A VERTICAL VEGETATION STRUCTURE MODEL OF THE EARTH

Hui Zhang*' Nico Lang*f Mikolaj Mazurczyk Stefan Oehmcke
University of Copenhagen  University of Copenhagen  University of Copenhagen  University of Rostock

Ke Huang Martin Brandt Rasmus Fensholt Ankit Kariryaa
University of Copenhagen  University of Copenhagen  University of Copenhagen  University of Copenhagen

Christian Igel®
University of Copenhagen

October 6, 2026

ABSTRACT

Knowing the global distribution of vegetation structure is an essential prerequisite to better quantify,
model, and manage carbon, water, energy, and biodiversity in the Earth system[1H3]. Despite its
recognized importance, vertical structure measurements remain sparse at global scales, limiting our
understanding of the links between structure and ecosystem functions and resilience[4H6]. Here
we present global vertical vegetation structure data for the year 2020 at 10 m spatial resolution. A
deep learning approach was developed to combine satellite images from Sentinel-2 with 178 million
sparse height profile measurements from the GEDI spaceborne LiDAR mission. While prior work
has focused on modeling canopy top height or other scalar descriptors of structure[, [7H9], we
provide a detailed global representation of the full vertical vegetation structure. Not only does this
improve canopy top height estimates by up to 37% compared to commonly used top height proxies,
but more importantly, the vertical structure estimates reveal conservation-relevant differences in
canopy organization, lower-canopy structure, and canopy closure that are otherwise compressed or
missed by top height and scalar complexity products. For example, we find that our full profile
data improve the identification of natural forests by 42% relative to using canopy top height alone,
likely being a result of the improved sensitivity to fine-scale structural signatures associated with
anthropogenic disturbance, including structural changes caused by forest degradation or selective
logging. By revealing subtle signatures associated with forest management and potential degradation,
the presented vertical structure model provides a foundation for implementing global conservation
initiatives[[10H12] and advancing early warning systems in ecosystem monitoring. E]

Keywords vegetation structure, forest naturalness, canopy height, GEDI, deep learning, uncertainty
quantification

1 Introduction

Vegetated land provides a central basis for human and animal life[ 13} [14], often indirectly by regulating the climate
at local and global scales, providing food, regulating the watershed, and conserving biodiversity. Intact vegetation
ecosystems can reduce the destructive impact of severe weather events and climate change[15]], for example, by lowering
the risk of soil erosion and land-slides, or by acting as a buffer against hurricanes, storm surges, and avalanches.

*Corresponding authors: huzh @di.ku.dk, nila@di.ku.dk
TThese authors contributed equally to this work.
3The data can be inspected and downloaded globally via our data viewer: https://huizhml .github.io/map-explorer/

Preprint status. This manuscript is an EarthArxiv preprint and has been submitted to a journal for peer review and possible
publication. Subsequent versions of this manuscript may differ from the present version.



https://huizhml.github.io/map-explorer/

A PREPRINT — OCTOBER 6, 2026

Nevertheless, intact ecosystems are under immense pressure due to human activities[16] often associated with the
production of commodities such as palm oil, cocoa, soybeans, and cattle[17, |18]. Even formally protected areas
are impacted[[19] and about one-third of global protected areas are under intense human pressure[20]. The urgency
of adapting to a changing climate and avoiding biodiversity collapse[21]] led to several international environmental
initiatives to preserve the remaining intact ecosystems and to reverse degraded habitats to a natural state. Examples
include the “30 by 30" commitment that protects 30% of the world’s lands, oceans, and freshwaters by the year 2030[11]],
and the European Union (EU) Deforestation Regulation (EUDR)[12], which aims to limit deforestation caused by the
major agricultural commodities sold in the EU.

A crucial step towards implementing such global conservation targets on land is to quantify the conservational value
of vegetation ecosystems to guide resources towards protecting the most valuable ecosystems[1H3]. Quantifying this
conservational value is challenging as we need to account for a multitude of criteria including carbon stocks[22]],
biodiversity[23]], and the naturalness of ecosystems[24]. The conservation and reforestation of degraded forests is
discussed as a mechanism to sequester carbon from the atmosphere, but high uncertainties of estimated carbon stock
potentials[25]] and ecosystem services remain a challenge[25]]. In general, monitoring ecosystem functions such as
ecosystem productivity and carbon-use efficiency is pivotal to understand how ecosystems respond to anthropogenic
drivers and a changing climatel[6].

Vertical vegetation structure is a key three-dimensional property that allows to model aboveground carbon stocks,
biodiversity, and the naturalness of ecosystems[5, 26, 27]], and a dominant factor explaining variation in ecosystem
function[6]]. In practice, however, most studies have relied on canopy top height or individual structural complexity
indices as proxies for vertical structure[28} [29], largely because spatially continuous measurements of the structure
have been scarce at scale. Such scalar summaries compress the vertical organization of the canopy into a single value,
leaving lower strata under-represented and reducing sensitivity to fine-scale, three-dimensional structural signatures
caused by natural processes or human activity. Selective logging, for example, removes upper-canopy elements and
reduces the thermal buffering that keeps understory microclimate cool on hot days. Such structural change reshapes
the vertical profile and the ecosystem services of intact natural forests, yet remains largely invisible in canopy top
height estimates. To better understand the human drivers influencing forest structure and to support the management of
protected-areas, we need vegetation structure data that are globally consistent, timely, and of a high spatial resolution
that resolves human activities such as development of forest tracks and selective logging|[[19].

Today, there is no single satellite sensor that can measure high-resolution vertical vegetation structure at global scales.
However, remote sensing research has played a central part in developing approaches for fusing data from different
space missions to create derived data products. On the one hand, dedicated laser scanner instruments like the Global
Ecosystem Dynamics Investigation (GEDI) have advanced the availability of sparse global-scale vertical structure
measurements[4]. As a sampling mission, GEDI yields spatially sparse measurements, and the derived products provide
only scalar summaries of structure[5, 30]], rather than a spatially continuous full vertical profile. On the other hand,
optical satellite missions like Sentinel-2 or Landsat provide dense coverage at spatial resolutions up to 10 m with
revisit times of five days, but do not provide a direct measurement of vertical vegetation structure. Modeling vegetation
parameters using both types of sensors provides a promising pathway to overcome the limitations of each sensor
alone. The progress of artificial intelligence (Al) and modern machine learning methods has led to advanced canopy
height products[8l 9, [31]] and global structural complexity maps[3l 30], but the state of the art of the characterization of
vertical structure remains limited by capturing only a few statistics of the structure[30] and by covering few geographic
regions[32].
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Figure 1: The GEDI sensor measures sparse vertical profiles of vegetation structure within a 25m footprint. This data is
represented as 101 Relative Height (RH) metrics, each describing the height above ground at which a certain percentage
of the laser energy is returned.
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Here, we present a deep learning approach that combines Sentinel-2 and GEDI data to model the vertical structure of
vegetation globally with 10 m spatial resolution, and thus, goes beyond the state of the art marked by single statistics
as proxies for the vegetation structure. We extend the established concept of canopy height models (CHM), that is,
the rastered data of vegetation height above ground, to the concept of vertical structure model (VSM) to represent
the full three-dimensional vegetation structure. Concretely, the VSM describes each 10 m pixel by a full RH profile
with 101 relative height metrics (RHO-RH100, see Fig. [T) with calibrated prediction intervals, characterizing how
vegetation is distributed from the ground to the canopy top. The presented VSM is a three-dimensional data cube
that covers the entire landmass of the Earth with unprecedented spatial resolution and coverage. While this study
focuses on establishing a reference of the global distribution of vegetation structure for the year 2020, in principle, our
methodology only requires a single cloud-free satellite image to compute the VSM. Since a new Sentinel-2 image is
available at any location globally, at least every fifth day, there is great potential to monitor sub-annual processes.

Besides providing global canopy top height estimates improving beyond the state of the art, our VSM models full
vertical profiles that are sensitive to small local structure variations that are not represented in canopy top height
products. We show that the VSM and especially lower relative height metrics (e.g., RH25) capture such local variations
including natural patterns like small canopy gaps and differences in canopy closure, but also anthropogenic disturbances
like narrow forest tracks and early signs of logging and deforestation activities. Such detailed local structures are neither
visible in the original sparse GEDI data, as high-spatial resolution is required, nor are they visible in canopy top height
products derived from GEDI as the 25 m footprint of the laser beam leads to blurring effects(8].

Quantifying the uncertainty in estimated biophysical quantities is key to inform downstream analyses. Therefore we
used conformal prediction to calibrate our estimated prediction intervals. We found that calibrating uncertainties at
the biome level improves the regional coverage, that is, the probability that the true structure metric falls within the
predicted interval, while only slightly increasing the prediction intervals. Ultimately, we demonstrate the benefit of
using the presented VSM data for identifying pristine natural forests and find that the vertical structure data with
local spatial context substantially improves the separation of natural and managed forests (by 42%), as opposed to
using canopy top height data. This marks a substantial improvement for a challenging but essential task to implement
deforestation policies such as EUDR.

2 Results

2.1 Modeling the full vertical structure

GEDI measures vertical vegetation structure within approximately 25 m footprints using full-waveform LiDAR. Its
relative height (RH) profile provides a compact representation of the raw waveform, from which the vertical distribution
can be approximately reconstructed (Fig.[T). Here we present a vertical structure model (VSM) that compensates for
the sparse spatial sampling of these GEDI RH profiles by predicting the full RH profile continuously at 10 m resolution,
thereby complementing GEDI’s vertical information with the spatial context needed to characterize three-dimensional
structural complexity caused by fine-scale climatic, geographic, and disturbance gradients[3].

Sentinel-2 Satellite Images Vertical Structure Model (VSM) GEDI: Relative Height Profile
Input: Dense 2D Output: Dense 3D Reference: Sparse 3D
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Figure 2: To densify these sparse GEDI measurements, a deep learning model computes a dense vertical structure
model (VSM) from optical satellite images under sparse supervision.

Deep learning approach. To compute a global VSM, we developed a fully convolutional neural network (CNN) that
combines dense 2D satellite imagery from Sentinel-2 with sparse 3D relative height (RH) profiles from GEDI to derive
a dense 3D structural profile of the Earth’s vegetation at 10 m resolution (Fig. 2). We build our model architecture
based on prior work by Lang et al.[8] but train the CNN with a multitask strategy that jointly optimizes a quantile
regression loss for each RH metric in the profile together with a cross-entropy loss for land cover segmentation. The
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latter helps the model to learn robust features where GEDI reference data are scarce or unreliable. Such gaps arise from
GEDTI’s sparse coverage and sensitivity. A strict quality filter selects 178 million measurements with good sensitivity
for the training of the model. We also filter measurements on steep terrain, where the large laser footprint broadens the
waveform responses and biases RH metrics as proxies for vegetation height above ground (33| 34].

To estimate vertical structure at global scale (Fig. [3) robustly under clouds and illumination variation, we adopted the
late-aggregation approach from[8]]. For each location, multiple growing-season images are processed independently,
and the resulting VSM predictions are aggregated by their pixel-wise median. While it is challenging to visualize this
full-3D VSM data cube, we can visualize the vertical profiles along local transects, e.g., the 8km long example from

Northern Sumatra, Indonesia in Fig. ] shows the transition from managed landscapes (on the left) to natural forests (on
the right).

VSM 2020

RH [m]
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Relative Height
metrics (RHO0-100)

Figure 3: The global VSM for 2020. In this data cube, each 10 m pixel represents the full RH profile (RHO-RH100),
characterizing vertical and horizontal vegetation structure across the Earth’s land surface.
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Figure 4: Example transect from Northern Sumatra, Indonesia, showing the variation of the computed 3D vertical
profile as returned energy across land use types[33], from agroforestry and managed forests to natural forests. Sentinel-2
cloudless 2020: https://s2maps.eu, EOX IT Services GmbH; contains modified Copernicus Sentinel data 2020.
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Conformalizing the prediction uncertainty. The reporting of modelled Earth observation data for environmentally
and socially relevant tasks requires rigorous uncertainty quantification. In addition to estimating the vegetation structure
(median), we use quantile regression to estimate the Sth and 95th percentile of each predicted RH metric of the full
vertical structure profile. This leads to prediction intervals for every RH metric in the vertical profile at each location
(Fig.[5). To get coverage guarantees, we apply split conformal prediction (SCP)[36H38], recalibrating the predicted
intervals post hoc (see[Methods). When evaluated globally, this calibration process results in conservative empirical
coverage above the nominal 90% across all RH metrics (Fig. [6). However, the importance of calibration becomes
evident when the data are stratified by biome. The uncalibrated empirical coverage falls considerably below the target
of 90% for Temperate broadleaf forests across all RH metrics, while Temperate grasslands show both overcoverage
and undercoverage depending on the RH level. To obtain good (conditional) coverage for each biome, we group the
calibration data by WWF terrestrial biomes[39]] and apply SCP independently within each biome[38]]. Conformal
calibration successfully brings the empirical coverages closer to the target 90% across all 13 calibrated biomes and all
RH metrics on the held-out test data (Fig.[6). This is a substantial improvement over using the uncalibrated quantiles.
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Figure 5: Global distribution of prediction intervals for RH98 (left) and RH25 (right), with corresponding latitudinal
distributions.
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Figure 6: Coverage of prediction intervals improves after calibration with conformal prediction, evaluated globally
(left) and stratified by biomes (right).

The VSM reproduces vertical structure and its diversity. Validation against held-out GEDI shows that our VSM
reproduces the GEDI RH profile well, with residuals centered near zero across all RH bins (Fig.[7). Agreement is
closest in the mid-canopy, with larger deviations toward the lower and upper ends of the profile. At the lower end
(RHO-19), the predicted distribution is concentrated more narrowly around the mean, reflecting the difficulty of inferring
lower-canopy and sub-canopy-related RH metrics from optical imagery alone. At the upper end (RH90-100), the VSM
better represents the variance observed by GEDI, but still underestimates variation.
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Residuals of VSM on GEDI RH distributions: VSM vs GEDI
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Figure 7: Error distribution (left) and absolute distribution (right) of the estimated RH metrics compared to hold-out
GEDI reference data.

VSM-derived structural diversity indices also agree well with those computed from the GEDI reference (Fig. [8)),
showing its ability to preserve higher-order structural properties. We consider four indices that capture different aspects
of vertical canopy complexity and have been widely used in biodiversity and habitat assessments[40} 4T]): foliage height
diversity (FHD)[40Q], one- and two-dimensional effective number of layers (1D and 2D ENL)[42]], and canopy ratio
(CR)[43]. Agreement is strongest for FHD (R? = 0.80) and lowest for CR (R? = 0.59). This is consistent with the
narrower VSM distribution observed at lower RH metrics (Fig.[7), as CR is sensitive to errors in the understory structure
estimates.
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Figure 8: Agreement between diversity indices derived from the VSM and GEDI, at the footprint level.

Comparison against the Waveform Structural Complexity Index (WSCI)[3] further confirms that the VSM captures
3D structural complexity, with all four VSM-derived indices showing strong agreement with WSCI (Fig. [9). Based
on the GEDI RH metrics, the WSCI models a 3D canopy entropy metric derived from globally distributed airborne
laser scanning (ALS) training data. Agreement is strongest in the mid-range of WSCI. At lower WSCI values, the
diversity indices concentrate near their theoretical lower bounds (upper bounds for CR). At higher values, where
WSCI saturates around 11, VSM-derived indices continue to vary, showing its ability to capture broad gradients in 3D
structural complexity.
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Figure 9: Agreement between VSM-derived diversity indices and the Waveform Structural Complexity Index (WSCI)[3]
at 1 km resolution.
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Figure 10: Global distribution of the VSM-derived diversity indices 2D effective number of layers (ENL) and canopy
ratio (CR) at 1 km, with corresponding latitudinal profiles.

The evaluation of our canopy top height (RH98) estimates with independent airborne LiDAR data from diverse
geographic regions and different years showed good overall agreement, with average Spearman’s rank correlation
coefficient of p = 0.71 and p = 0.77 for the two airborne instruments (Extended Data Fig.[AZ). Because RH-profile
definitions are not standardized across airborne LiDAR datasets, we used canopy top height as a general cross-site
quality check for our VSM, as it can be more readily harmonized across datasets. Across sites with diverse vegetation
characteristics the p ranged from 0.53 (tropical moist broadleaf forests and savanna, Gabon) to 0.89 (mangroves and
tropical moist broadleaf forests, Gabon).

Together, these evaluations establish the VSM as a reliable representation of vertical structure and its diversity, supporting
the global analyses that follow, with limitations concentrated in the understory and dense canopy tops.

Global patterns of vertical structure and uncertainty. Our global VSM allows to derive established structure
indices describing vertical structure traits, including FHD, 1D and 2D ENL, and CR, at 10 m spatial resolution globally.
Looking at the global distribution of ENL 2D and CR at 1km resolution (Fig.[T0) we see a clear latitudinal gradient
with higher number of effective layers in the tropics which is decreasing towards north and south. Similar latitudinal
patterns are observed for the CR, which is lowest in the tropics and increases towards higher latitudes. The CR is
computed as CR = (RH98 — RH25)/RH98 and complements ENL as an indicator of the asymmetry of vertical
structure distribution. A CR value of 0.74 indicates a rather symmetrical distribution, while a CR lower than 0.74
indicates that vegetation structure is denser in the upper layer and vice versa[44]].

Hotspots of ENL are found in tropical forests such as Gabon, central Borneo, and north-eastern Amazonas but also
in northern Myanmar, which is in agreement with prior global structural complexity studies[5]. While for Gabon
and central Borneo, the CR decreases with distance from the forest boundary, for northern Myanmar the CR is more
homogeneous and around 0.74. This indicates rather uniform distribution of the estimated vertical profile and vegetation
with less canopy closure (see, e.g., Fig. [IT). Such latitudinal gradients are also reflected in our prediction intervals
(Fig.[5). On a global scale, uncertainty correlates with the top height and vertical structure, following similar latitudinal
gradients like ENL (Fig.[I0). However, at local scales, we find that estimates with similar RH values can have varying
prediction interval widths (see Extended Data Fig. [A3).

2.2 Forest naturalness quantification benefits from vertical structure

Our results on forest naturalness classification show that vertical structure is a strong predictor of forest naturalness.
Incorporating the full VSM profile together with its spatial context improves accuracy relative to the canopy top height
baseline for all classes, with the largest gains (up to 0.65 in F1 score) for plantation types that are indistinguishable by
top height alone. These differences are highly statistically significant (paired two-sided Wilcoxon test, p < 0.001).

Distinguishing natural forests from managed forests and plantations is a prerequisite for effective conservation
planning[24] and EUDR implementation. However, quantifying forest naturalness from remote sensing data re-
mains challenging [435]], especially when forests have similar canopy height and cover but differ in their internal
layering. Natural forests typically develop multi-layered canopies with high structural complexity, whereas planted
and intensively managed forests tend to exhibit uniform, single-layered profiles[46]. These differences extend below
the canopy top and influence both ecosystem integrity and function [24} |47], with lower and middle canopy layers
contributing strongly to 3D forest structural complexity, particularly for tropical forest[S]]. Qualitatively, the VSM
shows clear distinctions across different forest disturbance and recovery states (See Fig. [12)). To evaluate whether our
VSM encodes sub-canopy features informative of forest naturalness, we classify expert-annotated forest management
classes[35] starting with top height (RH98) and progressively adding vertical-structure information.
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Figure 11: Four tropical forest sites showing how the VSM captures fine-scale structural variations. From top to bottom:
forest with varying canopy closure, natural canopy gaps, narrow forest roads and tracks, and selective logging.
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Figure 12: Example transect from Borneo, Indonesia, illustrating how vertical structure varies across disturbance
regimes. Sentinel-2 cloudless 2020: https://s2maps.eu, EOX IT Services GmbH; contains modified Copernicus Sentinel
data 2020. Forest disturbance classes from JRC TMF AnnualChanges v1 [48] are shown for visual reference.
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Figure 13: VSM improves forest naturalness classification. a, We show the importance of the spatial context provided
by the VSM for classifying forest naturalness using a linear model (logistic regression). Higher F1 scores are better,
and hatched bars show the improvement from incorporating spatial context. b, Contribution of vertical structure data
for classifying forest naturalness using a non-linear model (convolutional neural network). Hatched bars show the
improvement over using canopy top height (RH98) as the predictor. We compare commonly used diversity indices
(FHD, ENL, CR) with key RH metrics and the full profile from the VSM and its complementarity with Sentinel-2
images (S2).

First, we show that the local variation of the VSM provides complementary spatial context that is not captured by
sparse GEDI footprint locations. Using logistic regression (Fig.[I3h), the spatial context improves the overall F1 by
19% yielding consistent gains across all landcover categories with the largest gains in managed classes such as planted
forests, plantations, and oil palm. This confirms that the spatial variation is particularly informative for classes with
characteristic spatial signatures, such as the regular planting patterns, but also informative for natural forest patterns,
which point-wise sampling cannot capture.

Second, full vertical profile information improves forest naturalness classification beyond what canopy top height
provides by 42% in F1. Using a CNN classifier (Fig. [[3p), the overall F1 score increases progressively with richer
vertical structure information. Substantial improvements are observed for planted forest, short rotation plantation and
oil palm, which cannot be distinguished from top height (RH98) alone. Planted forest remains the hardest class, where
adding a single vertical complexity measure to canopy top height (RH98) is insufficient, and substantial improvement
requires the full profile.

Finally, we show that adding spectral data from Sentinel-2 is complementary and can improve classification performance
when combined with both, RH98 and the full profile. Combining the full profile with Sentinel-2 achieves the best
performance across all naturalness classes, with the largest gain on the most challenging type, planted forest, indicating
that the full profile and Sentinel-2 imagery contain complementary information. Interestingly, combining multiple
structural diversity indices does not outperform the combination of few key RH metrics, suggesting that key RH metrics
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Table 1: Comparison of the VSM with existing canopy top height products, where each product is evaluated against
its corresponding RH proxy metric. All canopy height products are resampled to 10 m for consistent comparison. All
differences between our VSM and the other models are highly statistically significant (paired two-sided Wilcoxon test,
p < 0.001).

RMSE MAE ME (bias)
RH95 RH98 RHI00 RH95 RH98 RHI100 RH95 RH98 RHI00
UMD 5.59 3.77 -1.97
ETH 6.03 431 -0.23
UM 5.33 2.76 -1.45
META 6.42 4.21 -3.54
Ours 4.68 4.87 5.02 243 2.61 2.79 0.22 0.20 0.13

contain more complementary information than the commonly used structural diversity indices. A similar pattern holds
for logistic regression (Extended Data Fig.[A4).

Together, these results show that our VSM captures 3D structural information beyond canopy top height and sparse
GEDI locations and supports applications in which assessing vertical and spatial heterogeneity is crucial.

2.3 Advancing global canopy top height estimates

Our VSM yields state-of-the-art global canopy top height estimates, with particularly robust performance in tropical
and frequently cloudy regions. Canopy top height has been identified as a priority biodiversity metric to observe from
space[49]. Although most existing global canopy top height products utilize GEDI data as the reference, they use
different RH metrics as proxies for canopy top height (i.e., RH95, RH98, and RH100). These differing definitions of
top height hinder proper comparison between the products, as height increases with higher RH metrics. Our VSM
provides all RH metrics and allows us to use top height estimation as a familiar benchmark. We present the first fair
comparison against state-of-the-art top height products (Table , henceforth referred to as UMD|7], ETH[S]], UM[9],
META[S50]. Our VSM advances the state of the art of top height estimates globally for the year 2020. Compared to the
commonly used META canopy height map max-pooled to 10 m resolution, our estimates improved by 37% in root
mean square error (RMSE). Closest to our performance is the UM map, however, it is based on RH100, which is prone
to atmospheric noise[4].

Qualitatively we find that our top height maps are sharper than the ETH map and comparable with UM, likely because
the UM map and our VSM were trained on the GEDI version 2 reference data, which provides an improved footprint
geolocation compared with version 1 used by ETH. We find that our product substantially outperforms other products in
tropical and frequently cloudy regions (see Extended Data Fig. [A5]column A-D). While our canopy top height proxies
have a lower overall bias than prior work, they still underestimate very tall canopies (like all prior work), which is likely
an effect of the signal saturation in Sentinel-2 imagery. Unlike[8]], we do not apply any re-weighted loss to improve
performance on rare tall canopies, as this typically comes at a price of overestimating lower canopies.

2.4 Modeling structure beyond top height resolves small-scale patterns

While our VSM advances the state of the art in canopy top height estimation, top height alone remains an incomplete
descriptor of vegetation structure, as illustrated in the forest naturalness analyses, where adding the full profile and its
spatial context markedly improved classification over a canopy top height baseline. In the following, we show that
GEDI-derived top height data is equally blind to small-scale structure. While the modelled top height proxies, such as
RH98, tend to close canopy gaps smaller than the GEDI footprint, we show for the first time that the lower RH metrics,
e.g. RH25, are sensitive enough to resolve such fine-scale structures.

Across four tropical sites, lower RH metrics and some VSM-derived diversity indices reveal fine-scale features that
top height (RH98) does not capture (Fig. [IT). In Congo, the variation in canopy closure is well represented in the CR
map, while the 2D ENL reflects the high spatial variance in open canopy. In Costa Rica, small natural canopy gaps that
RH98 tends to close remain clearly visible in RH25. In Cameroon, RH25 and CR resolve narrow forest tracks that
RHO98 misses and are nearly invisible in the Sentinel-2 image. Lastly, in Brazil, RH25 and CR expose selective logging,
where individual missing trees along an access track are clearly identifiable. Although such logging activities are nearly
impossible to see with the naked eye, neither in very high-resolution satellite images nor in Sentinel-2 images, our
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Figure 14: Error distributions of vertical structure metrics with respect to canopy top height intervals (RH98), at the
footprint level. Bars indicate sample counts per bin on the right vertical axis.

model has learned to be sensitive to predictive texture patterns in Sentinel-2. The logging area is recorded by SIMEX
(System for Monitoring Timber Harvesting) in the Brazilian Amazon[31]].

Collectively, GEDI top-height proxies such as RH98 are not sensitive to small canopy structures. Even when modeled at
10 m spatial resolution, top height maps tend to close canopy gaps smaller than the GEDI footprint of 25 m diameter as
the highest vegetation within the footprint dominates these measurements. However, when modeling lower RH metrics,
such as RH25, the resulting maps retain sensitivity to those sub-footprint structures, which yields complementary
information that is, e.g., useful for quantifying forest naturalness and forest disturbances at fine scale. Consequently,
these local structures are well represented in those diversity indices that make use of the full profile or the lower RH
metrics such as the CR.

3 Discussion

3.1 Limitations

This study presents a global high-resolution vertical structure models (VSM) at 10 m spatial resolution. While we
demonstrated that the computed data product is predictive of forest naturalness and sensitive to represent fine-scale
structural signatures, some limitations exist. The underestimation of canopy top height for tall vegetation is a common
challenge due to the limited sensitivity of optical reflectance to top height variations in tall and dense forest[8]]. We
observed that the errors of the VSM-derived diversity indices also vary with top height (Fig. [T4). This is likely a
result of the reduced sensitivity to capturing spatial patterns in the optical satellite imagery as vegetation density and
canopy closure increases. All indices, except the canopy ratio, follow a similar trend where their underestimation
increases with vegetation height above 25-30 m. Canopy ratio does not show this bias, even for tall canopies; here a
different multiplicative scaling of the RH values from a different source cancels out. Consequently, our VSM should
be interpreted as a conservative estimate of structural complexity. Our provided prediction intervals further inform
downstream applications about the expected data quality (Fig. [5).

These systematic differences need to be accounted for when using the VSM for any downstream task. To reduce error
propagation, it is best practice to recalibrate models on VSM-derived data instead of applying algorithms or formulas
tuned for the original GEDI data. However, as we have demonstrated for the task of forest naturalness quantification,
this is not necessary when models are directly calibrated using the VSM as predictor data.

Our VSM is further influenced by GEDI’s own measurement limitations. Uncertainty in footprint geolocation adds
noise and in dense canopies most laser energy is reflected by the upper layers, leaving the waveform less sensitive to the
understory[4]]. As a large-footprint laser, its ground measurements are also affected by steep-terrain. We addressed these
issues by using several quality filters, trading training data quantity for quality. GEDI’s global coverage is also confined
to +51.6° latitude north and south. As a result, the prediction reliability varies across regions, since the training
distribution does not necessarily match all deployment conditions, an issue we partially address through per-biome
conformal calibration[38]] of the prediction intervals. Our independent evaluation with high-quality airborne LiDAR
data from several regions shows that the agreement is good in both areas outside the GEDI coverage and in mountainous
terrains. This strong generalization of our approach is likely a result of training a global model on more than 178 million
data points and our multitask strategy, which makes the learning robust in regions where GEDI data is scarce.
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To obtain a complete data layer in regions of frequent cloud cover, we aggregate predictions from multiple image
observations to create annual estimates. These composites may contain artifacts due to imperfections in the cloud masks
and fast landcover changes that lead to mixed signals. To better study such scenarios, e.g. deforestation or damage after
hurricanes, our model could be applied to single cloud-free satellite images to create a clear time series of structural
changes.

Finally, dense canopies remain challenging to model because optical satellite imaging sensors cannot “see through"
closed canopies. Our model instead learns statistical correlations between spectral and textural patterns in the image
and vertical structure profiles conditioned on geolocation. The future combination with complementary data from active
imaging sensors, like the ESA BIOMASS mission[52]], seems a promising research direction. Nevertheless, our VSM
captures vertical structure within the 25 m GEDI footprint, which is sensitive to small canopy gaps and variation in
canopy closure. Such patterns are not necessarily visible by the human eye, but a predictive signal for our model that
learned to estimate the vertical structure measured by GEDI.

3.2 Facilitating scientific advancements

Many environmental modeling applications require the ability to pair geographically sparse data points with vertical
structure data, for example, carbon flux measurements, biodiversity observations, and aboveground biomass field data.
Having access to a dense VSM facilitates data pairing substantially. Our approach complements efforts on mapping
global vegetation properties[50, 53| 54] by improving the spatial resolution and coverage of global vertical structure
data.

Improving natural forest maps will be a key application of our global VSM data. Our case study has already shown
the benefit of natural forest classification and its sensitivity to different forest management categories. Deploying a
forest naturalness classifier is technically feasible and could complement ongoing mapping initiatives[S5]] to support
the implementation of forest degradation and deforestation policies. Management of forest resources at local scales is
directly supported by the new VSM data, as it is sensitive to human activities such as logging. Not only is this relevant
for countries that lack access to high quality airborne LiDAR data, but even in Europe, where high quality airborne
data is often part of national monitoring strategies, the revisit time of ALS campaigns is often in the order of 5 years,
preventing timely monitoring. Our approach allows to compute annual, or even monthly VSMs, as in principle only a
single cloud-free Sentinel-2 image is needed to make a prediction.

Monitoring carbon stocks and biodiversity are urgent challenges where remote sensing data offers a key technology[26}
56]. Our provided VSM has the potential to improve these applications. While our VSM comes at 10 m resolution,
the spatial resolution of derived aboveground forest biomass estimates should be adapted to the natural resolution
constraints and the reference field plot data[S7]]. This does not preclude the use of high resolution predictors, which
can better capture fine-scale spatial variability and thereby improve biomass estimates at coarser output resolution.
Habitat characterization will benefit from the sensitivity to small natural canopy gaps and varying canopy closures
describing heterogeneity beyond the sensitivity of existing products. These are important characteristics for modeling
light availability and below-canopy temperatures, crucial drivers of forest biodiversity as well as ecosystem dynamics
and resilience. This sensitivity will also advance early warning systems since our approach can support both the
detection of deforestation and forest degradation activities, which has been reported to account for more than half of
all biomass loss in tropical forest[58]]. Early signs of human activities, such as narrow forest tracks and even selective
logging, are often small in spatial extent and challenging to detect with remote sensing data, but become detectable in
our data.

While our experimental findings indicate that the presented VSM at 10 m spatial resolution advances the characterization
of natural and managed forests, as well as the detection of small-scale structures, future collection of both airborne
and spaceborne LiDAR data would reduce the remaining uncertainty of the global vegetation structure distribution.
Nevertheless, our approach estimates the distribution for the year 2020 and enables both the estimation of the current
status and going further back in time, based on historical archives of optical satellite remote sensing data. This data,
therefore, has great potential to contribute to a broad range of timely scientific advancements in understanding the
global distribution and dynamics of carbon stocks and biodiversity in the wake of global environmental change.

4 Methods

4.1 Data
GEDI L2A Relative Height. NASA’s Global Ecosystem Dynamics Investigation (GED]) is a full-waveform LiDAR

instrument that provides sparse observations of forest vertical structure within approximately 25 m footprints with
near-global coverage. We use the Level-2A product, which summarizes each waveform as 101 relative height (RH)
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metrics (RHO-RH100). Each RH metric measures the height above ground below which a given percent of the
cumulative waveform energy has been returned, for example, RH98 refers to the height at which 98% of the LiDAR
waveform energy is returned. Together, these 101 RH values describe the vertical distribution of vegetation and are
used as a proxy for the vertical vegetation structure. The RH metrics provide a fixed-length representation of the raw
waveform, embedding it into R'%!, which makes them well-suited for predictive modeling.

We originally sampled 300 million high-quality, leaf-on GEDI footprints from 2019-2022 using a spatially uniform
sampling across global landmass. Because deciduous vegetation exhibits strong seasonal variation in canopy structure,
we restricted the training data to leaf-on conditions. To select representative footprints for the vertical vegetation
structure, we remove low-sensitivity observations following[5], which are unreliable measurements with insufficient
laser energy to detect the ground return beneath dense canopies. After sensitivity filtering for representative points
for the vertical vegetation structure, we ended up with 178,963,797 points. Following[8]], we applied standard GEDI
quality filters as listed in Table [AT]in Appendix [A] The GEDI instrument is integrated into the International Space
Station (ISS), which follows an inclined orbit resulting in a disproportional high observation density near 51° N. Due
to this latitudinal bias, a simple uniform sampling of GEDI orbits fails to produce a representative global distribution
across terrestrial landmasses. To mitigate this spatial oversampling and ensure geographic uniformity, we partitioned
the GEDI footprints into Military Grid Reference System (MGRS) cells and allocated samples proportionally to the
land area of each cell, scaled by a fixed sampling density (samples per km?). The data were downloaded from Google
Earth Engine (GEE).

Sentinel-2 Level-2A. We use Sentinel-2 multispectral imagery as the primary input for our model. Prior work has
demonstrated that canopy top height can be derived from optical imagery alone[7] 18, 50} [59]. Here, we investigate
whether optical imagery can provide enough information to predict the vertical vegetation structure beyond canopy top
height. Sentinel-2 provides global imagery in 13 spectral bands at 10-60 m resolution and a revisit time of approximately
five days, making it well suited for large-scale vegetation structure modeling. In this work, we use the 12 spectral bands
(all bands except the cirrus band) as inputs.

To construct the training dataset, Sentinel-2 observations are matched to individual GEDI footprints. For each GEDI
footprint, we apply a two-stage filtering procedure to ensure high image quality. Candidate scenes are first filtered at the
scene level by removing scenes with cloud cover > 50% or water coverage > 99%. The permissive water threshold
retains scenes covering coastal areas and small islands, where most of a scene may be ocean despite containing valid
GEDI footprints over land.

We then constrain the temporal search window based on vegetation type. For deciduous forest, we restrict the candidate
scenes to the leaf-on period with the time window defined by the GEDI footprint attributes leaf_on_day and leaf _off_day.
When leaf _on_day exceeds leaf _off_day, indicating a growing season that spans the calendar-year boundary, we add
365 to leaf off_day so that the search window can extend into the following year. For evergreen forest and non-
vegetated land-cover classes, where seasonal leaf-on and leaf-off dates are not defined, we select scenes acquired
within a £90-day window of the GEDI acquisition date. This filtering is performed for each individual GEDI footprint
independently. Consequently, geographically adjacent GEDI footprints may be assigned different candidate scenes
because of differences in acquisition dates and local growing-season timing. In the second stage, we filter at the patch
level. We follow[8]] and extract a 15 x 15 pixel patch centered on each GEDI footprint, which showed that a 15 x
15 patch provides sufficient local context for canopy height prediction. For each patch, we compute the fraction of
defective pixels using the Sentinel-2 Scene Classification Layer (SCL). Pixels flagged as no-data, saturated or defective,
medium- and high-probability clouds, cirrus, snow, or ice are classified as defective. Patches with a defective pixel
fraction exceeding 0.2 are excluded. The remaining candidate patches are ranked first by the number of valid pixels and
second by temporal proximity to the GEDI acquisition date. The highest-ranked patch is retained.

ESA WorldCover. To provide additional spatially dense supervision, we introduce an auxiliary land-cover classification
task using the ESA WorldCover product. ESA WorldCover provides global land cover maps for 2020 and 2021 at 10 m
resolution, derived from Sentinel-1 radar and Sentinel-2 optical imagery. The maps distinguish 11 classes defined using
the Land Cover Classification System (LCCS) developed by the United Nations Food and Agriculture Organization
(FAO). For each GEDI footprint, we extract the corresponding ESA WorldCover 2021 (v2) patch. Although our GEDI
data span 2019-2022, we assume that the majority of pixels retain the same land-cover class over this period. This
auxiliary task serves three purposes. During training, it provides dense spatial supervision and encourages the model to
learn spatially continuous features that cannot be inferred from the sparse and irregularly distributed GEDI footprints
alone. At inference, the predicted land cover map can be used to mask non-vegetated areas during post-processing,
removing the need for an external land-cover product in years when ESA WorldCover is unavailable. Additionally, the
predicted land-cover classes can improve interpretability by linking the model’s internal representations to ecologically
meaningful categories.
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Slope derived from Copernicus DEM. Terrain slope is a well-documented source of error in GEDI canopy height
estimates. On steep slopes, the ground return in the GEDI waveform broadens as the ground surface spans a range of
elevations within the 25 m footprint, leading to mixing of ground and canopy signals and systematic overestimation of
canopy height[33] 34]]. This effect becomes pronounced on slopes exceeding approximately 15°, where canopy height
estimates show a positive bias and increased error[60]. Furthermore, GEDI’s horizontal geolocation uncertainty (=10 m)
translates into larger vertical errors on steep terrain, further increasing uncertainty in vegetation height estimates[61]].
To mitigate these effects, we exclude GEDI footprints where the terrain slope exceeds 20°, following[9]. Slope is
derived from the Copernicus DEM GLO-30, a global digital elevation model at 30 m resolution based on the TanDEM-X
mission[62]. We compute slope from the DEM and resample it to 10 m resolution using bilinear interpolation to match
the spatial grid of the Sentinel-2 imagery and ESA WorldCover product. The resulting slope layer is used to identify
and mask GEDI regression targets located on steep terrain (> 20°), where vegetation height estimates are known to be
less reliable.

Data sets. Combining the data sources described above yielded approximately 178 million samples spanning 13,929
Sentinel-2 tiles between 2019-2022. To avoid overly optimistic performance estimates arising from spatial autocorrela-
tion, we partition the data geographically at the Sentinel-2 tile level rather than at the sample level. In addition to the
standard training, validation, and test sets, we reserved a separate calibration set for uncertainty calibration via split
conformal prediction (SCP)[36H38]|. The geographic partition assigns 70% of tiles to training, 10% to validation, 10%
to calibration, and 10% to testing, corresponding to 114,403,775 training, 20,702,174 validation, 21,251,628 calibration,
and 22,606,220 test samples.

4.2 Neural network architecture

Our model builds on the fully convolutional neural network architecture of[8]], which employs residual blocks with
separable convolutions[63] without any downsampling. Because the network is fully convolutional, it can be applied to
arbitrarily large images during inference. However, this creates a train—inference mismatch: when applied to larger
patches, the receptive field exceeds the 15 x 15 pixel patches used during training, which means that the model sees
more real values that were zero-padded before. To eliminate this mismatch, we redesign the network such that its
receptive field exactly matches the training patch size. Specifically, we reduce the network depth to three separable
convolution blocks[64]. This ensures the model operates on the same spatial context during training and inference.
To compensate for the reduced depth, we double the feature width to 512 filters per block and insert a pair of 1
x 1 convolution blocks before each separable convolution block, increasing model capacity without enlarging the
receptive field. Following Lang et al.[8]], the model takes 12 Sentinel-2 optical bands together with cyclically encoded
geographical coordinates as input, allowing the model to capture large-scale geographic variation in vegetation structure.

We adopt a quantile regression loss to train the CNN, predicting the 5th, 50th, and 95th percentiles for each RH metric
independently[65,166]. This choice is motivated by several properties of the regression task. First, the global vegetation
height distribution is right-skewed, with a small number of very tall trees and occasional extreme observations. The
conditional median provides a robust measure of central tendency that is less sensitive to extreme values than the
conditional mean. Second, prediction uncertainty is not heteroscedastic. Structurally heterogeneous forests exhibit
greater variability than homogeneous plantations, and uncertainty may also vary across different RH metrics. Quantile
regression naturally captures this heteroscedasticity by allowing prediction intervals to expand or contract according
to local prediction difficulty. Third, the prediction intervals produced by quantile regression are not constrained to
be symmetric around the median. This flexibility is appropriate when the underlying distributions are expected to be
skewed, as is typical for canopy height. For example, a symmetric 6 m interval around a predicted tree height of 5m
would imply a lower bound of -1 m, which is physically meaningless. Quantile regression can help to avoid this by
allowing the lower and upper intervals to adapt independently, producing a tighter lower bound reflecting the physical
constraint and wide upper bound reflecting the possibility of tall trees. However, quantile regression cannot be expected
to provide calibrated prediction intervals with formal guarantees in our setting, and we use conformal prediction to
address this issue (see|Calibration using conformal predictionl).

4.3 Training strategy

Multi-task training. Our neural network model has two heads, one for the main quantile regression task and one for
the auxiliary task of classifying land cover. We perform multi-task learning, in which the loss functions for the two
tasks are additively combined.

14



A PREPRINT — OCTOBER 6, 2026

For the regression part, we use the pinball (quantile) loss[65} [66]. Given a target RH metric RHy, at level k£ and

corresponding predicted T-quantile ﬁﬁff) , the per-sample loss is

L, <f/{ﬁ§;)7 RHk) =max(re, (T—1)¢e), e=RH;, - f{ﬁ,(:). (1
The full regression loss averages over all 101 RH metrics and three quantile levels 7 = {0.05, 0.50, 0.95}, and is
given by
100
Lrog = 101 — S>> L, (RHk , RHk) )
k=0 €T
The land cover classification loss L5 is the standard cross-entropy loss over 12 ESA WorldCover classes Y
Los = — Z Ye log g, 3
cey

where . is the ground-truth one-hot label for class ¢ and g. is the predicted probability for class c. The overall loss
reads

L= [[5 < 20°AC" € yveg]] : Lreg + Lclsa (4)
where s is the slope, ¢* € ) the ground-truth class (i.e., Y.~ = 1), and Vyeg C Y the vegetation cover subset of ESA
WorldCover classes at the current point, and [[-] denotes the Iverson bracket. Together, these conditions disable the
regression loss for non-vegetated pixels and ones with slope > 20°. The vertical profile estimates from waveform
LiDAR are less reliable on steep terrain, where the ground return is ambiguous. Therefore, we do not consider steep
terrain during training, following prior work[9].

Optimization. The training set contains more than 114 million samples, rendering standard random access impractical.
We randomly split the data into 20 equally sized subsets and convert each to the FFCV beton format[67]] for efficient
random access. In each epoch, the model trains on a single subset using quasi-random sampling. After every 20
epochs (one full pass through all subsets), we randomly permute the subset order. We train for 400 epochs in total,
corresponding to 20 full passes over the complete training dataset.

Training is distributed across 8 AMD Instinct MI250X GPUs with an effective batch size of 4096. We use the Adam
optimizer{68] with a maximum learning rate of 10~3. The learning rate increases linearly from 106 to 10~3 during a
warm-up phase of 5 subset-epochs, then decays to 10~° following a cosine scheduler over the remaining 15 full-dataset
passes.

4.4 Calibration using conformal prediction

The prediction intervals from the quantile regression need not be valid, that is, we have no guarantees that the fraction of
true values falling within the predicted interval is indeed 90%[69, [70]. As a step towards rigorous coverage guarantees,
we apply SCP[36,[71]]. Given a calibration set D.,; of n samples and nominal miscoverage level o, SCP constructs
prediction sets guaranteed to achieve at least 1 — « expected coverage on test data. This holds under the assumption
that the calibration data and the test data are exchangeable[38]].

For each RH level k, we follow a signed-error conformal regression (SECR)(72] approach, conformalizing the predicted
.1 ~(0.05) ~(0.95) . . .
lower and upper quantiles ¢, (x) and ¢, (z) separately using two non-conformity score functions

s0(@,y) = 4" (@) —y, sP(@,y) =y - (@), )

evaluated on D, at miscoverage levels aj, = ap; = 0.05. The resulting conformal corrections c © and c L are the
empirical quantiles of each score distribution on D.,, producing the prediction interval

Cu) = [ @) — e, 47 (@) + b ©)
satisfying

1
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n

+1
where RHj;, and X are random variables. Here, €;;, is the probability that the non-conformity score of a test data point
is the same as the score of an element in the calibration set[73]].

This two-sided guarantee, which bounds underprediction and overprediction independently, is the primary motivation
for SECR over other popular conformal regression methods, such as conformalized quantile regression[74], where the
total miscoverage can be arbitrarily distributed between the two tails.
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Since quantile regression provides no monotonicity guarantee, predicted quantiles are sorted in increasing order prior to
calibration, following[75]]. We apply this calibration independently for each RH metric k£ and each WWF terrestrial
hi

biome b € B[39], an approach known as Mondrian conformal prediction[38]]. Formally, corrections C}f,b and ¢y, are

computed on the biome-stratified subset D?,; C D, for each k separately. Since biomes are non-overlapping, this

recovers both per-biome and global coverage guarantees simultaneously. Samples not falling within any biome are
excluded from calibration. Since GEDI’s orbital inclination restricts observations to within £51.6° of the equator, the
Tundra biome is represented by only 24 calibration samples, which is insufficient to yield reliable corrections; we
therefore exclude it from calibration. Unlike during model training, calibration data is not filtered by slope, ensuring
valid uncertainty estimates across all terrain conditions encountered in global deployment.

A single global correction can simultaneously overcover some biomes while leaving others systematically undercovered.
Where calibration falls short of 90%, this reflects finite-sample limitations arising from the spatial structure of the data.
Because the calibration and test sets were partitioned by large spatial tiles, samples from the same biome in each set
may originate from geographically distant regions. Spatial autocorrelation within biomes implies that such samples
are not fully exchangeable, reducing the effective calibration sample size below the nominal count and weakening the
coverage guarantee.

In Extended Data Fig.[AT| we show how conformal calibration affects the average interval width. The magnitude of the
interval width adjustment reflects the degree of initial miscalibration in each stratum (Fig. ??). Biomes characterized
by severe undercoverage, most notably Montane grassland and Tropical coniferous forest, require the largest interval
expansions, with average width increases of up to 8 m for upper canopy RH metrics. Conversely, biomes in which the
uncalibrated model already overcovers (e.g., Tropical and Flooded grasslands) undergo modest interval contractions,
improving the sharpness of the uncertainty estimates. The trend of increasing interval width with RH level reflects the
growing marginal variance of the target distribution. Whereas RHO is approximately anchored to ground level and
exhibits little cross-sample variability, higher RH metrics span an increasingly wide range of values across heterogeneous
global landscapes, requiring wider prediction intervals to maintain the target coverage.

An analogous mechanism accounts for the wider intervals in forest biomes compared to grasslands and deserts.
Nevertheless, across this division, the degree of miscalibration is not uniform, and terrain slope is its primary driver.
Model training was restricted to GEDI footprints on slopes not exceeding 20°. The calibration set, however, was not
filtered by slope to provide valid uncertainty estimates across all terrain conditions encountered in global deployment.
Consequently, steep-slope regions represent a form of covariate shift between training and calibration, and conformal
prediction compensates for this by inflating predicted intervals in affected biomes, especially those with complex
topography, such as Montane grassland. This behaviour illustrates a key strength of the conformal framework: it can
extend valid uncertainty coverage to regions where the predictive model alone is poorly specified by absorbing these
discrepancies into wider but statistically valid uncertainty bounds.

4.5 Evaluation

We evaluate our VSM against held-out GEDI footprints across the full RH profile. For visual clarity, we group RH
metrics into bins of ten. For each RH group, we compare the distribution of our VSM with GEDI reference in a
two-sided violin plot and the distribution of residuals using a boxplot.

We evaluate model performance using five complementary metrics. For continuous predictions such as individual
RH metrics in the RH profile and derived diversity indices, we report RMSE, mean absolute error (MAE), and mean
error (ME). RMSE captures the overall magnitude of prediction errors, with greater sensitivity to large deviations.
MAE provides a more robust measure of average error magnitude. ME quantifies systematic bias, where negative
values indicate underestimation, that is, predictions are systematically lower than the reference values. To assess the
strength of agreement, we additionally report the coefficient of determination R?: against GEDI and WSCI for structural
complexity, and against airborne LiDAR references (ALS and LVIS) for canopy top height. For the downstream task on
naturalness mapping, we report the F1 score, which balances precision and recall into a single classification performance
measure.

Independent airborne LiDAR data. We evaluate the top height estimates of our VSM with independent airborne laser
scanning data from multiple airborne campaigns within and beyond the GEDI coverage using the airborne reference
data as reported in prior work[8]. Such ALS data are not systematically available at global scales due to the high costs
and limited scalability. However, the high quality measurements of such airborne campaigns enable an independent
validation of our approach. We use reference data from two sources including i) NASA’s Land, Vegetation, and Ice
Sensor (LVIS) airborne LiDAR campaigns|76], a large-footprint full-waveform LiDAR and ii) small-footprint airborne
laser scanning (ALS) campaigns in Europe[S3]]. The latter has been processed to obtain GEDI-like canopy-top heights
within a 25-meter footprint derived from high-resolution rastered canopy height models[8]. To minimize the temporal
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discrepancy of potential land use changes between our VSM estimates and the ALS campaigns, we compute local
annual VSMs for the years that match the airborne campaigns best back to 2017 when Sentinel-2 was fully operational.
The results for 24 regions from different Sentinel-2 tiles are shown in Extended Data Fig. [A2] and summarized in
Extended Data Table Our model achieved good overall agreement with both references, with R? values of 0.75 for
LVIS and 0.64 for ALS. For most regions, our VSM achieved moderate to good agreement with the reference data,
with per-tile R? ranging from 0.33 to 0.71 for LVIS and 0.31 to 0.77 for ALS. In four regions, our evaluation yielded
negative R? values, which coincide with regions where visual inspection reveals land-use changes between the year of
the airborne campaign and our map product (e.g. deforestation or tree harvesting). We observe a systematic relationship
between average canopy height and model bias, that is, the model tends to slightly overestimate shorter vegetation
while underestimating taller canopies, being a common limitation of canopy height maps derived from optical satellite
imagery[8]. Overall, our model generalizes well across years as the CNN was trained on paired Sentinel-2 and GEDI
data spanning four years from 2019-2022.

Uncertainty calibration. In addition to prediction accuracy, we evaluate the calibration of prediction intervals from
conformal prediction. The empirical coverage of conformalized predictions for each biome b and RH metric k is given
by
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where q,§0‘95> and q’(€0.05) are predicted quantiles, c}co , and c}klfb are the corresponding conformal corrections, and [-]

denotes the Iverson bracket. Initial empirical coverage is computed on predicted quantiles without the conformal
corrections. The global empirical coverage for RH k is computed as
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Similarly, the average interval width for a given biome b and RH level k is given by
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Comparison to state-of-the-art canopy top height maps. We show that the VSM improves the state of the art of
top height estimates globally for the year 2020 by comparing against four recent products UMD[7], ETH[8], UM[9],
and META[50]], which use different canopy top height proxies. The modeling approaches of these products combined
GEDI with different predictor data: While ETH used Sentinel-2, UM uses Sentinel-2 plus Sentinel-1, UMD relied on
Landsat analyses ready data, and META had access to commercial 0.5 m resolution imagery from Maxar Technologies.
Consequently, ETH and UM provide canopy top height estimates rastered at 10 m resolution. For a fair comparison,
we resampled the UMD map from 30 m to 10 m using nearest-neighbor interpolation. We derive GEDI-like height
estimates from the META map by max-pooling the 1 m resolution map according to GEDI’s 25 m circular footprint.
We show that our VSM is highly competitive and advances the state of the art in canopy top height estimation at 10 m
resolution. The random errors naturally grow with higher RH metrics for our VSM product. On these overall metrics,
our VSM yields a lower random error (RMSE, MAE) and bias (ME) compared to all products and yields a similar MAE
as the UM map for RH100. We find that all existing products tend to have an underestimation bias, which is lowest for
the ETH map and strongest for the META map (-3.54 m), despite our max-pooling processing.

Qualitatively, we find that our VSM substantially improves the quality in tropical and frequently cloudy regions (see
Extended Data Fig. [A5]column A-D). This is likely a result of our late aggregation strategy adapted from Lang et al.[8],
which aggregates predictions based on individual Sentinel-2 images. While other work relies on mosaics of the input
data, our approach can make use of any cloud-free pixel without propagating errors from input mosaics. Furthermore,
giving the CNN access to the raw individual satellite imagery avoids any blurring effects in the input, which can arise
when aggregating Sentinel-2 images that have sub-pixel misalignments[77].

4.6 Global map prediction

Sentinel-2 tile-level growing season. To ensure that the deployment data follow the same seasonal distribution as the
training images, we aggregate pixel-level phenology to the Sentinel-2 tile level to determine the growing-season months
associated with each tile. We derive phenological timing from VIIRS land surface phenology data, the same source
used for leaf_on_day and leaf_off_day in GEDI attributes. For each tile, we compute the fraction of pixels whose
growing season overlaps with a given month, relative to the number of pixels with valid VIIRS phenology data. The
month is then classified as a growing month for the tile if this fraction exceeds 0.5. We restrict the calculation to pixels
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with valid phenology observations to reduce the influence of non-vegetated areas and other locations where seasonal
timing cannot be reliably estimated.

Input images. We produce wall-to-wall predictions for 2020 and 2024, covering all Sentinel-2 tiles over the Earth’s
landmass excluding Antarctica. We find 18,110 tiles with image coverage for 2020 and 18,144 for 2024. For each
tile, we sample a compact set of cloud-free images acquired during the growing season that jointly provide full spatial
coverage, this is achieved through a three-stage filtering pipeline. First, we query all Sentinel-2 images for the tile with
cloud cover and no-data pixel percentage < 90% and captured within the growing months we precomputed. Second, to
ensure full tile coverage, we retain all images from orbits with zero no-data pixels. Since spatial coverage is largely
determined by orbit geometry, it remains nearly constant across acquisitions from the same orbit. For the remaining
orbits, we take at most two with the least no-data pixel percentage and select the 10 most cloud-free images from each
orbit. Finally, image candidates are ranked first by no-data percentage and then by cloud cover, and the top 20 images
are selected. This yields a maximum of 20 images per tile.

Patch size and overlap. During inference, we first zero-pad each Sentinel-2 tile with 16 pixels on all sides. A sliding
window of 544 x 544 pixels is then applied with a stride of 512 pixels, resulting in a 32-pixel overlap between adjacent
patches. When reassembling the full tile, the outer 16-pixel border of each prediction patch is discarded, retaining only
the central 512 x 512 pixels. This removes predictions affected by padding near patch boundaries and ensures that all
retained predictions are made using real observations rather than padded values, and that neighboring patches share
similar context along their borders, reducing border artifacts.

Post-inference median aggregation. For each Sentinel-2 tile, we adopt a post-inference median aggregation strategy.
The model predicts the RH profile independently for each input image, and the final estimate is obtained as the per-pixel
median across all predictions. Compared to aggregating the input images prior to inference, this approach better
preserves fine-grained spatial details that may be attenuated by compositing inputs with varying atmospheric and
illumination conditions. It also enables image-specific prediction quality masking, as different images are affected
by different transient conditions. We apply snow, ice, and cloud masks before median aggregation and water and
built-up masks after. The same masks are applied to each prediction as they may vary across acquisitions, while water
and built-up areas remain largely unchanged within a single year. The image-specific snow, ice, and cloud masks are
obtained as the union of cloud shadow, medium- and high-probability cloud, snow, and no-data classes from the Scene
Classification Layer (SCL), together with snow and ice classes predicted by the land-cover head. The water bodies
and built-up masks are obtained from a majority vote across all land-cover predictions. This majority vote reduces the
influence of occasional misclassifications in individual predictions. The resulting water and built-up masks are applied
to the median-aggregated RH profile prediction. Non-vegetated land surfaces such as bare ground and deserts are not
masked and retain their predicted RH profiles. This preserves estimates in areas with sparse or low vegetation that may
still carry meaningful structural information.

Postprocessing. A sliding window with overlap effectively removes the border artifacts within a tile. However,
applying the same approach to neighboring tiles can lead to seamlines because adjacent tiles are often predicted
from different image sets acquired at different times, and jointly processing neighboring tiles would substantially
increase computational costs. Instead, we perform a post-inference blending step that computes a weighted average
over overlapping areas between tiles. For each overlapping pixel, weights are computed from the distance to the
corresponding tile boundary and normalized across all contributing tiles.

We round our predictions to decimeter precision and store them as int16 for better compression, therefore reducing
storage space required. The accuracy loss relative to centimeter precision is less than 1 cm in MAE and ME. The final
product is distributed at 10 m spatial resolution in UTM projection, consistent with the native Sentinel-2 tiling scheme,
and stored as Cloud Optimized GeoTIFFs (COGs). Global inference for a single year was completed in approximately
5,000 GPU-hours on AMD Instinct MI250X GPUs, with an additional 228,000 CPU-hours for postprocessing and
translation to COG format.

4.7 Deriving structural diversity indices from the VSM

Structural complexity or diversity indices are often derived to describe the vertical heterogeneity of vegetation and
facilitate ecological interpretations. Here, we derived four diversity indices from the VSM profile: foliage height
diversity (FHD)[40] as well as one- and two-dimensional effective number of layers (1D and 2D ENL)[42] and canopy
ratio (CR)[43]). These are used in the following section as ablations to characterize forest naturalness and were computed
from the predicted median RH metrics at pixel-level. For each pixel, the RH profile was converted into an approximate
vertical distribution by aggregating RH values into discrete height bins. We retained finite and positive RH values, and
discretized the vertical profile into 5 m height bins, which is consistent with the vertical bins used in the GEDI L2B
vegetation structure product[4} [/8]. Heights above 150 m were clipped, which removes values beyond the maximum
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vegetation height expected globally and ensures a fixed vertical support for all calculations. The resulting histogram
was normalized by the total count, and the result is viewed as a discrete probability distribution p over the vertical
profile bins.

Foliage height diversity was then calculated as the Shannon entropy of this vertical distribution:

N
FHD = - _pilogp; (11)

=1

Here, p; refers to the probability of bin ¢ and N refers to the number of bins. Bins with p; = 0 were ignored.
Following[42], 1D ENL was computed as the exponential of FHD

N
1D ENL:eXp(—Zpilogpi) (12)
i=1
and 2D ENL was computed as the inverse Simpson concentration
N
2DENL =1/ p?. (13)
i=1

The effective number of layers was originally proposed for quantifying three-dimensional stand structure from terrestrial
laser scanning using 1 m vertical layers. Here, we adapt the same Hill-number interpretation to VSM-derived RH
profiles, while using 5 m bins to match the vertical discretization of GEDI L2B vegetation structure metrics[4]].

Finally, the canopy ratio CR was computed as

RH98 — RH25
CR=——— 14
RHO98 (14
for RH98 > 0. Before computing CR, negative RH25 values were clipped to zero because negative lower RH estimates

have no physical interpretation as vegetation height above ground.

The FHD quantifies the vertical distribution of vegetation occupancy and increases with the evenness of vegetation
occupancy across height layers. The ENL provides a complementary indicator by expressing vertical complexity as
the equivalent number of equally occupied layers. Both 1D ENL and 2D ENL increase as vegetation becomes more
evenly distributed across height layers, but 2D ENL places greater emphasis on dominant layers than 1D ENL. The CR
reflects the relative separation between lower and upper canopy strata. It is sensitive to the degree of canopy closure and
understory development. Together, these indices capture complementary aspects of vegetation structural complexity,
including vertical heterogeneity, canopy layering, and the relative distribution of vegetation between lower and upper
canopy strata. Such structural attributes have been linked to habitat quality, niche diversity, and biodiversity patterns
across ecosystems[43}, [79].

4.8 Natural forest classification as a downstream task

VSM-based classification. Vertical vegetation structure varies systematically across forest types shaped by different
management histories and disturbances.[80]] showed that unmanaged naturally regenerating forests develop canopy
structures approaching those of intact forests, whereas managed regenerating and planted forests diverge considerably.
Primary forests typically develop multi-layered canopies with high structural complexity, whereas planted forests tend
to exhibit uniform, single-layer canopy profiles[46]. While optical imagery implicitly encodes information related
to canopy structure, this signal is distributed across spectral bands and entangled with confounding factors such as
phenology and illumination conditions. The VSM distills this information into an explicit vertical profile, providing a
representation that a classifier can leverage more directly for tasks where structural differences are discriminative.

To evaluate whether the VSM captures structural information beyond canopy top height, we use the expert-annotated
forest management labels from[35]], which comprise seven classes: natural forest, natural forest (secondary), agroforestry,
planted forest, short rotation plantation, oil palm, and no forest. We randomly split the labeled samples into 80% for
training and 20% for testing. Two questions guide the experiments: (i) does the spatially dense VSM add value over
point-wise vertical profiles? (ii) does the full vertical profile carry discriminative information beyond canopy top height
(RH98)?

We address both questions with two classifiers of increasing expressiveness: a logistic regression, which isolates the
contribution of individual input features in a linear setting, and a CNN using the same architecture as for VSM prediction
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with the regression head replaced by a classification head trained with cross-entropy loss. For the logistic regression, we
extract per-pixel features at forest management label locations. For the CNN, we use spatially dense VSM predictions
as input, enabling the model to exploit spatial context from neighboring pixels. To systematically assess the contribution
of vertical structure, we compare the following input configurations under both classifiers: i) RH98 only: canopy top
height as a baseline, ii) RH98 + individual diversity indices (FHD, 2D ENL, CR): testing whether common summary
measures of vertical complexity improve upon top height, iii) RH9S8 + key RH metrics (RH25, RH50, RH75, RH90,
RH95): testing whether few key RH metrics complement top height, iv) Full profile (RHO-RH100): the complete
101-channel vertical structure representation, v) RH98 + Sentinel-2 — testing the complementarity of canopy top height
and spectral data, vi) Full profile + Sentinel-2: testing the complementarity of the VSM and spectral data.

The CNN uses the same optimizer and cosine annealing schedule as for VSM prediction, with a maximum learning
rate of 1 x 1074, a batch size of 1024, and is trained for 200 epochs on 15 x 15 pixel input patches. We report
macro-averaged F1 across all classes as well as per-class F1 scores. We do not apply class weighting or oversampling to
address the class imbalance present in the reference labels, as macro-averaged F1 inherently weights all classes equally
regardless of prevalence.

To isolate the effect of spatial context, we additionally compare the logistic regression classifier operating on spatially
dense VSM grids against the same model operating on point-wise profiles sampled at GEDI footprint locations

(Fig. [T3p).
Supplementary information

Data availability The complete VSM data (full relative height profile) for 2020 and 2024 is hosted at Source
Cooperative (https://source.coop/geoai-ucph/gvsm; DOI forthcoming).

We also provide 15 key RH metrics at global scale, available at CloudFerro (https://s3.waw4-1.cloudferro!
com/vsm-data-public/). For both repositories, data upload is ongoing and will be complete upon publication.

We have created a data viewer that allows to inspect the data globally: https://huizhml.github.io/
map-explorer/

Code availability Details will be provided in a later version of this manuscript.
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Appendix A Extended Data Figures and Tables

Filters Description

quality_flag == Indicating valid waveform

degrade_flag==0 Non-zero values indicate the shot occurred during a degraded period.

region_class > 0 Filter out water

leaf_off flag!=1  The footprint has to be captured during leaf-on condition.

sensitivity > 0.95  High sensitivity shots with high likelihood of reaching the ground in dense canopy covers.

Extended Data Table Al: GEDI quality filters applied during sampling to retain high-quality, leaf-on footprints
representative of vertical vegetation structure.

R? RMSE(m) ME (m) Average height (m) No. of points
LVIS 0.75 7.26 -2.69 20.47 ~76 million
ALS 0.64 5.88 1.71 9.50 ~800 million

Extended Data Table A2: Evaluation of canopy top height estimates from VSM (RH98) against airborne laser scanning
(ALS) and Land, Vegetation, and Ice Sensor (LVIS) reference data.
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Extended Data Figure Al: Average prediction interval width per biome and RH metric before and after conformal
calibration. Gray bars show the uncalibrated baseline width. A < sign indicates a width reduction, with the green
segment showing the magnitude; a > sign indicates a width increase, with the orange segment showing the magnitude.
o marks cases where calibration leaves the width unchanged. Tundra was excluded from calibration.

27



A PREPRINT — OCTOBER 6, 2026

Ours (RH98)

Ours (RH98)

08WNA
LVIS (2019) vs Ours (2019)

06WVT
LVIS (2019) vs Ours (2019)

13UEA
LVIS (2019) vs Ours (2019)

12VUN
LVIS (2019) vs Ours (2019)

32NNF
LVIS (2016) vs Ours (2017)

.84
N =4.50x10°
Avg Height = 9.37m|

N=127x10"
Avg Height = 20.98m

ME .24
N =3.50x10°
Avg Height = 27.90m

N =877 x10°
Avg Height = 32.35m

ME
N=374x10°
Avg Height = 35.18m

N =6.37x10°
Avg Height = 36.19m

35WNT
ALS (2019) vs Ours (2019)

30UVD
ALS (2018) vs Ours (2018)

LviIs

32VNH
ALS (2017-2020) vs Ours (2017)

30SWH
ALS (2012) vs Ours (2017)

N=4.53x10
Avg Height = 3.35m|

X 0
Avg Height = 5.62m|

-0.
N =3.05x 107
Avg Height = 15.74m

ALS

10°

H
0
Sample count

o
°...

10t

10°

10%

H
v
Sample count

o
‘E.

Extended Data Figure A2: Predicted canopy top height overall agrees with independent airborne LiDAR across
diverse geographic regions. Density scatter plots comparing our canopy height estimates (RH98, y-axis) against
independent airborne LiDAR reference data (x-axis) for a, 12 LVIS tiles across North and Central America and Africa,
and b, 12 ALS tiles across Europe. Each scatter plot corresponds to a Sentinel-2 tile, with the acquisition years of the
reference data and the corresponding prediction indicated in the title. Colour intensity indicates sample count on a
logarithmic scale. The dashed line represents the 1:1 identity. Per-tile R2,RMSE, ME, sample count (N), and average
reference height are reported.
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. RH98
b Sentinel-2 RH98 RH25
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0

Extended Data Figure A3: Prediction intervals vary across different geographical regions and vegetation types, capturing
distinct patterns of uncertainty. a, Global map of prediction intervals for RH98. b, Five example regions showing
Sentinel-2 optical imagery, predicted RH98 and its prediction interval, and predicted RH25 and its prediction interval.
Examples include tropical forest on Barro Colorado Island, Panama (A), harvesting patterns in Washington state, United
States (B), gallery forests along rivers and ground water in Savannah landscapes, Cameroon (C), semi-arid Savannah in
Koutiala, Mali (D), and Mediterranean vegetation, Spain (E). The prediction intervals exhibit spatial patterns that are
not always correlated with canopy top height, for instance, uncertainty can be elevated in structurally heterogeneous
areas where RH9S is low (E).
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Extended Data Figure A4: Forest naturalness and management classification benefits from horizontal and vertical
structure information. F1 scores across input feature combinations for logistic regression with spatial context, showing

the added value of vertical structure information beyond canopy top height.

30



A PREPRINT — OCTOBER 6, 2026

Sentinel-2

]
o
c
(9]
o
(9]

<
9]
-

]

>

=

Beyond
GEDI range

-+ (N

Extended Data Figure AS: Our VSM provides canopy top height map that compares favorably with existing
global products in terms of spatial detail and agreement with the reference data. a, Canopy top height map (RH98)
from VSM. b, Qualitative comparison of six example regions (A-F) against LVIS airborne LiDAR data (A-D) and
ALS reference LiDAR data (E-F), alongside four existing global canopy top height products: UM[9], ETH[8]], META
version 1[50], and UMDI7]]. The top row shows Sentinel-2 optical imagery for spatial context. The examples span
dense tropical rainforest in Gabon and Cameroon (A-D), boreal forest in Finland (E), and temperate coniferous forest
in Oregon, USA (F). Our map closely matches the spatial patterns in the reference data, though it exhibits slightly more
underestimation of tall canopies compared to the ETH product. The UMD product is unavailable beyond the GEDI
coverage range (column F). Canopy height ranges from 0 to 50 m.
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