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GEDI Elevation Accuracy Assessment: A Case
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Abstract—Information about forest structures is becoming cru-
cial to earth’s global carbon cycle, forest habitats, and biodiversity.
The Global Ecosystem Dynamics Investigation (GEDI) provides
25-m diameter footprints of the surface for 3-D structure measure-
ments. The main goal of this study is to compare 12 031 footprints
of GEDI data with other airborne and spaceborne digital elevation
models (DEMs) for Southwest Spain. Ground elevation differences
[elevation of the lowest mode (ELM)] are analyzed by comparing
GEDI measurements with airborne laser scanning (ALS) LiDAR-
and TanDEM-X-derived DEMs. The vertical structure (RH100)
is compared to the ALS LiDAR measurement. Ten zones are an-
alyzed, considering different degrees of coverage and slopes. We
achieved a root mean square error (RMSE) of 6.13 m for the
ELM when comparing GEDI and LiDAR data and an RMSE of
7.14 m when comparing GEDI and TanDEM-X data. For some
of the studied areas, these values were considerably smaller, with
RMSE values even lower than 1 m. For the RH100 metric, an
RMSE of 3.56 m was achieved when comparing GEDI and LiDAR
data, but again with a minimum value of 2.09 m for one zone. The
results show a clear relation to coverage and slope, especially for the
latter. This work also evaluates the positional uncertainty of GEDI
footprints, shifting them ±10 and ±5 m along and across the track
of the satellite orbit and their intermediate angular positions. The
outcomes reveal a strong tendency to obtain better results in the
ELM when setting the footprint to 270° and displacing it within
10 m of its positional uncertainty in comparison with the LiDAR
and TanDEM-X data.

Index Terms—Digital elevation models (DEMs), error analysis,
forestry, uncertainty, vegetation mapping.

I. INTRODUCTION

IN RECENT years, LiDAR technology has become a pow-
erful tool for the study of the earth’s surface from a 3-D

perspective. LiDAR remote sensing from three platforms—
ground, airborne, and spaceborne—has the potential to acquire
direct 3-D measurements of the forest canopy that are useful for
estimating a variety of forest inventory parameters [1].
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Airborne laser scanning (ALS) has been, in recent decades, the
main source of information used for forest structure modeling.
Large areas or even whole countries are covered with 3-D point
clouds collected by ALS systems [2]. ALS data are used in mul-
tiple forest settings, such as to estimate aboveground biomass
[3], to determine forest fuel characteristics of mortality-affected
forests [4], to delineate crowns and classify tree species [5]–[7],
or even to separate overstories and understories in forested areas
[8], in some cases in combination with spectral images.

Two spaceborne laser scanners with the ability to scan vege-
tation structures, the ICEsat-2 and Global Ecosystem Dynamics
Investigation (GEDI) missions, were launched in 2018. In the
case of ICEsat-2, this was not its main objective, as its central
mission was to enable the estimation of heights of ice sheets and
sea ice thickness. However, it can provide an initial estimation
of global vegetation height [9]. From its launch, it has been
used to estimate aboveground biomass and forest canopy cover
in Narine et al. [10] and even to map forest canopy height in
Li et al. [11] with other satellite images.

On December 5, 2018, the National Aeronautics and Space
Administration (NASA) launched the GEDI spaceborne LiDAR
sensor, designed to measure the earth surface structure and
canopy structure of vegetation and to provide a biomass map
at a 1 km spatial resolution [12]. The GEDI was deployed on
the International Space Station (ISS) and started operations on
March 25, 2019. The GEDI mission, which is scheduled to be
operational for at least two years, is expected to collect ap-
proximately 10 billion cloud-free land surface observations. The
goal of the GEDI mission is to provide data for studying forest
structures and biomass in tropical and temperate environments of
between 51.6° north and south, following the ISS path and being
the first instrument specifically optimized to measure vegetation
structures [13].

The GEDI instrument is comprised of three geodetic-class
lasers, one of which is split into two weaker energy beams,
resulting in four GEDI beams that are optically dithered to
form eight parallel tracks. These parallel tracks are spaced 600
m across the flight track direction, leaving a distance of 4.2
km between the first and last tracks. Each laser shoots 242
times per second, creating a footprint with a 25 m diameter
on the surface on which the 3-D structure is measured. The
edge of every footprint is separated 35 m from the follow-
ing or, equivalently, the footprint centers are separated 60 m
apart [13], [14].

The GEDI provides some data products for each footprint that
can be freely downloaded from the NASA EarthData Platform.1

1Online. [Available]: https://earthdata.nasa.gov/
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There are several levels of products available for download [13].
The raw waveforms collected by the system are delivered at the
L1A level. Waveforms processed to identify ground elevation,
canopy top height, and relative height (RH metrics) are included
in the L2A dataset. In L2B, various canopy metrics are calcu-
lated. Level 3 products are gridded by spatially interpolating
L2 footprint estimates of topography, canopy height, canopy
cover, the leaf area index (LAI), vertical foliage profiles and their
uncertainties. Level 4 products are the highest levels GEDI prod-
ucts, and they measure above-ground biomass density. Level 1B,
Level 2A, and Level 2B data from the GEDI are available from
the Land Processes DAAC.2 Gridded Level 3 GEDI data will be
available from ORNL DAAC beginning in mid-2020 with Level
4 data to follow in early 2021.

GEDI data are being used for multiple purposes, such as to
estimate time since the last stand-replacing disturbance to model
forest ecosystem processes [15], estimate biomass [14], [16], es-
timate forest height [17], explore the relation between the verti-
cal canopy structures and tree species [18], detect changes in for-
est structures [19], map the diversity of canopy structures [12],
or even define the elevation for inland waterbody altimetry [20].

LiDAR systems are not the only systems with the ability to
provide 3-D information about the surface of the earth. Synthetic
aperture radar (SAR) has been used for forest monitoring for
several years. SAR satellites have been proven to discriminate
forest/vegetation [21], [22], not only to map forest vegetation
[23]–[25] but also to characterize the vertical forest structure
[26] to estimate forest aboveground biomass [27]–[29] and many
other variables.

Several SAR satellites can be used for forest monitoring
[30], such as SENTINEL 1 [31], ALOS PALSAR [32], ICESat
GLAS [11], ENVISAT ASAR and RADARSAT [33], and one
of the most used, TanDEM-X (TDX) [34]. Since September
2010, a second satellite TDX was added to TerraSAR-X for
the acquisition of a global digital elevation model (DEM) from
bistatic X-band interferometric SAR acquisitions. The TDX
mission was financed by a public-private partnership between
DLR and Airbus Defense and Space. Since September 2016,
the TDX DEM has been considered one of the most consis-
tent, highly accurate, and complete global DEM datasets of the
earth’s surface [35]. There are several DEM products: the TDX
DEM, the TDX Intermediate DEM, and DEMs for special user
requests. The first is a global product with a nominal pixel of
0.4 arcseconds that corresponds to approximately 12 m. The
DEM’s production includes the generation of other information
layers, such as height error map data, which represent the height
error [standard deviation (SD)], from rigorous error propagation.
Many studies have confirmed the usefulness of the TDX DEM
for various purposes. It is used mainly for flood detection [36]
and other hydrological purposes [37]. However, works have also
used the model to obtain canopy height models for forested areas
[38].

As noted earlier, GEDI measurements of forest canopy height,
canopy vertical structures, and surface elevation are used to
characterize important carbon and water cycling processes,
biodiversity levels, and habitats [39], but as the GEDI is a

2Online. [Available]: https://daac.ornl.gov/cgi-bin/dataset_lister.pl?p=40

sampling mission, it is limited in the spatial resolution of grids
(wall-to-wall) that can be produced. A finer, continuous spatial
resolution can be achieved by combining these data with other
remote sensing data [13], [40]. The fusion approach from GEDI
and TDX indicates a great possibility for generating global-scale
forest maps and biomass maps (where the GEDI data will be
available) with unprecedented spatial resolution [41]. In this
sense, GEDI data are combined with TDX measurements in
Choi et al. [42], Lee et al. [41], and Lee et al. [43] to express
physical forest structure. This approach was also used for forest
structure modeling before the GEDI launch [44] with simulated
GEDI data.

Additionally, GEDI data have been combined with ALS, but in
this case, this was not done to extrapolate the intermittent GEDI
measurements but to evaluate the accuracy of both datasets,
especially in quantifying the biomass and vertical structure of
vegetation. The assessment of GEDI and ALS measurements has
been carefully analyzed in Silva et al. [45] and Hancock et al.
[46] but with simulated GEDI observations. It is challenging to
interpolate the data between spotted data to match with the other
optical images (continuous overage data). To prove the method
and validate the height data, the ground locations between field
measurement places and laser shot area have to be matched
accurately [47].

Therefore, the study of differences in elevation between ac-
tual data captured by the GEDI satellite and other sources of
information with which it is usually combined is now necessary.
The GEDI is proving to spur a major revolution in global forest
monitoring. As stated in Duncanson et al. [14], the accuracy
of vegetation metrics depends on the accuracy of the ground
elevation estimation for each waveform. Its recent emergence
means that its accuracy, in terms of measured elevations (terrain
height and canopy height), has not been studied in detail, and it is
necessary, while the GEDI mission’s ground finding algorithm
is still under development [14].

In this way, the overall goal of this study is to compare GEDI
elevation real data with other airborne and spaceborne DEM
data for Southwest Spain. For this purpose, ground elevation
differences were analyzed by comparing GEDI measurements
with ALS- and TDX-derived DEMs. Complementarily, and due
to the great importance of vertical structure data for the GEDI
sensor, differences between vegetation heights and the eleva-
tions of its upper end were compared to ALS measurements.
Finally, all comparisons have been extended to the whole area
of uncertainty in geolocation of the footprint, studying whether
there is any predominant trend for a better fit between GEDI
measurements and ALS- and TDX-derived DEMs.

II. STUDY AREA AND DATASETS

The study areas are located in Southwest Spain in the region
of Extremadura of the province of Cáceres, which extends across
latitudes of 39.03° to 40.48° N and longitudes of 7.54° to
4.95° W. The climatic characteristics of the study area corre-
spond to the Mediterranean pluviseasonal continental variant
[48] (see Fig. 1). Ten zones with varied vegetation cover, dif-
ferent elevations, and diverse relief characteristics were chosen
(see Table I).
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Fig. 1. Study area divided into ten zones.

TABLE I
GENERAL CHARACTERISTICS OF EACH ZONE

Three different datasets were used in this study: the GEDI
dataset, which is the target dataset to be studied in terms of ac-
curacy, the TDX dataset, which is our first source of comparative
data, and the ALS LiDAR dataset, which is our second source
of comparative data and, in terms of accuracy and temporal
acquisition closeness, our most robust source of comparison.

GEDI is expected to obtain canopy heights generally accurate
to about 1 m [49], [50]. Based on the prelaunch assessment and
assuming full system calibration, the geolocation uncertainty of
the data is 10 m [49]. Data were captured between May and
September 2019.

The TDX DEM has an absolute horizontal and vertical ac-
curacy level of 10 m in general. For slopes of less than 20%,
the relative vertical accuracy is 2 m, and for slopes of greater
than 20%, this relative accuracy is 4 m [35]. Data were acquired
between 2011 and 2014.

LiDAR data were acquired between late 2018 and early 2019
with a resolution of 2 points/m2. In terms of accuracy, LiDAR
data have an altimetric root mean square error (RMSE) of 0.15
m and planimetric RMSE of 0.30 m [51]. These features make
these data the most accurate source used in this work.

The altimetric heights of the three data sources refer to the
WGS-84 ellipsoid.

III. METHODOLOGY

A. Data Preparation

1) GEDI Data: GEDI data products are recorded for the
full ISS orbits and are available for download at three levels
of processing: Level 1B Geolocated Waveform Data, Level 2A
Elevation and Height Metrics Data, and Level 2B Canopy Cover
and Vertical Profile Metrics Data. We used the GEDI Finder
service to identify orbits over the study area. Then, the GEDI
data were processed with the rGEDI R package [52].

First, we read the data for the full orbit and clipped within the
boundary box of the Extremadura region. Second, the elevation
and height metrics were extracted from GEDI Level 2A data
for the selected footprints within the study area. The following
GEDI information was extracted (see Fig. 2).

1) The shot number, which corresponds with the unique
footprint identifier of every footprint in the orbit.

2) Degrade flags indicating the degraded state of pointing
and/or positioning information and showing a potential
issue with the data.

3) Quality flags, which indicate whether the waveform data
are likely to be valid (1) or invalid (0).

4) The elevation of the highest return (EHR) corresponding
to the elevation of the highest detected return relative to
reference ellipsoid.

5) The elevation of the lowest mode (ELM) corresponding
to the elevation of the center of the lowest mode of the
received waveform in the footprint.

6) RH100 corresponding to the relative height metrics of
the highest detected return (100%) and representing the
difference in elevation between the highest detected return
and mean ground elevation in the footprint.

The data were filtered, discarding all footprints with degraded
or invalid quality flags (0), and finally, the spatial position of the
footprints was exported to shapefile format for their analysis
in GIS software. As a result, a total of 12 031 footprints were
used.

2) LiDAR Data: LiDAR data were processed with FUSION
software [53], a primary research tool.

The first operation involved extracting the ground level.
GroundFilter tool is designed to filter a cloud of LiDAR re-
turns to identify returns that lie on the probable ground surface
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Fig 2. Interpretation of GEDI RH Metrics.

(bare-earth points) [54]. This algorithm is based on linear pre-
diction and is implemented as an iterative process where some
parameters need to be set. In the first step, a surface is computed
with equal weights for all LiDAR points. This creates a surface
that lies between the true ground and the canopy surface. Terrain
points are more likely to be positioned below the surface while
vegetation points are more likely to be positioned above the
surface. The distance and direction to the surface are used to
compute weights for each LiDAR point using the following
weight function [54]:

Pi =

⎧⎨
⎩

1 If vi ≤ g
1

1+(a(vi−g)b)
If g ≤ Vi ≤ g + w

0 If g + w < vi

(1)

Parameters a and b determine the steepness of the weight func-
tion. The shift value, g, determines, which points are assigned
the maximum weight value of 1.0. The above ground offset
parameter, w, is used to establish an upper limit for points to
have an effect on the intermediate surface. In this study, values of
a= 1, b= 4, g=−1, and w= 1.25 were set. This combination is
the one that works best for LiDAR low-density point resolution.

After the final iteration, bare-earth points are selected using
the final intermediate surface. All points with elevations that sat-
isfy the first two conditions of the weight function are considered
bare-earth points [54].

The filtered bare earth point cloud was used to generate a
DEM using the GridSurfaceCreate tool, which computes cell
elevations using the average elevation of all points within a
cell. Additionally, a digital surface model (DSM) was created
to represent canopy cover using the CanopyModel tool, which
creates a canopy surface model using the LiDAR point cloud
and assigns to each pixel the EHR. A spatial resolution of 2 m
was used for the DEM and DSM.

Additionally, a cover analysis was performed by means of the
Cover tool. Cover computes estimates of canopy closure using
a grid. Output values for cover estimates range from 0.0% to
100.0%. Canopy closure is defined as the number of returns
over a specified height threshold divided by the total number of
returns within each pixel [54]. In this study, this height threshold
was set at 1 m aboveground. The spatial resolution was also set
to 2 m to generate this cover raster.

3) TDX Data: TDX DEM data did not need further prepara-
tion. The DEM contains the final global digital elevation of the
land masses of the earth. It predominantly represents a DSM.

Elevated objects are included, but heights might be affected by
inherent SAR effects.

B. Height Extractions

Once all rasters were prepared, the heights were calculated
within all GEDI footprints.

To draw a good comparison, heights were extracted following
the same references of GEDI data. Thus, the most important
metrics derived from GEDI measurements are as follows (see
Fig. 2).

1) The ELM: The mean ground elevation in the footprint.
2) The EHR: The highest detected return in the footprint.
3) RH100: The difference in elevation between the highest

detected return and the mean ground elevation in the
footprint.

Following these metrics, the mean ground elevation in the
footprint was calculated for the LiDAR DEM and TDX DEM in
all zones. Additionally, the highest detected return was obtained
for the LiDAR DSM. With the LiDAR extracted elevations,
the RH100 metric (difference in elevation between the highest
detected return and mean ground elevation) was also obtained
for the LiDAR datasets.

C. Statistical Analysis

1) Global Statistics: As previously defined, the heights used
are called the ELM, EHR, and RH100. The mentioned heights
together with the three available sources of data used in this
study (GEDI, LiDAR, and TDX DEM) generate the following
seven heights:

1) ELM GEDI;
2) ELM LiDAR;
3) ELM TDX;
4) EHR GEDI;
5) EHR LiDAR;
6) RH100 GEDI;
7) RH100 LiDAR.
From these variables, the following differences in heights

were calculated, with their analysis being the focus of this article.
1) ELM G-L: The difference in the mean ground elevation

in the footprint between GEDI and LiDAR data.
2) ELM G-T: The difference in the mean ground elevation in

the footprint between GEDI and TDX data.
3) EHR G-L: The difference in the highest detected return in

the footprint between GEDI and LiDAR data.
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TABLE II
NUMBER OF FOOTPRINTS IN EACH ZONE

4) RH100 G-L: The difference in elevation between the
highest detected return and mean ground elevation in the
footprint between GEDI and LiDAR data.

It should be noted that any observation classified as an
outlier has been discarded using the interquartile range (IQR)
criterion for RH100 LiDAR values, where some anomalous
values were observed. This criterion means that all observa-
tions above third quartile +1.5�IQR are considered outlier
values.

The statistical analysis was performed using R software [55].
First, the full set of 12 031 heights and differences in heights
were analyzed to determine the behavior of both the heights and
the differences. The statistical analyses involved the calculation
of the mean value, SD, mean standard error (MSE), median,
maximum, and minimum values, interquartile rank (IQR) and
coefficients of skewness and kurtosis. The RMSE for the dif-
ferences in the heights was also calculated, for GEDI-LiDAR
differences in the ELM.

Box plots were drawn to graphically compare both the heights
and the differences in heights. A scatterplot showing the cor-
relation between each height and difference in heights with
the terrain slope and the level of cover was plotted, and the
correlation index for each case was also calculated.

A scale of slope ranges was established to identify a correla-
tion between the heights and differences in heights and the slope
of the terrain. The scale of terrain slopes measures at intervals
of 5 over 5 units, with the first category referring to values of
between 0 and 5, called “ts_00-05,” and with the last pertaining
to values of greater than 40, called “ts_40.”

The same procedure was performed for the cover, cataloging
this variable over five groups measured in intervals of 20 over
20 units, with the first called “cc_00-20” and the last called
“cc_80-100”.

Finally, the same analysis was performed considering the
ranges of slope and cover in relation to the differences in heights
in terms of descriptive statistics, RMSE values, box plots, scat-
terplots, and correlation indexes.

On the other hand, it should be noted that the construction
of the GEDI measuring instrument is divided into the three
lasers, which are split into four beams that alternate to give eight
footprints. The information of which beam has performed the
measurement is included in the data of each footprint. Therefore,
a detailed analysis of the errors detected has been carried out to
explore whether there is any pattern that leads to suggest that
some beams are less accurate than others.

2) Zone Statistics: The 12 031 footprints of the study cor-
respond to ten zones with different numbers of footprints, as
shown in Table II.

Fig 3. Shifts of GEDI footprints.

As the zones were chosen due to varied vegetation cover,
different elevations, and diverse relief characteristics, it should
be useful to repeat the same calculations done for the whole set
of data, but in this case for each of the ten zones.

The analysis involves considering each zone globally and
analyzing it according to the range of slopes and coverage levels
described earlier.

D. Uncertainty Analysis

As noted earlier, the location of the GEDI footprint has an
uncertainty of ±10 m. For this reason, errors were estimated
between the GEDI metrics and the other two data sources
(LiDAR and TDX DEM), shifting the footprints both ±10 m
(maximum error) and ±5 m (half the maximum error) along and
across the satellite orbit and the intermediate angular position
between them, depending on the orbit direction (see Fig. 3).

This shifting results in 16 new possible positions where
all metrics were extracted following the method described in
Section C. Finally, the best footprint location was defined by
selecting the one of the 17 possibilities (including the central
original position) with lower RMSEs.

IV. RESULTS

A. LiDAR DEMs

Fig. 4 shows the resulting DEM, DSM, and derived slope and
canopy cover of the LiDAR data.

B. Statistical Analysis

1) Global Statistics: The global statistics for the four dif-
ferences in height are shown in Table III. The data show small
skewness coefficients, which are fairly symmetrical, and slightly
high kurtosis coefficients. The MSE, SD, and RMSE, when
comparing the GEDI ELM with the LiDAR data, are slightly
lower than when comparing this dataset to the TDX.

Fig. 5 shows the correlation between differences in heights for
the global data. A high correlation is observed for all of them
except in the case of the RH100 values due to the distribution of
the data.
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Fig 4. Digital elevation models.

TABLE III
GLOBAL STATISTICS

The calculations of the linear correlation index between each
difference in height and the terrain slope and cover do not offer
significant values with R2 values of close to zero.

Fig. 6 shows the RMSE of the four differences in heights for
each abovementioned slope range.

In terms of the relation between the terrain slope and RMSE,
nearly all comparisons show a positive tendency. In other words,
the greater the slope, the greater the RMSE. This trendline has,
in the case of the comparison between ELM and GEDI-LiDAR
data, a noteworthy value of R2 = 0.9926, and in the case of the
comparison between ELM and GEDI-TDX data, a noteworthy
value of R2 = 0.9892. For the relation between the terrain slope
and the RMSE of the RH100, the trendline is almost horizontal.

Fig. 7 shows boxplots on a scatterplot with the correlations
of the ELM G-L and ELM G-T variables and the terrain slope
values split by ranges of slopes.

As shown in Figs. 6 and 7, as the slope increases, the differ-
ences in elevation are dispersed, especially for slopes of greater
than 40, although the dataset of this category is small.

Fig. 8 shows the boxplot for the EHR and RH100 variables.
The figure shows more symmetrical distributions due to more
proximity between the average mean and median values. Ac-
cording to the comparison with the RH100 metric, it has the
lowest IQR value, which denotes less dispersion in differences.

On the other hand, Fig. 9 offers a similar analysis, where the
RMSE values obtained from the four differences in heights and
cover values split by ranges are plotted.

From the relation between the percentage of vegetation cover
and the RMSE and ELM of both comparisons, GEDI-LiDAR
and GEDI-TDX show a positive tendency. In other words, the
greater the coverage, the greater the RMSE. This relation shows,
in the case of the GEDI-LiDAR comparison, a noteworthy
value of R2 = 0.8870 for the trendline. Additionally, the RMSE
relation for RH100 and cover has also a worthy correlation
(R2 = 0.8584 for the trendline).

The boxplots of Fig. 10 show the differences in ELM values
between the GEDI and LiDAR data split by cover ranges.

As shown in Figs. 9 and 10, as cover increases, the differences
in elevation are dispersed, but not as much as for the slopes.
The mean error, when comparing the GEDI ELM to the LiDAR
ELM, is lower than when comparing it to the TDX DEM ELM
in all cover ranges.
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Fig 5. Scatterplots of the differences in heights with RMSE and R2 values.

Fig. 6. RMSE of ELM G-L, ELM G-T, EHR G-L, and RH100 G-L values for
each slope range.

A similar comparison for the EHR and RH100 values can be
observed in Fig. 11.

Fig. 11 shows more concentrated distributions of EHR and
RH100 values, especially for the latter. From 20% coverage,
the mean difference between the GEDI RH100 and LiDAR data
begins to become negative.

Having analyzed the possible influence of the measurement
beam of the sensor on the errors committed, it can be seen in
Fig. 12 that the beams with the highest errors for ELM are

Fig 7. Boxplot on scatterplot of the ELM G-L and ELM G-T variables and
the terrain slope values split by ranges.

Fig 8. Differences in the EHR between GEDI and LiDAR data for each slope
range.

Fig. 9. RMSE of differences between GEDI- LiDAR and GEDI-TDX data for
each cover range.

beams B-0000 and B-0011 and that, conversely, those with
the lowest RMSE are beams B-1011 and B-1000 in both the
GEDI-LiDAR and GEDI-TDX comparisons. For EHR G-L, the
tendency is similar, but for RH100 G-L, the tendency is not
fulfilled, although in the latter case the differences are very small
between the different beams.
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Fig 10. Differences in ELM values between GEDI and LiDAR data and
between GEDI and TDX data for each cover range.

Fig. 11. Differences in EHR and RH100 values between GEDI and LiDAR
data for each cover range.

Fig. 12. RMSE in GEDI central footprints for each beam (m).

2) Zone Statistics: A similar analysis was carried out with
data from the ten areas into which the study was divided. Fig. 13
displays the RMSE values for each difference in height and zone.

As shown in Fig. 13, the areas with lower RMSE values in
general are zones 06 and 07, with RMSE values even lower
than 1 m found in the ELM. These values correspond with the
two areas with lower mean slopes (see Table I). In contrast, the
largest RMSE values correspond with zones 08 and 10, with
similar medium both mean slope and mean percentage of cover.

Fig 13. RMSE of differences between GEDI-LiDAR and GEDI-TDX data for
each zone.

Fig. 14. Differences in ELM values between GEDI-LiDAR and GEDI-TDX
data for each zone.

Fig. 15. Differences in RH100 values between GEDI and LiDAR data for each
zone.
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Fig. 16. Best shifts of GEDI footprints relative to LiDAR data. Portion of zone 07 shown as an example.

Additionally, those zones have in common that they both have
the higher number of footprints (see Table II).

The boxplots provided in Fig. 14 show the distributions of the
ELM differences for the GEDI-LiDAR and GEDI-TDX DEM
data.

Figs. 14 and 15 show how in zones 06, 07, and 09, there is
much less error dispersion (lower IQR values). These zones cor-
respond to zones of intermediate altitude (450–480 m) and the
lowest slopes. Additionally, vegetation coverage is dominated
by agroforestry areas.

When comparing the RH100 metric derived from the GEDI
with that derived from the LiDAR dataset, we observe more
concentrated errors in all zones with IQR values ranging from
2.15 to 4.04 m (see Fig. 15).

It is worth noting that the analysis of zones by slope ranges
and cover leads to similar results to the global one. As cover
increases, the differences in elevation become dispersed, but
not as much as for the slopes. For slopes, the differences in
height show more dispersion from a value of 25°, especially
for the ELM values. Zones 06 and 07 present nonsignificant
results compared to the other zones because their maximum
slope values are 11.4° for zone 06 and 37.19° for zone 07.

The RH100 differences offer a more concentrated distribution
in all zones and slopes.

Zone 06 has a maximum cover value of 39.86%, and zones
01 and 02 have maximum values of 96.24% and 98.53%, re-
spectively. The remaining zones do not reach the 80% cover
value and present a moderate dispersion of the data, which is
especially low in the RH100 comparison.

Table IV shows the relation between the RMSE of the RH100
G-L and the RH100 mean value for each zone. It can be observed

TABLE IV
PERCENTAGE OF RMSE FOR RH100 G-L IN RELATION TO VEGETATION

HEIGHT

that the worst values are obtained for zones 05, 06, 07, and 08,
where the vegetation height is lower. The best percentage is for
zones 01, 02, 03, and 04 with more prominent vegetation in
height.

C. Uncertainty Analysis

1) Global Statistics: The purpose of this section is to find
the best location of the footprint once selecting one of the
17 possibilities (central or theoretical location of the footprint
and 16 shifts) with less RMSE. As explained in Section III-D,
these 16 new proposed footprints are generated by shifting the
theoretical position ±10 m and ±5 m along and across the
satellite orbit and the intermediate angular position between
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Fig. 17. RMSE of shifts in GEDI footprints (m).

them depending on the orbit direction. According to this, they
are called 10-0° Shift, 10-45° Shift, 10-90° Shift, 10-135° Shift
10-180° Shift, 10-225°, 10-270° Shift, and 10-315° Shift for the
maximum±10 m error. In the same way, shifts derived from half
the maximum error (±5 m), are called 5-0° Shift, 5-45° Shift,
5-90° Shift, 5-135° Shift, 5-180° Shift, 5-225° Shift, 5-270°
Shift, and 5-315° Shift. Fig. 16 shows as an example a portion
of zone 07, with the central theoretical position in grey and the
best footprint of the 17 possible footprints.

From the RMSE analysis (see Fig. 17), shows that the 10-270°
Shift has the lowest values in all comparisons, and the 10-90°
Shift has the worst value, except for the RH100 G-L data.

Fig. 18 shows the percentage of GEDI footprints whose
heights are best fitted to the ELM LiDAR and ELM TDX
elevations, respectively.

From the analysis of the ELM, we find that the percentage of
best shifts located at 10-270° is notably larger in both compar-
isons with LiDAR and TDX data. Fig. 18 shows the 31.88%
of the footprints have moved to 10-270° to fit better to the
LiDAR ELM data. For TDX data this percentage decreases to
23.60%, but this value is still quite substantial. Furthermore, it
should be noted that the central position (theoretical location
of the footprint) in both figures has a very low percentage of
adjustment in both ELM comparisons. If the 10-270° Shift is
the best solution in both cases, the opposite position, the 5-135°
Shift, presents the worst results with values of 5.1% and 4.76%,
respectively. However, it is worth mentioning that, although this

Fig 18. Percentage of shifts of GEDI footprints whose heights are best fitted
to the ELM LiDAR elevations and to the ELM TDX elevations.

position of 5-135° Shift and 5-190° Shift are the ones with
the fewest quantity of best positions, both in comparison with
LiDAR and TDX data, they are not the ones with the highest
errors, since, as mentioned above, the one with maximum errors
is 10-90° Shift.

As was the case for the theoretical position of the footprint,
when the slope increases, the RMSE of the differences in ELM
comparisons between GEDI data and LiDAR and TanDEM data
increases (see Fig. 19). This increase is more pronounced for 10-
90° Shift in both comparisons. Additionally, the results shown
in the figures demonstrate that the footprint with less error is the
one displaced at 10-270°.

The same study was performed for cover values and is illus-
trated in Fig. 20. The trend is repeated, and 10-270° Shift offers
the best results with lower RMSE values.

2) Zone Statistics: Fig. 21 shows the RMSE values for the
four variables considering the theoretical central position and
the 16 possible proposed Shift splits by zone.

Zones 06 and 07 are where the RMSE values are most evenly
matched between shifts. As noted earlier, these zones correspond
to the zones of intermediate altitude (450–480 m) and lowest
slope. Additionally, vegetation in these areas is dominated by
agroforestry land. On the other hand, zone 01 has the highest
RMSEs values. Finally, it should be noted that the 10-270° Shift
presents the lowest RMSE in all zones and, similarly, 10-90°
Shift has the highest RMSE values in all zones.

V. DISCUSSION

In our analysis, the real elevations and heights captured by
the GEDI sensor have been compared to other Airborne and
Spaceborne data sources. LiDAR-derived DEM data and DSM
and TanDEM-DEM data were utilized to draw comparisons due
to their greater accuracy. We also compared both sources of in-
formation to quantify the differences in elevation between them.
Similar contrasts can be found in the recent literature. Wessel
et al. [35] compared the LiDAR DEM and TDX DEM and
obtained a global RMSE of 6.78 m. The authors also calculated
the error within several slope ranges and found that the steeper
the slope, the higher the RMSE. We obtained an overall RMSE
for differences between the LiDAR-derived DEM and TDX
DEM of 3.35 m, a value that is much lower and, therefore, shows
a better fit between the data sources with which we compared
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Fig. 19. RMSE variation of theoretical footprints and shifts of ELM comparisons for GEDI and LiDAR data.

GEDI elevations and heights. As Wessel et al. [35], we also
found the error to increase with the slope of terrain (see Fig. 22).
Additionally, we analyzed trends that occur with an increase in
coverage and found that the greater the coverage, the greater the
RMSE (see Fig 22). In both cases, all RMSEs comply with the
TDX Ground Segment DEM Products Specification Document
[56], which indicates an absolute vertical accuracy value of less
than 10 m.

It is worth noting that the TDX DEM reproduces a surface
model that includes above ground elevation tree canopies and
built elements, which supports the positive trend of the RMSE
related to coverage. However, as stated in Wessel et al. [35],
the mean errors for aboveground land cover classes are lower
than expected for an interferometric SAR system such as TDX.
In this sense, the TDX Ground Segment DEM Products Spec-
ification Document [56] confirms that in forested areas, the
X-band SAR scattering center is located closer to the upper
part of the vegetation volume rather than on the crown itself.
Consequently, it can be considered, in almost all extensions,
a measure of ground elevation. This conclusion is supported
by recent works such as that by Chimitdorzhiev et al. [38],
who found an error in canopy height, concluding that radar
interferometric measurements underestimate the actual forest
height by an average value of 5.5 m for high coverage and by
2–4 m for medium coverage. On the other hand, Gonzalez and
Rizzoli [57] summarized the global relative height accuracy of
the global TDX DEM for all continents and cover types. In our
case, for Europe, the authors set accuracy levels of 1.64 m for

forests, of 0.94 m for short vegetation, and of 0.96 for shrubland,
which account for most of our cover categories.

In terms of the main results of this work, we obtained an
RMSE of 6.05 m when comparing the ELM of GEDI and LiDAR
data and an RMSE of 6.99 when comparing GEDI and TDX
data, but with an almost perfect correlation R2 between them
(0.9996 and 0.9995). Such values of a nearly perfect correlation
were also obtained by Silva et al. [45], but they obtained better
RMSE results. These differences can be attributed to the fact
that they used simulated data while we used real data. However,
although from the global data our RMSE does not reach the
values that Silva et al. [45] obtained, for zones 06, 07, and 09,
we do obtain RMSE values that fall within the range of their
results (0.89–2.77 m) or that are even better.

Other notable results are those achieved for the RH100 metric.
In the global results, we obtained an RMSE of 3.56 m. Qi
and Dubayah [50] obtained RMSE values ranging from 3.53 to
12.59 m when comparing RH100 values derived from different
comparisons of LiDAR metric measurements with a combina-
tion of TDX and (synthetic) GEDI data. These results are in
accordance with those obtained in this work, for both the original
position of the footprint and most of its shifts, which are at the
lower limit of their RMSE range.

In the same way, Hancock et al. [46] assessed the accuracy of
the GEDI simulator, which underpins the prelaunch calibration
of GEDI data products. The authors calculated differences in
RH2, RH5, RH25, RH50, RH75, and RH98 metrics compared
to ALS datasets and obtained RMSEs of approximately 4.7–5.7
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Fig. 20. RMSE variations of theoretical footprints and shifts of ELM comparisons for GEDI and TDX data.

m. We obtained better results in all the studied zones, with a
minimum value in Zone 06 of 2.09 that is even less than half
their minimum RMSE. Healey et al. [40] also performed RH98
predictions at 7615 focal sites using models calibrated at three
scales, obtaining RMSEs ranging from 7.08 to 9.2 m and IQR
values of 6.89–11.19 m. Our general results show a significantly
better general IQR of 3.50 m for RH100 differences and values
ranging from 2.15 to 4.04 m. If we focus on the percentages of the
RMSE with respect to the RH100 value, our values are also better
than those of Healey et al. [40] since our maximum RMSE%
(44%) is their minimum and we have zones with errors up to
five times better than this error (zone 01). The highest RMSE%
were found in areas with the lower vegetation. Additionally, in
analyzing RH98 differences per vegetation type, Healey et al.
[40] achieved a minimum RMSE of 4.50 m for grasslands with
the minimum work scale and a maximum RMSE of 10.58 m
for evergreen broadleaf forests with the maximum work scale.
We achieved a minimum RMSE of 2.09 m for the RH100 for
zone 06 (agroforestry areas) and a maximum RMSE of 4.20 m
for zone 03 (sclerophyllous vegetation). Globally, the RMSE
obtained for the RH100 is 3.56 m, which is in accordance with
the minimum general result given by Healey et al. [40].

With regard to the EHR, our results achieve an RMSE of 6.49
m globally. In general, these altitudes generated the worst results
of all of the work in spite of the fact that in zone 06 they reached
better values with an RMSE of 2.37 m. None of the consulted
studies using GEDI data provide results in on the elevations of
the highest points of vegetation, so we cannot draw comparisons.

On the other hand, we used only elevations of footprints with
a quality flag of 1 to ensure the quality of the elevation data.
Fayad et al. [20] used flag 0 or 1 to analyze the elevation of
inland waterbodies and applied an elevation filter with SRTM
elevations. Although they achieved more accurate results (study-
ing areas without vegetation, without which there is less scope
for confusing elevation), they noticed an improvement when
applying the SRTM filter to the elevations, even for footprints
with a quality flag of 1.

As stated in Luthcke et al. [49], the GEDI instrument consists
of three lasers producing a total of eight beam ground transects.
These three lasers are as follows: the “coverage” laser and
two full power lasers. The “coverage” laser is split into two
transects that are then each dithered producing four ground
transects. The other two lasers are dithered only, producing two
ground transects each. In our study area, beams B-0000, B-0001,
B-0010, and B-0011, correspond to the “coverage” laser and
beams B-0101, B-0110, B-1000, and B-1011, correspond to
the other full power lasers. Thus, it can be clearly seen how
the coverage laser has more error than the other two lasers for
the EHR G-L, ELM G-L, and ELM G-T. Nevertheless, it can be
seen that for RH100 G-L, one of the two full power laser beams
is the one with the lower RMSE.

Finally, in terms of our evaluation of the uncertainty of the
footprint location, we obtained better results for almost 35% of
our 12 031 footprints when shifting them 10 m and 270° in the
orbit direction. Most of the literature using GEDI data works
with simulated data. Using simulated GEDI data at precise
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Fig. 21. RMSE for all comparisons drawn for theoretical positions and shifts
of GEDI footprints by zone.

locations to build footprint-level models obviates potential
errors related to the positional uncertainty of GEDI footprints of
±10 m [58]. As stated by Luthcke et al. [49], the intention is
for GEDI mission geolocation to occur within the same frame
and to use consistent geophysical corrections similar to those

Fig. 22. RMSE of differences between TDX and LiDAR data for different
vegetation cover factors and slope ranges.

of ICESat-2 to facilitate the direct comparison and use of these
laser altimeter mission data. The fusion approach applying
GEDI and TDX data shows great potential for generating
global-scale forest and biomass maps [43].

Despite being rather dense, with the comparison of 12 031
footprints and their respective parallels that have resulted in
the study of 204 527 locations, the assessment carried out in
this study, has been automated by means of R scripts and GIS
programming, achieving an exhaustive analysis of the errors
between the three sources of data studied. For further validation
studies of GEDI with airborne LiDAR data, it would be rec-
ommended to establish a mathematical transformation model
between both data sources for a correct extrapolation of the
valuable information from GEDI data. It would also be advisable
to explore the theory of authors such as Potapov et al. [59] or
Lang et al. [60] who indicate that such extrapolation could be
carried out using multispectral images such as those of Landsat,
Sentinel, or many others.

VI. CONCLUSION

In this study, we compared real GEDI elevation data with
other airborne and spaceborne DEM data for Southwest Spain.
We analyzed agreement in ground elevation (ELM) across
12 031 real GEDI footprints and elevations obtained from
LiDAR and TDX DEM data. In general, we achieved better
agreement with the LiDAR data. Additionally, a comparison
of the RH100 metric and the elevation of the highest point of
vegetation (EHR) obtained from GEDI and LiDAR data was
performed. In this case, the obtained results are in substantial
agreement with other studies using simulated GEDI data.

Furthermore, the results show a clear relation between the
errors obtained and the slope; the greater the slope, the greater
the RMSE. This relationship has also been found by analyzing
different degrees of coverage; as cover increases, differences in
elevation become dispersed, but not as much as with slopes.

Finally, due to our initial predictions of uncertainty in GEDI
footprints, a final evaluation of RMSE involved shifting 16
footprints in the± 10 m uncertainty area. The obtained outcomes
evidence a strong tendency to obtain better results (in terms
of RMSE and frequency) on ground elevation when placing
the footprint at 270°, displacing it to 10 m of its positional
uncertainty, from comparative studies of LiDAR and TDX data.

The global results of this work show differences in elevation in
relation to other data sources. These differences may or may not
be important depending on the scale of work and the accuracy of
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forest mapping required. However, as it appears that future plans
for the GEDI mission are to be placed within the same frame
and to use consistent geophysical corrections similar to those of
ICESat-2, improved positional uncertainty and height accuracy
are to be expected. Following this, it would be highly desirable
to conduct a new accuracy assessment of GEDI elevations to
see if and by how much the differences found in this study vary.
Additionally, many of our investigations point to a combination
of GEDI data with TDX data to overcome the limitations of
GEDI point sampling. This combination will also greatly reduce
the differences between the two data sources. Future research is,
therefore, needed to establish transformation models between
these data sources.
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