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Forest floor vegetation can account for a notable fraction of forest productivity and species diversity, and the
composition of forest floor vegetation is an important indicator of site type. The signal from the forest floor
influences the interpretation of optical remote sensing (RS) data. Retrieval of forest floor reflectance properties
has commonly been investigated with multiangular RS data, which often have a coarse spatial resolution. We
developed a method that utilizes a forest reflectance model based on photon recollision probability to retrieve
forest floor reflectance from near-nadir data. The method was tested in boreal, hemiboreal, and temperate forests
in Europe, with hemispherical photos and airborne LiDAR as alternative data sources to provide forest canopy
structural information. These two data sources showed comparable performance, thus demonstrating the value of
using airborne LiDAR as the structural reflectance model input to derive wall-to-wall maps of forest floor
reflectance. We derived such maps from multispectral Sentinel-2 MSI and hyperspectral PRISMA satellite images
for a boreal forest site. The validation against in situ measurements showed fairly good performance of the re-
trievals in sparse forests (that had effective plant area index less than 2). In dense forests, the retrievals were less
accurate, due to the small contribution of forest floor to the RS signal. We also demonstrated the use of the
method in monitoring the recovery of forest floor vegetation after a thinning disturbance. The reflectance model
that we used is computationally efficient, making it well applicable also to data from new and forthcoming
hyperspectral satellite missions.

1. Introduction

Forest floor, defined here as all material below a tree canopy, is
composed of varying mixtures of living plants, litter, lichen, rock, soil,
and snow (Pisek et al., 2010). Forest floor vegetation can account for a
notable fraction of forest productivity (Ikawa et al., 2015) and species
diversity (Hart and Chen, 2006). Composition of forest floor vegetation
is also an important indicator of site type (Cajander, 1926). Monitoring
of forests through remote sensing has traditionally focused on the tree
canopy, which has the largest economical value and often dominates the
remote sensing signal. Depending on the density of the tree canopy, also
the forest floor can have a large contribution to the forest reflectance
observed through passive optical remote sensing (Eriksson et al., 2006;
Rautiainen and Heiskanen, 2013; Suzuki et al., 2011). Variation of the
forest floor reflectance can have a notable influence on the interpreta-
tion of the remote sensing signals from forests (Eriksson et al., 2006;
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Pisek and Chen, 2009; Spanner et al., 1990), and information on the
forest floor reflectance characteristics can help to interpret these signals.
Forest floor reflectance can potentially also be utilized in assessing the
vegetation composition of the forest floor or site fertility, as these var-
iables are related to the forest floor reflectance characteristics (For-
sstrom et al., 2021; Rautiainen et al., 2011). Furthermore, forest floor
reflectance and its spatial variability can be used as input for forest
reflectance and land surface models.

Previous studies have evaluated the potential of spectral remote
sensing data, acquired from either airborne (Markiet and Mottus, 2020;
Pisek et al., 2010, 2015a) or satellite (Canisius and Chen, 2007; Jiao
et al., 2014; Kuusinen et al., 2015; Pisek and Chen, 2009; Pisek et al.,
2015b, 2016, 2021; Yang et al., 2014) platforms, in estimating forest
floor reflectance. An approach that utilizes multiangular remote sensing
data together with a geometric-optical model has been evaluated in
several papers (Canisius and Chen, 2007; Jiao et al., 2014; Pisek et al.,
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2010, 2015a, 2015b, 2016, 2021). With the help of a geometric-optical
forest reflectance model, the surface area fractions of different compo-
nents of the forest (shaded and sunlit forest floor and canopy) can be
estimated. Consequently, the reflectance of the sunlit forest floor and
canopy components can be retrieved if remotely sensed forest reflec-
tance data at two different view angles is available. The requirement of
multiangular observations has restricted the majority of studies to low
spatial resolution (MODIS or MISR) satellite data (Canisius and Chen,
2007; Jiao et al., 2014; Pisek and Chen, 2009; Pisek et al., 2015b, 2016,
2021). Use of multiangular airborne (Pisek et al., 2010, 2015a) or un-
occupied aerial vehicle data is also possible, but such data are not
commonly available. As discussed by Gemmell (2000), a reason for
using multiangular data is that there are several variables contributing
to forest reflectance, and thus a single nadir observation is not enough
for their retrieval. Previous approaches to retrieve forest floor reflec-
tance from nadir data have relied on the assumption that the forest floor
reflectance is invariant within some predefined area (Yang et al., 2014)
or within a certain site type (Kuusinen et al., 2015).

The optical remote sensing signal of a forest is composed of signals
from the tree canopy and the forest floor. If the former is known (e.g.,
from a physical reflectance model), the forest floor reflectance can be
estimated from a single remote sensing observation (pixel). This would
make it possible to utilize data with nadir-view geometry that are more
readily available and have finer spatial resolution compared to multi-
angular satellite datasets. To our knowledge, the only such study was
presented by Markiet and Mottus (2020) who estimated forest floor
reflectance from airborne hyperspectral data. A challenge with the
physically-based approaches is that they require some additional data on
canopy structure to be able to parameterize the model. Airborne Light
Detection And Ranging (LiDAR) data allows the estimation of canopy
structural parameters such as canopy cover, plant area index, and can-
opy gap fractions (Kamoske et al., 2019; Korhonen et al., 2011; Webster
et al., 2020). Airborne LiDAR data can estimate canopy structure pa-
rameters in a wall-to-wall map, which can be used to parameterize forest
reflectance models so that the only remaining unknown variable is the
forest floor reflectance.

The purpose of our study was to develop and test a new approach for
estimating forest floor reflectance spectra from remote sensing data at
stand level. We used a physically-based forest reflectance model to
interpret near-nadir multi- and hyperspectral airborne and satellite data.
More specifically, we 1) evaluated the accuracy of the forest floor
reflectance retrieval when using hemispherical photographs or airborne
LiDAR data as input in the forest reflectance model, and 2) produced and
validated a local map of forest floor reflectance for a boreal study area
and demonstrated its use in monitoring the recovery of forest floor
vegetation after a thinning disturbance. This work is an advance towards
operational mapping of forest floor reflectance at stand level from
openly available medium-resolution satellite data as well as from future
hyperspectral satellite data sets.

2. Material and methods
2.1. Overview of the study

Our study is based on data collected from four study sites: Hyytiala
(61°51'N, 24°18'E) in Finland, Jarvselja (58°17'N, 27°19’E) in Estonia,
and Bily Kriz (49°30'E, 18°32'N) and Lanzhot (48°41'N, 16°57'E) in the
Czech Republic. The study sites are boreal coniferous-dominated
(Hyytiala), hemiboreal mixed coniferous and broadleaved (Jarvselja),
temperate coniferous-dominated mountain forest (Bily Kriz), and
temperate broadleaf-dominated floodplain forest (Lanzhot). Fig. 2 in
Hovi et al. (2022) shows photographs of the study sites.

We retrieved forest floor reflectance spectra from multi- and hyper-
spectral remote sensing data using the PARAS model. PARAS is a forest
reflectance model that applies photon recollision probability (p) for
modeling forest canopy scattering (Rautiainen and Stenberg, 2005). As
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input, the model takes canopy element (i.e., foliage and woody element)
spectra and canopy structural parameters (canopy interception and p).
We first tested our method using airborne hyperspectral data and a set of
test plots (40 x 40 m, number of plots (n) = 61), distributed across all
four study sites in order to maximize variation in forest canopy struc-
ture. We compared two alternative approaches to obtain the canopy
structural parameters required for the PARAS model: 1) hemispherical
photographs and 2) airborne LiDAR. The purpose of this comparison was
to evaluate the performance of airborne LiDAR in estimating the canopy
structural parameters for the PARAS model. Use of LiDAR data would
allow mapping forest floor reflectance for large areas. Finally, we
created a wall-to-wall map of forest floor reflectance for the Hyytiala site
(area of ca. 4 x 4 km), using the combination of airborne LiDAR with
either Sentinel-2 MSI multispectral or PRISMA hyperspectral data. The
map was validated using a set of independent validation plots (60 x 60
m, n = 5), and its information content was demonstrated with practical
examples. Our workflow is presented in Fig. 1. The following Sections
2.2-2.4 present our data, and the retrieval method for forest floor
reflectance is explained in detail in Section 2.5.

2.2. Remote sensing data

2.2.1. Airborne hyperspectral and LiDAR data

Airborne data were collected in all study sites close to peak-growing
season in 2019 (Table 1), using the Flying Laboratory of Imaging Sys-
tems FLIS (CzechGlobe — Global Change Research Institute CAS, 2022;
Hanus et al., 2016) that allowed synchronous acquisition of hyper-
spectral and LiDAR data. The data were acquired at approximately 1 km
altitude above ground level. The hyperspectral data were acquired with
CASI-1500 and SASI-600 pushbroom sensors (Itres Ltd., Canada), which
measure at wavelength ranges of 382-1052 nm and 958-2443 nm,
respectively, and have sampling interval and spectral resolution (full-
width-at-half-maximum, FWHM) of 15 nm. The pixel size on the ground
was 0.5 m (CASI) or 1.25 m (SASI). The data were geo-orthorectified to a
canopy surface model computed from the airborne LiDAR data and were
atmospherically corrected with ATCOR-4 software v7.2.0 (Richter and
Schlapfer, 2018), to yield hemispherical-directional reflectance factors
(HDRF). Further, the data were manually checked to exclude visible
clouds or cloud shadows from the analysis. The nearest-to-nadir cloud-
free flight line was selected for each of our test plots, and the mean HDRF
spectrum of pixels within the plot (an area of 40 x 40 m) was used in
further analyses. See Hovi et al. (2022) for details on the airborne
hyperspectral data acquisition and processing.

Airborne LiDAR data were acquired with a Riegl LMS Q780
waveform-recording sensor (Riegl Gmbh, Austria). The field-of-view
was +30°, resulting in 75-87% overlap between flight lines (Table 1).
The sensor operates at a wavelength of 1064 nm and the emitted pulse
has beam divergence of 0.25 mrad (measured at 1/e%). Echoes were
extracted from the waveform data and georeferenced into ETRS89 co-
ordinate system with UTM projection and ellipsoid heights. Riegl’s
software suite (RiProcess v1.8.4, RiAnalyze v6.2.2, RiWorld v5.1.3, and
GeoSysManager v2.0.8) was used in the processing. The processing
included a strip adjustment to ensure a good geometric match between
the flight lines. We interpolated a raster digital elevation model (DEM)
for each study site at 1 m resolution by Delaunay triangulation of ground
echoes that had been detected with LASTools (algorithm “lasground
-nature -fine”).

2.2.2. Sentinel-2 MSI multispectral satellite data

We downloaded a total of 13 multispectral Sentinel-2 MSI images for
the Hyytiala site for years 2019-2021 (Table 2) from the Copernicus
Open Access Hub (Copernicus, 2022). The selection criteria were that
the image should be cloud-free and acquired during summer months
(from mid-June to the end of August). We used atmospherically cor-
rected surface reflectance (HDRF) data, which we generated from Level
1C images with the Sen2Cor processor (version 02.09.00), using the
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Fig. 1. Workflow of the study. The work comprised
of a test phase in which the retrieval of forest floor
reflectance was tested in a set of test plots (n = 61),
and a mapping/validation phase in which a map of
forest floor reflectance was created and validated
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Table 1

this article.)

Parameters of the airborne hyperspectral and LiDAR data acquisitions in the study sites. Hyperspectral and LiDAR data were acquired during the same flight, and thus

the general parameters (time, sun zenith angle) apply to both datasets.

Hyytiila Jarvselja Bily Kiiz Lanzhot
Acquisition date Jul 13th, 2019 Jul 15th, 2019 Sep 4th, 2019 Sep 4th, 2019
Local time 08:57-10:21 12:57-14:07 ' 11:01-11:07 * 12:14-12:22 2
Sun zenith angle [°] 51-60 37-38 47-48 42
Overlap of flight lines, hyperspectral data [%] 80 80 60 60
Overlap of flight lines, LiDAR data [%] 87 87 75 75
Pulse density of LiDAR data [pulses m 2] * 28 (20) 29 (20) 9(7) 9(7)
! UTC + 3 h.
2 UTC + 2 h.

3 Calculated for the core areas that contained our study plots. The value in parentheses is the pulse density when ignoring pulses with scan angle larger than 20° (i.e.,

the data that were used in the ABA method, see Supplementary material Section 1).

Table 2

Sentinel-2 MSI images used in the study.
Date Mean sun zenith angle [°] Sensor
2019, June 30 39 S2A
2019, July 25 42 S2B
2019, August 29 52 S2A
2020, June 26 39 S2B
2020, July 31 44 S2A
2020, August 8 46 S2B
2020, August 18 49 S2B
2020, August 20 50 S2A
2021, June 29 39 S2A
2021, July 4 39 S2B
2021, July 14 40 S2B
2021, July 16 41 S2A
2021, August 13 47 S2B

default parameters and the altitude set to 170 m above sea level. The
images were acquired at 12:50-13:01 local time (09:50-10:01 UTC)
and, depending on the acquisition date, the sun zenith angle varied
between 39 and 49° (Table 2). The data had 20 m pixel size and were in
the UTM zone 35 projection, which was the same as used for the
airborne data in Hyytiala.

2.2.3. PRISMA satellite data

To demonstrate forest floor reflectance retrieval from hyperspectral
satellite data, we used a PRISMA (PRecursore IperSpettrale della Mis-
sione Applicativa) image produced by the Italian Space Agency. The
image was acquired over the Hyytiéla site on June 26th 2020, at 13:02
local time (10:02 UTC), with sun zenith angle of 39° and view zenith
angle up to 10°. The visible-near-infrared (VNIR) and shortwave-
infrared (SWIR) sensors of PRISMA measure at wavelength ranges of
402-973 nm and 943-2497 nm, respectively. The sampling interval is

6-12 nm and spectral resolution (FWHM) 9-15 nm, depending on
wavelength. We wused a Level 2D image (product name
PRS_12D_STD_20200626100214_20200626100218 0001, processing
time 1st February 2022, processor version “02.05”, L1 processor version
“L2D_3.9-2"). Level 2D means an atmospherically corrected and
orthorectified image. The projection was UTM zone 35 and the pixel size
on the ground was 30 m. The image had georeferencing errors up to 200
m, which represent a typical geolocation accuracy of the PRISMA
products currently. We used aerial orthoimages of the National Land
Survey of Finland, downloaded from their file service (NLS — National
Land Survey of Finland, 2022) on 2nd February 2022, to identify natural
ground control points (GCP) such as small lakes and road crossings
within a subset of the image that covered our study area. We then
determined shifts in X and Y directions for the PRISMA image. The root-
mean-square-errors (RMSE) of the GCPs after applying the shifts were
10 m and 9 m in X and Y directions, respectively.

2.3. In situ and laboratory measurements

2.3.1. Test plots

Rectangular (40 x 40 m) field plots were established and measured
in Hyytiala (2019, n = 20, and 2021, n = 11), Jarvselja (2020, n = 13),
Bily Kiiz (2019, n = 7), and Lanzhot (2019, n = 10) (Table 3). All
measurements were conducted in June to September when the trees had
full leaves. The measurements included forest inventory for determining
the tree species proportions, hemispherical photography for deter-
mining canopy interception and plant area index, and measurements of
forest floor reflectance spectra. The plot centers were geolocated to
submeter accuracy, based on terrestrial LiDAR data that were geomet-
rically matched with the airborne LiDAR point cloud, using treetops as
tie points. Tree species proportions, expressed as fractions of total basal
area in the plot, were calculated from the in situ forest inventory
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Table 3
Mean (and range) of forest characteristics of the test plots in the study sites.

Remote Sensing of Environment 293 (2023) 113610

Hyytidla (n = 31)

Jarvselja (n = 13) Bily Kiiz (n = 7) Lanzhot (n = 10)

Basal area [m? ha™!] 22 (4-46)
Diameter at breast height [cm] 22 (7-45)
Tree height [m] 20 (6-34)
Effective plant area index [m? m~2] 1.8 (0.1-3.9)
Tree species proportions [%] '
Pine 49 (0-100)
Spruce 35 (0-100)
Fir -
Birch 16 (0-97)
Alder 0 (0-2)
Aspen/poplar 0(0-1)
Linden -
Oak -
Ash -
Hornbeam -
Maple -
Other broadleaved 0(0-1)

19 (4-51) 34 (3-66) 33 (14-60)
17 (4-40) 26 (7-51) 46 (15-74)
19 (4-39) 23 (5-43) 31 (18-40)
2.5 (0.4-6.2) 2.9 (0.5-4.6) 3.7 (2.1-5.3)
16 (0-100) - -

18 (0-95) 91 (72-100) -

- 3 (0-16) -

30 (0-91) 1(0-3) -

17 (0-82) - 1 (0-5)

8 (0-50) 0(0-3) 5 (0-47)

6 (0-41) - 2(0-12)
- - 50 (0-100)
1 (0-10) - 21 (0-74)
- - 11 (0-80)
- - 11 (0-38)
4 (0-28) 5 (0-26) 0(0-3)

! Scientific names of the tree species: pine = Pinus sylvestris L.; spruce = Picea abies (L.) Karst.; fir = Abies alba Mill.; birch = Betula pendula Roth, B. pubescens Ehrh.;
alder = Alnus glutinosa (L.) Gaertn., A. incana (L.) Moench; aspen/poplar = Populus tremula L., P. alba L.; linden = Tilia cordata Mill.; oak = Quercus robur L., Q. petraea
(Matt.) Liebl.; ash = Fraxinus excelsior L., F. angustifolia Vahl.; hornbeam = Carpinus betulus L.; maple = Acer campestre L.

measurements.

We report here the main steps of hemispherical photography and
forest floor spectral measurements. For details, see Hovi et al. (2022),
who reported the measurements performed before 2021 (the measure-
ments for year 2021 followed a similar protocol). Hemispherical pho-
tographs were acquired in a 4 x 4 grid with 10 m spacing (16
measurement spots). We used a Nikon D5000 camera with a Sigma 4.5
mm f/2.8 DC HSM Circular Fisheye lens. The photographs were taken at
height of 1 m in plots with mean tree diameter smaller than 10 cm, and
at 1.5 m elsewhere. The photography was conducted in diffuse illumi-
nation conditions, either daytime with overcast sky, or early in the
morning or late in the evening. We used the blue band for separating
canopy and sky pixels with the thresholding algorithm by Nobis and
Hunziker (2005). The photograph was then divided into five concentric
zenith rings that had median (and range) of zenith angles as 11° (0-15°),
24° (15-30°), 38° (30-45°), 53° (45-60°), and 67° (60-73°). The zenith
rings correspond closely to those in the commonly used LAI-2000/2200
instruments. We calculated effective plant area index (L.g) and diffuse
interception (ip) for each study plot according to the LAI-2200 manual
(LI-COR, 2012) as.

Ly = 22[71,1(1 —i(6;) )cos(6;)W; ], and ¢))

5

in=1-23"[(1=i(6))W,], @

i=1

where i(#;) is the mean canopy interception in the plot at zenith angle ¢;,
and W; = sind;df; (normalized to > W; = 1) and W’; = cosf;sin6;d0;
(3-W’; = 0.5) are ring-specific weights.

Forest floor hemispherical-conical reflectance factor (HCRF) spectra
were measured on a 11-m-long east-west oriented transect in the center
of each plot, using an ASD FieldSpec4 spectrometer (ser. nr. 18,456,
field-of-view 25°). Total of 15 measurements were acquired on the
transect at 0.8-m intervals. A white reference measurement (a calibrated
Spectralon panel with 99% nominal reflectance) was acquired in the
beginning and end of the transect, and at every 3rd measurement spot.
To avoid shadows cast by the trees, the measurements were conducted in
diffuse illumination conditions. Raw digital number data recorded by
the spectrometer were converted to HCRF by normalizing the target
spectra to the white reference measurements. The white reference
measurements were linearly interpolated in time for accurate results.
The transect measurements were averaged, and the plot-wise average
and standard deviation of the spectra were used in further analyses.

Three plots in Hyytiala did not include forest floor spectral measure-
ments and were thus used only for modeling canopy structure from
airborne LiDAR.

2.3.2. Validation plots

Five large rectangular plots (60 x 60 m) were measured in the
Hyytiala site between June 30th and August 5th in summer 2021. These
plots were used for validating the forest floor reflectance maps produced
from Sentinel-2 MSI and PRISMA data. The plots had different tree
densities as well as different tree species and forest floor composition.
Forest floor spectra were measured using the same instrumentation as
for the test plots. Measurements were conducted in a 6 x 6 grid with 10
m spacing (36 measurement spots) in diffuse illumination conditions.
For each measurement spot, one forest floor reflectance spectrum was
measured. The white reference panel was measured before and after the
forest floor measurement, and the target spectrum was normalized to the
average of the two white reference measurements. The center of each
plot was geolocated by matching terrestrial and airborne LiDAR, simi-
larly as for the test plots. Forest inventory and hemispherical photog-
raphy were also conducted to document the tree canopy structure in the
plots. No disturbances in the tree canopy occurred in the validation plots
between 2019 and 2021, i.e., in the time between the airborne LiDAR
acquisition and the in situ measurements. The plot-wise average and
standard deviation of the spectra were used in further analyses.

2.3.3. Foliage and woody element spectra

Tree foliage and woody element spectra were used as input in the
PARAS model. Foliage was sampled in all study sites concurrently with
the field campaigns of 2019 and 2020 (Section 2.3.1). We sampled top-
of-canopy and bottom-of-canopy foliage, and for conifers also current
and previous year needles. We measured directional-hemispherical
reflectance and transmittance spectra of the foliage, using ASD Field-
Spec3 or FieldSpec4 spectrometers coupled with ASD RTS-3ZC inte-
grating spheres (measurements described in detail in Hovi et al., 2022).
Reflectance and transmittance were summed to obtain albedo spectra
that were used in our analyses.

For woody elements (stems, branches, twigs) we used stem bark
hemispherical-directional reflectance factor spectra measured at 1.3 m
height with a Specim IQ hyperspectral camera in Finland (Helsinki area)
and Estonia (the Jarvselja site) (measurements described in detail in
Juola et al., 2022). Since the data covered only wavelengths up to 1000
nm, we used data from other published sources for wavelengths above
1000 nm. Pine, spruce, and birch stem bark spectra were obtained from
Lang et al. (2002). Aspen stem bark spectrum from Spencer and Rock
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(1999) was used for all other broadleaved species. Continuity of the
spectra was ensured by multiplying the spectra from these additional
sources with a scaling factor so that the reflectance at 1000 nm matched
with the measurements of Juola et al. (2022) at the same wavelength.
The same scaling procedure was used by Hovi et al. (2022). Due to lack
of available branch and twig spectra, stem bark reflectance spectra were
used as proxies of the albedo spectra of all woody elements in the PARAS
model.

Finally, representative foliage and woody element spectra for each
tree species and for each study site were obtained as weighted averages
of the measured samples. Top-of-canopy and bottom-of-canopy foliage
were given equal weights. For conifers, current-year and older needle
age classes were weighted according to their estimated shares of total
foliage based on needle annual turnover rates. One-year old needles
were assumed to represent all older needle age classes. Woody element
spectra were calculated simply as species-specific averages. Section 2.4
in the Supplementary material of Hovi et al. (2022) describes in detail
the calculation of representative foliage and woody element spectra.

2.4. Tree species maps (the MS-NFI product)

To map forest floor reflectance for the entire Hyytiala site (4 x 4 km),
information on tree species composition was required. As maps of tree
species were not readily available from our own data sources, we used
the Multi-Source National Forest Inventory (MS-NFI) raster maps for the
year 2019 (©Natural Resources Institute Finland (NRIF) 2021). These
open datasets were downloaded from the file service of the NRIF (Luke,
2022). The raster maps were used to calculate tree species fractions (as
fractions from total stem volume) of the entire 4 x 4 km area. The
original pixel size of the data was 16 m and we resampled them into the
same 20 m and 30 m pixel sizes as the Sentinel-2 MSI and PRISMA data.

2.5. Methods

2.5.1. Retrieval of forest floor reflectance

Our goal was to retrieve forest floor reflectance spectra from
airborne or satellite data. To do this, we predicted HDRF of the forest
canopy with the PARAS model, and then removed its contribution from
the signal measured by the remote sensor. The PARAS model assumes
that the forest floor is Lambertian, and therefore its reflectance factor
(measured in any view direction) is equal to reflectance. Thus, we refer
to the retrieved quantity as ‘forest floor reflectance’ throughout the text.
We used the version of PARAS model published in Hovi et al. (2022) that
includes multiple scattering between forest floor and the canopy. The
model simulates the forest HDRF in view direction Q, R(|sy,Q), as the
sum of contributions from the canopy and the forest floor as

TBS(lSk}" l) R:Ts(1,Q), ©

R(1gy, Q) = Rps (L, Q) +m

where Rps(|sky,$2) is the HDREF of the forest canopy in a black-soil case (i.
e., when forest floor is optically black), Tps(lsky,|) is the bi-
hemispherical transmittance of the forest canopy for radiation that en-
ters the canopy from the sky, R is the bi-hemispherical reflectance of
the forest floor (i.e., the ‘forest floor reflectance’), Rs(1,) is the down-
ward bi-hemispherical reflectance of the canopy for radiation that enters
the canopy from below, and Ts(1,L2) is the hemispherical-directional
transmittance factor of the canopy in direction Q for radiation that en-
ters the canopy from below. The second term on the right-hand side of
Eq. 3 represents the forest floor contribution to the forest HDRF and
comprises two components: Tps(lsky,})/(1-RGRs(1,1)), which quantifies
the downward radiation flux on the forest floor (averaged over shaded
and sunlit areas), and RgTs(1,Q2), which quantifies the fraction of the
downward radiation flux that is scattered by the forest floor and then
transmitted by the canopy towards the remote sensor.

If the HDREF of the forest is known, forest floor reflectance (Rg) can be

p:l—l—D:l
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solved from Eq. 3 as

_ R(Lgy> Q) — Rps (L, Q)
Tas (Lo 1) Ts(1,Q) + Rs(1, 1) [R(Jty» Q) — Rps (11, Q) |

Eq. 4 shows that R¢ is obtained by subtracting the HDRF of the
canopy, Res({sky,<2), from the HDRF of the forest, R({sy,<), and dividing
the result with a term that describes the visibility of the forest floor
towards the airborne sensor. We obtained R({y,Q2) from the remote
sensing measurements (airborne, Sentinel-2, or PRISMA). The other
terms in Eq. 4 were modeled as

4

Rg

Ras (Lotys Q) = iowc (Lyty, Q) 5)
Rs(1,1) = ipwc(1, 1), (6)
Tos (Lytyr ) = (1 —io) +iowe (Lygy: 1), and %)
Ts(1,Q) = (1 —ia) +ipwc(1,Q), )

where iy is the canopy interception of incoming radiation, ip is the
canopy interception of diffuse radiation, ig is the canopy interception of
radiation in the direction of view, and wc¢(-, -) are illumination and
viewing geometry dependent canopy scattering coefficients. If the can-
opy is optically black (a situation that is fairly close to reality in red and
blue wavelength regions), only the direct transmission through canopy
gaps contributes to the visibility of the forest floor, and the term in the
denominator of Eq. 4 becomes (1-ip)(1-ig).

The interception terms were obtained from hemispherical photo-
graphs or estimated from airborne LiDAR data. The interception of
incoming radiation was estimated as iy = D x ip+(1-D) x is, where ig is
the canopy interception in the direction of the Sun, and D is the spec-
trally dependent diffuse fraction from total incoming radiation. We
calculated D for airborne hyperspectral, Sentinel-2, and PRISMA data,
using the default discrete-ordinates method in the libradtran radiative
transfer library version 2.0.4 (Mayer and Kylling, 2005; Emde et al.,
2016). The canopy scattering coefficients were modeled based on
photon recollision probability (p) as

0c (L Q) = QQQ(T&, ©)
— PWE
we(t. 1) = 0 =D ng (10)
— pWe
well,1) = we(1,Q) = (1 - ) L= P)e an
C\¥y Cc\ 1y 1 — pws 9

where g is canopy element albedo, Q is the wavelength-dependent
canopy reflectance to total scattering ratio, and Qg is the ratio of can-
opy HDRF to canopy bi-hemispherical reflectance. In other words, the
fraction (1-p)wg/(1-pwg) is the canopy albedo (quantifying the scattering
to all directions), multiplying it by Q gives the canopy reflectance, and
multiplying the result by Qq yields the canopy HDRF.

Following Stenberg (2007), p was estimated as

~ PBcip
L Ly’

12

where L is plant area index, L is the effective plant area index, and fic is
canopy clumping coefficient. We assumed f¢ to be 1 here, meaning that
the canopy elements are randomly distributed. However, we accounted
for shoot clumping by modifying the canopy element albedo using the
shoot level p as described below.

Canopy element albedo was estimated as

Wp = Z{fw [fW.xpr.xp + (1 _fW,xp)wS.xp] }7 13)
sp
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where f;, are tree species fractions, fis are species-specific woody
element fractions from the effective (light-intercepting) plant area, and
ow,sp and w5 are the woody element and shoot albedo, respectively, for
each tree species. The values of fy,s, were taken from Hovi et al. (2022)
(0.32 for Scots pine, 0.30 for Norway spruce and silver fir, and 0.12 for
all broadleaved species). The shoot albedo was obtained from leaf (or
needle) albedo (w;) and photon recollision probability of a shoot (ps,sp)
as.

( 1- pS.sp) arsp

, where 14)
- Ps.sp@L.sp

Ws.sp =

Pssp = 1 =4 X STARg,,. (15)

STARg,, is the spherically averaged silhouette to total area ratio of a
shoot. We set the shoot clumping index 4 x STARgs, to 0.6 for conifers
and 1 for broadleaved, indicating no shoot-level clumping for broad-
leaved species.

Finally, we estimated Q and Qg as.

1 g 1—pog
0= 2-!-2 I _pqu7and ae)
00 =071 x 2. a”n
Ip

Eq. 16 is from Mottus and Stenberg (2008), and the asymmetry
parameter g was estimated from plant area index as ¢ =1 - exp(—0.1684
x L) (Stenberg et al., 2013). Eq. 17 was empirically derived from the
results of Hovi et al. (2022). The constant 0.71 is a correction factor
based on the mean ratio of ‘true’ Qq to its theoretical estimate ig/ip.
Hovi et al. (2022) obtained the ‘true’ Qq for each of their study plots
separately, by fitting the PARAS model to the remotely sensed spectral
HDREFs of the plot.

2.5.2. Smoothing, resampling, and selection of spectral data

All laboratory and in situ spectral data were smoothed with a
Savitzky-Golay filter (Savitzky and Golay, 1964) and resampled to the
spectral resolution of the remote sensing data sets before using them in
the PARAS model. For the airborne and PRISMA data, we excluded
bands with noisy data due to strong atmospheric scattering or water
absorption, i.e., bands at wavelengths less than 453 nm, 888-1008 nm,
1100-1174 nm, 1296-1533 nm, 1737-2102 nm, or greater than 2299
nm. For the Sentinel-2 MSI data, we used all bands available in 20 m
pixel size, except for band 8, which is located in the same wavelength
region with band 8A. Thus, we used bands 2, 3, 4, 5, 6,7, 8A,11, and 12,
corresponding to the central wavelengths of 493 (492), 560 (559), 665
(665), 704 (704), 741 (739), 783 (780), 865 (864), 1614 (1610), and
2202 (2186) nm, in Sentinel-2A (Sentinel-2B) data, respectively.

2.5.3. Estimation of canopy angular interception and photon recollision
probability with airborne LiDAR

We tested two different methods for estimating the structural input
parameters of the PARAS model (angular canopy interception, p) from
the airborne LiDAR data. First, we tested the commonly used area-based
approach (ABA), in which forest variables are predicted with statistical
models from metrics describing the height distribution of LiDAR echoes
in the given estimation area (e.g., a forest plot or a raster grid cell)
(Naesset, 2002; for use of ABA in prediction of angular canopy closure,
see Korhonen et al., 2011). Second, we tested synthetic hemispherical
photographs (SHPs) (Varhola et al., 2012; Hancock et al., 2014; Webster
et al., 2020) calculated from the airborne LiDAR data. In the SHP
method, each LiDAR echo is assumed to be an opaque sphere, and the
spheres are projected onto a synthetic binary hemispherical image,
where a black pixel (i.e., the sphere) represents canopy and a white pixel
represents the sky. Our response variables were the plot-wise average
canopy interception values at each of the five zenith rings of the
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hemispherical photographs. From the interception values, we then
calculated Leg and ip by integrating over the zenith rings, similarly as
done for the real hemispherical photographs (Eqs. 1-2). Finally, we
calculated p from effective plant area index (Lg) and canopy diffuse
interception (ip) (Eq. 12). Importantly, in preliminary tests we found
that estimating Leg and ip directly from the LiDAR metrics using the ABA
method resulted in physically non-meaningful combinations of L.z and
ip, and thus erroneous p values in some of our test plots in sparse forests.

We used a grid cell size of 40 x 40 m in the ABA to match with the
size of our test plots. As the predictor variable, we used the all-echo
cover index, i.e., the ratio of LiDAR echoes obtained from the canopy
to all LiDAR echoes in the grid cell. In the SHP method, we simulated 16
SHPs per each test plot, at the same locations where the real hemi-
spherical photographs had been taken. To account for the variation of
LiDAR pulse density (Table 1), we used a variable sphere radius that
depended on local pulse density in the vicinity of the plot. Supplemen-
tary material explains the technical details of the implementation and
parameters of the ABA and SHP as well as comparison of the estimated
angular canopy interception and p against real hemispherical photo-
graphs. Results regarding the use of the estimated canopy interception
and p in the retrieval of forest floor reflectance are reported in Sections
3.2 and 3.3.

2.5.4. Wall-to-wall maps of forest floor reflectance

We generated wall-to-wall maps of forest floor reflectance for the
Hyytidla study site, using the Sentinel-2 MSI and PRISMA images,
airborne LiDAR data, and the tree species fractions from the Finnish MS-
NFI product. First, canopy interception values at the five zenith rings
were predicted for the Hyytiala site (4 x 4 km area) in regular grids with
20 m and 30 m spacing, which corresponded to the pixel sizes of the
Sentinel-2 MSI and PRISMA satellite images. We used the ABA method
outlined in Section 2.5.3. The area from which the airborne LiDAR data
was extracted for each grid cell was 40 x 40 m so that it matched exactly
with the size of our test plots. The grid cells were thus partly over-
lapping. Leg, ip, and p were calculated from the canopy angular inter-
ception values using Egs. 1, 2, and 12, respectively. The foliage and
woody element spectra for each grid cell were obtained from the species-
specific spectra by weighting with species fractions obtained from the
Finnish MS-NFI product. Finally, forest floor reflectance values at the
Sentinel-2 and PRISMA bands were calculated for each grid cell using
the PARAS model (Eq. 4). For comparison with the in situ measurements
in the validation plots, we extracted for each plot the average spectrum
of nine 20 x 20 m pixels (Sentinel-2 MSI), or four 30 x 30 m pixels
(PRISMA).

3. Results
3.1. Evaluation of the retrieval algorithm for forest floor reflectance

First, we present the results on retrieval of forest floor reflectance in
the test plots, using the most detailed input, i.e., airborne hyperspectral
data and hemispherical photographs. The agreement of retrieved and in
situ forest floor reflectance was reasonably good in sparse forests (small
Leg) but the retrieval became less accurate when the density of the tree
canopy increased (Fig. 2). Simulations with the PARAS model showed
that, in dense canopies, the signal from the forest floor is very low
compared to the total reflectance signal from the forest (Fig. 3). Plots
with Leg less than 2 had wavelength-dependent RMSE of 0.020-0.117,
which is an order of magnitude smaller than the RMSE of all plots
(0.320-1.148) (Fig. 4). It was concluded that the retrieval is not reliable
in dense forests, and plots with Leglarger than 2 (38 plots out of 58) were
excluded from the further analyses.
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Fig. 2. Examples of forest floor reflectance spectra retrieved from airborne hyperspectral data, using hemispherical photographs as an additional data source. The
results are compared to in situ measurements in four test plots: a) a pine plot in Hyytiéla, b) a pine-birch plot in Jarvselja, c) a birch plot in Hyytiala, and d) a spruce

plot in Bily Kiiz. Effective plant area index (L.g) and tree height (H) are given in each sub-figure. Airborne hemispherical-directional reflectance factors (HDRFs) of
the entire forest (including contributions from both tree canopy and the forest floor) are also shown for comparison. The gray area around the black line represents

standard deviation of the in situ measured forest floor spectra.

3.2. Airborne LiDAR vs. hemispherical photos in the retrieval of forest
floor reflectance

Next, we compare the accuracy of the retrievals when using either
hemispherical photos or airborne LiDAR as the structural input. These
results were obtained from the airborne hyperspectral data and were
evaluated in our test plots. The results were fairly similar with both
hemispherical photographs and airborne LiDAR (Fig. 5). When using the
hemispherical photographs, the RMSE values in plots with Legless than 2
were 0.037, 0.021, 0.109, 0.080 for the green, red, NIR, and SWIR
spectral bands, respectively, and 0.099 for normalized difference vege-
tation index (NDVI). When using airborne LiDAR data (the ABA method)
instead, the RMSE values went up to 0.043, 0.028, 0118, and 0.086 for
the spectral bands, and 0.150 for NDVI. Thus, a slight increase of RMSE
was seen in all bands, but there were no large differences in the infor-
mation content of the retrieved forest floor spectra. This could be ex-
pected, because LiDAR estimated canopy angular interception and
consequently also photon recollision probability relatively well (Sup-
plementary material Fig. S1). We also note that the results with the SHP
method were similar to those with the ABA method. When using the SHP
method, the RMSE of the retrieved forest floor reflectance in plots with
Legr less than 2 were 0.049, 0.033, 0.106, and 0.089 for green, red, NIR,
and SWIR spectral bands, respectively, and 0.129 for NDVI.

We discuss in more detail the few cases where the accuracy of the
retrievals decreased when using airborne LiDAR data. These cases help
to understand how errors in modeling the interception or reflectance
properties of the tree canopy influence the retrieval of forest floor
reflectance. For two pine plots (marked as #1 and #2 in Fig. 5), airborne

LiDAR overestimated the canopy interception (i.e., the transmission
term Tps(lsky,{)Ts(1,Q) in Eq. 4 became too small), and thus the floor
reflectance became overestimated, especially in the green and red
spectral bands. Similar overestimation of forest floor reflectance was
observed in another pine plot (#3 in Fig. 5) when using either hemi-
spherical photographs or airborne LiDAR. This highlights the overall
sensitivity of the retrievals to the errors in estimating canopy intercep-
tion. Two other outliers in Fig. 5 also deserve attention. In a spruce plot
(#4) the PARAS model overestimated the reflectance factor of the tree
canopy in the NIR band considerably (the term Rps(lsky,Q) in Eq. 4
became too large), and consequently, NIR reflectance of the forest floor
became underestimated. Similar behavior was observed for a birch plot
(#5), but only in the SWIR band. Despite the few outliers, the overall
performance of the retrieval algorithm in sparse forests was good with
both hemispherical photographs and airborne LiDAR data.

3.3. Wall-to-wall maps of forest floor reflectance

We mapped forest floor reflectance spectra for the Hyytiala site,
using satellite images (Sentinel-2 MSI, PRISMA) with airborne LiDAR as
the structural input. The ABA method was used for processing the LiDAR
data here, because it was computationally much more efficient than the
SHP method, and because the analysis in Section 3.2 indicated that the
two methods produced similar results.

As an example, we show maps of forest floor reflectance character-
istics obtained from a Sentinel-2 MSI image on June 30th in 2019
(Fig. 6). Pixels with Ley larger than 2 were masked out in the map
(comprising 49% of the forest area). Forest stands that were thinned in
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Fig. 3. Forest hemispherical-directional reflectance factors (HDRFs) in green, red, near-infrared (NIR), and shortwave-infrared (SWIR) bands simulated with the
PARAS model, either using the in situ measured forest floor reflectance spectra as input, or assuming a black soil. The black vertical lines represent the contribution of
the forest floor to forest HDRF. The forest HDRFs from airborne hyperspectral measurements are shown for comparison. (For interpretation of the references to colour

in this figure legend, the reader is referred to the web version of this article.)
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Fig. 4. Sensitivity of RMSE of the retrieved forest floor reflectance to the
effective plant area index (L) in the test plots. Plots that had L.y equal or
smaller than the threshold were used in calculating the RMSE.

2018 or 2019, i.e., just before the acquisition of the remote sensing data,
are highlighted in Fig. 6. In Finland, thinning is typically performed 1-2
times in a rotation period of a forest stand, and approximately 30% of
canopy cover is removed at a time. Thinned stands are clearly distin-
guished from the other vegetation based on their low forest floor NDVI.
Thinning residues (branches, foliage litter, etc.) have been left on the

ground and the harvest machinery have disturbed the understory and
changed its spectral properties. Another clearly visible feature in the
map is young forests (especially abundant in the southwestern part of
the area), which typically have grass and other green vegetation cover,
and thus high NDVL. A pine bog in the middle of the area, and pine
forests on medium-fertile soil with no recent thinning, show moderate
NDVI values.

As a quantitative validation, we compared the mapped forest floor
reflectance obtained from the Sentinel-2 MSI and PRISMA images
against in situ measurements in the five validation plots. Wavelength-
dependent RMSE varied between 0.008 and 0.101 for the Sentinel-2
MSI data (Table 4). For the PRISMA data, RMSE values were
0.017-0.053 (Table 4). Visualization of the retrieved forest floor spectra
are shown for the PRISMA data and for the Sentinel-2 data of year 2021,
i.e., the same year as the in situ measurements of forest floor reflectance
were conducted (Fig. 7). Based on mean RMSE values, year 2021 showed
the best match between Sentinel-2 and in situ measurements (Table 4).

Finally, we demonstrate how the forest floor reflectance can be used
for monitoring the recovery of forest floor vegetation from a thinning
disturbance. We show spectra of two thinned stands for years
2019-2021: a pine stand (Fig. 8a-b) and a birch stand (Fig. 8c-d) on
medium fertile soils. The stands had been thinned between summers
2018 and 2019. The tree canopy was intact between 2019 and 2021, and
the growth of the trees is relatively slow (height growth typically 30 cm
per year). Thus, using airborne LiDAR data from 2019 for the years 2020
and 2021 would result in small errors that are not critical for our
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Fig. 5. The relationship between forest floor reflectance retrieved from airborne hyperspectral data and forest floor reflectance measured in situ in the test plots in
four spectral bands: green (553 nm, a-b), red (667 nm, c-d), near-infrared (867 nm, e-f), and shortwave-infrared (1618 nm, g-h). The bottom row (i—j) shows
retrieved and measured NDVI. The left column shows results obtained using hemispherical photos as input data, and the right column shows the results with airborne
LiDAR (the ABA method). Data are shown separately for plots with effective plant area index (Lesy) less than 2, and for those with Leg less than 1.5. The numbered

circles represent outliers that are discussed in Section 3.2. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of this article.)
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Fig. 6. Top row: Map of forest floor NDVI for the Hyytiala site calculated from a Sentinel-2 MSI image acquired on June 30th 2019. Forests with effective plant area
index greater than 2 were masked out. Middle row: Effective plant area index (L) of forests mapped from airborne LiDAR. Bottom row: Red-green-blue visual-
ization of the original Sentinel-2 MSI image. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article.)

10



A. Hovi et al.

Table 4
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Root-mean-square-error (RMSE) of the retrieved forest floor reflectance against in situ measurements in the five validation plots. The wavelengths correspond to the
central wavelengths of the spectral bands of the Sentinel-2 MSI (and PRISMA) instruments. For PRISMA, we present results for the bands that were closest to the

Sentinel-2 MSI bands.

493 (493) nm 560 (563) nm 665 (660) nm 704 (709) nm 741 (739) nm 783 (781) nm 865 (866) nm 1614 (1617) nm 2202 (2199) nm

Sentinel-2 MSI

2019, June 30 0.013 0.021 0.025 0.042 0.045 0.059 0.066 0.049 0.035
2019, July 25 0.045 0.040 0.031 0.052 0.055 0.062 0.074 0.051 0.036
2019, August 29 0.023 0.032 0.033 0.056 0.084 0.091 0.097 0.070 0.052
2019, mean 0.027 0.031 0.030 0.050 0.061 0.071 0.079 0.057 0.041
2020, June 26 0.047 0.042 0.033 0.050 0.028 0.030 0.041 0.059 0.041
2020, July 31 0.011 0.022 0.015 0.041 0.048 0.055 0.066 0.055 0.042
2020, August 8 0.013 0.017 0.012 0.027 0.059 0.069 0.081 0.060 0.043
2020, August 18  0.014 0.018 0.014 0.027 0.069 0.084 0.090 0.069 0.050
2020, August 20  0.020 0.029 0.019 0.048 0.063 0.078 0.082 0.054 0.047
2020, mean 0.021 0.026 0.019 0.039 0.053 0.063 0.072 0.059 0.045
2021, June 29 0.008 0.012 0.009 0.018 0.045 0.056 0.062 0.037 0.028
2021, July 4 0.015 0.011 0.009 0.016 0.046 0.060 0.065 0.036 0.028
2021, July 14 0.040 0.025 0.017 0.022 0.051 0.063 0.067 0.034 0.027
2021, July 16 0.008 0.014 0.009 0.020 0.053 0.062 0.067 0.029 0.027
2021, August 13 0.012 0.011 0.008 0.014 0.078 0.090 0.101 0.061 0.044
2021, mean 0.017 0.015 0.010 0.018 0.055 0.066 0.072 0.039 0.031
PRISMA

2020, June 26 0.025 0.019 0.017 0.047 0.038 0.036 0.053 0.035 0.031

analysis. The presence of logging residues and the disturbed understory
vegetation are seen as relatively low NIR, and high visible and SWIR
reflectance in the 2019 data (Fig. 8a,c). Year 2020 shows intermediate
values, and in summer 2021 the forest floor spectra resemble a green
vegetation the most, i.e., year 2021 has the strongest visible and SWIR
absorption among the studied years. The HDRFs of the forest, including
contributions from both forest floor and the canopy, showed a similar
pattern, but their overall level was lower (Fig. 8b,d).

4. Discussion
4.1. Overview of the method and its applications

Comprehensive monitoring of forests requires information not only
on the tree canopy but also on the forest floor. The spectral properties of
ground vegetation can be used, for example, in the prediction of frac-
tional cover of different vegetation types (Schaepman-Strub et al., 2009;
Forsstrom et al., 2021), which are connected to site type, productivity,
and species diversity. Furthermore, disentangling the remote sensing
signal of forest floor from that of the canopy can help to understand
ecological succession, be it after a disturbance, forest management
operation (as demonstrated in our study), or other change in the state of
forest cover. We are currently seeing a rapid increase in the availability
of hyperspectral data sets provided by satellite missions such as PRISMA
and EnMAP (Rast and Painter, 2019). By the end of 2020’s, with the
advent of forthcoming ESA’s CHIME (Rast et al., 2021) and NASA’s SBG
missions (Cawse-Nicholson et al., 2021), medium spatial-resolution
(~30 m) hyperspectral satellites are expected to provide frequent
(sub-monthly) global coverage. These new data sets can enable stand-
level monitoring of forest floor reflectance properties at high spectral
resolution.

Most medium-to-high spatial resolution satellite data, including the
new hyperspectral missions, observe the Earth close to nadir, and thus it
is difficult to retrieve forest canopy structural information from the data
directly. We examined the use of a physically-based forest reflectance
model with airborne LiDAR as an additional data source in the retrieval
of forest floor reflectance spectra. We showed that, in terms of RMSE,
LiDAR-based retrievals were almost as accurate as those based on
hemispherical photos. From a practical perspective (i.e., interpretation
of the retrieved forest floor reflectance spectra) the two data sources
provided equal information content. Further, the synthetic hemispher-
ical photographs, despite their suspected superiority and much higher
computational demands, did not outperform the simple area-based

approach in our plot (or satellite pixel) level analyses. Our results can
serve as a basis for developing operational algorithms for retrieval of
forest floor reflectance at medium spatial resolution, i.e., at the level of
individual forest stands. In addition to airborne LiDAR, the method
could potentially also be used together with spaceborne LiDAR data
from GEDI and ICESat-2 missions, as they deliver similar information on
canopy height distribution as the area-based approach used here.

4.2. Evaluation of the results

The accuracy of the retrieval method was the highest for stands with
Legy less than 1.5-2. With increasing Le the signal from the forest floor
decreases (Fig. 3). Consequently, the retrieval of forest floor reflectance
becomes more sensitive to any errors (random or systematic) in the
modeled canopy reflectance properties or interception. For example,
Varvia et al. (2018) showed that, in a Bayesian inversion of a forest
reflectance model, the uncertainty intervals of forest floor reflectance
were higher in dense than in sparse canopies. The problem of tree
canopy occluding the forest floor has been also commonly reported in
other studies dealing with retrieval of forest floor reflectance properties
from remote sensing data (Pisek and Chen, 2009; Pisek et al., 2016,
2021). Thus, this issue is not unique to our study or modeling approach.
We see the greatest potential for mapping forest floor reflectance, where
tree canopies are typically sparse, e.g., in the boreal region. It can be also
argued that in dense forests the mapping of forest floor properties is less
important because the contribution of forest floor vegetation to the
overall forest productivity is expected to diminish with increasing tree
canopy plant area index or canopy closure.

Sentinel-2 and PRISMA data had comparable retrieval accuracies in
our validation plots (Table 4). However, PRISMA underestimated forest
floor reflectance for one spruce plot in the visible wavelength region
(Fig. 7e). This is likely due to low HDRF values in the PRISMA data, and
the overall sensitivity of the retrieval algorithm to inaccuracies of input
data in dense forests. On the other hand, the Sentinel-2 image acquired
on the same day with the PRISMA data had large HDRFs, which resulted
in overestimation of forest floor reflectance and thus large RMSE values
(Table 4). The differences could be due to atmospheric correction: the
mean aerosol optical thickness value in the PRISMA data (0.157) was
notably higher than that derived by the Sen2Cor software for the
Sentinel-2 image acquired on the same day (0.074). Overestimation of
forest HDRF and thus forest floor reflectance in the visible wavelength
region was observed also for Sentinel-2 images acquired on July 25th,
2019, and July 14th, 2021 (Table 4). Temporal changes of forest floor
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Fig. 7. Comparison of in situ measured forest floor reflectance spectra against retrievals from Sentinel-2 MSI and PRISMA images in the validation plots.
Hemispherical-directional reflectance factor (HDRF) spectra of the entire forest are shown for comparison. The Sentinel-2 MSI spectra represent the range of ob-
servations from June 26th to August 13th in 2021. The PRISMA spectra are from the image acquired on June 26th, 2020. The gray area around the black line
represents standard deviation of the in situ measurements. Photographs of the plots are shown on the right. Dominant tree species, effective plant area index (Legy),
and tree height (H) are listed in each sub-figure.
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Fig. 8. Time series of retrieved forest floor reflectance spectra and the corresponding forest hemispherical-directional reflectance factors (HDRF) from Sentinel-2 MSI
for a coniferous (a-b) and a broadleaved forest (c-d). The coniferous forest is a pine-dominated stand of approximately 20-m-tall trees, and the broadleaved forest is a
birch stand with tree height of 18 m (the same stand in which the large forest plot #3 (Fig. 7c) was located in). The spectra shown in the figure represent mean spectra
for each year (2019-2021), based on Sentinel-2 MSI images acquired in summertime (mid-June to late August).

could have also affected the evaluation of PRISMA data as well as the
Sentinel-2 data acquired before 2021, because the in situ measurements
of forest floor reflectance were made in 2021. Indeed, the RMSEs of the
retrievals were the smallest for year 2021 (Table 4). Potential effects of
the senescence of forest floor vegetation were seen in the Sentinel-2
images acquired in August in all studied years, with low HDRFs and
large RMSEs in the NIR region (Table 4).

Quantitative comparison of our results to other studies is difficult,
because of different data sources and retrieval algorithms, and the lack
of accuracy measures (e.g., RMSE) reported in previous studies. How-
ever, we attempt a quantitative comparison here, to help evaluate the
performance of our method, and also to highlight differences and syn-
ergies between methods. A method that utilizes multiangular remote
sensing data (Canisius and Chen, 2007) has been evaluated against field
measurements in several publications (Pisek et al., 2010, 2015a, 2015b,
2016, 2021). Pisek et al. (2010) used airborne hyperspectral data over
boreal forests in Canada and had 30 x 30 m plots for validation, i.e., the
spatial resolution was well comparable to ours. From the reported in situ
measurements and airborne retrievals of forest floor reflectance (Table II
in Pisek et al., 2010) we calculated RMSE of the retrievals. The RMSE
was 0.010-0.014 for the red band, and 0.042-0.061 for the NIR band,
depending on the angular measurement configuration of the airborne
data. These values are close to our validation results for year 2021, i.e.,
the year that was coincident with the in situ measurements (Table 4).
Overall, synthesis of the above referred validation studies indicates
fairly good performance of the method based on multiangular satellite
or airborne data. Further, a recent Europe-wide validation effort
concluded that the retrieval of forest floor signal from multiangular data
was not reliable if the foliage cover (“percentage of ground covered by
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the vertical projection of foliage and branches”) was larger than 85%
(Pisek et al., 2021). Based on our hemispherical photos, foliage cover of
85% corresponds to Ley of approximately 4. With our algorithm, the
retrieval of forest floor reflectance deteriorated already at Leg of 1.5-2.
This may indicate that multiangular data are capable of predicting forest
floor reflectance in denser stands than nadir measurements alone.
However, the availability of multiangular data at medium to high spatial
resolution (i.e., at the scale of typical forest stands) and thus its value in
practical forestry is limited, which highlights the complementary nature
of our approach.

Markiet and Mottus (2020) used near-nadir airborne hyperspectral
data, and their retrieval method resembled that of ours. They modeled
the forest reflectance factor as a linear combination of the reflectance
factors of sunlit canopy, shaded canopy, sunlit forest floor, and shaded
forest floor. The unknown parameters in the estimation were obtained
with a physically-based modeling approach based on p-theory. A ten-
dency of the algorithm to overestimate forest floor reflectance was re-
ported, but general reflectance differences between site fertility types (e.
g., increasing NIR reflectance along with increasing site fertility) could
be correctly predicted. No quantitative accuracy measures were re-
ported. The retrievals of canopy gap fractions and p in Markiet and
Mottus (2020) were based on airborne hyperspectral data. We demon-
strated the use of airborne LiDAR data in this context and used a new
forest reflectance model that was recently validated empirically (Hovi
et al., 2022). The above comparisons with earlier studies highlight the
importance of performing quantitative comparisons of different
retrieval algorithms within the same remote sensing and in situ data sets
in the future, to better understand the relative performance of different
methods and data sources.
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4.3. Limitations and practical considerations

The forest reflectance model that we used allows for a simple ana-
lytic calculation of the forest floor reflectance if the tree canopy struc-
tural parameters and tree species are available from airborne LiDAR or
other sources. However, the model relies on the assumption of a Lam-
bertian forest floor. Based on field measurements of bi-directional
reflectance distribution functions (BRDF) of forest floor vegetation,
modeling the forest floor as non-Lambertian would be more realistic
(Forsstrom et al., 2019; Peltoniemi et al., 2005), but it would result in
additional parameters and increased computational complexity, which
would prohibit the analytic inversion performed here and increase the
computation time, or prevent parameter identifiability in numerical
inversion altogether. As an example of the computational complexity,
the model of Manninen and Stenberg (2021), which was based on p-
theory, required computationally heavy numerical integrals for
modeling the multiple scattering between the canopy and the forest
floor.

Directional scattering properties of the tree canopy are considered in
the model that we used, through the parameter Qq. but the calculation of
Qq is based on the assumption that photons are evenly distributed on all
elements of the canopy (Hovi et al., 2022). Thus, another potential way
of improving the accuracy of the retrievals would be to consider a more
detailed model for the reflectance factor of the tree canopy (Rps({sky,<2)
in Eq. 3), e.g., a geometric-optical or a ray tracing model, or a model
based on photon recollision probability that models the first and higher
orders of scattering separately (see Manninen and Stenberg, 2021 as an
example of the latter). Again, the number of parameters would increase,
and not all parameters may be obtainable from the LiDAR data. Further
research on the potential of the above-mentioned improvements would
help in finding an optimal solution in terms of accuracy, model invert-
ibility, and computational time.

Finally, we discuss practical aspects to consider if applying the
method at large scale. Airborne LiDAR data are currently openly avail-
able in many countries (Kakoulaki et al., 2021). The openly available
data sets often have a lower pulse density (e.g., fewer than five pulses
per m?) than what we used (7-20 pulses per m?). The area-based
approach that we employed has been successfully applied in the esti-
mation of canopy structural variables from low pulse density data
(under one pulse per m?) (Korhonen et al., 201 1), which indicates that
the open airborne LiDAR data sets could be used also in our algorithm.
However, the interpretation of LiDAR requires in situ forest plots as
empirical training data. While the empirical models for interpreting
LiDAR data may be to some extent transferable across different sensors
and study areas, it is likely that optimal results are obtained by using at
least some local in situ calibration data (Kotivuori et al., 2018). In
addition, the PARAS model requires tree species fractions for parame-
terizing the foliage and woody element optical properties and shoot
clumping coefficients. For this purpose, we obtained tree species frac-
tions from existing maps. In the absence of forest inventory databases,
estimation of tree species from the remote sensing data sets is an option
but might require additional in situ training data.

4.4. Conclusions

We developed and tested a practical method for mapping forest floor
reflectance from near-nadir medium spatial resolution satellite data (e.
g., Sentinel-2, Landsat, and new hyperspectral missions such as EnMAP
and PRISMA) with airborne LiDAR as an additional data source. This
paves the way for operational wall-to-wall mapping of forest floor
reflectance properties at stand level, i.e., at the spatial scale that is
relevant to practical forestry. We recommend further research in
quantitative evaluation of the method against other approaches, com-
parison of different forest reflectance models, as well as more compre-
hensive testing in different study areas and forests. Nevertheless, the
method presented in this study is promising as it can take full benefit of
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not only openly available multispectral or future hyperspectral satellite
data sets, but also structural information from LiDAR.

CRediT authorship contribution statement

Aarne Hovi: Conceptualization, Methodology, Software, Formal
analysis, Investigation, Data curation, Writing — original draft, Visuali-
zation, Supervision. Daniel Schraik: Investigation, Data curation,
Writing — review & editing. Nea Kuusinen: Investigation, Writing —
review & editing. Tomas Fabianek: Investigation, Data curation. Jan
Hanus: Data curation, Writing — review & editing, Supervision. Lucie
Homolova: Investigation, Writing — review & editing. Jussi Juola:
Investigation, Data curation, Writing — review & editing. Petr Lukes:
Investigation, Data curation, Writing — review & editing. Miina Rau-
tiainen: Conceptualization, Methodology, Investigation, Writing — re-
view & editing, Supervision, Project administration, Funding
acquisition.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability

Data will be made available on request.

Acknowledgements

We thank Juho Antikainen, Lukas Fajmon, Petri Forsstrom, Karel
Holous, Mihkel Kaha, Bijay Karki, Lauri Korhonen, Andres Kuusk, Mait
Lang, Titta Majasalmi, Jan Pisek, Ville Ranta, and the staff of the
Hyytiala forestry field station for their assistance in the field and
airborne campaigns and data preprocessing. The study was carried out
using PRISMA Products, © of the Italian Space Agency (ASI), delivered
under an ASI License to use. This study has received funding from the
European Research Council (ERC) under the European Union’s Horizon
2020 research and innovation programme [grant agreement No
771049]. The text reflects only the authors’ view and the Agency is not
responsible for any use that may be made of the information it contains.
This study was also funded by the Academy of Finland grant DIMEBO
[grant number 323004].

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.rse.2023.113610.

References

Cajander, A.K., 1926. The theory of forest types. Acta For. Fenn. https://doi.org/
10.14214/aff.7193.

Canisius, F., Chen, J.M., 2007. Retrieving forest background reflectance in a boreal
region from multi-angle imaging SpectroRadiometer (MISR) data. Remote Sens.
Environ. 107, 312-321. https://doi.org/10.1016/j.rse.2006.07.023.

Cawse-Nicholson, K., Townsend, P.A., Schimel, D., et al., 2021. NASA’s surface biology
and geology designated observable: a perspective on surface imaging algorithms.
Remote Sens. Environ. 257, 112349 https://doi.org/10.1016/j.rse.2021.112349.

Copernicus, 2022. Copernicus Open Access Hub (Accessed 7t January 2022).

CzechGlobe — Global Change Research Institute CAS, 2022. Flying Laboratory of Imaging
Systems. https://olc.czechglobe.cz/en/flis-2/ (accessed 16 December 2022).

Emde, C., Buras-Schnell, R., Kylling, A., et al., 2016. The libRadtran software package for
radiative transfer calculations (version 2.0.1). Geosci. Model Dev. 9, 1647-1672.
https://doi.org/10.5194/gmd-9-1647-2016.

Eriksson, H.M., Eklundh, L., Kuusk, A., Nilson, T., 2006. Impact of understory vegetation
on forest canopy reflectance and remotely sensed LAI estimates. Remote Sens.
Environ. 103, 408-418. https://doi.org/10.1016/j.rse.2006.04.005.


https://doi.org/10.1016/j.rse.2023.113610
https://doi.org/10.1016/j.rse.2023.113610
https://doi.org/10.14214/aff.7193
https://doi.org/10.14214/aff.7193
https://doi.org/10.1016/j.rse.2006.07.023
https://doi.org/10.1016/j.rse.2021.112349
http://refhub.elsevier.com/S0034-4257(23)00161-X/rf0020
https://olc.czechglobe.cz/en/flis-2/
https://doi.org/10.5194/gmd-9-1647-2016
https://doi.org/10.1016/j.rse.2006.04.005

A. Hovi et al.

Forsstrom, P., Peltoniemi, J., Rautiainen, M., 2019. Seasonal dynamics of linconberry
and blueberry spectra. Silva Fenn. 53 (2), 10150. https://doi.org/10.14214/
sf.10150.

Forsstrom, P.R., Juola, J., Rautiainen, M., 2021. Relationships between understory
spectra and fractional cover in northern European boreal forests. Agric. For.
Meteorol. 308-309, 108604 https://doi.org/10.1016/j.agrformet.2021.108604.

Gemmell, F., 2000. Testing the utility of multi-angle spectral data for reducing the effects
of background spectral variations in forest reflectance model inversion. Remote
Sens. Environ. 72, 46-63. https://doi.org/10.1016/50034-4257(99)00091-7.

Hancock, S., Essery, R., Reid, T., Carle, J., Baxter, R., Rutter, N., Huntley, B., 2014.
Characterising forest gap fraction with terrestrial lidar and photography: an
examination of relative limitations. Agric. For. Meteorol. 189-190, 105-114.
https://doi.org/10.1016/j.agrformet.2014.01.012.

Hanus, J., Fabianek, T., Fajmon, L., 2016. Potential of airborne imaging spectroscopy at
CzechGlobe. Int. Arch. Photogramm. Remote. Sens. Spat. Inf. Sci. XLI-B1, 15-17.
https://doi.org/10.5194/isprs-archives-XLI-B1-15-2016.

Hart, S.A., Chen, H.Y.H., 2006. Understory vegetation dynamics of North American
boreal forests. CRC. Crit. Rev. Plant Sci. 25, 381-397. https://doi.org/10.1080/
07352680600819286.

Hovi, A., Schraik, D., Hanus, J., et al., 2022. Assessment of a photon recollision
probability based forest reflectance model in European boreal and temperate forests.
Remote Sens. Environ. 269, 112804 https://doi.org/10.1016/j.rse.2021.112804.

Tkawa, H., Nakai, T., Busey, R.C., et al., 2015. Understory CO», sensible heat, and latent
heat fluxes in a black spruce forest in interior Alaska. Agric. For. Meteorol. 214-215,
80-90. https://doi.org/10.1016/j.agrformet.2015.08.247.

Jiao, T., Liu, R., Liu, Y., Pisek, J., Chen, J.M., 2014. Mapping global seasonal forest
background reflectivity with multi-angle imaging spectroradiometer data.

J. Geophys. Res. Biogeosci. 119, 1063-1077. https://doi.org/10.1002/
2013JG002493.

Juola, J., Hovi, A., Rautiainen, M., 2022. A spectral analysis of stem bark for boreal and
temperate tree species. Ecol. Evol. 12 (3), e8718 https://doi.org/10.1002/
ece3.8718.

Kakoulaki, G., Martinez, A., Florio, P., 2021. Non-commercial Light Detection and
Ranging (LiDAR) data in Europe. European Commission, Joint Research Centre,
Publications Office. https://doi.org/10.2760,/212427.

Kamoske, A.G., Dahlin, K.M., Stark, S.C., Serbin, S.P., 2019. Leaf area density from
airborne LiDAR: comparing sensors and resolutions in a temperate broadleaf forest
ecosystem. Forest Ecol. Manag. 433, 364-375. https://doi.org/10.1016/j.
foreco.2018.11.017.

Korhonen, L., Korpela, 1., Heiskanen, J., Maltamo, M., 2011. Airborne discrete-return
LIDAR data in the estimation of vertical canopy cover, angular canopy closure and
leaf area index. Remote Sens. Environ. 115, 1065-1080. https://doi.org/10.1016/j.
rse.2010.12.011.

Kotivuori, E., Maltamo, M., Korhonen, L., Packalen, P., 2018. Calibration of nationwide
airborne laser scanning based stem volume models. Remote Sens. Environ. 210,
179-192. https://doi.org/10.1016/j.rse.2018.02.069.

Kuusinen, N., Stenberg, P., Tomppo, E., Bernier, P., Berninger, F., 2015. Variation in
understory and canopy reflectance during stand development in Finnish coniferous
forests. Can. J. For. Res. 45, 1077-1085. https://doi.org/10.1139/cjfr-2014-0538.

Lang, M., Kuusk, A., Nilson, T., Liikk, T., Pehk, M., Alm, G., 2002. Reflectance Spectra of
Ground Vegetation in Sub-Boreal Forests. Tartu Observatory, Estonia. http://www.
aai.ee/bgf/ger2600/ (Accessed 31 March 2021).

LI-COR, 2012. LAI-2200 Plant Canopy Analyzer Instruction Manual. LI-COR, Inc.,
publication number 984-10633 rev 2. https://www.licor.com/documents/6
n3conpjabuj9aqlruyn.

Luke, 2022. File service for publicly available data. http://kartta.luke.fi/index-en.html
(Accessed 28th September 2022).

Manninen, T., Stenberg, P., 2021. Influence of forest floor vegetation on the total forest
reflectance and its implications for LAI estimation using vegetation indices. Finnish
Meteorological Institute, Reports 2021, 5. https://doi.org/10.35614/
isbn.9789523361379.

Markiet, V., Mottus, M., 2020. Estimation of boreal forest floor reflectance from airborne
hyperspectral data of coniferous forests. Remote Sens. Environ. 249, 112018 https://
doi.org/10.1016/j.rse.2020.112018.

Mayer, B., Kylling, A., 2005. Technical note: the libRadtran software package for
radiative transfer calculations - description and examples of use. Atmos. Chem. Phys.
5, 1855-1877. https://doi.org/10.5194/acp-5-1855-2005.

Mottus, M., Stenberg, P., 2008. A simple parameterization of canopy reflectance using
photon recollision probability. Remote Sens. Environ. 112, 1545-1551. https://doi.
org/10.1016/j.rse.2007.08.002.

Neesset, E., 2002. Predicting forest stand characteristics with airborne scanning laser
using a practical two-stage procedure and field data. Remote Sens. Environ. 80,
88-99. https://doi.org/10.1016/50034-4257(01)00290-5.

NLS - National Land Survey of Finland, 2022. File service for open data. https://tiedosto
palvelu.maanmittauslaitos.fi/tp/kartta?lang=en (accessed 16™ December 2022).

Nobis, M., Hunziker, U., 2005. Automatic thresholding for hemispherical canopy-
photographs based on edge detection. Agric. For. Meteorol. 128, 243-250. https://
doi.org/10.1016/j.agrformet.2004.10.002.

Peltoniemi, J.I., Kaasalainen, S., Nardnen, J., Rautainen, M., Stenberg, P., Smolander, H.,
Smolande, S., Voipio, P., 2005. BRDF measurement of understory vegetation in pine

Remote Sensing of Environment 293 (2023) 113610

forests: dwarf shrubs, lichen, and moss. Remote Sens. Environ. 94 (3), 343-354.
https://doi.org/10.1016/j.rse.2004.10.009.

Pisek, J., Chen, J.M., 2009. Mapping forest background reflectivity over North America
with Multi-angle Imaging SpectroRadiometer (MISR) data. Remote Sens. Environ.
113, 2412-2423. https://doi.org/10.1016/j.rse.2009.07.003.

Pisek, J., Chen, J.M., Miller, J.R., Freemantle, J.R., Peltoniemi, J.I., Simic, A., 2010.
Mapping forest background reflectance in a boreal region using multiangle compact
airborne spectrographic imager data. IEEE Trans. Geosci. Remote Sens. 48, 499-510.
https://doi.org/10.1109/TGRS.2009.2024756.

Pisek, J., Lang, M., Kuusk, J., 2015a. A note on suitable viewing configuration for
retrieval of forest understory reflectance from multi-angle remote sensing data.
Remote Sens. Environ. 156, 242-246. https://doi.org/10.1016/].rse.2014.09.033.

Pisek, J., Rautiainen, M., Nikopensius, M., Raabe, K., 2015b. Estimation of seasonal
dynamics of understory NDVI in northern forests using MODIS BRDF data: semi-
empirical versus physically-based approach. Remote Sens. Environ. 163, 42-47.
https://doi.org/10.1016/j.rse.2015.03.003.

Pisek, J., Chen, J.M., Kobayashi, H., et al., 2016. Retrieval of seasonal dynamics of forest
understory reflectance from semiarid to boreal forests using MODIS BRDF data.

J. Geophys. Res. Biogeosci. 121, 855-863. https://doi.org/10.1002/2016JG003322.

Pisek, J., Erb, A., Korhonen, L., et al., 2021. Retrieval and validation of forest background
reflectivity from daily Moderate Resolution Imaging Spectroradiometer (MODIS)
bidirectional reflectance distribution function (BRDF) data across European forests.
Biogeosciences 18, 621-635. https://doi.org/10.5194/bg-18-621-2021.

Rast, M., Painter, T.H., 2019. Earth observation imaging spectroscopy for terrestrial
systems: an overview of its history, techniques, and applications of its missions. Surv.
Geophys. 40, 303-331. https://doi.org/10.1007/510712-019-09517-z.

Rast, M., Nieke, J., Adams, J., Isola, C., Gascon, F., 2021. Copernicus hyperspectral
imaging mission for the environment (Chime). In: International Geoscience and
Remote Sensing Symposium (IGARSS). Brussels, Belgium, 11-16 July 2021,
pp. 108-111. https://doi.org/10.1109/IGARSS47720.2021.9553319.

Rautiainen, M., Heiskanen, J., 2013. Seasonal contribution of understory vegetation to
the reflectance of a boreal landscape at different spatial scales. IEEE Geosci. Remote
S. 10, 923-927. https://doi.org/10.1109/LGRS.2013.2247560.

Rautiainen, M., Stenberg, P., 2005. Application of photon recollision probability in
coniferous canopy reflectance simulations. Remote Sens. Environ. 96 (1), 98-107.
https://doi.org/10.1016/j.rse.2005.02.009.

Rautiainen, M., Mottus, M., Heiskanen, J., Akujérvi, A., Majasalmi, T., Stenberg, P.,
2011. Seasonal reflectance dynamics of common understory types in a northern
European boreal forest. Remote Sens. Environ. 115, 3020-3028. https://doi.org/
10.1016/j.rse.2011.06.005.

Richter, R., Schlapfer, D., 2018. Atmospheric / topographic correction for airborne
imagery. ATCOR-4 User Guide, Version 7.2.0 (March 2018).

Savitzky, A., Golay, M.J.E., 1964. Smoothing and differentiation of data by simplified
least squares procedures. Anal. Chem. 36, 1627-1639. https://doi.org/10.1021/
ac60214a047.

Schaepman-Strub, G., Limpens, J., Menken, M., Bartholomeus, H.M., Schaepman, M.E.,
2009. Towards spatial assessment of carbon sequestration in peatlands: spectroscopy
based estimation of fractional cover of three plant functional types. Biogeosciences
6, 275-284. https://doi.org/10.5194/bg-6-275-2009.

Spanner, M.A., Pierce, L.L., Peterson, D.L., Running, S.W., 1990. Remote sensing of
temperate coniferous forest leaf area index: the influence of canopy closure,
understory vegetation and background reflectance. Int. J. Remote Sens. 11 (1),
98-111. https://doi.org/10.1080/01431169008955002.

Spencer, S., Rock, B.N., 1999. BOREAS TE-08 Aspen Bark Spectral Reflectance Data. Data
Set. Oak Ridge National Laboratory Distributed Active Archive Center, Oak Ridge,
Tennessee, U.S.A. https://doi.org/10.3334/ORNLDAAC/336 (Accessed 31 March
2021).

Stenberg, P., 2007. Simple analytical formula for calculating average photon recollision
probability in vegetation canopies. Remote Sens. Environ. 109, 221-224. https://
doi.org/10.1016/j.rse.2006.12.014.

Stenberg, P., Lukes, P., Rautiainen, M., Manninen, T., 2013. A new approach for
simulating forest albedo based on spectral invariants. Remote Sens. Environ. 137,
12-16. https://doi.org/10.1016/j.rse.2013.05.030.

Suzuki, R., Kobayashi, H., Delbart, N., Asanuma, J., Hiyama, T., 2011. NDVI responses to
the forest canopy and floor from spring to summer observed by airborne
spectrometer in eastern Siberia. Remote Sens. Environ. 115, 3615-3624. https://doi.
org/10.1016/j.rse.2011.08.022.

Varhola, A., Frazer, G.W., Teti, P., Coops, N.C., 2012. Estimation of forest structure
metrics relevant to hydrologic modelling using coordinate transformation of
airborne laser scanning data. Hydrol. Earth Syst. Sci. 16, 3749-3766. https://doi.
0rg/10.5194/hess-16-3749-2012.

Varvia, P., Rautiainen, M., Seppanen, A., 2018. Bayesian estimation of seasonal course of
canopy leaf area index from hyperspectral satellite data. J. Quant. Spectrosc. Ra.
208, 19-28. https://doi.org/10.1016/j.jqsrt.2018.01.008.

Webster, C., Mazzotti, G., Essery, R., Jonas, T., 2020. Enhancing airborne LiDAR data for
improved forest structure representation in shortwave transmission models. Remote
Sens. Environ. 249, 112017 https://doi.org/10.1016/j.rse.2020.112017.

Yang, W., Kobayashi, H., Suzuki, R., Nasahara, K.N., 2014. A simple method for
retrieving understory NDVI in sparse needleleaf forests in Alaska using MODIS BRDF
data. Remote Sens. 6, 11936-11955. https://doi.org/10.3390/1561211936.

15


https://doi.org/10.14214/sf.10150
https://doi.org/10.14214/sf.10150
https://doi.org/10.1016/j.agrformet.2021.108604
https://doi.org/10.1016/S0034-4257(99)00091-7
https://doi.org/10.1016/j.agrformet.2014.01.012
https://doi.org/10.5194/isprs-archives-XLI-B1-15-2016
https://doi.org/10.1080/07352680600819286
https://doi.org/10.1080/07352680600819286
https://doi.org/10.1016/j.rse.2021.112804
https://doi.org/10.1016/j.agrformet.2015.08.247
https://doi.org/10.1002/2013JG002493
https://doi.org/10.1002/2013JG002493
https://doi.org/10.1002/ece3.8718
https://doi.org/10.1002/ece3.8718
https://doi.org/10.2760/212427
https://doi.org/10.1016/j.foreco.2018.11.017
https://doi.org/10.1016/j.foreco.2018.11.017
https://doi.org/10.1016/j.rse.2010.12.011
https://doi.org/10.1016/j.rse.2010.12.011
https://doi.org/10.1016/j.rse.2018.02.069
https://doi.org/10.1139/cjfr-2014-0538
http://www.aai.ee/bgf/ger2600/
http://www.aai.ee/bgf/ger2600/
https://www.licor.com/documents/6n3conpja6uj9aq1ruyn
https://www.licor.com/documents/6n3conpja6uj9aq1ruyn
http://kartta.luke.fi/index-en.html
https://doi.org/10.35614/isbn.9789523361379
https://doi.org/10.35614/isbn.9789523361379
https://doi.org/10.1016/j.rse.2020.112018
https://doi.org/10.1016/j.rse.2020.112018
https://doi.org/10.5194/acp-5-1855-2005
https://doi.org/10.1016/j.rse.2007.08.002
https://doi.org/10.1016/j.rse.2007.08.002
https://doi.org/10.1016/S0034-4257(01)00290-5
https://tiedostopalvelu.maanmittauslaitos.fi/tp/kartta?lang=en
https://tiedostopalvelu.maanmittauslaitos.fi/tp/kartta?lang=en
https://doi.org/10.1016/j.agrformet.2004.10.002
https://doi.org/10.1016/j.agrformet.2004.10.002
https://doi.org/10.1016/j.rse.2004.10.009
https://doi.org/10.1016/j.rse.2009.07.003
https://doi.org/10.1109/TGRS.2009.2024756
https://doi.org/10.1016/j.rse.2014.09.033
https://doi.org/10.1016/j.rse.2015.03.003
https://doi.org/10.1002/2016JG003322
https://doi.org/10.5194/bg-18-621-2021
https://doi.org/10.1007/s10712-019-09517-z
https://doi.org/10.1109/IGARSS47720.2021.9553319
https://doi.org/10.1109/LGRS.2013.2247560
https://doi.org/10.1016/j.rse.2005.02.009
https://doi.org/10.1016/j.rse.2011.06.005
https://doi.org/10.1016/j.rse.2011.06.005
http://refhub.elsevier.com/S0034-4257(23)00161-X/rf0225
http://refhub.elsevier.com/S0034-4257(23)00161-X/rf0225
https://doi.org/10.1021/ac60214a047
https://doi.org/10.1021/ac60214a047
https://doi.org/10.5194/bg-6-275-2009
https://doi.org/10.1080/01431169008955002
https://doi.org/10.3334/ORNLDAAC/336
https://doi.org/10.1016/j.rse.2006.12.014
https://doi.org/10.1016/j.rse.2006.12.014
https://doi.org/10.1016/j.rse.2013.05.030
https://doi.org/10.1016/j.rse.2011.08.022
https://doi.org/10.1016/j.rse.2011.08.022
https://doi.org/10.5194/hess-16-3749-2012
https://doi.org/10.5194/hess-16-3749-2012
https://doi.org/10.1016/j.jqsrt.2018.01.008
https://doi.org/10.1016/j.rse.2020.112017
https://doi.org/10.3390/rs61211936

