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Accurate maps of canopy height (CH) and aboveground biomass (AGB) are
needed for monitoring forests over large regions. Producing such data is
particularly challenging over the complex, diverse and dense humid tropical
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forests of Africa where signal saturation observed from optical and radar satellites
and complex responses in LiDAR data require advanced mapping techniques to
capture high biomass and tall height values. Here, we trained a deep learning
(U-Net) model to generate the first annual maps (2019-2022) of top CH at 10 m
resolution over the African dense forest region, using Sentinel-1/-2 images trained
on LiDAR-derived height data from the Global Ecosystem Dynamics Investigation
mission (GEDI). To predict AGB from CH on a 30-m grid, we calibrated allometric
models combining AGB data from field inventories, CH from our map, and wood
density from a new high-resolution (1 km) map. The CH map has a mean absolute
error (MAE) of 454 m and an underestimation bias of 1.54 m compared to
independent airborne LiDAR data (5.93 m and 1.40 m compared to independent
GEDI data). Evaluation of the AGB map against independent measurements from
field sites suggests an improved accuracy (MAE = 79.65 Mg/ha, bias = 6.47 Mg/ha)
compared to recent datasets such as ESA-CCI, NCEO, and GEDI L4B. Our map also
captures the large-scale spatial gradients of AGB across African dense forests, as
observed in a comprehensive dataset of forest concession measurements
aggregated at a 1-km scale. Interpretable machine learning was used to assess
the contribution of ancillary variables (e.g., climate, soil, forest type) to biomass
prediction. While some variables were relevant, their inclusion failed to improve
AGB estimates in high and low biomass extremes and introduced spatial artifacts,
limiting their utility for consistent annual mapping. Together, our annual CH and
AGB maps offer an open, scalable tool for monitoring forest disturbances and
interannual biomass dynamics. Future work will focus on refining biomass—height

relationships to further improve AGB estimation.

KEYWORDS

forest height, aboveground biomass, African dense forests, GEDI, Sentinel-2, Sentinel-1,
deep learning, allometric relations

1 Introduction

Accurate mapping of forest canopy height (CH) and above-
ground biomass (AGB) is fundamental for quantifying carbon
stocks and assessing the impacts of disturbances in tropical
ecosystems (Chave et al, 2014; Duncanson et al., 2022; Réjou-
Meéchain et al., 2019). However, obtaining consistent and high-
resolution estimates remains challenging due to limited field
measurements, the spatial heterogeneity of forests, and persistent
cloud cover in tropical regions (Bossy et al., 2025). These challenges
are particularly acute in Africa, where data availability has long
lagged behind other tropical forest regions. The African dense forest
biome, which contains approximately 10% of global forest carbon
stocks (Pan et al, 2024; Xu et al, 2021), plays a vital role in
maintaining the global ecological balance by supporting
biodiversity and regulating the water cycle (Fan et al, 2019
Raven et al, 2020). Despite its importance, this biome has
undergone widespread deforestation and degradation over recent
decades (Hansen et al., 2013; Curtis et al., 2018; Vancutsem et al.,
2021), and estimates of its carbon balance remain highly divergent
(Ciais et al., 2011; Valentini et al., 2014; Zhao et al., 2024). Resolving
these discrepancies requires spatially explicit and temporally
consistent monitoring of CH and AGB. In particular, such
monitoring is crucial for detecting carbon emissions from
processes like selective logging, slash-and-burn agriculture, and
peat swamp forest degradation (Crezee et al, 2022; Zhao
et al.,, 2024).

CH and AGB measurements rely on field inventories measuring
individual trees, and airborne and terrestrial Light Detection and
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Ranging (LiDAR) covering small areas (Nelson et al., 1997; Wang
et al., 2019). National Forest Inventories (NFI) and research plots
(e.g., AFRITRON [https://afritron.org/]) have provided invaluable
insights but upscaling these data to countries or regions is a
particular challenge (Fassnacht et al., 2024; McRoberts et al,
2024). Furthermore, field measurements of CH and AGB come
from different plot sizes and use different sampling methods (Ré¢jou-
Méchain et al, 2019). Airborne LiDAR (ALS) data, although
effective for estimating CH and AGB over larger areas than field
inventories, cannot be frequently updated due to high acquisition
costs and practical constraints such as restricted flight schedules,
unfavorable weather, and challenging topography (Xu et al., 2017;
Rodda et al., 2024; Sagang et al., 2024). Today, major gaps remain in
the availability of tropical African forests CH and AGB ground data,
despite considerable efforts to improve field data collection.
Advances in satellite remote sensing improve the prospects for
forest CH and AGB monitoring. Spaceborne LiDAR systems, such
as the Geoscience Laser Altimeter System (GLAS) aboard the Ice,
Cloud, and land Elevation Satellite (ICESat) platform, have
facilitated the development of forest CH data by using MODIS
products and various ancillary variables (Simard et al., 2011; Tao
et al,, 2016; Wang et al,, 2016). GEDI L2A data (Dubayah et al,,
2020a) providing better CH than ICESat (Neuenschwander and
Pitts, 2019) over dense forests, with a potential for retrieving AGB
(Liu et al,, 2021; Zhu et al., 2022). Additionally, Landsat satellite
imagery has been applied to fill gaps in the spatial coverage of sparse
GEDI samples by Potapov et al. (2021) to generate the first global 30-
m CH map. The availability of Sentinel-2 at a 10-m resolution and
the synergistic use of Sentinel-1/-2 have enhanced the accuracy of
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CH mapping (Lang et al., 2023; Schwartz et al., 2023; Fayad et al,,
2024; Pauls et al., 2024; Schwartz et al., 2024) by leveraging cloud-
penetrating synthetic aperture radar (SAR) data and frequent optical
observations, thereby reducing data gaps caused by persistent cloud
cover and improving the characterization of canopy structure. Yet, a
previous application of this approach by Pauls et al. (2024) showed a
large underestimation of CH in dense tropical forests.

Data coverage, detail, and accuracy for CH and AGB retrieval
remain challenging for monitoring African dense forests (Ploton
etal.,, 2020), due to several factors. (1) Lack of robust high-resolution
CH models: Effective prediction of CH in dense forests is hindered
by the scarcity of reliable, high-quality, remotely-sensed training
datasets, particularly in areas with tall and dense canopies. CH
models based solely on optical imagery such as Sentinel-2 and
Landsat may be influenced by saturation effects, leading to
uncertainties and underestimations of tall forest heights
(Pourshamsi et al., 2021; Lang et al, 2023). (2) Complexity of
CH-AGB allometry relationships at the scale at which AGB is
predicted from remote sensing methods (typical pixels of
30-100 m): CH-AGB allometric relationships vary across forest
types
environmental conditions, which requires extensive field data to

and structures, and reflect disturbance history and
calibrate robust models. In addition, matching AGB values with
satellite-derived CH is challenging when the measurements are
taken several years apart, because trees may grow, die, or be
disturbed during that time. This temporal mismatch has been
partly overlooked in previous studies (Duncanson et al, 2019).
and CH is
influenced by covariates such as canopy cover, soil properties

Furthermore, the relationship between AGB
and climate, which are only available at coarse spatial resolution
and are less reliable in dense African forests (Fassnacht et al., 2021;
Jha et al., 2021; Liang et al.,, 2023; Sagang et al., 2024). Additionally,
while global and regional AGB maps are available (see details in
Section 2.4.3), their spatial resolution (100 m-1 km) is too coarse to
capture small-scale heterogeneity (e.g., local disturbances), and most
provide estimates for only a single reference year. However,
understanding forest dynamics and degradation processes in
tropical regions requires temporally consistent and spatially
detailed monitoring. Most existing CH and AGB products do not
offer such annual continuity.

To address these gaps, we present a scalable approach for
producing annual 10-m CH and 30-m AGB maps over African
dense forests from 2019 to 2022. Our model, trained on multi-year
GEDI LiDAR and Sentinel-1/-2 data, incorporates consistent pre-
processing, strict quality filtering, and year-specific inference to ensure
temporal consistency and spatial generalization. The resulting
products enable the tracking of forest structure dynamics, offering
an operational solution for fine-scale carbon monitoring and forest
disturbance assessment across the region. The objectives of this study
are: (1) to develop a robust deep learning framework for annual CH
mapping over dense tropical African forests, mainly lowland forests,
incorporating a strict sample selection in the training datasets; (2) to
perform multi-scale validations of annual CH maps using independent
GEDI data, ALS data, and field inventories; (3) to build new regional
allometric CH-AGB models trained using a large collection of field-
measured AGB data and validated against independent field data; (4)
to produce annual AGB maps in African dense forests and compare
the performance with various published biomass product; and (5) to
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explore the potential of detecting interannual changes in CH and AGB
using the generated annual maps. Our CH dataset at 10 m and AGB
dataset at 30 m resolution is called ‘FORest Multiple Source for Africa”
(FORMS-Africa V1) and covers the period 2019-2022. We generated
the AGB map at 30 m resolution, rather than the 10 m resolution used
for CH, to match the scale of most field plots (=30 m) and the typical
crown size of large tropical trees (~20 m), thereby minimizing
uncertainty between ground measurements and satellite data
(Duncanson et al, 2025). Note that our current study focuses
specifically on African dense forests, which are predominantly
lowland; approximately 93% of the area lies below 800 m elevation.
In future updates, coverage will be expanded to include additional
forest types, including montane forests.

2 Materials and methods
2.1 Satellite data sources

The deep learning model proposed in this study for CH
estimation uses Sentinel-1 SAR, Sentinel-2 L2A and GEDI
RH100 data in African dense forests. Sentinel-2 imagery provides
multispectral information related to forest canopy structure but is
highly susceptible to cloud cover, particularly in tropical forests. In
complement, Sentinel-1 offers robust Synthetic Aperture Radar
(SAR) data that is not dependent on daylight and less affected by
weather conditions than multispectral images except in presence of
large raindrops in convective clouds, and can capture forest growth
dynamics (Ygorra et al,, 2021). The GEDI RH100 data were used as
target CH data for model training, based on the GEDI L2A
RH100 products (V002) (Dubayah et al, 2020b). RH100 was
selected as a proxy for the dominant canopy height (top height)
within the 25-m GEDI footprint, consistent with its intended
biophysical interpretation (Qi and Dubayah, 2016). In dense
tropical forests, where tall emergent trees are common,
RH100 better captures the full vertical extent of the canopy
structure. While RH95 or RH98 may reduce sensitivity to
waveform noise, they tend to systematically underestimate
maximum CH, particularly in forests with complex vertical
stratification when compared with ALS data (Potapov et al., 2021;
Lang et al., 2023). Moreover, RH100 has been adopted in recent
large-scale CH mapping efforts (e.g., Pauls et al,, 2024; Zhu et al,,
2022), providing consistency and comparability with prior studies.
The uncertainty in RH100 has also been significantly reduced in the
second release of GEDI data (R02) (Tang et al., 2023). To further
mitigate noise, we applied an additional quality filtering procedure to
the RH100 observations prior to model training (Section 2.2.2).

Sentinel-1 SAR data were downloaded via the public bucket
(https://registry.opendata.aws/sentinel-1/). We utilized Sentinel-1
Level-1 Ground Range Detected (GRD) products acquired in
Interferometric Wide (IW) swath mode at a 10-m resolution
(https://docs.sentinel-hub.com/api/latest/data/sentinel-1-grd/)
(Torres et al., 2012), and obtained images for each localization at
nearly the same time, regardless of weather conditions or daylight.
The Sentinel-1 constellation includes two satellites, SIA and S1B,
but S1B terminated in January 2022, bringing a gap of coverage in
the south-eastern region of the Central African Republic. In this

study, we used only the VH polarization band from Sentinel-1
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imagery to minimize feature redundancy and computational
complexity. This choice is supported by previous research
(Silveira et al., 2023; Schwartz et al., 2024), which demonstrated
that VH is more sensitive than VV to forest structural parameters
such as CH, diameter at breast height, and wood volume, especially
in tall forests where the V'V signal tends to saturate. Our results also
confirmed that VH exhibits stronger sensitivity to CH changes than
VV (Supplementary Figure S1), supporting its use as the main
backscatter input.

Sentinel-2 L2A data were generated from Sentinel-2A/-2B after
atmospheric correction using the Sen2Cor algorithm. To reduce
input data dimensions, we selected all 10-m resolution wavebands,
including three visible wavebands (B02, B03, B04) and a near-
infrared (NIR) waveband (B08). Additionally, we included the
20-m shortwave infrared band (B1l, SWIR 1), resampled to
10 m using bilinear interpolation, due to its capacity to capture
water absorption features and its higher sensitivity to vegetation
structure compared to another shortwave infrared band (B12, SWIR
2) (Wan et al., 2024). This characteristic makes the B11 band
valuable for monitoring forest height and biomass (Astola et al.,
2019; Fassnacht et al., 2021). Thus, a total of six bands were used for
model training and prediction.

2.2 Pre-processing of sentinel-1/-2 and
GEDI data

2.2.1 Sentinel-1/-2 data pre-processing

To retain high-quality Sentinel-1/-2 data, within each tile of size
20 x 20 km, firstly, we processed Sentinel-1 GRD products using
radiometric terrain calibration (Small, 2011), orthorectification, and
border noise removal. Secondly, we generated a temporal stack of
Sentinel-1 imagery by selecting the 10 images captured during the
main dry season (June to October) with the lowest mean backscatter,
aiming to reduce the influence of residual rainfall or surface moisture.
This selection improves the signal-to-noise ratio and enhances the
contrast between vegetation and bare soil, ensuring more consistent
and dry-condition observations for analysis. This approach also helps
ensure temporal consistency across years when constructing multi-
year composites. Thirdly, we calculated the temporal mean of the
stack to reduce radar noise and scaled the resulting mean composite
values between 0 and 1. The Sentinel-2 L2A data were filtered by
selecting only images acquired during the driest months of the year,
each tile being cropped to align with the grid of Sentinel-2 raw
products. We utilized the cloud mask provided by the European Space
Agency (ESA) to select the three least cloudy Sentinel-2 images. For
products with identical cloud cover, we prioritized those with the
lowest mean water vapor content, using the water vapor content sub-
product delivered by ESA. This step effectively minimizes impacts
from ‘heavy atmospheres’ with opaque clouds, cirrus, and haze.
Finally, Sentinel-2 images were normalized to a range of
0-1 across all spectral bands.

2.2.2 GEDI data pre-processing and collocation
with sentinel pixels

To match GEDI and Sentinel-1/-2 data, we processed GEDI L2A
footprints from 2019 to 2022 by applying a series of quality control
criteria (Dubayah et al., 2020b). Specifically, we retained footprints
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with a quality_flag of 1 to exclude invalid waveforms, and applied
num_detectedmodes >0 to remove noisy returns lacking canopy
signal. For model fine-tuning, we applied stricter spatiotemporal
filtering: only full-power beams (fullpower_beam = 1) were used,
and footprints were limited to those acquired within +6 months of
the corresponding Sentinel-1/-2 image dates to improve temporal
consistency. Full details of the two-phase training strategy are
provided in Section 2.3.3. GEDI RH100 values were rasterized by
assigning each footprint to the 10 m Sentinel-1/2 pixel that contains
its center, following a center-based collocation approach
recommended by Schwartz et al. (2024). Despite the mismatch
between GEDI’s 25 m footprint and the 10 m Sentinel pixel size,

this method yields better results than using a 20 m resolution match.

2.3 Model framework for canopy height and
biomass estimation

The framework for CH and AGB estimation and validation, is
presented in Figure 1. Firstly, we developed a deep learning model
framework for mapping CH at 10 m resolution, and compared the
results with existing global CH products and reference datasets. In
order to improve the accuracy of CH retrieval, we designed a
rigorous sample selection strategy (Section 2.3.2), using Sentinel-
1/-2 as model inputs and quality-filtered GEDI RH100 as the target
variable. This strategy aims to reduce saturation effects in tall forests
and the ubiquitous presence of clouds in the study region. Secondly,
we produced an ensemble of five AGB maps from the CH map
(AGB1-5, Section 2.4.3) based on different CH-AGB allometric
models using parametric equations, parametric equations combined
with machine learning, and pure machine learning models. These
allometric models are calibrated using field inventory AGB and
modelled CH, wood density (WD), and ancillary data as covariates
(Section 2.4.3). Finally, we evaluated the AGB maps using
independent inventories from many forest concessions in Central
Africa aggregated at 1 km scale (Ploton et al., 2020). Regrowth and
degradation that happened between the date of those inventories
and the recent years of our AGB retrieval are used to interpret the
differences between inventories and our maps.

2.3.1 Canopy height model

The U-Net model architecture (Ronneberger et al., 2015), a fully
convolutional neural network (CNN), was used to perform a pixel-
wise regression of GEDI RH100 from Sentinel-1/-2 images. We
chose a U-Net architecture because it is well-suited for dense
prediction, offering improved speed and accuracy over previous
models while requiring fewer training examples (Ronneberger et al.,
2015). The encoder-decoder architecture of the U-Net, combined
with skip connections, allows the model to effectively capture both
broad spatial context and fine-grained local details, which is essential
for accurately predicting sub-pixel forest structure from high-
resolution satellite imagery (Schwartz et al., 2024; Wagner et al,,
2025). In previous work, we explored advanced architectures such as
Transformers for high-resolution CH mapping over small regions
(Fayad et al., 2024; Fogel et al., 2025). While these models achieved
they
computational demands. In contrast, the U-Net is substantially

strong performance, involve greater complexity and

simpler yet delivered comparable performance in our experiments.
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Framework for canopy height (CH) and aboveground biomass (AGB) estimation. The primary steps include reference data collection, satellite data
download and processing, CH model training and validation, and AGB model development and validation. Based on modeled CH, a global wood density
map, and various ancillary data, we produced five AGB maps (AGB1-5) using parametric allometric, hybrid, and machine learning approaches.

To train the U-Net model (Supplementary Figure S2), Sentinel-
1/-2 images were used as model inputs, while GEDI RH100 served as
training labels, available only for specific locations and dates. Each
training sample comprised 6 bands (1 Sentinel-1 and 5 Sentinel-2)
extracted over a 256 x 256 pixel image patch. The U-Net model
processes images through multiple layers, progressively extracting
more complex features at each stage. Once trained, the model was
used to generate annual CH maps at a 10-meter resolution across the
entire dense forest region of Africa. A detailed description of the
training datasets and model training process is provided in Sections
2.3.2 and 2.3.3. Although previous studies, such as Lang et al. (2023),
demonstrated the potential of deep learning for CH mapping using
GEDI data, their use of deep convolutional neural networks differed
from classical encoder-decoder architectures such as U-Net, which
we adopt for their strength in preserving spatial detail. Importantly,
accurate CH mapping remains an open challenge. Recent models,
including the product by Lang et al. (2023), still show notable
limitations in performance, as demonstrated in comparative
evaluations (Moudry et al, 2024). In our study, we adopt a
U-Net-based architecture and tailor it to address the specific
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challenges of annual CH monitoring, which remain insufficiently
explored in existing literature. We introduce three key innovations:
(1) incorporating Sentinel-1 SAR data to reduce cloud-related gaps
and potentially alleviate saturation in CH estimates, whereas Lang
et al. (2023) only used Sentinel-2 data; (2) using a minimal and
consistent set of six input bands to ensure transferability across years
and regions; and (3) training year-specific models to produce
temporally consistent annual CH maps across the dense forests of
Africa. To evaluate the contribution of Sentinel-1, we conducted a
regional comparison in Gabon using the same U-Net architecture,
trained once with and once without Sentinel-1 input. The results
(Supplementary Figures S3, S4) show that incorporating Sentinel-1
improves spatial detail and reduces saturation effects in tall forest
areas compared to the S2-only model. This suggests that radar-
derived contextual information may help the model better reproduce
CH patterns from Sentinel-2 imagery. However, we acknowledge
that the overall improvement compared to Lang et al. (2023) may also
result from differences in model framework, not just the inclusion of
Sentinel-1 data. A broader-scale quantitative assessment of Sentinel-
I’s contribution remains an important direction for future work.
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FIGURE 2

Number (a) and spatial distribution of the number of GEDI footprints within the tiles of 20 X 20 km (points with varying colors). (b) of GEDI footprints
used for model training (red), validation (blue), and testing (green). The tree cover map was derived from the Global Forest Change dataset developed by

Hansen et al. (2013) and aggregated to a resolution of 0.25°.

These adaptations enable scalable, time-resolved, and cloud-resilient
monitoring for annual CH mapping, and have already supported the
generation of 30 m resolution operational annual forest biomass
products, which had not been achieved in previous studies (Potapov
et al, 2021; Lang et al., 2023).

2.3.2 Construction of training datasets

The U-Net model was trained on Sentinel-1/-2 and GEDI data
from 600 largely non-overlapping 20 x 20 km tiles covering the
African dense forest region (Figure 2). The tiles were evenly
distributed across the study area and selected to maximize the
number of GEDI orbits within each tile. For each tile and year, we
selected the three least cloudy Sentinel-2 images. When sampling the
batch, we randomly selected Sentinel-2 images for the forward pass
during training and performed inferences with at least 3 Sentinel-2
images of the year and calculated their temporal median to produce
the final CH map. The final training dataset used during the fine-
tuning phase (Section 2.3.3) comprises 8.5 million GEDI footprints
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after applying quality filters. In our study region, more than 80% of
available GEDI shots were excluded due to stricter quality criteria,
primarily because of cloud contamination, geolocation errors, and low
waveform quality. These issues are particularly frequent in tropical
forests with dense vegetation. The number of selected GEDI footprints
is shown in Figure 2a. To ensure spatial independence between
training and evaluation, we randomly assigned entire tiles to one
of three mutually exclusive subsets: 480 tiles (80%) for training, 60 tiles
(10%) for validation, and 60 tiles (10%) for testing (Figure 2b). While a
small degree of edge overlap exists between some neighboring tiles,
this  tile-based  partitioning  substantially = reduces  spatial
autocorrelation and prevents direct pixel-level leakage between
subsets. To increase sample diversity and reduce overfitting, we
applied data augmentation through (1) random 256 x 256 crops
from the 600 tiles, (2) random horizontal and vertical flips and +90°
rotations, and (3) random selection of the acquisition year
(2019-2022) for each tile during each training epoch, ensuring
temporal diversity.
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2.3.3 Model training and prediction

We iteratively optimized the U-Net model’s loss function by
minimizing the difference between estimated and GEDI observed
height data. Unlike conventional regression losses such as mean
absolute error (MAE) or mean squared error (MSE), we chose to
use a weighted version of the MAE, inspired by Lang et al. (2023),
in order to balance the weight of each height class and more properly
handle the tails of the height distributions (low and high trees). To do so,
for each zone, the number of GEDI footprints for each 1-meter height
bin was computed, and their corresponding weight is the square root of
the inverse of their relative frequency. During training, tiles were
randomly drawn according to their weights so that tiles with larger
weights were drawn more often. Each training batch consisted of
20 input images of size 256 x 256 pixels, incorporating pre-processed
Sentinel-1/-2 images and corresponding GEDI labels for pixels with
available footprints. The U-Net model was initialized with random
weights (no pre-training or fine-tuning) and trained in two phases. In
the first phase, the model was trained for 300 epochs, with an epoch size
consisting of 25 batches (batch size of 20 images, covering ~500 tiles per
epoch), and an initial learning rate of 0.008. Batches were sampled with
replacement, ensuring diversity in each epoch while following a standard
convention for updating training metrics and adjusting the learning rate.
The learning rate was halved if the validation loss did not improve for
20 consecutive epochs. This phase used all GEDI RH100 footprints that
passed the basic quality filters (quality_flag =
detectedmodes >0), without constraints on acquisition date or beam

1 and num_

type. In the second phase, we resumed training from the model’s
previous state and trained for an additional 200 epochs using a cyclic
learning rate ranging from 10 to 5 x 107* This fine-tuning phase
employed a more restrictive subset of GEDI data: only full-power beam
footprints acquired within +6 months of the Sentinel-2 image
acquisition date were used, to improve spatiotemporal alignment
between training labels and inputs. This final phase aimed to fine-
tune the model with high-quality labels for improved accuracy.

The entire African dense forest region was subdivided into
23,781 tiles for the CH inference. For each year and Sentinel-2
tile, three cloud-free images within a +6-month window of GEDI
acquisition were selected. Inference was conducted separately on
each image, and the final annual prediction was obtained by taking
the temporal median of the three results. This approach helps
mitigate the effects of short-term variability such as residual
clouds, seasonal differences, and local disturbances, and reduces
the potential impact of temporal mismatch between GEDI and
Sentinel-2 observations. While abrupt changes such as fire or
shifting cultivation may occur in some areas, they represent a
small fraction of the region, and the aggregation strategy helps
ensure robust annual-scale biomass estimates. A subsequent
workflow was then triggered to merge the individual tiles into
Cloud Optimized GeoTIFF files, creating a comprehensive CH
map for the entire African dense forests.

2.3.4 Canopy height comparisons and validation

We compared the CH maps against unseen RH100 data from
GEDI], top canopy height from ALS, and previous satellite-derived
height maps.

1. GEDI validation: The CH maps were validated against GEDI
RH100 footprints from the test dataset, randomly selected
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across the African dense forests for all the years under
consideration (the test set shown in Figure 2).

2. Airborne LiDAR validation: We further validated the CH maps
using over 140 ALS acquisitions, covering 32,000 ha
(Figure 3d), which were obtained from published studies
(Xu et al., 2017; Rodda et al., 2024). We also evaluated the
CH map using two recently collected ALS datasets from the
Luki Biosphere Reserve (November 2023) and the Yangambi
Biosphere Reserve (October 2023) in the DRC. A detailed
description of these two ALS datasets is provided in
Supplementary Text 1. To ensure consistency with our CH
maps, the ALS CH data were resampled by taking the
maximum value of 1 m raster data within each output pixel
and compared with CH maps derived in this study from the
closest mapping year. We used the forest mask derived from
the Global Forest Change dataset developed by Hansen et al.
(2013) to exclude non-forest pixels.

3. Comparison with global height products: Finally, our CH map
(10 m; RH100) was also compared with the map of Lang et al.
derived from Sentinel-2 and GEDI-RH98 (10 m) in 2020 (Lang
et al., 2023), the map of Potapov et al. from Landsat imagery
and GEDI-RH95 for the year 2019 at 30 m resolution (Potapov
et al., 2021; Potapov et al., 2022), and the map of Pauls et al.
from Sentinel-1/-2 imagery and GEDI-RH100 in 2020 at 10 m
(Pauls et al., 2024). For visual comparisons, we used our CH
map from 2019.

2.4 Development and validation of
AGB maps

2.4.1 Field measurement data

To develop allometric models deriving AGB from CH, we
collected reference in-situ AGB data from various sources across
Africa (Table 1; Figures 3a—c). We averaged our modeled CH
across all 10 m pixels within the known boundary of each
inventory plot. For matching our CH maps to ALS data, we
extracted CH pixels within each flight coverage with a buffer of
20 m for excluding edges. For data from the Central African plot
network (https://cafriplot.net/network) and AfriSAR datasets
(Labriere et al., 2018), only the Lorey height (LH) within each
plot was available. Since our CH model estimates maximum
canopy height rather than LH, we applied a linear regression
conversion (CH = 0.7133 x LH + 16.1777), derived from these
two datasets (Supplementary Figure S5). The relationship
between LH and CH was found to be approximately linear
across the observed range, supporting the use of this
transformation. Although a nonlinear model yielded a slightly
higher correlation, this was largely influenced by a few outlying
points with higher uncertainty and saturation that deviated from
the main trend. The probability density of field-measured AGB
modeled CH data is
Supplementary Figure S6.

collocated with our shown in

2.4.2 AfriSAR LVIS LiDAR-derived AGB data
We evaluated our AGB map using LiDAR-derived AGB from
AfriSAR campaigns in Gabon (Armston et al., 2020) acquired by
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Spatial distribution of field inventories plot and airborne LiDAR (ALS) data for canopy height and/or aboveground biomass measurements. (a)
Distribution of all data points. (b,c) Detailed distribution of overlapping data points from the AfriSAR and Hubau et al. (2020) datasets. (d) Distribution of all
ALS data. Each ALS sampling region was represented by its four corner coordinates. Field plot and ALS data were represented by circles and squares,
respectively, in different colors. The tree cover map was derived from the Global Forest Change dataset developed by Hansen et al. (2013) and

TABLE 1 Summary of canopy height (CH) and aboveground biomass (AGB) from field plot and airborne LiDAR (ALS) data.

Data source Variable Region Time Field scale

AfriSAR data (Saatchi et al., 2019) CH, AGB Gabon 2016 0.16, 0.25, 1 ha

Central African plot network CH, AGB Gabon, Cameroon 2012-2023 Plot (1 ha)

Hubau et al. (2020) CH, AGB DRC 2011-2015 Plot (1 ha)

Sullivan et al. (2018) CH Central Africa — Tree level in 30-m radius
Xu and Bastin plots (Chave et al., 2014; Xu et al., 2017) CH, AGB DRC 2014 Plot (1 ha)

Airborne LiIDAR CH (Xu et al.,, 2017; Rodda et al., 2024) CH Central Africa 2012-2023 20 m

NASA’s Land, Vegetation, and Ice Sensor (LVIS) instrument during
2016. The AfriSAR LVIS reference AGB dataset was estimated by
Armston et al. (2020) using an allometric model (Equation 1)
incorporating canopy top height, stand basal area density (BAD)
and wood density (WD):

AGB = CH® x BAD" x WD*¢ (1)

Frontiers in Remote Sensing

Note that the AfriSAR LVIS dataset estimated AGB used a regional
mean WD from Chave et al. (2009) that may not fully capture the real
value. Here, we selected the LVIS AGB maps from the Mabounié,
Mondah, and Lopé sites (Labriere et al., 2018), with a resolution of
50 m. To ensure a consistent comparison between our AGB estimates
and LVIS, we excluded non-forest pixels from both datasets before
analysis using the forest cover mask from Hansen et al. (2013).
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TABLE 2 Summary of five aboveground biomass (AGB) maps based on different allometric methods and input variables. Details of the ancillary data are
provided in Supplementary Table S2.

Source

Allometric model

Input variable (CH is from our

name satellite data)

AGBI1 Parametric model (Equation 2) fitting CH-AGB relationship with field AGB and our CH
satellite-based CH

AGB2 Parametric model (Equation 3) fitting CH x WD and AGB relationship with field AGB, our = CH, WD
satellite-based CH and WD.

AGB3 Hybrid parametric and machine learning model that follows AGBI in a first step, and CH, WD, ancillary data
simulates the residuals between measured AGB and estimated AGBI using an XGBoost
model (trained with ancillary data) in a second step

AGB4 Hybrid parametric and machine learning model same than AGB3 but the first step is the = CH, WD, ancillary data
AGB2 model

AGB5 Pure machine learning model (XGBoost) trained with CH, WD, and ancillary data to fit = CH, WD, ancillary data
field AGB
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FIGURE 4
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Allometric relationships between aboveground biomass (AGB) and canopy height (CH). (a) AGB1 model based on Equation 2. (b) AGB2 model on
Equation 3 which includes wood density (WD) as well as CH. The specific regression parameters are calibrated using 80% of the total field samples

from Table 1.

2.4.3 Modeling and validation of
aboveground biomass

We used field plot and the above mentioned LVIS LiDAR AGB
estimates (Table 1) along with our CH maps and WD maps to
calibrate different allometric models of parametric, hybrid, and
machine learning types, and generate an ensemble of five AGB
maps at 30 m resolution (AGB1-5, Table 2). The mapping accuracy
of each map was evaluated against independent 1 km scale forest
concessions inventories covering nearly 100,000 ha in Central Africa
(Ploton et al., 2020).

Parametric AGB estimation models (AGB1 and AGB2): These
parametric models are given by Equation 2 and Equation 3 (Xu et al,,
2017; Simard et al., 2019; Stovall et al., 2021):

AGB1 =a x CH" )

Frontiers in Remote Sensing

AGB2 =a x (CH x WD)" (3)

where the independent variable is WD extracted from the global
map of Fischer et al. (2025) (see Supplementary Text 2). Note that we
use our modelled CH averaged at each field site, instead of field-
measured CH, because in the end, the fitted relationships (2) and (3)
are used for mapping AGB using modelled CH maps. We applied
cross-validation by using 80% of the total samples from Table 1, the
remaining 20% reserved for validation (Supplementary Figure S7).
The AGBI1 calibrated model is AGB = 3.7412 x CHY*7 and the
AGB2 model is AGB = 6.5981 x (CH x WD)**"°_ The results are
displayed in Figure 4 below. We verified that fitting these models
using field-measured CH instead of modelled CH gave similar
curves (Supplementary Text 3, Supplementary Figure S8). We
also examined six model variants of Equation 2 and three
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variants of Equation 3, calibrated using different combinations of
field plot and LVIS LiDAR data, and using only LVIS data (see
Supplementary Table S1). Models used in previous studies for
tropical dense forests are shown in Figure 4 for information (Xu
et al., 2017; Simard et al., 2019; Stovall et al., 2021).

Hybrid AGB estimation models (AGB3 and AGB4): We used
residual modeling to evaluate whether machine learning could
reduce or explain the remaining errors from the initial
parametric models. Specifically, we first applied the parametric
models (Equations 2,3) to estimate AGB (AGBI and AGB2). In a
second step, we applied a non-parametric XGBoost model (Chen
and Guestrin, 2016) to model the residuals, defined as the differences
between measured AGB and the initial parametric fit predictions
(Equation 4). This two-step approach aimed to capture complex
patterns not accounted for by the parametric relationships. The

XGBoost model is defined by:

RE = fxcs (CH, CH_min,CH_max ,CH_std, CH _cv, Slope,
LST, SOC, STN, PH, WD, CA) (4)

where RE is the residual representing the difference between
measured AGB and AGB1 or AGB2. The factors assumed to
influence RE are (see Supplementary Table S2): (1) Forest
structural attributes: CH_min, CH_max, CH_std, and CH_cv, the
minimum, maximum, standard deviation, and coefficient of
variation of our satellite-derived CH data across the nine 10 m
CH pixels that compose each 30 m AGB pixel, WD, and CA defined
by the score of the first axes of a correspondence analysis (CA)
performed on the predicted abundances of 193 tree taxa by Réjou-
Meéchain et al. (2021); (2) Environmental and climatic factors: Slope
calculated from NASA SRTM Digital Elevation (Farr et al., 2007),
LST the land surface temperature from Landsat-8 (Jimenez-Munoz
et al,, 2014); (3) Soil properties: STN, SOC, and PH are soil total
nitrogen, organic carbon, and pH, respectively (Hengl et al., 2021).
CA and WD are at 10-km and 1-km resolutions, respectively, and
other datasets are at 30 m resolution. Similar to the calibration of the
parametric models, we randomly selected 80% of the total dataset to
train the RE model, the remaining 20% used for cross validation. We
produced residual (RE) maps for AGB1 and AGB2, which gave the
AGB3 and AGB4 maps (Equations 5, 6):

AGB3 = AGB1 + RE
AGB4 = AGB2 + RE

(5)
(6)

Machine learning AGB estimation model (AGB5): This model
directly employed the XGBoost model to fit AGB (Equation 7) using
modelled CH and ancillary data as given by:

AGBS5 = fxes (CH,CH_min,CH_max ,CH_std, CH_cv, Slope,
LST, SOC, STN, PH, WD, CA) ?)

The performance of the five AGB-CH models were evaluated
using R?>, MAE, RMSE, and Bias. We found that the hybrid and pure
machine learning models were prone to overfitting and did not
outperform the parametric models in mapping accuracy, primarily
due to limited and low-quality training data. These models also
exhibited spurious spatial patterns—or “hallucinations”—likely
driven by the coarse spatial resolution and limited predictive
value of several input variables, particularly climate and soil
features. As a result, the residual-based models (AGB3 and
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AGB4) displayed less reliable spatial structures compared to the
parametric models. These limitations and their impacts are
discussed in detail in Supplementary Text 4, Sections 3.3, 3.4.
Therefore, we present results for AGBl and AGB2, which are
compared with other AGB products listed in Table 3. We applied
SHapley Additive exPlanations (SHAP) (Lundberg, 2017) to analyze
the contributions of CH and other variables to the estimation
uncertainty (RE) in AGB1 and AGB2.

We also evaluated the AGB1 and AGB2 maps, as well as our
three other maps (Table 2) against an independent, large-scale 1-km
AGB in-situ dataset aggregated from nearly 100,000 ha of Central
African forests (Ploton et al., 2020) hereafter called AGB-P. The
AGB-P dataset was aggregated from extensive in situ forest
concessions inventories conducted between 2000 and the early
2010s across five countries. To get better insights on the
differences between our maps and the AGB-P data that were
collected many years before, we investigated the impact of the lag
between the date of our map and the date of collection of AGB-P by
calculating the time of forest regrowth since each degradation event
observed in the AGB-P areas. Information on forest regrowth and
degradation was derived from the Tropical Moist Forest (TMF)
historical disturbance dataset of Vancutsem et al. (2021), with
specific details provided in Supplementary Text 5. Finally, we
explore the potential of detecting interannual changes in CH and
AGB using the generated annual maps, guided by disturbance
information from the TMF map (Supplementary Text 6). All
comparisons were evaluated using the correlation coefficient (R?),
MAE, root mean square error (RMSE), and Bias.

3 Results

3.1 Validation and comparison of canopy
height model

Our deep learning model demonstrated good accuracy in annual
CH estimation compared to other CH data products when validated
against GEDI and ALS datasets. Higher CH values are found in the
northern and western parts of the African dense forest region,
and the
northern regions of the Republic of the Congo, where CH

including Gabon, Cameroon, Equatorial Guinea,
exceeds 40 m (Figure 5a). In these regions, our CH values are
larger than in the Potapov and Paul CH maps. In contrast, the
central Congo peat swamp forests and the riparian forests along the
Congo River and its tributaries exhibited lower canopy height. This
pattern aligned closely with the Lang CH but generally showed
significantly higher CH values compared to the Potapov and Paul
CH maps. When evaluated against independent GEDI RH100 data,
our CH model gave a lower MAE (MAE = 5.93 m, Bias = 1.40 m)
than the Lang CH model (MAE = 6.44 m, Bias = 2.54 m), followed by
the Potapov and Paul CH models Figure 5b. The Potapov and Paul
CH maps exhibited large underestimation biases, especially in tall
forests higher than 30 m (bias of —7.48 m and -7.43 m) (Figure 5c).
On the other hand, our model tends to overestimate GEDI
RH100 values below 10 m, but less than the Lang CH. Validation
against the ALS CH data confirms the accuracy of our model, with a
smaller MAE (4.54 m) and Bias (—1.54 m), as well as reduced

overestimations for low height, compared to three other CH maps
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TABLE 3 Summary of global and regional aboveground biomass (AGB) maps in the African dense forest region across different mapping years. The ESACCI
AGB dataset includes data from 2010 to 2015-2021, with the most recent map from 2021 used in this study. Since the dense forests in Central Africa were
masked out in the AGB map from Bouvet et al. (2018), we excluded this map from our comparison. DRC: Democratic Republic of Congo.

Data source

Spatial resolution

Spatial coverage Mapping year

Saatchi et al. (2011) 1 km Tropical regions 2000s
Avitabile et al. (2016) 1 km Pan-tropics 2000s
Baccini et al. (2012) 500 m Pan-tropics 2007-2008
GlobBiomass (Santoro et al., 2018) 100 m Global 2010
Bouvet et al. (2018) 25 m Africa 2010
Xu et al. (2017) 100 m DRC 2013-2016
NCEO (Rodriguez-Veiga and Balzter, 2021) 100 m Africa 2017
Sagang et al. (2024) 100 m Gabon 2020
ESA CCI AGB v5.01 (Santoro and Cartus, 2024) 100 m Global 2021
GEDI L4B AGB v2.1 (Dubayah et al., 2023) 1 km 51.6° S to 51.6° N 2019-2023
(Figure 6). Furthermore, to demonstrate the feasibility of our  performances compared to other products

modeling framework for generating consistent annual maps, we
evaluated the performance of the annual CH maps (2019-2022)
using independent GEDI footprints reserved for model testing, as
well as ALS data collected in the DRC (see Section 2.3.4). The results
show relatively stable model performance across years (GEDI:
MAE = 5.45-6.81 m; ALS: MAE = 4.46-4.74 m) (Supplementary
Figure S9, S10).

The distribution of the differences between predicted and
validation GEDI/ALS CH by 5-m intervals from 0 to 60 m,
shows a shift from positive values (overestimations) at low CH to
negative values at high CH levels (underestimations) (Figures 6a-d;
Supplementary Figure S11). The presented CH data showed smaller
differences to reference CH within tall forests (>30 m), with less
saturation effects than Pauls and Potapov, but overestimations
below 20 m. When compared to the Lang product, our CH data
demonstrated smaller estimation errors for both short forests
(<15 m) and tall forests (>30 m), with smaller bias across all
ranges of the CH distribution (Figure 6d; Supplementary Figure
S11d). Similar to the results shown in Figure 5, Potapov and Pauls
give a better consistency with GEDI RH100 for forests under 25 m,
but the comparison with ALS CH data did not demonstrate similar
advantages. In contrast, our CH model showed an improved match
with ALS CH values (Supplementary Figure S11).

Comparison of CH models with reference data from four
selected ALS campaigns is shown in Figure 7. Due to their
higher resolution, the ALS maps presented finer spatial details
than what can be modelled from space (Figure 7a). While our
CH map showed good consistency with the ALS CH map across
varying canopy structures, some finer spatial details were smoothed
(Figure 7b). The Lang model also captures spatial patterns, but with
less sharpness and underestimations for higher CH values
(Figure 7c). In contrast, most of the observed patterns in the
reference data were absent in Potapov and Pauls (Figures 7d,e).
Regarding CH variation along the ALS strips, both our CH map and
Lang presented comparable values, yet our map gave a slightly better
match in over tall forests (Figure 7f). We also compared our map
with two recent ALS CH maps from 2023, and found good
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(Supplementary Figure S12).

3.2 Validation and comparison of above
ground biomass model

3.2.1 Validation with reference plot and LiDAR data

The AGB1 map shown in Figure 8 led to a MAE of 81.88 Mg/ha
and a bias of 3.19 Mg/ha, following our 80%-20% cross validation
procedure (Supplementary Figure S14). The AGB maps generated
from variants of the AGB1 model showed slightly higher MAE and
tended to saturate above 400 Mg/ha. The AGB2 map had the best
performances but by a small margin, with a MAE of 79.65 Mg/ha. In
particular, AGB2 improved the underestimation against validation
data from DRC compared to AGB1. The variant of the AGB2 model
calibrated only with ALS data from AfriSAR LVIS had no better
performance than the AGBI model (Supplementary Figures
S15,516) possibly because of inconsistency between WD used to
calculate AGB from ALS by Armston et al. (2020) and our gridded
WD dataset used for calibration and mapping. Results for the other
AGB maps (Figures 8c-k) showed lower fit statistics and predictive
performances (Supplementary Table S3; Supplementary Figure S14).

3.2.2 Comparisons of our biomass map with other
satellite products

The AGB1 and AGB2 maps demonstrated overall better or
comparable performance when compared to other published
AGB maps (Table 3) when compared to independent field data
used (Figures 8c-k). The AGB2 map exhibited the lowest errors
(R* = 0.40, MAE = 79.65 Mg/ha, Bias = 6.47 Mg/ha). The ESA CCI
AGB (Figure 8d, Bias = 13.47 Mg/ha) and Avitabile maps also had a
small bias (Figure 8j, Bias = 1.00 Mg/ha) but exhibited low R* and
large RMSE and MAE values; R* is important here because a very
low R* indicates that the spatial distribution is poorly reproduced,
making the map unreliable. The regional Sagang et al. AGB map
over Gabon demonstrated good agreement with reference field plots
and LVIS AGB (Figure 8¢). The regional Xu map over DRC, which

frontiersin.org


https://www.frontiersin.org/journals/remote-sensing
https://www.frontiersin.org
https://doi.org/10.3389/frsen.2025.1724950

Wan et al.

10.3389/frsen.2025.1724950

(a) (b) (c)
60 -
R?=0.52 - R?=0.68
MAE = 5.93 MAE = 4.54
5°N- 501 RMSE = 8.79 RMSE = 6.22
Bias = 1.40 Bias = -1.54
~ 40
£
0°4 530
5
O 20
581 60 10
Our CH ok >
10°E 15°E  20°E  25°E 0 10 20 30 40 50 600 10 20 30 40 50 60
GEDI RH100 (m) LIDAR CH (m)
60
R?=0.48 R?=0.66 10
MAE = 6.44 MAE = 4.93
5°N- 50{ RMSE = 9.11 RMSE = 6.49
Bias = 2.54 Bias = -2.01
£ 40
0° 530
o
H 3
820 10
5°S- -
Lang CH )
h y v v . 0
10°E 15°E  20°E  25°E  30°E 30 10 20 30 40 600 10 20 30 40 50 60 &
GEDI RH100 (m) LIDAR CH (m) g
60 ]
R?=0.34 R?=0.62 102 §
MAE = 7.19 MAE = 8.09 &
5°N 501 RMSE = 9.78 RMSE = 9.92
— Bias = -2.98 Bias = -7.48
Ea0
b
o 2 30
’
g2 -10!
5°S- w 10
\
Potapov CH ok
10°E 15°E 20°E 0 10 20 30 40 50 10 20 30 40
GEDI RH100 (m) LIDAR CH (m)
60
R?=0.46 R?=0.62 -10°
MAE = 7.04 MAE = 8.07
5°N- 0 501 RMSE = 9.66 RMSE = 9.84
CH Bias = -3.59 Bias = -7.43
(m) é 40
b 4
o°- G 30
0
-]
& 20
5°S- =
Pauls CH 0 . ‘
10°E 15°E  20°E  25°E  30°E 0 10 20 30 40 50 600 10 20 30 40 50 60
GEDI RH100 (m) LIDAR CH (m)
FIGURE 5

Visual and quantitative comparison of canopy height (CH) from this study and the global Lang, Potapov and Pauls products to the independent GEDI
and airborne LiDAR CH data in the African dense forest region. (a) Visual maps of CH data from this study, Lang, Potapov and Pauls products. (b,c)
Comparison of accuracy of estimated CH from this study, Lang, Potapov and Pauls products and measured CH from the independent GEDI (b) and

airborne LiDAR (c) data.

utilized local ALS mean CH and more field data than us,
demonstrated higher accuracy than our maps, with R* = 0.52,
MAE = 67.49 Mg/ha, Bias = 4.42 Mg/ha in Xu et al. (2017).

The AGB2 map displayed higher AGB values in the DRC
compared to AGBI, and showed more consistent spatial
distributions with ESA CCI, NCEO Africa, and Xu maps
(Figures 9a-k). We can also see in Figure 8 that the NCEO,
GlobBiomass, and Saatchi maps (Figures 9fh,k) do not exhibit
clear spatial patterns, while the GEDI L4B map is too sparse to
provide sufficient detail and shows lower values everywhere
(Figure 9c¢). We identified similar spatial large-scale gradients
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between AGBI1, AGB2, Avitabile, and ESA CCI, with high AGB
in western Africa and low values in the central region over the
Cuvette Centrale wetland. The NCEO map showed rather uniform
high values across the Congo Basin. Comparing the differences
between AGBI and other products (Supplementary Figure S17), the
GEDI AGB map exhibited considerable underestimation across all
regions. Underestimated values were also found in earlier products
from GlobBiomass, Baccini (in Western Africa), and Saatchi. We
found that AGB1 had lower mean values in the DRC when
compared to ESACCI, NCEO, and Xu. In contrast, AGB2 was
closer to those maps in DRC (Supplementary Figure S18),
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Dunn's tests.

consistent with validation results in Figure 8. The spatial
distributions of AGB1 and AGB2 for 2020, 2021, and 2022 are
presented in Supplementary Figure S19 and are similar to those from
the year 2019 (except for lower AGB over degraded and
deforested pixels).

3.3 Biomass estimated using machine-
learning for allometry

In the AGB3 and AGB4 models (Supplementary Figure S20) the
residuals of the allometric AGB1 and AGB2 models were fitted using
a XGBoost model. This XGBoost model explained 49% and 47% of
the variance of the residuals, with CH input features accounting for
42% and 45% of the RE variance (Figure 10). WD explained 19.34%
of the variance of the residuals of the AGB1 model, while CH metrics
explained more variance of the residuals of the AGB2 model
(Figures 10b,e). Additionally, CH metrics were more important
in explaining the residuals of AGB1 than AGB2. Although these
hybrid models achieved lower errors and bias values, they
underestimated the residuals of high AGB field plots (absolute
value >100 Mg/ha). The maps of residuals can further be used to
understand the mapping differences of AGB3 and AGB4 vs.
AGB1 and AGB2. The residuals of the AGB3 model show
negative values in the DRC. The residuals of the AGB4 model
show negative values in the central-northern region (Figures 10c,f).
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Furthermore, based on the residual model, we derived the spatial
distribution of SHAP values for residual estimation in the
AGB3 model (Supplementary Figure S21). Consistent with the
results shown in Figure 10, WD, soil pH, and canopy height
variance exhibited strong influence on biomass estimation. The
AGB5 map generated directly using a XGBoost model for
allometry is shown in Supplementary Figure S22. Overall, we
found that AGB maps generated with machine learning models
were prone to overfitting, particularly AGB5. Although they could
reach a low MAE, their overall mapping performance remains
limited due to biases at both low and high values compared to
the more robust AGB1 and AGB2 (Supplementary Text 4). Further,
all the maps derived using machine learning models tend to show
spurious spatial patterns at small scale, reflecting the coarse
resolution of their input features. For these two reasons, we do
not recommend using these models for mapping AGB, until more
realistic high resolution input data become available in the future.

3.4 Tracking biomass spatial patterns in
forest concessions

The comparison of our AGB maps showed good consistency
with concession data, that AGB-P (Figures 1lab,d,f;
Supplementary Figures S23-525). AGB2 better captured the
spatial variation at 1 km of AGB-P than AGBI, as indicated by a

is
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Comparison of the spatial distribution of the airborne LiDAR (ALS) CH map with our estimated CH and several global CH products from four different

sampling plots: Plot214 (Lon: 22.180°~ 22.264"; Lat: 0.595°~0.646°), Plot118 (Lon: 18.824°~ 18.723"; Lat: 3.634°~3.699°), Plot105 (Lon: 18.867°~ 18.974°; Lat:
2.957°~2.973°), and Plot34 (Lon: 23.052°~ 23.158°; Lat: —3.184°~-3.139°). (a—e) Maps of CH map from (a) airborne LiDAR CH, (b) Our CH, (c) Lang CH, (d)
Potapov CH, and (e) Pauls CH. (f) Comparison of changes in mean CH across the horizontal level over the Plot214, Plot118, Plot105, and Plot34.

UTM34N refers to the Universal Transverse Mercator (UTM) Zone 34N, covering a region in the Northern Hemisphere with a longitudinal range of 18°E

to 24°E.

higher R* value of 0.24. All forests in the AGB-P dataset have been
harvested in the past, and either they experienced regrowth before
our analysis period or they experienced a new disturbance.
Regrowing forests were defined as those 1 km pixels that did not
experience any disturbance event in Vancutsem et al. (2021)
between the year of the inventory and our analysis period. Over
these regrowing forests, the AGB difference between our maps and
Ploton et al. (2020) exhibits a positive correlation with the time since
forest regrowth (Figure 11c, Supplementary Text 5). On the other
hand, for the forests that experienced at least one disturbance
between the year of the field inventory and our analysis period,
no notable biomass increase was observed, consistent with the fact
that degradation has limited biomass regrowth (Figure 11e). During
the lag period (At) between the year of our maps and the year of
AGB-P data collection, AGB values have changed over time, with
gains from forest regrowth and losses from degradation.

In the AGB-P areas that experienced forest regrowth since their
sampling year, we found that the AGB1-5 maps all have higher
mean AGB values than AGB-P which is consistent with regrowth
gains of biomass since AGB-P data were collected (Supplementary
Figures 526, S27). AGB2 had a R® of 0.36 (Figure 11). In the AGB-P
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areas that experienced degradation since the concession inventory
date, R* equals 0.28. Interestingly, although the AGB3-5 maps had
similar MAE of <80 Mg/ha, they showed a lower consistency with
AGB-P, particularly at high AGB values (Supplementary Figure
§25). We also compared the global and regional products with the
AGB-P dataset, and found that our AGB2 dataset performed
systematically better (Supplementary Figures S28-S30). Although
the Sagang and Xu AGB maps showed smaller or comparable errors
for Gabon and DRC respectively, they exhibited lower R* values with
AGB-P. The Sagang, NCEO, GlobBiomass, Baccini and Saatchi AGB
maps exhibited a saturation above 400 Mg/ha compared to AGB-P.

3.5 Tracking height and biomass changes

Our annual maps enable the tracking of changes in CH at 10 m
and AGB at 30 m, providing key insights into forest disturbance and
regrowth. Based on the CH change maps (Supplementary Figure S31),
we observe clear spatial patterns of CH gains and losses from 2019 to
2022. Furthermore, the annual dataset allows us to identify the specific
year in which forest disturbances occurred. For example, some forests
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(this study), (b) AGB2 (this study), (c) GEDI L4B AGB (Dubayah et al., 2023), (d) ESACCI AGB (Santoro and Cartus, 2024), (e) Sagang et al. (2024), (f) NCEO
Africa AGB (Rodriguez-Veiga and Balzter, 2021), (g) Xu et al. (2017), (h) GlobBiomass (Santoro et al., 2018), (i) Baccini et al. (2012), (j) Avitabile et al. (2016),
and (k) Saatchi et al. (2011). The performance of all AGB products was quantified using the 20% validation samples. The Sagang and Xu AGB maps
cover only Gabon and the Democratic Republic of the Congo (DRC), respectively, leading to only partial overlap in the validation data. Additionally, the Xu
AGB model was developed using some overlapped data from Xu and Bastin plots.

show gradual declines over multiple years (Supplementary Figures
S31d,h,1), while others experienced abrupt losses in 2019 followed by
stability (Supplementary Figure S31p). Our data combined with the
TMF map can detect forest degradation, deforestation, and regrowth
across a range of forest heights (Supplementary Text 6), particularly in
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young (short) regrowth and degraded forests below 10 m in 2019
(Figures 12¢,e). Importantly, our results reveal substantial differences
in CH and AGB across disturbed forest types. Mean AGB values in
degraded (197.0 Mg/ha), deforested (146.6 Mg/ha), and regrowth
(139.0 Mg/ha) areas were significantly lower than those in
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FIGURE 9 (Continued)

height maps from this study and the best parametric models for allometric equations defined by Equation 2 and Equation 3, respectively. The
approximate year of AGB mapping is indicated in the top-right corner of each panel with the reference name. Al AGB maps were masked to align with our
mapping region for the African dense forests, with non-forest pixels excluded.
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Evaluation of residuals from allometric AGB1 and AGB2 modeled by XGBoost models. (a,d) Relationship between measured (x-axis) and estimated
AGB residuals for AGB1 and AGB2. (b,e) Contribution of each input variable to the estimated residuals of AGB1 and AGB2 based on the SHAP method. (c,f)
Maps of the residuals from AGB1 and AGB2 models, generated using XGBoost models trained with CH and ancillary data, with green indicating
overestimations and red indicating underestimations compared to the original AGB1 and AGB2 biomass maps.

undisturbed forests (314.8 Mg/ha) (Figures 12a,b). The annual maps
also differentiate CH and AGB changes associated with various
disturbance types (Figures 12d.f), particularly in deforested areas,
which exhibit substantial biomass losses in tall, old-growth stands,
where mean CH and AGB losses reach 14.5 m and 251.2 Mg/ha,
respectively, and both variables were initially high. This highlights the
value of annual CH and AGB monitoring in distinguishing subtle
forest carbon dynamics that may not be captured by conventional
disturbance maps alone.

4 Discussion

We developed and validated 10-m CH and 30-m AGB maps
across African dense forests, mainly lowland forests. Overall, our
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maps showed good agreement with large-scale, multi-source
independent validation data, achieving good accuracies for CH
(R* = 0.68, MAE = 4.54 m, Bias = —1.54 m) and AGB (R?> = 0.40,
MAE = 79.65 Mg/ha, Bias = 6.47 Mg/ha). Compared to existing
forest height and biomass products, our African forest product
uniquely integrates multiple capabilities by combining annual-
scale mapping, CH estimation, and AGB quantification at
10-30 m resolution using deep learning models. First, our
framework enables automated generation of annual CH and AGB
maps from 2019 onward, offering improved temporal consistency
and accuracy. Second, our CH model uses only six bands from
Sentinel-1 and Sentinel-2, yet achieves high spatial detail and
reduced saturation in tall forests, even when trained with
relatively limited data. This is made possible by the deep learning
architecture, the use of year-specific models, and the integration of
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Ploton AGB data represent a 1-km resolution dataset aggregated from in situ forest management inventories (Ploton et al,, 2020). Forest regrowth

and degraded forest were classified based on the average age of forest regrowth and degradation within 1 km, using tropical moist forest (TMF) data from
Vancutsem et al. (2021). (c,e) Relationship between the AGB difference and age of forest regrowth (c) and degraded forest (e). The AGB difference was
calculated as the AGB2 minus the Ploton AGB data. The average age of forest regrowth and degradation within 1 km was extracted from the TMF data.

Sentinel-1 SAR observations. Third, our AGB estimation strategy
supports allometric, hybrid, and machine learning approaches,
offering flexibility in estimating biomass and its associated
uncertainties. Importantly, we incorporate a newly developed,
spatially explicit wood density map to improve the accuracy of
height-based biomass estimation. This factor has not been fully
considered in previous large-scale biomass mapping efforts. As
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shown in Table 4, most previous CH or AGB products were
limited to either one-time mapping or focused on a single
variable, typically at a coarser resolution. In contrast, our model
simultaneously supports high-resolution (10-30 m), annual-scale,
and dual-variable (CH and AGB) estimation across African dense
forests. By combining Sentinel-1/-2, GEDI, and wood density data,
we provide a scalable and versatile monitoring system that enables
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Canopy height (CH) and aboveground biomass (AGB) changes across different forest disturbance types. (a,b) Distributions of CH and AGB in

2022 across undisturbed, regrowth, degraded, and deforested forests. (c) Frequency distribution of regrowth, degradation, and deforestation events
across varying CH values in 2019. (d) Mean CH changes (2019-2022) for regrowth, degradation, and deforestation across CH values in 2019. (e) Frequency
distribution of regrowth, degradation, and deforestation events across varying CH change values from 2019 to 2022. (f) Mean AGB changes
(2019-2022) for regrowth, degradation, and deforestation across AGB values in 2019. Disturbance categories (regrowth, degradation, and deforestation)
were derived from the Tropical Moist Forest (TMF) dataset between 2019 and 2022.

the tracking of interannual changes in forest structure and carbon
stocks, which was not previously achievable in large-scale
forest products.

4.1 Canopy height mapping uncertainty

The choice of satellite imagery affects CH estimation due to
variations in spatial resolution, spectral characteristics, and temporal
availability. Sentinel-1/-2 images provide finer spatial details and
thus they have higher potential in AGB estimation using the same
modeling method, compared to Landsat imagery (Jha et al.,, 2021).
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This may lead to better performance in our CH than in Potapov CH
and slightly better than in Lang CH. (Figures 5, 6; Supplementary
Figure SI11). Additionally, there is uncertainty regarding which
Sentinel-2 wavebands should be used. Some studies have shown
that employing all 10 bands can lead to more effective model
training (Lang et al, 2023; Schwartz et al., 2024; Fayad et al,
2024). In this study, we excluded lower-resolution bands (e.g.,
60 m) to reduce the training data size and better collocation with
GEDI footprints. This choice is supported by Lang et al. (2019) and
Schwartz et al. (2024) who demonstrated comparable performance
using only four 10-m bands vs. all bands. Furthermore, while
Sentinel-2 imagery has a nominal 10-m resolution for key bands,
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TABLE 4 Summary of some commonly used or recently published canopy height and aboveground biomass maps in the African dense forest region. While
GEDI collects data annually, its sparse spatial coverage limits its utility for annual mapping (Duncanson et al., 2022). Similarly, some biomass datasets with
limited spatial and temporal coverage are not included in our comparison (see Table 3). S1/S2: Sentinel-1/-2; WV2/WV3: WorldView-2/-3; WD: wood density;
CNN: convolutional neural network; OLS: ordinary least squares; BRT: bagged regression tree; SWR: stepwise regression; RF: random forest.

Input data Resolution Annual Canopy Biomass
mapping height
This study S1, S2, GEDI; WD U-Net; Allometric 10 m v v v
30 m

Lang et al. (2023) S2, GEDI CNN 10 m v

Potapov et al. (2021) Landsat, GEDI BRT 30 m v

Pauls et al. (2024) S1, S2, GEDI U-Net 10 m v

Tolan et al. (2024) WV2, WV3, Quickbird II, ALS DiNOv2 1 m v

Santoro and Cartus SAR C-band, L-band Allometric, semi- 100 m v v

(2024) empirical

Duncanson et al. GEDI Allometric, OLS 25 m v v

(2022)

Xu et al. (2021) SRTM, ALOS, Landsat, MODIS, Allometric 10 km v v
QSCAT/VOD RF

Baccini et al. (2017) ICESat GLAS LiDAR, MODIS Allometric 500 m v v

SWR, RF

Yang et al. (2023) L-VOD, four tropical/global biomass | Allometric 25 km v v

maps

its effective resolution is often coarser due to the point spread
function, adjacent effects, and incomplete atmospheric corrections.
In heterogeneous landscapes, effective resolution may exceed 50 m
(Choi et al,, 2025). This leads to sub-pixel mixing and spectral
contamination, reducing spatial detail in CH maps compared to
ALS-derived CH maps of the same nominal resolution (Figure 7). In
our study, Sentinel-1 help reduce saturation in tall forests, as shown
by a regional experiment in Gabon (Supplementary Figure S3, S4)
where the same U-Net model was trained with and without Sentinel-
1 input. While this suggests that radar-derived texture provides
useful contextual information for CH prediction, the observed
improvement relative to Lang et al. (2023) may also result from
the overall framework, which includes year-specific model training
and a consistent input design. Nevertheless, previous studies have
also reported the added value of combining Sentinel-1 and Sentinel-
2 for CH estimation (Silveira et al., 2023; Schwartz et al., 2024).
Uncertainty of the GEDI target data also influences the accuracy
and reliability of CH models. The CH model trained with the first-
version GEDI product (R01) (Lang et al., 2023) was affected by
misalignments resulting from geolocation uncertainty (e.g., >25 m).
In contrast, our study and Pauls et al. (2024) used the updated GEDI
RO2 product for RH100, which features reduced geolocation errors,
achieving a 1-sigma horizontal error within 10 m (Tang et al., 2023).
It is likely that this improvement reduced biases, particularly in short
forests where vegetation cover heterogeneity is larger and mixed
effects from soil background are more pronounced. The selection of
GEDI RH metrics (as RH100, RH98, RH95, . ..) affects CH model
performance because different RH metrics vary greatly across
different regions, leading to inconsistencies when applied to
diverse target areas and validation datasets. Maximum RH
metrics (R100 and RH98) should closely represent the actual top
forest height but they are particularly sensitive to noise and
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uncertainties in waveform processing, especially for GEDI data
with its large pulse width (Zhu et al., 2022). Thus, prior studies
have primarily used GEDI RH98 rather than RH100 for CH model
training (Lang et al., 2023; Li et al., 2023; Schwartz et al., 2023).
Potapov et al. (2021) used GEDI RH95 as a reference, which
with  ALS RH90 but
underestimate dominant forest CH. Additionally, nearly all

matched  well could potentially
published models underestimated CH in tall forests (Figure 5)
owing to saturation issues in optical satellite imagery and
limitations in GEDI CH accuracy. All models also over-estimated
short forests. The issue is close to what’s known as “the dilution bias”
in regression, and stems from the lack of information in model’s
covariates that would explain the variance in the dependent variable
(here forest height). It is likely that using only RH95 and RH98 is not
sufficient for accurate CH mapping in tropical forests, and including
other RH metrics in the models may improve CH and AGB
predictions (Xu et al., 2017; Sagang et al., 2024). In this study,
RH100 was used, achieving better alignment than other CH metrics
with both GEDI and ALS reference data. This selection required
careful preprocessing to filter GEDI footprint points and enhance
the quality of RH100 samples, as detailed in Section 2.2 and Pauls
etal. (2024). Furthermore, despite the fact that the CH maps used for
comparison used different RH metrics (RH98 or RH95), our CH
RH100 model still demonstrated better performance against ALS
heights: (1) The mean difference between RH95 used by Potapov
etal. (2021) and our RH100 was about 3 m, significantly smaller than
the estimation bias of 10 m observed in tall forests (Figure 6); (2) The
RH98 map of Lang et al. underestimated CH in tall forests and
overestimated it in short forests compared to our RH100 model.
Adjusting RH98 to RH100 might reduce underestimation bias but
could also introduce overestimation. Further validation with field-
measured CH confirmed the advantages of our CH maps, which
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exhibited smaller errors (Supplementary Figure S13) and greater
spatial details compared than other CH products, especially in
heterogeneous landscapes (Figure 7; Supplementary Figure S12).

4.2 Biomass mapping uncertainty

The performance of AGB maps strongly depends on the
accuracy of CH maps. Current methods for AGB estimation
primarily rely on the quantification of CH, an easier parameter
to estimate across large areas. Our CH maps for African dense
forests demonstrated higher accuracy than other available datasets,
leading to more reliable AGB estimates. However, our model slightly
overestimates CH in areas with trees shorter than 10 m. This bias is
also present in the reference GEDI RH metrics, which may
overestimate CH in low-stature forests depending on forest type
and seasonal conditions (Dorado-Roda et al., 2021; Dhargay et al.,
2022; Li et al., 2023). Despite this, our annual CH change maps
effectively capture widespread degradation and regrowth dynamics,
including those in low-stature forests (Figure 12). Moreover, most
disturbances occur in medium-height forests, rather than in the
shortest or tallest canopies. While the overestimation of CH in very
short forests (<10 m) may have limited effect on disturbance
detection and CH change estimates, it could influence the
quantification of biomass accumulation during early regrowth
stages. Further reducing CH estimation bias would likely benefit
from training with ALS data or very high-resolution (<5 m) satellite
imagery (Tolan et al., 2024; Wagner et al., 2025). While such data
can improve per-pixel accuracy, they are often unavailable or
prohibitively expensive across large tropical regions. Moreover,
their limited spatial coverage and lack of regular updates make it
difficult to train models that generalize well across time and space,
and to validate annual predictions. As a result, these approaches are
not yet feasible for generating spatially and temporally consistent
annual CH maps at national or continental scales. Furthermore, our
models were all developed based on top forest height (RH100) which
primarily captures the structure of the upper canopy, but fails to
account for variation in understory structure, adding uncertainty to
AGB predictions (Duncanson et al., 2022). The combined use of
multiple RH metrics (e.g., RH50 and RH75) along with other
variables from the GEDI L2B product may thus improve AGB
predictions (Duncanson et al., 2022; Rodda et al., 2024; Sagang
et al., 2024; see also Supplementary Figures S32, S33). When
different RH metrics are unavailable, extracting multiple CH data
points (such as minimum and maximum values) should improve
model performance (Figure 10; Supplementary Figure S22).

Mapping AGB from CH requires accurate allometric models.
The CH-AGB relationship is nonlinear and influenced by forest
structure, species composition, and environmental conditions. This
complexity introduces uncertainties into the AGB modeling process.
Most CH-AGB relationships can be described by a power-law
relationship (Supplementary Table S1), but they vary across
forest types (e.g., lowland vs. montane forests) and forest age. As
forests mature, CH saturates while AGB continues to increase,
making CH an incomplete predictor of forest biomass. Our
AGBI model using CH only was consistent with cross-validation
field datasets and model aligned closely with previous allometric
relationships derived from LVIS (Armston et al.,, 2020) and other
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studies (Simard et al., 2019; Stovall et al.,, 2021), suggesting its
transferability across both field and ALS data. However, this
allometric model underestimated biomass in the DRC forest
(Figures 8, 9; Supplementary Figures S17,518), primarily due to
discrepancies between our CH estimates and those derived from
ALS by Xu et al. (2017). We found that CH explains only 64.4% of
the variability of biomass (Supplementary Figure S22). This finding
is consistent with previous studies, highlighting the need to integrate
other axes of AGB variation than forest height in AGB models, such
as mean stand wood density and basal area, or covariates that may
explain these variation axes (e.g., forest types) (Saatchi et al., 2011;
Xu et al., 2017; Fatoyinbo et al., 2021). The AGB2 model based on
CH and WD reduced the underestimation of high biomass in the
DRC (Supplementary Figure S18). This highlights the necessity of
integrating WD to improve large-scale biomass mapping. However,
the limited spatial resolution of available WD maps (i.e., 1 km) still
requires further refinement.

Furthermore, 10 m single-pixel CH data do not fully capture
forest structural heterogeneity in a 30 m pixel defining biomass,
making it necessary to account for CH variance within a 30 m pixel
(Figure 10; Supplementary Figure S22). We tried to account for this
heterogeneity within a 30 m biomass pixel by using machine
learning for allometric models. Yet, the applicability of these
models was hindered by the lack of training samples and high-
resolution ancillary data. The limited number of field samples (N =
403) constrained the ability of XGBoost models to quantify residuals
in AGB1 and AGB2, with only 47% and 49% of the residuals
variance being explained. This limitation hinders our machine
learning models from effectively capturing the residuals of
AGBl and AGB2 to achieve better mapping performance
(Figure 10). Furthermore, the predictive capacity of machine
learning models is significantly influenced by the range of valid
samples. For instance, the lack of samples at low and high biomass
values caused biases, with saturation at high values (Supplementary
Figure S25), despite the overall reduction in model error
(Supplementary Figure S22). Sparse or incomplete training data
limited the allometric models’ ability to capture the full spectrum of
CH-AGB variability, particularly in underrepresented forest types or
regions. While it is possible to combine multiple data sources to
train allometric models, the differences between field plots and ALS-
derived AGB still poses a challenge. Furthermore, mismatches in
data resolution may have affected the quality of maps generated by
machine learning models, potentially resulting in erroneous spatial
details (Supplementary Figure S23). In addition to resolution
mismatches, uncertainties in the input variables such as climate,
soil, and forest type (Supplementary Table S2) could also propagate
into the machine learning predictions. These ancillary datasets were
not uniformly validated across the study region. Their spatial
inaccuracies or thematic misclassifications may have introduced
noise into model training and prediction (Supplementary Figure
S21). For example, forest type maps may not capture fine-scale
species composition or degradation status (Réjou-Méchain et al.,
2021). Climate and soil layers may contain coarse-resolution
artifacts that do not align with local canopy height variation
(Hengl et al.,, 2021; Jimenez-Munoz et al., 2014). These sources
of uncertainty likely contributed to the limited improvement of
machine learning models compared to the simpler allometric
approach based solely on CH.
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Overall, compared to XGBoost models, the parametric

allometric models produced more robust biomass maps,
demonstrating a higher consistency with the independent large

scale concession data of Ploton et al. (2020) (Figure 11).

4.3 Implications for future work

The GEDI data contains random geolocation errors, although
the current version has been improved to meet the mission’s 10-m,
1-sigma horizontal geolocation accuracy requirement (Tang et al.,
2023). These geolocation errors result in a lack of fine spatial details,
such as roads and crown gaps (Figure 7). Consequently, further
efforts are needed to develop methods to address these issues. In
addition, the Sentinel-2 data can be improved with corrected
bidirectional reflectance (BRDF), which should be tested in
further studies. One potentially efficient strategy would be to
combine data from other sensors to enhance calibration and
validation, such as integrating GEDI with ALS (Tang et al,
2023), ICESat-2 ATLAS (Liu et al., 2022), or TanDEM-X InSAR
data (Qi et al,, 2025) and L-band radar such as ALOS-PALSAR2
(Rosenqvist et al., 2014) which are more sensitive to deeper canopy
structure than Sentinel-1. However, this approach will require
careful consideration of system differences and ensuring
sufficient spatial coverage. Another promising approach is to use
ancillary data, such as leaf area index, vegetation indices and gross
primary productivity, to identify the leaf-on seasons across the
Central African forests (Liu et al, 2024) for better selecting
GEDI footprints and mitigate RH variations that may occur
during non-growing seasons when vegetation signals are weaker
and more prone to geolocation misalignment.

Our AGB estimation inevitably exhibits some saturation,
particularly in areas with very high biomass, reflecting limitations
inherited from both CH models and the allometric relationships
used to derive biomass. While we tested alternative approaches,
including hybrid and machine learning models (e.g., XGBoost),
these reduced numerical errors but introduced unrealistic spatial
artifacts and relied on inputs not consistently available across years,
making them unsuitable for annual mapping. In contrast, our
selected method achieves a balance between accuracy, temporal
consistency, and interpretability. The resulting AGB maps, with a
relative RMSE of 32.9%, perform comparably to or better than
recently developed biomass models and products (23.3%-76.1%)
(Supplementary Table S4). More importantly, our framework
enables the first annual, high-resolution (30 m) AGB maps for
African tropical forests, addressing a long-standing gap in forest
carbon monitoring and supporting operational applications across
space and time.

Our biomass maps require further enhancement to better
address uncertainties in model training and validation. To
improve AGB modeling, in future work, we will train models
using additional GEDI RH metrics than RH100. Achieving this
will also demand significant time for model training. Another option
is to develop region- and forest-type-specific AGB models based on
CH and WD, which may better capture variability and reduce biases.
For allometric models, continuing to test machine learning
approaches could improve accuracy by integrating additional
properties factors.

predictors like soil and environmental
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Although allometric models should be robust enough to be
applied to different forest types, the current study region is
dominated by lowland dense forests. As such, the model was
trained primarily on lowland conditions, and montane or dry
forests were not sufficiently represented in the training data.
Although our CH model performs consistently across different
forest types (Supplementary Figure S34), performance slightly
declines in montane regions, particularly above 2,000 m where
our CH and GEDI RH100 correlations decrease (Supplementary
Figure S35). This is likely due to a combination of factors, including
increased terrain-induced geolocation errors, limited training
samples at high elevations, and reduced accuracy of LiDAR-
based CH retrievals in mountainous regions, where identifying
reliable ground returns is more difficult (Liu et al., 2021; Lang
et al,, 2019; Dhargay et al., 2022). Consequently, AGB retrievals in
these regions may be less reliable. Interestingly, our results still show
comparable mean AGB values between lowland (elevation <800 m)
and montane forests, consistent with the high carbon densities
reported by Cuni-Sanchez et al. (2021) in montane forests.
However, to improve the robustness of CH and AGB estimates
in underrepresented forest types, especially montane forests, we plan
to expand future model training to broader regions with enhanced
ground reference data.

Model validation should fully account for the impact of field
sampling and differences in mapping time. Currently, most
available plot inventories and ALS data were collected over
10 years ago (Table 1) which degrades the match between
field-observed and satellite-retrieved biomass. Although we
mitigate this issue by applying recent forest masks, this
significantly reduced data availability. Moreover, height and
biomass in the tropics may change rapidly due to forest
deforestation and degradation (Figure 12; Supplementary
Figure S31), contributing to the differences between our maps
and inventories (Figure 11, Supplementary Figure $25-S27).
Therefore, it is important to identify if each field site has
experienced no disturbance, or a disturbance followed by
regrowth or degradation which can be done using historical
disturbance datasets such as Vancutsem et al. (2021). This
approach can further be combined with growth models to
predict changes in forest biomass (Heinrich et al, 2023)
between the year of inventory and the recent period analyzed
by satellite data. Another option would be to use a longer time
series of remote sensing data such as Landsat images, to infer CH
and AGB with deep learning modes over the period covered by
inventories.

5 Conclusion

This study presents a deep learning framework for mapping
annual CH, successfully deriving AGB maps in African dense
forests through allometric and machine learning methods. By
integrating Sentinel-1/-2, GEDI data, and extensive reference
datasets, the proposed methodology enhanced the estimation
accuracy of CH (Bias = 1.40 m) and AGB (Bias = 6.47 Mg/ha)
compared to most existing datasets. The high-resolution CH map
demonstrates improved spatial detail and reduced bias compared
to three global CH datasets, particularly in tall forests. The
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optimized AGB maps outperformed commonly used datasets,
showing good agreement with field observations. Our study
developed an optimal allometric model for characterizing AGB
variability from CH and WD, which exhibited high consistency
across different data sources. We also provided residual maps for
allometric AGB models as a reference, although the residual
model can only be partially accepted. These findings
emphasize the importance of further refining data integration
and modeling techniques to enhance tropical forest carbon
monitoring. Specifically, improved filtering approaches for
GEDI footprints, based on the identification of leaf-on
seasons, could reduce the impact of geolocation uncertainty.
Additionally, integrating different RH metrics from GEDI and
ALS is expected to enhance AGB estimation accuracy. It is also
essential to mitigate the effects of forest regrowth and
degradation on the alignment between remote sensing data
and field plot measurements. Overall, this study presents the
first version of the “FORest Multiple Source” CH and AGB maps
for African dense forests (FORMS-Africa V1), which have the
potential to track forest disturbances including degradation,
deforestation, and regrowth through changes in CH and AGB.
Future efforts will focus on enhancing the modeling framework
and providing annual updates for the FORMS-Africa CH

and AGB maps.
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