R A C T

Forest floor vegetation plays a crucial role in ecosystem processes of temperate and boreal forests. Remote
sensing offers a valuable tool to characterize the forest floor through reflectance spectra. While passive optical
airborne and satellite data have been used to map spectral properties of forest understory, these sensors are
limited by cloud cover, especially in high latitudes. To date, LiDAR and SAR have not been explored for this
application even though their data are less dependent on illumination conditions and provide information
on tree canopy structure and tree distribution which is connected to forest floor properties. We investigated
active remote sensing techniques to establish links between forest structure and spectral properties of forest
floor across European temperate, hemiboreal and boreal forest ecosystems. First, in the exploratory part, the
research question was : Which forest structure metrics are connected to the spectral properties of the forest
floor? Next, our predictive part focused on: What is the potential of (1) terrestrial laser scanning (TLS) data, (2)
airborne laser scanning data, (3) satellite-borne SAR data, and (4) these data sources combined to predict forest
floor spectral properties? Our results revealed that nine forest structure metrics were potentially associated with
forest floor reflectance. We identified TLS-derived clumping index and SAR-derived VV backscatter coefficient
and VH/VV ratio as significantly connected to forest floor reflectance in certain Sentinel-2 spectral bands.
Overall, the active remote sensors achieved the best predictions for forest floor reflectance in red-edge, near-
infrared and shortwave infrared regions. Using data from all three sensors together to predict the forest floor
spectra yielded better results than using any of the sensors alone. When data from a single sensor were used,
the highest prediction accuracies for forest floor reflectance in the red-edge and near-infrared regions were
achieved with SAR data, and in the shortwave infrared region with either SAR or TLS data. In the future, the
accuracy of predicting forest floor characteristics in temperate and boreal forests could benefit from a synergy
of passive and active technologies.
1. Introduction

Information on forest floor characteristics is important for a com-
prehensive understanding of forest ecosystems and their response to
climate change. Forest floor vegetation plays a key role in the photo-
synthetic and nutrient cycles of a forest ecosystem (Goulden and Crill,
1997; Morén and Lindroth, 2000; Kolari et al., 2006; Rantala et al.,
2011), controls water quality and contributes to the biodiversity of a
forest (Rantala et al., 2011). Furthermore, changes in the understory of
temperate and boreal forests observed over recent decades appear to
be correlated with climate change (Herk et al., 2002; Hedwall et al.,
2021; Braziunas et al., 2024), forest management practices (Hedwall
et al., 2021) and forest fragmentation (De Frenne, 2023; Koelemeijer
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et al., 2023). There is also evidence that understory vegetation re-
sponds substantially to forest disturbances (De Frenne et al., 2021),
and thus, more attention should be directed to developing methods for
monitoring forest floor characteristics.

Repetitive and large scale surveys of forest floor vegetation are
extremely laborious, and hence, remote sensing offers a valuable tool
to monitor forest floor characteristics from local to regional spa-
tial scales. Studies based on spectrometer measurements have previ-
ously demonstrated the potential of in situ spectral data to discrim-
inate mosses (Hallik et al., 2009), lichens (Kuusinen et al., 2020,
2023), berries (Forsström et al., 2019), and common understory types
(Rautiainen et al., 2011) in boreal forests. Temporal variations in
the understory during the peak growing period (e.g., phenological
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changes in chlorophyll content and plant structure) also affect its
spectral properties in boreal (Rautiainen et al., 2011) and hemiboreal
forests (Nikopensius et al., 2015). Despite the potential of spectral data
shown by in situ studies, monitoring understory characteristics at larger
spatial scales using airborne or spaceborne spectral data is challenging
because most pixels in the remotely sensed data are composed of a mix
of signals from the forest floor and tree layer (Rautiainen and Stenberg,
2005; Eriksson et al., 2006). This challenge has been overcome by using
multiangular optical satellite data to separate understory and canopy
contributions (Canisius and Chen, 2007; Pisek et al., 2012, 2021). How-
ever, multiangular images are not readily available at higher spatial res-
olutions, and thus, alternative methods that do not require more than
one viewing angle have been developed for local forest floor mapping
applications. For example, Markiet and Mõttus (2020) demonstrated
the retrieval of forest floor spectral properties from single-view passive
optical remote sensing data by modeling the remote sensing signal with
a physical model, and then solving for forest floor reflectance. Hovi
et al. (2023) used a similar approach (although a different model),
and further used active remote sensing data (airborne LiDAR) to
arameterize the tree canopy structure in a forest reflectance model.

The above mentioned studies have demonstrated the potential of
assive optical remote sensing data for mapping forest floor spectral
roperties, which in turn are linked with biophysical characteristics
f the forest floor. Retrieval of forest floor characteristics from active
emote sensing data exclusively, such as SAR and LiDAR data, has not
een yet attempted. We hypothesize that development of such methods
hould be feasible because ecological studies have shown that there is
 clear connection between forest overstory and understory structure
nd composition in temperate and boreal forests (Messier et al., 1999;

Barbier et al., 2008; Majasalmi and Rautiainen, 2020). In addition,
some of the limitations of passive optical data, such as the uncertainty
n retrieving forest floor spectral properties in dense forests (Hovi et al.,

2023) and their strong dependence on illumination conditions, could be
vercome by active remote sensing data.

Forest structure metrics are increasingly being derived from active
remote sensors such as terrestrial laser scanning (TLS) (Schraik et al.,
2023; Acebes et al., 2021; Di Stefano et al., 2021; Guo et al., 2020),
airborne laser scanning (ALS) (Holzwarth et al., 2020; Acebes et al.,
2021; Di Stefano et al., 2021; Guo et al., 2020) and synthetic-aperture
radar (SAR) (Holzwarth et al., 2020; Bruggisser et al., 2021; Rosenqvist
et al., 2021). TLS is the most accurate sensor for representing 3D
orest structure at the local scale (Guo et al., 2020) and is also the

only one able to provide detailed characterization of vegetation layers
under the tree canopy (Disney, 2019). Thus, TLS data has the poten-
ial to deepen our understanding of the relationships between forest

structure and forest floor characteristics. However, TLS is limited to
the local scale, whereas ALS allows the acquisition of point clouds on
a regional scale (Di Stefano et al., 2021), hence it has been widely
used to derive forest structure metrics to approximate light conditions
in forests (Zellweger et al., 2019) and establish links between forest
structure and biodiversity (Acebes et al., 2021). SAR satellite data, on
he other hand, is the most suitable to cover large areas frequently, the
AR signal is influenced by forest structure and has been widely used
o predict forest aboveground biomass (Santoro et al., 2019; Mulatu

et al., 2019; Holzwarth et al., 2020; Rosenqvist et al., 2021) with
 positive correlation between biomass and backscatter coefficient.
owever, SAR signal saturation is known to occur at high leaf area

ndex (LAI) values (Joshi et al., 2017). Nevertheless, SAR data could
pen opportunities for monitoring changes in understory vegetation
riven by forest structural changes.

Metrics describing the three-dimensional forest canopy structure,
derived from TLS, ALS and SAR data, allow us to explore new types
of tree canopy characteristics compared to traditional forest inventory
variables. Several studies have established links between tree canopy
2 
characteristics and the spectral properties of understory. For exam-
ple, Hallik et al. (2009) have demonstrated that canopy density impacts
he spectral properties of mosses in hemiboreal forests, and Rautiainen

and Heiskanen (2013) have shown relationships between forest floor
spectra and light availability and canopy cover in boreal forests. Fi-
nally, Forsström et al. (2023) have found that forest floor reflectance
pectra and fractional cover (for vascular plants, non-vascular plants,
nd intact plant litter) are linked to the light availability at the forest
loor, especially in visible and shortwave infrared regions (SWIR).

This paper reports a pilot study on using active remote sensing
echnologies (TLS, ALS, SAR) to establish links between forest struc-
ure and spectral properties of forest floor across European temperate,

hemiboreal and boreal forest ecosystems. The study builds on the
previously reported ecological interconnections between forest floor
characteristics, light availability and forest structure. We focus on the
reflectance spectrum of a forest floor because it is a versatile indicator
of the health and phenological status of forest floor vegetation and
also needed in climate models. Forest floor (or understory) spectral
roperties can be directly applied in, for example, monitoring post-
isturbance recovery of forest ecosystems (Hovi et al., 2023), as input

to digital twins of forests (Mõttus et al., 2021) or land surface models
that form a part of climate models (Fisher and Koven, 2020) adapting
to end-users’ requirements by enabling them to formalize their own
conceptualization of the forest floor ecosystem. In addition, focusing
on continuous data (spectra) rather than discrete classes preserves
he natural gradient present in vegetation, providing a more realistic
epresentation of reality and better meeting ecosystem monitoring
equirements (Rocchini et al., 2013).

In the first, exploratory part of the study, we focused on under-
tanding which forest structure metrics are connected to the spectral
roperties of the forest floor. In the second, predictive part, we assessed
he potential of (1) TLS data, (2) ALS data, (3) satellite-borne SAR
ata, and (4) all these data sources combined in predicting forest floor
pectral properties during the growing season. The novelty of this study
s the use of active remote sensors to predict the spectral properties of
he forest floor.

2. Study area and data

2.1. Study areas

The data were acquired from four study areas in forests varying
in climate, structure and compositional types located in Bílý Kříž and
Lanžhot in the Czech Republic, Järvselja in Estonia, and Hyytiälä in
Finland (Fig. 1, Table 1). The Bílý Kříž site (49◦ 30′N, 18◦ 32′E) com-
prises four stands located in a temperate mountain forest dominated by
conifers. The forest floor was composed of low-growing dwarf shrubs,
raminoids, moss, and needle litter. The Lanžhot site (48◦ 41′N, 16◦

7′E) includes nine stands in a temperate floodplain forest dominated
y deciduous trees. The forest floor was composed mainly of leaf litter,

and herbaceous plants in stands with open tree canopy. The Järvselja
site (58◦ 17′N,27◦ 19′E), located in a hemiboreal forest, comprised nine
stands dominated by deciduous trees or conifers. The forest floor was
composed of tall herbaceous plants. In less fertile stands, dwarf shrubs
and mosses were also present. Intact plant litter was mainly found in
stands not covered by green vegetation. The Hyytiälä site (61◦ 51′N,
24◦ 18′E), located in a boreal forest, included 15 stands, the majority
dominated by conifers and the remainder by deciduous trees. The forest
floor was composed of graminoids, mosses, dwarf shrubs, lichens, and
plant litter. For more information on the structure and plant functional
type composition of the study areas, please see Hovi et al. (2022)
and Forsström et al. (2023).
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Fig. 1. Location of the four study areas. HY = Hyytiälä, JS = Järvselja, BK = Bílý Kříž, LZ = Lanžhot. The photographs show the forest environment of the study areas. Photographs
adapted from Hovi et al. (2022) License: CC BY 4.0.
2.2. Forest floor spectra

We used forest floor reflectance spectra acquired during the growing
season in 2019 in Hyytiälä, Bílý Kříž and Lanžhot, and 2020 in Järvselja
(Fig. 2) (Forsström et al., 2023). These datasets provide Hemispherical-
Conical Reflectance Factor (HCRF) values at wavelengths from 350 to
2500 nm acquired in situ with an ASD FieldSpec4 standard-res spec-
trometer (serial number 18 456) and bare fiber-optic cable as detector.
HCRF values are typically between 0 and 1, in our data, they ranged
from 0 to 0.63 (Appendix A). For each stand, spectra were measured at
15 positions along an 11-m-long East-West oriented transect (Fig. 3).
White reference measurement was conducted at every third measure-
ment position, and dark current once per transect. Measurements were
done in nadir view and under diffuse illumination conditions. The
HCRF was computed per wavelength using the following equation:

HCRF(𝜆) =
DNtarget(𝜆) − DNdc(𝜆)
DNwr(𝜆) − DNdc(𝜆)

∗ Rref(𝜆)

where DNs are the wavelength dependent (𝜆) signal values from target
(target), white reference panel (wr) and dark current (dc) measure-
ments, respectively. Rref is the reflectance of the white reference panel
(a Spectralon® panel with 99% nominal reflectance). Data collection
and processing steps have been detailed in Forsström et al. (2023).

The spectra were smoothed using a Savitzky-Golay filter from the
gsignal R package (Geert et al., 2021). We used a polynomial order
of 2 and a 15 nm window for wavelengths equal or below 1000 nm
and a 39 nm window for wavelengths above 1000 nm. We then
calculated an average HCRF spectrum for each stand by averaging the
15 measurements. Finally, we removed the HCRF values corresponding
to wavelengths with noisy spectra due to atmospheric attenuation (from
1336 to 1504 nm, 1781 to 2094 nm and 2316 to 2500 nm). Appendix A
shows the forest floor spectra for all study stands.

2.3. Forest structure metrics

TLS, ALS and SAR data were used to describe horizontal and vertical
forest structure (Fig. 3). Thirteen forest structure metrics, listed in
Table 2, were defined based on previous work focusing on forest
ecology (Acebes et al., 2021; Bruggisser et al., 2021) and derived for the
37 stands on the four study areas. Our methodology prioritized aligning
3 
single-date acquisitions (i.e. TLS and ALS) with the dates of forest floor
reflectance spectra acquisition and averaging SAR multitemporal data
over the peak growing season (Fig. 2). Averaging SAR data reduces the
impact of short-term variability and noise.

2.3.1. Terrestrial laser scanning
We acquired TLS scans in all plots in July and September 2019 in

Hyytiälä, Bílý Kříž and Lanžhot, and June and July 2020 in Järvselja
(Fig. 2). TLS scans were acquired in a 30 m by 30 m plot using a Leica
P40 ScanStation with a vertical field of view of 305 degrees (centered
at the zenith). The laser beam had a wavelength of 1550 nm with a
divergence of 0.23 mrad and a diameter of 6 mm at the instrument.
Measurements were done at 16 positions along 4 by 4 grid points with
10 m spacing inside the stands at heights ranging between 1.4 and
1.8 m. Polystyrene spheres were placed in a 40 m by 40 m grid spaced
10 m apart over the stand (with additional spheres around the edges)
for coregistration of the TLS scans. The data collection was done under
calm wind conditions and dry weather.

From the TLS point clouds, we computed five forest structure vari-
ables: the LAI, the clumping index (CI), the canopy gap fraction (gf),
the mean canopy height (h_mean) and the standard deviation of the
canopy height (h_sd).

The 16 scans of each stand were co-registered in Leica Cyclone
(v9.4.0) to sub-centimeter accuracy. The resulting point cloud was
saved at full resolution and a downsampled resolution for semantic seg-
mentation. Downsampling was done to 2 cm spacing. Individual trees
were segmented using the method of Wang et al. (2021). Leaf and wood
points were segmented using the unsupervised LeWoS method (Wang
et al., 2020; Wang, 2024), which also produced a digital elevation
model, excluded ground points and normalized the height coordinates
of the point cloud. For further processing, a horizontal bounding box
was used to crop the point cloud to a 25 m by 25 m area with the same
center and orientation as the TLS grid (Fig. 3).

The mean height and its standard deviation of each stand were
calculated from the normalized heights of each segmented tree within
the bounding box. The LAI was calculated from a voxel-based mea-
surement of leaf area density using the full resolution point cloud and
a ray tracing approach following Pimont et al. (2018). To obtain the
CI, a second ray tracing step was implemented to calculate angular
canopy gap fractions over different orientations, and subsequently the
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Table 1
Characteristics of forest plots in each study area. Tree height, diameter at breast height, basal area, stem number and dominant
tree species were measured in the field, forest floor fractional cover was computed from nadir-view field photographs, leaf
area index and first echo cover index were derived from terrestrial and airborne LiDAR scanning, respectively. The values
correspond to mean and standard deviation (±SD) per study area.

Study areas

Bílý Kříž Lanžhot Järvselja Hyytiälä

Tree height (m) 32.77
±9.04

30.67
±8.62

24.67
±8.00

20.98
±5.75

Diameter at breast height (cm) 37.89
±12.15

43.13
±21.63

22.05
±10.76

21.07
±7.66

Basal area (m2 ha−1) 50.23
±19.41

32.55
±14.21

25.21
±13.65

22.89
±8.60

Stem number (ha−1) 576.00
±150.09

554.67
±418.45

1175.11
±694.44

1016.53
±638.85

Leaf area index 2.03
±0.32

3.19
±0.36

2.26
±0.56

1.96
±0.83

First echo cover index 0.88
±0.07

0.91
±0.13

0.82
±0.21

0.75
±0.07

Number of plot
per dominant
tree species

Picea abies (L.) H. Karst
(Norway spruce)

4 1 5

Pinus sylverstris L.
(Scots pine)

2 6

Betula sp
(birch; B. pendula Roth,
B. pubescens Ehrh.)

2 4

Quercus sp
(oak; Q. robur L.,
Q. petraea (Matt.) Liebl.)

6

Alnus glutinosa (L.) Gaertn
(European black alder)

2

Populus tremula L.
(European aspen)

1 2

Carpinus betulus L.
(European hornbeam)

1

Fraxinus sp
(ash; F. excelsior L.,
F. angustifolia Vahl)

1

Forest floor
fractional cover

Vascular plant 0.21
±0.29

0.23
±0.20

0.60
±0.25

0.54
±0.16

Non-vascular plant 0.06
±0.07

0.00
±0.01

0.07
±0.11

0.13
±0.12

Intact plant litter 0.73
±0.35

0.58
±0.19

0.30
±0.19

0.33
±0.16

Decomposed plant litter 0.00
±0.00

0.18
±0.17

0.03
±0.08

0.00
±0.00

Lichen 0.001
±0.001

0.000
±0.000

0.001
±0.001

0.004
±0.005
C
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Table 2
List of forest structure metrics derived from Terrestrial Laser Scanning (TLS), Airborne
aser Scanning (ALS) and Synthetic Aperture Radar (SAR) data, and their corresponding
bbreviations used in the text hereafter.
Forest structure metric Abbreviation Data source

Leaf area index LAI TLS
Clumping index CI TLS
Canopy gap fraction gf TLS, ALS
Mean canopy height h_mean TLS, ALS
Standard deviation of the canopy height h_sd TLS, ALS
First echo cover index FCI ALS
VV backscatter coefficient VV SAR
Backscatter ratio VH/VV VHVV SAR
Coherence from the VV polarization VV_coh SAR
Coherence from the VH polarization VH_coh SAR

effective LAI. The ratio of the measured LAI to the effective LAI is the
CI. The canopy gap fractions derived at angles from 0 to 81 degrees

ere highly correlated, therefore, we selected the gap fraction at 81
 s

4 
degrees. Readers are referred to Schraik et al. (2023) for further details
on the TLS data collection, pre-processing, and calculation of LAI and

I.

2.3.2. Airborne laser scanning
The ALS acquisitions were conducted in July 2019 in Hyytiälä and

Järvselja, and in September 2019 in Lanžhot and Bílý Kříž (Fig. 2).
e used a Riegl LMS Q780 waveform-recording sensor (Riegl Gmbh,

Austria) mounted on a Cessna C208B aircraft. The laser wavelength
as 1064 nm, and the beam divergence was 0.25 mrad. Flight altitude
as approximately 1 km, maximum zenith angle of the lidar pulses
as ≈30 degrees, and the overlap of the flight lines varied between 75
nd 87%. Data acquired at zenith angles larger than 20 degrees were
emoved, because oblique angles can affect the pulse penetration to
he canopy. The pulse densities of data used in our analyses were 7, 7,
0, and 20 pulses/m2 in Lanžhot, Bílý Kříž, Järvselja, and Hyytiälä,
espectively. The raw waveform data were processed using Riegl’s

oftware suite (RiProcess v1.8.4, RiAnalyze v6.2.2, RiWorld v5.1.3, and
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Fig. 2. Acquisition periods per data type and study area. HY = Hyytiälä, JS = Järvselja, BK = Bílý Kříž, LZ = Lanžhot. In Hyytiälä, the forest floor spectra of three out of fifteen
plots were measured at the end of June 2018. They were measured under phenological conditions similar to those of the 2019 field campaign.
Fig. 3. Spatial configuration of the data sampling in our study plots.
GeoSysManager v2.0.8), resulting in point clouds georeferenced into
the ETRS89 coordinate system with UTM projection (ESPG 25833 for
Lanžhot and Bílý Kříž, and EPSG 25835 for Hyytiälä and Järvselja) and
ellipsoid heights. A raster digital elevation model (DEM) representing
the ground surface was produced at 1 m resolution, using echoes that
had been classified as ground with LASTools software. Data collection
and processing steps have been detailed in Hovi et al. (2023).

From the ALS point clouds, we computed four forest structure
variables: First echo cover index (FCI), mean canopy height (h_mean),
standard deviation of canopy height (h_sd), and canopy gap fraction
(gf). The FCI, h_mean, and h_sd metrics were calculated using the
standard area-based approach (Næsset, 2002), in which echoes are ex-
tracted from a predefined area, their height from ground is calculated,
and metrics are then calculated from the height-normalized point cloud.
We used a height threshold of 1.5 m to separate canopy and ground
5 
echoes. The h_mean and h_sd were calculated using all LiDAR echoes
obtained from the canopy. The FCI was calculated as the number of
first echoes obtained from the canopy divided by the total number of
first echoes. We used a plot size of 25 m by 25 m (Fig. 3), because
it provided the best predictive models among the range of plot sizes
tested from 10 to 100 m (Appendix C). The canopy gap fraction was
calculated from synthetic hemispherical photographs generated from
the LiDAR data by assuming that each LiDAR echo represents an opaque
sphere (Varhola et al., 2012; Hancock et al., 2014; Webster et al.,
2020). There were 16 photographs per stand, and they were placed in a
similar 4 by 4 grid as used for the TLS data. We derived the canopy gap
fraction at zenith angles between 75 and 90 degrees to be consistent
with the TLS-derived gf metric calculated at 81 degrees. The calculation
of synthetic hemispherical photographs has been described in detail
in Hovi et al. (2023).
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2.3.3. Sentinel-1 images
Sentinel-1 (S1) image time series in C-band (5.405 GHz) were down-

loaded (SentiWiki, 2024) at the peak growing season (July and August),
from the same year as the forest floor spectra and TLS acquisitions
Fig. 2). The goal was to characterize the forest structure among the

four study areas in a homogeneous way, while the forest canopy is
at the same phenological stage so the metrics are comparable. S1
images were excluded from the time series when daily precipitation
xceeded 1 mm (Appendix B) since SAR backscatter signal is affected

by leaf and branch moisture (Westman and Paris, 1987). S1 images
ere downloaded in Interferometric WideSwath (IW) in the WGS 84

oordinate system (EPSG 4326). All images were acquired on ascending
ode, meaning a revisit time of 6 days for our study areas.

From the SAR time series, we computed four forest structure vari-
bles: VV backscatter coefficient (VV), backscatter ratio VH/VV
VHVV), coherence from the VV polarization (VV_coh) and coherence
rom VH polarization (VH_coh). Level-1 Ground Range Detected (GRD)
roviding amplitude of the signal was used to derive the VV and VH
ackscatter coefficients, while Level-1 Single Look Complex (SLC) con-

taining both amplitude and phase information was needed to compute
coherence images.

As VV and VH polarizations were strongly correlated across the
7 stands analyzed, we selected only the VV backscatter coefficient.
revious studies have compared the potential of VV and VH polariza-
ions from C-band to map forest canopy characteristics in boreal (Ge

et al., 2023) and temperate forests (Hoffmann et al., 2022; Borlaf-Mena
et al., 2023) and concluded that there are very slight differences in the
accuracy of results.

The GRD images were acquired from the Google Earth Engine (GEE)
‘COPERNICUS/S1_GRD’’ collection. The resolution was 20 × 22 m
rg×az) and the pixel spacing was 10 × 10 m (rg×az). We used 6, 8,
 and 9 S1 GRD images for Bílý Kříž, Lanžhot, Järvselja and Hyytiälä,
espectively at relative orbit numbers 175, 73, 160 and 160 (Fig. 2

and Appendix B). The GEE collection provides S1 images already pre-
processed with thermal noise removal, radiometric calibration and ter-
rain correction steps. We converted the provided VV and VH backscat-
er coefficients from sigma nought to gamma nought values since
amma nought reduce the influence of topography on the backscatter
nd improve forest mapping in undulated terrain (Atwood et al., 2012;

Dostalova et al., 2022).
The SLC images were downloaded from the Copernicus Data Space

Ecosystem (Copernicus Data Space Ecosystem, 2023). The resolution
was from 2.7 × 22 m to 3.5 × 22 m (rg×az) and the pixel spacing
was 2.3 × 14.1 m (rg×az). We downloaded two SLC images per site
using the early July date as a slave image (Appendix B). Coherence
mages were calculated using the SNAP software from the following

processing steps: (1) TOPSAR-Split, (2) Applying-Orbit-File (Sentinel
Precise Auto Download, polynomial degree of 3), (3) Back Geocoding
(Copernicus 30 m Global as DEM, bilinear interpolation as resampling
method), (4) Coherence estimation (Copernicus 30 m Global as DEM,
orbit interpolation degree of 3, 10 pixels and 3 lines used for coherence
estimation, the degree of ‘‘Flat Earth’’ polynomial was 5, the number
of ‘‘Flat Earth’’ estimation points was 501), (5) TOPSAR-Deburst, and
(6) Terrain Correction (Copernicus 30 m Global as DEM, bilinear
interpolation as resampling method).

We averaged the pixel values of the SAR forest structure metrics in a
uffer zone of 40 m radius around the central coordinates of the study
tands (Fig. 3). Sentinel-1 was the only sensor in this study allowing
or the derivation of aggregated metrics for the same period, while
orest floor spectra, ALS, and TLS were acquired on a single date at

different times due to field work constraints. The 40 m radius was
used because it provides the best predictive models among the range
of radii tested from 10 to 100 m (Appendix C). As the stands were
ocated in homogeneous forest patches and at least 43 m apart, the

40 m radius windows represent a similar forest type per stand while
voiding overlaps between them.
 d
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Table 3
For the exploratory analysis, we concentrated on the 12 listed Sentinel-2 (S2) spectral
bands (Sentinel-2 MSI Technical Guide, 2024).

Sentinel-2 band name Wavelength (nm)

Coastal aerosol 443
Blue 493
Green 560
Red 665
Vegetation red-edge 1 (RE1) 704
Vegetation red-edge 2 (RE2) 740
Vegetation red-edge 3 (RE3) 783
Near-infrared (NIR) 833
Narrow Near-infrared (NIR) 865
Near-infrared (NIR) - water vapor 945
Shortwave infrared 1 (SWIR1) 1614
Shortwave infrared 1 (SWIR2) 2202

3. Methods

3.1. Exploratory part

The purpose of the exploratory part was to analyze relationships
between forest structure metrics and forest floor spectral properties
focusing on 12 Sentinel-2 (S2) spectral bands (Table 3). The ‘‘SWIR
- Cirrus’’ band of S2 was omitted due to high noise in the forest
floor spectral measurements around 1375 nm caused by absorption of
electromagnetic radiation by water in the atmosphere.

The methodological workflow was designed following recommen-
dations by Tredennick et al. (2021) and is illustrated in Fig. 4a. Linear
mixed-effect models for identifying relationships between forest struc-
ture metrics and reflectance factors of forest floor at each spectral band
were computed using the lme function from the lme4 R package (Bates
et al., 2015). The study area was used as a random effect on the
intercept and slope to take into account the clustered structure of
the dataset. We proceeded in two steps to avoid highlighting spurious
relationships by reducing the number of input variables in the models.
First, we computed Pearson correlation coefficients between the forest
floor reflectance factors in different spectral bands and forest structure
variables. Forest structure variables with a 𝑝-value less than 0.1 were
onsidered as potentially important and selected as input in the linear

mixed-effect model. Next, we assessed the importance of each forest
structure variable individually through variable selection in the mixed-
effect model. We used the drop1 function from the R stats package (R
Core Team, 2023) that consists of eliminating a single variable from
the model and comparing the performance of the full model with the
eries of reduced models. We used the chi-squared test to assess the
ignificance of the difference between the models. A 𝑝-value from the
hi-squared test below 0.05 indicated significant relationships between
orest structure and reflectance factors at certain wavelengths.

3.2. Predictive part

We predicted the forest floor reflectance factors across the full
pectrum using three different sets of predictor variables: (1) TLS, ALS
nd SAR metrics alone, (2) combined ALS and SAR, and (3) combined
LS, TLS and SAR data. We used linear mixed-effect models for the
rediction, and tested the accuracy of the models with an independent

data set (Fig. 4b).
We computed a linear mixed-effect model for each wavelength and

for each sensor configuration specified in cases (1)–(3) using the R
glmmLasso package (Groll, 2023). In order to be comparable with each
other, the reflectance factors at each spectral band and predictive forest
structure metrics were mean normalized (i.e. centered by subtracting
the mean and scaled by dividing by the standard deviation). First, the
7 stands were randomly split into training and test datasets with a
0/30 ratio. Then, a 5-fold cross-validation was done on the training
ataset to perform the model selection, i.e., lasso regularization and
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Fig. 4. (a) Exploratory part workflow: Linear mixed-effect models identified relationships between forest structure metrics and forest floor reflectance factors. Pearson correlation
coefficients were computed, and variables with a 𝑝-value < 0.1 were included in the models. The significance of the relationships was assessed using the chi-squared test (b)
Predictive part workflow: Linear mixed-effect models were employed to predict forest floor reflectance factors from forest structure metrics derived from (1) TLS alone, (2) ALS
alone (3) SAR alone (4) combined ALS and SAR data, and (5) combined TLS, ALS and SAR data. The 37 stands were split into training and test datasets, then 5-fold cross-validation
was used to select the predictors through lasso regularization and estimate the parameters of the linear mixed-effect model. Finally, we evaluated the model accuracy with the
test dataset. This process was repeated 70 times to address the small sample size.
regularization parameter optimization. Lasso regularization was used to
perform automated variable selection as it can remove variables from
the model by shrinking their coefficients to zero (Tibshirani, 1996). The
regularization parameter, lambda, was tested on a sequence from 0 to
100 with a constant step length of 5, and set to minimize the mean
squared error over the K cross-validation folds. Then, the linear mixed-
effect model was refitted using the entire training dataset with the
optimal lambda value. To measure the model accuracy, we computed
the Root-Mean Squared Error (RMSE), bias, relative absolute error
(RAE) and coefficient of determination (R2) using the independent test
dataset using the following equations:

RMSE(𝑦, 𝑦̂) =
√

∑𝑁−1
𝑖=0 (𝑦𝑖 − 𝑦̂𝑖)2

𝑁
(1)

RAE(𝑦, 𝑦̂) =

[

∑𝑛
𝑖=1(𝑦̂𝑖 − 𝑦𝑖)2

]1∕2

[

∑𝑛
𝑖=1(𝑦𝑖)2

]1∕2
(2)

𝑅2(𝑦, 𝑦̂) = 1 −
∑𝑁

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2
∑𝑁

𝑖=1(𝑦𝑖 − 𝑦̄)2
(3)

where 𝑦̂ corresponds to the mean of the observed values and 𝑦𝑖 to the
predicted value for the 𝑖th observation in the dataset.

Bias
(

𝜃𝑛
)

= 𝐸
(

𝜃𝑛
)

− 𝜃 (4)

where 𝜃 corresponds to the estimator of 𝜃.
The RMSE represents the average magnitude of the square of the

errors between predicted and test values. The RAE is a ratio ranging
from 0 to 1 and comparing a mean error (residual) to errors produced
by a naive model. An RAE lower than 1 means the model predict better
results than a trivial model. The R2 measures the proportion of the vari-
ance in the dependent variable (forest floor reflectance factors) that can
be explained by the independent variables (forest structure metrics).
The bias indicates whether the prediction model consistently underes-
timates or overestimates the test values, represented by negative and
positive values, respectively.
7 
Due to the small sample size, we repeated the above process 70
times, i.e., we randomly split the data into 70 pairs of training and
test datasets and performed the analysis from the model selection
to the model evaluation in each of them (Fig. 4b). To allow sensor
performance comparisons, the same 70 splits were used for each sensor
configuration. For each wavelength, we averaged the resulting RMSE,
bias, RAE and R2. A mean normalization was applied to the reflectance
factors. Consequently, an RMSE of 1 would mean that it is equal to the
standard deviation of the reflectance factors.

The 37 sampled stands against the 13 input covariates may lead
to over-fitting, as regularization and internal cross-validation do not
prevent over-fitting when the number of covariates exceeds the number
of independent observations (Tredennick et al., 2021). Therefore, we
reduced the number of input variables in the combined ALS, TLS and
SAR model including only the forest structure metrics identified as the
most important ones from the predictive models using TLS alone, ALS
alone and SAR alone.

4. Results

4.1. Exploratory part

We identified a total of nine forest structure metrics that were
potentially associated with forest floor reflectance factors (the nine
columns of Table 4). Three TLS-derived forest structure metrics (LAI,
CI and h_sd) and three SAR-derived metrics (VV, VHVV, VV_coh) were
potentially associated with forest floor reflectance factors in the visible,
RE, NIR or SWIR spectral region. Three ALS-derived metrics (FCI,
h_mean, h_sd), were potentially correlated with forest floor reflectance
factors in the red-edge, NIR and SWIR regions. Among all these po-
tentially associated metrics, TLS-derived CI and LAI, and SAR-derived
VV and VHVV were significantly connected to reflectance factors at
four and seven S2 spectral bands, respectively. None of the ALS met-
rics was significant. In four spectral bands of S2 (443 nm, 493 nm,
560 nm, 945 nm), forest floor reflectance factors were not significantly
correlated with any forest structure metrics.
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Table 4
Estimated coefficients from the linear mixed-effect models per Sentinel-2 spectral band by eliminating a single variable from the full model at a time. The nine forest structure
metrics (columns) had a Pearson correlation with a p-value below 0.1 and were selected for the linear mixed effect model. Parameters in bold highlight the significant relationships
demonstrated between forest structure metrics and S2 spectral bands. A forest structure metric with a significant p-value (<0.05) means that removing it from the full model
significantly reduced the performance of the model.

TLS ALS SAR

Input metrics\
HCRF (nm) and
associated S2
bands

LAI CI h_sd FCI h_mean h_sd VV VHVV VV_coh

443 (aerosols) 0.013 0.003 −0.001
493 (blue) 0.017 0.004
560 (green) −0.001
665 (red) 0.061 0.014* 0.000
704 (RE1) 0.069*
741 (RE2) 0.06* 0.088 0.036 −0.179 −0.007 −0.016 −0.062** 0.288
783 (RE3) 0.065* 0.091 0.038 −0.197 −0.008 −0.018 −0.071** 0.343
833 (NIR) 0.063* 0.116 0.037 −0.199 −0.007 −0.018 −0.069** 0.346
865 (NIR) 0.053 0.033 −0.13 −0.006 −0.019 −0.063** 0.349
945 (vapor) −0.006 −0.001 −0.007 0.084
1614 (SWIR1) 0.195 −0.006 0.011 −0.029*
2202 (SWIR2) −0.022 0.128 0.026 −0.001 0.008 0.021 −0.025*

* Corresponds to p-values from 0.01 to 0.05.
** Corresponds to p-values less than 0.01.
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In order to visualize the relationships between forest structure
etrics and reflectance factors at S2 spectral bands, we plotted linear

egressions of the significant relationships by study area (Fig. 5). Re-
lationships between forest structure and forest floor reflectance factors
showed differing trends between sites (Fig. 5). Overall, the relation-
ships between SAR-derived metrics and the reflectance factors at S2
spectral bands appeared stronger for coniferous stands compared to
broadleaves.

4.2. Predictive part

When predicting the forest floor reflectance factors across the full
spectrum, the active remote sensors achieved the best predictions at
wavelengths from 700 to 1000 nm, and from 1504 to 2500 nm (i.e., RE,
NIR and SWIR regions) (Fig. 6). Conversely, the weakest predictions
were observed in the visible (350–700 nm) and SWIR (1200 and
336 nm) regions. The combination of ALS, TLS and SAR metrics

predicted the forest floor spectra better than any sensor alone or ALS
and SAR combined (Fig. 6). The performance of ALS, TLS and SAR

etrics was dependent on the spectral region. When used alone, SAR
etrics led to highest model accuracy for reflectance factors at RE and

NIR bands, and TLS or SAR metrics for SWIR (Fig. 6). ALS was the
least accurate in predicting reflectance factors at SWIR bands, and TLS
was the least accurate for reflectance factors at NIR bands (Fig. 6).
The predictive part confirmed the potential of CI, VV and VHVV to
predict forest floor spectral properties (Fig. 7, Appendices D, E). TLS-
erived CI and SAR-derived VHVV were the strongest contributors to
he predictive models in the SWIR regions (Fig. 7d). SAR-derived VV
as the strongest metric to predict reflectance factors at NIR bands

Fig. 7d). Height-related forest structure metrics (h_mean, h_sd) from
LS and TLS, and coherence (VV_coh, VH_coh) from SAR were weak
ontributors (Fig. 7a and b).

5. Discussion

5.1. Links between forest floor characteristics and forest structure metrics
erived from active remote sensing data

While previous studies have demonstrated the potential of passive
optical remote sensing data for mapping forest floor spectral proper-
ties (Markiet and Mõttus, 2020; Hovi et al., 2023), this work reveals
the interesting potential of TLS, ALS and SAR data. It links remote
sensing studies aimed at describing forest structure using TLS, ALS
8 
and SAR (Schraik et al., 2023; Acebes et al., 2021; Di Stefano et al.,
2021; Guo et al., 2020; Holzwarth et al., 2020; Bruggisser et al.,
2021; Rosenqvist et al., 2021) and ecological studies reporting the
elationships between overstory structure and understory vegetation
n forests (Messier et al., 1999; Barbier et al., 2008; Majasalmi and

Rautiainen, 2020; De Pauw et al., 2022). This study demonstrated for
the first time relationships between forest structure metrics derived
rom active remote sensing technologies and forest floor spectral prop-
rties. The use of active remote sensing data offers solutions to some
imitations of passive optical data, such as uncertainty in retrieving
orest floor spectral properties in dense forests (Hovi et al., 2023) and

strong dependence on illumination conditions.
The relationships that we identified between forest structure and

forest floor spectral properties can be explained based on previous stud-
es demonstrating links between understory vegetation composition,
orest floor reflectance factors and light availability at the forest floor.
igh NIR and low visible and SWIR reflectance factors of forest floor
orrespond to high proportion of vascular plants and low proportion of
on-vascular plants and intact litter (Forsström et al., 2023), and NIR

reflectance factors have been shown to increase with the fertility of
the forest floor (i.e., higher proportion of vascular plants) (Markiet and
Mõttus, 2020). Furthermore, Hallik et al. (2009) have demonstrated
that the herb–moss layer in forests tends to be brighter in the visible
wavelength region when the canopy above is more closed. Finally, the
cover of vascular plants has been demonstrated to grow with increasing
light availability, which in turn leads to low reflectance factors of the
forest floor at visible and SWIR bands and high reflectance factors in
NIR bands (Forsström et al., 2023). The same study reported that the
mount of intact litter decreases with increasing light availability, and

leads to high reflectance factors in visible and SWIR bands and low
eflectance factors in NIR.

Our results unveiled that TLS and SAR forest structure metrics are
promising for predicting forest floor spectra in NIR and SWIR regions.
Overall, the active remote sensors achieved the best predictions in RE,
NIR and SWIR regions. The higher potential of ALS, TLS and SAR
for certain spectral regions supports previous studies estimating forest
floor characteristics from hyperspectral data (Rautiainen et al., 2011;
Markiet and Mõttus, 2020) and hemispherical photographs (Forsström
et al., 2023). Forsström et al. (2023), analyzing the relationships be-
tween the forest floor spectra and the light availability for the same
four study areas as in our study, reported weak relationships in the
visible, and strongest relationships in the SWIR from 2094 to 2316 nm.

Our results confirm that new types of tree canopy characteristics
derived from TLS, ALS and SAR data also highlight clear connec-
tions between forest overstory structure and understory composition
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Fig. 5. Relationships between forest structure metrics leaf area index (LAI) and clumping index (CI) (from TLS) and VV backscatter coefficient and VH/VV ratio (from SAR) with
hemispherical-conical reflectance factors (HCRF) of the forest floor (interval between 0 and 1) at different Sentinel-2 (S2) spectral bands, based on the final linear mixed-effect
models (Table 4). We show only those relationships demonstrated as significant by the exploratory part: three spectral bands of S2 for leaf area index (LAI), one for clumping index
(CI) and five for the VV backscatter coefficient (VV) and two for the VH/VV ratio (VHVV). Linear regressions are represented by study areas, with Bílý Kříž, Hyytiälä, Järvselja
and Lanžhot labeled BK, HY, JS and LZ. The forests dominated by broadleaved and coniferous trees are represented with circles and triangles, respectively.
in temperate and boreal forests, complementing the traditional for-
est inventory variables (Messier et al., 1999; Barbier et al., 2008;
Majasalmi and Rautiainen, 2020). The exploratory part highlighted
nine potentially important forest structure metrics for predicting the
spectral properties of forest floor and identified TLS-derived CI and LAI,
and SAR-derived VV and VHVV as significantly connected to forest floor
reflectance factors at certain S2 bands. The predictive part confirmed
the potential of CI, VV and VHVV (Fig. 7, Appendices D, E). Also the
predictory part revealed FCI and gf from ALS as important predictors
of forest floor reflectance factors.

TLS-derived CI was positively correlated to reflectance factors at
visible and SWIR bands. CI values of 1 represent randomly distributed
canopies, while lower CI values indicate clumped canopies (Fang,
2021). Clumped stands allow more light to reach the forest floor com-
pared to a random leaves distribution (Schraik et al., 2023). Therefore,
9 
low CI values indicate clumped stands leading to more light reaching
the forest floor. This allows a higher proportion of vascular plants
which, in turn, induces low visible and SWIR reflectances factors.
Similarly, SAR-derived VV was positively correlated to forest floor re-
flectance factors at visible and SWIR regions and negatively correlated
to reflectance factors at RE and NIR. The C-band S1 SAR instrument op-
erates at a center frequency of 5.405 GHz, therefore the signal interacts
with small forest elements of size around 5 cm corresponding mainly
to leaves and twigs (Le Toan et al., 1992). The contribution of shrub
understory to the C-band signal appeared negligible in forest, even in
open canopy (Westman and Paris, 1987): VV from C-band has been
shown to be positively correlated to tree leaf and stem surface areas in
a temperate coniferous forests. Moreover, VV backscattering increases
with increasing LAI in boreal forests (Manninen, 2012) and the mean
power of backscattering coefficient at C-band increases with the density
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Fig. 6. Average Root-Mean Square Error (RMSE), bias, Relative Absolute Error (RAE) and coefficient of determination (R2) values for the five sensor configurations calculated
from the 70 pairs of training and test sets. Response variables were normalized per wavelength before analyses to be comparable. Normalized forest floor reflectance factors were
zero-centered with a standard deviation of 1. Vertical dashed lines indicate the wavelengths corresponding to the centers of the Sentinel-2 bands (443, 493, 560, 665, 704, 740,
783, 833, 865, 945, 1614, 2202 nm, corresponding to ‘‘coastal aerosol’’, ‘‘blue’’, ‘‘green’’, ‘‘red’’, ‘‘vegetation red-edge 1’’ (RE1), RE2, RE3, ‘‘near-infrared’’ (NIR), ‘‘narrow NIR’’,
‘‘NIR-water vapor’’, shortwave infrared 1’’ (SWIR1) and SWIR2 bands. (For interpretation of the references to color in this figure legend, the reader is referred to the web version
of this article.)
of leaves in coniferous forests (Li et al., 2019). Therefore, we assume
that low VV indicates less dense and more open canopy cover, leading
to higher light availability at the forest floor favorable for vascular
plants but not intact litter, and hence corresponding to low visible
and SWIR and high NIR reflectance factors from the forest floor. The
stronger relationship between forest floor spectra and VV in coniferous-
dominated than in broadleaved-dominated stands (Fig. 5) could be due
to higher VV in coniferous than in deciduous forests (Dostálová et al.,
2016) or weak relationships between light availability and forest floor
spectral properties in stands dominated by broadleaf trees compared
to coniferous trees (Forsström et al., 2023). In conclusion, low CI and
VV values suggest forest floor vegetation composed mainly of vascular
plants and a small proportion of intact plant litter.

The potential of ALS-derived forest structure metrics to predict
forest floor reflectance factors was lower than those from TLS or SAR,
and no significant relationships were revealed in the exploratory part
(Table 4). In Bílý Kříž and Järvselja, disparities in the temporal acqui-
sition periods of the sensors could have an impact on the relationships
between the forest floor spectral properties and the different sensors.
10 
In our study, the ALS acquisitions were conducted with a temporal
offset to the collection of forest floor spectra, while the TLS were
conducted at the same location at the same time, and the SAR S1 images
were downloaded and averaged throughout the corresponding growing
season (Fig. 2). We assume that CI derived from TLS was the most
contributing metric among the TLS- and ALS-derived forest structure
metrics (i.e., height, canopy gap fraction, FCI, LAI) because it was the
only metric to take full advantage of the 3D structure of the point cloud
by quantifying the spatial distribution of canopy elements. Finally, the
weak relationships between height-related metrics derived from ALS
and TLS and forest floor spectra (Table 4, Fig. 7a and b) could be due
to their disconnection from light availability, which is a key parameter
that determines forest floor reflectance factors.

5.2. Future considerations

This study is based on a unique dataset, including 37 stands in four
distinct study areas covering the vegetation gradient from temperate
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Fig. 7. Absolute average coefficients of forest structure metrics calculated from the 70 pairs of training and test sets when using (a) TLS alone, (b) ALS alone, (c) SAR alone and
(d) combination of TLS, ALS and SAR. Coefficients were optimized using lasso regularization.
to boreal forest with field measurements. Extensive forest invento-
ries typically do not measure the spectral properties of forest floor,
and while they might include some forest floor characteristics, these
measurements rarely coincide with ALS or TLS data. Such a detailed
and globally unique dataset represents a significant advance in the
comparison of ALS, TLS and SAR sensors and has allowed investigating
the potential of active sensors and forest structure metrics derived
from their data to predict forest floor spectral properties. Future efforts
should aim to obtain larger samples of plots along a forest structure
gradient in order to better understand the complex links between forest
structure and forest floor spectral properties.

Metrics associated with forest height (h_mean, h_sd) show limited
potential, meaning that vertical structure of temperate and boreal
11 
forests plays a lesser role in forest floor characteristics. The develop-
ment of structural metrics to comprehend variations in forest floor
spectral properties should focus on horizontal forest structure. Addi-
tionally, considering interactions between forest structure metrics could
explain the responses of different plant functional types, e.g. conifers
and broadleaves, vascular and non-vascular plants or dominating tree
species (Tredennick et al., 2021).

In the future, the retrieval of forest floor reflectance spectra could
benefit from a synergy of passive and active remote sensing tech-
nologies. Previous studies have already exploited the complementarity
of airborne LiDAR and passive optical data to identify vegetation
communities in coniferous forests (Su et al., 2016), to discriminate
shrubs from trees (Zahidi et al., 2015) and to predict forest floor
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reflectance factors (Hovi et al., 2023). Our study showed that forest
structure metrics derived from SAR data should also be explored as
this would open up more opportunities for upscaling the monitoring
activities of forest floor vegetation over large areas. The insensitivity
of SAR data to cloud cover offers an advantage compared to optical
images, particularly in boreal forests and mountainous areas where
cloud cover is frequent (Xu et al., 2022). To extend our study to
arge spatial scale mapping of forest floor characteristics, the Sentinel-1
ensor would be valuable due to its large coverage, free availability and
requent revisits. Technically, mapping forest floor reflectance factors

at the landscape scale can use a sliding circular window. Finally, future
tudies should explore L-band, which is more penetrative than the
-band, and quad-polarimetric sensors to understand the relationships
etween backscatter mechanisms and forest floor spectral properties.

In line with our motivation to focus on spectral properties because
of their versatility in indicating many aspects of forest floor, a future
consideration would be to predict directly forest floors’ species compo-
sition (Kuusinen et al., 2023; Forsström et al., 2019; Rautiainen et al.,
2011), surface fuel loads (Labenski et al., 2023; Stefanidou et al., 2020;
Alonso-Rego et al., 2020), or moisture of mosses (Salko et al., 2023)
sing passive (spectral) or active remote sensing data. Dead wood has

distinct spectral properties (Mercier et al., 2023; Juola and Rautiainen,
2022), and this information could be used to assess surface fuel loads.

Finally, the spectral properties of forest floor vegetation change
during the growing season. For example, in hemiboreal and boreal for-
est, the most fertile forest type (herb-rich) shows the largest temporal
dynamics in reflectance from early June to late September (Rautiainen
t al., 2011; Nikopensius et al., 2015). Similar studies are lacking for

the temperate forests of the Czech Republic. Monitoring changes in the
understory using active remote sensing is feasible with synchronized
forest structure and understory vegetation. De Pauw et al. (2022)
uggested a short-term lag in the understory response to forest structure

and a long-term lag in response to climate warming across Europe.
Therefore, further studies are needed to understand these temporal dy-
namics. In conclusion, it is crucial to determine when the link between
forest structure and forest floor spectral properties is the strongest and
for how long the model accuracy remains acceptable.

6. Conclusion

Our results demonstrated that active remote sensing technologies
re promising for predicting red-edge, near-infrared and shortwave
nfrared reflectance factors of the forest floor in temperate, hemiboreal
nd boreal forests. The best predictive model over the full spectrum was

obtained by combining TLS, ALS and SAR data. SAR alone had the high-
est potential for reflectance factors at red-edge and near-infrared bands,
achieving performances similar to those of the full sensor configuration.
TLS alone was the most suitable sensor for predicting reflectance factors
at shortwave infrared bands from 1504 to 1781 nm, while SAR and

LS both produced the best results for reflectance factors at shortwave
nfrared bands from 2094 to 2316 nm. Overall, the results highlight the
otential of the clumping index derived from TLS, the VV polarization
nd the VH/VV ratio from Sentinel-1 to predict forest floor spectral
roperties. In the future, the accuracy of forest floor reflectance spectra
redictions in temperate and boreal forests could benefit from a synergy
f passive and active technologies. The promising results from TLS al-
ow better understanding of the complex links between forest structure
nd forest floor characteristics, while the potential of Sentinel-1 data
ncourages to explore SAR satellite imagery for monitoring forest floor
haracteristics at large spatial scales. Large-scale estimates of forest
loor characteristics will also help improve land surface models and
limate predictions.
12 
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See Fig. A.8.

Appendix B. Sentinel-1 dates and precipitation

See Fig. B.9.

Appendix C. Scale analysis

See Figs. C.10 and C.11.

Appendix D. Relationships between the clumping index derived
from terrestrial laser scanning and the Sentinel-2 spectral bands

See Fig. D.12.
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and VH/VV ratio derived from Sentinel-1 SAR data and the Sentinel
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See Figs. E.13 and E.14.
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Fig. A.8. Mean spectral reflectance factors (HCRF, hemispherical-conical reflectance factors) of forest floor per stand in Hyytiälä (HY), Järvselja (JS), Bílý Kříž (BK) and Lanžhot
(LZ).
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Fig. B.9. Dates of Sentinel-1 images available at the peak growing season (July–August) and daily precipitation in Hyytiälä (HY), Järvselja (JS), Bílý Kříž (BK) and Lanžhot (LZ).
Sentinel-1 images excluded from the analysis due to daily precipitation higher than 1 mm are symbolized by the red triangles. The two SLC Sentinel-1 images downloaded to derive
coherence appeared as green empty triangles. The GRD Sentinel-1 images used to derive backscatter coefficients correspond to green full and empty triangles. The meteorological
measurements were conducted at the study areas, except for Järvselja where the weather station was about 50 km away (Tartu-Tõravere weather station). (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

Remote Sensing of Environment 316 (2025) 114486 

14 



A. Mercier et al.

Fig. C.10. Average Root-Mean Square Error (RMSE), bias, Relative Absolute Error (RAE) and coefficient of determination (R2) values computed for the ALS-derived metrics varying
the plot size from 5 to 100 m. Vertical dashed lines indicate the wavelengths corresponding to the centers of the Sentinel-2 bands. We used a plot size of 25 m by 25 m (Fig. 3),
because it provided the best models for predicting the full spectra within the range of plot sizes tested from 5 to 100 m.
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Fig. C.11. Average Root-Mean Square Error (RMSE), bias, Relative Absolute Error (RAE) and coefficient of determination (R2) values computed for the SAR-derived metrics varying
the buffer zone radius from 10 to 100 m. Vertical dashed lines indicate the wavelengths corresponding to the centers of the Sentinel-2 bands. We used a radius of 40 m (Fig. 3),
because it provided the best models for predicting the full spectra within the range of radii tested from 10 to 100 m.
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A. Mercier et al.

Fig. D.12. Relationships of forest structure metrics clumping index (CI) (from TLS) with hemispherical-conical reflectance factors (HCRF) of the forest floor (interval between
0 and 1) at different Sentinel-2 (S2) spectral bands. We show only those relationships demonstrated as potentially important by the Pearson correlation (𝑝-value < 0.1). Linear
regressions are represented by study areas, with Bílý Kříž, Hyytiälä, Järvselja and Lanžhot labeled BK, HY, JS and LZ. The forests dominated by broadleaved and coniferous trees
are represented with circles and triangles, respectively.
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Fig. E.13. Relationships of forest structure metrics VV backscatter coefficient (from SAR) with hemispherical-conical reflectance factors (HCRF) of the forest floor (interval between
0 and 1) at different Sentinel-2 (S2) spectral bands. We show only those relationships demonstrated as potentially important by the Pearson correlation (𝑝-value < 0.1). Linear
regressions are represented by study areas, with Bílý Kříž, Hyytiälä, Järvselja and Lanžhot labeled BK, HY, JS and LZ. The forests dominated by broadleaved and coniferous trees
are represented with circles and triangles, respectively.
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A. Mercier et al. Remote Sensing of Environment 316 (2025) 114486 
Fig. E.14. Relationships of forest structure metrics VH/VV ratio (from SAR) with hemispherical-conical reflectance factors (HCRF) of the forest floor (interval between 0 and 1) at
different Sentinel-2 (S2) spectral bands. We show only those relationships demonstrated as potentially important by the Pearson correlation (𝑝-value < 0.1). Linear regressions are
represented by study areas, with Bílý Kříž, Hyytiälä, Järvselja and Lanžhot labeled BK, HY, JS and LZ. The forests dominated by broadleaved and coniferous trees are represented
with circles and triangles, respectively.
Data availability

The field data are available from Hovi et al. (2024b) and the
airborne laser scanning data from Hovi et al. (2024a). We also uti-
lized Sentinel-1 data that is available from the Copernicus Data Space
Ecosystem (Copernicus Data Space Ecosystem, 2023).
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