
HAL Id: hal-04030332
https://hal.science/hal-04030332v1

Submitted on 15 Mar 2023

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documentsmay come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaireHAL, est des-
tinée au dépôt et à la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
français ou étrangers, des laboratoires publics ou
privés.

HAL Authorization

Comparison of GEDI LiDAR Data Capability for Forest
Canopy Height Estimation over Broadleaf and Needleleaf

Forests
Manizheh Rajab Pourrahmati, Nicolas Baghdadi, Ibrahim Fayad

To cite this version:
Manizheh Rajab Pourrahmati, Nicolas Baghdadi, Ibrahim Fayad. Comparison of GEDI LiDAR Data Capability
for Forest Canopy Height Estimation over Broadleaf and Needleleaf Forests. Remote Sensing, 2023, 15 (6),
pp.1522. ⟨10.3390/rs15061522⟩. ⟨hal-04030332⟩

https://hal.science/hal-04030332v1
https://about.hal.science/hal-authorisation-v1/
https://about.hal.science/hal-authorisation-v1/
https://hal.archives-ouvertes.fr


Citation: Rajab Pourrahmati, M.;

Baghdadi, N.; Fayad, I. Comparison

of GEDI LiDAR Data Capability for

Forest Canopy Height Estimation

over Broadleaf and Needleleaf

Forests. Remote Sens. 2023, 15, 1522.

https://doi.org/10.3390/rs15061522

Academic Editor: Yanjun Su

Received: 24 January 2023

Revised: 27 February 2023

Accepted: 7 March 2023

Published: 10 March 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

remote sensing  

Article

Comparison of GEDI LiDAR Data Capability for Forest Canopy
Height Estimation over Broadleaf and Needleleaf Forests
Manizheh Rajab Pourrahmati 1,* , Nicolas Baghdadi 1 and Ibrahim Fayad 2,3

1 CIRAD, CNRS, INRAE, TETIS, University of Montpellier, AgroParisTech, CEDEX 5, 34093 Montpellier, France
2 Kayrros SAS, 75009 Paris, France
3 Laboratoire des Sciences du Climat et de l’Environnement, LSCE/IPSL, CEA-CNRS9 UVSQ,

Université Paris-Saclay, 91191 Gif-sur-Yvette, France
* Correspondence: manizheh.rajab-pourrahmati@inrae.fr

Abstract: The GEDI LiDAR system was specifically designed to detect vegetation structure and
has proven to be a suitable tool for estimating forest biophysical parameters, especially canopy
height, at a global scale. This study compares the GEDI relative height metric (RH100) over different
forest types, especially deciduous broadleaf and evergreen coniferous located in Thuringia, Germany,
to understand how the forest structural differences affect the GEDI height estimation. A canopy
height model that was produced using digital terrain and surface models (DTM and DSM) derived
from airborne laser scanning data is used as the reference data. Based on the result, GEDI canopy
height over needleleaf forest is slightly more accurate (RMSE = 6.61 m) than that over broadleaf
(RMSE = 8.30 m) and mixed (RMSE = 7.94 m) forest. Evaluation of the GEDI acquisition parameters
shows that differences in beam type, sensitivity, and acquisition time do not significantly affect the
accuracy of canopy heights, especially over needleleaf forests. Considering foliage condition impacts
on canopy height estimation, the contrasting result is observed in the broadleaf and needleleaf forests.
The GEDI dataset acquired during the winter when deciduous species shed their leaves (the so-called
leaf-off dataset), outperforms the leaf-on dataset in the broadleaf forest but shows less accurate results
for the needleleaf forest. Considering the effect of the plant area index (PAI) on the accuracy of
the GEDI canopy height, the GEDI dataset is divided into two sets with low and high PAI values
with a threshold of median PAI = 2. The results show that the low PAI dataset (median PAI < 2)
corresponds to the non-growing season (autumn and winter) in the broadleaf forest. The slightly
better performance of GEDI using the non-growing dataset (RMSE = 7.40 m) compared to the growing
dataset (RMSE = 8.44 m) in the deciduous broadleaf forest and vice versa, the slightly better result
using the growing dataset (RMSE = 6.38 m) compared to the non-growing dataset (RMSE = 7.24 m)
in the evergreen needleleaf forest is in line with the results using the leaf-off/leaf-on season dataset.
Although a slight improvement in canopy height estimation was observed using either the leaf-off or
non-growing season dataset for broadleaf forest, and either the leaf-on or growing season dataset
for needleleaf forest, the approach of filtering GEDI data based on such seasonal acquisition time is
recommended when retrieving canopy height over pure stands of broadleaf or needleleaf species,
and the sufficient dataset is available.

Keywords: GEDI; canopy height; broadleaf forest; needleleaf forest; accuracy assessment

1. Introduction

Forest canopy structure determines many of the environmental factors and functions
of a forest, both in terms of the forest ecosystem and its ability to benefit people (e.g., soil
erosion prevention, rural livelihood, mitigating climate change, etc.); therefore, it should be
monitored. Canopy height is a vital element of forest vertical structure that can be measured
on the ground or estimated using remote sensing techniques, such as satellite or airborne
laser scanning altimetry systems. Remote sensing is a relatively cheap and constructive

Remote Sens. 2023, 15, 1522. https://doi.org/10.3390/rs15061522 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs15061522
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0009-0000-2926-6820
https://orcid.org/0000-0002-9461-4120
https://doi.org/10.3390/rs15061522
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs15061522?type=check_update&version=2


Remote Sens. 2023, 15, 1522 2 of 25

method of producing a base map in the absence of detailed land survey methods. It allows
easy collection of data over a variety of scales and resolutions at a lower cost than in situ
measurements and is also less time-consuming.

LiDAR (Light Detection and Ranging) is a remote sensing technology with pow-
erful application potential in forest ecosystem management. Airborne and spaceborne
LiDAR systems have been widely used to determine individual tree heights [1–3] and
maximum or average stand heights [4–9] over various environmental conditions. However,
all LiDAR data have limitations, and despite the unprecedented accuracy achieved by
airborne systems, their spatial coverage remains limited for regional or continental scales.
Global Ecosystem Dynamics Investigation (GEDI), a spaceborne LiDAR system operated
by NASA on the International Space Station (ISS), provides high-resolution laser-ranging
observations of the 3D structure of the Earth since April 2019. It enables the assessment
of forest structural properties at larger spatial scales and shorter temporal resolution than
was previously possible [10]. The main two advantages of GEDI data, i.e., rather dense
observational coverage and free availability, have encouraged many researchers to investi-
gate its capability for estimating forest structural parameters, and the influence of different
GEDI acquisition and environmental parameters on the estimations [4,6,11–17]. This data
has been also used as a source of training data for models that estimate forest structure
from wall-to-wall imaging sensors, such as Tandem-X [18], Landsat [19], or Sentinel-1 [20].
We concentrate on research concerning the forest canopy height as it is the essential factor
for determining other forest biophysical parameters and functions, such as forest volume
and biomass, forest productivity, biodiversity, forest resilience to disturbances, and climate
extremities [9,21–24].

Evaluation of GEDI capability for forest canopy height has highlighted the impor-
tance of GEDI beam intensity and beam sensitivity over tall and dense forests [5,6,8].
Fayad et al. [5] investigated the potential of GEDI to derive the maximum canopy height
over the tropical forest of French Guiana. Based on their results, however, while GEDI’s
full-power lasers outperform coverage beams, both types of beams underestimate tree
heights in densely vegetated, tall forests. Assessing the importance of beam sensitivity
and acquisition time, they stated that shots with beam sensitivity > 98% tend to better
detect the ground and canopy tops for both laser types, but acquisition time affects only
coverage beams. A variable importance analysis by Lahssini et al. [8] highlighted the fact
that beam sensitivity and beam type are the most important variables for canopy height
estimation using GEDI data over dense tropical forests. They reported an RMSE value of
11.6 m and 6.7 m respectively for GEDI RH95 (relative height at 0.95 of the waveform’s
accumulated energy) as a direct proxy of canopy height and height estimated through a
random forest model based on GEDI height metrics that described the vertical structure
of the forest, sensitivity and beam type regardless of the configuration of the acquisition.
They also reported an improvement in accuracy (RMSE = 5.9 m for both RH95 and random
forest model) when shots acquired with the coverage beams were removed. Researchers
have also investigated the influence of environmental parameters on GEDI canopy height
estimations. Among environmental parameters, the topographic slope has been a crucial
factor affecting the accuracy of canopy height estimates using LiDAR systems [25–27].
Dhargay et al. [6] assessed the effect of terrain slope on GEDI canopy height density over
temperate complex forests of south-eastern Australia. They reported an increasing trend in
the error of canopy height estimation with increasing slope. However, the power beam was
more adversely affected at greater slopes than the coverage beam. Liu et al. [25] believed
that areas with dense canopy cover or steep slopes pose a major challenge for retrieving
canopy height from GEDI. In the research across different sites of Eucalyptus plantations
by Fayad et al. [27], the authors explained an RMSE increase of 14% for the estimation of
dominant height over slopes higher than 20% in comparison to slopes between 10 and 20%.

Prior research using GEDI data has shown dependency of metrics calculated from
laser scanning data on the forest structure properties, such as forest density, canopy cover,
forest height, etc. As is well known, significant structural differences, especially between
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broadleaf and coniferous species (e.g., different shapes of the tree crowns, different proper-
ties of needles and leaves, and different distribution of canopy cover among forest strata)
could cause substantial differences between the reflection behavior of deciduous and
coniferous trees [28]. However, how these differences and their interaction with GEDI
acquisition parameters and environmental conditions will affect the accuracy of GEDI
canopy height estimation over diverse forest types during different phonological seasons
is still questionable. Very few studies have compared GEDI relative height metrics in
different forest ecosystems, such as even/non-even aged forests that are dominated by
evergreen/deciduous species [29]. Wang et al. [30] analyzed the performance of GEDI
relative height estimates against the ALS LiDAR data from 33 sites as reference data, mainly
covering 12 forest types, including loblolly/shortleaf pine, longleaf/slash pine, ponderosa
pine, lodgepole pine, Douglas-fir, fir/spruce/mountain hemlock, California mixed conifer,
oak/pine, aspen/birch, oak/hickory, oak/gum/cypress, and maple/beech/birch, across
the conterminous United States. They showed that the RMSE of GEDI RH100 is the lowest
in longleaf/slash pine forest (2.31 m) and the highest in California mixed conifer (7.74 m);
however, they used only the leaf-on dataset of both the GEDI and the reference data. When
this paper was written, no research had considered the forest vertical structure in leaf-
off/leaf-on conditions and its effect on GEDI height metrics. A study published in 2023 [31]
compared the GEDI RH98 with simulated GEDI-RH98 derived from reference ALS datasets
in diverse African savannas under leaf-off/leaf-on conditions. The authors stated that
the simulated GEDI RH98 was more representative of the canopy top when trees had full
green canopies, which led to better results during the leaf-on period. It is worth noting that
savanna is a specific mixed woodland/grassland ecosystem characterized by an open tree
canopy (i.e., scattered trees) above a continuous tall grass understory, with a maximum
canopy height of 20 m. Therefore, how apparent phenological changes, such as winter
leaf fall, affect canopy height estimates remains a question. Answering this question by
comparing GEDI canopy height estimates over deciduous and evergreen forests is the main
objective of this study.

To achieve this aim, we first consider the best GEDI processing algorithm in the
temperate forests of Thuringia, Germany, to determine the useful part of the waveform and
extract the required information. We performed a comparative analysis of the influence of
GEDI acquisition parameters, such as beam sensitivity, beam type, and acquisition time
on GEDI height estimates over deciduous broadleaf, evergreen needleleaf, and mixed
forest, considering the leaf-on/leaf-off condition. The effect of phenological changes on
some GEDI metrics, such as canopy cover and plant area index (PAI), which are important
structural properties of terrestrial vegetation canopies, are also investigated, and their
impact on canopy height estimation is assessed. The accuracy of GEDI canopy heights is
assessed using high-resolution airborne measurements as reference data.

2. Materials and Methods
2.1. Study Area

Considering the aim of this study, two forest areas, including broadleaf and needle-
leaf forests, were selected in the Free State of Thuringia, central Germany, at latitude
50◦55′48.00′′N, longitude 11◦16′12.00′′E (Figure 1). Thuringia is the coldest region in
Germany, with an average high temperature of only 12 ◦C and annual precipitation of
767 mm [32]. The first study site, which is mostly covered by broadleaf forest, has an
area of 1444 km2 located within the rural districts of Eichsfeld, Kyffhäuserkreis, Nord-
hausen, Sömmerda, and Unstrut-Hainich in northern Thuringia (called Kyffhäuser forest in
Figure 1). The dominant tree species in this site are beech (Fagus sylvatica) and oak
(Quercus petraea and Quercus robur) [33,34].

The second study site, with an area of about 2343 km2, is in the Thuringian forest and is
situated within the rural districts of Gotha, Hildburghausen, Ilm-Kreis, Saalfeld-Rudolstadt,
Schmalkalden-Meiningen, Sonneberg, and Wartburgkreis, and the urban district of Suhl
Städte. The Thuringian Forest in southern Thuringia is composed of about 60% coniferous
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forests, dominated by Norway spruce (Picea abies) and Scots pine (Pinus sylvestris), and 40%
deciduous forests, with beech and oak as the dominant broadleaf trees [4,33,35].

The study areas were chosen mainly because of the availability of high-resolution
digital elevation and land cover models that can be used as reference data, as well as
the existence of two integrated forest types dominated by deciduous (i.e., the tree leaves
change color and fall off in the autumn and grow back in the spring.) and evergreen species,
providing the environmental requirement of this research objective.
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Figure 1. Study areas. (a) location of the Thuringia state in Germany (the state with red border),
(b) location of the Kyffhäuser forest (pink) and Thuringian forest (blue) in Thuringia; (c) Forest
type map (WGS84/UTM zone 32N) over study sites available at geoportal-th.de (accessed on
2 September 2022) [36]. Since only forest type map has been downloaded and used, the white
spaces show other land covers.

2.2. Dataset
2.2.1. GEDI Data

The Global Ecosystem Dynamics Investigation (GEDI) as a full-waveform LiDAR
instrument provides global measures of vegetation structure. It contains three lasers that
generate eight ground tracks; four power and four coverage tracks illuminate the Earth’s
surface in footprints with 25 m diameter that are separated by 600 m across-track and 60 m
along-track. Level 2 products of GEDI (L2A and L2B), which contain information derived
from the geolocated GEDI return waveforms, were used in this study. The GEDI L2A data
provide ground elevation, canopy top height, and relative return energy metrics, and the
L2B data provide biophysical metrics, such as canopy cover and plant area index (PAI) [37].

The metrics have been extracted using six different algorithm group settings that
apply different threshold and smoothing settings on each received waveform. A detailed
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description of the satellite data and processing approaches, methods, and other information
is available in algorithm theoretical basis documents (ATBDs) [38,39].

The data used in this study were acquired between April 2019 and January 2022.
Based on the setting configuration of algorithm 2, 2,598,716 shots were acquired during
this period, i.e., 1,305,315 over the Kyffhäuser and 1,293,401 over the Thuringian forests,
(the number of shots is slightly different using six algorithms). However, not all of these
shots were usable due to undesirable atmospheric conditions (e.g., clouds) or the location
of shots over non-forest areas based on the forest map, which is explained in Section 2.3.

2.2.2. ALS Data

In order to validate the accuracy of the GEDI height estimates, digital surface models
(DSM) and digital terrain models (DTM) derived from Airborne Laser Scanning (ALS) were
employed to extract the forest canopy heights (considered as the reference heights). The
DSM and DTM with a height accuracy of 0.15 to 0.30 m were provided by the Thuringian
Land Surveying Office and are available on their geoportal: geoportal-th.de [40]. The
acquisition dates of the data range from 2014 to 2019 (the majority of the data were acquired
between 2016 and 2019), with a coordinate reference system of ETRS89, UTM zone 32N,
and horizontal and vertical accuracy of 30 and 15 cm, respectively [4]. Regarding the
acquisition dates of GEDI and the ALS, it should be mentioned that, while we acknowledge
the potential for changes in canopy height over time, we assumed that these changes
between the acquisition dates of the data were minimal and did not significantly impact
our analysis.

In total, 5700 height models (sum of DSM and DTM) as 1 m resolution raster in
xyz format were downloaded, and the canopy height models (CHM) were produced by
subtracting DTM values from DSM’s. The maximum of the cell values of the CHM was
extracted for each GEDI footprint.

2.2.3. Ancillary Data

To derive forest types at the location of GEDI footprints, a digital land cover model
(DLM) provided by the Thuringian land surveying office, which is available at geoportal-
th.de [36], was used. This dataset consists of several shapefiles that represent land cover
classes created between 2017 and 2020 and have a geolocation accuracy of around 3 m [4].
A 5 m raster format of DLM was provided and used to determine the forest types in each
GEDI footprint. The DLM contained three classes of broadleaf, needleleaf, and mixed forest,
and three integer values that corresponded to forest types. The document containing the
layer information can be found on the website for the working committee of the surveying
authorities of the Laender of the federal republic of Germany (AdV) [41]. In this study, if
maximum and minimum DLM values for the broadleaf or the needleleaf inside a GEDI
footprint were the same, the footprint belonged to that forest class, otherwise, it was
considered a mixed forest. This approach was also used by Adam et al. [4] and led to the
pure dataset for broadleaf and needleleaf forests, which provides a more realistic situation
for comparing GEDI canopy height accuracy mainly in these two forest types.

2.3. Preprocessing of GEDI Data

First, GEDI waveforms located in the non-forest area or close to forest boundaries
are eliminated. As the study sites were initially selected based on the presence of forest
cover in Google Earth, some GEDI shots refer to the non-forest area on the 5 m forest
map that was prepared later in the process (see the forest map in Figure 1). Moreover,
due to the GEDI geolocation error that is estimated to be 10 m [6,42], the shots close to
the forest map boundaries may present non-forest regions. To avoid these conditions, the
GEDI footprints overlayed on the forest map with no-data values (non-forest pixels), either
inside the footprint or within a distance of 100 m from the footprint center, were removed.
Although the geolocation error is about 10 m (assuming normally distributed geolocation
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errors with a 0 m mean and a 10 m standard deviation), a 100 m buffer was used to ensure
that each GEDI footprint was at a great enough distance from the non-forest area.

In addition, since the GEDI waveforms could be affected by atmospheric conditions,
specifically cloud presence, not all of them represent valuable information on the illumi-
nated surface. Hence, the waveforms that meet any of the following criteria that are mostly
consequences of atmospheric impacts were eliminated (some were mentioned in similar
studies, e.g., 13, 5, 8, 36):

• waveforms with zero detected modes (num_detectedmodes = 0), which mostly corre-
spond to noisy acquisitions [8].

• waveforms with a signal-to-noise ratio equal to zero (SNR = 0), which represent
noise [8,13].

• waveforms where the absolute difference between the elevation of the center of lowest
mode (corresponding to the ground return) and the SRTM elevation is greater than
100 m (elev_lowestmode−digital_elevation_model_srtm > 100 m) [5,8,13].

• Incomplete waveforms, i.e., waveforms with insufficient bins: waveforms where the
end location of their useful part (search_end) equals the total number of bins in the
waveforms (rx_sample_count) [8].

• waveforms in which either the difference between the center of lowest (zcross) and
highest (zcross0) modes above noise level equals zero (zcross−zcross0 = 0) and the
width of that mode (rx_gwidth) is lower than 20 m. These are likely to represent
non-forest area (i.e., Zcross−zcross0 = 0 if rx_gwidth < 20).

• waveforms with a relative height of 100 (RH100) (defined as the distance between the
elevations of detected ground return and the 100% accumulated waveform energy),
lower than 3 m or greater than 70 m. RH100 < 3 m, apparently corresponds to
bare soil or low vegetation and RH100 > 70 does not represent realistic vegetation
heights [8,13,43].

About 20% of the waveforms remained after the above filtering steps. For example, for
algorithm setting group 2, the number of waveforms before and after filtering is 2,598,716
and 507,892, respectively. Figure 2 shows examples of GEDI waveform over deciduous
broadleaf and evergreen needleleaf forests during winter and summer. The waveforms
acquired on two different dates are located within the shortest possible distance (the
distances are presented in the figure).

In this study, the geolocation information, including longitude, latitude, and elevation,
as well as the acquisition time of received waveforms, were extracted from the L1B data
product. The vital variables derived from the L2A data product that was used in this
research are: (1) beam sensitivity, defined as the maximum canopy cover through which the
GEDI liDAR can detect the ground with 90% probability [11]; (2) the signal-to-noise ratio
(SNR), calculated using maximum amplitude within an acquired waveform and the mean
and the standard deviation of background noise [13]; (3) the relative height at 100% (RH100)
of returned energy, which is the distance between the ground return and the canopy top [5];
(4) beam type (power/coverage). To clarify, GEDI has three 10 mJ lasers, one of which is
split into two 5 mJ beams (coverage beam) and the two others remain at full power energy
(power beam) [44]. The two important environmental indices, including plant area index
(PAI), defined as half the total green leaf area per unit ground surface area (m2/m2), and
canopy cover [45], were extracted from the L2B data product.
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Figure 2. Examples of acquired GEDI waveform over broadleaf: (a) leaf-off, (b) leaf-on; and needleleaf:
(c) winter, (d) summer. Location and acquisition date (year/month) of used GEDI waveforms and
the distance between two dates in each forest type is noted.

Assuming that the waveform start represents the highest point of the canopy within
the footprint, the canopy heights in the GEDI datasets are the distance between ground
elevation and the elevation of the waveform start. To obtain ALS height values at the
location of GEDI footprints, the maximum of the cell values of the ALS-CHM was extracted
for each footprint. The reference canopy heights are called ALS Hmax hereafter.
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2.4. Analysis of GEDI Canopy Height
2.4.1. Comparing GEDI Processing Algorithms

GEDI processing algorithms were compared to find the best configuration used for
waveform smoothing (to minimize the noise in the signal and determination of the useful
part of the waveform). All preprocessing steps were performed using six GEDI datasets
extracted by the six algorithm group settings. Then, the extracted relative height metric
at 100% (RH100) of waveform accumulated energy was assumed as GEDI maximum
estimated height (henceforth called GEDI H100). The accuracy assessment of GEDI H100
was performed using ALS Hmax.

2.4.2. GEDI Heights over Different Forest Types, and Leaf-On and Leaf-Off Condition

A comparative analysis of the GEDI LiDAR data for estimating canopy height in
various forest types including deciduous broadleaf, evergreen needleleaf, and mixed forest
was performed while investigating the influence of GEDI acquisition parameters, such as
sensitivity, beam type, acquisition time (Day/Night), and some environmental parameters,
including canopy cover and plant area index (PAI) in different forest types.

The structure of broadleaf and mixed forests differs during the leaf-off and leaf-on
seasons. This raises the question of how the structure affects the canopy height estimation
using GEDI, especially in comparison with needleleaf forests. To address this question, the
accuracy of GEDI heights was also evaluated using the leaf-off/leaf-on dataset over each
forest type. The leaf-off season corresponds to December, January, and February, during
which trees in the broadleaf forest in the study area are definitely leaf-off. However, the
so-called leaf-off season for needleleaf forests (evergreen) is generally representative of
the winter, not the tree foliage condition. Data for the needleleaf forest is therefore called
winter data hereafter.

Effects of GEDI Acquisition Parameters

To consider the influence of different acquisition parameters on GEDI estimates, the
difference between GEDI H100 and ALS Hmax is calculated, which is called the H100-
difference henceforth.

To investigate the influence of the beam sensitivity, which provides information on
the penetration of the LiDAR beam in the forest canopy and has shown itself to have a vital
impact in several studies [5,6,8], the H100-difference fluctuation was analyzed in different
sensitivity groups (sensitivity < 0.9, 0.9–0.91, 0.91–0.92, 0.92–0.93, 0.93–0.94, 0.94–0.95, 0.95–
0.96, 0.96-0.97, 0.97–0.98, 0.98–0.99, 0.99–1). Furthermore, to visualize the significance of
removing shots with low sensitivity on canopy height accuracy, it was necessary to find
an optimum sensitivity threshold (where we achieved high accuracy while keeping the
maximum possible number of shots). Thus, the GEDI dataset was split into two groups
with sensitivity lower and higher than a sensitivity threshold (0.9, 0.91, 0.92, 0.93, 0.94, 0.95,
0.96, 0.97, and 0.98), and GEDI heights were assessed in two different groups of low and
high sensitivity.

The effect of GEDI beam type and acquisition time was also evaluated, as these are
also important parameters. To extract the GEDI acquisition time (day/night) of each
measurement, the sunrise/sunset timetable available at the Global Monitoring Labora-
tory website [46] was downloaded for Germany (at the location of Erfurt, the capital of
Thuringia) from 1 January 2019 to 31 January 2022. The GEDI times (in UTC) were con-
verted to local times (as sunrise/sunset timetable). If the acquisition time of a waveform
was between sunrise and sunset hours, it was set as daytime; otherwise, the acquisition
time was set as nighttime. It is worth mentioning that day/night acquisition time could
also be deduced from the solar elevation angle information that was included in the GEDI
datasets, so measurements with an elevation angle greater than zero are considered daytime
acquisitions [4].
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Effects of Plant Area Index (PAI)

A vital metric available in the GEDI L2b product is the plant area index (PAI), which
is defined as half the total green leaf area per unit ground surface area (m2/m2) [45]. The
influence of this metric, which is essential for converting leaf-level processes to the canopy
level [47,48], is evaluated to explain the accuracy difference in canopy height estimation
from GEDI data over three forest types. This was done by analyzing the H100-difference
relationship with PAI in the three forest types. Since it was expected that there would
be a clear difference in PAI during summer and winter in the broadleaf forest, but not
in needleleaf, the monthly change of this parameter was investigated. In the next step,
the dataset was divided by the months that had low and high PAI values using threshold
derived from the previous step. An accuracy assessment of GEDI canopy height was
performed using the two derived datasets in each forest type.

2.5. Accuracy Assessment

For statistical assessment of canopy height estimates, the metrics between GEDI height
and ALS Hmax, presented in Table 1, were calculated; this method has been used in similar
studies [4,12,13]. It is worth mentioning that, since H-differences (differences between
GEDI and ALS heights) are not normally distributed, the median and median absolute
deviation (MAD) were used as robust parameters for their statistical evaluation [4].

Table 1. Statistic criteria for accuracy assessment of canopy height estimates.

Criteria Description Equation

RMSE Root mean square error
√

∑n
i=1 (xi−yi)

2

n

R2 Square of the correlation
coefficient

(
∑n

i=1[(xi− x)(yi− y)]√
∑n

i=1 (xi− x)2
√

∑n
i=1 (yi− y)2

)2

Bias Mean difference between
estimated and observed value

∑n
i=1(xi−yi)

n

Median The middle of a dataset when
it is ordered -

MAD Median absolute deviation 1.4826 ×median (|∆hi-m∆h|)

xi: GEDI height; yi: ALS height; x: mean GEDI height; y: mean ALS height
n: number of GEDI footprints;
∆hi: (xi − yi); m∆h: median of ∆h

3. Results
3.1. GEDI Processing Algorithm

Figure 3 indicates the scatter plots of GEDI-H100 and ALS Hmax values for each algo-
rithm group for all footprints over Kyffhäuser and Thuringian forests (507,892 footprints).
Accuracy metrics of GEDI H100 estimates derived with different algorithm groups can be
found in Table 2. As observed, the most accurate estimated height belongs to algorithm
settings 2 and 6 with an RMSE of 7.46 m and 7.80 m, a median of −0.44 m and −0.19 m,
and MAD values of 3.9 m and 4.24 m, respectively. The least accurate result was obtained
using algorithm setting 5 (RMSE = 9.62 m, median = 2.44 m, MAD = 7.07 m). As algorithm
setting 2 gave the best overall performance, the remainder of this study will be based on
algorithm 2 results.
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to a6).

To compare the capability of GEDI in different forest types, the datasets were divided
into three subsets that contained footprints over broadleaf (135,347 footprints), needleleaf
(235,321 footprints), and mixed forests (137,224 footprints). Figure 4 shows the scatter plot
of GEDI height against ALS Hmax for the mentioned forest types.
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Table 2. Accuracy metrics of GEDI H100 estimates derived with different algorithm groups.

Algorithm
Group RMSE (m) R2 Bias (m) Median (m) MAD (m) Footprints

a1 8.952 0.68 −3.31 −0.94 3.85 461802

a2 7.458 0.74 −1.63 −0.44 3.9 507892

a3 8.539 0.69 −2.69 −0.7 4.03 480710

a4 10.333 0.65 −5.53 −2.71 4.63 444350

a5 9.625 0.7 2.92 2.44 7.07 515869

a6 7.805 0.73 −1.2 −0.19 4.24 504041
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According to the statistics presented in Figure 4, canopy height is estimated more
accurately over the needleleaf forest with an RMSE of 6.61 m. Comparing the MADs, which
are resilient to outliers and the deviations of a small number of outliers are irrelevant in
it [49], confirms the advantage of GEDI height estimates over needleleaf forests.

3.2. GEDI Heights over Different Forest Types
3.2.1. Effects of GEDI Beam Sensitivity

Figure 5 visualizes the relationship between H100-difference and different GEDI-
beam-sensitivity groups. Since the beam sensitivity parameter provides an estimation
of the maximum canopy cover through which GEDI can detect the ground with 90%
probability [11], it is expected that with higher sensitivity, denser canopy covers can be
penetrated. Looking at Figure 5, the median of the H100-difference in all three forest types
starts from a negative value and increases with increasing sensitivity values until it reaches
zero at the sensitivity of 0.97–0.98. Compared to the broadleaf and mixed forests, the
needleleaf forest shows lower variation in the median values of H100-differences between
GEDI points with low and high sensitivity. Furthermore, the absolute median values of
H100-differences in needleleaf forests are lower than those observed in broadleaf and
mixed forests. It could be deduced the parameter of sensitivity is a less effective factor for
needleleaf forest than the two other forest types. This could occur either because of simple
vertical structure (e.g., low number of vertical strata), which allows better beam penetration
through the canopy, or homogeneity of canopy cover over the study site (Figure 6). In
needleleaf forests, the mean canopy cover is around 60%, with the majority of data between
40% and 90%. For broadleaf and mixed forests, the distribution of canopy cover is bimodal,
with the first most frequent canopy cover at about 90% and the second at about 30%.
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and (c) mixed forests. In addition, the number of GEDI shots (n) is displayed for each sensitivity range.

The scatter plots visualizing the relationship between GEDI H100 and ALS Hmax using
different groups of datasets with sensitivities lower and greater than the threshold values
were provided to evaluate the extent of improvement by the exclusion of low-sensitivity
data. Based on the statistical criteria, the best sensitivity threshold in our study site is
0.96. However, looking at Figure 7 reveals that the dataset with sensitivity values greater
than 0.96 estimates the canopy height only 0.5 m (needleleaf forest) to 1.2 m (broadleaf
and mixed forest) more accurately than the original dataset, as presented in Figure 3, in
exchange for excluding about one-third of samples. We have also presented the scatterplot
of GEDI H100 versus ALS Hmax for a sensitivity threshold of 0.90 in Figure 8. It shows
the dataset with sensitivity > 0.90 leads to a slight improvement in accuracy (between
20 to 50 cm) by removing a small portion of samples with sensitivity < 0.90 (about 6 to 7%
of samples) in comparison to the original dataset. The statistic criteria are displayed on
the plots.
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3.2.2. Effects of Forest Leaf-On and Leaf-OFF Condition

Following the results in Section 3.2.1, the relationship between the statistic criteria and
GEDI beam sensitivity during leaf-off/leaf-on seasons was considered (Figure 9). As it is
seen, there is a decreasing trend in the estimation error (RMSE) as the sensitivity level in all
forest types increases; however, the trend is less linear in the needleleaf forest. Comparing
leaf-off/leaf-on seasons, a reverse behavior is observed in broadleaf and needleleaf forests.
While the leaf-off season dataset produces slightly higher accuracy in the broadleaf forest,
an increase is realized in the accuracy of canopy height estimates over the needleleaf
forest during the winter season. This behavior encouraged us to consider the relationship
between H100-difference and canopy cover (Figure 10). The result shows that the estimation
accuracy increases by canopy cover up to 20–30%, and decreases when canopy cover goes
over 70%, which is due to lower canopy penetration.
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3.2.3. Effects of GEDI Acquisition Time and Beam Type

Figures 11 and 12 visualize the influence of acquisition time and beam type on canopy
height estimation, respectively. The general behavior is similar in all forest types. In other
words, the data acquired at night with the power beam produce a slightly higher accuracy
than the daytime dataset acquired by the coverage beam. Referring to Tables 3 and 4,
height estimates acquired during the day or using the coverage beam have a slightly higher
median and MAD of H100-difference compared to the data obtained at night or using a
higher intensity (power beam). The intensity of the beam determines its ability to penetrate
the canopy cover, whereas the atmospheric effects and noise levels are affected by the time
of data acquisition. The result shows that the needleleaf forest in our study site is not
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highly affected by night and day, and is less affected by beam intensity in comparison to
broadleaf and mixed forest. This can be explained by the canopy structure of needleleaf
forests, which provide better canopy penetration, and the canopy cover percentage. As
explained in Figure 6, the distribution of canopy cover shows fewer data with high canopy
cover values compared to broadleaf and mixed forest.
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Table 3. Statistics of H100_difference for two groups of datasets based on beam type in three for-
est types.

Forest Type Beam Type Median H100_difference (m) MAD H100_difference (m) Number of Footprints

Broadleaf
Coverage −1.85 4.82 63,524

Power 0.27 3.87 71,823

Needleleaf
Coverage −1.2 3.53 113,956

Power 0.38 3.11 121,365

Mixed
Coverage −1.59 4.85 63,467

Power 0.35 4.12 73,757
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Table 4. Statistics of H100_difference for two groups of datasets based on beam type and acquisition
time in three forest types.

Forest Type Acquisition Time Median H100_difference (m) MAD H100_difference (m) Number of Footprints
(n)

Broadleaf
Day −0.88 4.54 70,707

Night −0.35 4.08 64,640

Needleleaf
Day −0.43 3.59 123,031

Night −0.25 3.25 112,290

Mixed
Day −0.77 4.73 69,764

Night −0.2 4.26 67,460

3.2.4. Effects of Plant Area Index (PAI)

PAI defined as half the total green leaf area per unit ground surface area (m2/m2) was
assumed to explain the accuracy difference in canopy height estimation from GEDI data
over three forest types. Boxplots visualizing the relations between H100_difference and
PAI can be found in Figure 13. A clear correlation is observed between height residuals and
PAI. However, an increase is observed in the accuracy of canopy height estimates with the
increase of PAI up to 3, but afterward, the general trend shows a weak negative correlation
between accuracy and PAI.
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Figure 13. Boxplot of H_difference on plant area index (PAI) for (a) broadleaf, (b) needleleaf, and
(c) mixed forest.

To further analyze PAI and its effect on GEDI canopy height, the monthly change of
PAI was plotted (Figure 14). According to Figure 14, the amount of PAI during November,
December, January, February, March, and April is clearly lower than in other months of the
year in broadleaf and mixed forest, which confirms a seasonal change in the vertical and
horizontal profile of broadleaf and mixed forest. This observation led us to evaluate GEDI
canopy height during growing and non-growing seasons other than leaf-off (meteorological
winter, including October, January, and February) and leaf-on seasons. Defining the
growing and non-growing seasons is closely related to plant phenological stages. For
instance, spring leaf unfolding, and autumn leaf coloration implies the start and end of
the period of photosynthetic CO2 uptake, respectively, and is used to define the growing
season in ecosystems dominated by deciduous plant species [50]. In this study, the months
showing a median PAI lower than 2 in broadleaf and mixed forests were assigned to the
non-growing season.
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Figure 14. Boxplot of PAI on monthly acquisition time for (a) broadleaf, (b) needleleaf, and
(c) mixed forest. The lower and upper hinge of the boxes indicates the 25th and 75th percentile
of the data, respectively.

As observed, in broadleaf and mixed forest, the median of PAI ranges between
0.5 and 3.5, and during the non-growing season, it is lower than 2. Concerning needleleaf
forest, median values are between 0.7 and 2, and the low median values in February 2020
and December 2021 can be due to an extremely limited number of available footprints,
which equal 16 and 4, respectively. In the next step, the GEDI dataset for each forest type
was divided into two sets: one for the growing season (months of May, June, July, August,
September, and October) and one for the non-growing season (months of November, De-
cember, January, February, March, and April). This approach led to splitting the dataset into
equal periods (two 6-month periods) instead of leaf-off and leaf-on seasons. This would re-
duce the difference between the number of shots during the growing and the non-growing
dataset. However, from the total dataset, only 25, 18, and 20% of the broadleaf, needleleaf,
and mixed forest types, respectively, belongs to the non-growing season. This could be a
result of removing the unwanted footprints affected by atmospheric conditions, specifically
cloud presence, which may be more likely from late autumn to early spring. The scatter plot
of GEDI H100 and ALS Hmax using the two sets of datasets was produced to visualize the
effect of PAI on canopy height estimation (Figure 15). It indicates an improvement of about
1 m in the accuracy of GEDI canopy heights using the non-growing dataset with median
PAI < 2 (RMSE = 7.40 m) rather than the growing season with PAI > 2 over the broadleaf
forest (RMSE = 8.44 m). For the mixed forest, the same result is observed in terms of RMSE
for both nongrowing and growing seasons (RMSE~7.8 m); however, other statistical criteria
(median, bias, and MAD) differ by season slightly. A reverse behavior is observed in the
needleleaf forest in comparison to the broadleaf forest. From the statistical criteria, higher
accuracy is realized using the growing (RMSE = 6.38 m) than the non-growing dataset
(RMSE = 7.24 m).
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4. Discussion

In this study, we analyzed the accuracy of GEDI for estimating canopy heights in
different forest types, including deciduous broadleaf, evergreen needleleaf, and mixed
forests. The accuracy of height estimates was evaluated using CHM derived from ALS
DTM and DSM.

GEDI metrics were based on six L2A processing algorithms with different threshold
and smoothing settings to detect the canopy top and the ground return. The analysis of
the GEDI canopy height derived from the six algorithm settings reveals that algorithms
2 and 6 deliver approximately similar accuracies. In practice, identifying the ground return
and the top location in GEDI data can be challenging under conditions of dense canopy
cover, low-altitude clouds or fog, and complex terrain. For instance, in areas with dense
undergrowth or high aboveground biomass, such as tropical forests, the outperformance of
algorithms with a lower signal end threshold (such as in algorithm 5) has been proven in
several studies e.g., [8,12], to derive terrain elevation and canopy height. Fayad et al. [5]
believe that algorithms 1 and 2 do not correctly detect ground returns over French Guiana.
In this study, algorithms 4 and 5, which have the highest signal start and lowest signal end
thresholds, respectively, led to low accuracy results. This can prove the lack of complexity
of the study site (to some degree) in comparison to highly dense forests. However, while
the highest RMSE belongs to algorithm 4 (10.33), but the median and MAD statistics
(Table 2) distinguish algorithm 5 as the worst performing algorithm; this is consistent with
Adam et al. [4], which was conducted over the Roda area and the Thuringian forest in
Germany. According to Hilbert et al. [51], in less dense forest ecosystems, a low signal
back threshold can lead to an underestimation of the ground surface (interpretation of
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noise below the actual ground as the ground peak), leading to an overestimation of the
canopy height.

The accuracy assessment of GEDI height estimates in three forest types, including
broadleaf, needleleaf, and mixed forest, shows that the overall median of the H100-
difference (GEDI H100-ALS Hmax) in needleleaf forest (in Thuringian forest, Germany) is
−0.34 m with a median absolute difference (MAD) of 3.42 m and root mean square error
(RMSE) of 6.61 m; this is slightly better than that found in the broadleaf forest (in Kyffhäuser
forest, Germany), viz. a median of −0.61 m, a MAD of 4.3 m, and RMSE of 8.30 m, us-
ing the dataset derived with algorithm setting 2 (Figure 4). In assessing the accuracy of
GEDI height estimates over the Thuringian forest, Adam et al. [4] reported very similar
results in terms of median and MAD statistics using algorithms 1 (median = −0.23 m,
MAD = 3.17 m) and 2 (median = 0.29 m, MAD = 3.31 m) with a much lower number of
footprints (19,646) compared to ours (235,321). The accuracy of height estimates over the
mixed forest is almost as good as the broadleaf forest (RMSE = 7.94 m, median = −0.48 m,
MAD = 4.46 m). The better performance of GEDI over the needleleaf forest may be due to
the more clumped foliage and easier penetration of light to the forest floor in the needleleaf
forest than in the less clumped and more uniform broadleaf forest [52–54].

Regarding the influence of beam sensitivity on canopy height, the relationship between
height residuals and sensitivity (Figure 5) reveals a low significant role of this factor in our
study site. The analysis of shots with high-beam sensitivity indicates that removing shots
with sensitivity < 0.96 increases the accuracy of canopy heights, but it is not significant
in exchange for the number of shots that are being discarded. In other words, excluding
almost a third of the shots (sensitivity < 0.96) leads to an improvement of only about
0.5 m (needleleaf forest) to 1.2 m (broadleaf and mixed forest). This can be explained
by the canopy structure and the density of the forest, as the beam sensitivity is defined
as the percentage of the canopy cover through which we expect to be able to detect the
ground with 90% probability. The studies that have recommended filtering the GEDI
dataset with high beam sensitivity were conducted in dense, complex forests. For example,
Fayad et al. [5] and Lahssini et al. [8], who recommended removal of data with a beam
sensitivity < 0.98, worked in the tall and dense forests of French Guiana and Gabon, South
America. A threshold of 0.95 was suggested by Dhargay et al. [6], who worked on high-
density complex forests located in the Central Highlands region of Victoria, Melbourne,
and Rishmawi et al. [10], who monitored key forest structure attributes of large-extent
forests across the conterminous United States. In contrast, the average canopy cover in
our study sites is approximately 60% (note that a canopy cover could be a proxy of forest
density); based on this result, it is not recommended to eliminate a large portion of the
dataset in exchange for a small improvement.

The relationship between the statistical criteria and GEDI beam sensitivity during the
leaf-off/leaf-on seasons was considered in terms of the influence of both beam sensitivity
and forest structure effect on GEDI height estimates (Figure 9). There is a clear decreasing
trend in the RMSE as sensitivity increase in broadleaf forests. The RMSE decreases from
11.6 m and 14 m for the leaf-off and leaf-on datasets, respectively, to 5.68 m and 7.01 m by in-
creasing the beam sensitivity from sensitivity < 0.90 to sensitivity > 0.98. For the needleleaf
forest, the RMSE decreases by increasing the beam sensitivity with less acceleration com-
pared to the broadleaf forest (the RMSE decreases from 12.6 m and 9.05 m for the leaf-off
and leaf-on datasets to 8.11 m and 6.47 m, respectively, by increasing the beam sensitivity
from sensitivity < 0.90 to sensitivity > 0.98). In the mixed forest, the trend of RMSE by sensi-
tivity is more similar to the broadleaf forest. When comparing the leaf-off/leaf-on datasets
in the broadleaf and mixed forest, the leaf-off dataset gives slightly better results than
the leaf-on due to better penetration through the canopy and consequently more accurate
detection of the ground surface (more obvious difference in the broadleaf). This is in line
with Olesk et al. [55], who used the SINC model to retrieve forest height from Tandem-X
InSAR data and found that the estimation accuracy of the deciduous season (leaf-off) in the
broadleaf forest was higher than that of the non-deciduous season. In a study comparing
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GEDI terrain estimates over temperate broadleaved, mixed, and needle-leaved forests,
Urbazaev et al. [12] expressed that leaf-off conditions in temperate broad-leaved forests
could improve the detection of ground return. According to DEEMS et al. [56], the number
of successful ground hits and therefore the final surveyed point density decreases inversely
with canopy cover density. The relationship between H100-difference and canopy cover in
Figure 10 shows an upward trend in canopy height estimation accuracy with increasing
canopy cover up to 20–30%. At that point, the accuracy remains relatively stable with a
slight increase up to 70% canopy cover; afterward, the canopy cover (above 70%) has a
negative effect on GEDI canopy height estimates by reducing canopy penetration. This
is in accordance with a study by Adam et al. [4] on forests in Thuringia, Germany, which
reported that the GEDI canopy height estimates for areas with canopy cover <25% have
a significantly lower accuracy than estimates for areas with higher canopy cover, and the
accuracy is more or less stable for canopy cover classes above 25%. Therefore, less dense
canopy cover during the deciduous season (leaf-off) results in higher canopy penetration,
more precise ground detection, and ultimately, more accurate canopy height estimates,
leading us to conclude that the deciduous season dataset is preferred for canopy height
measurements over deciduous broadleaf forests.

In contrast, for the needleleaf forest, the winter season dataset (called the leaf-off
season for broadleaf forest) leads to slightly higher RMSE values, which can be due to
atmospheric conditions and cloud effects [14], while the vertical structure of the forest and
canopy foliage is constant during summer and winter. Another possible factor affecting
canopy height estimation in our study site is likely the presence of snow during winter.
Although the exact effect of snow cover is still unclear, we believe the snow cover is likely
to lead to incorrect canopy top and ground detection. However, in a research review
on LiDAR measurement of snow depth, DEEMS et al. [56] state that: “in snow-covered
landscapes, the reduction of understory vegetation due to snow burial combined with the
high reflectivity of the snow surface at LiDAR wavelengths of 1064 nm or shorter should
allow for increased sub-canopy ground-point density and accuracy compared with snow-
free collections”. However, their work described how snow cover decreases the influence
of understory vegetation on ground surface detection positively, but also strengthens the
probability of incorrect ground detection under deep snow (i.e., snow surface is mistakenly
identified as ground surface). The same condition is expected in a broadleaf forest, but the
canopy-snow interaction should be also taken into account. Dickerson-Lange et al. [57]
assessed forest-snow interactions in relatively warm winter conditions across the Pacific
Northwest, United States. They expressed, generally, how forest structure reduces snow
deposition by increasing snow-canopy interception, but canopy sheltering at windy sites
can reverse the influence of interception on snow accumulation and cause longer snow
disappearing timing. Therefore, the longer snowmelt time in needleleaf forests extends
snow cover effects on canopy height estimation rather than in broadleaf forests. With all
this in mind, a quantitative study of the canopy-snow interaction and its impact on GEDI
canopy height detection is proposed to explain precisely the difference in accuracy between
summer and winter seasons, especially in needleleaf forests.

Similar to beam sensitivity, beam type and acquisition time have little influence on
canopy height estimation over our study sites. This is most likely due to the overall
relatively low forest density in the study area, meaning that the GEDI beam type has a
small influence on canopy height accuracy [4]. Since the power beam was designed to
penetrate canopies with over 95% cover, and in our dataset, only 0.2, 1.3 and 1% of the
footprints for broadleaf, needleleaf, and mixed forest, respectively, have a canopy cover
of over 95%, its ability does not add an advantage to this study. It is worth noticing that
the beam type had a higher importance in the estimation of canopy height in the broadleaf
and mixed forests in comparison with the needleleaf forest. This could be generally due
to the more complex vertical structure of the broadleaf forest that increases uncertainties
in ground detection. On the other hand, although the mean canopy cover over all three
forest types is around 60%, its almost normal distribution over needleleaf forest (Figure 6)
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indicates a more spatially and temporally homogenous structure which provides better
penetration of the coverage beam than the power beam. Taking into account the small
influence of the power beam and nighttime dataset on height estimation improvement, and
the magnitude of the dataset collected with the coverage beam or during the day (about
50% of the dataset referring to Tables 3 and 4), we consider it unnecessary to filter for
beam intensity and data acquisition time when using GEDI canopy height products over
our study site. This result is in line with Urbazaev et al. [12], which reported a similar
correlation to reference data for both coverage and power beams for non-degraded samples
(i.e., GEDI degrade flag parameter equal to 0) over broadleaf and needleleaf forests in
central Germany. In contrast, some other studies recommend the use of only power beams,
and nighttime data [4,5,7,8,11]. For example, Liu et al. [25] recommended using only power
beam nighttime data for canopy height retrieval over 40 sites with a wide range of latitude,
longitude, elevation, slope, canopy height, canopy cover, and land cover located in the U.S.
mainland, Alaska, and Hawaii, although they state that the deletion of coverage beam and
daytime data is not necessary for terrain height estimation. Lahssini et al. [8] assessed the
influence of various GEDI signal acquisition parameters on canopy height estimates and
recommended the use of only power and high-sensitivity beams when retrieving canopy
height over tropical forests in French Guiana and Gabon, and sufficient data are available.

The plant area index (PAI), i.e., the one-sided leaf area per unit of ground area, is
available in the GEDI L2b product; it defines an important structural property of terrestrial
vegetation canopies. Theoretically, the power law between leaf area and tree height varies
amongst forest types [58]. Based on a theoretical allometric model (Kempes et al., [59]), the
power law between PAI and maximum tree height is a first-order approximation. Thus,
the correlation between leaf area and tree height supports the assumption that PAI can
explain the difference between canopy height estimation accuracies over three forest types
during growing and non-growing seasons (assuming different PAIs in the two seasons).
Figure 13 indicates a similar trend between H100-difference and PAI in all forest types,
i.e., the accuracy of canopy height estimates increases by PAI up to 3, but afterward, the
general trend shows a negative correlation between accuracy and PAI. Monthly changes in
the plant area index (Figure 14) confirm the PAI as a critical vegetation structural parameter
for monitoring the status of forests [6]. Therefore, since there was a reasonably clear
change in the PAI of the broadleaf forest during each year, this metric was recognized as an
essential differentiating factor of forest types. Therefore, the accuracy assessment of GEDI
H100 in each forest type was carried out using two datasets: median PAI > 2 and median
PAI < 2, called growing and non-growing datasets, respectively (Figure 15). The influence
assessment of PAI on canopy height estimation indicates a better result using the non-
growing dataset than the growing dataset with RMSE equal to 7.40 m and 8.44 m (1 m
difference) and MAD equal to 3.19 m and 4.45 m, respectively. A reverse result was observed
in the needleleaf forest in comparison to broadleaf, with a slightly higher accuracy using the
growing (RMSE = 6.38 m) than the non-growing dataset (RMSE = 7.24 m). The improved
performance of GEDI using the non-growing dataset (median PAI < 2) in broadleaf forests
and growing dataset (median PAI > 2) in needleleaf forests is in line with our previous
findings using leaf-off/leaf-on season dataset. The same explanation can be given, although
there is a better balance between the number of shots when dividing the dataset based on
median PAI rather than leaf-off/leaf-on condition.

5. Conclusions

GEDI space-born LiDAR data was analyzed to compare its ability to estimate canopy
height over different forest types, mainly evergreen needleleaf and deciduous broadleaf
in temperate forests of Thuringia, Germany. The relative height metric (RH100) of GEDI
shots was considered to be the maximum height, and the data were evaluated based
on the maximum height derived from the 1 m resolution ALS CHM model. The first
minor objective was to find the best processing algorithm that fit the data in our study
site to remove noise-contaminated waveforms. Algorithm 2 and Algorithm 6 delivered
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similar results that were more accurate than the other algorithms. It can be concluded
that algorithms with a medium waveform signal end threshold appear to be preferable for
deriving canopy height over temperate forests. The metrics extracted with algorithm 2 with
slightly higher accuracy (RMSE = 7.46 m, median =−0.44 m, MAD = 3.9 m) were considered
the best, and the rest of the analysis was conducted using a total of 507892 samples after
refinement (135,347 over broadleaf, 235,321 over needleleaf, and 137,224 over mixed forests).

GEDI canopy height over needleleaf forest with RMSE = 6.61 m and MAD = 3.42 m
was slightly more accurate than that over broadleaf (RMSE = 8.30 m, MAD = 4.30 m) and
mixed (RMSE = 7.94 m, MAD = 4.46 m) forests, which is because needleleaf forests have
more homogenous vertical structure, more clumped foliage, and easier penetration of light
to the forest ground than for the more uniform and less clumped broadleaf type. Assessing
the GEDI acquisition parameters over temperate forests analyzed in this study showed that
differences in beam type, sensitivity, and acquisition time do not highly affect the accuracy
of canopy heights, especially over the needleleaf forest.

Comparing the leaf-on/leaf-off season, contrasting results were observed in the
broadleaf and needleleaf forests. Better performance of GEDI data in leaf-off season (i.e.,
meteorological winter, including the 3 months of December, January, and February) is inter-
pretable by lower canopy cover density and, consequently, more successful ground hits and
returns than that in leaf-on season. This leads us to the conclusion that the leaf-off season
dataset is preferred for canopy height measurements over broadleaf forests. Inversely, the
winter season dataset over needleleaf forest showed slightly higher RMSE values, which
could be due to atmospheric conditions, cloud effects, snow, and snow-canopy interac-
tions. However, a deep investigation into canopy-snow interaction and its impact on GEDI
canopy heights is suggested.

While considering the effect of plant area index (PAI) on GEDI canopy height accura-
cies, dividing the dataset into the growing and non-growing seasons resulted in similar
achievements as the leaf-on and leaf-off seasons, respectively. In other words, in the
broadleaf forest, the GEDI dataset of the non-growing season that contains a low amount
of PAI (median PAI < 2) outperformed the growing season dataset (median PAI > 2). The
reverse result was observed in needleleaf forest. Such achievement is explained with
the same logic as the leaf-off/leaf-on dataset. Although a slight improvement in canopy
height estimation was observed using either leaf-off or non-growing season dataset for
the broadleaf forest, and either leaf-on or growing season dataset for the needleleaf forest,
the approach of filtering GEDI data based on such seasonal changes affecting the vertical
structure of the forest is recommended when considering either pure broadleaf or needle-
leaf forest and a sufficient dataset is available. This approach is expected to obtain more
interesting results over highly dense forests, and it is worth further investigation.
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