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Abstract

Accurate mapping of forest types and vegetation characteristics is essential for monitoring biodiversity and forest dynamics. Tradi-
tional Deep Learning (DL) models trained on Sentinel-2 time series achieve high performance, but require extensive preprocessing
and sensor-related fine-tuning. In this study, we evaluate the recently introduced AlphaEarth Foundations (AEF) embeddings, which
is a global, multi-modal feature representation of the earths surface, for forest mapping in Italy. We compare a) a Random Forest
model trained on Sentinel-2 and climate time series features, b) a Multi-Layer Perceptron trained on AEF, c) a Time-Series Trans-
former trained on Sentinel-2 and climate annual time series, and d) a Cross-Attention fusion model combining both feature sets.
Using 5-fold cross-validation in a regression and a classification task on two datasets (evergreen broad-leaved tree cover ETC, forest
vegetation type FVT) we find that the combined model consistently outperforms the single-source approaches (RMSE = 0.161, Acc
= 0.757). AEF-based models achieve comparable accuracy to the Sentinel-2-based models, while reducing extensive time series
preprocessing and training time by an order of magnitude. Feature attribution using integrated gradients reveals that AEF provides
stable baseline representations, while Sentinel-2 inputs add phenology-related detail. The results show, that integrating generalized
embeddings with specialized spectral-temporal features improves predictive performance for forest mapping.

1. Introduction

Large scale mapping of vegetation characteristics on the land-
scape scale, such as biodiversity variables (Skidmore et al.,
2021), is essential for biodiversity conservation, change detec-
tion, hazard monitoring and land use (Torres et al., 2021; Pet-
torelli et al., 2018). This requires on the one hand handling large
amounts of Remote Sensing (RS) data from diverse sensors and
platforms, and on the other hand collecting and processing ve-
getation plot observations as ground truth.
Especially in forest mapping, models integrating phenology dy-
namics proved to be more efficient than non-time-aware mod-
els, as species differentiation from spectral data requires a tem-
poral component (Kollert et al., 2021; Chabalala et al., 2023;
Grabska-Szwagrzyk et al., 2024). However, building special-
ized RS time series (TS) models for specific classification or
regression tasks is complex and is limited by the sensor and
mission characteristics. Sensor fusion approaches, e.g. for
multi-spectral and Synthetic Aperture Radar (SAR) sensors, are
used to combine the strengths of different sensors, but require
heavy preprocessing of RS data (Chen et al., 2024; Vogeler et
al., 2023). This limits not just the training side, but also the ap-
plicability for inference on large-scale mapping. Yet, this is still
the state-of-the-art approach for operational applications as all
components of the workflow are controlled by the user and per-
formance is especially high for regional studies, when ground
truth data is available locally.
With the rise of Deep Learning (DL) methods in differing re-
search fields, pretraining and foundation models have become
∗ Corresponding author

an effective approach for modeling tasks with limited availabil-
ity of labeled data (Ge et al., 2023; Safonova et al., 2023). Es-
pecially in Earth Observation (EO) applications, large amounts
of RS data stand against sparse ground truth plot data for train-
ing and validation, which often leads to overfitting issues dur-
ing the training process. High quality ground truth data col-
lection often requires cost and time intensive field work and
cannot cover large spatial or temporal extents Kattenborn et
al. (2021). Foundation models help by leveraging the power
of self-supervised pretraining on large amounts of RS data for
better generalization capabilities of models in large-scale map-
ping tasks (Yuan et al., 2022). These foundation models, often
trained on single sensor data, and other contextually pretrained
DL models are adapted to specific applications by fine-tuning
them on specific datasets, e.g. for forest mapping or crop mon-
itoring. This improves spatio-temporal generalizability and ro-
bustness of model predictions (Tseng et al., 2024; Ma et al.,
2024; Hiebl et al., 2025). However, these models come with
major limitations. a) They are trained on single RS sensor data
such as Sentinel-2 without temporal context and therefor only
accept similar feature input variables, and b) they still have to be
fine-tuned, which requires DL expertise and GPU-accelerated
hardware for training DL models. Recently Google DeepMind
published their Alpha Earth Foundations (AEF) dataset, which
is an annual, multi-modal EO feature embedding based on dif-
ferent sensors and temporal resolutions (Brown et al., 2025).
These embeddings are a representation of the earths surface,
that is specifically developed for environmental mapping. This
promises new possibilities for global mapping of environmental
variables as heavy preprocessing of multi-sensor time series and
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fine-tuning large DL models becomes obsolete. Conceptually,
this brings the power of DL to a wider range of users and applic-
ations. All three approaches a) specialized time series extrinsic
regression and classification models, b) pretrained foundation
models, and c) generalized feature embeddings such as AEF,
have found their way into environmental monitoring and forest
mapping (Sun et al., 2022). The first two already being well
tested approaches for forest mapping, while the potential of
AEF has still to be discovered.
In this study we evaluate the potential of generalized AEF em-
beddings for forest type and cover mapping against a special-
ized RS TS model. Furthermore, we will investigate the poten-
tial of a combined generalized plus specialized embeddings ap-
proach. The main research objectives in this study are a) evalu-
ating the potential of AEF for plot-based forest mapping against
a specialized model, and b) developing a model to combine the
strengths of both approaches. We are using two different forest
vegetation datasets as reference in classification (Forest Veget-
ation Type FVT) and regression tasks (Evergreen-broadleaved
Tree Cover ETC). A Random Forest model (RF) and a Time-
Series-Transformer (TST) are used with Sentinel-2 L2A (S2)
annual time series and CHELSA climate data (Karger et al.,
2020) to build specialized prediction models. We compare these
to a standard Multi-Layer Perceptron model (MLP) with two
layers trained solely on AEF. Additionally an approach for com-
bining AEF with RS time series is investigated. To evaluate
model performances a 5-fold cross-validation scheme is built
on both datasets.

2. Methods

2.1 Data

2.1.1 Forest Vegetation Data The general study area are
forested regions in Italy, where we utilize two different datasets
for the classification/regression tasks (Fig. 1). For classifica-
tion (FVT) an Italian-wide Forest Vegetation Database (VDB)
is used (Alessi et al., 2019; Bonari et al., 2019). The data-
set contains plot observations from 1995 to 2020 from differ-
ent studies, which leads to a total of 9854 plot observations.
We considered 6 different target classes: boreal, mediterranean
broad-leaved, mediterranean needle-leaved, submediterranean,
temperate broad-leaved, and temperate needle-leaved. For re-
gression of ECT, Vegetation Plot Observations (VPO2025) con-
ducted between 2023 and 2025 were used. The plots were
sampled in 7 different areas scattered along a latitudinal gradi-
ent over Italy and contain 2016 single plot observations (see
also Hiebl et al. (2025)). Both datasets comprise a diverse set
of different forest vegetation from mediterranean to temperate
regions, also covering mixed species and functional type wood-
lands.

2.1.2 Sentinel-2 L2A annual time series For each plot loc-
ation in VDB and VPO2025 the Sentinel-2 L2A observations
with a buffer of 10 m are extracted from Microsoft Planetary
Computer (Microsoft-Open-Source et al., 2022) starting from
01.01.2022 to 31.12.2024. Invalid observations were masked
using the Sen2Cor Scene Classification Layer (SCL). The three
year time series were aggregated by day-of-year medians into
a single synthetic year to increase observation density and sta-
bilize the phenological signal. An additional outlier detection
step was performed using the inter-quartile range to remove re-
sidual outliers after SCL masking and prevent overfitting. The
resulting S2 time series has a sparse character with missing val-
ues along the 365 day annual time axis where observations are

missing or had to be removed. With the Normalized Difference
Vegetation Index (NDVI) a single vegetation index was calcu-
lated for the S2 time series and appended to the feature set.

2.1.3 Climate annual time series As additional climate
data has proven to enhance prediction capabilities in envir-
onmental mapping (Grabska-Szwagrzyk et al., 2024), we in-
tegrated high-resolution CHELSA data into the set of pre-
dictors. CHELSA is a downscaled 1 km global climate
dataset (Karger et al., 2020). We computed monthly cli-
matologies for precipitation (pr), temperature-above-surface
(tas), minimum temperature-above-surface (tasmin) and max-
imum temperature-above-surface (tasmax). We calculated the
monthly average for 2022 to 2024 with a reference time range
ranging from 2000 to 2015 using the chelsa-cmip6 python mod-
ule (ScenarioMIP: ssp245) (Karger, 2024). Missing values
were interpolated linearly for better convenience with the com-
bined Attentionheads of the TST model and sparse S2 time
series.

2.1.4 Alpha Earth Foundations AEF are precomputed 64-
dimensional feature embeddings based on multi-modal remote
sensing, climate and text data (Brown et al., 2025). They
are available annually from 2017 to 2024, but are computed
on spatio-temporal data, which gives them temporal context
awareness, mandatory for many environmental mapping tasks.
AEF embeddings for the plot observations in the two datasets
were downloaded from GEE for 2022 to 2024. The three an-
nual values were averaged to ensure relative stability against
changes. As recommended in Brown et al. (2025) no further
preprocessing steps were taken.

2.2 Model and training scheme

2.2.1 Model architectures We utilized 4 different model
architectures. For AEF we opted for a simple 2-layer Per-
ceptron Model (MLPAEF ). For training on S2/CHELSA data,
a TST with a 2-layer Perceptron model head, was selected
(TSTS2). A learnable time positional encoding based on the
time step indices is added to the sequence before the attention
mechanism to enable the model to capture time context. The
spectral-temporal feature space of the Attention layer is mapped
to a linear 64-dimensional embedding, which serves as input to
the model heads. The third model (TSTAEF,S2) uses AEF, S2
and CHELSA as input (Fig. 2). We assume that AEF is the
more stable feature representation compared to the raw time
series inputs, due to its rich multi-modal, multi-temporal rep-
resentation from self-supervised learning. Therefore we con-
structed a Cross Attention (CA) based TST model, where AEF
attends to the S2/CHELSA time series, after projection into a
common feature space. Conceptually this assumes that AEF is
querying the S2/CHELSA time series features for additional or
complementary information. This way the model can rely on
the stable and generalized AEF features, while adding inform-
ation from the detail-rich time series data. A skip connection,
which is a linear layer that directly connects input features and
output, from AEF to the model head and a head-initialization
close to 0.0 ensures, that the baseline is a MLP based on AEF,
if S2/CHELSA contains no enhancing additional information.
Initializing the classification/regression model head weights
and biases near 0.0 ensures that the model head starts unbiased,
so input features and skip connection rather than random ini-
tialization determine the initial outputs. Basing the model on
AEF keeps TSTAE,S2 relatively lightweight and fast in com-
parison to TSTS2. The TST models are loosely based on the
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Figure 1. Distribution of VDB and VPO2025 data sources across
Italy. A denotes the finally mapped area of Cilento National Park
and B denotes the area that was selected for detailed comparison.

original vanilla transformer mentioned in Vaswani et al. (2023)
and a pytorch time series implementation by Oguiza (2023). As
a commonly used baseline in environmental mapping, we com-
pared these three DL approaches to a S2/CHELSA based RF
model (RFS2). Monthly medians of S2/CHELSA annual time
series were calculated, resulting in 168 features, that are used
to train RFS2.

2.2.2 Training procedure We used Cross Entropy Loss
with class weighting (CELoss) for classification and Mean
Squared Error Loss (MSELoss) for regression in combina-
tion with an Adam optimizer for training the models over 200
epochs with early stopping based on the validation loss metric
(Mao et al., 2023). Class weights were calculated for CELoss to
account for imbalanced class distributions. To improve general-
izability in the regression/classification task we used data aug-
mentation techniques with a augmentation probability based on
the inverse kernel density (IKD) of the target variable. There-
for we calculated the square root of the IKD estimate of the
training data label distribution, normalized to unit mean and
clipped to avoid excessive influence of outliers. This way train-
ing data with labels, that appear less often in the data and are
sampled more often during training, are more likely to be aug-

Figure 2. Base architecture of the AEF/S2/CHELSA
Cross-Attention fusion model used for both tasks.

mented. Inspired by Yuan et al. (2025), we used a combination
of smoothing/interpolating with a Whittaker Algorithm, shift-
ing the sparse observation mask randomly, and adding random
noise to the smoothed data for augmenting the S2 time series.
As CHELSA are interpolated TS, we only used a TS shifting
augmentation. For AEF augmentation, random noise from a
normal distribution (SD = 0.1 ∗ AEF ) was added to a ran-
domly selected features of AEF. The used augmentation tech-
niques are available under https://git.uibk.ac.at/rsl
ab/sattstools/. We did not apply augmentation in RFS2

training.

2.3 Evaluation

To evaluate the model performances we use a 5-fold cross-
validation (CV) scheme, in which 20% of the dataset are used
for testing (hold-out) and 80% flow into the training process.
This way each sample appears once in the test dataset. Within
the training dataset 25% of data is used as validation for hyper-
parameter tuning and model selection.
Error metrics for each model and CV-fold are calculated on
the hold-out dataset. For FVT (classification task) overall ac-
curacy (Acc), weighted F1-Score (F1w), and Macro F1-Score
(F1m) are used for comparison, while Root Mean Squared Er-
ror (RMSE), Mean Absolute Error (MAE) and R²-Score (R²)
are reported for ETC.
To evaluate the models from a user perspective a selected area in
Italy is mapped using the three input data approaches to identify
areas, with high error rates for each model. The chosen area
in Cilento National Park in southern Italy has heterogeneous
forest characteristics and landscapes. For a model perspective,
we examine the cross-attention attributions using the Integrated
Gradients (IG) of the model for several different samples to in-
vestigate which approach is more meaningful under certain cir-
cumstances. IG are calculated from the gradients of the DL
models layers and can be used to explain feature contributions
in a DL model.

3. Results and Discussion

3.1 Model performance

We tested all four models over 5 test datasets per target task
in the 5-fold CV scheme (Fig. 3). For ETC, TSTAEF,S2 out-
performed the other two models across all folds with a mean
MAE of 0.11, mean RMSE of 0.161, and mean R² of 0.724.
RFS2, MLPAEF and TSTS2 had similar results for mean
RMSE (0.179; 0.18; 0.177) and R² (0.691; 0.687; 0.698),
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while RFS2 and TSTS2 exhibited a slightly better mean MAE
(0.127; 0.134; 0.125) (Table 1). The classification task with
FVT showed a similar pattern with TSTAEF,S2 outperforming
the other two models in all folds (Acc: 0.757, F1m: 0.712,
F1w: 0.747). MLPAEF and TSTS2 had again quite sim-
ilar performances (Acc: 0.734 vs. 0.736, F1w: 0.733 vs.
0.735), except for F1m (0.678 vs. 0.706). RFS2 underper-
formed on this task with Acc = 0.712, F1m = 0.662 and
F1w = 0.717. The significant difference between F1m and
F1w shows, that all four models perform poorly on minority
classes. With RFS2 and MLPAEF exhibiting the highest dif-
ferences. As all DL models were trained with a class-weighted
CELoss, this might stem from data augmentation, that we used
quite rigorously on S2/CHELSA data, but less so on AEF (see
sec. 2). The observed performance decline of RFS2 from ETC
to FVT indicates, that conventional ML models, such as RF,
remain competitive under limited dataset sizes (n = 2016),
whereas DL models increasingly benefit from larger training
datasets (n = 9854).
The performance increase of a combined model of +2.6% in
Acc and -0.018 in RMSE compared to the stand-alone mod-
els, shows the potential of the approach. The CA mechanism
seems to capture the additional information contained in the de-
tailed S2 time series and leverages it to improve the AEF-based
basemodel. Using the AEF features as baseline in TSTAEF,S2

proved to keep the model performance ”at least” as good as the
MLPAEF , with enhancement from the time series when ap-
plicable. We did not test other options of combinatory CA, such
as combining AEF and S2/CHELSA self-attention with the CA
approach or running parallel CA for AEF 7→ S2/CHELSA and
S2/CHELSA 7→ AEF. But from our understanding, the results
show that the idea of using the stable multi-modal embeddings
that are more robust against error sources such as high cloud
cover, and rely on a larger set of datasources, as a baseline and
enhance this base with more detailed spectral-temporal inform-
ation proved to be reliable.
With p-values of 0.0042 (MAE at ETC) and 0.0035 (Acc at
FVT) in a Friedman-Test statistically significant differences can
be detected between the models. We performed a pair-wise dir-
ectional Wilcoxon signed-rank test under the assumption that
TSTAEF,S2 always ranks better than the other three models.
All pairs exhibit the lowest possible p-value of 0.031. Although
results of statistical tests with a sample size of n = 5 should be
treated with care, the consistency of performance metrics un-
derline the statistical tests.
The high variability of performance metrics in both datasets
between the CV-folds raises the question of training stability
in the current setting. Splitting the relatively small datasets into
training (60%), validation during training (20%), and testing
(20%) can lead to a high amount of unseen data in the training
datasets, which can impose low performance on the test dataset.
While on the other hand, a random split might lead to spatial
autocorrelation between the splits, which leads to a overestim-
ation of model capabilities. Both problems are hard to come by
in small datasets, which leads to a bias in the metrics values.
Investigations into the label distributions between train/val/test
data showed high fluctuations between the folds, which likely
caused the high intra-model differences in performance metrics
across the folds. Folds with close distribution match between
train and test data in general led to better test-time performance
of the models. Nevertheless, since the relative results across
folds, datasets and between the four tested models are consist-
ent, the overall assumption that TSTAEF,S2 outperforms the
other models is well supported.

Figure 3. Test metrics of the three models per fold and per target
of Evergreen broad-leaved Tree Cover (ETC) and Forest

Vegetation Type (FVT).

3.2 Training procedure and feature attribution

One major advantage of AEF is the drastically reduced train-
ing time. The MLP used with AEF takes 30 s compared to
∼ 12 min for TSTS2 and ∼ 5 min for TSTS2,AEF with same
batch size (64), 200 epochs and a dataset size of 5912 samples.
This increase in time arises from, a) more complex and com-
puting intensive data augmentation, b) larger amount of data
to process, and c) the higher model complexity of TST. This
does not take into account the amount of time necessary to pre-
process/produce S2 and CHELSA time series data with cloud
masking, outlier detection, and annual aggregation. And this
also does not include the time needed for model development
and adaptation of a meaningful time series DL model being
it convolutional, recurrent, or transformer style (see e.g. Is-
mail Fawaz et al. (2020)).
Integrating a CA mechanism between AEF and S2/CHELSA
gives the model the ability to learn a sample-wise weighting of
the features, ultimately improving the prediction performance.
This way the model can rely on AEF, when input S2 time series
with low reliability, due to e.g. high winter cloud cover, are
detected. We showed that this CA fusion yields promising res-
ults for fusing AEF as queries and other single-sensor RS data
as key/values, specifically processed for a certain task. This
is in line with other studies that use CA for data fusion pur-
poses (Wang et al., 2025). However, if such a model is not
trained carefully feature contributions of the RS data might be
going towards 0. We analyzed IG of the final model to invest-
igate, how much the different features contribute to the final
output class/label. For FVT prediction at class ”mediterranean
broad-leaved” in CV-fold 1 of the test dataset, we found that the
sample-averaged attributions are 8.0 for S2/CHELSA and 22.1
for AEF (Fig. 4A). S2/CHELSA attributions were summed per
feature and across all time steps. While there is some vari-
ability, the general picture is the same for all CV-folds and
target classes. This means, that AEF contributes in this set-
ting approximately ∼ 3x more to the output than S2/CHELSA
time series. Nevertheless the contribution of S2/CHELSA time
series is enough to improve overall model performance continu-
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Model ETC FVT
MAE RMSE R² Acc F1m F1w

RFS2 0.127 ± 0.008 0.179 ± 0.011 0.691 ± 0.023 0.712 ± 0.011 0.662 ± 0.022 0.717± 0.019
MLPAEF 0.134 ± 0.012 0.180 ± 0.011 0.687 ± 0.034 0.734 ± 0.012 0.678 ± 0.029 0.733± 0.012
TSTS2 0.125 ± 0.012 0.177 ± 0.015 0.698 ± 0.032 0.736 ± 0.014 0.706 ± 0.016 0.735 ± 0.014
TSTAEF,S2 0.110 ± 0.014 0.161 ± 0.016 0.724 ± 0.041 0.757 ± 0.016 0.712 ± 0.018 0.747 ± 0.016

Table 1. Mean ± standard deviation of ETC performance metrics across 5 CV-folds.

ously over all tested datasets. While average attribution over all
test samples is around 0.36, per-sample attributions range from
a minimum of 0.14 to a maximum of 1.15. A standard deviation
of 0.16 shows, that there are significant differences between
the sampled inputs. This might highlight the fact, that - while
being quite informative - there are quality/stability differences
between the time series samples. In Fig. 5 the 25 input S2 time
series in the test dataset are depicted, where the difference of av-
eraged attributions for AEF embeddings and S2/CHELSA are
highest and lowest, respectively. This shows that the AEF em-
beddings attend less to S2/CHELSA features, when the density
of observations in the S2 time series is generally low. There are
probably several other reasons that were not investigated here,
such as e.g. label noise, why AEF attention to S2/CHELSA
varies across samples.
Despite its high overall reliance on AEF, the CA learns mean-
ingful patterns within the time series data. Fig. 4B shows
that the per-feature attributions of annual spectral and climatic
time series follow the phenological phases of the forest veget-
ation. Positive and negative contributions of features altern-
ate across seasons. E.g. a high tasmax during peak growth
season in summer contributes to a high probability that the
sample is assigned to the class of ”mediterranean broad-leaved”
and high B05 values during senescence and leaf-off season
lower the probability. This contributes to the assumption, that
S2/CHELSA - if correctly attended to by the CA mechanism -
can add meaningful information to the model and output. How-
ever, this raises the question, if the time and computation in-
tensive preprocessing of RS time series with a mean contribu-
tion of 0.3 to the model output is worth the effort for a small
improvement in model performance. Especially for large scale
investigations on a continental or global scale this might be an
issue and depends on the objectives of the practitioners.
However, the CA approach has its limitations as it does not
use both data sources to its full potential. MLPAEF and
TSTS2 both showed similar results in the CV scheme, which
rises the question if a CA approach automatically underrepres-
ents the S2/CHELSA dataset. Another possibility to combine
both worlds would be to use a hierarchical pseudo-labeling ap-
proach, utilizing the highly generalized AEF to build a large
pseudo-label database for specialized DL models (Zhang et al.,
2024). In a study setting like ours with limited dataset sizes
(9854 and 2026 plot observations) this could be a powerful ap-
proach to enhance the dataset sizes, with e.g. uncertainty-based
resampling on the newly generated data.

3.3 Target mapping

To analyse the mapping results spatially ETC task was chosen
and, a) the average ETC in % across CV-folds, b) the intra-
model SD across the CV-folds as a measure of uncertainty for
identification of error-prone regions, and c) the pair-wise inter-
model differences of averaged predictions were calculated. As
AEF is a relatively new dataset, that has not been used much in
practice yet, this qualitative assessment by evaluating the pro-
duced maps of ETC, that goes beyond the metrics of ground
truth data, is valuable to our future work.

Figure 4. Sample-average Integrated gradients of TSTS2,AEF

for fold n = 1 at FVT class ”mediterranean broad-leaved”. A)
Per feature attributions summed over time-dimension and split in
S2/CHELSA and AEF. B) S2/CHELSA attributions for selected

features across annual phenocycle.

Compared to MLPAEF , TSTS2 maps inherit higher pixel
noise. In a way this is expected as the 10 m resolution per pixel
mapping based on the S2 times series is the direct sensor sig-
nal information. In contrary, AEF data contains information
from several sensors and datasets with lower resolution (Land-
sat - 30 m; ERA5 - ∼ 11 km), which spatially smooths the
input data for MLPAEF . Smoothing the time series, using e.g.
a Whittaker Smoother, does not affect the spatial noise in the
same way (Hiebl et al., 2025). The integration of topographic
variables into AEF leads to a clear distinction between expos-
itions in mountainous terrain (Fig. 6). TSTAEF,S2 maps are
clearly a product of both datasources. In some areas with good
illumination the noisy but more detailed patterns of S2 based
modeling predominate, while in mountainous regions smoother,
probably AEF dominated predictions are occuring. The sharp
edges at borders between forest types or forest-nonforest, that
are blurred in MLPAEF and the reduced noise in combina-
tion with the topographic awareness are kept in TSTAEF,S2.
The SD of MLPAEF maps show, that the models are quite
uncertain in north-facing areas across folds. This could in-
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Figure 5. Density of valid observations in S2 time series for
output generation that relies more on AEF embeddings and

output that relies more on S2/CHELSA embeddings.

herit from a bias in the VPO2025 dataset that does not con-
tain enough north-facing plots for proper modeling, or from
misleading topographic feature information in the AEF embed-
dings feature vector. TSTS2 exhibits similar high SD only for
extremely steep north-facing terrain probably due to a lack of
signal strength during winter and therefor large gaps with in-
valid data. For moderately steep forest slopes the predictions
are relatively consistent across folds and where SD shows no
continuous topographic pattern. TSTAEF,S2 SD values seem
to be more randomly distributed, coming from input data noise
(similar to TSTS2), but also in some parts topography. But
all three models exhibit across-fold SD of values up to 25%.
Which contributes to the issue, that good test data metrics do
not mean good spatial mapping results.
The inter-model differences between TSTS2 and MLPAEF in
the mapped region of Cilento exceed ±20% ETC in mountain-
ous regions. On south-facing slopes MLPAEF predicts rel-
atively low ETC values compared to TSTS2. While north-
facing slopes inherit relatively high values and negative ∆ETC.
TSTAEF,S2 seems to predict values that lie in-between the
two other models, hence the difference patterns look similar
but with lower amplitude. The large inter-model differences
highlight the problems, that might often be overlooked in en-
vironmental mapping from sparse ground truth data. Despite
the relatively comparable MAE, RMSE, and R² results (espe-
cially for TSTS2 and MLPAEF ), the differences contribute to
the problem, that test data can either inflate or deflate model
performance depending highly on the chosen/available ground
truth and training datasets, while spatial generalizability is dif-
ficult to achieve and especially test. Mapping efforts in moun-
tainous regions remain challenging, due to the complex illu-
mination and topographic features appearing in resulting maps,
with ground truth data not sufficiently covering all expositions
and characteristics of the terrain.

4. Conclusion

In this study, four different combinations of data sources and
models to map forest variables in Italy were investigated. Alpha
Earth Foundations (AEF), Sentinel-2/CHELSA (S2/CHELSA)
and a combination of both were compared in a 5-fold cross-
validation experiment on two different datasets with a regres-
sion (evergreen broad-leaved cover ETC) and a classification

(forest vegetation type FVT) task. The results showed, that in
general the lightweight AEF-based models yield similar per-
formances than the S2/CHELSA based Random Forest and
Time Series Transformer models. The main differences here
are the drastically reduced training time and the obsolete pre-
processing of large amounts of remote sensing time series data.
This is a major advantage in large-scale mapping on a contin-
ental or global scale. The study further investigates a combina-
tion of both datasets by using a Cross Attention (CA) mechan-
ism, where the AEF data as baseline attends to the S2/CHELSA
time series for additional, complementary information. This
approach outperformed the stand-alone models on both tasks
across all metrics. It also showed that it can overcome common
issues in RS time series models, such as prediction errors from
cloud cover gaps or shaded areas in mountainous regions. All
models inherit common problems with mapping environmental
variables from plot observations, as large differences in mapped
variables occur between model predictions, but also intra-model
between CV-folds.
In conclusion, the exploratory study highlights the potential
of combining generalized, pretrained (AEF) with specialized,
detail-rich (S2/CHELSA) datasets for environmental mapping
applications. Further investigation into combining the general-
ized AEF embeddings with specialized models for various ap-
plications is necessary and could be achieved by using e.g., bi-
directional CA mechanisms or hierarchical pseudo-labeling.

Data and Code availability

Model architectures and training code are made available at ht
tps://git.uibk.ac.at/c7161037/ae_training. Training
data and corresponding maps can be downloaded from https:

//10.5281/zenodo.18375305.
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