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KEY CONCEPTS

¢ Wall-to-wall 25-m resolution maps of canopy height (RH95), foliage
height diversity (FHD), plant area index, and aboveground biomass
(AGB) were generated using Global Ecosystem Dynamics Investigation
(GEDI) light detection and ranging metrics modelled with Sentinel-1,
Sentinel-2, and ALOS-2/PALSAR-2 data.

¢ Random forest models demonstrated high predictive performance
(R* ~ 0.70), particularly for RH95 and FHD.

e GEDI-derived structural data and seasonal and textural metrics derived
from Sentinel-2 and synthetic aperture radar backscatter enhanced the
characterization of vegetation structure across two distinct Mediterranean
landscapes.
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¢ Land cover classification accuracy improved when integrating GEDI-
derived structural features [vegetation canopy height, FHD, AGB] with
optical and radar-based predictors.

1 Introduction

Land cover mapping plays a pivotal role in understanding the Earth’s
surface dynamics, offering crucial insights into the distribution and char-
acteristics of various land cover types such as forests, shrublands, crop-
lands, urban areas, and water bodies. Accurate and up-to-date spatial
information on land cover is fundamental to a wide range of applications,
including natural resource management, environmental monitoring,
climate change studies, and urban planning (Chen et al., 2015). By analys-
ing spatial patterns and temporal changes in land cover, decision-makers
can formulate more effective policies, assess ecological conditions, and
respond to environmental challenges (de Groot et al., 2010; Koschke et al.,
2012).

Remote sensing is a powerful technology that enables global land cover
mapping by providing synoptic, systematic, and consistent observations
of the Earth’s surface at various spectral, spatial, and temporal resolutions
(Townshend et al., 2008). Over recent decades, significant advances in
land cover classification using remote sensing data have emerged due to
tive primary factors (Zhu et al., 2022): (1) the increasing number of Earth
observation satellites (Ustin and Middleton, 2021); (2) the adoption of free
and open data policies (Woodcock et al., 2008; Wulder et al., 2012; Zhu
et al., 2019); (3) the development of analysis-ready data formats (Dwyer
etal., 2018; Frantz, 2019); (4) the availability of cloud computing platforms
[Google Earth engine (GEE)], offering vast processing power and access
to extensive satellite archives (Gorelick et al., 2017); and (5) the emergence
of more sophisticated classification algorithms (Banskota et al., 2014; Zhu,
2017; Benhammou et al., 2022).

The conventional approach to land cover classification primarily
involves the use of multispectral satellite imagery (Hansen et al., 2013;
Song et al., 2018). However, in heterogeneous landscapes where different
vegetation types exhibit distinct structural features but similar spectral
signatures, relying solely on spectral information presents challenges (De
Alban et al., 2018; Fagan et al., 2018; Saah et al., 2020; Singh et al., 2019;
Dwiputra et al., 2023). To overcome this limitation, the integration of
multisource remote sensing data combining multispectral, synthetic
aperture radar (SAR), and light detection and ranging (LiDAR) can
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improve the discrimination between land cover classes by capturing com-
plementary surface characteristics (Ustin and Middleton, 2021).

SAR data are sensitive not only to the dielectric properties of surface
materials but also to the geometric structure of vegetation (Woodhouse,
2006). Depending on the radar wavelength, SAR signals can provide
useful structural information. For example, while the C-band (~5.6-cm
wavelength) primarily interacts with the upper canopy layer, the L-band
(~23.5 cm) penetrates deeper into the vegetation column, offering more
reliable insights into vegetation structure (Bae et al., 2019; Flores-Ander-
son et al., 2019). Several studies have demonstrated that combining mul-
tispectral imagery with SAR backscatter can enhance land cover
classification performance (Joshi et al., 2016; Costa et al., 2021; Fagan et al.,
2018; Lopes et al., 2020; Jin and Mountrakis, 2022; Zhang et al., 2019). For
instance, Symeonakis et al. (2018) showed that integrating Landsat and
ALOS-PALSAR data in a savanna environment improved classification
accuracy by up to 10% compared to using Landsat alone. Similarly, Clerici
et al. (2017) reported a 5% increase in classification accuracy when fusing
Sentinel-1 and Sentinel-2 data for land cover mapping in Indonesia.
However, SAR backscatter is influenced by several confounding factors,
including soil moisture, vegetation water content, surface roughness, inci-
dence angle, and vegetation structure (leaf, branch, and stem density)
(Williams et al., 2022; Woodhouse, 2006). Although SAR backscatter gen-
erally increases with vegetation height and density, this relationship satu-
rates in moderate to high biomass conditions, reducing its effectiveness
for discriminating vegetation types (Flores-Anderson et al., 2019). In addi-
tion, the choice of polarization, for example, HH (horizontal transmit-
horizontal receive), HV (horizontal transmit—vertical receive), VV (vertical
transmit—vertical receive), or VH (vertical transmit-horizontal receive),
also affects the radar response to vegetation, further influencing classifica-
tion outcomes (Jacob et al., 2020; Lonnqvist et al., 2010; Lopes et al., 2020;
Mathieu et al., 2013).

LiDAR technology provides direct measurements of 3D vegetation
structure by calculating the time-of-flight of emitted laser pulses, allow-
ing for accurate estimation of vertical canopy characteristics (Dubayah
and Drake, 2000; Guo et al., 2021; Omassa et al., 2006). Unlike passive
optical or SAR data, LiDAR pulses can penetrate the canopy and return
detailed vertical profiles, enabling the estimation of key structural metrics
such as canopy height, cover, density, and vertical heterogeneity (Chasmer
et al., 2006; Moudry et al., 2023; Naesset, 1997; Tian et al., 2021; Tang et al.,
2012, 2016). Numerous studies have validated the utility of airborne
LiDAR data for improving land cover classification, particularly when
integrated with multispectral or SAR data (Chirici et al., 2013; Fagan
et al., 2018; Teo and Huang, 2016; Jahncke et al., 2018; Singh et al., 2012).
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As reviewed by Jin and Mountrakis (2022), multisensor data fusion—
especially integrating multispectral, SAR, and LiDAR data—has shown
superior performance in land cover classification over single-sensor
approaches. In particular, LIDAR-derived metrics (canopy height) offer
complementary structural information that enhances class separability in
conjunction with spectral and backscatter data. Despite its promise,
research assessing the synergetic use of all three data sources remains
limited.

Airborne laser scanning (ALS) provides high-resolution LiDAR data
but is often limited by cost and spatial coverage, making it impractical
for large-scale applications (Gwenzi et al., 2016). However, the launch
of two spaceborne LiDAR missions by NASA in 2018, ICESat-2
(Neumann et al., 2019) and the Global Ecosystem Dynamics Investiga-
tion (GEDI) (Dubayah et al., 2020), has enabled near-global acquisition
of vertical vegetation structure data at no cost. These missions provide
extensive along-track samples that can be used to derive critical vegeta-
tion metrics, such as canopy height, cover, biomass, and structural
heterogeneity. Nevertheless, GEDI and ICESat-2 only provide discrete
transects across the landscape rather than continuous coverage (Huang
etal., 2019). A key challenge is extrapolating these footprint-level obser-
vations to broader areas without direct LIDAR coverage. Recent studies
have addressed this issue by combining GEDI or ICESat-2 data with
multispectral and SAR imagery to produce wall-to-wall maps of vegeta-
tion metrics such as canopy height (Ghosh et al., 2022; Jiang et al., 2021;
Lang et al., 2023; Liu et al., 2022; Potapov et al., 2021; Sothe et al., 2022;
Wang et al., 2022; Li et al., 2020, 2023), canopy cover (Rishmawi et al.,
2021; Vogeler et al., 2023), aboveground biomass (AGB) (Campbell
et al., 2021; Nandy et al., 2021; Shendryk, 2022; Tamiminia et al., 2024),
and structural metrics like plant area index (PAI) and foliage height
diversity (FHD) (Kacic et al., 2021; Rishmawi et al., 2022; Vogeler et al.,
2023).

While retrieving canopy metrics using spaceborne LiDAR is relatively
straightforward in homogeneous, closed-canopy forests (Popescu et al.,
2018), it remains challenging in low-stature, sparse vegetation systems
such as semiarid shrublands and woodlands (Dorado-Roda et al., 2021;
Guerra-Herndndez et al., 2022; Zhu et al., 2023; Li et al., 2023). Despite
the operational status of GEDI since early 2019, only a few studies have
tested its use in land cover classification tasks (Adrah, Wong and Yin,
2025; Di Tommaso et al., 2021; Geremew et al., 2023; Dwiputra et al.,
2023; Li et al., 2024). For example, Di Tommaso et al. (2021) focused on
crop type classification across France, the United States, and China by
combining GEDI and Sentinel-2 data, while Dwiputra et al., 2023 mapped
vegetation types in Cambodia using GEDI, Sentinel-1, and Sentinel-2
data. Hence, further research is needed to explore how GEDI-derived
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vertical vegetation metrics can enhance land cover classification accu-
racy, particularly when integrated with SAR and multispectral data. As
such, the aim of this study is to develop and test a remote sensing-based
methodology for improving the accuracy of the Portuguese National
Land Cover map using GEDI-derived structural metrics. This study
focuses on two case study areas in Portugal and has four specific
objectives:

1. To produce fine-resolution (25 m) maps of four key vertical
vegetation metrics: canopy height, AGB, FHD, and PAIL

2. To assess the accuracy of the estimated canopy height map using
ALS-derived canopy height model (CHM) as reference data.

3. To generate a land cover map by integrating GEDI-derived
vegetation structure metrics with multispectral and SAR data.

4. To evaluate the classification accuracy of the resulting land cover
map and the relative importance of GEDI-derived vertical metrics.

2 Methods

2.1 Study area

Two study areas representing distinct case studies from both topo-
graphical and land cover perspectives were chosen to test and imple-
ment the proposed methodological workflow. Specifically, one area is in
the north (Area 1) and another one in southern part of Portugal (Area
2) (Fig. 7.1). Study Area 1 is predominantly characterized by mountain-
ous and hilly terrain with intricate topography, where higher slope
conditions predominate, whereas Area 2 exhibits a less complex topog-
raphy. Regarding the dominant land cover types, Area 1 is mainly char-
acterized by maritime pine forests (46.8%) and shrublands (14.5%), while
in Area 2 the cork oak forests and agroforestry system are the predomi-
nant land use and cover types, encompassing 36.0% and 19.4% of the
landscape, respectively. It is noteworthy that stone pine forests (9.1%),
pasture lands (8.4%), and temporary agricultural areas (8.3%) are also
significant land use and cover types within this landscape. Overall,
Study Area 1 exhibit greater homogeneity in terms of the land cover
types, with tall forest species (pine and eucalypt trees) dominating
amidst complex topography. In contrast, Study Area 2 presents a more
heterogeneous landscape in terms of land use and cover types. Both sets
of characteristics, pertaining to areas 1 and 2, are crucial for gaining a
comprehensive understanding of the importance of GEDI-derived
metrics for land cover mapping.
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FIG. 7.1 Case study areas location across mainland Portugal.

2.2 Wall-to-wall GEDI-derived vegetation metrics mapping
2.2.1 GEDI and satellite data
GEDI data

The first objective of this study was to generate wall-to-wall maps of
vegetation canopy height (VCH; represented by the GEDI RH95 metric),
FHD, PAI, and AGB across the two study areas (Step 1 in Fig. 7.2). To
achieve this, GEDI-derived metrics (VCH, FHD, PAI, and AGB) were used
as dependent variables, while explanatory variables were derived from
SAR and multispectral satellite data. To ensure accurate estimates of veg-
etation vertical structure, only GEDI footprints collected during the leaf-on
period (1 May to 31 October) were used (Li et al., 2023). All available GEDI
orbits intersecting the study areas between 2019 and 2023 were down-
loaded from the LP DAAC data pool using the GEDI-Pipeline tool (Corado
and Godinho, 2024). Within this pipeline, GEDI Level 2A, 2B, and 4A data
products (delivered in HDF5 format) were clipped to the boundaries of
the study areas and converted to GeoPackage format. To ensure the use
of only high-quality GEDI footprints, eight quality control filters, recom-
mended by the GEDI Science Team and broader research community,
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Step 1 — Mapping GEDI-derived vegetation metrics Step 2 — Land cover mapping using GEDI and multisensor data

- o o

RH95 map AGB map FHD map PAl map

FIG. 7.2 Overview of the methodological workflow used in this study. The process is
divided into two main stages: (1) generation of wall-to-wall GEDI-derived vegetation struc-
tural metrics (VCH, FHD, PAI, and AGB) through the integration of GEDI, Sentinel-2, and
SAR data (Sentinel-1 and ALOS-2/PALSAR-2), and (2) land cover mapping for the year 2023,
combining structural, spectral, and backscatter variables.

were applied (see Table 7.1). In addition to these quality criteria, two
additional filters were applied to exclude footprints likely to have expe-
rienced land cover changes (e.g., forest cuts, wildfires) within the 2019-
2023 period. A second filter was also implemented to detect and exclude
footprints located in areas with high spatial heterogeneity, which can be
problematic when using GEDI data without geolocation correction. To
detect land cover changes, we computed the Normalized Difference Veg-
etation Index (NDVI) from Sentinel-2 for the 2019-2023 period, using
NDVI composites from May to October for each year. At the footprint
level, we calculated the mean NDVI and its standard deviation. Based on
this information, a threshold was established to exclude footprints with
potential land cover changes, using the following equation:
Threshold = NDVI__. +2xNDVIL_,,

mean

(7.1)

where NDVI,,.., and NDVI4 represent the mean and standard devia-
tion of NDVI values across the 2019-2023 period. For the second filter,
referred to as the spatial NDVI variability metric, the same thresholding
procedure was applied within a 50 x 50-m window around each GEDI
footprint centroid. Footprints exceeding this threshold were excluded
from subsequent analyses. After applying both filters, a total of 37,771
GEDI footprints remained for the wall-to-wall mapping procedure, dis-
tributed as follows: Area 1: 9897 and Area 2: 27,874.
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TABLE 7.1 Quality metrics and criteria used to select high-quality GEDI

measurements.

Quality metric Rationale for using this metric

degrade_flag value of 0, indicating a low probability of degraded

degraded_flag geolocation under suboptimal operating conditions (Roy et al., 2021).

quality_flag value of 1, indicating that the given footprint meets
quality_flag quality criteria in terms of energy, sensitivity, amplitude, and
real-time surface tracking (Hofton and Blair, 2019)

This metric is utilized to determine whether GEDI footprint
acquisitions occur during night or day. Only the nighttime
acquisitions were retained for analysis, as indicated by a solar
elevation angle <0 (Beck et al., 2021).

solar_elevation

Sensitivity refers to the maximum canopy cover that the GEDI laser
shots can penetrate, considering the signal-to-noise ratio of the

sensitivity waveform. In this project, only footprints with a sensitivity greater
than 0.90 were selected.
This criterion ensures that in all footprints representing forests
rh95 >5m & (rh95 > 5 m), the waveform generated by GEDI measurements
num_detected_ exhibits more than one mode. Typically, a tree’s waveform contains
modes = 1 at least two modes: one corresponding to the canopy and another to
the ground.
This criterion aims to eliminate erroneous canopy height
measurements resulting from various factors (such as electric lines,
rh95 > 35 m

aerosols, etc.) that interact with the GEDI LiDAR signal. In Portugal,
trees above 35 m are rare, if they exist at all.

This ensures that GEDI measurements were obtained when trees are
in full leaf condition. This is important because during winter

Leaf on condition periods, some tree species shed their leaves, which can alter the
GEDI measurements. Therefore only those footprints acquired
between 1 May and 31 October between 2019 and 2023 were selected.

To eliminate footprints with erroneous ground detection, all
footprints with an absolute difference between the elevation of the
lowest mode (elev_lowestmode) and the TanDEM-X elevation at the
GEDI footprint location (digital_elevation_model) greater than 50 m
were excluded.

| elev_
lowestmode—
digital_elevation_
model | <50 m

Multispectral and SAR satellite data

Sentinel-2 data were obtained from the COPERNICUS/S2_SR_HARMO-
NIZED image collection on the GEE cloud platform (Gorelick et al., 2017),
which provides atmospherically corrected surface reflectance imagery pro-
cessed using ESA’s Sen2Cor algorithm (Main-Knorn et al., 2017). For each
year from 2019 to 2023, all images captured between 1 May and 31 October
(the leaf-on period) were selected for analysis. To ensure a high-quality
image collection, the Cloud Score + S2_HARMONIZED dataset (Pas-
quarella et al., 2023) was used to identify relatively clear pixels and effec-
tively mask clouds and cloud shadows. Following cloud masking,
six-monthly temporal composites of the selected spectral bands were

II. Spaceborne LiDAR for forest applications



2 Methods 193

generated using multiple statistical metrics: maximum, minimum, mean,
median, 95th percentile, and standard deviation. In addition to the original
bands, 11 vegetation indices were calculated: NDVI, NDWI, MNDWI,
NDRE1, NDRE2, NDRE3, NDII, PSRI, SWIR32, BSI, and EVI. Furthermore,
three texture metrics (variance, homogeneity, and mean) were derived
from the NDVI layer using the Grey-Level Cooccurrence Matrix (GLCM)
algorithm (Haralick, 1979). In total, 129 variables were extracted from the
Sentinel-2 dataset for use in subsequent modelling and analysis.

For the same time period as the Sentinel-2 data, backscatter coefficients
(sigma nought, ¢°, in decibels [dB]) for each polarization (VV and VH)
were obtained from Sentinel-1 imagery, specifically from the Level-1 GRD
(Ground Range Detected) interferometric Wide Swath product at 10 m
spatial resolution. These GRD images are available in GEE with a standard
ingestion level that retains raw information while allowing user-defined
preprocessing. Since some key preprocessing steps (speckle filtering) are
not applied by default, this study adapted the Sentinel-1 backscatter pre-
processing framework proposed by Mullissa et al., 2021 to generate anal-
ysis-ready data (ARD) in GEE. The adapted workflow includes border
noise removal, speckle filtering, and radiometric terrain normalization,
resulting in a clean, gamma nought (y°) backscatter product. From this
ARD collection, six-monthly temporal composites were created for each
polarization using the same statistical metrics applied to the Sentinel-2
data: maximum, minimum, mean, median, 95th percentile, and standard
deviation. In addition, three GLCM-based texture features (variance,
homogeneity, and mean) were calculated for each polarization band. In
total, 18 predictor variables were derived from Sentinel-1 data.

To complement the C-band SAR data from Sentinel-1, L-band (~23.5 cm
wavelength) data from the PALSAR-2 sensor aboard JAXA’s ALOS-2
satellite was also used. Annual ARD mosaics (2019-2023), available from
JAXA, were downloaded; these datasets are orthorectified and slope-
corrected and provided in gamma nought (y°) format. For each year, HH
and HV polarizations were used to compute temporal composites using
the same suite of statistical metrics as for Sentinel-1 and Sentinel-2 data.
Texture metrics (variance, homogeneity, and mean) were also extracted
for both polarizations. This processing resulted in 18 additional predictor
variables derived from PALSAR-2 imagery. Altogether, 165 predictor
variables were generated at a 25 x 25 m spatial resolution, including 129
from multispectral sources and 36 from SAR data.

2.2.2 Statistical modelling for vegetation structural metrics
prediction

The random forest (RF) algorithm (Breiman, 2001) was used to develop
models predicting the four structural vegetation metrics: VCH, FHD,
AGB, and PAI For the RF modelling procedure, the GEDI footprints

II. Spaceborne LiDAR for forest applications



194 7. Land cover mapping by combining GEDI-derived vertical metrics with SAR and multispectral data

obtained for each study area were split into training (80%) and test (20%)
datasets using the createDataPartition function from the caret R package
(Kuhn, 2016). RF was implemented using the randomForest R package,
which requires tuning two main parameters. The first, mtry, controls the
number of predictor variables randomly sampled to determine each split
(Freeman et al., 2015). The value of mtry was set to \/p, where p is the total
number of predictor variables. The second parameter, ntree, specifies the
total number of independent trees to grow. To ensure stable variable
importance estimates, RF models were trained using 1000 trees (Liaw and
Wiener, 2002). The test subset was then used to evaluate model perfor-
mance based on R* and RMSE metrics.

2.2.3 Independent validation of canopy height RF models using
the first Portuguese ALS data

To assess the accuracy of the wall-to-wall canopy height map, canopy
height estimates produced by the RF modelling procedure were compared
against values derived from the first national airborne LiDAR dataset for
Portugal. The ALS data were acquired across the entire country between
April 2024 and March 2025, using two different sensors: a Teledyne Optech
Galaxy T2000 for Study Area 1 (22.4 points/m?) and a RIEGL VQ-1560i for
Study Area 2 (17.7 points/m?), both operating at a wavelength of 1064 nm.
The ALS point clouds for the two study areas were processed to generate
a CHM. The main steps involved in CHM generation were as follows:

1. The ALS point clouds for the two study areas were processed to
generate a CHM. The main steps involved in CHM generation were
as follows: Convert the .laz files to .Ias format to speed up subsequent
processing steps.

2. Create an LAS catalogue using the readLAScatalog function from the
lidR R package.

3. Build .lax files for faster spatial indexing.

4. Generate a digital elevation model (DTM) using the grid_terrain
function with the TIN algorithm.

5. Normalize the point cloud heights using the DTM with the
normalize_height function.

6. Remove potential negative values from the normalized point cloud.

7. Compute the CHM (0.5-m pixel size) from the normalized and
filtered LAS catalog using the grid_canopy function with the TIN
method.

After generating the CHM for the two study areas, a set of 10,000
pixels was randomly selected outside the areas covered by GEDI foot-
prints. A quality screening was then performed on this initial pool of
25 x 25 m pixels to remove those affected by land cover changes (e.g., tree
cuts) between GEDI acquisition dates and ALS flight date. Following
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FIG. 7.3 Example of the methodological framework for independent validation of RF-
derived canopy height estimations (Study Area 2). The validation process includes: (1)
processing the ALS point cloud data to generate a CHM; (2) overlaying the 25x 25 m grid
with the CHM; and (3) calculating the 95th percentile of CHM values within each 25 x 25 m
grid cell to match the spatial resolution of the GEDI-derived canopy height predictions.

this screening, the final validation dataset comprised 9235 pixels for
Study Area 1 and 8791 pixels for Study Area 2. For each pixel, the RF-
predicted canopy height was compared against the ALS-derived canopy
height. The ALS-derived canopy height was computed at the 25 x 25 m
pixel level as the 95th percentile (p95) of CHM values (Fig. 7.3).

2.3 Land cover mapping using integrated LIDAR, SAR,
and multispectral data

To classify land cover types across the study areas, we integrated wall-
to-wall GEDI-derived vertical structural metrics (Section 2.2) with spectral
and backscatter information from multispectral (Sentinel-2) and SAR
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sensors (Sentinel-1C-band and ALOS-2/PALSAR-2 L-band) for the year
2023 (Step 2 in Fig. 7.2). By incorporating canopy height and structural
complexity metrics from GEDI alongside spectral reflectance and SAR
backscatter characteristics, this fusion approach aimed to improve class
separability, particularly in structurally complex or spectrally similar veg-
etation types. The resulting multisource variable stack provided a detailed
representation of both horizontal and vertical vegetation structure, enabling
more accurate and ecologically meaningful land cover classification.

2.3.1 Satellite-based predictor variables
Sentinel-2 data processing

Building on the processing framework detailed in Section 2.2.1, Senti-
nel-2 data were seasonally segmented to reflect phenological variation,
with two periods defined: Spring (1 April-15 June) and Summer (16
June-30 September). For each season, median composites were generated
from atmospherically corrected surface reflectance imagery using cloud-
masked data, leveraging the Cloud Score + approach (Pasquarella et al.,
2023). In addition to the original spectral bands, the same 11 vegetation
indices and the three textural metrics (from NDVI) described in Section 2.2.1
were computed. To further capture seasonal vegetation dynamics, spectral-
temporal statistics such as percentiles (p10, p25, p50, p75, p90) and the
interquartile range were calculated for both original bands and vegetation
indices across the full April-September period (e.g., Costa et al., 2022). This
resulted in 182 Sentinel-2-derived predictor variables.

Sentinel-1 data processing

Sentinel-1 backscatter data (y°) were processed using the ARD frame-
work described in Section 2.2.1. Seasonal composites for Spring and
Summer were generated for both VV and VH polarizations using six
statistical measures: maximum, minimum, mean, median, 95th percentile,
and standard deviation. GLCM texture metrics (variance, homogeneity,
and mean) were computed for each polarization and season, yielding a
total of 36 Sentinel-1-based predictor variables.

ALOS-2/PALSAR-2 data processing

For ALOS-2/PALSAR-2, the annual gamma nought (y°) backscatter
mosaics from 2023 were used to extract backscatter values and GLCM
texture features (variance, homogeneity, and mean) for HH and HV
polarizations. This resulted in 8 additional predictor variables. In total,
230 predictor variables were used for land cover classification in 2023,
comprising 182 from Sentinel-2, 36 from Sentinel-1, 8 from PALSAR-2,
and 4 GEDI-derived vegetation structure metrics (VCH, FHD, PAI, and
AGB).
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2.3.2 Training and validation data for land cover classification

Land cover samples were collected for both study areas based on visual
interpretation of high-resolution imagery, following the nomenclature
used by the Directorate General for Territory (DGT) in the national land
cover map (COSc). In Study Area 1, 3022 labelled pixels were available,
representing 7 land cover classes (Table 7.2). In Study Area 2, 1863 pixels
were manually labelled to represent 11 land cover types.

2.3.3 Image classification and accuracy assessment

A pixel-based supervised RF classification algorithm was used to gen-
erate the land cover maps for each study area. The effectiveness of RF
for land cover mapping has been demonstrated in several studies
(Freeman et al., 2015; Rodriguez-Galiano et al., 2012; Costa et al., 2022).
Following the same procedure used to create the vertical vegetation
metrics, the dataset for each study area was randomly split into training
(80%) and test (20%) subsets. The training data were used to fit RF models
using mtry = \p and 1000 trees, a setup intended to stabilize variable
importance estimates (Liaw and Wiener, 2002). Model performance was
assessed using the test dataset through the construction of confusion
matrices, which cross-tabulate predicted versus reference land cover
classes. From the confusion matrices, standard accuracy metrics were

TABLE 7.2 Number of land cover samples collected per study area and used for
random forest training and test.

Land cover types Study areas

Area 1l Area 2

Train  Test Total Train Test Total

100—Impervious surfaces 362 154 516 33 13 46
211—Autumn/winter annual crops 235 100 335 132 56 188
212—Spring /summer annual crops - - - 132 56 188
213—Other agricultural areas 141 60 201 152 64 216
311—Cork and holm oak - - - 355 152 507
312—Eucalypt - - - 45 18 63
313—Other trees - - - 67 28 95
321—Stone pine 1021 437 1458 | - - -
322—Maritime pine - - - 100 42 142
410—Shrublands 70 30 100 44 18 62
420—Spontaneous herbaceous plants | — - - 146 62 208
500—Rocks, sand, and bare soil 221 94 315 - - -
620—Permanent water 68 29 97 104 44 148
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computed, including OA, user’s accuracy (UA), producer’s accuracy
(PA), and the Kappa index. In addition, the F-score (harmonic mean of
UA and PA) was calculated for each land cover class using the
equation:

2xPAxUA

F-score = .
PA+UA (7.2)

The F-score ranges from 0 to 1 and provides a balanced measure of
classification performance, combining both omission (PA) and commis-
sion (UA) errors (Congalton and Green, 2008). Higher F-scores indicate
greater classification accuracy.

To evaluate the contribution of LiDAR-derived vertical vegetation
metrics to the classification of land cover types, the mean decrease in
accuracy was used as the primary variable importance metric. Relative
importance values were extracted both as the overall average across all
land cover classes and specifically for classes associated with tree-based
ecosystems, such as forests. This allowed for a targeted assessment of how
vegetation structural information improves class separability, especially
for ecosystems where vertical and internal structure are key distinguish-
ing features.

3 Results

3.1 Wall-to-wall maps of GEDI-derived VCH, FHD, PAI,
and AGB, and independent validation

3.1.1 Model performance and accuracy assessment

This section presents the main findings from the wall-to-wall RF mod-
elling conducted for four key vegetation structural metrics in each study
area: VCH, FHD, PAI, and AGB. The model performance was evaluated
using the test dataset (20% of the GEDI footprints), assessed through the
coefficient of determination (R?), root mean square error (RMSE), and the
relative RMSE (%RMSE). Fig. 7.4 summarizes the R*>, RMSE, and %RMSE
values obtained for each vegetation metric across the two study areas.
Model performance varied across metrics and regions, with canopy height
and FHD achieving higher R* values compared to AGB and PAL For the
canopy height metric, R?values ranged from 0.69 in Area 2 to 0.72 in Area
1, indicating strong predictive performance. RMSE values varied between
4.0 m (Area 1) and 2.6 m (Area 2), with corresponding relative RMSE
values of 48.1% and 39.8%, respectively. This performance was also con-
firmed when using an independent assessment by comparing the RF-
derived canopy height against the ALS-derived CHM, where an R* value
of 0.64 and 0.63, and an RMSE of 5.04 m and 2.60 m, were obtained for
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FIG. 7.4 Performance of random forest models for predicting the four vertical vegetation
metrics. The vertical colour bars on the right side of each plot represent the pixel count.
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FIG. 7.6 Accuracy assessment of the random forest-derived vegetation canopy height
(VCH) model using as ground-truth the ALS-derived Canopy Height Model (CHM) for the
Study Area 2. The boxplot on the right displays model residuals, highlighting a tendency to
underestimate canopy height in the higher classes.

Study Areas 1 and 2, respectively (Figs. 7.5 and 7.6). For AGB, the model
performed moderately well with an R* of 0.68 for Area 1 and 0.56 for Area
2. Predictions for FHD were generally reliable, with R* values around 0.70
for both study areas. Among the four GEDI-derived metrics, PAI showed
the lowest predictive accuracy, with R* values of 0.22 in Area 2 and 0.53
in Area 1.

3.1.2 Relative importance of SAR and multispectral data
as predictors of GEDI-derived vegetation metrics

The relative importance of each predictor variable in estimating the
four GEDI-derived vegetation metrics was evaluated. For each study
area, we calculated the average importance of each predictor across all
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3 Results 203

four RF models. This approach allowed us to assess how each predictor
performs independently of the specific vegetation metric being mod-
elled. As shown in Figs. 7.7 and 7.8, each boxplot represents the variabil-
ity in relative importance for a given predictor. Predictors with narrow
boxplots and high median importance indicate strong and consistent
predictive power across all metrics. Many SAR-derived variables, par-
ticularly those from PALSAR-2 HV and Sentinel-1 VH polarizations,
exhibited this pattern. The variable importance rankings revealed that
certain predictors consistently ranked among the most influential across
all four vegetation metrics. SAR backscatter metrics, especially those
derived from the L-band (PALSAR-2) and C-band (Sentinel-1) polariza-
tions, showed consistently high relative importance in both study areas.
HV and VH polarizations, in particular, were frequently among the top-
ranked variables, reflecting their sensitivity to canopy structure and
biomass. HH and VV backscatter metrics also made meaningful contri-
butions, particularly in Study Area 1. Although the relative importance
of specific variables varied slightly between the study areas, likely due
to differences in forest type, structure, and topography, SAR predictors
consistently remained among the most important, underscoring their
robustness and generalizability. Notably, within the top three most
important predictors, L-band variables from ALOS-2/PALSAR-2 often
outperformed those from the C-band (Sentinel-1). While SAR variables
were often dominant, spectral vegetation indices (e.g., SWIR32, NDBI,
MNDWI, and EVI) and texture measures (e.g., NDVI GLCM texture
mean in Study Area 2) derived from Sentinel-2 imagery also played
important roles.

3.2 Land cover mapping by combining GEDI-derived vertical
metrics with SAR and multispectral data

For the Study Area 1, the RF model achieved a high classification per-
formance, with an OA of 96.0% and a Kappa index of 0.94 (Table 7.3).
Most land cover types were accurately classified, with F-scores above 0.90
for the majority of classes, including urban/artificial areas (class 100),
forests (321), and agriculture (211). The confusion matrix revealed minimal
confusion between spectrally or structurally similar classes, indicating
good class separability. The RF classification in Study Area 2 also pro-
duced strong results, with an OA of 91.7% and a Kappa index of 0.90 when
classifying eleven land cover types (Table 7.4). Although slightly lower
than in Study Area 1, classification performance remained high across
most land cover types, with F-scores exceeding 0.80 for the majority of
vegetation classes.
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TABLE 7.3 Confusion matrix and accuracy metrics obtained with the RF algorithm
for Study Area 1.

Prediction/ | 100 211 213 | 321 410 | 500 | 620 | Total | UA F-score
Reference
100 148 0 0 0 0 6 0 154 96.1 0.96
211 0 93 6 0 0 0 0 99 93.9 0.93
213 0 7 52 0 0 0 0 59 88.1 0.87
321 0 0 0 436 7 0 0 443 984 | 0.99
410 1 0 1 1 23 0 0 26 88.5 | 0.82
500 5 0 1 0 0 87 0 93 93.6 0.93
620 0 0 0 0 0 1 29 30 96.7 | 0.98
Total 154 100 60 437 30 94 29 904 O.A. | Kappa
PA 96.1 93.0 | 86.7 | 99.8 | 76.7 | 92.6 | 100 96.0 0.94
TABLE 7.4 Confusion matrix and accuracy metrics obtained with the RF algorithm
for Study Area 2.
Predic-| 100 | 211 | 212 | 213 | 311 | 312 | 313 | 322 | 410 | 420 | 620 | Total| UA | F-score
tion/
Refer-
ence
100 12 |0 0 0 0 0 0 0 0 0 0 12 100 | 0.96
211 0 51 |3 0 0 0 1 0 5 0 61 83.6 | 0.87
212 0 1 50 |0 0 0 0 0 0 0 0 51 98.0 | 0.93
213 0 2 3 61 |2 2 1 1 0 0 0 72 84.7 10.90
311 0 0 0 0 146 | O 2 6 1 0 0 155 (942 | 0.95
312 0 0 0 0 1 15 |0 0 0 0 0 16 93.8 | 0.88
313 0 0 0 0 1 0 24 |0 0 0 0 25 96.0 | 0.91
322 0 0 0 0 2 0 1 33 |1 0 0 37 89.2 | 0.84
410 0 0 0 1 0 1 0 0 16 |2 0 20 80.0 | 0.84
420 1 2 0 1 0 0 0 0 0 55 |0 59 93.2 | 091
620 0 0 0 0 0 0 0 1 0 0 44 | 45 97.8 |0.99
Total |13 |56 |56 |64 |152 (18 (28 (42 |18 |62 |44 |553 | O. A.| Kappa
PA 92.3]1 91.0( 89.3| 95.3| 96.1| 83.3| 85.7| 78.6| 88.9| 88.7| 100 91.7| 0.90

The relative importance analysis from the RF model developed in Study
Area 1 (Fig. 7.9) showed that GEDI-derived vertical metrics, particularly
FHD, VCH, and AGB, ranked among the five most important predictors
along with two shortwave-infrared bands derived from Sentinel-2 (B12
and B11). For Study Area 2, the relative importance (Fig. 7.10) again high-
lighted the contribution of GEDI-derived structural metrics, in particular
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FIG. 7.9 Relative importance of predictor variables from the Random Forest classifica-
tion models for Study Area 1. Of the 230 predictor variables used, only the top 20 most
important are shown.
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FIG. 7.10 Relative importance of predictor variables from the Random Forest classifica-
tion models for Study Area 2. Of the 230 predictor variables used, only the top 20 most
important are shown.
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FIG. 7.11 Relative importance of the top 20 predictor variables only for vegetation-
related land cover classes in Study Area 1. Of the 230 predictor variables used, only the
top 20 most important are shown.
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FIG. 7.12 Relative importance of the top 20 predictor variables only for vegetation-
related land cover classes in Study Area 2. Of the 230 predictor variables used, only the
top 20 most important are shown.
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the FHD and VCH, alongside spectral-temporal statistics computed from
the Sentinel-2 vegetation indices (e.g., ndbi_p10; ndbi_Sum, ndbi_pZ75).
Although SAR-based variables were not among the 10 topmost predictors,
their importance was somehow demonstrated by the Sentinel-1 VV-
derived GLCM metrics in the top 20 most important variables.

When the analysis was restricted to vegetation-related classes only, the
relative importance of GEDI metrics became even more prominent. For
Study Area 1, the FHD, VCH, and AGB ranked among the top three pre-
dictors, underscoring their relevance in discriminating forest types, shrub-
lands, and herbaceous vegetation (Fig. 7.11). For Study Area 2, the
GEDI-derived metrics consistently ranked among the most important
predictors, reinforcing their value in mapping even structurally heteroge-
neous forest landscapes, as is the case in this area (Fig. 7.12).
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FIG. 7.13 Distribution of vegetation metrics values between land cover categories in
Study Area 1. Land cover code: 211—Autumn/winter annual crops; 213—Other agricultural
areas; 321—Maritime pine; 410—Shrublands.
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FIG. 7.14 Distribution of vegetation metrics values between land cover categories in
Study Area 2. Land cover code: 211—Autumn/winter annual crops; 212—Spring/summer
annual crops; 213—Other agricultural areas; 311—Cork and holm oak; 312—Eucalyptus;
31—Other trees; 322—Stone pine; 410—Shrublands; 420—Spontaneous herbaceous plants.

The value of vertical vegetation metrics in land cover classification
is further illustrated in the boxplots shown in Fig. 7.13. The variability
of GEDI-derived metrics across vegetation classes revealed clear differ-
ences in the distribution of VCH, FHD, PAI, and AGB, highlighting
their effectiveness in improving the separability of forest types, shrub-
lands, and other vegetation formations. Similarly, in Fig. 7.14, the box-
plots for Study Area 2 display distinct patterns of vertical structure
across vegetation classes. Notably, different forest types (e.g., 311, 312,
313, and 322) are well distinguished from shrublands (410) and more
open landscapes such as agricultural and pasture lands (e.g., 211, 212,
and 213), further supporting the discriminative power of these struc-
tural metrics.
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4 Discussion

This study highlights the strong potential of integrating GEDI-derived
structural metrics with multispectral and SAR data to model vegetation
attributes and classify land cover types in Mediterranean ecosystems.
The high predictive performance achieved for wall-to-wall canopy
height and FHD mapping is consistent with previous studies demon-
strating GEDI’s effectiveness in capturing vertical vegetation structure
when combined with ancillary data sources (Ghosh et al., 2022; Kacic
et al., 2021; Morin et al., 2022; Ngo et al., 2023; Potapov et al., 2021;
Rishmawi et al., 2021; Sothe et al., 2022; Tamiminia et al., 2024; Vogeler
et al., 2023). While the R* values for both canopy height and FHD
obtained in this study are comparable to those reported in most of the
cited works, notably higher values were reported by (Rishmawi et al.,
2021), who achieved R? values of 0.80 and 0.83 for canopy height and
FHD, respectively. This difference may stem from the coarser spatial
resolution (1 km) used in their wall-to-wall mapping, compared to the
finer 25-m resolution adopted in our study. Extracting response varia-
bles and aggregating GEDI RH95 values at broader spatial scales can
reduce the influence of measurement errors in remote sensing predictors
(slope effects, background reflectance, signal noise), mitigate the impact
of GEDI’s geolocation uncertainty, and dampen model prediction noise.
This effect is well recognized in the literature, where increased spatial
aggregation is often associated with improved model performance
(Duncanson et al., 2021). The moderate performance of our AGB models
(R* = 0.56-0.68) falls within the expected range reported in other studies
focused on generating wall-to-wall AGB maps (R” values ranging from
0.55 to 0.74) (Mohite et al., 2024; Shendryk, 2022; Tamiminia et al., 2024),
reflecting challenges in modelling biomass due to variability in species
composition, stand density, and structure. Conversely, the relatively
poor performance of PAI (R* = 0.22-0.53) supports previous findings
indicating limitations of GEDI’s PAI product (Ziegler et al., 2023; Card-
enas-Martinez et al., 2025; Mandl et al., 2023). One of the main reasons
for the poor performance of GEDI-derived PAI may be the use of a global
constant and a fixed ground reflectance ratio at the footprint level when
applying the modified Beer-Lambert method to estimate PAI (Dhargay
et al., 2022; Tang and Armston, 2020). This approach can be problematic
due to the high variability in biome types, where a biome-specific con-
stant would likely be more appropriate than a global one (Wang et al.,
2023). Among the few existing studies assessing the performance of
GEDI-derived PAI, results consistently highlight a lower agreement
between GEDI-derived PAI and ALS-derived PAI (Cardenas-Martinez
et al., 2025; Mandl et al., 2023).

II. Spaceborne LiDAR for forest applications



210 7. Land cover mapping by combining GEDI-derived vertical metrics with SAR and multispectral data

Interestingly, despite the absence of explicit geolocation correction,
the OA achieved for VCH, FHD, and AGB remained high. This may be
attributed to the preprocessing step that filtered out GEDI footprints
located in areas with high NDVI variability in their surrounding pixels,
such as those near forest edges, thereby reducing geospatial misalign-
ment. This approach is particularly effective in spatially heterogeneous
canopies, as seen in Area 2, where even small geolocation errors can
cause significant mismatches between GEDI footprints and the actual
vegetation structure (Roy et al., 2021). These findings underscore the
importance of footprint-level filtering to mitigate the ~10.3- metre geolo-
cation uncertainty associated with GEDI Version 2 data (Beck et al,,
2021).

Variable importance analyses underscored the critical role of SAR pre-
dictors, particularly from L-band (PALSAR-2) and C-band (Sentinel-1), in
estimating structural metrics. This finding suggests that the L-band’s
superior penetration capability through the canopy yields better results
in tall and dense forests such as the case in Study Area 1 (Naidoo et al.,
2015; Flores-Anderson et al., 2019; Huang et al., 2018). Overall, these
results emphasize the value of combining L-band and C-band SAR data
for vegetation metric estimation, aligning with findings from other studies
(Morin et al., 2022; Nandy et al., 2021; Li et al., 2020). Regarding texture
variables derived from L-band SAR, our findings also support those of
(Huang et al., 2019): texture features calculated from HV, HH, VV, and
VH polarizations (HV_mean, the GLCM-derived mean texture of HV)
contributed more to estimating vegetation metrics than the original back-
scatter values from either Sentinel-1 or ALOS-2/PALSAR-2. This suggests
that SAR image texture metrics may better capture spatial variation and
also help reduce speckle noise in SAR imagery (Sarker et al., 2012; Laurin
et al., 2017). Notably, optical data, particularly Sentinel-2-derived vegeta-
tion indices like EVI, SWIR32, and NDVI, also contributed significantly,
emphasizing the complementary nature of spectral and structural
variables.

This study demonstrates the value of incorporating GEDI-derived veg-
etation structural metrics with optical and SAR data for land cover clas-
sification in Mediterranean landscapes. The high classification accuracies
obtained (96.0% for Study Area 1 and 91.7% for Study Area 2) indicate
that vertical canopy structure information from GEDI substantially
enhances the separability of land cover classes, particularly forest and
shrubland types. These results are in line with recent findings emphasiz-
ing the synergistic benefits of combining GEDI data with multispectral
and radar observations (Adrah, Wong and Yin, 2025; Geremew et al.,
2023). The prominent role of GEDI-derived variables, particularly FHD,
VCH, and AGB, in the RF classification models confirms their strong
predictive value in distinguishing structurally distinct vegetation types.
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This was especially evident for vegetation-related classes, where GEDI
metrics consistently ranked among the top predictors. GEDI’s ability to
discriminate vertically distinct vegetation types, such as tall versus
medium or short vegetation, has previously been demonstrated with over
80% accuracy when GEDI RH metrics were integrated with Sentinel-2
data (Di Tommaso et al.,, 2021) and Sentinel-1 (Dwiputra et al., 2023),
reinforcing its utility in structure-based land cover classification. However,
while most existing studies have primarily explored the contribution of
GEDI-derived canopy height metrics to land cover discrimination, our
study is, to our knowledge, the first to jointly assess the value of multiple
structural dimensions, namely vegetation height (VCH), vertical hetero-
geneity (FHD), and vegetation quantity (AGB), for improving land cover
classification accuracy.

Interestingly, the structural metrics were particularly valuable in Study
Area 2, characterized by higher vegetation heterogeneity. This supports
the notion that 3D structural information is critical for mapping frag-
mented or compositionally diverse landscapes where spectral signatures
alone may be insufficient. While Sentinel-2 bands, especially shortwave
infrared and temporal percentile-based indices, contributed meaningfully
to model performance, the integration of GEDI data was essential in
achieving high classification accuracy across a broad range of land cover
types. Although SAR-based predictors were less prominent in the top
variable rankings, their contribution, especially through texture metrics,
should not be discounted. Their ability to capture canopy structure and
surface roughness likely complements GEDI’s vertical profiling, albeit at
a coarser scale. Future studies could explore more targeted SAR-GEDI
integration strategies, such as polarization-specific metrics or time-series
coherence (Jacob et al., 2020; Sica et al., 2019). Finally, the boxplots of GEDI
metrics across land cover types (Figs. 7.12 and 7.13) visually underscore
their discriminative power, highlighting clear structural differences
between forests, shrublands, and open areas. These findings validate the
role of LIDAR-derived vertical metrics in operational land cover mapping
workflows (Adiningrat et al., 2024) and open the door for GEDI-based
applications in biodiversity monitoring, carbon accounting, and forest
management.

5 Conclusions

This study demonstrated the potential of combining spaceborne
LiDAR, SAR, and multispectral data to characterize the three-dimen-
sional structure of vegetation and to improve land cover classification
across two different landscapes in mainland Portugal. The main objec-
tives of this study were successfully achieved through the implementation
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of an integrated workflow that included the generation of wall-to-wall
maps of key vegetation structural metrics, their independent validation,
and their use in land cover classification models.

Four GEDI-derived vegetation metrics (VCH, FHD, PAI, and AGB)
were modelled using RF regression, with SAR (Sentinel-1 and ALOS/
PALSAR-2) and multispectral (Sentinel-2) data as predictor variables.
Across the two study areas, model performance varied depending on the
vegetation metric and landscape characteristics. Among all metrics, VCH
and FHD consistently showed the highest accuracy, while PAI exhibited
lower predictive power, likely due to limitations in the GEDI PAI estima-
tion method and biome-specific variability. Independent validation using
ALS-derived CHM confirmed the reliability of the GEDI-based canopy
height estimates, with R?values of 0.64 and 0.63 and RMSE values of 5.1 m
and 2.6 m, for Study Areas 1 and 2, respectively. These findings align with
recent studies and underscore the utility of GEDI data, for regional-scale
vegetation structure mapping.

For land cover classification, RF models were developed by integrating
GEDI-derived structural metrics with SAR and Sentinel-2 predictors. The
resulting land cover maps achieved high classification accuracy in both
study areas, with OA values of 96.0% (Study Area 1) and 91.7% (Study
Area 2). The inclusion of GEDI metrics significantly improved class sepa-
rability, particularly for tree-based ecosystems such as forests and shrub-
lands. Relative importance analyses further emphasized the critical role
of vertical vegetation metrics, especially FHD, VCH, and AGB, as key
predictors, particularly when the relative importance was restricted to
vegetation-related land cover types. These metrics were consistently
ranked among the most influential features, outperforming or comple-
menting traditional spectral and radar-based predictors. The analysis also
revealed that texture metrics from SAR data (especially from L-band
polarizations) and spectral indices from Sentinel-2 contributed meaning-
fully to classification performance, highlighting the value of multisensor
data fusion. In conclusion, this research demonstrated that integrating
LiDAR-derived vertical structure with multispectral and radar data pro-
vides significant benefits for both vegetation modelling and land cover
classification.
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