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Abstract

Forest vertical structural diversity reflects ecosystem complexity and biodiversity potential. Foliage height diversity (FHD), an
indicator measured by the Global Ecosystem Dynamics Investigation (GEDI), describes how foliage is distributed across canopy
height layers. However, GEDI LiDAR samples forests within discontinuous footprints rather than continuous coverage. To pro-
duce a wall-to-wall, 10 m-resolution FHD map of Hokkaido, Japan, we propose a LightGBM regression framework trained on
approximately 150,000 GEDI footprints collected from May to October 2023. Predictors include conventional remote sensing and
environmental layers (Sentinel-1 C-band SAR, Sentinel-2 optical imagery, AW3D30 elevation, and CGLS forest type) alongside
a foundation-model-derived feature set: Satellite Embedding V1, a 64-dimensional representation from AlphaEarth Foundations.
We compared three models: (1) conventional predictors only, (2) embeddings only, and (3) combined predictors and embeddings.
The embedding-only approach clearly outperformed the conventional baseline, while the combined model achieved the best overall
performance (RMSE = 0.303; R? = 0.507). These results suggest that the embeddings capture information relevant to forest vertical
structure, providing complementary value beyond standard predictors. The final 10 m FHD map revealed spatially coherent patterns
across Hokkaido, suggesting its potential utility for regional assessments of ecosystem complexity and biodiversity. Our findings in-
dicate that foundation-model-derived satellite embeddings can substantially improve GEDI-based forest structure estimation when

integrated with open geospatial datasets in a reproducible mapping workflow.

1. Introduction

Forest vertical structural diversity is a key indicator of ecosys-
tem complexity, habitat heterogeneity, biodiversity potential,
and carbon dynamics (Ehbrecht et al., 2021; Schneider et al.,
2020). The vertical distribution of foliage and canopy elements
within forests influences light availability, microclimatic condi-
tions, and habitat space, thereby shaping ecological niches for
a wide range of organisms. Previous studies have suggested
that vertical forest structure is one of the major determinants of
species diversity and can strongly explain biodiversity patterns,
especially for taxa such as primates and amphibians (Oliveira
and Scheffers, 2019). Foliage height diversity (FHD) derived
from vertical vegetation profiles is widely used to quantify this
structural heterogeneity as an indicator of vertical canopy com-
plexity. Higher FHD values generally indicate that foliage is
distributed across a wider range of height layers, whereas lower
values suggest a simpler vertical structure. FHD is commonly
derived from LiDAR-based vertical vegetation profiles, which
provide detailed information on canopy structure across height
layers.

Airborne laser scanning (ALS) provides accurate three-
dimensional information on forest structure, but its limited spa-
tial coverage and high observation costs hinder large-scale mon-
itoring. The Global Ecosystem Dynamics Investigation (GEDI)
mission has enabled global sampling of forest vertical struc-
ture using spaceborne LiDAR (Dubayah et al., 2020), while
its footprint-based sampling produces spatially discontinuous
observations. GEDI records the return waveforms of laser
pulses reflected from the canopy surface to the ground, enabling
vertical structure metrics to be calculated. For example, the
GEDI Level 2A product provides relative height metrics, while
the Level 2B product provides derived canopy structure met-

rics such as FHD (Dubayah et al., 2020). GEDI observations
are footprint-based and acquired along orbital tracks, result-
ing in spatially discontinuous data. Therefore, although GEDI-
derived FHD is useful for quantifying forest vertical structural
diversity, additional geospatial predictors are necessary to infer
continuous FHD patterns spatially at a regional scale.

Machine learning techniques with satellite remote sensing data
can complement GEDI’s spatial discontinuity by providing re-
peated wall-to-wall observations over broad regions. Synthetic
aperture radar (SAR) and multispectral optical imagery are
commonly used for this purpose. In particular, Sentinel-1 SAR
and Sentinel-2 multispectral imagery are open datasets with 10-
m spatial resolution and global coverage. Previous studies have
demonstrated that GEDI-derived canopy height can be mapped
using machine learning with satellite data. For example, Lang
et al. (2023) estimated GEDI-derived canopy height at 10 m
resolution using Sentinel-2 spectral reflectance and vegetation
indices with a Random Forest model. Schwartz et al. (2024)
also used Sentinel-1 and Sentinel-2 data with a U-Net model to
estimate canopy height at 10 m resolution in the Landes region
of France. These studies indicate that machine-learning models
can learn relationships between sparse GEDI observations and
satellite-derived predictors.

Although satellite-based canopy height estimation has been
studied extensively, regional-scale estimation of FHD remains
limited. Compared with canopy height, FHD represents the in-
ternal vertical distribution of foliage and is therefore more diffi-
cult to infer from surface observations alone. Burns et al. (2024)
predicted FHD using Sentinel-1 and Sentinel-2 data, but the
spatial resolution was 1 km, which may be too coarse to repres-
ent fine-scale forest structural heterogeneity. The relationship
between remote sensing indicators and vegetation or species di-
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versity depends strongly on image spatial resolution (Sang et
al., 2024). From this perspective, estimating forest structural
diversity at a fine spatial resolution is important for evaluat-
ing forest structure and ecosystem functions at management-
relevant scales. Tsutsumida et al. (2023) demonstrated a 10-m
mapping approach for forest vertical structure attributes around
Mt. Washibetsu, Hokkaido, by integrating GEDI, Sentinel-1,
Sentinel-2, and a Random Forest model. Their study mapped
FHD, showing the feasibility of estimating forest vertical struc-
ture from fused satellite datasets. However, the study was con-
ducted in a limited area, and they noted that their model accur-
acy remained insufficient. These studies suggest that Sentinel-1
and Sentinel-2 are useful predictors, but also that such conven-
tional satellite features alone may be insufficient for accurate
and scalable FHD estimation over heterogeneous forest land-
scapes.

In recent years, geospatial foundation models have provided
a new opportunity for regional-scale environmental mapping.
Satellite Embedding V1, generated by AlphaEarth Foundations
(AEF) (Brown et al., 2025), is a geospatial foundation model
developed by Google DeepMind to produce compact represent-
ations of Earth’s surface from multiple Earth observation and
geospatial data sources, including optical imagery, radar ob-
servations, Landsat-derived and Sentinel-derived information,
and other geospatial datasets. AEF provides a 64-dimensional
learned representation of Earth’s surface at 10 m resolution.
Unlike manually designed spectral indices or radar metrics,
such embeddings can encode complex spatial, spectral, tem-
poral, and contextual information from multiple Earth observa-
tion sources. While the use of embeddings may be useful for
estimating forest vertical structural diversity, such an approach
has not yet been explored for FHD mapping.

This study proposes a framework for estimating regional-
scale forest vertical structural diversity by extending the GEDI
footprint-based FHD across space. Specifically, we integ-
rate GEDI-derived FHD, conventional geospatial variables, and
Satellite Embedding V1 within a LightGBM regression frame-
work for 10-m FHD mapping across Hokkaido, northern Ja-
pan. Hokkaido is suitable for evaluating the proposed ap-
proach because it contains extensive forested areas with di-
verse topographic, climatic, and management conditions, in-
cluding mountainous forests, plantations, natural broad-leaved
forests, and mixed forests (Kira, 1991). Such environmental
heterogeneity may provide an appropriate testbed for assessing
whether learned satellite embeddings can improve FHD estim-
ation across different forest conditions.

2. Materials and Methods

The overall workflow (Figure 1) of this study consists of five
main steps. First, GEDI Level 2B footprints acquired from May
to October 2023 were collected and filtered to obtain reliable
FHD samples over forested areas. Second, multi-source wall-
to-wall geospatial predictor layers were prepared using open
satellite datasets. These predictors included conventional geo-
spatial variables derived from Sentinel-1, Sentinel-2, AW3D30,
and forest type, as well as the 64-dimensional Satellite Em-
bedding V1 generated by AEF. Third, predictor values were
sampled at the locations of the filtered GEDI footprints to con-
struct point-based modeling datasets. Each sample consisted
of a GEDI-derived FHD value as the response variable and the
corresponding conventional and/or embedding-derived features
as explanatory variables. Fourth, three LightGBM regression

models were trained and compared to evaluate the contribution
of Satellite Embedding V1: Model 1 using conventional geo-
spatial features only, Model 2 using Satellite Embedding V1
only, and Model 3 using both feature groups. Finally, the best-
performing model was applied to the Hokkaido-wide predictor
layers to generate a continuous wall-to-wall FHD map.
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Figure 1. The workflow of this study

2.1 Study area

The study area is Hokkaido, the northernmost main island of
Japan. Figure 2 shows the location of the study area together
with the GEDI footprint samples described in the following
sections. The region includes diverse topographic, climatic,
and management conditions (Kira, 1991). These heterogen-
eous environmental conditions provide an appropriate testbed
for assessing whether open satellite and geospatial datasets, in-
cluding Sentinel-1, Sentinel-2, elevation, forest type informa-
tion, and foundation-model-derived satellite embeddings, can
explain spatial variation in GEDI-derived forest vertical struc-
ture.
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Figure 2. Study area and GEDI footprints in Hokkaido.
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2.2 Data

We used GEDI-derived forest structural information as the tar-
get variable and combined it with multiple open satellite data-
sets. We developed an overall data design to construct a re-
producible, multi-source geospatial dataset that captures forest
canopy condition, terrain, and land-cover characteristics at
GEDI footprint locations.

The target variable in this study is FHD, derived from the GEDI
Level 2B product (Dubayah et al., 2020). GEDI Level 2B
provides footprint-level canopy structure and biophysical met-
rics derived from full-waveform LiDAR observations, includ-
ing FHD. In this study, GEDI footprints were used as point-
based samples, and the corresponding FHD value was assigned
as the response variable for LightGBM.

We integrated multiple open geospatial datasets for FHD
mapping. Sentinel-1 synthetic aperture radar data were used
to incorporate microwave backscatter information at a 10-m
spatial resolution. Sentinel-1 is an active C-band SAR sensor,
and its observations are less affected by cloud cover and solar
illumination conditions than optical imagery. C-band backs-
catter is influenced by surface roughness, canopy moisture,
and scattering from vegetation components such as leaves,
branches, and stems. We used backscatter intensity of VV
and VH polarization. Sentinel-1 provides both ascending and
descending orbit observations; however, we found that the
ascending observations contained a large number of missing
values over the study area. Therefore, only descending orbit
data were used.

Sentinel-2 optical imagery (Drusch et al., 2012) was used to
capture spectral information related to vegetation conditions.
Sentinel-2 provides optical bands at 10, 20, and 60 m spatial
resolutions. We used the following 12 bands: B1 (coastal
aerosol), B2 (Blue), B3 (Green), B4 (Red), BS (Red Edge 1),
B6 (Red Edge 2), B7 (Red Edge 3), B8 (NIRI1), BSA (Red
Edge 4), B9 (water vapor), B11 (SWIRI), B12 (SWIR2). All
reflectance were resampled at 10-m resolution. Normalized
Difference Vegetation Index (NDVI) (Equation 1) and En-
hanced Vegetation Index (EVI) (Equation 2) were also prepared
as predictor variables:

NIR — Red
NOVI = SR T Red’ M

2.5(NIR — Red)

EVI =
v NIR + 6Red — 7.5Blue + 1’

2

Where NIR represents the intensity of near-infrared
wavelengths (B8), Red represents the intensity of red
wavelengths (B4) and Blue represents the intensity of
blue wavelengths (B2). These Sentinel-2 features provide
information on canopy greenness, vegetation vigor, and
moisture-related surface conditions (Drusch et al., 2012),
which are expected to be associated with forest structure.

Topographic information was derived from JAXA’s AW3D30
digital elevation model (Tadono et al., 2014), which provides
global elevation information at 30 m spatial resolution. EI-
evation is an important environmental variable because forest
structure is often influenced by altitude and associated environ-
mental gradients. (Tadono et al., 2014)

Forest type information was also included. The Copernicus
Global Land Service (CGLS) forest type product (Buchhorn et

al., 2020), provided at 100 m spatial resolution, was used to
distinguish broad forest categories and reclassified into three
categories (coniferous forest, broad-leaved forest, and mixed
forest).

In addition to the above conventional geospatial features, this
study used Satellite Embedding V1 generated by AEF (Brown
et al.,, 2025). Each 10-m pixel is represented by a 64-
dimensional embedding vector that summarizes annual surface
conditions and temporal variations around that pixel. In this
study, the embedding vectors were used as predictors for FHD
estimation. For each GEDI footprint, the corresponding 64 em-
bedding dimensions were sampled. These embedding dimen-
sions were prepared as inputs of LightGBM.

2.3 Geospatial Preprocessing

GEDI footprint samples were collected using Google Earth En-
gine (GEE) (Gorelick et al., 2017). We collected GEDI shots
from May to October 2023 during the leaf-on season for de-
ciduous trees in Hokkaido. The spatial distribution of the GEDI
footprint samples used in this study is shown in Figure 2. Ini-
tial filtering was applied during data collection to retain reli-
able GEDI observations. Shots were retained only when they
were acquired by strong beams, had no degradation flag, had
sensitivity values of 0.9 or higher, and satisfied the quality flag
condition. The remaining GEDI footprints were then filtered
using the ESA WorldCover forest class (Zanaga et al., 2022) so
that the modeling dataset focused on forested areas. Additional
quality control was applied after the initial extraction to reduce
elevation-related errors in the GEDI footprints. First, shots with
invalid elevation values or invalid relative height metrics were
removed. Outliers in the elevation of the lowest detected wave-
form mode (elev_lowestmode) found in GEDI L2B data were
then identified using a rolling-window filter with a window size
of seven shots and a threshold of two standard deviations. After
this filtering, a geoid correction was applied to derive GEDI-
based ground elevation (gedi_dem). As an independent eleva-
tion consistency check, mean AW3D30 elevation values were
extracted within a 12.5 m buffer around each footprint. Fi-
nally, only shots with an absolute difference of 20 m or less
between the GEDI-based ground elevation and the AW3D30-
derived reference elevation were retained. After these filtering
steps, approximately 150,000 GEDI footprints were used for
the subsequent analysis.

The predictor datasets were prepared mainly through GEE. In
this study, the geospatial predictors were Sentinel-1, Sentinel-
2, elevation derived from AW3D30, forest type information,
and Satellite Embedding V1. For each dataset, raster layers
covering Hokkaido were prepared according to their temporal
characteristics, spatial resolution, and data format. These lay-
ers were created as wall-to-wall predictors so that they could
be used consistently for both point-based model training and
subsequent regional-scale wall-to-wall prediction.

For Sentinel-1, C-band synthetic aperture radar data were used
to derive microwave backscatter predictors. Sentinel-1 Ground
Range Detected images were obtained from May to October
2023 and filtered to the Interferometric Wide (IW) swath mode.
Images were further separated by orbit direction, using ascend-
ing and descending passes, and only images containing VV
or VH transmitter—receiver polarizations were retained. For
each orbit direction and polarization, seasonal composite im-
ages were generated over the target period. VV- and VH-based
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backscatter layers and their ratio were then used as Sentinel-
1 predictors. Although both ascending and descending orbit
observations were initially considered, ascending observations
contained many missing values over the study area. Therefore,
only descending orbit predictors were retained for model train-
ing.

For Sentinel-2, surface reflectance images from May to October
2023 were obtained from the Sentinel-2 SR Harmonized col-
lection. Images were filtered by cloud cover, and only scenes
with less than 20 % cloudy pixels were used. NDVI and EVI
were calculated for each image from the red, blue, and near-
infrared bands, and a median composite was generated for the
season. These optical predictors were used to represent vegeta-
tion greenness and canopy condition during the same seasonal
period as the GEDI observations.

Elevation was derived from JAXA’s AW3D30 digital elevation
model (Tadono et al., 2014). The AW3D30 image collection
was accessed through GEE, and the DSM band was selected as
the elevation layer.

Forest type information was derived from the CGLS forest type
product (Buchhorn et al., 2020). The 2019 annual product was
used because it was the most recent available CGLS forest type
dataset. The forest type class band was reclassified into broad
forest categories for this study. Classes 1 (evergreen needleleaf)
and 3 (deciduous needleleaf) were grouped as coniferous forest,
classes 2 (evergreen broadleaf) and 4 (deciduous broadleaf)
were grouped as broad-leaved forest, and class 5 (mixed forest
types) was assigned to mixed forest. This reclassified forest
type layer was used both as a categorical predictor and for the
forest-type-specific evaluation of model performance.

Satellite Embedding V1 was processed in the same general
framework as the other raster predictors. The annual embed-
ding image for 2023 was obtained through GEE. Since Satellite
Embedding V1 provides a 64-dimensional vector for each pixel,
each embedding dimension was treated as an independent con-
tinuous predictor variable.

After the individual datasets were processed, Sentinel-1,
Sentinel-2, AW3D30-derived elevation, CGLS forest type, and
Satellite Embedding V1 were prepared as Hokkaido-wide wall-
to-wall predictor layers. These layers were created so that they
could be used consistently for both point-based model train-
ing and subsequent regional-scale prediction. Predictor values
were then extracted at the locations of the filtered GEDI foot-
prints. For each footprint, the predictor values were combined
with the corresponding GEDI-derived FHD value, producing
a footprint-based modeling dataset for training and validation.
In parallel, the same Hokkaido-wide predictor layers were re-
tained for later application of the trained model to generate a
continuous wall-to-wall FHD prediction map.

For model evaluation, we used five-fold spatial block cross-
validation. The study area was divided into 40-km grid blocks,
and all samples within the same block were assigned to the
same fold. This block-based split was used to reduce spatial
leakage between nearby GEDI footprints and to evaluate model
performance under more spatially independent conditions. Fi-
nal evaluation metrics were calculated from pooled out-of-fold
predictions across the five validation folds.

2.4 Methodology

Based on the multi-source dataset described in the section 2.2
and section 2.3, FHD estimation was formulated as a super-
vised regression task. Each GEDI footprint was treated as an

observation sample. The GEDI-derived FHD value was used as
the response variable, modeled by two distinct types of predict-
ors as explanatory variables: conventional geospatial variables
and Satellite Embedding V1 extracted at the same location. To
evaluate the contribution of Satellite Embedding V1, we com-
pared three model configurations, labeled as Models 1, 2, and 3
throughout this paper.

Model 1: Geospatial variables only (19 features)

This model uses only the conventional geospatial variables de-
scribed in Section 2.2, which include 3 Sentinel-1 bands, 12
Sentinel-2 bands, 2 vegetation metrics derived from Sentinel-2,
elevation derived from AW3D30, and forest type. This model
represents the baseline approach.

Model 2: Satellite Embedding V1 only (64 embeddings)
This model uses only the 64-dimensional Satellite Embedding
V1 features to evaluate whether the learned embedding repres-
entation alone can serve as an effective predictor of forest ver-
tical structural diversity.

Model 3: Combined features (19 features and 64 embed-
dings)

This configuration combines the conventional geospatial vari-
ables with the 64-dimensional Satellite Embedding V1 features
to evaluate whether the embedding provides complementary in-
formation beyond conventional predictors.

All three feature configurations were trained using the same re-
gression framework by LightGBM because it is well-suited for
datasets with heterogeneous feature types (e.g., continuous and
categorical) (Ke et al., 2017). LightGBM can model nonlinear
relationships and interactions among variables without requir-
ing strong assumptions about the distribution of the predictors.
This property is useful for multi-source remote sensing data,
where the relationships among satellite signals, environmental
conditions, learned embeddings, and forest structure are often
nonlinear (Zhang and Ni, 2023).

Using the same model architecture for Model 1, Model 2, and
Model 3 ensures that differences in predictive performance can
be attributed mainly to the feature configuration rather than to
the difference in the learning algorithm. Hyperparameters for
training were set to the learning rate (0.05), number of leaves
(128), feature fraction (0.8), bagging fraction (0.8), bagging fre-
quency (1), and minimum number of samples per leaf (500).

2.5 Evaluation metrics

Model performance was assessed using several regression met-
rics. The root mean squared error (RMSE) was used as the
primary accuracy metric because it represents prediction error
in the same unit as the target variable and penalizes large er-
rors. The mean absolute error (MAE) was also calculated to
provide a more robust measure of average prediction error. In
addition, the coefficient of determination (R?) was used to as-
sess the proportion of variance in GEDI-derived FHD explained
by the model. Mean bias error (MBE) was calculated to evalu-
ate systematic overestimation or underestimation. In this study,
MBE was defined as the mean difference between predicted and
observed FHD values. A positive MBE indicates that the model
tends to overestimate FHD, whereas a negative MBE indicates
that the model tends to underestimate FHD. These metrics were
calculated from the pooled out-of-fold predictions across all
five folds.

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-L-4-W1-2026-267-2026 | © Author(s) 2026. CC BY 4.0 License. 270



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume L-4/W1-2026
Free and Open Source Software for Geospatial (FOSS4G) 2026 — Academic Track “Bridging Geospatial Technology and Humanity”,
30 August-5 September 2026, Hiroshima, Japan

In addition to the overall evaluation, model performance was
assessed separately by forest type. The forest type classes were
derived from the CGLS forest type (Buchhorn et al., 2020)
product and grouped into coniferous forest, broad-leaved forest,
and mixed forest. For each forest type, RMSE, NRMSE, R?,
MAE, and MBE were calculated using the validation samples
belonging to that class. This stratified evaluation was conducted
to examine whether prediction accuracy differed among forest

types.

2.6 Wall-to-Wall prediction

The trained regression model was applied to the Hokkaido-wide
raster predictor layers to generate a continuous FHD prediction
map. This step was conducted not only to produce a spatially
continuous representation of forest vertical structural diversity
but also to qualitatively examine whether the trained model pro-
duced reasonable regional patterns beyond the GEDI footprint
locations.

In the wall-to-wall prediction step, predictor values were pre-
pared for each raster pixel, and the trained model was used
to estimate FHD values across the study area. The resulting
map was used to visually assess whether predicted FHD pat-
terns were spatially coherent and broadly consistent with ex-
pected environmental gradients, such as mountainous forest re-
gions and human-influenced landscapes.

3. Results
3.1 Error Assessment

Table 1 summarizes the prediction performance of the three fea-
ture configurations of Model 1, Model 2, and Model 3. The
results indicate that using Satellite Embedding V1 substantially
improved prediction accuracy compared to conventional geo-
spatial features. Model 2 achieved the second-best perform-
ance and reduced RMSE by 0.062 and improved R? by 0.226
compared with Model 1. This result indicates that the Satel-
lite Embedding V1 contains substantial information related to
forest vertical structural diversity, even without explicitly using
conventional geospatial variables. Model 3 achieved the best
overall performance, reducing RMSE by 0.066 and improving
R? by 0.237, compared with Model 1. This demonstrates that
the characteristics of Satellite Embedding V1 are not consist-
ent with those of conventional geospatial variables, providing
further informative aspects of vertical structures.

All three models showed nearly zero negative MBE values, in-
dicating that the models did not exhibit strong systematic over-
or underestimation of FHD at the overall dataset level. The re-
duction in both RMSE and MAE from Model 1 to Model 3 sug-
gests that integrating embedding features improved the stability
of FHD prediction while maintaining low bias.

RMSE R%Z | MAE | MBE
Model T | 0.369 | 0.270 | 0.226 | -0.005
Model 2 | 0.307 | 0.496 | 0.214 | -0.004
Model 3 | 0.303 | 0.507 | 0.212 | -0.007

Table 1. Error performance of LightGBM using conventional 19
geospatial variables (Model 1), Satellite Embedding V1 (Model
2), and their combination (Model 3).

Figure 3 shows the relationship between GEDI-observed FHD
and model-predicted FHD for the three models. Model 2

showed a stronger alignment with the 1:1 line than Model 1.
The higher FHD samples were distributed more closely along
the diagonal, especially for samples with observed FHD values
between approximately 2.5 and 3.3. The scatter pattern was also
more compact than in Model 1, consistent with the improve-
ments in RMSE, MAE, and R? shown in Table 1. This result
visually confirms that Satellite Embedding V1 captured FHD-
related spatial information more effectively than the conven-
tional feature set alone. The visual difference between Model 2
and Model 3 was smaller than that between Model 1 and Model
2, suggesting that most of the performance gain was achieved
by introducing Satellite Embedding V1, while the additional
contribution of conventional geospatial variables was modest.

Across all three models in Figure 3, prediction errors were lar-
ger with low observed FHD. In particular, observed FHD values
below approximately 2.0 were often overestimated. This pat-
tern suggests that low-complexity forest cases may be relatively
difficult to distinguish using the current predictor variables. In
contrast, the models performed more consistently in the high-
density region of the dataset, where observed FHD values were
concentrated around approximately 2.7 to 3.2.
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Figure 3. Scatter plots of GEDI-observed FHD and predicted
FHD for the three feature configurations by LightGBM using:
(a) conventional 19 geospatial variables (Model 1), (b) Satellite
Embedding V1 (Model 2), and (c) their combination (Model 3).
The red dashed line represents the 1:1 line, and the color scale
indicates point density.

To further examine the behavior of the best-performing model
(Model 3), the prediction error was evaluated across forest
types (Table 2). Coniferous forests had the lowest RMSE and
MAE, suggesting a relatively simple vertical structure. For
broad-leaved forests, while RMSE and MAE were higher than
those for coniferous forests, R? was higher, suggesting that the
model captured a greater proportion of the variation in FHD.
For mixed forests, the RMSE and MAE were the largest; how-
ever, mixed forests showed the highest R value. One possible
interpretation is that mixed forests have a wider range of vertical
structural conditions, making absolute prediction more difficult
while still allowing the model to capture relative spatial differ-
ences. All forest types showed negative MBE values close to
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zero, indicating that the models did not exhibit strong system-
atic over- or underestimation across any forest type.

RMSE R? | MAE MBE
Conifer 0.260 | 0.340 | 0.177 | -0.015
Broadleaf | 0.315 | 0.490 | 0.225 | -0.003
Mixed 0.327 | 0.571 | 0.246 | -0.044

Table 2. Error measures of FHD estimation of LightGBM
(Model 3) by forest types.

3.2 Wall-to-Wall FHD Map

Figure 4 (upper full-Hokkaido map) shows that relatively high
FHD values were widely observed in forested mountain re-
gions, whereas lower values appeared in flatter or more human-
influenced landscapes. Figure 4 also includes enlarged maps
for two representative regions. The right zoom panels show
the Hidaka Mountains, a steep mountainous region with ex-
tensive forested slopes and high-elevation ridgelines. In this
region, lower FHD values were observed along ridgelines and
high-elevation zones, whereas relatively higher values appeared
on surrounding forested slopes. These patterns are consistent
with known elevation-related ecological gradients in mountain
forests (Ameztegui et al., 2021). The left zoom panels show
the area around New Chitose Airport, representing a human-
influenced lowland landscape where airport facilities, urban
areas, agricultural land, and fragmented forests occur in close
proximity. Lower FHD values appeared close to non-forest and
human-influenced land-cover types, while relatively higher val-
ues were observed in surrounding forested areas. These spatial
patterns suggest that the model captured meaningful variation
in forest vertical structure associated with both elevation-driven
ecological gradients and human-influenced landscapes.

4. Discussion

Conventional geospatial variables, including Sentinel-1,
Sentinel-2, terrain, and forest types, are physically interpretable
and have been widely used in remote sensing studies (Lang et
al., 2023; Schwartz et al., 2024; Burns et al., 2024). However,
such variables may not fully capture the complex spatial,
spectral, temporal, and contextual patterns underlying forest
structure. The improvement from Model 1 to Model 2 sug-
gests that Satellite Embedding V1 provides FHD-relevant
information beyond conventional predictors. Because FHD
reflects the vertical distribution of foliage within the canopy
rather than a simple surface property, the embedding may
encode indirect structural signals related to canopy condition,
forest type, phenology, disturbance history, and environmental
gradients. Model 3 achieved the best overall performance,
although the improvement from Model 2 to Model 3 was
smaller than that from Model 1 to Model 2. This indicates
that Satellite Embedding V1 already captures a large portion
of the useful information contained in conventional predictors,
while conventional variables still add modest complementary
ecological context. Therefore, Satellite Embedding V1 should
not be regarded simply as a replacement for conventional
features, but as a strong general-purpose representation that
can be combined with interpretable geospatial variables.

The use of precomputed embeddings also has practical sig-
nificance. In this study, the original foundation model was
not fine-tuned on GEDI data. Instead, the embedding layers

Figure 4. (upper) Wall-to-wall predicted FHD map across
Hokkaido by LightGBM using geospatial variables and Satellite
Embedding V1. (middle) Magnified views of two representative
regions: the right map shows the Hidaka Mountains, and the left

one shows the area around New Chitose Airport. (bottom) The
corresponding Sentinel-2 true-color images.

were sampled at GEDI footprint locations and used as pre-
dictors in a LightGBM regression model. This demonstrates
that foundation-model-derived geospatial representations can
be incorporated into conventional machine-learning workflows
without requiring users to train large deep learning models.
Such a workflow is particularly useful for regional-scale map-
ping because it connects spatially discrete GEDI LiDAR obser-
vations with wall-to-wall satellite-derived predictors.

The wall-to-wall prediction map (Figure 4) showed spatially co-
herent FHD patterns across Hokkaido, including the two en-
larged examples in the Hidaka Mountains and around New
Chitose Airport. In the Hidaka Mountains, lower FHD val-
ues along ridgelines and high-elevation zones were consist-
ent with elevation-related ecological gradients in mountain
forests. Around New Chitose Airport, lower FHD values ap-
peared near urban, agricultural, and fragmented landscapes.
These examples suggest that the proposed method can trans-
form spatially discrete GEDI observations into continuous in-
formation that reflects both elevation-driven ecological gradi-
ents and human-influenced land-cover conditions. Such in-
formation may be useful for regional forest structure assess-
ment, particularly in heterogeneous landscapes where field-
based observation alone is spatially limited.

Despite the improved performance, prediction errors remained.
The scatter plots (Figure 3) showed that lower observed FHD
values were often overestimated, whereas samples in the
intermediate-to-high FHD range were predicted more consist-
ently. This tendency may reflect the distribution of the training
samples and the indirect nature of the predictor variables. As
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shown by the point-density patterns in Figure 3, most GEDI
footprints were concentrated in common intermediate-to-high
FHD conditions. The model may have learned these dominant
forest structural patterns more strongly and tended to regress
rare low-FHD cases toward the mean. In addition, FHD rep-
resents the vertical distribution of foliage within the canopy,
whereas the predictor variables mainly describe surface reflect-
ance, radar backscatter, terrain, forest type, and learned spa-
tial context. Therefore, forests with relatively simple vertical
structures may still be predicted as having moderate FHD when
their surface or contextual characteristics resemble more com-
mon forest conditions.

Error characteristics across forest categories (Table 2) showed a
distinct difference. The relatively low R? for coniferous forests,
despite their low RMSE and MAE, may be related to the nar-
rower range of observed FHD values within this forest type.
Coniferous forests may include relatively homogeneous stands,
such as plantations or uniformly managed forests, which can
reduce within-class variability in vertical structure. When the
observed variance is limited, the coefficient of determination
becomes more sensitive to small prediction errors, even if the
absolute error remains low. In contrast, mixed forests showed
the highest R? but also the largest RMSE. This may indicate
that mixed forests contain a wider range of vertical structural
conditions.

Future work should address these remaining errors from sev-
eral perspectives. First, the prediction of low-FHD stands
and structurally complex mixed forests should be improved.
Second, the interpretability of embedding features should be
examined more carefully. Although Satellite Embedding V1
improved accuracy, it remains unclear which aspects of the em-
bedding representation contributed most strongly to FHD es-
timation. Feature importance analysis, SHAP-based interpret-
ation, or comparison with physically interpretable predictors
may help clarify this point. Third, the generalizability of the
proposed workflow should be tested in other ecological regions
because Hokkaido represents only one case study with cool-
temperate and boreal-like forest conditions. Finally, compar-
ison with other geospatial foundation models or task-specific
deep learning approaches would help clarify the broader poten-
tial and limitations of learned satellite representations for forest
vertical structure mapping.

Overall, the results suggest that Satellite Embedding V1 is
a useful off-the-shelf representation for regional-scale forest
structure mapping. By combining GEDI-derived FHD, open
geospatial datasets, and a standard machine-learning model
(LightGBM), the proposed workflow extends spatially sparse
LiDAR observations into continuous FHD estimations while re-
maining compatible with reproducible geospatial processing.

5. Conclusions

This study developed a regional-scale framework for estim-
ating forest vertical structural diversity across Hokkaido, Ja-
pan, by integrating GEDI-derived FHD with multi-source open
geospatial datasets. GEDI provides valuable vertical structure
measurements, but its footprint-based sampling is spatially dis-
continuous. To address this limitation, this study used GEDI-
derived FHD as training data and predicted continuous FHD
patterns using wall-to-wall geospatial predictors.

The results demonstrated the effectiveness of Satellite Embed-
ding V1 for FHD estimation. The embedding-only model out-

performed the conventional-feature baseline, and the combined
model achieved the best performance. These findings suggest
that the learned geospatial representation generated by AEF
contains information relevant to forest vertical structure and
provides complementary value to conventional remote sensing
variables. Because the embedding was used as an off-the-shelf
raster feature without fine-tuning the original foundation model,
the proposed workflow can reduce the burden of manual feature
engineering while remaining practical for large-area geospatial
analysis.

Overall, this study demonstrates that combining GEDI LiDAR
observations, open geospatial datasets, machine-learning
models, and foundation-model-derived satellite embeddings
provides a promising approach for reproducible regional-scale
mapping of forest vertical structural diversity. By extending
spatially discrete LiDAR observations into continuous FHD
maps, the proposed workflow may support regional assessments
of canopy structural complexity, which is relevant to ecosystem
complexity, habitat heterogeneity, biodiversity potential, and
carbon dynamics.
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