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SUMMARY

Accurate measurements of canopy heights play a pivotal role in estimating vegetation biomass. The Advanced Topographic Laser 
Altimeter System (ATLAS), and the Global Ecosystem Dynamics Investigation (GEDI) have significantly improved LiDAR capability 
for three-dimensional mapping. Global canopy height maps were released at medium to very high spatial resolutions: Land and 
Vegetation Height (ATLAS-ATL08 product), Global Forest Canopy Height Map (GFCH), the High-Resolution Canopy Height Model 
of the Earth (HRCH), and Global Map of Tree Canopy Height (GMTCH).  This study aimed to provide a review of the accuracy 
assessment results of the recent global canopy height maps, by comparing them with independent airborne laser scanning (ALS) data. 
According to the findings, global canopy height models were mainly validated in boreal and temperate forests, primarily in North 
America, Europe, and Oceania. ATL08 canopy heights underestimated canopy heights in most cases, reporting mean errors (MEs) less 
than -2.3 m, and root mean square errors (RMSEs) ranging from 2.9 m to 7 m.  GFCH showed larger negative vertical offsets with MEs 
ranging from -3.8 m to -14 m (RMSEs 9 m - 18 m). On the other hand, HRCH tended to overestimate (MEs 1,7 m - 6.0 m, RMSEs 
8 m - 11 m) most forested areas.  GMTCH consistently underestimated the height of all canopies with MEs ranging from -7 m to -12 
m (RMSEs 10 m - 17 m).  Recommendations are provided to enhance the global availability of independent ALS data, and potential 
application for the maps are recognized.
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RESUMEN

Las mediciones precisas de la altura del dosel forestal desempeñan un rol fundamental en la estimación de la biomasa vegetal. El 
Advanced Topographic Laser Altimeter System (ATLAS), y el Global Ecosystem Dynamics Investigation (GEDI) han mejorado 
significativamente la capacidad de los datos LiDAR para el mapeo tridimensional. Se publicaron Mapas globales de altura del dosel 
de media a muy alta resolución espacial: Altura del Suelo y Vegetación (producto ATLAS-ATL08), Mapa Global de Altura del Dosel 
Forestal (GFCH), Modelo de Alta Resolución de Altura del Dosel Forestal de la Tierra (HRCH) y el mapa global de altura de árboles 
(GMTCH). El objetivo del estudio fue proporcionar una revisión del análisis de exactitud de los recientes mapas globales de altura del 
dosel, comparándolos con datos independientes de LiDAR aerotransportado (ALS). De acuerdo a los resultados, los modelos globales 
de altura del dosel fueron principalmente validados en bosques boreales y templados de Nordamérica, Europa y Oceanía.   Las alturas 
del dosel de ATL08 subestiman la altura en la mayoría de los casos, reportando errores medios (MEs) menores a -2.3 m y errores 
cuadráticos medios (RMSs) en un rango entre 2.9 m y 7 m. GFHM mostró desplazamiento vertical negativo más alto con MEs en el 
rango de -3,8 m a -14 m (RMSEs 9 m - 18 m). Por otro lado, HRCH tendió a sobreestimar (MEs 1.7 m - 6.0 m, RMSEs 8 m - 11 m) 
la mayoría de las áreas con bosques. GMTCH subestimó consistentemente la altura de todo el dosel con MEs en el rango de -7 m a 
-12 m (RMSEs 10 m - 17 m).  Se realizan recomendaciones para mejorar la disponibilidad global de datos independientes ALS, y se 
identifican potencial utilización de los mapas.  

Palabras clave: LiDAR espacial, relevamientos LiDAR aerotransportado, inteligencia artificial, base de datos de acceso abierto.
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INTRODUCTION

Accurate measurements of canopy heights play a pi-
votal role in estimating vegetation biomass and carbon 
stocks.  Allometric equations are used to estimate forest 
biomass in non-destructive approaches (Yang et al., 2022). 
Power relationship exists between most allometric models 
and diameter at breast height (DBH) which is strongly 
related to height. Light Detection and Ranging (LIDAR) 
technology has become a dominant data collection tool 
for measuring vertical forest structures and for estimating 
aboveground biomass (Borsah et al., 2023). Rapid and 
accurate retrieval of vegetation canopy surfaces and the 
underlying topography is also essential for gaining a dee-
per understanding of terrestrial ecosystem functions and 
services (Friedlingstein et al., 2020).  LiDAR has emerged 
as a reliable technology for characterizing surface topogra-
phy and vertical canopy structure as it can provide detailed 
and precise three-dimensional information about surface 
objects (Narine et al., 2019). Monitoring terrain elevation 
and vertical canopy structure on a large spatial scale is best 
achieved through spaceborne LiDAR technology (Xi et 
al., 2022). Due to their high data acquisition costs, neither 
terrestrial nor airborne LiDARs are suitable for large-scale 
observations of terrestrial ecosystems (Lu et al., 2024). 

The launched ICESat-2 equipped with the Advanced 
Topographic Laser Altimeter System (ATLAS) in 2018, 
and the Global Ecosystem Dynamics Investigation (GEDI) 
installed aboard the International Space Station (ISS) as 
of 2019 has significantly improved LiDAR capability for 
constructing detailed three-dimensional mapping (Wang et 
al., 2024). Based on these sensors, many researchers in the 
last decade have built statistical (Potapov et al., 2021) or 
machine learning models (Lang et al., 2023) to retrieve 
canopy height at regional (Duncanson et al., 2020, Dora-
do-Roda et al., 2021, Liu et al., 2022, Liu & Wang, 2022) 
and global scales (Potapov et al., 2021, Lang et al., 2023) 
mainly by integration with optical spaceborne data. Re-
cently, statewide (Kacic et al., 2023, Schwartz et al., 2024, 
Alvites et al., 2025) and global canopy height maps (Tolan 
et al., 2024) were released at medium to very high spatial 
resolutions, using artificial intelligence (AI) modeling that 
integrate multi-stream remote sensing data. The models 
utilize mainly GEDI measurements, but also airborne laser 
scanning (ALS) datasets (Tolan et al., 2024), along with 
spatially continuous satellite optical and/or SAR datasets. 

Continuous pixel by pixel spatial coverage of data, i.e., 
wall-to-wall data, on tree height and canopy structure is 
used to estimate aboveground woody biomass (Duncan-
son et al., 2022). Only if the accuracy and uncertainty of 
forest parameters maps are comprehensively assessed and 
quantified will they meet the needs of the user communi-
ties (Duncanson et al., 2019, Labrière et al., 2023). Accor-
ding to the requirements of the German National Forest 
Inventory, the error tolerance for tree height measurement 
is set at ±5% for coniferous trees and ±10% for deciduous 

trees, with a maximum error cut-off of ±2 m for both tree 
types (Riedel et al., 2020). The accuracy requirements are 
higher, with a maximum acceptable error below 1.5 meters 
when height estimations support forest management deci-
sions (Fassnacht et al., 2025). 

This study aims to provide a review of the accuracy as-
sessment results of the recent global canopy height maps, 
by comparing them with independent ALS data. The work 
highlights the limitations and potential applications of the 
global canopy height models, and offers recommendations 
to enhance the availability of ALS data for accuracy as-
sessment.

METHODS

Datasets. The Ice, Cloud, and land Elevation Satellite 
(ICESat) pioneered the use of spaceborne LiDAR techno-
logy in measuring Earth’s surface topography and vegeta-
tion canopy height. The sole instrument on ICESat was the 
Geoscience Laser Altimeter System (GLAS), a space-ba-
sed LiDAR. The GLAS lasers emitted infrared and visible 
laser pulses and produced a series of approximately 70 m 
diameter laser spots that were separated by nearly 170 m 
along the spacecraft‘s ground track (Simard et al., 2011).  
ICESat concluded its mission in 2009. Since then, a new 
generation of LiDAR instruments has been currently co-
llecting height measurements for sample locations from 
space across the Earth’s surface.

Advanced Topographic Laser Altimeter System (ATLAS). 
The satellite ICESat-2 was launched in 2018 and equip-
ped with the ATLAS that adopts multi-beam micro-pulse 
photon counting technology and is based on single-photon 
detection technology. Single-photon sensitive LiDAR sys-
tems are able to detect individual photons from the reflec-
ted pulse as opposed to linear-mode instruments that re-
quire thousands of photons in order to detect a return. This 
allows the laser to be operated with lower energy pulses 
and higher repetition rates (Neumann et al., 2019). 

The ATLAS instrument transmits three pairs of laser 
beams at a wavelength of 532 nm. Each pair consists of 
one strong-energy beam and one weak-energy beam, with 
an energy ratio of approximately 4:1. The strong beams 
are designed to measure low-reflectivity surfaces, such as 
oceans and vegetation, where a higher signal-to-noise ratio 
is necessary. In contrast, the weak beams are optimized for 
high-reflectivity surfaces, such as ice and snow, where the 
strong beams could potentially saturate the detector (Neu-
mann et al., 2019). The beam configuration results in three 
pairs of parallel profiles spaced by 3.3 km (in-between 
pairs spacing of 90 m) on the ground. ICESat-2 has an 
orbital repeat cycle of 91 days, although the laser poin-
ting direction is slightly shifted off-nadir at every repeat 
cycle over land to enhance the spatial distribution of mea-
surements in the mid-latitudes (Neuenschwander & Pitts, 
2019). Each ATLAS beam results in footprints of approxi-
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mately 11 m in diameter at the ground level spaced by 70 
cm in the along-ground track direction (Magruder et al., 
2020, Neuenschwander et al., 2020). However, the number 
of photons that return to the telescope depends on surface 
reflectivity and cloud cover. As such, the spatial resolu-
tion of signal photons varies. The geolocation accuracy of 
ATLAS pulses is expected to be well within the mission 
requirement of 6.5 m (Magruder et al., 2020). Since ICE-
Sat-2 has a near-polar orbit, it has dense footprint coverage 
in high latitude regions (Neuenschwander et al., 2020). 

Although ICESat-2 was not designed primarily for 
characterizing vegetation structure and biomass, a land 
and vegetation height product is generated that estimates 
forest canopy heights globally. ICESat-2 provides data 
products at four different levels. ATL08 (Land and Vege-
tation Height) data is a product that records photon clas-
sification as well as estimated terrain height and canopy 
height arranged in the 100 m segments along the ground 
track (National Snow and Ice Data Center, 2018; Neuens-
chwander et al., 2023). 

Global Ecosystem Dynamics Investigation (GEDI). The 
GEDI was specifically designed to observe vertical struc-
ture and biomass of vegetation on the Earth’s surface. 
GEDI is operated at an orbital altitude of approximately 
400 km onboard the ISS. It has been collecting data since 
April 2019. GEDI emits pulses with a long near-infrared 
wavelength of 1064 nm and collects data over eight para-
llel ground tracks. Footprints have a 25 m diameter and 
are spaced every 60 meters (along-track) and 600 meters 
(across-track). Its across-track width is about 4.2 km, mea-
ning it scans a swath 4.2 km wide from side to side as it 
moves forward along the ISS orbit (Hofton & Blair, 2019, 
Dubayah et al., 2020). Unlike ATLAS, GEDI is a full-wa-
veform sensor, which means that the intensity of returned 
energy, after reflection from the Earth’s surface, is recor-
ded as a function of time (Hancock et al., 2019). 

For each footprint, the LiDAR waveform backscatte-
red is recorded and processed to provide GEDI data pro-
ducts at footprint level. For example, GEDI L1B provi-
des geolocated full waveform LiDAR data, capturing the 
energy returned from Earth’s surface and vegetation, in-
cluding elevation and waveform shape. GEDI L2A builds 
on L1B by processing the waveforms to derive vegetation 
structure metrics such as Relative Heights (RHx, at the xth 
percentile), canopy height, ground elevation, multiple al-
gorithm settings, and geolocation data (Tang et al., 2019). 
RHx are derived from the waveform and represent the 
vertical position below which x% of the total cumulative 
energy of the waveform has been returned. RH100 indica-
tes the top-of-canopy return, 100% of energy returned, and 
approximates the maximum canopy height. The ISS’s low 
orbit, size and shape results in increased mechanical vibra-
tions and greater variations in orientation and altitude than 
traditional Earth Observation satellites. Consequently, the 
horizontal position precision of GEDI footprints was ex-

pected at 10 m after calibration (Dubayah et al., 2020). For 
GEDI products’ first version (v1), released before in-flight 
calibration, the mean 1 σ horizontal geolocation error re-
ached 23.8 m. After a calibration process accounting for 
geolocation biases, a second data (v2) version was relea-
sed in April 2021 with a positioning error estimated at 10.2 
m, with a final targeted accuracy of eight m (Beck et al., 
2021). GEDI initially planned to last two years and collec-
ted four years of data from 2019 to 2023. After a period 
of hibernation on the ISS from March 2023 to April 2024, 
GEDI has returned to its original spot on the ISS to begin 
collecting data through 2030 and is expected to cover, at 
most, 4% of the land surface (GEDI, 2024).

The GEDI footprint-level products represent a point 
sample of a limited portion of the land area, which restricts 
the resolution of gridded mission products.  In contrast, 
satellite missions such as Landsat or Sentinel-2, deliver 
freely accessible archives of optical images and offer lon-
ger-term global coverage at high spatial and temporal reso-
lution. Sensor fusion between GEDI and multispectral op-
tical imagery has the potential to overcome the limitations 
of each individual data source. Based on this perspective, 
recently, global canopy height maps have been released.

Global forest canopy height map (GFCH). Potapov et 
al. (2021) employed Shuttle Radar Topography Mission 
(SRTM) and global Landsat analysis-ready data to extra-
polate GEDI footprint-level forest canopy height measu-
rements, creating a 30 m spatial resolution global forest 
canopy height map (GFCH) for the year 2019 (University 
of Maryland, 2019).

High-Resolution Canopy Height Model of the Earth 
(HRCH). Lang et al. (2023) have developed a deep learning 
method by fusing GEDI observations (RH98, the relative 
height at which 98% of the energy has been returned) with 
Sentinel-2 images to produce a global map of canopy-top 
height, with 10 m ground sampling distance for the year 
2020. Furthermore, Lang et al. (2023) designed a method 
to quantify predictive uncertainty for the HRCH, taking 
into account, on the one hand, the inevitable noise in the 
input data and, on the other hand, the uncertainty of the 
model parameters resulting from the lack of reference data 
for certain conditions. The generated HRCH model inclu-
des thus quantitative explicit uncertainty estimates and can 
be used to identify erroneous estimates (Lang et al., 2022).

By employing a more sophisticated method involving 
AI and multi-source remote sensing, Tolan et al. (2024) de-
veloped a very high resolution global canopy height model. 

Global Map of Tree Canopy Height (GMTCH). Meta 
(2025) (https://www.meta.com) and World Resources 
Institute (2025) released the Global Map of Tree Canopy 
Height (GMTCH) in 2024 at a 1 meter resolution. Vision 
Transformer (ViT) was pretrained in a self-supervised fas-
hion using 18 million WorldView-2, -3, and Quickbird II  
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images from 2017 to 2020 and a dense prediction decoder 
was trained against aerial LiDAR maps (Tolan et al., 2024).  
To mitigate the effect of the limited geographic distribution 
of available ALS data, the developers of GMTCH emplo-
yed a second regression network trained on RH95 GEDI 
data to rescale the ALS network outputs (Tolan et al., 2024). 
GMTCH should capture any vegetation that is higher than 
one meter and with a canopy diameter of more than three 
meters. Tolan et al. (2024) did not provide information re-
garding the estimation of the predictive uncertainty.

A systematic review was conducted to identify and se-
lect the most recent literature sources based on the state-
ment of Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses (PRISMA) (Page et al., 2021). The 
outcomes were limited to i) peer-reviewed scientific pu-
blications over the last 5 years, ii) regional studies asses-
sing the accuracy of global canopy height covers (ATL08, 
GFCH, HRCH, GMTCH), by comparison to independent 
ALS data, iii) scientific publications that are written in 
English, German or Spanish. Regional studies in this con-
text involve comparisons with independent ALS data from 
forests  across at least two countries, or over  regions ex-
ceeding 1,000 km2 when considering ALS data from fo-
rests within a single country. 

The following statistics were mainly surveyed;

		  [1]

		  [2]

	  [3]

where ME is mean error, MAE is mean absolute error, 
RMSE is root mean squared error, hGCHMi is the ith cano-
py height from the global canopy height map, hREFi is the 
corresponding canopy height from the independent ALS 
data, and n is the number of samples.

The conceptual processing used for LIDAR-indepen-
dent data involves that ALS datasets as point cloud for-
mat are rasterized along a high-resolution grid, and used to 
estimate canopy height by subtracting the lowest quantile 
heights (ground surface) from the heights of the highest 
quantiles (top of canopy). This allows the computation 
of “true” height maps. A positive mean error (ME) indi-
cates that the canopy height model (CHM) overestimates 
heights on average, while a negative ME indicates under-
estimation. ME can mask the true magnitude of individual 
errors due to cancellation of positive and negative values, 
so it does not reflect the magnitude of errors well. MAE 
provides the average magnitude of the errors, regardless 
of their direction (positive or negative) offering a clearer 
measure of overall accuracy. RMSE quantifies the typical 
error magnitude and is more sensitive to outliers or large 
deviations than MAE.

RESULTS

A lack of systematic information regarding the pa-
rameters reported on the accuracy of the independent 
ALS data was observed. The independent ALS data were 
mostly available as point cloud format (e.g., Moudrý et al., 
2024; Rai et al., 2024). On the other hand, high-resolution 
canopy height models derived from small-footprint ALS 
campaigns were utilized. This is, for example, the study 
conducted by Lang et al. (2023), who referenced Liu et 
al. (2023) to obtain ALS information.  Only a few authors, 
such as Queinnec et al. (2021), reported the vertical accu-
racy of the independent ALS data in both areas, unobstruc-
ted by vegetation, and those with vegetation. In this case, 
the specified value of vertical accuracy in vegetated areas 
was included in Table 1. 

According to Table 1, independent ALS data were ge-
nerated with a point density between 0.5 and 55 points m². 
Vertical errors of the independent ALS data were mostly 
below 0.36 m. 

Due to the temporal mismatch between satellite data 
used for generating global canopy heights and independent 
ALS data, researchers verified whether the differences in 
canopy height were caused by selective logging activities 
(Rai et al., 2024) or wildfires (Lang et al., 2023).

Several studies have already contributed to the valida-
tion of ATL08 accuracy, and reported higher accuracies for 
terrain than for canopy height estimations. Neuenschwan-
der et al. (2020) quantified the accuracy of terrain and 
canopy height from ATL08 using ALS data collected in 
southern Finland. Neuenschwander et al. (2020) reported 
that canopy height estimations were dependent on the stren-
gth of the ATLAS beam, indicating that the strong beam 
consistently provided better estimates than the weak beam. 
ATL08 incorporating data acquired during the summer 
months had the lowest canopy height errors (ME ≈ 0.5 m,  
RMSE ≈ 2.5 m).

In snow conditions, the canopy height errors were lar-
ger (ME ≈ 1.1 m, RMSE ≈ 2.7 m).  The mean error for 
all beams was estimated to be 3.05 m (Neuenschwander 
et al., 2020). For ATLAS data acquired in all seasons and 
lighting conditions, and when only the results from the 
strong beam are taken into consideration, Neuenschwan-
der et al. (2020) assessed a mean error of -0.86 m in fo-
rest land cover classes. They also concluded that canopy 
heights were most accurate when canopy cover ranged 
from 40% to 85%. 

The study of Queinnec et al. (2021) contributes to the 
characterization of ATL08 data for vegetation structure 
retrieval by comparing it to airborne ALS data acquired 
over a range of Canada’s boreal maturity forest-classes. 
According to Queinnec et al. (2021), ATLAS photons re-
turned from the top of the canopy underestimated canopy 
height by an average of 2.3 m overall and corresponded 
most strongly to the 90th percentile of coincident airborne 
LiDAR returns (RMSE 2.9 m).  The lowest average under-
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Table 1.	Accuracy assessment of global canopy height models based on independent ALS data, ALS surveying parameters, main 
forest types, and categorization into continents according to the location of the independent data.
	 Evaluación de la exactitud de modelos globales de altura del dosel en base a datos independientes de LiDAR aerotransportado, parámetros 
de los relevamientos con LiDAR aerotransportado, principales tipos de bosques y categorización en continentes según localización de los datos inde-
pendientes.

GCHM
Independent ALS data/
ppms / vertical height

error (m)

Accuracy
Assessment (m) Main forest types Author C

ATL08

Optech ALTM Gemini / 0.5-1 
/ < 0.15

ME: -0.9 Boreal zone, mix of broadleaf and 
coniferous forest.

Neuenschwander 
et al. (2020)

Eu

SPL100 / 40 / 1.9 ME: -2.3
RMSE: 2.9

Boreal zone, mix of broadleaf and 
coniferous forest.

Queinnec et al. 
(2021)

Na

Riegl LMSQ680i / 4-55 / 
≤ 0.15

ME: -1.2 to -2.1 
RMSE: 5.1 to 7 

Temperate broadleaf forest. 
mixed coniferous forest.

Moudrý et al.
(2022)

Eu

Leica ALS70-80, Riegl 
VQ1560i-ii / 2-2.7 / 0.1

ME: -0.5 to -1.9 
RMSE: 3.6 to 4.9

Temperate decidous forest, 
evergreen and mixed forest.

Rai et al. (2024) Na

G-LiHT, ALTM 3100, 
Riegl LMS-Q560 / 1- 10 / 
<0.35

ME: -3.8 
MAE: 6.4
RMSE: 9.1

Temperate (coniferous, broadleaf), 
tropical forest.

Potapov et al. 
(2021)

Na 
Ao 
Af

GFCH (1) LVIS and other LiDAR 
sensors / ≈5 / <0.18

ME: -4.5 
MAE: 6.7 
RMSE: 9.1

(2) Temperate (coniferous, 
broadleaf), mediterranean forest, 
tropical (coniferous, broadleaf), 
tropical dry broadleaf forest.

Lang et al. (2023) Na 
Eu
Af

(3) Optech Galaxy T2000 / 
8 / < 0.3, Optech ALTM 
Gemini / 5-9 / 0.1-0.5

ME: -4 to -14
RMSE: 10 to 18

(4) Temperate coniferous, broadleaf, 
mixed conifer forests and plantation 
forests.

Moudrý et al.
(2024)

Na
Eu
Ao

HRCH
(1) ME: 1.7 

MAE: 6.3 
RMSE: 7.9

(2) Lang et al. (2023) Na
Eu
Af

(3) ME: 4 to 6
RMSE: 9 to 11

(4) Moudrý et al.
(2024)

Na
Eu
Ao

GMTCH

Optech Gemini, Galaxi and 
Riegl Q780 / 5-30 / <0.15, 
Leica ALS50 / ≈10 / <0.36

ME: 0.6
MAE: 2.8 
RMSE: 4.4

Temperate coniferous and broadleaf 
forests, mixed conifer forests. 
Tropical forest.

Tolan et al. (2024) Na
Sa

(3) ME: -7  to -12 
RMSE: 10 to 17

(4) Moudrý et al.
(2024)

Na
Eu
Ao

GCHM: Global canopy height models, ppms: points per square meter. ATL08: Land and Vegetation Height, GFCH: Global Forest Canopy Height map, 
HRCH: High-Resolution Canopy Height Model, GMTCH: Global Map of Tree Canopy Height, ME: Mean error, MAE: Mean absolute error, RMSE: 
Root mean square error, C: Continent, Na: North America includes Middle America (comprising the Caribbean, Central America, and Mexico) and 
Northern America, Sa: South America, Eu: Europe, As: Asia, Ao: Australia/Oceania, Af: Africa.

estimation was observed in homogeneous stands that were 
relatively simple, single-layered with a single dominant 
species (RMSE 2.5 m). Queinnec et al. (2021) also ob-
served the least agreement of ATL08 and forest structural 
metrics in over-mature stands with complex structures and 
greater variability in canopy heights (RMSE 3.5 m). 

Moudrý et al. (2022) evaluated the vertical accuracy 
of ATL08 terrain and canopy height in three Central Euro-
pean mountain ranges and their surrounding areas situated 
in Germany, Czech Republic, and Poland by comparing 
them with the digital terrain model and canopy height mo-
del derived from ALS data.  Their results indicated that 
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in summer canopy height in broadleaf/mixed as well as 
coniferous forests are underestimated on average by 2.1 m 
and 1.2 m, respectively. In winter, however, the underesti-
mation increased to 8.5 m and 5.7 m, respectively. Moudrý 
et al. (2022) found that the overall RMSEs were 7.03 m 
and 5.09 m for the weak and strong beams, respectively.

Also, Rai et al. (2024) assessed the performance of 
ATL08 canopy height metrics by evaluating their agree-
ments with ALS-derived canopy height datasets in a re-
gion of Mississippi, United States.  They found that ATL08 
canopy heights underestimated ALS canopy heights across 
forest types with the smallest underestimation in evergreen 
(ME -0.47 m, RMSE 3.63 m) and largest in deciduous fo-
rest (ME -1.92 m and RMSE 4.95 m). ATL08 underesti-
mated 1.36 m (RMSE 4.35 m) the independent ALS data 
in mixed forest.  ATL08 seemed to overestimate canopy 
heights for height classes below 10 m. When canopy cover 
was greater than 65% and up to 90%, a best agreement 
between ATL08 and ALS height metrics was by Rai et al. 
(2024) observed. 

Potapov et al. (2021) compared GFCH with inde-
pendent ALS data collected from the USA, Mexico, the 
Democratic Republic of the Congo, and Australia. They 
found that GFCH underestimated forest height (ME -3.8 
m) and revealed an RMSE of 9.07 m. The error distribu-
tion suggests that the mean underestimation was greater 
within short (3 m) and tall forests (above 21 m height). The 
errors in GFCH reported by Potapov et al. (2021) are grea-
ter than those found in the ATL08 accuracy assessments of 
the aforementioned studies.

Lang et al. (2023) compared the GFCH and HRCH 
with independent ALS data corresponding to 11 country 
areas mainly in North and Central America and Europe, 
and Gabon covering a diverse range of vegetation heights 
and biomes.  Lang et al. (2023) found that GFCH had an 
RMSE of 9.1 m, an MAE of 6.7 m, and a ME of -4.5 m, 
and showing similar ME, MAE, and RMSE as validation 
of GFCH provided by Potapov et al. (2021). Moudrý et 
al. (2024) assessed the accuracy of three modeled global 
canopy height maps (GFCH, HRCH, and GMTCH) using 
ALS data obtained in Switzerland, New Zealand, and Ca-
lifornia. Regarding GFCH, they reported that MEs varied 
from -4.0 m to -14.0 m, and RMSE values ranged from 10 
m to 18 m.

By assessing HRCH, Lang et al. (2023) reported an 
RMSE of 7.9 m, an MAE of 6.3 m, and a ME of 1.7 m 
compared to ALS data. Moudrý et al. (2024) determined 
higher errors, with RMSE varying from 9 m to 11 m, while 
ME positively ranged from 4 m to 6 m.

Tolan et al. (2024) evaluated the Global Map of Tree 
Canopy Height (GMTCH) performance against various 
metrics, including an independent validation dataset of 
ALS available for the USA and Brazil. Tolan et al. (2024) 
reported that GMTCH produces an average ME of 0.6 
m (MAE 2.8 m, RMSE 4.4 m).  On the other hand, the 
accuracy assessment conducted by Moudrý et al. (2024) 

revealed that GMTCH, when compared with independent 
ALS data from Switzerland, New Zealand, and Califor-
nia, consistently underestimated the height of all canopies 
regardless of their height. Moudrý et al. (2024) reported 
large errors with RMSEs ranging from 10 m to 17 m and 
MEs spanning from -7 m to -12 m.  

DISCUSSION AND CONCLUSIONS

ALS system are valuable to validate canopy height es-
timations from other sources like satellite data, although it 
has inherent errors, that can lead to distortions in all three 
dimensions, which must be considered when using ALS 
data as independent datasets.   These errors can arise from 
various factors, including sensor limitations, environmen-
tal conditions, and data processing techniques. A study 
by Prieur et al. (2022), indicated the differences of laser 
beams penetration in thicker canopies by comparing air-
borne LiDAR sensors with green wavelength (e.g., SPL 
100) or infrared (IR) channels (e.g., Riegl 680i). This also 
affects the terrain modeling. Terrain-induced canopy height 
differences are mainly determined by the slope gradient 
and the crown radius. When the laser hit is on the edge of 
the crown, and is in the upslope direction, the maximum 
height difference is expected to be observed. Steeper slo-
pes and larger crowns cause the largest differences (Duan 
et al., 2015). ALS data is also vulnerable to uncertainties 
depending on the season, under leaf-on or leaf-off forest 
canopy conditions (Davison et al., 2020).

Independent ALS data used for accuracy assessments 
were available as ALS-based canopy height maps or point 
clouds. The advantage of accessing the original data as 
point clouds, is that researchers can calculate top of ca-
nopy over different scenarios of RHx metrics, to provide 
the closest alternative for comparison to the canopy-top 
height definition (e.g., RH95, RH98) applied to generate 
the global canopy height (Rai et al., 2024). 

According to Goodbody et al. (2021), ALS data with 
more than 10 points per square meter can be used to detect 
individual crowns and terrain features. Based on Table 1, 
some studies did not meet this benchmark. Concerning the 
vertical precision of the independent ALS data, this stu-
dy shows mostly errors below 0.36 m. The reported errors 
could also contribute to the overall error when analyzing 
the accuracy of global canopy maps. The major error (1.9 
m) indicated by Queinnec et al. (2021) must be taken with 
caution, as it was determined by comparing SPL100 data 
with the ground-measured height of the tallest trees.

Table 1 indicates that global canopy height models 
were most frequently validated in boreal and temperate 
forests, primarily in North America, Europe, and Oceania, 
with limited accuracy assessments in tropical forests of 
Africa and South America. A major challenge in applying 
spaceborne data to generate global canopy height maps is 
the relative scarcity of ALS data that is publicly availa-
ble to the scientific community. This lack can negatively 
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impact the generalizability of models (Schacher et al., 
2023). Although ALS data are regularly acquired in va-
rious countries, ALS surveys and their metadata are not 
always easily accessible (Ouaknine et al., 2025). Fogel et 
al. (2024) highlighted that a crucial step in improving the 
transparency of product evaluations from global satellite 
missions, is to systematically organize the parameters of 
ALS surveys. Important metadata to report includes the 
flight date, type and model of LiDAR, point density, ho-
rizontal and vertical accuracy, as well as whether it refers 
to vegetated or non-vegetated areas. Additionally, factors 
such as terrain roughness, phenological condition of the 
vegetation during the ALS surveys, attributes related to 
structure attributes (e.g., dominant height, species com-
position, and density) of the reference sites are essential 
for enhancing the understanding of accuracy assessment 
findings (Stereńczak et al., 2020). 

ALS provides precise measurements of canopy height 
but its high cost and logistical requirements make frequent 
data acquisition impractical (Coops et al., 2021). Conse-
quently, complementary and synergistic information to in-
dependent ALS data, derived from terrestrial LiDAR sur-
veys, or UAV-mounted LiDAR, at plot or tree scale, will 
also require enhanced systematization and accessibility.

Ongoing multiscale efforts aim to fill this gap. Glo-
bALS was developed by a group of international resear-
chers working at the interface between remote sensing and 
the ecological sciences to establish a worldwide network 
of ALS data willing to work together to support natural 
resource and biodiversity monitoring (Stereńczak et al., 
2020). Ouaknine et al. (2025) introduced the OpenForest 
catalog, which consolidates 86 open-access forest data-
sets, including various spatial scales and types of recor-
dings such as inventories, ground-based, aerial-based data, 
including ALS surveys, and satellite datasets. The network 
does not collect data itself but collects metadata and faci-
litates networking and collaborative research among the 
end-users and data providers. GlobALS covers test sites 
in Europe, Asia, and Africa. The network has a structured 
database about ALS and field information, extending it to 
metadata related to, among others, biomass expansion fac-
tors and terrestrial laser surveys.  At regional scale, Keller 
et al. (2024) created a platform to free access to ALS data 
covering the Amazon rainforest, Cerrado, and Atlantic ra-
inforest. It is hosted at Embrapa Agricultural Informatics 
(Embrapa Digital Agriculture, 2016). Fogel et al. (2024) 
generated Open-Canopy, the first open-access, country-
scale benchmark with both very high resolution imagery 
and ALS-based canopy height maps at 1.5 m spatial reso-
lution across France. 

Another important aspect is that accuracy assessments 
with independent ALS data will require not only the avai-
lability of data in the under-surveyed forest regions, but it 
is also relevant to generate repeat measurements (Atkins 
et al., 2023), that is, new ALS measurements of canopy 
structure collected systematically at the same site. In light 

of the trend that global canopy maps will be periodically 
updated (Alvites et al., 2025) repeat measurements will 
enhance the calibration and/ or validation methods of the 
global maps. 

Open-access long-term field plot databases are impro-
ving spatial coverage in tropical forests across Africa, Asia 
and South America, e.g., African Tropical Rainforest Ob-
servation Network (AfriTRON, 2020), ForestPlots (2014) 
and Amazon Forest Inventory Network (RAINFOR, 
2025). Collaborative efforts in tropical forest networks to 
promote and integrate ALS data could serve as a strategy 
to enhance the global availability of independent valida-
tion data.

According to the results of the accuracy assessment 
presented in the Table 1, ATL08 canopy heights underesti-
mated ALS canopy heights, reporting negative mean errors 
between -0.5 m and -2.3 m and RMSE < 7 m. Moudrý et al. 
(2022) and Rai et al. (2024) found that height errors were 
lower in coniferous forests than in deciduous ones because 
of the complex structure, and seasonal variability, which 
reduce accuracy.  There was a stronger agreement in cano-
py heights measured with strong beam at night. This is due 
to the strong beam having greater penetration and can ex-
tract canopy information more accurately. Data acquired at 
night are less affected by background noise caused by the 
solar radiation (Rai et al., 2024). ATL08 overestimates tree 
heights for shorter trees and underestimates the heights of 
taller (Rai et al., 2024). These findings align with those of 
Liu et al. (2021), who found that ICESat-2 tend to overes-
timate canopy height in dwarf shrublands. 

Evaluating specific factors is essential for obtaining a 
deeper understanding when analyzing the results.  Undu-
lating terrain conditions with dense forest cover can se-
riously affect the number of photons reaching the ground 
and the precision of photon classification, thus further 
influencing the extraction of digital terrain model (DTM) 
and canopy height model data (Neuenschwander et al., 
2020, Dong et al., 2021). Some previous studies have re-
ported that the RMSE between ICESat-2 DTM and air-
borne LiDAR DTM can be less than 1 ​m in flat regions, 
while the RMSE of forest canopy height can be as high as 
4.5-5.5 ​m in hilly areas, and the major errors are from the 
low accuracy of DTM (Xing et al., 2020). As terrain slope 
increases, the accuracy of ICESat-2 DTM becomes worse 
(Wang et al., 2019). Queinnec et al. (2021) highlight that 
ATL08 mean canopy height deteriorates with the increa-
sing terrain slope. This finding concurs with the study of 
Moudrý et al. (2022).

Forest cover also greatly impacts the retrieval accura-
cy. As forest cover increases, the accuracy of DTM and 
canopy height derived from ATLAS decreases (Dong et 
al., 2021). The best accuracy of the canopy height esti-
mation is observed for canopy cover ranging from 40% 
to 60% (Moudrý et al., 2022).  Rai et al. (2024) show that 
areas with 65% and 90% forest cover had best agreement. 
Another factor that shows a strong impact on the accuracy 
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is the underestimation of the mean forest canopy height, 
resulting from the presence of snow on the terrain (Mou-
drý et al., 2022).

Accuracy assessment of GFCH consistently shows a 
negative vertical offset for forested areas within a range 
of -3.8 m to -14 m, while the RMSE values vary from 9 m 
to 18 m. The errors (ME and RMSE) are larger than those 
reported for ATL08 data. 

The HRCH map reveals a positive vertical offset with 
ME from 1.7 m to 6.0 m and RMSE values ranging from 
8 m to 11 m. Moudrý et al. (2024) report that HRCH over-
estimates the height of low canopies (up to 10 m high) on 
average by 10 m and overestimates the height of tall cano-
pies (taller than 30 m). 

Comparing GFCH and HRCH, Lang et al. (2023) as-
sess that GFCH map underestimates the independent ALS 
data in all regions, while HRCH mostly tends to overesti-
mate it.  The strongest differences are observed in regions 
with a high average canopy height (> 32 m, e.g., at loca-
tions in Gabon), where the GFCH map has MEs ranging 
from -5.9 m to -7.9 m, and HRCH yields MEs of -4.8 m to 
1.5 m.  Qualitatively, the HRCH model captures structure 
within high vegetation, where GFCH saturates (Lang et 
al., 2023).

Considering that the global GFCH and the HRCH were 
developed by integrating the GEDI data with spaceborne 
passive optical images, it is highlighted that also slope, 
aspect, land cover, density of canopy cover, and the selec-
ted dataset according to plant growing season have shown 
to influence GEDI estimations (Pourrahmati et al., 2023, 
Schleich et al., 2023). With this in mind, some additio-
nal considerations need to be made about other sources of 
error. The observed underestimation of the GFCH com-
pared to the ALS data can be attributed to several factors; 
radiometric quality of the multitemporal imagery, relati-
vely low observation frequency, the uncertainty of refe-
rence data and the regression tree model employed. Fur-
thermore, the medium spatial resolution of Landsat images 
restricts the accurate mapping of the heights of the tallest 
forests (Potapov et al., 2021). Lang et al. (2023) empha-
sizes that the HRCH model shows limitations stemming 
from the lower effective spatial resolution at which indi-
vidual vegetation features can be identified.  As a conse-
quence of the GEDI reference data used to train the model, 
each map pixel effectively indicates the largest canopy-top 
height within a GEDI footprint (≈ 25 m diameter) centred 
at the pixel. Two reasons further impact the effective reso-
lution:  the model never explicitly detect high-frequency 
variations of the canopy height between adjacent pixels, 
and misalignments caused by the geolocation uncertainty 
(15-20 m) of the GEDI v1 data (Lang et al., 2023). 

On a global scale, Lang et al. (2023) conclude that some 
regions are subject to overall high predictive uncertainty, 
including tropical regions, but also regions in northern la-
titudes. This underlines the importance of modeling the 
predictive uncertainty of the canopy height map. Moudrý 

et al. (2024) report that predictive uncertainty correlates 
well, at least as far as errors up to 12 m, with the absolute 
canopy height error of the HRCH map. 

Moudrý et al. (2024) find larger errors in GMTCH than 
those found by Tolan et al. (2024). Moudrý et al. (2024) 
report that GMTCH consistently underestimated all cano-
pies heights with MEs from -7 m to -12 m and RMSEs 
ranging from 10 m to 17 m. 

The findings from the accuracy assessment of the three 
global models (GFCH, HRCH, and GMTCH) show that 
GMTCH and GFCH consistently underestimate the height 
of all canopies regardless of their height (Moudrý et al., 
2024). Additionally, Moudrý et al. (2024) conclude that 
HRCH outperforms GMTCH and GFCH in estimating the 
height of tall canopies (taller than 30 m). The spatial reso-
lutions of GMTCH drive the need to emphasize that mo-
deled global canopy height maps require high geolocation 
accuracy of input data for modeling procedures. 

Global canopy height models represent a significant 
advancement to map forest attributes. When combined 
with unprecedented high spatial resolutions, these maps 
offer new opportunities to gain deeper insights into forests 
from a global perspective.   However, the errors still ex-
ceed by a factor of 1.4 to 8.5 times the accepted accuracy 
for heights, considering the RMSEs of the global models 
surveyed in this study. It should be noted, that tree height 
estimates with an RMSE greater than 3 m led to significant 
errors in tropical forests when height is used to calcula-
te biomass, especially for the largest trees (Ojoatre et al., 
2019). As mentioned, terrain roughness, forest cover den-
sity, tree phenology, and environmental conditions signifi-
cantly affect the accuracy of global maps.

Fassnacht et al. (2024) address challenges related to 
the uptake of remotely sensed data in forestry  concer-
ning four specific topics: a) National Forest inventories, in 
this framework, it also encompasses landscape analysis, b) 
Management-level forest inventory, c) Plot-level measu-
rements, and d) Temporally continuous forest monitoring. 
Canopy height maps are relevant for all these topics. 

Topic a): Based on the assessed accuracy of the global 
canopy heights maps, HRCH can potentially be applied 
to simple relationships for biodiversity research at the 
landscape level as Moudrý et al. (2024) demonstrated. 
Currently, HRCH serves as auxiliary information for land 
cover classification in a country level (MapBiomas, 2024). 
The performance of vertical accuracy for height estima-
tions of ATL08 is utilized for forest aboveground biomass 
retrieval at a regional scale by combining strong nightti-
me beams with optical imagery, as well as meteorological 
and topographic datasets (Ma et al., 2025). Compared to 
GFCH and HRCH, the sensitivity (i.e., recognizing transi-
tions between forests and grasslands) of GMTCH is grea-
ter, providing better estimate of horizontal heterogeneity in 
canopy height at small spatial scales (Moudrý et al., 2024).    

The use of global canopy heights maps at management- 
and plot-level (topics b and c) may require more accurate 



BOSQUE 46(2): 129-140, 2025
Global canopy height models

137

height estimates than the current ones. The efforts to produ-
ce periodically global canopy height maps would provide a 
valuable tool for forest change detection (Topic d).

Since the availability of the recent global canopy height 
models, and to overcome limiting factors, the range of data 
integration has been broadened to continuously map fo-
rest height at higher temporal-spatial resolution. Statewide 
models for estimating canopy heights, particularly to en-
hance methodologies applied in mountain forests (Kacic 
et al., 2023; Schwartz et al., 2024; Alvites et al., 2025), 
along with countrywide approaches for detecting changes 
in canopy heights at the tree level (Fogel et al., 2024) have 
achieved notable progress in the field of canopy height 
mapping. These developments offer valuable insights for 
enhancing global models, expanding their applications to-
pics.

AUTHOR CONTRIBUTIONS

JDL designed the study and wrote the manuscript.

FUNDING

This research did not receive either external or internal 
funding.

ACKNOWLEDGMENTS

The author acknowledges the valuable advice of SE, 
University of Bern, Switzerland and Clara Pissolito of 
CIEFAP. The manuscript also benefited from the com-
ments of anonymous reviewers for the early versions of 
this manuscript. The author would also like to thank the 
anonymous peer reviewers for their excellent suggestions.  

REFERENCES

African Tropical Rainforest Observation Network (AfriTRON). 
(2020). AfriTRON: African Tropical Rainforest Observa-
tion Network. https://afritron.org/

Alvites, C., O’Sullivan, H., Francini, S., Marchetti, M., Santopuo-
li, G., Chirici, G., Lasserre, B., Marignani, M., & Bazzato, 
E. (2025). Canopy Height Mapper: A Google Earth Engine 
application for predicting global canopy heights combining 
GEDI with multi-source data. Environmental Modelling 
& Software, 183, 106268. https://doi.org/10.1016/j.en-
vsoft.2024.106268

Amazon Forest Inventory Network (RAINFOR). (2025). RAIN-
FOR: Amazon Forest Inventory Network. https://rainfor.org/

Atkins, J. W., Bhatt, P., Carrasco, L., Francis, E., Garabedian, J. 
E., Hakkenberg, C. R., Hardiman, B. S., Jung, J., Koirala, 
A., LaRue, E. A., Oh, S., Shao, G., Shao, G., Shugart, H. 
H., Spiers, A., Stovall, A. E. L., Surasinghe, T. D., Tai, X., 
Zhai, L., Zhang, T., & Krause, K. (2023). Integrating forest 
structural diversity measurement into ecological research. 
Ecosphere, 14(9), e4633. https://doi.org/10.1002/ecs2.4633

Beck, J., Wirt, B., Luthcke, S., Hofton, M., & Armston, J. (2021). 
Global Ecosystem Dynamics Investigation (GEDI) Level 

1B user guide (Version 2.0). USGS Earth Resources Obser-
vation and Science (EROS) Center: NASA’s Land Proces-
ses Distributed Active Archive Center (LP DAAC). https://
lpdaac.usgs.gov/documents/987/GEDI01B_User_Guide_
V2.pdf

Borsah, A. A., Nazeer, M., & Wong, M. S. (2023). LIDAR-
based forest biomass remote sensing: A review of me-
trics, methods, and assessment criteria for the selection 
of allometric equations. Forests, 14(10), 2095. https://doi.
org/10.3390/f14102095

Coops, N. C., Tompalski, P., Goodbody, T. R., Queinnec, M., 
Luther, J. E., Bolton, D. K., White, J. C., Wulder, M. A., van 
Lier, O. R., & Hermosilla, T. (2021). Modelling LIDAR-
derived estimates of forest attributes over space and time: 
A review of approaches and future trends. Remote Sensing 
of Environment, 260, 112477. https://doi.org/10.1016/j.
rse.2021.112477

Davison, S., Donoghue, D. N. M., & Galiatsatos, N. (2020). The 
effect of leaf-on and leaf-off forest canopy conditions on 
LiDAR-derived estimations of forest structural diversity. 
International Journal of Applied Earth Observation and 
Geoinformation, 92, 102160. https://doi.org/10.1016/j.
jag.2020.102160

Dong, J., Ni, W., Zhang, Z., & Sun, G. (2021). Performance of 
ICESat-2 ATL08 product on the estimation of forest height 
by referencing to small footprint LiDAR data. National 
Remote Sensing Bulletin, 25(6), 1294–1307. https://doi.
org/10.11834/jrs.20219449

Dorado-Roda, I., Pascual, A., Godinho, S., Silva, C. A., Bote-
quim, B., Rodríguez-Gonzálvez, P., González-Ferreiro, E., 
& Guerra-Hernández, J. (2021). Assessing the accuracy of 
GEDI data for canopy height and aboveground biomass es-
timates in Mediterranean forests. Remote Sensing, 13(12), 
2279. https://doi.org/10.3390/rs13122279

Duan, Z., Zhao, D., Zeng, Y., Zhao, Y., Wu, B., & Zhu, J. (2015). 
Assessing and correcting topographic effects on forest 
canopy height retrieval using airborne LiDAR data. Sen-
sors (Basel), 15(6), 12133–12155. https://doi.org/10.3390/
s150612133

Dubayah, R., Blair, J. B., Goetz, S., Fatoyinbo, L., Hansen, M., 
Healey, S., Hofton, M., Hurtt, G., Kellner, J., Luthcke, S., 
Armston, J., Tang, H., Duncanson, L., Hancock, S., Jantz, 
P., Marselis, S., Patterson, P. L., Qi, W., & Silva, C. (2020). 
The Global Ecosystem Dynamics Investigation: High-
resolution laser ranging of the Earth’s forests and topo-
graphy. Science of Remote Sensing, 1, 100002. https://doi.
org/10.1016/j.srs.2020.100002

Duncanson, L., Armston, J., Disney, M., Avitabile, V., Barbier, 
N., Calders, K., Carter, S., Chave, J., Herold, M., Crowther, 
T. W., Falkowski, M., Kellner, J. R., Labrière, N., Lucas, 
R., MacBean, N., McRoberts, R. E., Meyer, V., Næsset, E., 
Nickeson, J. E., Paul, K. I., Phillips, O. L., Réjou-Méchain, 
M., Román M., Roxburgh, S., Saatchi, S., Schepaschenko, 
D., Scipal, K.,  Siqueira, P. R., Whitehurst, A., & Williams, 
M.  (2019). The importance of consistent global forest abo-
veground biomass product validation. Surveys in Geophy-
sics, 40(4), 979–999. https://doi.org/10.1007/s10712-019-
09538-8

Duncanson, L., Kellner, J. R., Armston, J., Dubayah, R., Minor, 
D. M., Hancock, S., Healey, S. P., Patterson, P. L., Saarela, 
S., Marselis, S., Silva, C. E., Bruening, J., Goetz, S. J., Tang, 



BOSQUE 46(2): 129-140, 2025
Global canopy height models

138

H., Hofton, M., & Zolkos, S. (2022). Aboveground biomass 
density models for NASA’s Global Ecosystem Dynamics 
Investigation (GEDI) LiDAR mission. Remote Sensing 
of Environment, 270, 112845. https://doi.org/10.1016/j.
rse.2021.112845

Duncanson, L., Neuenschwander, A., Hancock, S., Thomas, N., 
Fatoyinbo, T., Simard, M., Silva, C. A., Armston, J., Luthc-
ke, S. B., Hofton, M., Kellner, J. R., & Dubayah, R. (2020). 
Biomass estimation from simulated GEDI, ICESat-2, and 
NISAR across environmental gradients in Sonoma County, 
California. Remote Sensing of Environment, 242, 111779. 
https://doi.org/10.1016/j.rse.2020.111779

Embrapa Digital Agriculture. (2016). Sustainable Landscapes 
WebGIS Brazil: A web system offering LiDAR data on Bra-
zilian biomes. Brazilian Agricultural Research Corporation 
(Embrapa). https://www.paisagenslidar.cnptia.embrapa.br/

Fassnacht, F. E., Mager, C., Waser, L. T., Kanjir, U., Schäfer, J., 
Buhvald, A. P., Shafeian, E., Schiefer, F., Stančič, L., Im-
mitzer, M., Dalponte, M., Stereńczak, K., & Skudnik, M. 
(2025). Forest practitioners’ requirements for remote sen-
sing-based canopy height, wood-volume, tree species, and 
disturbance products. Forestry: An International Journal of 
Forest Research, 98(2), 233–252. https://doi.org/10.1093/
forestry/cpae021

Fassnacht, F. E., White, J. C., Wulder, M. A., & Næsset, E. 
(2024). Remote sensing in forestry: Current challenges, 
considerations, and directions. Forestry: An Internatio-
nal Journal of Forest Research, 97(1), 11–37. https://doi.
org/10.1093/forestry/cpad024

Fogel, F., Perron, Y., Besic, N., Saint-André, L., Pellissier-Tanon, 
A., Boudras, T., Fayad, I., d‘Aspremont, A., Landrieu, L., 
& Ciais, P. (2024). Open-Canopy: Towards very high re-
solution forest monitoring. Computer Vision and Pattern 
Recognition. arXiv:2407.09392. https://doi.org/10.48550/
arXiv.2407.09392

ForestPlots. (2014). ForestPlots.net: Helping to measure, moni-
tor, and analyse the world’s tropical forests. https://forest-
plots.net/

Friedlingstein, P., O‘Sullivan, M., Jones, M. W., Andrew, R. M., 
Hauck, J., Olsen, A., Peters, G. P., Ciais, P., Le Quéré, C., 
Jackson, R. B., Canadell, J. G., Rühlemann, C., Tans, P. P., 
& Sitch, S. (2020). Global Carbon Budget 2020. Earth Sys-
tem Science Data, 12, 3269–3340. https://doi.org/10.5194/
essd-12-3269-2020

GEDI. (2024). Mission status. Global Ecosystem Dynamics Inves-
tigation (GEDI). https://gedi.umd.edu/return-of-the-gedi/

Goodbody, R. H. T., Coops, N. C., Luther, J. E., Tompalski, P., 
Mulverhill, C., Frizzle, C., Fournier, R., Furze, S., & Her-
niman, S. (2021). Airborne laser scanning for quantifying 
criteria and indicators of sustainable forest management 
in Canada. Canadian Journal of Forest Research, 51(7), 
972–985. https://doi.org/10.1139/cjfr-2020-0424

Hancock, S., Armston, J., Hofton, M., Sun, X., Tang, H., Dun-
canson, L. I., Kellner, J. R., & Dubayah, R. (2019). The 
GEDI Simulator: A large-footprint waveform lidar si-
mulator for calibration and validation of spaceborne 
missions. Earth and Space Science, 6(2). https://doi.
org/10.1029/2018EA000506

Hofton, M., & Blair, J. B. (2019). Algorithm theoretical basis do-
cument (ATBD) for GEDI transmit and receive waveform 
processing for L1 and L2 products. NASA Land Processes 

Distributed Active Archive Center (LP DAAC). https://lp-
daac.usgs.gov/documents/581/GEDI_WF_ATBD_v1.0.pdf

Kacic, P., Thonfeld, F., Gessner, U., & Kuenzer, C. (2023). Fo-
rest structure characterization in Germany: Novel products 
and analysis based on GEDI, Sentinel-1, and Sentinel-2 
data. Remote Sensing, 15, 1969. https://doi.org/10.3390/
rs15081969

Keller, M., Batistella, M., & Gorgens, E. B. (2024). LiDAR sur-
vey on 765 hectares in Tumbira, Pará, Brazil, 2021. Lands-
capes Brazil Project. Redape, V1. https://doi.org/10.48432/
TMJT7O

Labrière, N., Davies, S. J., Disney, M. I., Duncanson, L. I., Herold, 
M., Lewis, S. L., Phillips, O. L., Quegan, S., Saatchi, S. S., 
Schepaschenko, D. G., Scipal, K., Sist, P., & Chave, J. (2023). 
Toward a forest biomass reference measurement system 
for remote sensing applications. Global Change Biology, 
29(3), 827–840. https://doi.org/10.1111/gcb.16497

Lang, N., Jetz, W., Schindler, K., & Wegner, J. D. (2023). A high-
resolution canopy height model of the Earth. Nature Ecolo-
gy & Evolution, 7(10), 1778–1789. https://doi.org/10.1038/
s41559-023-02206-6

Lang, N., Schindler, K., & Wegner, J. D. (2022). High-resolution 
canopy height model of the Earth (HRCH). [Data set]. ETH 
Zurich Research Collection. https://doi.org/10.3929/ethz-
b-000609802

Liu, A., Cheng, X., & Chen, Z. (2021). Performance evaluation 
of GEDI and ICESat-2 laser altimeter data for terrain and 
canopy height retrievals. Remote Sensing of Environment, 
264, 112571. https://doi.org/10.1016/j.rse.2021.112571

Liu, C., & Wang, S. (2022). Estimating tree canopy height in 
densely forest-covered mountainous areas using GEDI spa-
ceborne full-waveform data. ISPRS Annals of the Photo-
grammetry, Remote Sensing and Spatial Information Scien-
ces, V-1-2022, 25–32. https://doi.org/10.5194/isprs-annals-
v-1-2022-25-2022

Liu, S., Brandt, M., Nord-Larsen, T., Chave, J., Reiner, F., Lang, 
N., Tong, X., Ciais, P., Igel, C., Li, S., Mugabowindekwe, 
M., Saatchi, S., Yue, Y., Chen, Z., & Fensholt, R. (2023). 
The overlooked contribution of trees outside forests to 
tree cover and woody biomass across Europe. Science Ad-
vances, 9(37), eadh4097. https://doi.org/10.1126/sciadv.
adh4097

Liu, X., Su, Y., Hu, T., Yang, Q., Liu, B., Deng, Y., Tang, H., Tang, 
Z., Fang, J., & Guo, Q. (2022). Neural network guided in-
terpolation for mapping canopy height of China’s forests 
by integrating GEDI and ICESat-2 data. Remote Sensing 
of Environment, 269, 112844. https://doi.org/10.1016/j.
rse.2021.112844

Lu, D., & Jiang, X. (2024). A brief overview and perspective of 
using airborne LiDAR data for forest biomass estimation. 
International Journal of Image and Data Fusion, 15(1), 
1–24. https://doi.org/10.1080/19479832.2024.2309615

Ma, S., Xia, J., Wang, C., Zhao, Z., Zou, F., Zhang, M., Luan, G., 
Li, C., Tu, X., & Li, L. (2025). Forest aboveground biomass 
retrieval integrating ICESat-2, Landsat-8, and environmen-
tal factors. Ecological Informatics, 89, 103194. https://doi.
org/10.1016/j.ecoinf.2025.103194

Magruder, L. A., Brunt, K. M., & Alonzo, M. (2020). Early ICE-
Sat-2 on-orbit geolocation validation using ground-based 
corner cube retro-reflectors. Remote Sensing, 12(21), 3653. 
https://doi.org/10.3390/rs12213653



BOSQUE 46(2): 129-140, 2025
Global canopy height models

139

MapBiomas. (2024). MapBiomas Brasil project. https://brasil.
mapbiomas.org/

Meta. (2025). Meta. https://www.meta.com
Moudrý, V., Gábor, L., Marselis, S., Pracná, P., Barták, V., Prošek, 

J., Navrátilová, B., Novotný, J., Potůčková, M., Gdulová, 
K., Špatenková, O., Šárovcová, E., Leroy, F., Štípek, J., & 
Rocchini, D. (2024). Comparison of three global canopy 
height maps and their applicability to biodiversity mode-
ling: Accuracy issues revealed. Ecosphere, 15(10), e70026. 
https://doi.org/10.1002/ecs2.70026

Moudrý, V., Gdulová, K., Gábor, L., Šárovcová, E., Barták, 
V., Leroy, F., Špatenková, O., Rocchini, D., & Prošek, J. 
(2022). Effects of environmental conditions on ICESat-2 
terrain and canopy heights retrievals in Central European 
mountains. Remote Sensing of Environment, 279, 113112. 
https://doi.org/10.1016/j.rse.2022.113112

Narine, L., Popescu, S. C., & Malambo, L. (2019). Synergy of 
ICESat-2 and Landsat for mapping forest aboveground 
biomass with deep learning. Remote Sensing, 11(12), 1503. 
https://doi.org/10.3390/rs11121503

National Snow and Ice Data Center. (2018). ATL08: Land and 
vegetation height. NASA National Snow and Ice Data Cen-
ter Distributed Active Archive Center. https://nsidc.org/
data/atl08

Neuenschwander, A., & Pitts, K. (2019). The ATL08 land and ve-
getation product for the ICESat-2 mission. Remote Sensing 
of Environment, 221, 247–259. https://doi.org/10.1016/j.
rse.2018.11.005

Neuenschwander, A., Guenther, E., White, J. C., Duncanson, 
L., & Montesano, P. (2020). Validation of ICESat-2 terra-
in and canopy heights in boreal forests. Remote Sensing 
of Environment, 251, 112110. https://doi.org/10.1016/j.
rse.2020.112110

Neuenschwander, A. P., Pitts, K. L., Jelley, B. P., Robbins, J., 
Klotz, B., Popescu, S. C., Nelson, R. F., Harding, D., Peder-
son, D., & Sheridan, R. (2023). ATLAS/ICESat-2 L3A land 
and vegetation height, Version 6 [Data set]. NASA National 
Snow and Ice Data Center Distributed Active Archive Cen-
ter. https://doi.org/10.5067/ATLAS/ATL08QL.006

Neumann, T. A., Martino, A. J., Markus, T., Bae, S., Bock, M. 
R., Brenner, A. C., Brunt, K. M., Cavanaugh, J., Fernan-
des, S. T., Hancock, D. W., & Thomas, T. C. (2019). The 
Ice, Cloud, and Land Elevation Satellite-2 mission: A glo-
bal geolocated photon product derived from the Advanced 
Topographic Laser Altimeter System. Remote Sensing 
of Environment, 233, 111325. https://doi.org/10.1016/j.
rse.2019.111325

Ojoatre, S., Zhang, C., Hussin, Y. A., Kloosterman, H. E., & Is-
mail, M. H. (2019). Assessing the uncertainty of tree height 
and aboveground biomass from terrestrial laser scanner and 
hypsometer using airborne LiDAR data in tropical rainfo-
rests. IEEE Journal of Selected Topics in Applied Earth Ob-
servations and Remote Sensing, 12(10), 4149–4159. https://
doi.org/10.1109/JSTARS.2019.2944779

Ouaknine, A., Kattenborn, T., Laliberté, E., & Rolnick, D. (2025). 
OpenForest: A data catalog for machine learning in forest 
monitoring. Environmental Data Science, 4, e15. https://
doi.org/10.1017/eds.2024.53

Page, M. J., McKenzie, J. E., Bossuyt, P. M., Boutron, I., Hoff-
mann, T. C., Mulrow, C. D., Shamseer, L., Tetzlaff, J. M., 
Akl, E. A., Brennan, S. E., Chou, R., Glanville, J., Grim-

shaw, J. M., Hróbjartsson, A., Lalu, M. M., Li, T., Loder, E. 
W., Mayo-Wilson, E., McDonald, S., McGuinness, L. A., 
Stewart, L. A., Thomas, J., Tricco, A. C., Welch, V. A., Whi-
ting, P., & Moher, D. (2021). The PRISMA 2020 statement: 
An updated guideline for reporting systematic reviews. The 
BMJ, 372, n71. https://doi.org/10.1136/bmj.n71

Potapov, P., Li, X., Hernandez-Serna, A., Tyukavina, A., Han-
sen, M., Kommareddy, A., Pickens, A., Turubanova, S., 
Tang, H., Silva, C. E., Armston, J., Dubayah, R., Blair, 
J. B., & Hofton, M. (2021). Mapping global forest cano-
py height through integration of GEDI and Landsat data. 
Remote Sensing of Environment, 253, 112165. https://doi.
org/10.1016/j.rse.2020.112165

Pourrahmati, R., Baghdadi, N., & Fayad, I. (2023). Comparison 
of GEDI LiDAR data capability for forest canopy height 
estimation over broadleaf and needleleaf forests. Remote 
Sensing, 15(6), 1522. https://doi.org/10.3390/rs15061522

Prieur, J., St-Onge, B., Fournier, R. A., Woods, M. E., Rana, P., & 
Kneeshaw, D. (2022). A comparison of three airborne laser 
scanner types for species identification of individual trees. 
Sensors, 22(1), 35. https://doi.org/10.3390/s22010035

Queinnec, M., White, J. C., & Coops, N. C. (2021). Comparing 
airborne and spaceborne photon-counting LiDAR canopy 
structural estimates across different boreal forest types. 
Remote Sensing of Environment, 262, 112510. https://doi.
org/10.1016/j.rse.2021.112510

Rai, N., Ma, Q., Poudel, K. P., Himes, A., & Meng, Q. (2024). 
Evaluating the uncertainties in forest canopy height measu-
rements using ICESat-2 data. Journal of Remote Sensing, 4, 
0160. https://doi.org/10.34133/remotesensing.0160

Riedel, T., Hennig, P., Polley, H., & Schwitzgebel, F. (2020). Au-
fnahmeanweisung für die vierte Bundeswaldinventur (BWI 
2022) (2021–2022) (1st ed., V 1.11). Bundesministerium 
für Ernährung und Landwirtschaft (BMEL). https://litera-
tur.thuenen.de/digbib_extern/dn063165.pdf

Schacher, A., Roger, E., Williams, K. J., Stenson, M. P., Sparrow, 
B., & Lacey, J. (2023). Use-specific considerations for op-
timising data quality trade-offs in citizen science: Recom-
mendations from a targeted literature review to improve 
the usability and utility for the calibration and validation 
of remotely sensed products. Remote Sensing, 15(5), 1407. 
https://doi.org/10.3390/rs15051407

Schleich, A., Durrieul, S., Soma, M., & Cedric, C. (2023). Im-
proving GEDI footprint geolocation using a high resolution 
digital elevation model. IEEE Journal of Selected Topics in 
Applied Earth Observations and Remote Sensing, 16, 7718–
7732. https://doi.org/10.1109/JSTARS.2023.3298991

Schwartz, M., Ciais, P., Ottlé, C., De Truchis, A., Vega, C., Fa-
yad, I., Brandt, M., Fensholt, R., Baghdadi, N., Morneau, 
F., Morin, D., Guyon, D., Dayau, S., & Wigneron, J. 
(2024). High-resolution canopy height map in the Landes 
forest (France) based on GEDI, Sentinel-1, and Sentinel-2 
data with a deep learning approach. International Journal 
of Applied Earth Observation and Geoinformation, 128, 
103711. https://doi.org/10.1016/j.jag.2024.103711

Simard, M., Pinto, N., Fisher, J. B., & Baccini, A. (2011). Map-
ping forest canopy height globally with spaceborne Li-
DAR. Journal of Geophysical Research: Atmospheres, 116, 
G04021. https://doi.org/10.1029/2011JG001708

Stereńczak, K., Laurin, G. V., Chirici, G., Coomes, D. A., Dal-
ponte, M., Latifi, H., & Puletti, N. (2020). Global airborne 



BOSQUE 46(2): 129-140, 2025
Global canopy height models

140

laser scanning data providers database (GlobALS)—A new 
tool for monitoring ecosystems and biodiversity. Remote 
Sensing, 12(11), 1877. https://doi.org/10.3390/rs12111877

Tang, H., Armston, J., & Dubayah, R. (2019). Algorithm theo-
retical basis document (ATBD) for GEDI L2B footprint 
canopy cover and vertical profile metrics. Goddard Spa-
ce Flight Center. https://lpdaac.usgs.gov/documents/588/
GEDI_FCCVPM_ATBD_v1.0.pdf

Tolan, J., Yang, H.-I., Nosarzewski, B., Couairon, G., Vo, H. V., 
Brandt, J., Spore, J., Majumdar, S., Haziza, D., Vamaraju, 
J., Moutakanni, T., Bojanowski, P., Johns, T., White, B., 
Tiecke, T., & Couprie, C. (2024). Very high resolution ca-
nopy height maps from RGB imagery using self‑supervised 
vision transformer and convolutional decoder trained on ae-
rial LiDAR. Remote Sensing of Environment, 300, 113888. 
https://doi.org/10.1016/j.rse.2023.113888

University of Maryland. (2019). Global forest canopy height 
map (GFCH) [Data set]. Global Land Analysis & Disco-
very (GLAD). https://glad.umd.edu/dataset/gedi

Wang, C., Zhu, X., Nie, S., Xi, X., & Chen, S. (2019). Ground 
elevation accuracy verification of ICESat-2 data: A case stu-
dy in Alaska, USA. Optics Express, 27(26), 38168–38179. 
https://doi.org/10.1364/OE.27.038168

Wang, R., Lu, Y., Lu, D., & Li, G. (2024). Improving extrac-
tion of forest canopy height through reprocessing ICESat-2 
ATLAS and GEDI data in sparsely forested plain regions. 
GIScience & Remote Sensing, 61(1), 2396807. https://doi.
org/10.1080/15481603.2024.2396807

World Resources Institute. (2025). World Resources Institute. 
https://www.wri.org

Xi, Y., Tian, Q., Zhang, W., Zhang, Z., Tong, X., Brandt, M., 
& Fensholt, R. (2022). Quantifying understory vegetation 
density using multi-temporal Sentinel-2 and GEDI LiDAR 
data. GIScience & Remote Sensing, 59(1), 2068–2083. 
https://doi.org/10.1080/15481603.2022.2148338

Xing, Y., Huang, J., Gruen, A., & Qin, L. (2020). Assessing the 
performance of ICESat-2/ATLAS multi-channel photon 
data for estimating ground topography in forested terrain. 
Remote Sensing, 12(13), 2084. https://doi.org/10.3390/
rs12132084

Yang, Q., Su, Y., Hu, T., Jin, S., Liu, X., Niu, C., Liu, Z., Ke-
lly, M., Wei, J., & Guo, Q. (2022). Allometry-based esti-
mation of forest aboveground biomass combining LiDAR 
canopy height attributes and optical spectral indexes. 
Forest Ecosystems, 9, 100059. https://doi.org/10.1016/j.
fecs.2022.100059

Recibido: 15.08.2024
Aceptado: 28.06.2025


