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Evaluating the accuracy of ground elevation estimates from GEDI satellite

LiDAR in forested terrain

Mihnea Cateanu

Department of Forest Engineering, Faculty of Silviculture and Forest Engineering, Transilvania University of Brasov, Brasov, Romania

ABSTRACT

The goal of this study is to assess the accuracy of ground elevation estimates derived from data
collected by the Global Ecosystem Dynamics Investigation (GEDI) full-waveform satellite LiDAR
sensor, for a study area of approximately 246 km? located in northwestern Romania and with
a significant broadleaved forest cover. GEDI L2A footprints were filtered, resulting in 32,666
valid footprints. The analysis involved comparing GEDI-derived ground elevation with refer-
ence data collected by Airborne Laser Scanning (ALS), which offers superior vertical accuracy.
Outlier values, potentially caused by degraded pointing/positioning data from GEDI’s auxiliary
systems or cloud reflections, were identified using modified z-score, leading to the removal of
2.4% of observations. The study further explored factors influencing GEDI performance of
ground surface retrieval, such as: the presence of forest vegetation, its height and type, use
of coverage vs. power beam data, the time and season of data collection and geomorpholo-
gical conditions (slope and terrain ruggedness). Overall, the accuracy is reasonably good (with
an RMSE of 6.75 and a bias of — 0.53 m, after outlier removal), with a significant reduction of
ground surface estimation in forested areas (RMSE of 7.75, versus 5.29 m in open ground).
Accuracy is mainly influenced by the season of acquisition (RMSE between 5.45 and 8.75 m, the
presence and height of forest canopy (RMSE of 6.04 m for canopies under 9.2 m and RMSE of
9.81 m for canopies taller than 22.7 m) and geomorphological conditions (RMSE between 5.61

m and 9.18 m, depending on slope). Understanding the interaction of GEDI with these factors is
essential for improving the utilization of GEDI data in forest ecosystem monitoring. This
research underscores the importance of accurate ground modeling in forestry applications
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and contributes to the ongoing evaluation of GEDI performance.

1. Introduction

Accurate models of the ground surface are essential
for applications in geosciences, such as hydrology
(Jarihani et al. 2015), geomorphology (Miiller et al.
2014) or ecology (Urbazaev et al. 2022). In the last few
decades, Light Detection and Ranging (LiDAR) has
been established as a primary source of high-
accuracy, high-resolution elevation data (Zhang et al.
2003), especially at a local or regional level. In forestry,
one of the first applications of LiDAR data involved
the estimation of various stand-level forest para-
meters, such as mean tree height (Nasset 1997a),
timber volume (Nesset 1997b) or the number of
stems (Nasset and Bjerknes 2001). Since then, with
the increased availability of airborne and terrestrial
laser scanners (Deems, Painter, and Finnegan 2013),
LiDAR has produced a revolution in forestry (Coops
et al. 2021), fundamentally changing the manner in
which forest structure is observed and described
(Beland et al. 2019). This development was not only

driven by the improvement of laser scanners (in terms
of accuracy, level of detail or costs), but is also due to
the unique property of laser pulses, which is that they
can penetrate the forest canopy and reach the ground
underneath it. Therefore, LIDAR provides a detailed
and highly accurate model of the vertical structure of
the forest (Lim et al. 2003) and the ground underneath
it, in even in dense canopies (Cateanu and Ciubotaru
2021). The main field of forestry in which LiDAR has
been widely adopted is the estimation of forest struc-
ture (Lim et al. 2003) or various vegetation parameters
(Adam et al. 2020), thus enabling the description,
investigation and monitoring of forest ecosystems.
Thus, LIDAR has been established as a key data source
in the prediction of forest attributes (Coops et al. 2021;
Lim et al. 2003).

Currently there are three types of LiDAR instru-
ments that see active use in forestry activities and
research: ground (Dassot, Constant, and Fournier
2011), airborne (Akay et al. 2009) which is currently
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dominating applications (Qi and Dubayah 2016) and
space-based systems (Silva et al. 2021), all of which
have opportunities and challenges associated with
them (Beland et al. 2019). The active remote sensing
of forests, especially at large or even global scales, has
entered an exciting new era (Duncanson et al. 2020)
since 2018, when two space-based LiDAR systems
have been put into operation by the National
Aeronautics and Space Administration (NASA): the
Ice, Cloud and Land Elevation Satellite-2 (ICESat-2)
carrying a photon-counting instrument called the
Advanced Topographic Laser Altimeter System
(ATLAS) and the Global Ecosystem Dynamics
Investigation (GEDI) which is a full-waveform
LiDAR instrument mounted on the International
Space Station (ISS). While ICESat-2 was developed
mainly for monitoring glaciers and ice sheets
(Markus et al. 2017), it has been used in various
other applications, including forestry (He et al. 2023;
Narine, Popescu, and Malambo 2020; Popescu et al.
2018), with varying degrees of success. On the other
hand, GEDI is the first spaceborne laser system
designed specifically to measure the forest structure
(Patterson et al. 2019) and aboveground biomass
(Silva et al. 2018), thus opening up a new era for
macroecology (Schneider et al. 2020). Since the avail-
ability of satellite data offers opportunities for large-
scale studies (Dorado-Roda et al. 2021), GEDI has
enabled a “change of paradigm” (Guerra-Hernandez
and Pascual 2021) in the monitoring of forest
ecosystems.

GEDI works by emitting laser pulses that illuminate
an area of approximately 25-m in diameter (com-
monly known as a “footprint”), with the instrument
detecting and storing the variation of returned energy
as a function of time (commonly known as
a “waveform”). The waveform is digitized by equal-
interval sampling and, in the case of data collected
over forested areas, can be understood as a record of
the vertical structure of the forest (Qi, Saarela, et al.
2019), from the top of the canopy to the ground-level.
The GEDI system is equipped with 3 laser emitters,
one of which is split into two beams (called “coverage”
beams, with the others referred to as “power” beams).
In-depth descriptions of the technical characteristics
of the GEDI mission have been previously published,
so the reader is referred to the relevant materials
(Dubayah et al. 2020; Roy, Kashongwe, and Armston
2021; Urbazaev et al. 2022). Even before GEDI’s
launch, the system’s capabilities have been tested by
simulation (Patterson et al. 2019; Qi and Dubayah
2016; Qi, Lee, et al. 2019; Qi, Saarela. et al. 2019;
Silva et al. 2018), using the GEDI waveform simulator
developed by Hancock et al. (2019). However, the real,
post-launch accuracy of GEDI products is an impor-
tant consideration (Dorado-Roda et al. 2021), as real
accuracy can be lower than established by simulation

due, for example, to spatio-temporal variations of
atmospheric attenuation (Rishmawi, Huang, and
Zhan 2021). Therefore, once GEDI L2A data was
released, a significant number of studies have been
carried out worldwide, concerning the accuracy
assessments of canopy height, biomass and terrain
elevation (Adam et al. 2020; Dorado-Roda et al.
2021; Guerra-Hernindez and Pascual 2021;
Kutchartt, Pedron, and Pirotti 2022; Li et al. 2024,
2023; Liu, Cheng, and Chen 2021; Quiros, Polo, and
Fragoso-Campon 2021; Urbazaev et al. 2022). In gen-
eral, the studies focusing on GEDI performance in
forest ecosystems are mainly concerned with canopy
height or biomass estimation, rather than the accuracy
of ground surface retrieval, which is understandable
given that models of biomass distribution or canopy
height are products that see use in forestry applica-
tions. However, it must be noted that the accuracy of
ground elevation has a direct impact on the accuracy
of canopy height estimation (Liu, Cheng, and Chen
2021), since canopy heights are calculated by subtract-
ing the ground elevation from the elevation recorded
at the top of the canopy. Canopy height will further
serve as the basis for estimations of Above Ground
Biomass (ABG), timber volume or enable the moni-
toring of forest degradation and restoration (Potapov
et al. 2021).

Therefore, recognizing that errors in terrain elevation
are the main driver of inaccuracies in forestry products
(Urbazaev et al. 2022), the aim of this study is to present
an analysis of ground elevation estimates in the latest
GEDI products version 2 and to identify some of the
factors affecting accuracy. While the analysis also con-
siders the general accuracy across the study area, the
focus of research is ground data collected inside the
forest. Several factors related to the GEDI system, forest
and geomorphological conditions are also considered.

2. Materials and methods
2.1. Study area

The study area is located in the north-western part of
Romania, covering approximately 246 km* (Figure 1).
The area is characterized by high variations both in
terms of altitude (ranging from 450 m to 1600 m above
Mean Sea Level) and in terms of steepness, with relief
ranging from the wide, relatively flat valley of the Bistra
river which crosses the study area from East to West, to
steep slopes (up to 50%—-60%) overlooking it to the
North and South. The area is predominantly covered
by forests (approximately 50%), with broadleaved forests
being predominant (approximately 43% of the area), and
coniferous or mixed forest occupying much smaller areas
(approximately 3% and 5%, respectively). In broadleaved
forests Beech (Fagus sylvatica) is dominant with
European hornbeam (Carpinus beletum) present to
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Figure 1. (a) Location of study area in the Romanian territory; (b) DTM of the study area; (c) land cover of the study area based on

corine land cover data, 2018.

a lesser extent, while Norway spruce (Picea abies) and
Pine (Pinus sylvestris) are present in coniferous areas.
The other predominant land cover is that of pastures
and natural grasslands, which occupy approximately
26% of the area. The choice of study area was based on
the availability of Airborne Laser Scanning (ALS) data to
use as reference for ground elevation, but also with the
consideration that exploring the limitations of GEDI
products in complex scenarios of terrain conditions is
an important step in determining the full potential of the
technology (Kutchartt, Pedron, and Pirotti 2022).

2.2. Data

2.2.1. GEDI data
76 GEDI L2A datasets were considered, represent-
ing all granules acquired over the study area

between April 2019 and February 2023. Only
GEDI L2A version 2 data was included in the ana-
lysis. Initial GEDI data products (version 1) had
a reported geolocation error of 23.80m (mean
1-sigma) (Beck et al. 2021), but version 2 was
released in April 2021, with an improved algorithm
for correcting geolocation errors. This led to
a stated mean 1-sigma error of 10.2m (Beck et al.
2021), which was later confirmed empirically
(Schleich et al. 2023; Tang et al. 2023). 83874
GEDI footprints were identified as located inside
the study area. Due to the constantly varying orbit
of the ISS and the fact that almost 3 years of GEDI
data collection were included in the analysis, GEDI
footprints cover the study area almost entirely; how-
ever, there is quite a significant difference in terms
of footprint density, with the northern half of the
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Figure 2. (a) Heatmap illustrating the spatial variation of GEDI footprint density, generated using a 1 km radius for aggregation of
observations; (b) site 1: an example of an area with relatively low coverage by GEDI orbits; () site 2: an example of an area with
relatively high coverage by GEDI orbits. Note that the two sites are also indicated in (a) with arrows.

study area exhibiting much better coverage by
GEDI tracks (Figure 2). Positioning information
related to the ground surface is obtained from
three attributes common to all GEDI footprints:
lat_lowestmode, lon_lowestmode and elev_lowest-
mode. In this case, “lowest mode” refers to the
lowest (in terms of altitude) reflection identified
on each waveform, which ideally corresponds to
the bare earth surface.
GEDI footprints were filtered as follows:

(1) 389 footprints (0.5% of observations) were
eliminated due to their location over
a wastewater dumpsite which has a variable
water level (represented in black in Figure 1(c)).

(2) Footprints flagged by the GEDI data provider
as “degraded,” indicating potential issues with
the pointing or positioning systems (Beck et al.
2021), were eliminated; 17768 were affected by
this, representing 21.2% of observations.

(3) Footprint not labeled as “quality” by the
GEDI data provider (40,775 footprint or
48.6% of observations) were also eliminated;
a “quality” flag value of 0 (false) indicates

that the corresponding waveform has a poor
signal quality (Wang et al. 2022), which
leads to a higher degree of uncertainty for
the extraction of ground elevation.

Since there is some overlap between degraded and no-
quality footprints, filtering done in steps 2-3 above led to
a removal of 51,090 observations. The initial dataset was
reduced by 61%, with 32,666 footprints valid for further
analysis.

2.2.2. ALS data

LiDAR data was collected by Airborne Laser Scanning
(ALS) using a RIEGL Q780 scanner system mounted
on a DA42 MPP plane (Picu 2018). The vertical accu-
racy of this dataset is 30 cm (Pérvu, Ozdemir, and
Remondino 2020), compared to the resolution of 70
cm at which GEDI can detect sub-canopy elevations
(Qi and Dubayah 2016). Further, an accuracy of
130 cm indicates a performance better than that of
GEDI by at least a factor of 3, based on reported RMSE
values for GEDI ground elevations (Guerra-
Herndndez and Pascual 2021; Li et al. 2024; Liu,
Cheng, and Chen 2021; Quiros, Polo, and Fragoso-



Campon 2021; Wang et al. 2022). Therefore, the ALS
dataset was considered sufficiently accurate to serve as
reference data. LIDAR data was provided as classified
point clouds, with an average ground point density of
2.7 points/m*. Ground points were used for the inter-
polation of a DTM at a 1-m resolution.

2.3. Estimation of GEDI ground elevation
accuracy

Each GEDI footprint has an associated “elev_lowest-
mode” value, which corresponds to the elevation of
the ground surface, as it was identified by processing
the received waveform (Adam et al. 2020). Each foot-
print also has the geographical position (latitude and
longitude) of the center of area covered under the
footprint. This position was used to determine the
ALS DTM elevation corresponding to the center of
the footprint. Therefore, for each sample, two eleva-
tion values are known: GEDI elevation and the ALS
elevation serving as reference. Based on these, several
common statistical indices of accuracy were calcu-
lated: the Mean Unsigned Error (also called bias),
Mean Absolute Error (MAE), Root Mean Square
Error (RMSE) and relative Root Mean Square Error
(rRMSE).

"~ (Hgepi—H
Bias=y " (Fom—Fon) 1)
i-1 n
“~ |(Hgep1—H
MAE— Z |( GEDI DTM)| (2)
i-1 "

n 2
RMSE:\/Z (Hgepi—Hpr™) 3)
i—1

n

MSE

GEDI

R
rRMSE= %100 (4)

where Hggpr are the GEDI-estimated ground heights,
Hpry are the reference heights obtained from DTM
interpolated from ALS data, n is the number of sam-
ples (GEDI footprints), and Hggp; is the mean of
GEDI elevation estimates. Note that the positive bias
values indicate a tendency for GEDI to over-estimate
the ground surface, while negative values indicate
a tendency to under-estimate it.

2.4. Identification of outliers

Satellite LIDAR depends on multiple instruments and
sensors working as intended, therefore there is
a potential for very large errors affecting a very small
part of observations. These outlier values could be
caused by degraded pointing and positioning of the
system, or even cloud reflections (Urbazaev et al.
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2022) that are not identified by the GEDI waveform-
processing algorithm. The necessity of outlier removal
to increase the reliability of satellite LIDAR data has
been established before (Baban and Nitd 2023) and
previously published studies of GEDI accuracy have
considered the impact of outliers and applied different
methods to identify them, such as eliminating error
values outside the range defined by either mean
+3xsigma (Wang et al. 2022) or by 1.5xInterquartile
Range (IQR) (Quiros, Polo, and Fragoso-Campon
2021).

For this study, outlier values were identified using
the modified z-score approach. While the z-score
method is computationally fast and robust, the calcu-
lation of z-score is made using the mean value, which
is sensitive to outliers. Therefore, the method used for
outlier identification is itself influenced by the outliers
(Yaro, Maly, and Prazak 2023). To address this issue,
the modified z-score method uses the median and the
Median Absolute Deviation (MAD), which are not
influenced by outliers. The modified z-score is calcu-
lated using the formula:

0.6745 x (X; — X)

= MAD )

where M; is the modified z-score for observation i,
0.6745 is a constant that approximates a median-
equivalent of the standard deviation, X; is the relative
elevation error for observation i, X is the median of
X values, and MAD is equivalent to the median of the
absolute deviations of values from their median:

MAD = median(’Xi - 5(’)

Afterward, a threshold for z-score is applied that sepa-
rates outliers from non-outliers. In this paper, the
condition for an observation to be considered non-
outlier was —3.5 < M; < 3.5, as values threshold
values of 3.0 —3.5 are commonly recommended for
outlier identification (Iglewicz and Hoaglin 1993;
Yaro, Maly, and Prazak 2023). Using this approach,
elevation errors for 776 footprints (approximately
2.4% of filtered footprints) were identified as outliers:
170 negative outliers and 606 positive outliers
(Figure 3).

2.5. Factors potentially affecting GEDI
performance

Several external factors have been considered, as
potentially explaining the variation of GEDI ground
elevation errors. These factors can be classified as
follows:

(1) Forest conditions: 1) the presence of forest
vegetation, identified as area with Canopy
Height Model (CHM) values higher than 5m,
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Figure 3. Distribution of modified z-score (left) and empirical cumulative distribution function (ECDF) plot of modified z-score
(right). The red dashed line indicates the threshold for outlier identification (3.5).

a common threshold for separating forest from
non-forest vegetation (Sasaki and Putz,
2009), 2) the height of forest vegetation, also
estimated from the CHM and 3) the type of
vegetation (broadleaf or coniferous, included
in the L2A products).

Conditions related to GEDI data collection: 1)
beam type (coverage or power), 2) time of data
collection (daytime or nighttime) and 3) season
of acquisition; these are either directly available
in the GEDI L2A products or easily derived
from data associated with the products.
Morphological conditions: 1) ground slope
with a 3 x 3 Gaussian filter applied in order to
smooth extreme values and 2) the ruggedness
of the ground surface, as estimated by the
Terrain Ruggedness Index (TRI) (Riley,
DeGloria, and Elliot 1999).

2)

©)

2.6. Estimating the relative importance of factors

A hierarchy, based on the amount of error variability
that is explained by the variance of factors, was done
using the “calc.relimp” method from the statistical
analysis R package “relaimpo” (Gromping 2006).
This approach assumes that the relative order of fac-
tors included in a regression model that aims to
explain the independent variable (i.e. GEDI elevation
errors) corresponds to the amount of variance
explained by each factor (Wang et al. 2022). In this
manner, analysis of regression models with different
orders of the same factors can provide an estimate of
the relative importance of said factors (Gromping

2009). The analysis of relative importance was carried
out for 3 samples: filtered GEDI footprints (n=32,666),
footprints without outliers (n=31,890) and footprints
attributed to forested areas (n=17,451).

3. Results
3.1. Overall accuracy of ground elevation

Summary statistics for GEDI ground detection accu-
racy are presented in Table 1, before and after the
removal of outliers. The error distribution is shown
in Figure 4, while Figure 5 presents the scatterplots
showing the level of agreement between GEDI esti-
mates of ground elevation and reference values.

As expected, outliers have a strong influence on
goodness-of-fit statistics. For example, after outlier
removal RMSE improves by 70%, from 23.00 m to
6.75 m. Due to the presence of mostly positive outliers,
GEDI appears to overestimate ground elevation (bias
of 1.53 m). However, once outliers are removed, the
reverse is apparent, meaning a slight tendency to
underestimate elevation (bias of —0.53 m).

3.2. GEDI accuracy in relation to external factors

The following sections will report the GEDI accuracy
after stratification by factor categories. Please note that
the values of continuous factors have been distributed
over 5 classes using quantile breaks. Therefore, the
number of samples per category, rather than the
range of each category, is equal. Also note that only
GEDI footprints remaining after data filtering and

Table 1. Summary statistics of the overall accuracy for GEDI for ground elevation estimates.

RMSE  rRMSE
Sample MAE (m) Bias (m) Median error (m) Std. dev. (m) Min. error (m) Max. error (m) (m) (%) No. of samples
With outliers 7.06 1.53 -0.33 22.95 -80.15 383.66 23.00 250 32,666
After outlier removal 476 —-0.53 -0.38 6.73 -25.20 24.57 6.75  0.80 31,890
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outlier removal (n =31,890) are included in the ana-
lysis of factor influence.

3.2.1. Forest conditions

Three potential factors were considered in relation to
forest vegetation: its presence, the type of forest
(broadleaved or coniferous) and the canopy height
(Table 2). Note that for vegetation type and height
the number of samples is reduced, as only part of the
footprints are under forest cover (n=17,451). Error
statistics indicate that forest cover has an influence
on accuracy, with MAE increasing from 3.47 m to
5.82 m, while the negative bias of —1.41 m changes to
a less significant one of 0.19 m and RMSE increases by
47% (from 529 m in open ground to 7.75m in
forested terrain). This is also highlighted by the corre-
sponding boxplot (Figure 5(a)). The elevation accu-
racy also varies depending on the type of vegetation
(Figure 5(b)), but this is not statistically significant due
to the very low number of samples located in conifers
(n=117, less than 1% of forest footprints). The influ-
ence of vegetation height on GEDI performance is not
significant and singular enough to show a significant
correlation (r=0.21 - see Figure 5(c)), but once errors
are stratified by vegetation height classes, the influence

is more readily apparent. The accuracy of ground
elevation estimation decreases as vegetation height
increases, with RMSE values ranging from 6.04 m to
9.81 m between the lowest and highest forest heights
(an increase of 62%). The increasing bias and the
boxplots (Figure 5(d)) indicate that the lower accuracy
is due mainly to an over-estimation of the ground
surface as the canopy height increases.

3.2.2. GEDI operational conditions

The influence of beam type (coverage or power), the
time (daytime or nighttime) and season of data acqui-
sition were considered, for all valid footprints
(n=31,890) but also only for footprints located under
forest vegetation (n=17,451) (Table 3). Observations
collected by power beams provide a marginal increase
in accuracy, with MAE decreasing from 4.83 m to 4.69
m, while RMSE shows an insignificant decrease of
0.04 m. The type of beam appears to have a slightly
more significant effect inside the forest canopy, in
which case MAE improves by 4.5% (from 5.96 m to
5.69 m) and RMSE improves by 3% (from 7.88 m to
7.63 m). The presence of forest vegetation has a larger
impact on ground elevation accuracy than the type of
beam (Figure 6(a)). This is most clearly represented by
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Table 2. Variation of GEDI ground elevation accuracy dependent on forest conditions.
Median  Std.
Factor MAE Bias error dev.  Min. error Max. error  RMSE rRMSE No. of
Potential factor category (m) (m) (m) (m) (m) (m) (m) (%) samples
Presence of forest vegetation Open ground 347 -1.41 —0.45 5.10 —-25.20 2435 529 062 14,439
(CHM>5 m) Forest veg. 5.82 0.19 -0.26 7.75 —-25.13 24.57 775 091 17,451
Forest vegetation type Broad-leaved  5.84 0.19 —-0.27 7.76 -25.13 24,57 7.77 091 17,244
Coniferous 312 -0.79 —-0.46 4.46 -14.87 17.13 451 053 117
Forest vegetation height <92 m 438 145 -0.90 5.86 —24.58 23.61 6.04 0.71 3491
92m-132m 509 -1.07 -1.12 6.71 —24.93 24.01 6.79  0.80 3490
13.2 m- 557 -0.24 -0.39 7.31 —24.58 24.40 731 085 3490
174 m
17.4 m- 6.35 1.10 0.51 8.18 -24.99 24.54 825 097 3490
227 m
22.7 m- 7.71 2.61 1.40 9.46 -25.13 24.57 981 115 3490
459 m

the Empirical Cumulative Distribution (ECDF) plot
(Figure 6(b)), which shows that errors accumulate
faster (therefore the accuracy is better) in open
ground, regardless of beam type. However, in forested
areas there is a slight increase in accuracy provided by
power beams, across most of the range of error values.

A similar pattern is highlighted by the analysis of
performance by time of acquisition. Again, the results
indicate that the presence of forest vegetation has
a more significant impact on accuracy (Figure 7(a)),
but there is a slight increase in the accuracy of

footprints located inside the forest for data registered
during the night (Figure 7(b)).

The acquisition season was also considered in
the analysis, given that the most common land
cover for the study area was that of deciduous
forests. As expected, the season does not appear
to influence accuracy in open areas (Figure 8(a));
however, we do find a larger variation of errors in
forested areas, depending on season. In forested
terrain the lowest RMSE of 5.45m corresponds to
winter, while vegetative seasons (summer and
autumn) exhibit RMSE values larger than 8 m



Table 3. Variation of GEDI ground elevation accuracy, dependent on operational conditions.
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rRMSE
Beam type MAE (m) Bias (m) Median error(m) Stdev. (m) Min. error(m) Max. error(m) RMSE(m) (%) No. of samples
Coverage (all footprints) 483 -0.32 -0.50 6.76 —-25.13 24.57 6.77 0.79 14,743
Coverage (forest footprints) 5.96 0.81 0.02 7.84 -25.13 24.57 7.88 0.92 8,228
Power (all footprints) 4.69 -0.72 -0.29 6.69 —-25.20 24.55 6.73 0.79 17,147
Power (forest footprints) 5.69 -0.36 —0.54 7.62 —-24.99 24.55 7.63 0.89 9,223
Time of acquisition MAE (m) Bias (m) Median error(m) Stdev. (m) Min. error(m) Max. error (m) RMSE(m)  rRMSE  No. of samples
(%)
Daytime (all footprints) 4.89 —-0.48 -0.41 6.80 -25.13 2457 6.82 0.80 16,519
Daytime (forest footprints) 6.00 0.26 -0.26 7.89 -25.13 24.57 7.89 0.92 9,218
Nighttime (all footprints) 4.61 —-0.59 -0.37 6.65 —-25.20 24.55 6.67 0.78 15,371
Nighttime (forest footprints) 5.62 0.11 -0.26 7.59 -24.99 24.55 7.59 0.89 8,233
Season of acquisition MAE (m) Bias (m) Median error(m) Stdev.(m) Min. error(m) Max. error (m) RMSE (m) rRMSE  No. of samples
(%)
Winter 3.52 -2.36 -1.23 4.51 —24.93 24.35 5.09 0.60 2,449
(all footprints)
Winter (forest footprints) 4.04 —-2.86 -2.16 4.64 —24.93 21.77 5.45 0.64 1,321
Spring (all footprints) 430 -1.85 -1.14 5.69 —24.28 23.66 5.98 0.70 7,985
Spring (forest footprints) 5.25 -2.07 -1.85 6.61 —24.28 23.63 6.92 0.81 4,406
Summer (all footprints) 4.90 0.34 0.02 6.85 -25.13 24.57 6.86 0.80 16,421
Summer (forest footprints) 6.18 1.71 0.95 7.93 -25.13 24.57 8.11 0.95 9,226
Autumn (all footprints) 5.63 -0.40 —0.08 8.10 -25.20 24.54 8.11 0.95 5,035
Autumn (forest footprints) 6.43 0.17 -0.12 8.75 —24.99 24.54 8.75 1.03 2,498
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Figure 6. Boxplot (a) and ECDF plot (b) showing the variation of GEDI ground elevation errors by beam type, inside and outside of

forest vegetation.
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(Figure 8(a)). Also, the footprints collected in for-
est areas outside the vegetative season (winter or
spring) have negative bias values, while footprints
corresponding to the vegetative season (summer
and autumn) have positive bias values. This
appears to point to the presence of leaves as one
of the factors leading to the overestimation of
ground elevation.

The influence of acquisition season for forest foot-
prints is also confirmed by the ECDF plot
(Figure 8(b)), which shows that inside forest areas
errors accumulate slower (therefore the accuracy is

degraded) for data collected in summer or autumn.
It should be mentioned that even if a footprint is
classified as “bare earth,” it could have vegetation
present, just not as high as the 5-m threshold used
for forest identification. This could explain the lower
accuracy of bare ground footprints collected during
autumn (Figure 8(b)).

3.2.3. Morphological conditions

Two morphological factors have been included in the
analysis: ground slope and the ruggedness of the
ground as estimated by the TRI. These can be

Table 4. Variation of GEDI ground elevation accuracy, dependent on ground conditions.

Std.

Bias Median error dev. RMSE  rRMSE
Ground slope (percent) MAE (m) (m) (m) (m) Min. error (m)  Max. error (m) (m) (%) No. of samples
<183 3.70 0.06 0.01 5.61 —24.58 24.09 5.61 0.66 3,491
18.3-24.4 541 0.22 —0.43 7.28 —24.99 24.57 7.28 0.85 3,490
24.4-29.6 5.91 0.31 -0.57 7.70 —24.86 24.55 7.71 0.90 3,490
29.6-35.0 6.70 0.41 —0.40 8.49 —24.51 24.27 8.50 1.00 3,490
>35.0 7.38 - —0.04 -0.73 9.18 -25.13 24.55 9.18 1.07 3,490
TRI MAE (m) Bias Median error ~ Stdev  Min. error (m)  Max. error (m)  RMSE ~ rRMSE  No. of samples

(m) (m) (m) (m) (%)
Low ruggedness 3.92 0.03 —0.02 5.89 —24.58 24.09 5.89 0.69 3,491
Medium-low ruggedness 5.44 0.23 -0.46 7.31 —24.99 24.57 7.31 0.86 3,490
Medium ruggedness 5.94 0.21 -0.57 7.73 —24.56 24.55 7.73 0.91 3,490
Medium-high ruggedness 6.59 0.10 -0.71 8.44 —24.61 24.54 8.44 0.99 3,490
High ruggedness 7.21 0.39 —0.12 9.00 —25.13 24.55 9.01 1.06 3,490




understood as different ways to express the same con-
cept, which is the complexity of local topographical
conditions. Note that because numerical values of TRI
are a-dimensional and not necessarily meaningful,
instead of reporting the range of values we have
labeled TRI categories from “low” to “high.” For brev-
ity, statistical indicators are only presented for foot-
prints located inside forested areas (Table 4).

The analysis of errors stratified by slope shows that
steepness has an impact on accuracy when considering
all footprints (Figure 9(b)) or only those footprints
located in forested areas (Figure 9(d)). This is also
highlighted by MAE, which for forest footprints
increases along with the steepness, from a minimum
of 3.70 m to a maximum of 7.38 m for footprints on
slopes larger than 35%. Meanwhile, RMSE increases
by 64% from the lowest to the highest slope category.
When considering all valid footprints (Figure 9(a)),
a somewhat significant positive association is high-
lighted (r=0.42), but the strength of the association is
seemingly reduced when considering only forest foot-
prints (r=0.28). However, the reduced sample size
could simply lead to an r-value more likely to fluctuate
due to random sampling variability.

The effect of terrain ruggedness on accuracy follows
a very similar pattern to that of slope, in terms of: (1)
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the strength of correlation for all valid footprints
(Figure 10(a)) vs. only forest footprints
(Figure 10(c)); (2) the variation of RMSE values and
other statistical indicators of accuracy (Table 4); and
(3) the impact on overall accuracy as highlighted by
boxplots of elevation error values stratified by terrain
ruggedness categories (Figure 10(b,d).

3.3. Relative importance of external factors on
GEDI performance

Factors described earlier were ranked in terms of their
relative importance in explaining the amount of varia-
bility of ground elevation errors (Table 5). Note that
factors are sorted in descending order of their impor-
tance in explaining the error variation for forest foot-
prints. Also note that forest type was only considered for
footprints in forest areas, while the type of cover (bare
ground vs. forest) was excluded, given that it was directly
derived from canopy heights (which is another factor
considered). The season of acquisition explains a large
part of the error variation, especially for forest footprints,
in which case it is associated with 51% of variation
(Figure 11). For the case of forest footprints, canopy
height also has a significant influence (approximately
37% of variance explained). If outliers are included, two
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Figure 9. Scatterplot (a) and boxplot (b) showing the variation of ground elevation errors by ground slope, for all GEDI footprints
(n=31, 890). Scatterplot (c) and boxplot (d) showing the variation of ground elevation errors by ground slope, for GEDI footprints

located inside forest areas (n = 17,451).
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Table 5. Relative importance of factors in explaining the variability of GEDI ground elevation errors.

Relative importance

Factor for all footprints (%)

for footprints without outliers (%)

Relative importance
for forest footprints (%)

Relative importance

Season of acquisition 22.73
Canopy height 32.60
Beam type 21.83
Morphometric feature 1.29
Ground slope 1.16
Forest type Not applicable
Terrain ruggedness 1.22
Time of acquisition (day/night) 19.18

32.41 51.17
56.02 3732
1.44 5.57

2.84 227

4.72 1.85

Not applicable 0.66
2,07 0.61

0.50 0.55

factors are highlighted as becoming significantly more
important: beam type (increasing from a percentage of
5% to 22%) and the time of data acquisition (increasing
from under 1% to 19%). These are only relative measures
of importance, so, for example, the season of acquisition
should not be understood as explaining 51% of the
variance in forested terrain. Rather, it explains 51% of
the variance explained by all factors together.

4. Discussion
4.1. Overall accuracy

Analysis of GEDI error distribution shows that a small
number of observations (in this case approximately

2%-3%) are not properly filtered by the quality and/
or degrade flagging introduced in GEDI v2. Errors
associated with these outliers tend to be positive and
reach a maximum of over 383 m, negatively affecting
the overall accuracy. Very large errors, likely occurring
when the GEDI system malfunctions or there are
issues regarding waveform processing, will most com-
monly lead to an overestimation of the ground surface
(positive outliers, as shown in Figure 4(c)). The large
impact a small number of outliers can have in analyses
of GEDI performance has been previously pointed
out, with filtering proposed to improve results
(Wang et al. 2022). As an example, Adam et al.
(2020) tested GEDI performance in two study sites
located in temperate forest areas in central Germany,
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reporting positive outliers in the Thuringian area,
characterized by complex topographical conditions,
relatively similar to our study area. These significant
overestimations of ground elevation affecting
a relatively small number of GEDI footprints reduce
the correlation between GEDI and reference eleva-
tions to a larger degree than in our case (R* of 0.934,
as compared to 0.996 in our case), but this is likely
explained by the fact that Adam et al. (2020) analyzed
GEDI v1 data, which had a significantly larger geolo-
cation error. The lower accuracy of GEDI vl is also
apparent in the case of Kutchartt, Pedron, and Pirotti
(2022), which reported an RMSE value of 10.7 m for
the case of footprints located inside alpine forest
stands in northern Italy.

Guerra-Hernandez and Pascual (2021) estimated the
accuracy of GEDI-derived ground elevation for
a forested area in the Lugo province of Spain, reporting
an RMSE of 4.45m for conditions of at least 70%
canopy cover. While this RMSE indicates a higher accu-
racy of ground surface detection than in our study, it
must be noted that the research is focused on P. radiata
and P. pinaster, which would likely not have as complex
a vertical structure as the broadleaved forest stands
predominant in our study area. Also, the authors pro-
pose a method for outlier removal which could poten-
tially lead to a more aggressive filtering of outliers,
thereby improving goodness-of-fit statistics. The
authors report a bias of 0.18 m, which matches the
bias of 0.19 m for the present study, in the case of forest
footprints. Liu, Cheng, and Chen (2021) analyzed GEDI

v2 data for 40 sites spread across North America,
reporting an RMSE of 4.03 m and a MAE of 1.80 m.
While this highlights a higher accuracy than in our
study (with an overall RMSE of 6.75m and MAE of
4.76 after outlier removal), it should be noted that Liu,
Cheng, and Chen (2021) performed a geolocation error
correction of footprints based on waveform matching,
which can significantly increase elevation accuracy,
given the expected geolocation error of approximately
10 m for GEDI v2. On the other hand, Quiros, Polo, and
Fragoso-Campon (2021) report an RMSE of 6.05 m and
a bias of 0.41 m when comparing ground elevation from
approximately 12,000 GEDI footprints against ALS
reference data. The authors propose a methodology of
shifting GEDI footprints in 16 directions evenly distrib-
uted around the initial position and selecting the loca-
tion of lowest RMSE, to compensate for the geolocation
error. This approach apparently leads to a level of
accuracy comparable with the simpler method of outlier
detection and removal used in this research, based on
modified z-score. Of course, both approaches require
validation data in the form of a reference DTM. Overall,
we find that in terms of general accuracy, results agree
with previous studies, for the most part.

4.2. Changes of GEDI accuracy with the variation
of external factors

To better understand the interaction between GEDI
and the environment, several external factors were
considered in the analysis, related to the
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characteristics of forest vegetation, GEDI’s operation
and topographical conditions.

4.2.1. Forest conditions

Our findings suggest that forest cover leads to
a lower accuracy of ground surface retrieval. It has
to be mentioned that a threshold 5m for canopy
height was used for classifying footprints as “forest”
rather than “open ground,” but some footprints in
the latter category might cover areas with vegetation
shorter than 5 m. This would imply that the differ-
ence in accuracy between forested terrain and com-
pletely bare ground is likely even more significant.
A possible explanation is that the presence of forest
canopy causes less energy to return from the ground
surface, complicating the interpretation full-
waveform data (Urbazaev et al. 2022). Similar
results have been reported before. For example,
Liu, Cheng, and Chen (2021) compared GEDI accu-
racy for various land cover types and determined
that terrain height retrieval is most problematic in
forest ecosystems. The complexity of estimated
ground elevation from satellite LIDAR in forest eco-
systems has also been previously established
(Guerra-Hernandez and Pascual 2021; Li et al.
2024). Wang et al. (2022) also report larger bias
values areas predominantly covered by forest,
while Pronk, Eleveld, and Ledoux (2024) test GEDI
v2 performance in various sites (located in the
Netherlands, Switzerland and New Zealand), with
RMSE increasing from 2.96 m (when considering all
landcover classes) to 4.64 m (when taking into
account only areas with tree cover).

The second vegetation characteristic we took into
account was the type of vegetation (broadleaved vs.
coniferous). An expected higher accuracy for conifer-
ous forest stand is found but it should be noted that,
given the very small number of samples for the con-
iferous category (n=117), these results do not have
statistical significance. However, they are in agreement
with published research, as Kutchartt, Pedron, and
Pirotti (2022) also find a better terrain estimation in
coniferous stands, while Wang et al. (2022) report the
challenge of terrain identification on waveforms in
broadleaf forests with dense cover. Yang et al. (2024)
considered the case of coniferous stands in northeast-
ern China, reporting RMSE values between 3.19 and
4.50 and biases from —2.69 to — 3.06, depending on site
and leaf on/off conditions. These relatively high
accuracies, in comparison not just to our study, but
also other studies focusing on forested environments,
could be explained by the focus on coniferous
vegetation.

Given the likely attenuation of energy by its inter-
action with the forest canopy and the decrease of SNR
(Signal-to-Noise Ratio) it causes, it follows that the
height of the canopy is another contributing factor to

ground detection accuracy. Our results show consis-
tent increases of RMSE, MAE and standard deviation
of errors with each forest height category.
Furthermore, for forest footprints, the analysis of rela-
tive importance shows that canopy height is
the second-most important factor affecting accuracy,
explaining 37% of error variation. This pattern goes
toward validating previous research concerning the
influence of canopy height on GEDI ground surface
retrieval. For example, Kutchartt, Pedron, and Pirotti
(2022) report a significant ground elevation overesti-
mation of approximately 3m in high canopy condi-
tions, while Liu, Cheng, and Chen (2021) find
relatively high RMSE values (6 m —7 m) in dense and
tall (over 20 m high) canopies, concluding that the
waveform might be misinterpreted in these challen-
ging conditions. Adam et al. (2020) establish that
ground elevation accuracy drastically worsens once
canopy densities go above 75% and Liu, Cheng, and
Chen (2021) find that RMSE more than doubles (from
under 3 m to more than 6 m) between canopy heights
under 5m and above 20 m. The influence of tall and
dense canopies on the accuracy of data collected by
satellite LIDAR is also pointed out by Baban and Nita
(2023). Zhu et al. (2023) consider the specific case of
short stature vegetation for sites across the continental
United States of America, reporting high accuracies
for ground elevation estimates (RMSE of 1.40 m) for
footprints located in canopies lower than 5 m. On the
other hand, Adam et al. (2020) find that vegetation
height only influences GEDI ground accuracy at the
highest category (canopy heights over 30 m). We con-
sider that the issue is yet to be settled, as the interac-
tion of GEDI laser pulses and forest canopies of
different heights and species composition is also likely
complicated by factors such as the steepness of the
ground or the presence of sub-canopy vegetation. For
example, Urbazaev et al. (2022) carry out an extensive
study across six forest stand types located in Brazil,
Germany, South America and the USA (with a sample
size of 1.4 million GEDI v2 footprints) and report
an RMSE of 6.31 m for temperate broadleaved stands
and an unexpectedly higher RMSE (6.84 m) for con-
iferous stands. The authors state that one likely expla-
nation is the fact that the broadleaved stands
considered here are characterized by lower canopy
densities and ground slopes. On the other hand, Li
et al. (2024) report a significantly lower accuracy of
GEDI v2 ground data than most other studies (with
RMSE ranging from 11.68 m to 16.54 m, dependent on
slope conditions) carried out in coniferous conditions.
This could partly be explained by the fact that the
study area chosen is covered by artificial conifer
stands, which generally tend to have higher density
than natural ones (Osipenko and Zalesov 2021).
Taking these issues into account, we consider that
further studies focusing on the influence of forest



vegetation characteristics on GEDI ground accuracy,
in various types of forest ecosystems, are warranted.

4.2.2. GEDI operational conditions

Our findings show that data collected by power
beams provides only a slight increase in ground
detection accuracy, when compared coverage
beam data (RMSE improves by 0.04 m, from 6.77
m to 6.73m). Inside the forest vegetation, the
benefit of power beam footprints is somewhat
more significant (with RMSE improving by 0.25
m, from 7.88m to 7.63m). This is expected, as
more energy will reach the ground level under the
canopy, leading to a more pronounced final peak
in the waveform and a more confident ground
detection. Beam accounts for 22% of the error
variation explained by considered factors.
However, when outliers are excluded, beam type
becomes a much less significant factor, with rela-
tive importance ranging between 1% and 5%. This
fact could be attributed to the uneven distribution
of outliers across beam types, with 70% of them
corresponding to data collected by power beams.
Therefore, without further research this can only
be attributed to random variation. Overall, we find
that the slight impact of beam type on GEDI
performance reported here is in agreement with
most previous research, as most studies find that
coverage beams can provide useful data at the cost
of slightly reduced accuracy. For example, Liu,
Cheng, and Chen (2021) report that RMSE
improves from 5.19m to 3.56m when using
power beam data collected during the night. This
significant increase is explained by the fact that in
this study no outlier removal was employed, there-
fore selecting only nighttime power beam is an
indirect manner by which outliers can be mostly
eliminated, as the authors state. Meanwhile, Zhu
et al. (2023) obtain RMSEs of 1.39 m and 1.62m
(for power and coverage beams, respectively),
Pronk, Eleveld, and Ledoux (2024) report median
errors of 0.02m and 0.06 m for the same two
cases, Wang et al. (2022) find a marginal increase
in RMSE of 0.10 m and Kutchartt, Pedron, and
Pirotti (2022) report that beam type does not
impact the distribution of elevation errors. An
interesting case is that presented by Li et al.
(2024), which report a more significant improve-
ment of accuracy for power beam data (RMSE of
15.00 m, as compared with 17.34 m for coverage
beam data). As discussed previously, this could be
partly explained by the specifics of the forest type
analyzed here (artificial coniferous stands) and the
fact that only footprints located inside the canopy
were considered. However, this does suggest that
the benefit brought about by the increased laser
energy of GEDI power beams in various forest
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types, canopy densities and heights is yet to be
fully understood.

In terms of data collection time, nighttime data is
expected to have less background radiation and there-
fore an improved SNR (Adam et al. 2020). As
expected, this is again more evident when considering
footprints located inside forest vegetation (with RMSE
improving from 7.89 m for daytime data, to 7.59 m for
nighttime data), in which case any additional energy
that reaches the ground will aid elevation estimation.
While this factor is not widely considered in research,
a limited number of previous studies have also
reported a minor increase in accuracy for nighttime
data: Urbazaev et al. (2022) report an improvement of
mean elevation error from 0.59 m (daytime) to 0.54 m
(nighttime), Pronk, Eleveld, and Ledoux (2024) estab-
lish that median elevation error improves from 0.06 to
0.02, while Kutchartt, Pedron, and Pirotti (2022)
report no influence on error distribution. This beha-
vior can be explained by the much higher laser energy
of the GEDI instrument, compared, for example, to
the ATLAS sensor onboard the ICESat-2 platform
(Pronk, Eleveld, and Ledoux 2024). Therefore, we
consider that the marginal increase in terms of accu-
racy obtained by eliminating daytime data is not worth
the reduction in terms of spatial coverage, possibly
with the sole exception of very high and dense forest
canopies.

The season of acquisition seems to be the most
significant factor in explaining the accuracy of ground
elevation estimates for the present study, especially in
areas covered by forest ecosystems (where it has
a relative importance of 51%). In areas with vegetation
cover, RMSE values are significantly better for winter
or spring (5.45m and 5.98 m, respectively), when
compared to data collected during summer or autumn
(RMSEs of 8.11 m and 8.75m, respectively). Given
that most forest stands in the study area are composed
of broadleaved trees, the season of acquisition can be
considered as a substitute for the density of canopy
cover. While no previous studies considering season as
a potential factor have been identified, we find that we
are in agreement with studies that have taken into
account canopy density and reported decreasing
accuracies in dense forest ecosystems. Wang et al.
(2022) report an overall RMSE of 1.38 m after outlier
removal in a manner similar to our study but find that
accuracy degrades in dense forests located on steep
slopes (RMSE of 6.90 m). The authors conclude that
the most problematic case for ground estimations
from GEDI footprints is that of broadleaved stands
with high canopy densities. Liu, Cheng, and Chen
(2021) also report a decrease in accuracy from canopy
densities under 20% (with RMSE values below 3 m) to
the densest canopy conditions (RMSE over 7m for
canopy densities above 90%). Quiros, Polo, and
Fragoso-Campon (2021) present very similar findings,
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with RMSE increasing from approximately 5m (in
canopies with densities under 20%) to more than 8 m
(for canopy densities above 80%).

4.2.3. Morphological conditions

GEDI is an LF (Large Footprint) LiDAR system, so
that the ground elevation it records does not corre-
spond to the center of its footprint specifically, but
rather to the interaction between the emitted energy
and the ground area covered by the footprint
(which for the case of GEDI can be considered
a circle with a diameter of approximately 25 m). In
other words, the estimated terrain height is, in the
ideal case, an average terrain height of the area
inside the footprint. Once the topographical com-
plexity of the surface increases, it follows that this
average elevation will tend to deviate from the ele-
vation corresponding to the center of the footprint
(the location at which it is stored). Therefore, an LF
LiDAR system is expected to have worsening accu-
racy in areas of high topographical complexity
(Silva et al. 2018; Wang et al. 2019). The most
used indicator of terrain complexity is slope, likely
the most analyzed factor in studies of satellite
LiDAR performance. Our results highlight
a significant influence of slope on accuracy, with
steeper terrain leading to larger RMSE or MAE
values, and a wider spread of error values. The
effect is even more pronounced in steep terrain
covered by vegetation, as in this case the width of
the footprint increases and the peak in the wave-
form corresponding to the ground surface will be
mixed up with peaks located inside the canopy,
until it can actually disappear (Wang et al. 2019).
This phenomenon is caused by vegetation and
ground returns occurring at similar altitudes due
to the steepness of terrain. Another issue is that of
GEDTI’s geolocation error (which is estimated to be
around 10 m for v2 data used for this study), which
will induce a larger ground elevation uncertainty in
steep terrain, as compared to flatter areas (Schleich
et al. 2023). As an example, Kutchartt, Pedron, and
Pirotti (2022) used GEDI vl data collected in alpine
forest stands and reported a very significant
increase in RMSE with ground steepness: 4.4 m for
slopes under 5 degrees, approximately 50 m for
slopes of 50 — 55 degrees and an RMSE as high as
77m for the steepest areas (over 60 degrees).
Quantitative analysis of the relation between slope
and elevation accuracy is difficult, due to three
issues: (1) the wide range of slope values character-
izing various study areas, (2) the manner in which
slope classification is carried out, with studies
employing either fixed slope intervals (generally 5,
10, 15, or even 20 degrees — which can have
a significant influence on RMSE values for each

class) or quantile breaks ensuring an even

distribution of samples across slope cases (like in
our study) and (3) the very low sample size for
some slope classes (generally the highest ones)
reported in most studies. However, we find that
the general trend identified here confirms previous
studies, while the magnitude of accuracy degrada-
tion (with RMSE seeing a two-fold increase between
the lowest and highest slope class — from 5.61 m to
9.18 m for slopes under 18 and over 35 degrees,
respectively) is also similar to prior research. For
example, Adam et al. (2020) report a constant
increase of MAE with slope, Liu, Cheng, and Chen
(2021) find an increase of RMSE from approxi-
mately 3m (for slopes under 5 degrees) to over 6
m (for slopes over 30 degrees), Quiros, Polo, and
Fragoso-Campon (2021) report RMSE values ran-
ging from 2 (for slopes under 5 degrees) to 10 m
(for slopes over 25 degrees), noting that areas with
slopes over 40 degrees exhibit the largest dispersion
of elevation errors. Meanwhile, Urbazaev et al.
(2022) also establish a pattern of worsening accu-
racy due to steepness, especially for slopes above 15
degrees (with no RMSE values reported), while
Wang et al. (2022) report that RMSE improves by
1.93 m from steep areas to flat terrain, Zhu et al.
(2023) find that RMSE increases from approxi-
mately 1 m (for flat terrain) to more than 2.5m
(for slopes over 20 degrees) in the case of short
stature vegetation and Pronk, Eleveld, and Ledoux
(2024) establish that median elevation error
increases from — 0.05m (for slopes between 5 and
10 degrees), to —1.08 m (for slopes over 30 degrees).
By contrast, Guerra-Hernandez and Pascual (2021)
report a general increase of error range with steep-
ness, but no clear pattern is identified and no RMSE
values per slope class are presented.

Terrain ruggedness exhibits a similar influence on
accuracy as slope. While the case of terrain ruggedness
is hard to put into a larger context, as no previous
studies accounting for it have been identified, rugged-
ness is, like slope, a measure of topographical com-
plexity and it should be expected to influence GEDI
accuracy in a similar manner. Both morphological
factors considered in this study have low values of
relative importance in explaining the variation of
ground elevation estimates, which could potentially
be attributed to the specifics of the study area. Our
results show that, while taken individually, slope or
terrain ruggedness influence obtained accuracies, the
effect is not as significant as the presence of forest
vegetation, its height and canopy density (indirectly
considered by the season of GEDI data acquisition).

5. Conclusions

The GEDI satellite program currently provides the
most complete set of measurements of the canopy



structure and the bare ground underneath it yet avail-
able (Qi and Dubayah 2016). The potential of GEDI
data being used in combination with other data
sources, such as radar or optical, for greater coverage
and wall-to-wall sampling, requires an understanding
of error sources and expected accuracy for all products
involved (Liu, Cheng, and Chen 2021). Therefore, the
purpose of this study was to establish the accuracy of
ground surface estimates for GEDI version 2 products,
which have an improved geolocation error of 10 m
(compared to the initial one of 25 m) and a new “qual-
ity” flag, which can be used for filtering out potentially
mis-identified ground returns. The results, which are
focused on forested areas, indicate that some outlier
values remain in the data even after filtering using
GEDI’s “degrade” and “quality” flags. While they
represent a small proportion of the dataset (in this
case approximately 2%), they do need to be addressed
as they significantly degrade overall accuracy. When
considering the accuracy presented here, it has to be
kept in mind that the estimation of the ground surface
from satellite LiDAR is known to be a challenging
process (Duncanson et al. 2020) and even more so in
forest environments (Guerra-Herndndez and Pascual
2021).

In terms of external factors, the presence of forest
vegetation, its height, ground slope and ruggedness all
influence accuracy, to varying degrees. In terms of
factors that can be controlled, this study has shown
that using only footprints collected by power beams
during the night provides a slight increase in accuracy,
but not enough to be worth removing numerous accu-
rate observations collected by coverage beams or dur-
ing the day. The only factor concerning GEDI data
collection that has a significant influence on ground
elevation estimates in forested environments was the
season of acquisition. Thus, we establish that when the
area of interest consists of broadleaved forests, it is
worth focusing only on GEDI granules collected out-
side the vegetative season.

The author considers that the GEDI mission can be
the main driver behind a revolution in forest monitor-
ing at global scales (Quiros, Polo, and Fragoso-
Campon 2021), while also acknowledging that it is
yet to realize its full potential, especially considering
its operational integration in forest monitoring and
management.
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