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Canopy height is a key indicator of tropical forest structure. In this study, we
present a deep learning application to map canopy height in French Guiana using
freely available multi-source satellite data (optical and radar) and complementary
environmental information. The potential of a U-Net architecture trained on
sparse and unevenly distributed GEDI data to generate a continuous canopy
height map at a regional scale was assessed. The developed model, named
CHNET, successfully produced a canopy height map of French Guiana at a 10-m
spatial resolution, achieving relatively good accuracy compared to a validation
airborne LiDAR scanning (ALS) dataset. The study demonstrates that relevant
environmental descriptors, namely, height above nearest drainage (HAND) and
forest landscape types (FLT), significantly contribute to the model’s accuracy,
highlighting that these descriptors bring important information on canopy
structural properties and that the CHNET framework can efficiently use this
information to improve canopy height prediction. Another critical aspect
highlighted is the necessity of addressing GEDI data inaccuracies and
geolocation uncertainties, which is essential for any GEDI-based application.
However, challenges remain, particularly in characterizing tall canopies, as our
CHNETmodel exhibits a tendency to underestimate canopy heights greater than
35 m. A large part of this error arises from the use of GEDI measurements as
reference, given the fact these data exhibit certain saturation in tropical biomes.
Future improvements in the analysis of GEDI signal as well as the implementation
of robustmodels are essential for better characterization of dense and tall tropical
forest ecosystems.
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1 Introduction

Tropical forests play a major role in maintaining global ecological balance. Beyond the
richness of their biodiversity, they are essential for carbon sequestration, absorbing
significant amounts of carbon dioxide and thereby mitigating the effects of climate
change (Pan et al., 2011). Mapping forest resources and carbon is crucial for enhancing
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forest management practices and achieving goals related to
environmental preservation. The accurate characterization and
monitoring of the standing aboveground biomass (AGB) have
become imperative to understand the carbon sequestration
potential of tropical ecosystems. In this regard, several studies
have highlighted relationships between the structural
characteristics of a forest and its AGB levels (Chave et al., 2005;
Asner and Mascaro, 2014). In tropical regions like French Guiana,
the dense and complex forest structure makes the precise estimation
of AGB particularly challenging (Saatchi et al., 2011). Accurately
describing forest structure, including canopy height, is essential for
reliable biomass estimates at a regional scale (Joetzjer et al., 2017).
Canopy height is indeed one of the most important inputs to
estimate biomass, and most allometric equations incorporate this
structural parameter to calculate AGB (Lefsky et al., 2005; Lima
et al., 2012; Feldpausch et al., 2012).

Remote sensing is a powerful tool for forest monitoring because
it offers the ability to collect extensive data across large and often
inaccessible areas (Boyd and Danson, 2005). Light detection and
ranging (LiDAR), in particular, is highly effective for characterizing
vegetation profiles and structural parameters. Among LiDAR
technologies, airborne LiDAR scanning (ALS) stands out as the
most accurate and offers the highest resolution data (in terms of
returned points over a given surface). However, it is also more costly
for data users and its spatial coverage is limited to specific areas. In
French Guiana, where accessibility is limited, ALS data have been
widely used for localized studies (Ho TongMing et al., 2016; Joetzjer
et al., 2017; Lahssini et al., 2022), but the high cost of this method
limits its applicability for large-scale applications. In contrast,
spaceborne sensors, while having a lower spatial resolution, offer
better revisit times and global coverage, making them invaluable for
large-scale and continuous monitoring. These sensors have
demonstrated their capability to produce regional or global forest
products (Tyukavina et al., 2015) and effectively map canopy height
(Fayad et al., 2014; Pourrahmati et al., 2015). The Global Ecosystem
Dynamics Investigation (GEDI) mission is the most recent
advancement in spaceborne LiDAR technology, and it was
specifically designed to measure the structure of the vegetation at
a global scale (Dubayah et al., 2020). GEDI has proven its ability to
map canopy height accurately and can be complemented with other
remote sensing data sources to provide comprehensive information
on forest structure and dynamics (Potapov et al., 2021; Lang et al.,
2023). Continuous data sources are indeed useful to transform the
sparse coverage of GEDI measurements into continuous canopy
height maps.

One complementary data source often used with GEDI
information is optical data, and studies have already used this
complementarity in the context of French Guiana (Ngo et al.,
2023). Optical sensors are extensively used to examine the state
parameters of forest stands and surface vegetation. Using
radiometric information obtained from optical systems, it is
possible to characterize stand compositions and vegetation
biophysical parameters by analyzing the spectral information
contained in the reflectance images (Lemaire et al., 2008; Grabska
et al., 2019). One of the primary advantages of most recent satellite
optical sensors lies in their capacity to provide complete coverage
and high-resolution (both spatial and temporal) multispectral
imagery that offers accurate information on forest structure and

composition. This information can be used in forest type
classification, species identification, and monitoring of canopy
cover (Hansen et al., 2013; Vancutsem et al., 2021). Many optical
data products can be acquired freely by data users and are available
from several satellite platforms, enabling long-term and large-scale
assessments of tropical forests. Nonetheless, there are also
limitations to consider. First and foremost, cloud cover can
impede data acquisition, especially in tropical regions with
unique environmental conditions and frequent cloud cover.
Furthermore, optical sensors are passive systems that are
sensitive to solar illumination conditions, which can limit data
acquisition to specific times of the day. They are also sensitive to
sun-sensor angle view effects, which are difficult to correct.
Additionally, optical sensors are limited in their ability to
penetrate canopy cover, thus impeding the study of understory
vegetation and ground-level features. A combination of optical data
with other remote sensing techniques can therefore offer a more
comprehensive view of forest ecosystems.

In this perspective, synthetic aperture radar (SAR) technologies
bring specific information on canopy structure and have been
effectively employed alongside GEDI data in French Guiana (Ngo
et al., 2023; Qi et al., 2023). SAR sensors use lower frequency
electromagnetic waves (microwaves) than LiDAR but still offer
advantages for studying forest ecosystems. One of their primary
advantages is their ability to penetrate cloud cover and to operate in
darkness, allowing for data acquisition in all weather conditions and
at any moment of the day. Due to their longer wavelengths, radar
signals can also penetrate the forest canopy to a certain extent
(depending on the wavelength, i.e., deeper penetration with longer
wavelengths) and provide information on forest structure and the
lower layers of the canopy. Moreover, SAR data are highly sensitive
to changes in canopy structure, which makes it suitable for detecting
changes such as disturbances, deforestation, and degradation
(Rahman and Sumantyo, 2010; Bouvet et al., 2018; Watanabe
et al., 2018). Using different frequency bands can be
advantageous for studying vegetation because they complement
each other (Berninger et al., 2018; Sothe et al., 2022). On one
hand, the L-band, with its longer wavelength can penetrate
deeper into the vegetation and provide information on the lower
layers of the canopy (Baghdadi et al., 2015). This information is
particularly relevant for estimating forest structure variables
(Mermoz et al., 2014). On the other hand, the C-band, with its
shorter wavelength, is limited in its penetration capabilities but can
still provide detailed information about the leaf density of upper
canopies (Fagua et al., 2019), which is indirectly related to canopy
height (McDowell et al., 2002). While LiDAR remains the most
appropriate technology for deriving accurate structural descriptors
of forest ecosystems, optical and radar data can provide
complementary information and multimodal approaches allow
combining the advantages of each individual sensor type. Indeed,
spaceborne LiDAR sparse measurements do not exhibit a sufficient
spatial density for accurate and continuous mapping of canopy
height. Therefore, the complementarity between optical, radar, and
LiDAR data is leveraged to produce canopy height maps.

Such multimodal approaches have been employed successfully
over French Guiana to overcome the limitations of individual
sensors in canopy height mapping. However, most existing
studies have either focused on very localized areas, such as
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research plots (Ngo et al., 2023), or have been conducted at global
scales (Potapov et al., 2021; Lang et al., 2023; Qi et al., 2023). In
contrast, our study addresses the gap in regional-scale applications,
which allows us to explore how data fusion approaches behave and
can be optimized at an intermediate yet countrywide scale.
Employing an appropriate data fusion framework is essential for
the optimal processing of multiple data sources, with the goal of
producing a final canopy height map of French Guiana. Standard
approaches, such as linear models, regression analysis, and Random
Forest provide widely accepted methods for combining data (Morin
et al., 2019). As the richness and complexity of multimodal
information from various sensors increase, deep learning (LeCun
et al., 2015) approaches prove to be particularly useful and effective.
Deep learning methods have become prevalent in remote sensing
applications due to their powerful ability to analyze and process data
from different sources, times, and scales (Hong et al., 2021). By
stacking nonlinear functions, neural networks enable the modeling
of complex relationships between input and output variables. In
multimodal applications, two main strategies are employed to
combine heterogeneous and complementary information: early
fusion and late fusion (Hong et al., 2021). Early fusion combines
data from different sources at the initial stage and then processes
them through a neural network. In contrast, late fusion involves
analyzing each data source separately using dedicated branches and
then combining the intermediate results through additional neural
network layers for final processing. Since the introduction of
Convolutional Neural Networks (CNNs), there has been a
substantial improvement in the accuracy of image analysis tasks.
The U-Net architecture (Ronneberger et al., 2015), a specialized type
of CNN widely used in image segmentation and remote sensing
studies (Yuan et al., 2021), demonstrates an effective neural network
model for these applications. U-Net’s design, which includes a
contracting path to capture local context and a symmetric
expanding path for precise localization, is particularly well-suited
for handling spatial data. With the goal of predicting and mapping
canopy height at a regional scale, this architecture is quite adequate
because of its ability to integrate detailed spatial information from
multiple remote sensing data. Consequently, U-Net has been
extensively used in numerous studies for canopy height mapping
using diverse remote sensing data sources (Gazzea et al., 2023;
Wagner et al., 2024; Schwartz et al., 2024; Ge et al., 2022).
However, most existing U-Net frameworks have exclusively
utilized sensor data, and there is still a need to explore how
ancillary information related to canopy structure and ecological
context can be leveraged by this type of architecture in a regional-
scale application.

In general, canopy height mapping approaches often rely exclusively
on remote sensing data.However, considering environmental parameters
alongside these data sources can provide significant added value. For
instance, in some studies, integrating topographical data into the
modeling process has led to improvements in the accuracy and
reliability of forest biophysical variables estimation (Lahssini et al.,
2022). Environmental parameters have indeed a direct impact on
canopy dynamics. Identifying the most relevant descriptors to
integrate into a deep learning architecture may bring an additional
contribution, enabling the architecture to extract complex
relationships between these descriptors and canopy height. In this
study, we propose an end-to-end early fusion deep learning model

that effectively leverages the complementarity between optical
(Sentinel-2), radar (Sentinel-1 and ALOS), and environmental data to
produce a 10-m resolution canopy height map of French Guiana (South
America). The height above nearest drainage (HAND) and the forest
landscape types (FLT) were retained as environmental descriptors that
are directly related to canopy height. The proposed framework, named
CHNET (Canopy Height estimation NETwork), implements an early
fusion strategy through a U-Net architecture. GEDI measurements are
used as reference canopy heights for the CHNETmodel calibration. The
main objective of our study is to assess how tropical canopy height can be
accurately estimated and mapped from GEDI information and multiple
data sources. Our study operates at an intermediate regional scale by
accounting for the specificities of the French Guiana context while still
addressing the larger scale of the entire country.We aim at understanding
how the enrichment and optimization of model inputs, such as
integrating additional environmental variables and refining the GEDI
data used for model calibration, can potentially lead to improved and
more accurate results.

2 Materials and methods

2.1 Study area

French Guiana, a French Overseas Territory, is located in the
Amazon forest biome on the northern coast of South America. It
spans a total area of 83,534 km2, of which over 80,000 km2 are
covered by forests (Fayad et al., 2016). The predominant forest type is
mature old-growth tropical rainforest, with some regions consisting of
secondary forests (Guitet et al., 2013). Coastal areas also feature savannas
and mangroves, while rainforest accounts for more than 90% of the
territory. Timber harvesting and agricultural activities are mainly
confined to the sub-coastal areas near large towns and along the
main roads (Guitet et al., 2015). The region’s topography is mostly
flat, with elevations rarely exceeding 200 m, though small hills and
mountains occasionally rise across the landscape (Guitet et al., 2013).
Notably, about 70% of the terrain slopes are less than 5° (Fayad et al.,
2016). French Guiana experiences a tropical and hot climate, with a
Köppen climate classification of tropical rainforest (Af) acrossmost of the
territory (Beck et al., 2018). The mean annual temperature is
approximately 26°C and rainfall varies significantly across the
territory, with the northeast receiving up to 4,000 mm per year, while
the southern and western areas receive around 2,000 mm annually
(Guitet et al., 2015). The combination of climatic, geological, and
geomorphological factors provides the conditions for the development
of a wide range of forest structures at a regional scale. Canopy height in
French Guiana’s tropical forests generally ranges between 20 and 40 m,
with emergent trees occasionally reaching up to 60m (Fayad et al., 2014).
AGB levels vary significantly and generally range fromaround 150Mg/ha
to over 600 Mg/ha, with higher levels typically found in mature and
undisturbed forest areas (Fayad et al., 2016).

2.2 Datasets and processing

2.2.1 GEDI data
GEDI, operated by NASA aboard the International Space

Station (ISS) since December 2018, is a full-waveform LiDAR
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sensor designed to capture high-resolution vertical structure data of
Earth’s forests. The system employs three 1,064 nm lasers emitting
242 pulses per second, generating energy return waveforms (L1B
product) and derived height metrics (L2A product) within 25 m
diameter circular footprints. One laser is split into two half-power
beams (coverage beams), while the other two lasers remain at full
power (power beams). These beams are then slightly dithered to
generate eight parallel tracks of observations: four tracks for
coverage beams and four tracks for power beams. These tracks
cover a 4.2-km swath on the ground, with a 60-m spacing along the
track and a 600-m spacing across tracks.

GEDI data are processed by NASA’s Land Processes Distributed
Active Archive Center (LP DAAC). The L1B product includes
geolocated and smoothed waveforms, along with ancillary
parameters, and offers a horizontal location precision improved
to 10 m (Dubayah et al., 2021). The L2A product delivers elevation
and height metrics for each footprint, including measurements of
ground elevation, canopy top height and relative height (RH)
metrics. The L2A product is generated from the L1B waveforms
using six distinct signal processing configurations, referred to as
algorithm setting groups. These configurations define the thresholds
and smoothing parameters used to analyze the received waveforms,
thereby influencing the height metrics extracted in the L2A product.
Comparing all available configurations indicates that algorithm
setting group number five generally yields better accuracy on
average compared to other groups in the tropical context of
French Guiana (Lahssini et al., 2022). GEDI’s ability to estimate
canopy height is contingent on its ability to detect the ground (Sun
et al., 2022). Due to the dense vegetation in tropical areas, the ground
peak in GEDI waveforms is often weaker in intensity and difficult to
distinguish from the background noise. Algorithm setting group
number five is characterized by the lowest waveform signal end
threshold. In a dense environment, a low signal end threshold
enhances the differentiation of weak ground returns from noise
in the signal, while a higher threshold tends to lead to errors in the
detection of the ground peak in the waveform. Conversely, in less
dense forest ecosystems, a low threshold can result in the
interpretation of noise as the ground peak, thus leading to an
overestimation of canopy heights (Adam et al., 2020). GEDI
waveforms obtained over tropical forests often present weak
intensity ground peaks, suggesting that a lower signal end
threshold is more suitable for these ecosystems. Considering the
dense and homogeneous context of French Guiana, as well as the
results of related works in the literature (Lahssini et al., 2022), we
therefore utilized the L2A metrics that were computed using
algorithm setting group number 5.

GEDI RH metrics are considered as a reliable representation of
canopy heights and have been used as reference variables to calibrate
height estimation models (Lang et al., 2023). The L2A product
contains several RH metrics representing the height relative to the
ground corresponding to a given percentile of total return energy.
For instance, rh_95 represents the height relative to the ground
which contains 95% of the waveform energy. High-percentile RH
metrics are therefore good proxies of canopy height as they are
related to the top-of-canopy detection. Theoretically, rh_100 would
be expected to be the best representation of canopy height and
should correspond to the distance between the top-of-canopy and
the ground. However, this metric can be impacted by atmospheric

conditions, incorrect ground peak detection in the waveform as well
as variability in both vegetation and ground conditions (Schwartz
et al., 2024). In this study, we chose to use rh_95 as a direct proxy of
canopy height since it proved to yield the best performances in the
tropical context of French Guiana (Lahssini et al., 2022). Several
previous studies have also advocated for the use of rh_95 to model
canopy height in tropical biomes (Potapov et al., 2021; Fayad et al.,
2021; Lahssini et al., 2024).

Overall, 11,798,179 GEDI shots acquired between April
2019 and May 2022 over French Guiana were collected from the
GEDI Level 2A Geolocated Elevation and Height Metrics product
(GEDI02_A v002) made available by NASA (Dubayah et al., 2021).
Atmospheric disturbances can strongly impact GEDI
measurements, which is why the data meeting the following
criteria were considered invalid and were removed: (1) shots with
no mode detected (num_detectedmodes = 0), as they correspond to
pure noise; (2) shots with a null signal-to-noise ratio (SNR), as they
are also pure noise; (3) shots displaying an erroneous ground
elevation, i.e., when the absolute difference between Shuttle
Radar Topography Mission (SRTM) ground elevation (digital_
elevation_model_srtm) and GEDI ground detection (elev_
lowestmode) is greater than 100 m; (4) shots exhibiting an
incomplete waveform, i.e., partial signals where the useable part
of the waveform (search_end) is equal to the total number of bins in
the waveform (rex_sample_count); (5) shots with rh_100 values
lower than 3 m, as GEDI is well suited for vegetation but is unable to
measure the height of small objects because of laser pulse width
(Dubayah et al., 2020). Following these procedures, a total of
3,891,348 valid footprints (33%) were extracted. Furthermore, in
order to provide our framework with useable and interpretable
metrics, only GEDI shots with a SNR greater than 10 dB

FIGURE 1
Density of valid GEDI data (number of shots per km2) over French
Guiana (grid of 500 m).
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(2,127,076 shots, 18%) were retained as reference data for building
our canopy height estimation models (Figure 1).

The corresponding GEDI rh_95 values were rasterized on a 10m
grid aligned with the other remote sensing data sources. For each
GEDI shot, the associated rh_95 value was assigned to the pixel
corresponding to the center of the footprint. This approach has been
applied in several other studies to produce continuous canopy height
maps. Lang et al., 2023 used a similar rasterizetion method in their
global canopy height map to match GEDI data with the Sentinel-2
grid. They argued that this allows the model to optimize its loss
function with respect to valid reference pixels during training.
Potapov et al. (2021) employed the same approach in a study
using Landsat data at a different spatial resolution (30 m),
demonstrating that matching GEDI footprints’ centers to the grid
of optical sensors is a widely accepted method for canopy height
mapping. Despite the difference in resolutions between GEDI (25m)
and Sentinel-2 (10 m at best), rasterizing GEDI data to a finer grid
can provide additional detail, especially in areas with heterogeneous
canopy structures. Schwartz et al. (2024) explored this scale
mismatch in their study on canopy height mapping in the
Landes forest (France). They tested a modified prediction model
at a 20-m resolution (i.e., rasterizing GEDI data to a 20-m grid and
producing a canopy height map at 20 m), specifically designed to
reduce the scale mismatch between GEDI and Sentinel data. They
found that their original model with a 10-m resolution performed
slightly better in terms of accuracy and that it was also better at
capturing small-scale canopy variations such as gaps or holes. This
suggests that rasterizing GEDI data to a higher-resolution grid can
provide more detailed information, particularly in capturing
heterogeneous canopy structures. All things considered, while the
scale mismatch could contribute to some variability in canopy height
estimates, this approach still retains meaningful spatial variations
and has been widely used in similar studies with good results
in practice.

2.2.2 Optical data
The Sentinel-2 (S2) satellite constellation, operated by the

European Space Agency (ESA), consists of two satellites,
Sentinel-2A and Sentinel-2B, which operate in tandem to ensure
a high revisit frequency (5 days) and complete coverage. It provides
high-resolution multispectral imagery in 13 spectral bands ranging
from visible and near-infrared to shortwave infrared wavelengths.
This radiometric diversity enables detailed characterization of stand
compositions and vegetation biophysical parameters by analyzing
the spectral information contained in the reflectance images
(Karasiak et al., 2017; Grabska et al., 2019). The data acquired
from S2 are first processed to Level-1C, providing top-of-
atmosphere reflectance values that are geometrically corrected. In
this study, we utilized Level-2A products, which include
atmospherically corrected bottom-of-atmosphere reflectance
values using ESA’s Sen2Cor processor (Main-Knorn et al., 2017).

Using the Google Earth Engine (GEE) data catalog and
developing platform, we selected S2 images with a maximum
cloud cover percentage of 80% (i.e., images with more than 80%
cloud coverage were excluded) over the area of interest in the period
between November 2019 and February 2021, with the goal of
creating a cloud-free composite image for the year 2020. A cloud
mask was applied to each image using sophisticated filters and

thresholds from the PINO algorithm version 26 (Simonetti et al.,
2021). The cloud and shadow mask computation was based on the
Level-1C products and the results were eventually applied to the
correspondent Level-2A images. After cloud masking, we generated
a composite image for the year 2020 by computing the per-pixel
median value across the collection of Level-2A S2 images. We opted
for the median composite to mitigate the influence of outlier pixels,
such as those affected by clouds or cloud shadows that may persist
despite the cloud mask (Corbane et al., 2020; Pimple et al., 2022).
Ten spectral bands were retained and, if necessary, resampled to
10 m: B2 (Blue), B3 (Green), B4 (Red), B5-B6-B7 (Vegetation Red
Edge), B8 (Near Infrared, NIR), B8A (Narrow NIR), and B11-B12
(Short Wave Infrared, SWIR). The pixel values represent surface
reflectance scaled by 10,000. The Sentinel-2 data used in this study
were acquired from two distinct orbits. Despite S2 atmospheric
corrections, which are more challenging in tropical contexts,
differences in reflectance values between the two orbits remain.
To mitigate this effect, and given that the two orbits overlap, we
conducted a relative reflectance normalization for each spectral
band separately. This process involved minimizing a cost
function based on the mean and standard deviation within the
overlapping area (Cresson and Saint-Geours, 2015).

2.2.3 Radar data
Radar data provide penetration capabilities through cloud cover

and offer valuable information on forest structure (Baghdadi et al.,
2015). Depending on their wavelength, radar signals can also
penetrate the forest canopy to different depths, providing
information on forest structure and on the lower layers of the
canopy. Sentinel-1 (S1) is a C-band Synthetic Aperture Radar
(SAR) system (wavelength of about 6 cm) while the Advanced
Land Observing Satellite (ALOS) operates in the L-band
(wavelength of about 25 cm), which allows us to benefit from the
complementarity between these two bands.

S1 is comprised of two satellites with a 12-day repeat cycle,
which results in a combined revisit time of 6 days for the same
location on Earth. In this study, we utilized Ground Range Detected
(GRD) scenes featuring dual-band cross-polarization: Vertical-
Vertical (VV) and Vertical-Horizontal (VH), with a pixel size of
10 m. These scenes underwent preprocessing with S1 Toolbox,
including thermal noise removal, radiometric calibration, and
terrain correction using SRTM. The S1 GRD products provide
Sigma-0 backscattering coefficients (in dB), which quantify the
microwave radiation scattered back to the radar system. Using
GEE interface, we extracted S1 images encompassing the area of
interest in the period between November 2019 and February
2021 and the Sigma-0 values were calibrated using Gamma-0
normalization in order to correct the effects of radar signal
attenuation due to varying incidence angles. Subsequently, we
separated the data into ascending and descending orbits to
generate mean composite images for the year 2020 for each orbit
category and polarization. While median compositing is commonly
used for optical imagery to create cloud-free composites, SAR data
are not affected by clouds, enabling the use of mean compositing for
constructing a data stack (Verhegghen et al., 2016; Barenblitt et al.,
2024). This process resulted in a composite stack composed of four
layers: VV ascending, VH ascending, VV descending, and VH
descending.

Frontiers in Remote Sensing frontiersin.org05

Lahssini et al. 10.3389/frsen.2024.1484900

https://www.frontiersin.org/journals/remote-sensing
https://www.frontiersin.org
https://doi.org/10.3389/frsen.2024.1484900


ALOS Phased Array-type L-band SAR (PALSAR) is a system
operated by the Japan Aerospace Exploration Agency (JAXA),
featuring a sun-synchronous orbit and an observation frequency
of 46 days. In this study, we utilized Normalized Radar Backscatter
(NRB) scenes from the ALOS-2 PALSAR-2 ScanSAR Level 2.2 data
product, which consists of dual-polarization observations:
Horizontal-Horizontal (HH) and Horizontal-Vertical (HV),
initially at a spatial resolution of 25 m that was resampled to
10 m. These scenes were subject to ortho-rectification as well as
radiometric terrain correction and are provided in the Gamma-0
backscatter convention (in dB). Through the GEE platform, we
selected ALOS-2 PALSAR-2 images covering the study site between
November 2019 and February 2021 to produce a mean composite
image for each dual-polarization, resulting in a composite stack
comprised of two bands: HH and HV.

2.2.4 Environmental data
Topography has an impact on both remote sensing acquisitions

and forest structure (Liu et al., 2021; Kutchartt et al., 2022). French
Guiana is fairly flat, which is why topographic factors were not taken
into account to correct GEDI waveforms, as their impact on canopy
height estimates is minimal in these conditions (Fayad et al., 2021).
Nonetheless, topography remains a crucial hydrologic driver
because it determines the direction and velocity of water flows.
Flow directions establish hydrological connections between various
points within a basin, which in turn directly impact forest structure
and dynamics (Ferry et al., 2010; Jucker et al., 2018; Muscarella et al.,
2020). Consequently, canopy features are closely linked with soil and
hydrological conditions, relationships that optical or radar imagery
alone cannot fully reveal. For instance, in the Amazon, it is

challenging to differentiate non-floodable swampy forests, which
are characterized by waterlogged soils but are not subject to regular
river flooding, from non-floodable terra-firme forests, characterized
by well-drained soils, using only two-dimensional spectral data
(Rennó et al., 2008). To address this, the height above nearest
drainage (HAND) algorithm was developed to introduce the
concept of height difference along flow channels, or drainage
capacity, as a distinctive terrain descriptor (Rennó et al., 2008).
This algorithm generates a normalized digital elevation model,
which normalizes topography to the relative heights along the
drainage network. Each pixel value corresponds to the vertical
distance in meters to the nearest drainage. As a result, HAND
provides essential context for interpreting canopy height variations.
In this study, we utilized the Global HAND product available in the
GEE catalog. In French Guiana, we extracted the global 30 mHAND
product using a threshold of 100 river head cells, and we resampled
it to a spatial resolution of 10 m to match the expected resolution of
our canopy height map (Figure 2). The threshold of river head cells
specifies the minimum number of grid cells required to contribute to
water flow and establish the starting point of a stream or a river. This
threshold determines where the flow accumulation is sufficient to
initiate a river head in the digital elevation model and sets the scale
for drainage network extraction. It controls the density and extent of
the river network identified in the HAND model.

Forest landscape types (FLT) provide information on the
broader ecological context of French Guiana. This territory may
appear simply as a vast and uniform area, but it is in fact composed
of interconnected and complex ecosystems. In this study, a map
delineating 20 forest classes, produced by the French National
Forests Office (ONF), was utilized (Catalogue des habitats
forestiers de Guyane, 2015). This FLT map was computed from
several spatial analyses: (1) a geomorphological landscape map
generated by ONF using a spatial analysis of a digital surface
model derived from SRTM data (Guitet et al., 2013); (2) a
predictive map of low-lying areas also developed by ONF using
the same SRTM data and adapting the HAND algorithm; (3) a forest
vegetation map based on SPOT-VEGETATION images, which
allows representing forest structure variation (Gond et al., 2011);
(4) a land cover layer for the coastal strip produced by ONF from
aerial photography to provide precise delineation of specific coastal
habitats; (5) a human footprint map highlighting disturbances
related to forestry and mining activities (De Thoisy et al., 2010),
supplemented with mapping of areas exploited since 1945. These
datasets allowed building a comprehensive basis for describing the
diverse forest ecosystems in French Guiana. The incorporation of
environmental data, such as forest landscapes, into canopy height or
biomass characterization approaches holds significant interest and
has been explored in various studies to produce improved results
(Fayad et al., 2016; Morin et al., 2022; Morin et al., 2023; Fassnacht
et al., 2021). The FLT map used in this study was integrated in our
prediction models in the form of a raster at a spatial resolution of
10 m, with each pixel value corresponding to a given class of forest
landscape (Figure 3).

2.2.5 ALS data
ALS data were employed as reference ground truth to validate

our canopy height map. These data were acquired by ONF through
several surveys over various study sites in French Guiana between

FIGURE 2
Height above nearest drainage (HAND) over French Guiana. 93%
of pixels present a HAND value between 0 and 50 m. The maximum
HAND value is 639 m.
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2017 and 2020. The ALS acquisitions were characterized by
technical specifications that included an average of 10–12 points
per m2 in average, with each pulse having a diameter of
approximately 20 cm, and a wide scan angle of ±30°. A canopy
height model (CHM) was derived by ONF at a resolution of 1 m
(maximum height per 1-m grid cell), covering an area of 1,562 km2.
The CHM was resampled to a resolution of 10 m using the
maximum value to match the resolution of our canopy height
map. The choice of the maximum value in the resampling
process is theoretically justified by the fact it better represents the
top-of-canopy signal captured in GEDI waveforms, which are used
as training data to build our prediction models. Adam et al. (2020)
supported this approach, noting that the signal in return waveforms
starts at the highest point of vegetation within the GEDI footprint. In
a similar comparative study, Hilbert and Schmullius (2012)
demonstrated that using the maximum rather than the mean
value of ALS reference heights yielded a better correlation with
GEDI metrics. Furthermore, Lahssini et al. (2024) found that GEDI-
derived canopy heights exhibited stronger correlations with the
maximum ALS heights within GEDI footprints.

2.3 Methods

2.3.1 Multimodal U-Net architecture
To produce a continuous canopy height map, we implemented a

pixel-wise regression, which is a specialized task in machine learning
to predict continuous values for each pixel in an image. This

approach is particularly useful and relevant in our application,
where each pixel represents a unique geospatial location and our
goal is to estimate the canopy height for each of these locations based
on their spectral and spatial features. In particular, fully
convolutional networks (FCNs) are a type of deep learning
model designed for spatially dense prediction tasks. They have
been transformed from classical convolutional networks to
handle inputs of any size and generate outputs of corresponding
dimensions with efficient processing during both training and
inference phases (Long et al., 2014). For the purpose of our
study, a U-Net neural network architecture (Milesi, 2022) was
used due to its proven efficacy in regression tasks for forest
characterization involving multiple remote sensing data sources
(Gazzea et al., 2023; Wagner et al., 2024; Schwartz et al., 2024;
Ge et al., 2022). To manage and exploit the available multimodal
information, each geospatial location (i.e., a pixel of 10 m) is
described by means of multiple information sources as detailed
in Subsection 2.2. U-Net is particularly good at capturing complex
spatial dependencies in images and interpreting the local spatial
context. Also, one of the key strengths of deep learning frameworks
such as U-Net lies in their ability to integrate and leverage the
complementarity between different datasets. The U-Net architecture
is shaped like a ‘U’ because it sequentially downsamples then
upsamples images. This design allows the network to learn
robust feature representations at multiple scales. In the encoder
part (contracting path), the input image undergoes two 3 ×
3 convolutions, which are then followed by a Rectified Linear
Unit (ReLU) activation function. This sequence is subsequently
downsampled using a 2 × 2 max pooling operation with a stride
of 2. This process is repeated four times, with the number of feature
channels being doubled at each step to effectively capture
hierarchical features at different scales. In total, there are
10 convolutional layers and 4 max pooling layers in the encoder
part of the architecture. The decoder part (expansive path) mirrors
the encoder but in reverse. It starts with bilinear upsampling,
followed by concatenation with the corresponding feature map
from the contracting path. This output is then processed through
two 3 × 3 convolutions followed by a ReLU activation function. This
process is also repeated four times similarly to the contracting path.
This design helps in preserving spatial information throughout the
network and improving the network’s ability to localize features
accurately. The final layer of the network consists of a 1 ×
1 convolution, which produces a single-channel output image.
This output image is the result of the pixel-wise regression
performed by the U-Net model, i.e., a canopy height map
derived from the multi-band input image. The decoder part of
the network thus consists of 8 convolutional layers and 4 bilinear
upsampling layers, maintaining symmetry with the encoder. The
model, referred to as CHNET (Canopy Height estimation
NETwork), and its components are described in detail in
Figure 4. This figure provides a complete overview of the model’s
architecture as well as the flow of data through the network’s layers,
highlighting the encoder-decoder structure and the pixel-wise
regression approach.

2.3.2 Experimental settings
To train the CHNET model, we employed a structured training

process involving model calibration through a training/validation

FIGURE 3
Main forest landscape types (FLT) of French Guiana. Each main
class is divided into subclasses, resulting in a total of 20 FLT. NA
represents non-forested areas, which include regions affected by past
human disturbances such as logging andmining activities prior to
2015, as well as naturally non-forested areas. However, this map does
not capturemore recent disturbances and natural forest degradations.
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procedure (Ienco et al., 2017). The values of the different input
sources were scaled between 0 and 1 (using minimum-maximum
normalization) to help the model converge more quickly and
efficiently by ensuring all features contribute proportionately to
the learning process. The reference canopy height values (i.e., the
GEDI rh_95 values) were spatially separated into training,
validation, and test datasets. To do so, French Guiana was
divided into tiles of 768 × 768 pixels, with each tile covering an
area of approximately 60 km2. For model calibration, we only
considered tiles with a minimum of 500 GEDI footprints,
resulting in a total of 1,281 tiles. This dataset was allocated into
training, validation, and test sets in an 80%-10%-10% split,
corresponding to 1,024, 128, and 129 tiles, respectively. To avoid
overfitting and improve the model’s generalization to unseen data,
we employed random spatial sampling during the training process to
increase the diversity of the training samples. Specifically, from each
training tile, we extracted random subsets of 256 × 256 pixels
containing at least one GEDI shot. This sampling process
introduced variability by ensuring that each training batch
included different spatial regions of the tiles. While the model
still learns meaningful patterns, this approach prevents it from
simply memorizing specific configurations present in the training
data. Instead, this randomized extraction of image patches
encourages the model to learn more general and robust features
while reducing the likelihood of overfitting to specific data
configurations, as it exposes the network to diverse spatial
contexts and pixel-level variations. Each 256 × 256 input image
comprised normalized layers from the various data sources
described in Subsection 2.2, while the corresponding reference
image contained rasterized GEDI rh_95 values.

The CHNET model’s output was compared to these reference
heights using a robust adaptive loss function (Barron, 2017), which
computed the loss only for geospatial locations with a valid rh_95
value. This loss function is a versatile definition that generalizes the
Welsch (Dennis and Welsch, 1978), Geman-McClure (Geman and

McClure, 1985), Cauchy (Black and Anandan, 1996), pseudo-Huber
(Charbonnier et al., 1994), generalized Charbonnier (Sun et al.,
2010), and L2 loss (least squared) functions. It is advantageous due
to its capacity to adapt to varying noise levels and outliers in the data,
providing a more stable and robust training process. As it unifies
multiple common loss functions into a single formulation, it can
adapt its shape based on the data it is optimizing and therefore it can
handle a wide range of data distributions and noise levels. The loss
function is defined as:

f x, α, c( ) � α − 2| |
α

x /

c( )2
α − 2| | + 1( )

α /

2

− 1⎛⎝ ⎞⎠ (1)

x is the residual (i.e., the difference between predicted and true
values), α ∈ R is a parameter that controls the shape of the loss
function, and c> 0 is a scale parameter that sets the size of the
quadratic bowl near x � 0.

The parameters α and c in Equation 1 are learned during
training using a gradient-based optimization method. The model
automatically adapts the loss function to the data’s characteristics. In
our CHNET model training phase, the gradient of this loss was
computed with respect to each model weight, and the weights were
subsequently adjusted through loss backpropagation. To do so, we
utilized a stochastic gradient descent (SGD) optimizer (Robbins and
Monro, 1951) with a momentum of 0.9 and a cyclic learning rate
scheduler with a “triangular2” policy (Smith, 2015). The scheduler’s
base learning rate value was set to 10−5 and the maximum to 0.1, with
488 steps for a half cycle (8 times the batch size). After each epoch of
1,024 images, organized as 64 batches of 16 images, we evaluated the
loss on the validation data. The learning stage was conducted over
100 epochs, which allowed stabilizing the validation loss and
completing the training process. We used early stopping based
on validation loss to avoid overfitting during training. By
monitoring performance on the validation set, we stopped
training when the validation loss stopped improving for several

FIGURE 4
Overview of the CHNET framework. The input data consist of up to 18 layers depending on the training scenario. The output is a canopy height
map. Image width and height as well as the number of channels are presented at each step of the model.
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consecutive epochs, indicating that further training would likely lead
to overfitting to the training data.

2.3.3 Training scenarios
To understand the importance of each input data source, we

designed four training scenarios based on combinations of different
input layers and reference data. The first CHNETmodel (Scenario 1)
was trained on optical and radar data as well as all the GEDI shots
retained in the process described in Subsection 2.2. A first canopy
height map of French Guiana at 10 m resolution was produced using
this model. Following this first step, GEDI data were filtered again
using the Scenario 1 canopy height map: for rh_95 values lower than
20 m, GEDI shots that presented a difference between Scenario
1 canopy height and rh_95 greater than 10 m were discarded. The
goal of this filter was to remove low-height GEDI footprints that the
model significantly overestimated, as these likely indicate unreliable
GEDI data due to issues with vegetation signal penetration.
Similarly, for rh_95 values greater than 50 m, GEDI shots that
exhibited a difference between rh_95 and Scenario 1 canopy height
greater than 10 m were removed. The goal of this filter was to
eliminate GEDI shots that strongly overestimate height because of
noise in the waveform that is interpreted as ground return by
algorithm setting group number 5. The resulting refiltered GEDI
database (1,875,608 shots, 16% of the initial dataset) was used as
reference in Scenario 2. For the third model (Scenario 3), we
enriched the Scenario 2 configuration with the environmental
descriptors: HAND and FLT were added to the model input
data. Finally, in Scenario 4 we accounted for GEDI geolocation
uncertainty. Geolocation uncertainties in the context of GEDI refer
to inaccuracies in determining precisely the spatial locations of the
footprints on the Earth surface. The GEDI geolocation requirement
as provided in the version 2 of the data products is that each
footprint center is horizontally georeferenced to within 10 m,
assuming normally distributed geolocation errors with a 0 m
mean and a 10 m standard deviation (Dubayah et al., 2021). To
address geolocation errors in our dataset, we implemented a
controlled spatial perturbation (geo-correction) of each GEDI
footprint center, systematically shifting them within both the X
and Y directions across a radius of 10 m. Subsequently, for each
possible spatial location, the optimal corrected footprint center was
chosen based on the closest match to Scenario 3 canopy height
map. The resulting corrected GEDI database was used as reference
data for new model training in Scenario 4. Table 1 summarizes the
characteristics of each scenario. The assessment of the models’
performances was done considering the independent GEDI test

set, the ALS ground truth data, and the global canopy height map
produced by Lang et al. (2023). The bias, the root mean square error
(RMSE), and the relative RMSE (rRMSE) were chosen as
performance metrics to evaluate the accuracies of our models.

2.3.4 Canopy height map production
To produce the final canopy height map of French Guiana at a

spatial resolution of 10 m, the study site was divided into tiles of
256 × 256 pixels for the purpose of applying the trained CHNET
model to predict canopy height. Each tile was processed individually,
and the results were subsequently merged to produce the final
canopy height map. Due to the inherent nature of convolutional
layers in the U-Net architecture, CHNET tends to struggle with
accurately predicting edge values within each tile. This is because
convolutions, while effective at capturing local spatial patterns, can
introduce boundary artifacts because of padding and reduce
prediction accuracy at the edges. To solve this issue, we divided
the study area into overlapping tiles to ensure that the edges of one
tile overlap with the central region of adjacent tiles. This overlap
allows for the edge values in the final canopy height map to be
replaced by the corresponding values from the overlapping regions
of the adjacent tiles, which are predicted with higher accuracy.

3 Results

3.1 Evaluation with GEDI data

The accuracies of each training scenario are assessed against the
independent GEDI test dataset established during the data
preparation for CHNET calibration (cf. Subsection 2.3). This
dataset was not used in the model training and validation
process and was kept specifically for assessing performances.
Table 2 shows, for each training scenario, the accuracy metrics
between canopy height predictions and rh_95 values from the GEDI
test dataset.

The evaluation of canopy height estimates produced by CHNET
against the GEDI test dataset reveals notable trends across the
different scenarios. The model consistently demonstrates
improvement across Scenarios 1 to 4, reflected in decreasing bias
and RMSE values. The optimization of GEDI data used as reference
height for model training (Scenario 2) allows reaching lower errors
and relatively less biased estimates compared to the original GEDI
dataset (Scenario 1). The integration of terrain and landscape
descriptors (Scenario 3) further improves the results and exhibits
a performance gain of about 10% in terms of RMSE compared to the
model trained on optical and radar data only (Scenario 2). Notably,

TABLE 1 Training scenarios and associated data.

Scenario Input layers GEDI reference

1 S2 + S1 + ALOS • SNR >10 dB

2 S2 + S1 + ALOS • SNR >10 dB
• Refiltered

3 S2 + S1 + ALOS
HAND + FLT

• SNR >10 dB
• Refiltered

4 S2 + S1 + ALOS
HAND + FLT

• SNR >10 dB
• Refiltered
• Geo-correction

TABLE 2 Accuracy metrics of CHNET canopy height estimates vs. GEDI test
dataset.

Scenario Bias (m) RMSE (m) rRMSE

1 −2.8 8.7 13.2%

2 −1.0 7.6 11.5%

3 0.9 6.8 10.3%

4 0.7 5.7 8.6%
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Scenario 3 also shows a transition from a negative to positive bias
value, indicating a tendency to mitigate the underestimation
observed in preceding scenarios. Accounting for GEDI
geolocation uncertainty through the iterative geo-correction
process (Scenario 4) brings a significant improvement and
produces the best model in terms of accuracy, with an RMSE
value of 5.7 m and a minimal bias of 0.7 m. All things
considered, both the enhancement and the enrichment of input
data induce notable improvements in the accuracies ofCHNET, with
a global RMSE gain of about 35% between Scenarios 1 and 4.

The GEDI test set is important for evaluating the behavior of our
models on an independent dataset that was not involved in the
learning process. It allows us to assess the generalizability and the
robustness of the models. Additionally, characterizing the canopy
height map using the entire GEDI reference data, including the
training and validation datasets, is essential to evaluate the quality
and accuracy of each scenario’s final map. By using all the available
data, we can assess how the models perform across diverse
conditions and regions. To achieve this, we computed the
residuals of the models, defined as the differences between
CHNET predicted canopy heights and GEDI reference values.

In particular, one key parameter to investigate is how the models
perform across different canopy height classes, which is interesting
given the height ranges found in French Guiana. Since most canopy
heights in French Guiana forests range between 25 and 40m (60% of
the GEDI reference database), we analyzed the residuals according
to the following height classes (in m): [15, 25], [25, 30], [30, 35], [35,
40], and >40. Heights below 15 m are quite infrequent in the study
site and thus were excluded from the analysis. In the most relevant
height ranges, i.e., between 25 and 40 m, we used a finer step of 5 m
for each class. The box plot in Figure 5 illustrates the residuals
(measured in m) of CHNET estimates across the GEDI reference
height intervals for all training scenarios. The results show that for
all scenarios, the residuals generally decrease as the GEDI reference
height increases, indicating that the models tend to overestimate
lower rh_95 values on one hand, and underestimate higher rh_95
values on the other hand. Regarding the overestimation, when

reaching a reference height of up to 30 m, all scenarios still show
positive residuals. The enhancement of GEDI data implemented in
Scenario 2 and the inclusion of additional environmental descriptors
in Scenario 3 do not yield better residuals for heights below 30 m
compared to Scenario 1. Conversely, the geo-correction process
developed in Scenario 4 results in lower residuals for heights
between 15 and 30 m compared to prior scenarios, even though
Scenario 1 still exhibits a slightly better performance. Regarding
reference heights between 30 and 40 m, Scenario 4 produces
unbiased estimates while other scenarios tend to underestimate
canopy height. Overall, Scenario 1 exhibits the largest variability,
with a tendency to consistently underestimate, especially in the [35,
40] m interval. Scenarios 2 and 3 bring notable improvements but
are still outperformed by Scenario 4. Lastly, for heights greater than
40 m, all scenarios produce underestimated predictions, with
Scenario 4 demonstrating the least underestimation and Scenario
1 the most pronounced.

Landscape type is another key parameter to investigate in the
heterogeneous and diverse context of French Guiana’s forest
ecosystems. In this perspective, we analyzed the residuals
according to four main forest landscape classes: swamp,
lowland, hill, and highland. The box plot in Figure 6 displays
the residuals (measured in m) of CHNET estimates across these
four forest landscape categories for all training scenarios. The
results show that for all FLT, the residuals gradually decrease in
absolute value as we progress from Scenario 1 to Scenario 4.
Overall, Scenario 1 shows the biggest variability and consistently
underestimates canopy height across all four landscape classes.
Scenario 2 also presents a slight tendency to underestimate. A
notable observation that can be drawn from these results is that
the inclusion of HAND and FLT in model training (Scenario 3)
results in unbiased estimates per forest class. Furthermore, the
optimal approach is once again Scenario 4, which exhibits
significantly lower variability in residuals. Regarding FLT in
general, variability is typically larger in highland areas, which
are known to present greater challenges for land remote sensing
applications compared to other landscapes.

FIGURE 5
Residual analysis depending on canopy height class for all scenarios. Positive residuals indicate that predictions are greater than GEDI reference
values. The boxplot shows the median, the quartiles, as well as the 10th and 90th percentiles.
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3.2 Evaluation with independent ALS
validation data

Canopy height models derived from ALS surveys were used to
evaluate the performances of CHNET as well as to confirm the
relevance of using GEDI height metrics as reference for canopy
height. Table 3 presents, for each training scenario, the accuracy
metrics between CHNET canopy height predictions and canopy
heights retrieved from ALS data.

The evaluation of CHNET canopy height estimates against ALS
data reveals a clear progression in accuracies across the four training
scenarios. Overall, prediction models trained on GEDI data tend to
underestimate canopy height, as highlighted by the negative bias
values. Scenario 1, which is the one based on the least refined GEDI
database in our comparative study, is characterized by a significant
underestimation of canopy heights, with the strongest negative bias
value of −6.6 m. The optimization of GEDI reference data
implemented in Scenario 2 induces improvements, demonstrating
the benefit of enhanced GEDI data integration. The most substantial
improvements are observed in Scenarios 3 and 4, where the
inclusion of additional environmental descriptors and the geo-
correction process significantly improve the accuracy of canopy
height estimates. This results in a global RMSE improvement of
about 32% between Scenarios 1 and 4, along with a significant
reduction in bias. The progressive rRMSE reduction from 13.2% in
Scenario 1%–8.8% in Scenario 4 also underscores the effectiveness of
these enhancements in providing more reliable canopy height
estimates. Indeed, the geolocation correction (Scenario 4) nearly

eliminates bias between CHNET estimates and ALS ground truth
data. However, there is no notable enhancement observed in RMSE
when performing geo-correction.

Figure 7 presents the scatter plot of Scenario 4 CHNET
predictions against ALS ground truth data. Even though this
configuration is the best performing model, it still exhibits
noticeable difficulties at the edges, demonstrating a tendency to
overestimate lower heights and to underestimate higher ones.
However, it also shows robust performance within the height
range of 30–40 m, which corresponds to the predominant height
range observed in the forests of French Guiana. These findings are
consistent with our earlier analysis using GEDI data (Figure 5),
where Scenario 4 consistently provided accurate and unbiased
estimates within the [30, 35] and [35, 40] m height intervals,
while exhibiting tendencies towards overestimation at lower
heights (lower than 30 m) and underestimation at higher heights
(greater than 40 m).

FIGURE 6
Residuals analysis depending onmain forest landscape types (FLT) for all scenarios. Positive residuals indicate that predictions are greater than GEDI
reference values. The boxplot shows the median, the quartiles, as well as the 10th and 90th percentiles.

TABLE 3 Accuracy metrics of CHNET canopy height estimates vs. ALS data.

Scenario Bias (m) RMSE (m) rRMSE

1 −6.6 8.7 13.2%

2 −4.8 7.4 11.2%

3 −1.9 5.8 8.8%

4 −0.2 5.8 8.8%

FIGURE 7
Scenario 4 CHNET canopy height estimates as a function of ALS
ground truth data.
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3.3 Accuracies against global canopy
height map

To assess our estimates relative to established models, we
compared the CHNET predictions to Lang et al. high-resolution
canopy height model of the Earth (Lang et al., 2023). Table 4
summarizes the comparison between the two models across the
four different training scenarios. Overall, CHNET tends to
underestimate canopy height when compared to Lang et al.
estimates, as highlighted by the negative bias values. Enhancing
the GEDI data used as reference to train CHNET (Scenario 2)
induces a notable improvement with regards to Lang et al.
model, achieving a minimal RMSE value of 4.3 m. However,
incorporating environmental descriptors (Scenario 3) does not
bring additional benefits compared to Scenario 2. The inclusion
of HAND and FLT in our model does not lead to enhanced
performance when assessed against Lang et al. map.

These observations are further refined when using ALS
reference data to characterize both models together (Figure 8).
In general, the residuals of Lang et al. estimates are consistently
above those of CHNET, which explains the negative bias values
reported in Table 4. Notably, for both Lang et al. and CHNET, the
residuals increase as the ALS reference height decreases. Lang
et al. overestimation tendency is particularly significant in the
[15, 25] m height range. The key difference between the two
models lies in the height at which the transition from
overestimation to underestimation happens: Lang et al. tend to

overestimate heights up to 35 m, whereas CHNET produces
relatively unbiased estimates at 30 m. Conversely, for canopy
heights greater than 35 m, Lang et al. outperforms CHNET,
providing unbiased estimates in the [35, 40] m range
and exhibiting less underestimation for canopy heights
above 40 m.

In assessing the performances of Lang et al. canopy height map,
which has its own uncertainties like any model-based product, we
compared it against the same GEDI test dataset and ALS data to
understand its accuracy relative to our own map (Table 5). The
analysis reveals that Lang et al. map generally tends to overestimate
canopy heights in French Guiana, a pattern consistent with our
previous findings where our CHNETmodel typically underestimates
canopy height compared to Lang et al. estimates. When evaluated
against ALS data, Lang et al. product exhibits a slightly better RMSE
value than our CHNET framework. However, Lang et al. map also
exhibits a notably higher positive bias, confirming a tendency to
overestimate canopy height. In contrast, results from the GEDI test
dataset are more favorable to our model. Specifically, Lang et al. map
demonstrates significant error metrics, which are in line with the
geographical error analysis presented in their study on held-out
GEDI validation data.

3.4 Canopy height map

We chose to implement the Scenario 4 CHNET model to the
whole area of interest, as it yielded the best accuracies relative to
GEDI and ALS reference data. Moreover, this approach is also the
most developed as it relies on all available data and uses an

TABLE 4 Accuracymetrics ofCHNET canopy height estimates vs. Lang et al.
global canopy height model.

Scenario Bias (m) RMSE (m) rRMSE

1 −7.4 8.4 17.1%

2 −2.9 4.3 8.7%

3 −4.9 5.9 12.1%

4 −1.9 5.1 10.4%

FIGURE 8
Residual analysis depending on ALS height class for Scenario 4 CHNET and Lang et al. map. Positive residuals indicate that predictions are greater
than ALS reference values. The boxplot shows the median, the quartiles, as well as the 10th and 90th percentiles.

TABLE 5 Accuracy metrics of Lang et al. global canopy height model vs.
GEDI test dataset and ALS data.

Test data Bias (m) RMSE (m) rRMSE

GEDI 3.3 8.0 12.1%

ALS 1.0 5.6 8.5%
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optimized GEDI database for training. Figure 9 presents the results
obtained and the final canopy height map.

Despite CHNET being trained and validated on sparse reference
data (rasterized GEDI rh_95 metric), it successfully generates a
continuous canopy height map with good precision. Indeed, this
map offers a comprehensive depiction of forest structures and other
landscape features observable in the remote sensing data. It
effectively distinguishes height differences across the study area
while describing the spatial distribution and variability of canopy
heights in French Guiana.

4 Discussion

In this study, a U-Net model was assessed under different
training conditions to generate a canopy height map of French
Guiana. Each consecutive training scenario involved optimizing and
enriching the data used in the learning process. Ultimately, the
model that incorporated diverse data sources, including optical,
radar, and environmental parameters, along with a refiltered and
geolocation-corrected GEDI database, yielded the best results. This
optimized CHNET model was applied to the entire study area to
produce a high-resolution 10-mmap of canopy height across French
Guiana (Figure 9).

4.1 On the challenges of GEDI data

To train our CHNETmodel, a GEDI height metric from the L2A
product was used as direct indicator of canopy height. Using GEDI

metrics as ground truth data and considering them as a reliable
representation of canopy height is the most straightforward and the
most used approach in deep learning applications (Lang et al., 2023;
Schwartz et al., 2024; Fayad et al., 2024). Theoretically, rh_100
represents the top of the canopy cover, but other high-percentile
RH metrics are used in practical applications because they are less
sensitive to noise and contain less outliers (Li et al., 2024). We
specifically chose the rh_95 metric in accordance with a previous
study where this metric showed the best performance in the dense
tropical context of French Guiana (Lahssini et al., 2022). Other
studies have also advocated for the use of this metric (Potapov et al.,
2021; Lahssini et al., 2024; Dorado-Roda et al., 2021), although
metrics like rh_98 have also been used (Lang et al., 2023). Despite
GEDI’s unprecedented capabilities for forest structure
characterization, there are still limitations to using these data as
reference ground truth for empirical model calibration. Especially in
our study area, the ability of GEDI to accurately retrieve canopy
height in complex, tall, and dense forest structures is still uncertain.
In tropical biomes, the GEDI signal may sometimes not penetrate
enough to reach the ground, leading to incorrect height estimations
(Lahssini et al., 2022). Moreover, the uncertainties in the GEDI
footprint locations can lead to significant errors (Roy et al., 2021).
Our training scenarios in this study were specifically designed to
address and mitigate these existing challenges.

The GEDI L2A metrics are based on the L2A processing
algorithm, which utilizes six different sets of parameters for
waveform processing. Consequently, there are six possible values
for canopy height for any given footprint. We opted for the data
derived from algorithm setting group number 5, as previous
research indicated it delivered significantly better accuracy than
other groups, including the GEDI automatic algorithm selection,
and particularly in the tropical context of French Guiana (Lahssini
et al., 2022; Liu et al., 2024). Algorithm setting group number five is
defined by the lowest waveform signal end threshold compared to
other groups, which allows for better extraction of low-intensity
ground returns. However, this advantage comes with a trade-off, as
algorithm setting group number five tends to overestimate lower
heights. Low-height areas are generally not concerned by signal
penetration challenges. Due to its greater sensitivity to noise,
algorithm setting group number 5 may interpret noise below the
actual ground as information on ground elevation, leading to
overestimations of low canopy heights. This behavior is observed
in the results of our CHNET model and is consistent with similar
models in existing literature (Schneider et al., 2020; Schlund et al.,
2023). In our case, using GEDI metrics computed with the
parameters of algorithm setting group number five to calibrate
CHNET tends to produce overestimated predictions for heights
lower than 30 m. While algorithm setting group number five
offers a better detection of weak ground returns, the parameters
of this signal processing algorithm naturally lead to an
overestimation of lower heights. Alternative approaches could be
explored to mitigate this overestimation of lower heights. For
instance, Potapov et al. (2021) adopted an approach in their
global canopy height map where they averaged the middle four
values of the RH metrics across all six algorithm configurations.
Given the global scale of their study, relying on a single
configuration would not be suitable to capture the diversity of
forest structures and ecosystems accurately. Their method, used

FIGURE 9
Canopy Height Model (CHM) of French Guiana at 10-m
resolution predicted by CHNET built under the configuration of
Scenario 4.
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in their global dataset, aims to harmonize GEDI metrics across
diverse biomes by avoiding extreme values (minimum and
maximum of the six setting groups) and minimizing the biases
introduced by a single algorithm configuration. Similarly, in their
supervised machine learning approach to interpret GEDI waveforms
and regress canopy top height globally, Lang et al. (2022)
emphasized that, while algorithm setting group number
2 performed best over all continental areas, the performance of
individual algorithm setting groups changes regionally. These
findings, although obtained at global scales, suggest that local
adaptations could possibly improve the reference heights used to
train our model. Given the variety of forest landscapes across French
Guiana, future studies could consider the use of different GEDI
algorithm setting groups for different forest types. By exploiting
several algorithm settings each adapted to the specificities of distinct
areas, it might be possible to reduce the overestimation of lower
canopy heights, a known limitation of algorithm setting group
number 5, while preserving the accuracy for taller canopies.

While GEDI tends to overestimate lower canopy heights, it
conversely underestimates higher canopy heights. Even though we
are using the algorithm setting group with the lowest signal end
threshold, a phenomenon of underestimation is present for high
heights. Existing standard methods for canopy height estimation
often face challenges in accurately measuring tall canopies, with
height estimates typically saturating at approximately 25–30 m
(Potapov et al., 2021; Healey et al., 2020). In our case, the
transition appears at around 35 m. For heights greater than
35 m, our CHNET model, which is built on GEDI data, starts to
underestimate canopy height. Tall canopies are generally associated
with densely vegetated areas, which pose a significant challenge for
GEDI laser signal penetration. This issue is particularly present with
coverage beams, which are half-power beams compared to the full-
power configuration. Pulses emitted with coverage lasers generally
have more difficulties reaching the ground because of the density of
the vegetation, causing the extracted ground peak in the waveforms
to appear at a higher elevation than the actual ground level. This
discrepancy leads to an overestimation of the ground height and,
consequently, and underestimation of canopy heights. Several
studies have highlighted the link between laser energy and
vegetation penetration. For example, Fayad et al. (2022) observed
that coverage lasers exhibited significantly lower performance for
canopy height estimation compared to full-power signals such as
GEDI power beams and NASA’s Land Vegetation and Ice Sensor
(LVIS). In this context, many studies recommend using only high-
power beams for better canopy height estimates (Lahssini et al.,
2022; Liu et al., 2021; Wang et al., 2022). However, deep learning
approaches heavily rely on a sufficient amount of reference data for
training, which is why most models built on GEDI data do not filter
by beam type and use all the available footprints (Lang et al., 2023;
Schwartz et al., 2024; Potapov et al., 2021). Furthermore, full-power
beams also face challenges when penetrating dense canopies, as laser
energy is not the only parameter affecting signal penetration.
According to specifications, the GEDI instrument is capable of
measuring vertical canopy profiles in environments with up to
95% canopy cover for coverage beams and up to 98% for power
beams (Dubayah et al., 2020). All things considered, in a region like
French Guiana, GEDI inherently exhibits a tendency to
underestimate tall canopy heights in densely vegetated areas,

which in turn impacts the CHNET model estimates in the same
way. The saturation of optical and radar data also contributes to this
underestimation.

In our study, we explored various training scenarios to optimize
canopy height estimation from GEDI data, and we found that the
inclusion of geolocation correction for GEDI footprints produced
the most accurate results. GEDI geolocation uncertainty is a major
challenge that limits the benefits of the data. It is a common issue
across all remote sensing instruments due to orbital dynamics,
instrument calibration, and atmospheric disturbances (Roy et al.,
2021). Addressing these uncertainties is crucial for any GEDI-based
application and various studies proposed mitigation strategies
(Hancock et al., 2019; Shannon et al., 2024; Schleich et al., 2023;
Tang et al., 2023). The expected accuracy of the GEDI version 2 data
product is 10 m. In a previous study, we had estimated that
geolocation uncertainty might account for approximately half of
the error observed in canopy height estimates (Lahssini et al., 2024).
To address geolocation errors, we implemented an iterative spatial
perturbation of each GEDI footprint center, leveraging previously
developed models to refine footprint locations. This approach
significantly improved the accuracy of canopy height estimates
through CHNET, demonstrating the potential benefits of using
an enhanced GEDI database. Importantly, these enhancements
can be achieved in an operational context without the need for
additional validation datasets, relying solely on an iterative process
that consists in consecutive model development under diverse
training scenarios. Nonetheless, no reduction in error was
observed when comparing model performance against ALS data
before and after geo-correction (Table 3). This could be explained by
the nature of the correction applied. The geo-correction improves
the spatial accuracy of the GEDI footprints’ locations, which is
reflected in the improved performance of the model when compared
against the GEDI test set (Table 2). This is expected because we are
directly correcting GEDI information. However, ALS data is
independent and has no direct connection to the GEDI
footprints’ locations. The discrepancy between GEDI and ALS
measurements could limit the impact of the geo-correction. Since
the model was trained on GEDI data, it may still carry the biases
inherent to GEDI, and these would persist even after geo-correction
when compared to ALS reference canopy heights. In previous
training scenarios (i.e., Scenarios 1–3), we introduced new data
or removed irrelevant information, which gave the model a different
perspective on canopy height, and improvements were seen in
comparison to ALS. In Scenario 4, no new data is added or
removed (only a spatial correction is performed), and it could
explain why no improvement in error is observed when assessing
the model against ALS data.

Overall, using GEDI RH metrics as a direct and reliable proxy
for canopy height has limitations due to the characteristics of the
GEDI sensor. However, when mapping large areas using an
empirical approach like CHNET, it is essential to have enough
reference data for training. The optimal reference data would
come from in-situ measurements or high-resolution sensors such
as ALS. In our case, while we do have ALS data, it is insufficient for
training our model, because it covers a relatively small area
compared to the entire study site (less than 2%) and it is limited
to the north of French Guiana, thus lacking diversity for a robust
training set. To understand the accuracy of GEDI data and its
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relevance as reference data, we performed a comparison between
GEDI rh_95 values and the available ALS data. The results, as shown
in Figure 10, indicate that GEDI is far from being a perfect ground
truth, with an RMSE of 8.2 m and a tendency to underestimate
canopy height, with a bias of −1.6 m. A large portion of the CHNET
model’s error can therefore be attributed to GEDI’s inaccuracies. In a
previous study, Lahssini et al., 2022 demonstrated that reference
canopy height values could be improved by building models based
on RH metrics and calibrated on actual ground truth data. While
such an approach is effective at local scales, it becomes challenging at
a regional scale, such as across the entirety of French Guiana, due to
the limited availability of ALS data over the entire study site. When
studying larger study areas using GEDI data, an iterative process of
refining and enhancing the input reference data at each step proved
effective. Indeed, it allowed bringing notable improvements and
partly overcoming the challenges of working with GEDI data.

4.2 On the value of input data sources

The complementarity between optical and radar is particularly
valuable to derive canopy height, as each sensor provides specific
information. They are commonly used to characterize forest
ecosystems, and their complementarity has been leveraged in
several studies across a range of biomes, including temperate and
tropical regions (Schwartz et al., 2024; Morin et al., 2023; Fagua et al.,
2019). Optical data, such as that from S2, is generally known for its
ability to provide information related to stand composition
(Karasiak et al., 2017; Grabska et al., 2019). However, it also
offers valuable features for characterizing structural parameters of
the vegetation, especially through certain spectral bands (Lahssini
et al., 2022). In fact, the reflectance of a pixel is primarily influenced
by the characteristics of the foliage, such as its spectral properties,
quantity, and orientation, rather than trunk biomass or tree height.
However, the spatial arrangement of pixels, often referred to as
texture, gives valuable information that can be linked to structural
parameters of the forest. Deep learning techniques consider both

spectral and textural aspects. In our case, the CHNET model’s
architecture allows extracting and linking local spatial features to
canopy height. Other studies using machine learning algorithms
have demonstrated that incorporating multispectral data enhances
the accuracy of forest canopy height estimation and decreases the
uncertainty of these estimates, even for tall forests (García et al.,
2018). However, optical data can be limited by the saturation of
reflectance in tropical forests, and this saturation makes it hard to
distinguish vegetation heights above a certain level (Simard et al.,
2011). Sentinel-2 data alone are not the optimal source for
predicting forest variables that are mainly influenced by tree and
stand structure, especially canopy height.

Therefore, to build our CHNET model, we complemented these
data with other sources, particularly radar information. In this study,
we utilized two radar satellite platforms operating in different bands:
C-band for S1 and L-band for ALOS. Different polarizations of radar
data, as implemented in our CHNET model, further enhance forest
characterization. HH and VV polarizations are generally associated
with surface scattering and can be useful for assessing forest density
and structure (Wijaya et al., 2015). Cross-polarizations like HV and
VH are more sensitive to volume scattering, which can help describe
canopy structure (Ulaby et al., 1990). In the future, the European
Space Agency (ESA) planned BIOMASS mission, which is
specifically designed for forest structure and biomass estimation,
will collect P-band SAR data and provide global estimates of forest
biomass and height (Quegan et al., 2019). P-band SAR has a
significantly longer wavelength compared to C-band or L-band
systems, which allows penetrating dense canopies more
effectively. Indeed, longer wavelengths are less affected by canopy
scattering and absorption, allowing for greater penetration into the
canopy (Khati et al., 2018). Moreover, even L-band radar signals are
known to encounter difficulties penetrating canopies when biomass
levels are beyond 150 Mg/ha (Mermoz et al., 2015), a common
scenario in French Guiana. Specifically for the BIOMASS mission,
dual-polarization and interferometric capabilities will also bring a
valuable opportunity for better discrimination of different types of
vegetation and terrain, making it an ideal complement to GEDI data.

In our study, we observed that enriching the remote sensing
input data with environmental descriptors HAND and FLT induced
a significant enhancement in the canopy height estimates produced
by CHNET. Environmental parameters generally impact both the
studied environment and the data collected by the sensors acquiring
measurements over that environment. Specifically, hydrological and
geomorphological descriptors like HAND and FLT are directly
related to forest state, structure, and dynamics. They provide
valuable contextual information that complements optical and
radar data. HAND gives contextual information about a pixel’s
vertical proximity to the river within its watershed. Such
information can relate to water table depth, access to water
sources through aboveground or belowground drainage flows,
and variations in vegetation species along drainage transects. For
example, Schietti et al. (2014) identified a link between HAND and
floristic composition changes in the Amazon. HAND captures the
elevation relative to drainage networks, which influences water
availability and soil moisture, critical factors affecting in turn
vegetation growth, canopy height, and AGB. Indeed, some
studies have established a link between HAND and forest
structural parameters. For example, the link between HAND and

FIGURE 10
GEDI rh_95 (Scenario 3) as a function of ALS ground truth data.
We used the Scenario 3 GEDI reference data to highlight the actual
relationship between GEDI data as they are provided and ALS.
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biomass in Eucalyptus clonal plantations in Brazil indicates that the
functioning and the dynamics of a same species can be very different
over a gradient of vertical distance from the river (Stape and Alvares,
2023). In a region like French Guiana, characterized by complex and
highly developed water networks as well as a rich variety of species,
hydrological configuration therefore strongly impacts forest
structure. Incorporating HAND into our CHNET model provides
unique and specific information on canopy height that is not
available from the other data sources we used, which explains the
observed improvements in model performance.

Similarly, FLT categorizes forest types based on their landscape
characteristics These characteristics include soil type, geological and
geomorphological factors, terrain elevation, and vegetation types.
This categorization provides key insights into the structural diversity
of French Guiana’s forest ecosystems, and those factors ultimately
impact the spatial arrangements of canopy height. Integrating FLT
data into the inputs of CHNET helps the model gain a more detailed
understanding of how different forest landscape types exhibit
distinct canopy height profiles. In their study on canopy height
estimation from multi-source remote sensing data using a Random
Forest model, Jin et al. (2018) noted that models trained on given
locations or vegetation types were not transferable to other settings.
However, they also found that training their algorithm with data
from diverse sites and vegetation types enabled the development of a
universal model capable of accurately predicting canopy height
across various locations and vegetation types. Our results also
underline the importance of including environmental descriptors
when implementing and applying a model to extensive areas
characterized by diverse ecological conditions. HAND and FLT
contain environmental information that is directly linked to
ecological processes influencing canopy dynamics, and the
CHNET model effectively incorporates this information alongside
optical and radar inputs to identify complex relationships between
environmental descriptors and canopy height. It is important to note
that the FLT map utilized in this study was produced in 2015 by
ONF and incorporates data on human activities to map non-
forested areas, as reflected in the NA class in Figure 3. This
includes areas affected by human disturbances up to 2015, such
as urbanization and historical logging or mining. However, more
recent disturbances, such as illegal logging and mining activities
after 2015, or natural forest degradation, are not represented. While
this limitation could affect canopy height predictions by potentially
underestimating the impact of human activities, the conclusions of
our study remain robust. Nonetheless, accounting for these
disturbances could further refine the input data used by the
CHNET model. The Joint Research Center’s (JRC) Tropical
Moist Forest (TMF) dataset (Vancutsem et al., 2021), which
provides detailed records of forest cover and land use changes in
tropical regions, could be a useful resource in this regard. It has been
successfully used in other studies to focus on undisturbed forested
areas and facilitate consistent comparisons across datasets from
different periods (Lahssini et al., 2024). Even if all data sources used
in this study were obtained from relatively contemporary
acquisitions, the inclusion of ancillary information about forest
cover changes could still allow for an interesting refinement of
the input data, by filtering out even more disturbed or non-forested
areas beyond what the FLT’s NA class shows (Figure 3). Using this
additional information, the CHNET model would gain a more

accurate understanding of land use and forest type during its
training process, which would potentially lead to better accuracy
in canopy height estimations.

While the CHNET model does not allow for traditional feature
importance analysis (as is possible in machine learning models like
Random Forest), we assessed the contribution of environmental
predictors by comparing models trained with and without these
inputs. The observed improvement in canopy height predictions
suggests that HAND and FLT are indeed informative because of
their strong correlation with forest structural properties, which has
been noted in previous studies (Rennó et al., 2008; Fayad et al.,
2016). Although HAND and FLT were effective in this study, other
candidate variables could also be explored to further improve the
CHNET model’s canopy height estimates. Yang et al., 2016 found
that climate and soil factors, such as water stress, precipitation, and
soil fertility, can be significant in explaining canopy height variations
at large scales. They suggested that soil and climate jointly explain a
quite significant portion (about 30%) of height variability in tropical
forests. Fayad et al. (2016) also highlighted the importance of
environmental variables like topography, geological features, and
rainfall data in mapping forest biomass in French Guiana, which
correlates with forest structure and canopy height. Their study
emphasized that variables capturing terrain and hydrological
conditions, similar to the information given by the HAND
variable, are key to explaining AGB distribution. However, it is
also important to consider that not all abiotic variables will always
improve model performance. For example, while Yang et al., 2016
noted that soil and climate variables can explain large-scale height
variations, theymight not be as directly useful for small-scale canopy
height predictions, because local terrain and forest characteristics
often dominate at such scales. Therefore, the inclusion of these
variables was not prioritized in our study due to the specific
ecological and geographical context of French Guiana, where
HAND and FLT were expected to play a dominant role in forest
structure variability. Future work could nonetheless explore
incorporating other candidate variables, such as soil properties or
climatic factors, to test whether they could add further predictive
power, particularly in regions with distinct ecological characteristics.
While these additional variables might be informative, they should
be chosen carefully based on their relevance to canopy structure and
the specific scale of the study.

4.3 On the relevance of the U-Net
architecture

When dealing with heterogeneous data sources and sparse
reference data, the U-Net architecture represents a particularly
robust approach. It is well-suited for tasks involving complex
data integration and spatial feature extraction due to its structure
that combines a contracting path to capture context and an
expanding path to enable precise localization (Ronneberger et al.,
2015). Previous research has indeed shown that performance
decreases significantly, especially for tall canopies, when models
are unable to learn spatial features (Lang et al., 2019). The CHNET
model’s capacity to derive and analyze features from diverse inputs,
i.e., optical and radar remote sensing data alongside environmental
descriptors, is a key advantage that we leveraged in this study to
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produce our final canopy height map. Remote sensing data
inherently contains both spectral and spatial features, and the
U-Net architecture is designed to efficiently extract and interpret
these multi-dimensional features. The convolutional layers in U-Net
neural networks are great at capturing both spectral variations and
spatial patterns directly from the raw data, thus removing the need
for preliminary feature engineering like computing vegetation
indices or other spectral indicators. In their canopy height model
of the Earth produced with an ensemble of FCNs, Lang et al., 2023
noted that while there is a good correlation between the Normalized
Difference Vegetation Index (NDVI) and the estimated canopy
height, the relationship learned by the model between the
S2 image features and canopy height is much more complex and
cannot be fully described by a straightforward index like NDVI.
Therefore, the direct utilization of raw spectral bands ensures that
the model can exploit the full richness of the input data.

Furthermore, the U-Net architecture is advantageous when
reference data are sparse, which is the case of GEDI
measurements. This capability is of paramount importance
when mapping canopy height over a large region such as
French Guiana, where the only reference data available in
sufficient quantity for model training consists of GEDI
measurements that are sparsely and unevenly distributed
(Figure 1). The model’s ability to generalize from sparse
reference points ensures that predictions are spatially
consistent across the entire study area. This characteristic was
particularly beneficial when training our CHNET model on
sparse reference GEDI data and when applying it to produce
our final canopy height map. Moreover, given the complexity of
the factors impacting canopy height, we chose to build our
CHNET model using multiple complementary data sources
through a data fusion approach. Indeed, hydrological and
geomorphological descriptors related to forest growth have
demonstrated their ability to provide supplementary
information not found in classical remote sensing data. The
strategy for integrating and combining all this information
together is important for maximizing its value. Some
approaches process each data source separately using
dedicated encoders before performing data fusion (Chen et al.,
2024). In our study, the convolutional approach in the CHNET
framework preserves the spatial hierarchies and relationships
within the data, which is crucial for accurately mapping a variable
like canopy height that varies continuously across landscapes
(Lang et al., 2019). Convolutional filters allow linking multi-
dimensional features with the target variable. All things
considered, the U-Net model’s ability to integrate multi-source
data, to identify relevant spectral and spatial features without the
need for pre-computed indicators, and to perform robustly with
sparse reference data makes it a relevant choice for producing a
high-resolution canopy height map of French Guiana in the
conditions described in this study. While more recent
segmentation architectures like Transformer-based models
(Fayad et al., 2024; Tolan et al., 2024) or attention-enhanced
networks (Zhao et al., 2024) have shown success in forest canopy
height retrieval, the U-Net’s well-established performance and
efficiency in handling multimodal data, combined with its
relatively lightweight architecture, made it the more practical
choice for the scale and resolution of this study. Newer

architectures might offer enhanced feature extraction, but
they also often come with increased computational and
memory requirements. Hence, the choice of U-Net allowed
us to reach a balance between computational efficiency and
model performance. Moreover, the study’s significant
conclusions are about the data themselves, as we achieved
clear and consistent improvements in our canopy height
predictions with U-Net. In the end, our findings highlight
that, regardless of the architecture employed, the quality and
integration of the data are important factors in producing
accurate canopy height estimates.

5 Conclusion

This study presents an operational deep learning application
that leverages multi-source satellite data and ancillary
environmental information, all of which are freely available to
users on a global scale. We demonstrate the potential of a U-Net
architecture trained on sparse and unevenly distributed data to
generate a continuous map of canopy height at a regional scale. Our
assessment reveals that GEDI can be effectively used to generate
canopy height products, particularly when integrated with other
data sources into a deep learning estimation model.

Our CHNET framework successfully produced a canopy
height map of French Guiana at a 10-m spatial resolution with
relatively good accuracy. Notably, we observe that it is essential to
account for GEDI inaccuracies as well as geolocation
uncertainties, and this consideration should be integrated into
any GEDI-based application. The iterative geolocation correction
approach presented in this study is novel in that, unlike many
existing correction methods that rely on external datasets (for
example, airborne LiDAR point clouds) and calibration
procedures, it is highly operational and does not require
additional data to be performed. Given its efficiency and
simplicity, this approach could be explored for use in other
regions, both tropical and non-tropical, to enhance the
accuracy of GEDI-based applications. Moreover, considering
ancillary data that provides complementary insights into the
structural dynamics of the canopy, which classical remote
sensing data cannot fully reveal, has proven to be of
significant interest. Incorporating relevant environmental
descriptors closely linked to forest growth contributes
significantly to the model’s accuracy, as our deep learning
framework CHNET was able to leverage these complex
relationships to improve estimates. The integration method of
multimodal data is crucial for fully exploiting the diverse and
multi-level information contained in the different input layers,
especially given the specificities of GEDI reference data.

Despite these advancements, challenges remain, particularly in
accurately assessing tall canopies with GEDI data. Addressing these
challenges is critical in tropical forest studies. For instance, improved
GEDI-derived reference canopy height values could be obtained by
applying linear or nonlinear models based on GEDI RHmetrics and
calibrated on actual ground data, such as ALS, provided that there is
a sufficient amount of data available to build these models. Future
improvements in the characterization of dense canopy structures are
essential for better understanding tropical forest ecosystems and the
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Earth’s carbon cycle, with a need for both enhanced data quality and
improved methodologies.
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