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ABSTRACT

Accurate mapping of tree species from satellite data remains challenging in heterogeneous mountain forests due
to environmental gradients, mixed stands, and limited training labels. Geospatial foundation models (GFMs)
learn rich representations from large multi-sensor archives, but their utility for species-level mapping remains
unclear. Here, we evaluate two GFM embeddings, AlphaEarth and Tessera, for tree species classification
in a demanding mountain landscape (Trentino, Italy; 18 species and groups), versus conventional Sentinel-
1+2 composites, across experiments spanning classification accuracy, label efficiency, classifier complexity,

Tree species classification
Mountain forests
Biodiversity monitoring

environmental covariates, label impurity, and temporal transferability. GFM embeddings consistently out-
perform conventional baselines (weighted F1 = 0.83 vs. 0.80; macro F1 = 0.55 vs. 0.50), approaching
saturation with only 5% of training parcels while organising species into ecologically meaningful taxonomic
and functional groupings. Realising this advantage requires a nonlinear classifier: a compact neural network
yields the largest single gain, whereas a linear classifier on GFM embeddings underperforms a neural network
on conventional composites. Classification is robust to moderate label impurity, and training with parcel-
level species proportions as soft labels improves minority-species discrimination (macro F1 = 0.586 —-0.589)
without purity filtering; adding terrain-derived covariates provides no further benefit. Temporal transfer across
years degrades performance: weighted F1 falls from 0.84 to 0.77 (-9%) for Tessera and from 0.85 to 0.73
(—14%) for AlphaEarth, with disproportionate losses for rare species. These results show that GFMs shift the
primary bottleneck in species mapping from feature engineering toward the availability, quality, and temporal
alignment of reference data.

1. Introduction spatial coverage cost-effectively (McRoberts and Tomppo, 2007; White
et al.,, 2016; Immitzer and Atzberger, 2023) . The need for scalable
species mapping is especially acute in mountain regions, where climate
warming is driving elevational shifts of forest belts and amplifying
disturbance dynamics - drought, windthrow, and bark-beetle-linked
mortality — across the European Alps (Seidl et al., 2017; Senf and Seidl,
2021; Frei et al., 2023), underscoring the urgency of robust, repeatable
approaches to monitor forest trajectories and support adaptive man-
agement (Directorate-General for Environment, 2023; De Keersmaecker
et al., 2024).

Traditional satellite-based approaches remain constrained in their
ability to discriminate tree species reliably over large, heterogeneous

Accurate, up-to-date regional maps of tree species are essential for
biodiversity assessment, carbon estimation, and evidence-based for-
est management, because species composition regulates productivity,
disturbance susceptibility, and the delivery of key ecosystem services
(Tilman et al., 2013; Brockerhoff et al.,, 2017; Bai et al., 2024) .
Field inventories remain the most reliable source of species-level data,
yet their sparse coverage and high per-unit cost limit their utility
at landscape and regional scales (McRoberts et al., 2010; Bergseng
et al., 2015). National forest inventory programmes therefore increas-
ingly integrate plot networks with satellite observations to expand
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List of Abbreviations

AEF AlphaEarth Foundations

BRDF Bidirectional Reflectance Distrib. Function
CLC CORINE Land Cover

CLMS Copernicus Land Monitoring Service
DEM Digital Elevation Model

F1 F1 score

GFM Geospatial Foundation Model

GRD Ground Range Detected

W Interferometric Wide swath

KL Kullback-Leibler divergence

KNN K-Nearest Neighbours

LightGBM Light Gradient Boosting Machine
LR Logistic Regression

MF1 Macro-averaged F1 score

MLP Multi-Layer Perceptron

NBR Normalised Burn Ratio

NDVI Normalised Difference Vegetation Index
NDWI Normalised Difference Water Index
PropL1 Proportion L1 error

RF Random Forest

SAR Synthetic Aperture Radar

SCL Scene Classification Layer

SRTM Shuttle Radar Topography Mission

TPI Topographic Position Index

UMAP Uniform Manifold Approx. & Projection
UTM Universal Transverse Mercator

VV/VH SAR polarisations

WF1 Weighted F1 score

XGBoost eXtreme Gradient Boosting

landscapes (Fassnacht et al., 2016). Multispectral sensors such as
Sentinel-2 provide broad spectral bands often insufficient to detect
subtle canopy variations associated with species-specific differences
in leaf biochemistry and pigment concentrations (Dalponte et al.,
2012; Immitzer et al., 2019; Zhong et al., 2024) , while deca-metric
spatial resolution (10-30 m) leads to mixed pixels that obscure in-
dividual crowns or fine-scale species mosaics characteristic of moun-
tain forests (Xu et al., 2021). Species identification from individual
images is further confounded by phenological variation (Cambridge
Centre for Earth Observation, 2026; Dalponte et al., 2025), canopy
understory variability (Rautiainen et al., 2011), and snow seasonality
(Wang et al.,, 2023), meaning single-date imagery rarely captures
optimal discriminative conditions. Multi-season time series can ad-
dress temporal confounds but are cumbersome to process, involving
vast data volumes often impacted by irregular cloud cover (Wang
et al., 2022). Fusing complementary modalities — such as synthetic
aperture radar and optical reflectance — can mitigate ambiguities (Blick-
ensdorfer et al.,, 2024), but multimodal integration has historically
required bespoke pre-processing, cross-sensor alignment, and task-
specific pipelines. Topographic effects introduce additional complexity:
Bidirectional Reflectance Distribution Function (BRDF) effects from
variable illumination and slope-induced reflectance changes reduce the
transferability of spectral signatures across terrain (Dong et al., 2020;
Kellndorfer et al., 1998), so that models trained for one site or season
often fail to generalise (Tuia et al., 2016) . Together, these limitations
have historically confined detailed tree species mapping to small study
areas or narrow sets of species groups.

Recent advances in geospatial foundation models (GFMs) offer a
potential solution. Trained on massive multi-sensor archives using self-
supervised objectives, GFMs learn information-rich embeddings that
capture spectral and temporal features of the Earth’s surface without
requiring labelled data (Xiao et al., 2025) . By distilling geospatially
relevant patterns directly from unlabelled imagery, they enable down-
stream classifiers to be trained on far smaller sets of local labels —
addressing one of the main bottlenecks in species-level remote sensing
(Ball et al., 2024) . Models such as AlphaEarth (Brown et al., 2025) and
Tessera (Feng et al., 2025) provide latent representations derived from
petabyte-scale, globally distributed satellite time series that can poten-
tially be transferred to regional tasks where labelled data are sparse or
heterogeneous. In principle, such models address several long-standing
obstacles simultaneously: they ingest multi-temporal and multi-modal
inputs during pre-training, learning to handle cloud gaps, phenological
variation, and sensor differences without site-specific calibration.

Despite this promise, several questions about how GFM represen-
tations relate to species-level ground reality remain unresolved. First,
although GFMs have been applied to vegetation monitoring, their use

for tree species mapping from satellite imagery remains limited (Bra-
ham et al., 2025), and it is unclear whether their representations reli-
ably encode species-discriminative information in structurally complex
mountain forests (Brandt et al., 2025; Ishikawa et al., 2025; Jin and
Wu, 2025). Second, a central claim of foundation models is improved
label efficiency, yet few studies quantify how performance scales with
labelled data under a fixed evaluation design; in forest inventories
— where labels are costly and spatially uneven - understanding this
relationship is critical (Brus et al., 2012; Ramezan et al., 2021). Third,
the downstream classifier capacity needed to exploit GFM embeddings
has not been systematically assessed: if embeddings capture species-
discriminative structure, simple classifiers may suffice; if not, additional
complexity may be necessary and could change conclusions about
representation quality. Fourth, label noise and mixed-species stands
are common in real inventories, yet it remains unclear whether GFM
representations can leverage noisy or aggregated labels to improve dis-
crimination (Bolyn et al., 2022). Finally, temporal stability of learned
representations is largely untested — it is unclear whether embed-
dings retain species-discriminative power under interannual variation
in phenology and acquisition conditions (Lisaius et al., 2026).

In this study, we evaluate whether globally pre-trained GFMs can
serve — without fine-tuning - as effective and data-efficient representa-
tions for regional-scale tree species mapping. Using forest cover in the
Autonomous Province of Trento (Italy) as a case study — characterised
by steep environmental gradients, mixed stands, strong phenological
variability, and detailed parcel-level inventories — we compare em-
beddings from AlphaEarth and Tessera with conventional Sentinel-1+2
composites. Our analysis focuses on assessing the ecological informa-
tion encoded in each representation. To our knowledge, this is the
first study to map detailed tree species distributions from space using
geospatial foundation models. Specifically, we ask:

1. Do GFM embeddings encode species-discriminative information
more effectively than conventional satellite composites?

2. Does increasing downstream classifier capacity lead to consistent
performance gains when applied to geospatial foundation-model
embeddings?

3. How sensitive is classification performance to training-data
availability and label purity?

4. Do supplementary environmental variables provide additional
predictive power beyond satellite-derived representations?

5. How does classification performance change under cross-year
transfer?
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Fig. 1. Conceptual overview of the species classification workflow. Parcel-level forest inventory data are rasterised to pixel-level labels or as mixed composition
soft labels. Geospatial foundation-model embeddings provide pixel-level feature representations for classifier training. Optional terrain variables are included in

ablation experiments.

2. Methods

2.1. Conceptual overview

This study evaluates whether geospatial foundation-model (GFM)
embeddings provide ecologically meaningful and data-efficient repre-
sentations for tree-species classification. We compare two globally pre-
trained GFM embeddings (AlphaEarth; Brown et al. 2025 and Tessera;
Feng et al. 2025) with conventional Sentinel-1/2 composites under
controlled modelling conditions.

All training and prediction was conducted at the pixel level (with
evaluation also at the parcel level), producing discrete species predic-
tions compatible with existing wall-to-wall forest maps (e.g. De Keers-
maecker et al. 2024). Although fractional approaches are increasingly
used for mixed stands (e.g. Bolyn et al. 2022), we adopt pixel-wise clas-
sification to keep the focus on representation choice and downstream
model behaviour.

Classifier capacity is treated as a controlled experimental axis: we
evaluate classifiers spanning from linear models to neural networks,
enabling us to disentangle whether performance is primarily driven by
representation quality or downstream model capacity.

Model behaviour is assessed along five dimensions: (i) overall classi-
fication performance; (ii) label efficiency under reduced training data;
(iii) sensitivity to training-label purity; (iv) the contribution of ancillary
environmental covariates; and (v) temporal generalisation under cross-
year transfer. Results follow a reference configuration, then targeted
ablation analyses.

A schematic overview of the modelling pipeline is provided in Fig.
1 and evaluation process in Fig. 2. Detailed descriptions of individual
components are presented in the following sections. Unless otherwise
stated, results refer to an MLP classifier trained on 2018 embeddings
using parcel-level cross-validation, with training labels filtered to >60%
dominant species cover.

2.2. Study region and forest inventory

2.2.1. Study region: Trentino, Italy

The Autonomous Province of Trento (Trentino), Italy, provides a
challenging test case for species-level forest mapping. The province
covers 6207 km?, of which approximately 60% is forested. The region
spans steep elevational, climatic, and biogeographic gradients, produc-
ing sharp transitions between distinct forest communities (Agnoletti
and Biasi, 2013; Pedrotti, 2018). This heterogeneity, coupled with
phenological variation and complex illumination from rugged terrain,
challenges satellite-based species classification (Weiss and Walsh, 2009;
Hu et al., 2025), with mountainous topography also introducing SAR
distortions such as layover and shadowing. Trentino therefore repre-
sents a stringent test of whether satellite-derived representations can
encode species-discriminative information robust to terrain and mixed
stand composition.

These gradients produce pronounced elevational zonation:
broadleaved stands (dominated by European beech) at lower montane
elevations give way to Norway spruce-silver fir forests in the montane
belt, and to European larch-stone pine stands at the subalpine level
(Gasparini et al., 2022). Valley floors below ~600 m are largely non-
forested, and forests transition into alpine meadows above ~2200 m.
Full species composition and elevation distributions are provided in
Table 1.

2.2.2. Inventory data

As reference data, we used the provincial forest assessment plan
(piani di assestamento) provided by the Forest Service of the Province
of Trento, collected from 2010-2021 (see Fig. S.1 for temporal distri-
bution). The full dataset is described and publicly released in Dalponte
and Andreatta (2026). The inventory divides the regional forest area
into 83,000 management units (mean area 2.89 ha; maximum 519
ha) covering 260,000 ha in total. For each unit, trained foresters
recorded tree species present and their proportional canopy cover
through in-field visual inspection, following provincial technical guide-
lines (Dalponte and Andreatta, 2026). Species are recorded when their
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Fig. 2. Schematic of the dual validation framework. Validation inventory parcels (top) are evaluated at two complementary levels. Left branch (pixel-level):
parcels with dominant-species purity >80% are selected and all pixels are assigned the dominant species label; per-pixel predictions are compared against these
labels to compute weighted F1, macro F1, and a normalised confusion matrix. Right branch (parcel-level): all parcels, including mixed-species stands, are used;
pixel-level predictions are aggregated into predicted species proportions and compared against true inventory fractions using the Proportion L1 metric (Total
Variation Distance). Black pixels represent filtered non-forest classes such as roads.

estimated cover exceeds approximately 5%; below this threshold only
presence is noted (mean 3.55 species per unit; range 1-15). Parcels
under 0.2 ha were excluded as uninformative given pixel size and
co-registration uncertainty.

Using coexistence analysis (Jaccard similarity and hierarchical clus-
tering) in consultation with local forestry experts, we grouped less com-
mon species into ecologically meaningful community classes, yielding
13 dominant species and five community groups (Table 1; Section S.2)
(see Fig. 3).

2.3. Remote sensing inputs

2.3.1. Geospatial foundation model embeddings

Geospatial foundation models produce embeddings, which are com-
pact numerical representations of each pixel that summarise high-
dimensional remote-sensing information - such as spectral signatures,
temporal dynamics, and cross-sensor relationships — into a fixed-length
vector (Xiao et al., 2025). These vectors inhabit a latent space, where
proximity between points often corresponds to similarity in underlying
surface properties according to the representation learned during self-
supervised training. In this space, pixels with similar land-cover compo-
sition, phenology, or structure tend to cluster together, while dissimilar
surfaces are separated by larger distances. Importantly, the latent space
provides a continuous geometry in which operations such as measuring
distances, identifying neighbourhoods, or anchoring representations to
reference examples become meaningful.

AlphaEarth Foundations (AEF) is a global geospatial foundation
model that produces annual 64-dimensional embeddings for every 10 m
land pixel. It encodes multi-source remote sensing data from Sentinel-
1 SAR, Sentinel-2 optical, and Landsat optical and thermal imagery.
In addition to these AEF input sources, the approach uses additional
target variables spanning a broader set of modalities, including LiDAR
structure (GEDI), climate variables (ERA5), gravity fields (GRACE),
and topography (DEM), implemented via implicit decoder objectives.
Instead of using single images, representations are derived from satel-
lite “video sequences” using a Space-Time-Precision (STP) encoder
that supports continuous time, enabling the integration of irregularly
sampled observations into a consistent temporal representation. During
training, a student network is optimised to reproduce the embeddings
of a teacher network via a consistency loss, encouraging robustness to
missing or perturbed inputs, while a text-contrastive objective intro-
duces a weak alignment with geolocated text descriptions. Together,
these design choices aim to produce surface representations that are
transferable across downstream tasks. The resulting embeddings are
accessible via Google Earth Engine. Further details are provided in
Brown et al. (2025).

Tessera is an open geospatial foundation model that generates
annual 128-dimensional embeddings for every 10 m Sentinel pixel by
jointly modelling optical and SAR satellite time series (Feng et al.,
2025). Building on the concept of the spectral-temporal Barlow Twins
(Lisaius et al., 2024), the model adopts a dual-encoder architecture in
which annual time series of Sentinel-2 optical reflectance and Sentinel-
1 SAR backscatter sequences are processed through separate encoders
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Table 1
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Target classes with training sample sizes and elevation distributions. The 18 classes comprise 13 dominant species retained as individual classes and 5 community
groups formed by merging ecologically co-occurring minor species. Note that the pixel count is derived from pixels contained in parcels in which the species is
dominant and area is calculated from the proportional cover of the forestry parcels, so correspondence is not exact.

Class Common name Parcels Pixels Area (ha) Elev. range (m) Elev. mean (m)
Dominant species

Picea abies Norway spruce 33,885 9,555,996 91,009 151-2849 1482
Fagus sylvatica European beech 11,991 3,540,217 33,688 130-2008 1160
Larix decidua European larch 11,274 3,515,723 43,715 200-2611 1700
Pinus sylvestris Scots pine 6255 1,559,357 16,080 76-2794 1011
Abies alba Silver fir 4464 1,406,263 15,052 245-2192 1297
Pinus mugo Mountain pine 1887 841,517 9443 318-2366 1715
Pinus nigra Black pine 1832 404,008 4025 73-1802 705
Alnus alnobetula Green alder 1680 381,005 6413 815-2561 1910
Pinus cembra Swiss stone pine 772 279,831 4419 1439-2455 1980
Corylus avellana Common hazel 662 65,432 1245 211-2205 1087
Robinia pseudacacia Black locust 447 52,813 512 201-1322 690
Alnus incana Grey alder 299 37,140 434 468-2160 1327
Quercus ilex Holm oak 120 57,819 576 63-1303 388
Community/species groups

Ostrya—Fraxinus ornus® Thermophilous deciduous 6304 2,095,415 21,346 72-1914 790
Quercus-Carpinus” Oak-hornbeam woodland 692 114,640 1641 152-1459 795
Pioneer deciduous® Early successional 610 81,989 2592 223-2131 1374
Acer-Fraxinus-Tilia‘ Mixed mesophilous 444 59,162 1811 139-1864 1092
Hygrophilous® Riparian/wetland 66 6060 193 165-2068 1097
Total (18 classes) 83,684 24,054,387 254,192

a Ostrya carpinifolia, Fraxinus ornus, Quercus pubescens, Sorbus aria, Acer campestre, Ulmus minor, Celtis australis.
Carpinus betulus, Castanea sativa, Prunus avium, Quercus cerris, Q. petraea, Q. robur.

b

¢ Betula pendula, Populus tremula, Salix caprea, Sorbus aucuparia, Ailanthus altissima, Laburnum alpinum, L. anagyroides.

d

Acer platanoides, A. pseudoplatanus, Fraxinus excelsior, Taxus baccata, Tilia cordata, T. platyphyllos, Ulmus glabra.
¢ Alnus glutinosa, Populus alba, Salix alba, S. cinerea, S. eleagnos.
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Fig. 3. Trentino with the colours showing 18 labelled tree species and species group classes of the surveyed forest plots. The top-left inset shows a zoom on
a dense section of the irregular forest inventory parcels which define the pixel-level species labels within them. The bottom-right inset shows the study region

within its context of northern Italy.

and fused into a unified representation. Tessera is trained on a global
dataset using a self-supervised Barlow Twins objective (Zbontar et al.,
2021; Lisaius et al., 2024) combined with sparse random temporal
sampling, encouraging invariance to missing observations and irregular

acquisition patterns. Robustness is further promoted through global
shuffling, which reduces spatial autocorrelation, and mix-up regularisa-
tion. The model learns characteristic spectral-temporal patterns of land
surfaces without labelled or ancillary data. The resulting embeddings
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capture the temporal evolution of 10-band spectral signatures and SAR
backscattering in VV and VH, and are precomputed as annual global
rasters, accessible via the geotessera Python package.! For details,
the reader is referred to Feng et al. (2025).

Although both foundation models were trained on multi-year
archives, the embeddings used in this study are annual products.
For Tessera, the 2018 (or 2019) embeddings encode exclusively the
Sentinel observations from that calendar year, ensuring strict tem-
poral equivalence with the Sentinel-1/2 composites. For AlphaEarth,
the published embeddings are likewise annual products, although its
continuous-time STP encoder may in principle draw on observations
near the year boundaries. We therefore treat both GFMs as annual
representations that are directly comparable with the year-matched
Sentinel-1/2 composites, and return in the Discussion to the question
of how AlphaEarth’s patch-level, multi-modal pre-training shapes the
embeddings.

2.3.2. Satellite composite baselines

Sentinel-2 (optical). We used Sentinel-2 Level-2 A surface re-
flectance imagery to generate annual and seasonal composite feature
stacks for 2018. All scenes intersecting the study region were filtered
to retain acquisitions with <60% scene-level cloud cover. The 60%
threshold applies at scene level; all retained scenes undergo pixel-level
cloud, shadow, and cirrus masking via the Sen2Cor SCL layer and QA60
bitmask, so no cloudy pixels enter any composite. Reflectance values
were scaled to unitless surface reflectance (0-1) (see Gao et al., 2024).

To quantify the contribution of seasonal information in a conven-
tional multi-sensor baseline, we produced two alternative Sentinel-2
representations: (i) an annual per-pixel median composite over all valid
observations in the year, and (ii) seasonal composites computed as
per-pixel medians within three phenologically meaningful periods —
spring (March-May), summer (June-August), and autumn (September—
November) - with winter excluded due to pervasive snow cover at
higher elevations. Consistent with common practice in tree-species
and forest type mapping, retaining seasonal structure aims to preserve
phenological variation that is attenuated by annual aggregation.

All Sentinel-2 spectral bands (10 m, 20 m, 60 m; excluding atmo-
spheric band B10) were retained. For each seasonal composite (and
for the annual composite), we additionally computed NDVI, NDWI
(McFeeters), and NBR.

Sentinel-1 (SAR). To incorporate cloud-independent structural and
moisture-sensitive information, we also derived Sentinel-1 GRD (IW
mode) seasonal and annual features for 2018 using dual polarisation
VV and VH, along with the incidence angle band provided in the col-
lection. The Earth Engine Sentinel-1 GRD collection is radiometrically
calibrated and terrain corrected, with backscatter provided in deci-
bels (dB). We formed seasonal (spring/summer/autumn) and annual
Sentinel-1 composites by aggregating observations within the same date
ranges as Sentinel-2. To reduce bias when compositing on a log scale,
we computed medians in linear backscatter space and converted back
to dB after aggregation (details in Section S.3). In addition to VV and
VH backscatter, we derived simple polarisation features (VV-VH in
dB and VV/VH ratio) commonly used to capture vegetation structural
differences.

Gridding and alignment. All composites were exported on a fixed
10 m UTM grid aligned exactly to the study region. Sentinel-2 bands
at 20 m and 60 m were resampled to 10 m; Sentinel-1 features were
exported on the same target grid. Full implementation details (mask
classes, bitmasks, resampling choices, and export parameters) are pro-
vided in Section S.3 (see Table 2).

1 https://geotessera.org
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2.4. Label construction

Pixels within a forestry parcel were assigned the parcel’s dominant
species label (determined from proportional inventory cover; see Fig.
1) for model training and testing. To improve the quality and quantity
of the labelled pixels we applied some additional pre-processing steps
(described below).

2.4.1. Constraints of parcel-level labels

Forest inventory data in Trentino provide species composition at
the level of management parcels rather than at the level of individual
trees or pixels. Each parcel reports the proportional canopy cover of
multiple species, often representing structurally and compositionally
heterogeneous stands. As a result, direct use of parcel labels for pixel-
level classification introduces several sources of ambiguity. Parcels
frequently contain mixtures of species, parcel boundaries are irregular,
and non-forest elements (e.g., roads, clearings, rocky outcrops) are not
explicitly represented in the inventory.

Critically, parcel labels are not pixel-accurate ground truths. Treat-
ing them as such risks inflating apparent classification performance
for dominant species while systematically penalising predictions of
secondary species that are present but spatially intermixed. Conversely,
discarding mixed parcels entirely would reduce the volume of useable
training data and disproportionately exclude ecologically important
stand types. Addressing this trade-off between label quantity and label
contamination is central to enabling data-efficient species mapping
from satellite imagery using forest inventories as reference data. To
address this, we also explore a soft-label training formulation in which
pixel-level targets encode the full parcel-level species composition vec-
tor rather than a single dominant species (Section 2.8.2).

2.4.2. Land-cover masking

To ensure that species training and inference were restricted to
ecologically plausible locations, we filtered non-forest areas during
training label construction. Because inventory-derived species propor-
tions refer exclusively to tree canopy cover (and exclude other ground
cover such as roads or grassland), pixels corresponding to non-forest
land-cover types (e.g. built surfaces, water bodies, bare ground, grass-
land, or persistent snow) were filtered to prevent implausible species
assignments.

We used an independent, freely available, global land-cover prod-
uct — the 10 m Global Land Cover 2020 (Copernicus Land Monitor-
ing Service / EU CLMS, 2020) - to identify forested pixels and gate
species label assignment accordingly. Pixels classified as forest were
retained as eligible for species inference, while non-forest pixels were
assigned fixed non-tree classes to ensure consistent handling across all
representations (see Section S.1.3 for the full filtering workflow).

2.5. Model selection

2.5.1. Classifier architectures

We selected classifiers spanning a gradient of expressive capacity to
assess how downstream model complexity influences the utility of dif-
ferent input representations. Logistic Regression (LR; Hastie et al. 2009)
provides a linear baseline. K-Nearest Neighbours (kNN; Cover and Hart,
1967) offers a non-parametric alternative relying on local similarity in
feature space. Random Forests (RFs; Breiman, 2001) serve as a widely
adopted nonlinear baseline in ecological remote sensing, robust to noisy
labels and class imbalance (Belgiu and Dragut, 2016) . We additionally
include two gradient-boosted decision-tree ensembles, XGBoost (Chen
and Guestrin, 2016) and LightGBM (Ke et al., 2017) , which are among
the strongest general-purpose tabular classifiers and complement the
bagged Random Forest with a boosting-based ensemble strategy. Multi-
layer perceptrons (MLPs; Rumelhart et al. 1986) can learn smooth
nonlinear transformations, potentially exploiting structure that simpler
methods cannot capture.
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Comparison of remote sensing predictors used to train the species classification models. For all layers, years 2018 (for training/validation) and 2019 (for
transferability) were acquired which fall within the inventory collection period (2010-2021).

Input Features Data type Resolution Modality

AlphaEarth 64 GFM embeddings 10m Optical + SAR
Tessera 128 GFM embeddings 10m Optical + SAR
S1+4S2 seasonal 60 Seasonal composite 10m Optical + SAR
S1+S2 annual 20 Annual composite 10m Optical + SAR

2.5.2. Training and validation design

We employed nested parcel-level cross-validation with five outer
folds for test estimation and Bayesian optimisation (Optuna; Akiba et al.
2019) for inner-loop hyperparameter tuning. Pixels belonging to the
same parcel were never split across folds, preventing spatial leakage
from within-parcel autocorrelation. This parcel-aware design reflects
the intended gap-filling application, in which unsurveyed parcels are
inferred from a partially surveyed landscape; we additionally assess
robustness to between-parcel spatial autocorrelation using a stricter
spatial-block cross-validation (5km grid) in Section S.8.5 (Table S.19).
Preprocessing was computed on training data only, and models were
retrained on the full outer-fold training set before evaluation. Perfor-
mance is reported as the mean + standard deviation across folds.

Training parcels were restricted to > 60% dominant-species cover
(except in Section 2.8.2), while pixel-level evaluation used a higher-
purity subset (>80%). PropLl was computed across all validation
parcels regardless of purity (Section 2.6). This partitioning, purity crite-
ria, and evaluation protocol were held constant across all analyses. For
reproducibility in downstream experiments (Sections 2.8-2.9), hyper-
parameters were fixed using a representative outer-fold configuration.

2.5.3. Model training and hyperparameter tuning

Hyperparameters were selected by minimising a composite valida-
tion metric balancing pixel-level accuracy with parcel-level composi-
tional realism:

Combined = PropL1 — 0.5 x Macro F1 (€8]

where PropL1 is the parcel-level species proportion error (Section 2.6.2)
and Macro F1 the pixel-level macro F1 score (Section 2.6.1). The
weighting ensures that a 1% improvement in Macro F1 offsets a
0.5% increase in proportion error, encouraging models that detect less
common species while maintaining realistic aggregate composition.
This objective was used exclusively for hyperparameter selection.

2.5.4. Class imbalance handling

To mitigate class imbalance (Table 1), the three most abundant
species were downsampled within each training fold to match the pixel
count of the fourth most abundant class (Section S.5 .2). Downsampling
was parcel-stratified to preserve spatial and environmental variabil-
ity, and was applied during training only; validation and test data
were left untouched. We tested the sensitivity of our results to this
choice through a balanced-versus-unbalanced ablation (Supplementary
Table S.17): removing downsampling slightly raised weighted F1 but
did not improve macro F1, our primary tuning metric (Section 2.6.1),
confirming that the conclusions are not an artefact of the balancing
strategy.

2.6. Performance metrics and interpretation

2.6.1. Pixel-level classification metrics

Pixel-level performance was assessed using F1 scores on validation
parcels with >80% dominant-species purity. The F1 score for a class is
the harmonic mean of its precision (the proportion of pixels predicted
as that class that are correct) and its recall (the proportion of that
class’s pixels that are correctly identified). Because the harmonic mean
is dominated by the smaller of the two quantities, F1 is high only
when a class is both detected reliably and predicted precisely, making

it a more informative summary than overall accuracy when classes are
highly imbalanced. Weighted F1 (WF1) averages per-class F1 scores
weighted by class prevalence, reflecting overall accuracy dominated
by common species. Macro F1 (MF1) gives equal weight to all species
regardless of prevalence, emphasising performance on rare classes;
MF1 was therefore prioritised in model tuning. Normalised confusion
matrices reveal systematic misclassification patterns across functional
and phylogenetic groups.

2.6.2. Parcel-level species proportion error

To evaluate performance at a management-relevant scale across
all mixed parcels, we used the Proportion L1 metric (PropLl), de-
fined as the Total Variation Distance between predicted and reference
species-proportion vectors, equivalent to Bray—Curtis dissimilarity for
proportional data (Gibbs and Su, 2002; Bray and Curtis, 1957):

c
PropL1 = 2 3 Ip, = p )
i=1

where p; and p; denote predicted and reference proportions for species
i, respectively. PropLl ranges from O (perfect agreement) to 1 (com-
plete mismatch) and was computed across all validation parcels re-
gardless of purity. Unlike pixel-level metrics, PropL1 makes no as-
sumptions about stand composition, providing a robust assessment in
heterogeneous landscapes.

2.7. Effect of downstream classifier capacity

We assess how classification performance varies across classifiers
of increasing capacity, holding training protocol, cross-validation de-
sign, and evaluation metrics fixed (Section 2.5). For each represen-
tation, we compare linear (logistic regression), instance-based (kNN),
tree-ensemble (Random Forest, XGBoost, and LightGBM), and neural-
network (MLP) classifiers to distinguish representation-limited from
classifier-limited regimes.

Unless otherwise stated, all subsequent results use the best-
performing MLP configuration from this comparison.

2.8. Analyses of representation quality and supervision sensitivity

2.8.1. Label availability and fraction-curve analysis

To quantify label efficiency, models were trained on increasing
fractions of available training parcels (0.1% to 100%), selected by
stratified random sampling at the parcel level. Hyperparameters were
fixed at values from full-data tuning (Section 2.5), isolating the effect
of label availability. At each fraction, performance was assessed via 5-
fold parcel-aware cross-validation repeated across three random seeds.
Class-capped downsampling (Section 2.5.4) was applied at every frac-
tion, and stratified parcel sampling ensured that all classes remained
represented even at the smallest fractions.

2.8.2. Sensitivity to label purity and weak supervision

We varied the minimum dominant-species cover threshold required
for training parcels (30% dominance, ~83k parcels, to 100% domi-
nance, ~4.9k parcels), capturing the trade-off between label noise and
training data volume. Pixel-level validation used the fixed >80% purity
subset; PropL1 was computed across all parcels.
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Classification performance of MLP models trained on different input representations, evaluated using 5-fold nested cross-validation. Best value per column in bold.

Input representation Accuracy Weighted F1 Macro F1 Proportion L1
Tessera 0.817 + 0.009 0.827 + 0.009 0.551 + 0.019 0.349 + 0.004
AlphaEarth 0.824 + 0.006 0.833 + 0.006 0.537 + 0.015 0.384 + 0.002
S1+2 seasonal 0.788 + 0.011 0.803 + 0.010 0.503 + 0.017 0.368 + 0.004
S1+2 annual 0.729 + 0.007 0.745 + 0.005 0.414 + 0.022 0.401 + 0.002
Weighted F1 Macro F1 Proportion L1
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Fig. 4. Label efficiency curves comparing Tessera 2018, AlphaEarth 2018 and Sentinel-1+2 seasonal and annual composites feature representations for multi-label
forest species classification. Performance metrics are shown as functions of training data fraction for an MLP classifier trained on forest parcel data from Trentino.
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is ~43,834 training parcels (~5.9M training pixels).

We also evaluated a soft-label formulation in which pixel-level tar-
gets encode parcel-level species proportions rather than hard dominant-
species assignments. Neural networks were trained with cross-entropy
loss generalised to soft targets, so that the training objective accom-
modates mixed-species parcels rather than forcing every pixel toward
a single dominant label. Performance was compared to standard hard-
label training across the same purity thresholds. We additionally tested
an alternative label-refinement strategy — iterative label distillation,
which reassigns within-parcel labels using embedding-space prototypes
(Section S.4) - but it did not yield consistent improvements.

2.8.3. Ancillary environmental covariates

We augmented input features with terrain covariates from the SRTM
DEM (30 m; Farr et al., 2007): elevation, slope, aspect (sine/cosine en-
coded), and topographic position index (TPI; Wilson and Gallant 2000),
yielding five additional channels. All features were z-scored (standard-
ised) using training-data statistics. Models with terrain covariates were
tuned using the same procedure described in Section 2.5.

2.9. Temporal transfer experiments

To assess temporal generalisability, models trained on 2018 data
were applied to 2019 without retraining. Parcel assignments to training
and evaluation folds were fixed across years to prevent spatial overlap,
and the same purity thresholds and evaluation protocol described in
Section 2.5 were applied.

No fine-tuning or domain adaptation was performed, providing a
conservative assessment of how well classification boundaries transfer
across years. This experiment serves as a stress test of representation ro-
bustness under realistic interannual variation in phenology and acqui-
sition conditions, rather than a demonstration of multi-year modelling
strategies.

3. Results
3.1. Classification accuracy, label efficiency, and ecological structure
Across experiments, geospatial foundation-model embeddings out-

performed conventional Sentinel-14+2 spectral composites for species-
level tree classification. Using the best-performing MLP configuration

for each representation, Tessera and AlphaEarth achieved similar over-
all accuracy (weighted F1 = 0.827 + 0.009 and 0.833 + 0.006, re-
spectively) and higher macro F1 than Sentinel-1+2 baselines, indicating
improved discrimination of less dominant species (Table 3; per-species
precision, recall, and F1 in Table S.16). Sentinel-1+2 annual composites
performed substantially worse across all metrics, consistent with tem-
porally aggregated spectral features being insufficient for fine-grained
species discrimination in heterogeneous mountain forests.

Label efficiency. Fig. 4 shows how performance scales with the
fraction of labelled training parcels (100% corresponds to ~43,834
parcels on average across folds). For weighted F1, both foundation-
model embeddings exhibit strong label efficiency, approaching satura-
tion with <5% of training parcels and converging rapidly as supervision
increases. However, this comes at the cost of approximately 10 per-
centage points of macro F1 relative to the full training set, dispropor-
tionately affecting rare species; practitioners must weigh this trade-off
between labelling effort and per-species reliability. Tessera shows a
small but consistent advantage at the lowest training fractions, while
differences between Tessera and AlphaEarth diminish with additional
training data. Sentinel-1+2 baselines lag behind the foundation mod-
els across all training fractions, with annual composites consistently
underperforming seasonal composites.

Macro F1 increases more gradually with training fraction, with
Tessera achieving the highest values across most fractions; both
Sentinel-1+2 variants show substantially weaker and more slowly
saturating performance.

Parcel-level composition fidelity. Tessera achieves the lowest
proportion error (PropLl) across all training fractions. Sentinel-1+2
seasonal composites consistently outperform AlphaEarth on PropLl
despite lower pixel-level F1, indicating that representations can differ
in how well they preserve aggregate class frequencies. Fig. 5 illustrates
pixel-level species predictions for three mixed validation parcels.

Embedding-space structure. To examine the ecological structure
underlying these performance gains, we visualised Tessera embeddings
in three dimensions using UMAP (Fig. 6). The low-dimensional man-
ifold appears to be organised primarily along broad environmental
gradients. Elevation emerges as a dominant organising axis spanning
both coniferous and broadleaf taxa, while separation by functional
type is clearly evident. At finer taxonomic scales, genera and species
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Fig. 5. Pixel-level species predictions for three mixed validation parcels using the MLP classifier with Tessera embeddings. Bar charts compare true species
proportions (solid bars) against predicted proportions aggregated from pixel classifications (hatched bars). Spatial prediction maps (insets) show individual pixel
classifications coloured by species. The PropLl score quantifies the total variation distance between true and predicted proportions (0 = perfect match, 1 =
complete mismatch). Species colours are consistent across maps and bars.
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Fig. 6. UMAP representations of Tessera embeddings coloured by species (or species groups), genus, broadleaf/conifer functional types and elevation. Point
ordering by the 3rd UMAP dimension gives the effect of a z-axis and demonstrates separation in this 3rd dimension. Individual species group facets are available
in Fig. S.20; UMAP projections coloured by individual species (pre-merge) in Figs S.13-S.15.

occupy consistent regions of the manifold, with within-genus separation Error structure. The row-normalised confusion matrix (Fig. 7)
aligned with known ecological and elevational niches. Ecologically exhibits a coherent block-diagonal structure. Several taxa show high
broad genera (e.g. Pinus) show broader dispersion, consistent with wide recall, including Norway spruce (Picea abies; 0.86), European beech
environmental amplitude. (Fagus sylvatica; 0.85), mountain pine (Pinus mugo; 0.84), European
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Fig. 7. Row-normalised confusion matrix for pixel-level species classification on validation parcels using MLP trained on Tessera embeddings. Eighteen species

and merged species groups are shown.

larch (Larix decidua; 0.82), and Scots pine (Pinus sylvestris; 0.81). Mis-
classifications are concentrated within functional groups and genera:
silver fir (Abies alba) is most often confused with Norway spruce (0.24),
and moderate confusion occurs among pine species. Broadleaf taxa
show more heterogeneous performance; mixed broadleaf assemblages
(e.g. oak-hornbeam, hop-hornbeam-manna ash) are frequently con-
fused with one another, partly reflecting ecological and spectral overlap
but also the internal heterogeneity of merged composite classes. Over-
all, coniferous species are classified with notably higher mean per-class
F1 (0.69) than broadleaf taxa (0.46), and errors are strongly structured
by phylogenetic relatedness, functional type, and stand composition.
Excluding boundary pixels via 1-pixel erosion improves weighted F1 by
~3 percentage points, confirming modest mixed-pixel effects at parcel
edges (Table S.20). Results are robust to spatial blocking: relative to a
matched parcel-aware control (both arms using fixed hyperparameters
and a common training subsample to isolate fold geometry), spatial-
block cross-validation (5 km grid) reduces weighted F1 by approxi-
mately 1 percentage point while preserving representation rankings
(Table S.19).

3.2. Effect of downstream classifier capacity

To assess the sensitivity of classification performance to down-
stream model capacity, we evaluated the classifiers described in Sec-
tion 2.7, spanning increasing expressive power (Fig. 9; full numerical
results with per-fold standard deviations in Table S.8 and Fig. S.10).
Both classifier choice and input representation affected performance,
with their relative importance depending on the metric considered.

10

For all input representations, MLPs achieved the highest perfor-
mance, followed by Random Forest and k-nearest neighbour classifiers,
while linear models performed considerably worse. Using Tessera em-
beddings, macro F1 increased from 0.38 (LR) to 0.55 (MLP), a gain of
+0.17; weighted F1 increased from 0.72 to 0.83 (+0.11). AlphaEarth
embeddings showed comparable gains. The effect of switching input
representation while holding the classifier fixed was smaller for macro
F1: with an MLP, moving from S1+2 seasonal composites to Tessera
improved macro F1 by +0.05 and weighted F1 by +0.02. Thus, for
macro F1 — the metric most sensitive to minority-species discrimination
— classifier choice had a larger effect than representation choice. A
linear classifier applied to foundation-model embeddings performed
below a seasonal S14+2 composite paired with an MLP.

Beyond this nonlinear threshold, additional capacity yielded dimin-
ishing returns: the gain from Random Forest to MLP was modest (+0.08
macro F1 on Tessera), and hyperparameter optimisation favoured shal-
low MLPs (one or two hidden layers) with strong regularisation, with
the improvements concentrated in macro F1 (i.e. in the discrimination
of rarer species). We discuss the interpretation of these capacity effects
in Section 4.2.

3.3. Do environmental covariates help?

We tested whether supplementing foundation-model embeddings
with terrain-derived covariates improves species classification perfor-
mance. Across all evaluated metrics, the inclusion of terrain-derived
covariates produced no meaningful performance gains relative to us-
ing embeddings alone (Table 4). For both Tessera and AlphaEarth
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Fig. 8. Wall-to-wall species composition map of Trentino at 10 m resolution. Forest pixels are classified into 18 tree species and species groups by an MLP
trained with soft labels (KL-divergence loss) on Tessera foundation-model embeddings, using provincial forest-inventory polygons as reference data. Non-forest
land cover shown as the map background is taken from the Copernicus Land Monitoring Service CLC+ Backbone 2018 product, used here purely for cartographic
display; the forest mask applied during model training and inference instead derives from the 10 m Global Land Cover 2020 product (see Methods).
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Fig. 9. Comparison of classification performance across six model architectures and input feature sets using 5-fold nested cross-validation with class-balanced
training data. Metrics shown are (a) Weighted F1-score, (b) Macro F1-score, and (c) Proportion L1 error (inverted y-axis). Models compared: Logistic Regression
(LR), K-Nearest Neighbours (KNN), Random Forest (RF), XGBoost, LightGBM, and Multi-Layer Perceptron (MLP). XGBoost and LightGBM are the gradient-boosting
classifiers recommended by Reviewer 2. Input features: Sentinel-1/2 annual composite, Sentinel-1/2 seasonal composite, Tessera, and AlphaEarth embeddings.

Error bars indicate standard deviation across folds.

embeddings trained on 2018 data, weighted F1, macro F1, and parcel-
level proportion error (PropLl) remained effectively unchanged, with
differences consistently < 0.005 across metrics.

These differences were small relative to cross-validation variability,
confirming that terrain covariates did not benefit minority species any
more than overall accuracy.

3.4. Sensitivity to label purity and weak supervision

We evaluated sensitivity to training-label purity by varying the
minimum dominant-species threshold required for parcels included in

11

training, while holding the overall training fraction constant (Fig. 10;
Tables S.10-S.11). Pixel-level classification performance was compar-
atively robust across a broad range of purity thresholds. Weighted F1
increased slightly from low to intermediate purities (peaking around
~70%-80%) and then declined sharply when training was restricted
to near-monocultures (>90%-100%), consistent with a reduction in
available training data. Macro F1 followed a similar pattern but showed
greater sensitivity to high-purity filtering, indicating that aggressively
excluding mixed parcels disproportionately degrades performance for
less common species.
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Effect of adding terrain-derived covariates (DEM) to foundation-model embeddings for the MLP classifier (2018 data, 5-fold nested cross-validation). Differences
between embeddings-only and +geofeatures are negligible (<0.005) for both representations.

Metric Tessera AlphaEarth
Embeddings only +Geofeatures (DEM) Embeddings only +Geofeatures (DEM)
Accuracy 0.817 0.817 0.824 0.821
Weighted F1 0.827 0.827 0.833 0.831
Macro F1 0.551 0.548 0.537 0.540
Prop. L1 0.349 0.350 0.384 0.384
Table 5

Temporal transfer performance. MLP classifiers trained on 2018 embeddings evaluated on held-out 2018 parcels (within-year) and 2019 parcels (cross-year

transfer). Values are mean + s.d. across 5-fold cross-validation.

Input features Weighted F1 Macro F1 PropL1

2018 2019 2018 2019 2018 2019
Tessera 0.842 + 0.006 0.767 + 0.006 0.573 + 0.011 0.462 + 0.004 0.346 + 0.001 0.400 + 0.005
AlphaEarth 0.848 + 0.006 0.728 + 0.011 0.568 + 0.011 0.405 + 0.030 0.375 + 0.003 0.459 + 0.009

Parcel-level composition fidelity exhibited the opposite dependence.
Proportion error (PropLl) was lowest when mixed parcels were re-
tained, remained close to this minimum across low-to-intermediate
thresholds, and then rose as stricter purity filters were applied —
markedly so at >90%. Thus, while high-purity filtering may marginally
improve dominant-class assignment, it degrades the ability to recover
realistic within-parcel species composition.

To test whether aggregate parcel-level species proportions could
be leveraged, we trained MLP classifiers using soft labels in which
each pixel received the full parcel-level species composition vector
as its training target, optimised with KL-divergence loss (see Sec-
tion S.6). Evaluated at 30% purity (the lowest threshold, maximising
training volume), soft-label training achieved peak macro F1 of 0.586
for Tessera and 0.589 for AlphaEarth, exceeding the respective hard-
label peaks of 0.581 and 0.565 obtained at 80% and 60% purity. In
both cases, soft labels reached their best performance at low purity
thresholds (30%-50%) using all available training data, while hard
labels required filtering to high-purity parcels. Proportion L1 error —
measuring the fidelity of predicted species proportions at the land-
scape scale — improved consistently under soft-label training, decreas-
ing by 0.006-0.008 across the stable purity range for both embeddings
(e.g. 0.335 vs. 0.343 for Tessera and 0.368 vs. 0.377 for AlphaEarth
at 30% purity). These gains were disproportionately concentrated in
less common species.

Across the purity curve, the soft-label advantage was largest at
low purity thresholds where mixed parcels dominate, and narrowed
at intermediate purity (70%-80%) where dominant-species labels are
already largely correct (Fig. 10). The pattern was consistent across both
foundation models, with AlphaEarth showing a larger macro F1 advan-
tage (+0.03 at 30% purity) than Tessera (+0.02), suggesting that soft
labels may partially compensate for weaker embedding-level species
discrimination. Proportion L1 error showed a consistent advantage for
soft labels across the full purity range for both Tessera and AlphaEarth,
reflecting improved recovery of landscape-scale species proportions.

Taken together, these results show that foundation-model embed-
dings are tolerant to moderate label impurity in dominant-species
training labels and that retaining mixed parcels does not substan-
tially penalise pixel-level classification performance. Soft-label training
provides targeted benefits for improving discrimination of less com-
mon species and, to a lesser extent, for recovering parcel-level species
composition in heterogeneous stands.

3.5. Temporal transferability
To assess temporal generalisation, we trained MLP classifiers on

2018 embeddings and evaluated performance on both held-out 2018
parcels (within-year validation) and parcels from 2019 (cross-year
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transfer), using identical parcel-level partitions and high-purity valida-
tion criteria in both cases (Table 5; Fig. 11; see also Figs S.21-S.22).
This design isolates temporal domain shift while preventing spatial
leakage between years. To isolate the temporal effect, both years share
a fixed-hyperparameter configuration; the within-year values reported
here are therefore not directly comparable to the fully tuned results
in Table 3 (and the parcel-aware control in Table S.19), and are
intended for comparison across years rather than against the fully tuned
configuration.

When transferred to 2019 embeddings without retraining, perfor-
mance declined for both models. Tessera embeddings demonstrated
greater temporal stability: weighted F1 decreased by 8.9% relative
to within-year performance, compared to 14.1% for AlphaEarth. Dif-
ferences were more pronounced for macro F1 (Tessera — 19.4%; Al-
phaEarth — 28.7%), indicating that minority species are disproportion-
ately affected by temporal domain shift. Parcel-level composition error
(PropL1) increased by 15.6% for Tessera and 22.3% for AlphaEarth.

Overall, while both embeddings support strong within-year clas-
sification, interannual domain shift remains a significant constraint.
Tessera exhibits comparatively greater stability under cross-year trans-
fer, though neither model achieves fully temporally invariant perfor-
mance.

4. Discussion

This study shows that geospatial foundation-model embeddings en-
able accurate and label-efficient tree species mapping in a highly
heterogeneous mountain landscape, consistently outperforming con-
ventional Sentinel-1+2 composites. Below, we discuss each experi-
mental finding in turn: the nature and magnitude of the performance
advantage (Section 4.1), the limited role of classifier complexity (4.2)
and environmental covariates (4.3), the implications of soft-label su-
pervision (4.4), temporal transferability as a remaining challenge (4.5),
the broader operational context (4.6), limitations (4.7) and future
directions (4.8).

4.1. Why foundation-model embeddings outperform multispectral baselines

The superior performance of geospatial foundation-model embed-
dings relative to conventional, seasonal multispectral Sentinel-1+2
composites reflects a difference in how ecological information is repre-
sented. Traditional species-mapping approaches rely on hand-crafted
spectral features derived from single dates or seasonal summaries,
which are only weak proxies for the structural, phenological, biochemi-
cal and functional traits that differentiate tree species in heterogeneous
forests. In contrast, foundation models are trained to integrate spectral
information across time and sensor modalities, producing represen-
tations that integrate over cloud gaps, atmospheric variability, and
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irregular acquisition patterns while preserving ecologically meaningful
signals (Xiao et al., 2025). Although recent standardised benchmarks
show that GFMs do not consistently outperform supervised baselines
across all Earth observation tasks (Marsocci et al., 2025), our results
demonstrate that species-level forest classification in complex terrain
is a domain where their advantages are pronounced.

The label efficiency observed here — with embeddings approaching
saturation using <5% of available training parcels — suggests that
discriminative structure closely aligned with species-relevant traits is
already present in the representation rather than being learned during
downstream training. That macro F1 continues to climb more steadily
than weighted F1 confirms that rare-species discrimination remains the
limiting constraint. The UMAP projections reinforce this interpretation,
revealing coherent organisation along environmental gradients and
taxonomic groupings without task-specific supervision.

These results compare favourably with the broader tree species clas-
sification literature. Reviews of satellite-based species mapping have
noted that most studies use fewer than ten classes and often achieve
overall accuracies in the range of 70%-85% with conventional fea-
tures (Fassnacht et al., 2016; Zhong et al., 2024). Previous work in
the same study region using fused multispectral and hyperspectral
airborne data achieved strong discrimination among dominant conifers
but required data sources with limited spatial and temporal cover-
age (Dalponte et al., 2012), while national-scale Sentinel time-series
approaches in comparable European forests have reported lower ac-
curacies at coarser taxonomic resolution (Blickensdorfer et al., 2024).
Here, we classify 18 species and species groups — a finer scheme — and
achieve a weighted F1 of 0.83 using only 10 m resolution Sentinel-
derived embeddings, without airborne or hyperspectral data. This level
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of performance in a topographically complex mountain landscape with
strong illumination and BRDF effects suggests that foundation-model
representations overcome several of the key limitations historically as-
sociated with satellite-based species discrimination, including the need
for carefully engineered multi-temporal feature sets and sensor-specific
tuning (Immitzer et al., 2019). By contrast, multispectral composites
collapse temporal variation into summary statistics, obscuring pheno-
logical dynamics critical for species discrimination (Xu et al., 2021).
Richer multi-temporal feature sets can partially compensate, but at
considerable processing overhead and sensitivity to cloud cover (Wang
et al., 2022) — challenges that foundation models sidestep by learning
directly from complete, multi-year image collections.

An interesting nuance is the pattern of relative advantage between
the two foundation models investigated in our study. Recent com-
parative evaluations of GFM embeddings for tree species tasks have
generally treated them as interchangeable feature extractors (Ishikawa
et al.,, 2025), but our results reveal a more differentiated picture.
Tessera outperforms AlphaEarth on macro F1 (0.551 vs. 0.537) and
parcel-level proportion error (PropLl = 0.349 vs.  0.384), while
AlphaEarth achieves marginally higher weighted F1 (0.833 vs. 0.827;
weighted F1 was not prioritised in classification tuning). This diver-
gence is not straightforwardly explained by embedding dimensionality,
since Tessera’s advantage is concentrated in minority-species discrimi-
nation and compositional fidelity rather than in overall pixel accuracy.
Instead, the two models’ architectural differences offer a more com-
pelling explanation. AlphaEarth operates at the patch level and is
trained using auxiliary targets spanning multiple Earth-system modal-
ities, including lidar structure, climate, and topography. This design
intends to prioritise robustness and generality across tasks and spatial
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contexts, but may over-smooth fine-grained spectral-phenological vari-
ation within parcels, explaining its weaker recovery of within-parcel
species proportions. A complementary parcel-level aggregation test
(Table S.18) is consistent with this interpretation: averaging embed-
dings within parcels before classification slightly improves Tessera, for
which it suppresses within-parcel pixel noise, but degrades AlphaEarth,
whose patch-level embeddings are already spatially smooth so that
further averaging mainly removes discriminative variation. Tessera,
by contrast, operates at the pixel level and is trained purely from
remote-sensing time series using a self-supervised Barlow Twins objec-
tive (Lisaius et al., 2024). Its representations may therefore preserve
canopy-trait variation that is particularly informative for differentiating
co-occurring species and recovering realistic species mixtures at the
parcel scale. This trade-off highlights that no single foundation-model
representation is currently universally optimal: embeddings tuned for
broad environmental generalisation may sacrifice local discriminative
power, while models focused on sensor-derived signals may excel in
region-specific ecological tasks and, as shown in our temporal transfer
results, can retain greater stability across years.

The ecological coherence of the error structure provides further
evidence that foundation-model representations encode biologically
meaningful variation. Misclassifications are concentrated along taxo-
nomic and functional axes — the silver fir—Norway spruce confusion
pair, a persistent challenge in this region (Dalponte et al., 2012, 2025),
and pine-species clusters — rather than randomly distributed. The con-
sistently higher classification of conifers (mean per-class F1 = 0.69)
compared with broadleaf taxa (0.46) reflects several compounding
factors: broadleaf seasonal trajectories are broadly shared among co-
occurring deciduous taxa, providing strong functional-type contrast but
limited between-species signal at 10 m resolution; broadleaf species
more frequently co-occur in mixed stands, introducing label ambigu-
ity; and five of the eleven broadleaf classes are merged community
groups. These patterns suggest that residual errors largely reflect gen-
uine biochemical-structural similarity among co-occurring taxa rather
than arbitrary noise, and for forest management the most frequent
misclassifications occur between species that share similar silvicultural
treatment.

Per-species comparison across representations (Table S.16) reveals
that GFM embeddings provide the largest relative benefit for pheno-
logically dynamic broadleaf species. Among deciduous broadleaves,
Fagus sylvatica achieves F1 = 0.80 with both Tessera and AlphaEarth,
compared with 0.73 for annual and 0.79 for seasonal S1+2 composites,
while the thermophilous Ostrya—Fraxinus ornus group reaches F1 =
0.82 with embeddings versus 0.76 for annual composites. For rarer
broadleaf taxa, the advantage is more pronounced: Corylus avellana
reaches F1 = 0.18-0.21 with embeddings versus 0.03-0.16 with com-
posites, and the hardest mixed-broadleaf classes (Acer-Fraxinus-Tilia,
pioneer deciduous formations) remain challenging across all repre-
sentations (F1 < 0.23) yet still derive their largest gains from the
embeddings. Robinia pseudacacia, a phenologically distinctive invasive,
achieves F1 = 0.75 with Tessera versus 0.66 with annual composites,
consistent with embeddings better capturing species-specific phenolog-
ical trajectories. These patterns support the interpretation that GFM
representations encode fine-grained temporal signatures that are most
beneficial where species differ in leaf flush timing, senescence, or
canopy structure.

Taken together, these findings indicate that the performance advan-
tage of foundation models stems primarily from a more expressive and
ecologically aligned representation of the landscape itself, rather than
from downstream modelling choices. To probe the influence of spatial
autocorrelation, we additionally evaluated a stricter spatial-block cross-
validation (5km grid; Table S.19). The representation rankings, overall
accuracy, and parcel-level proportion estimates were preserved, and
weighted F1 fell only slightly (by ~1-1.5 percentage points). Macro
F1, however, declined more substantially (by ~6-7 percentage points),
concentrated in the rarest, spatially clustered species. We do not wish
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to downplay this reduction: discrimination of rare species is genuinely
sensitive to whether geographically nearby reference parcels are avail-
able during training. It also reflects a deliberately conservative test,
since spatial blocking emulates extrapolation to entirely unsampled
regions, whereas the parcel-aware design matches the intended gap-
filling application of inferring unsurveyed parcels interspersed among
surveyed ones. As a complementary check on mixed-pixel and bound-
ary effects, parcel-erosion tests that exclude the outer pixel ring of
each parcel produced only minor changes in accuracy (Table S.20),
indicating that boundary contamination is not a major driver of the
reported performance.

4.2. Classifier capacity: necessary but quickly saturating

A natural question arising from the strong performance of
foundation-model embeddings is whether additional gains can be
achieved through increased classifier capacity. Our results show that
classifier choice matters — a linear classifier applied to foundation-
model embeddings underperforms an MLP applied to conventional
S1+2 seasonal composites — but that returns diminish rapidly once a
moderately nonlinear model is used.

The step from linear to nonlinear classifiers produced the largest
single-factor improvement observed in the study: macro F1 increased
by +0.17 on Tessera embeddings, exceeding the gain from switch-
ing input representations with a fixed MLP (4+0.05 from S1+2 sea-
sonal to Tessera). This indicates that the discriminative information in
foundation-model embeddings is not linearly separable, and that a non-
linear classifier is required to exploit it. However, once this threshold is
crossed, further increases in complexity yield bounded gains. Shallow
MLPs provided consistent improvements over Random Forest baselines
— the dominant classifier in operational remote-sensing classification
(Belgiu and Dragut, 2016) — primarily reflected in macro-averaged
performance (+0.08 on Tessera), while deeper or more flexible ar-
chitectures failed to yield further improvements. The concentration
of performance gains in macro F1 indicates that nonlinear classifiers
mainly benefit minority species, likely by smoothing decision bound-
aries in regions of the embedding space where rare classes form small
but coherent clusters. The relative stability of weighted F1 across
nonlinear classifiers implies that, for dominant species, the representa-
tion is already sufficiently structured for tree-based or instance-based
methods to achieve strong performance.

The nature of the discriminative signal offers a mechanistic ex-
planation for this pattern. Species identity is encoded in a pixel’s
spectral-temporal trajectory — phenology, leaf biochemistry — which is
captured by per-pixel embeddings. Tessera’s training explicitly decorre-
lates spatial neighbourhoods through global shuffling, so the resulting
embeddings encode spectral-temporal properties of individual pixels
rather than spatial structure. For species mapping this is precisely
the relevant signal, and a per-pixel MLP is sufficient to exploit it. By
contrast, structural attributes such as canopy height or biomass may
benefit from spatial context — shadow geometry, textural arrangement,
gap structure — explaining why the same embeddings benefit from
spatial decoders such as UNets when applied to regression tasks (Feng
et al., 2025).

From a practical perspective, these results indicate that at least a
shallow nonlinear classifier is needed to exploit foundation-model em-
beddings for species mapping, but that pursuing increasingly complex
architectures beyond this point offers little additional benefit.

4.3. The limited role of ancillary environmental covariates

Environmental variables such as elevation, slope, and topographic
position are well known to structure forest composition in moun-
tain landscapes (Weiss and Walsh, 2009). These covariates are there-
fore commonly incorporated into species distribution and classifica-
tion models to compensate for topography-induced spectral distortions
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(Dong et al., 2020) and to exploit the strong species-site relationships
in mountain forests (Pu, 2021). It is therefore reasonable to ask whether
explicitly providing such covariates can improve species discrimina-
tion beyond what is achievable with foundation-model embeddings
alone. In this study, however, we find no evidence that ancillary
environmental data provide meaningful additional predictive power.

Augmenting foundation-model embeddings with terrain-derived
variables yielded no improvement in classification performance for
either representation. For AlphaEarth, this outcome is perhaps unsur-
prising: its training explicitly incorporates DEM-derived topographic
targets among its auxiliary objectives, so elevation and slope informa-
tion is likely already directly encoded in the embedding. For Tessera,
which is trained purely from optical and SAR time series without
any explicit environmental inputs, the null result is more noteworthy.
One interpretation is that key abiotic gradients are already indirectly
captured through their ecological effects on canopy phenology, struc-
ture, and biochemical composition — a hypothesis supported by the
UMAP visualisation showing clear elevation-related structure in Tessera
embedding space — but alternative explanations should be considered.
Simple feature concatenation may be a suboptimal integration strategy,
the 30 m DEM resampled to 10 m may be too coarse to add meaningful
local information, and the terrain-derived variables tested (elevation,
slope, aspect, and topographic position index) may not capture the
most relevant environmental gradients for species discrimination. The
null result therefore demonstrates that terrain covariates are redundant
under the specific experimental design employed here, but does not
establish that all environmental information is already encoded in the
embeddings.

For species mapping, the practical implication is that incorporat-
ing terrain-derived covariates via simple concatenation adds complex-
ity, data dependencies, and preprocessing overhead without delivering
commensurate gains in accuracy under the conditions tested. Whether
alternative integration strategies (e.g. attention-based fusion, multi-
scale environmental features, or higher-resolution terrain data) could
yield improvements remains an open question. While explicit envi-
ronmental data may still play an important role in other ecological
modelling tasks — particularly those involving extrapolation beyond
observed conditions — the present results suggest that in this study
region they are not a prerequisite for effective species discrimination
when using foundation-model representations.

4.4. Label quality, soft supervision, and the limits of hard classification

A common assumption in species-mapping workflows is that label
noise represents a primary constraint on model performance, particu-
larly when training data are derived from coarse or mixed inventory
units (Bolyn et al., 2022). Our results paint a more nuanced picture:
classification from foundation-model embeddings is surprisingly robust
to moderate label impurity, hard-label refinement strategies did not
help, but reframing supervision as soft labels unlocks gains that neither
approach achieves alone.

The robustness to label impurity is notable, particularly given the
wider literature showing that training-set size and composition can
substantially affect supervised classification accuracy (Ramezan et al.,
2021). Under hard-label training, performance remains nearly flat from
30% to 80% dominant-species purity, with aggressive filtering to near-
monocultures (>90%) degrading performance as data volume collapses.
We hypothesise that foundation-model embeddings provide sufficient
spectral-temporal structure to tolerate moderate label uncertainty: at
lower purity thresholds, increased noise is offset by greater sample
availability, while at very high thresholds, data scarcity degrades per-
formance, particularly for minority species. The failure of label distilla-
tion (Section S.4) - iteratively reassigning hard labels within parcels
using embedding-space prototypes — to improve pixel-level accuracy
reinforces this interpretation: at 10 m resolution, where individual pix-
els integrate reflectance from multiple tree crowns, re-sorting discrete
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labels within a parcel cannot recover information that hard labels are
structurally unable to encode.

The success of soft-label training, by contrast, reveals a deeper issue.
The distinction between hard-label distillation and soft-label training is
not merely technical but epistemic. The species composition of a parcel
is known from forest inventory data, but the spatial arrangement of
species within that parcel is not; assigning each pixel a single species
therefore fabricates pixel-level certainty from parcel-level knowledge.
Simultaneously, a 10 m Sentinel-2 pixel integrates reflectance from
multiple tree crowns and is itself a spectral mixture. Hard labels thus
impose a single-species target on a mixed-species input, using infor-
mation that was never spatially resolved. Soft labels resolve both
mismatches, encoding exactly the compositional knowledge available
from the inventory while presenting the model with targets that are
consistent with the mixed nature of the spectral input.

The consequences are visible across the purity curve (Section 3.4;
Fig. 10). Where hard-label training produces an optimum at ~80%
purity, with performance falling on either side, the soft-label curve
continues to improve from 30% to 50% purity. Mixed-species stands,
which are noise sources under hard labelling, become informatively
labelled training data under soft supervision, eliminating the trade-off
between label quality and data volume. This pattern is consistent across
both Tessera and AlphaEarth embeddings, with the latter showing
a larger macro F1 advantage (+0.024 at peak), suggesting that soft
labels can partially compensate for weaker embedding-level species
discrimination. The improvement in Proportion L1 error (0.006-0.008
lower across the stable purity range for both embeddings) confirms that
soft labels also improve recovery of landscape-scale species proportions.
The macro F1 gains indicate that the primary beneficiaries are less
common species that often occur as secondary components in mixed
stands rather than forming monospecific parcels; under hard labelling
their training signal is systematically suppressed whenever they are not
the parcel majority, and soft labels recover it. Given that parcel-level
species composition is already routinely recorded in national forest
inventories (Brus et al., 2012), and that the majority of real forest
parcels contain some degree of species mixing, these results suggest that
the widespread practice of converting fractional composition data into
hard per-pixel labels discards substantial useable information — and
that the limiting factor is not label noise per se, but the assumption
that supervision must be discrete. Our approach is complementary to
recent work on sub-pixel species-fraction mapping using synthetically
mixed training spectra (Klehr et al., 2025), which tackles the same
fundamental problem — mixed pixels and discrete labels — from the
feature-engineering side. Together, these lines of evidence suggest that
moving from hard classification to fractional or soft-label formulations
represents a broad methodological shift rather than an incremental
refinement.

4.5. Temporal transferability as the remaining frontier

Despite the strong within-year performance, temporal generalisa-
tion under single-year training remains a challenge. Domain shift be-
tween training and deployment periods is well known in remote-sensing
classification (Tuia et al., 2016); a key question is whether large-scale
pre-training confers temporal robustness. Our results show that it does
not fully do so: applying 2018-trained classifiers to 2019 data produced
substantial accuracy declines concentrated in macro-averaged metrics,
indicating that rare species are particularly sensitive to interannual
domain shift.

Several factors contribute. Interannual phenological variation alters
spectral signals encoded in embeddings (Cambridge Centre for Earth
Observation, 2026), and differences in snow persistence, cloud avail-
ability, and acquisition geometry exacerbate domain shift. Critically,
the 2018-2019 year-pair coincides with Storm Vaia (Seidl et al., 2017;
Senf and Seidl, 2021), which caused widespread windthrow across
Trentino, making it impossible to fully separate representational drift
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from genuine landscape change. Because these results are based on
a single year-pair in one study region, the magnitude of temporal
degradation should not be generalised without broader evaluation.

Under cross-year transfer, Tessera retains a greater proportion of
its within-year performance than AlphaEarth, suggesting that its purely
remote-sensing-driven training captures more temporally invariant fea-
tures. This finding is consistent with early evidence from embedding-
based crop classification (Lisaius et al., 2026) and independent eval-
uation of AlphaEarth (Ma et al., 2025), confirming that interannual
variability in frozen embeddings is a systematic consideration rather
than a study-specific artefact.

At the same time, temporal variation in embedding space may
also be an opportunity: temporal trajectories could be exploited to
study phenological shifts, stress responses, or disturbance dynamics,
bridging species mapping with functional monitoring. Operationally,
these results caution that naively applying a static, single-year clas-
sifier across years risks conflating phenological variation with gen-
uine compositional change. Overall, temporal generalisation remains
a critical frontier; addressing it through multi-year training, temporal
domain adaptation, or phenology-aware representation learning will be
essential for operational deployment.

4.6. Implications for operational forest monitoring

These findings have direct implications for national forest inventory
programmes and conservation agencies. Foundation-model embeddings
achieve strong classification with minimal downstream complexity and
as few as 5% of available training parcels, substantially reducing la-
belling effort compared to conventional approaches (McRoberts and
Tomppo, 2007; White et al., 2016; McRoberts et al., 2010). For agen-
cies that already collect parcel-level species proportions, the soft-label
finding is particularly actionable: existing compositional data routinely
discarded when converted to hard labels can instead be used directly
as training targets, improving minority-species discrimination without
additional field effort.

In the context of emerging policy needs such as the EU Biodi-
versity Strategy for 2030 and associated Forest Strategy (Directorate-
General for Environment, 2023), wall-to-wall species maps at 10 m
resolution (Fig. 8) represent a step beyond the genus-level products
currently available at European scale (De Keersmaecker et al., 2024)
— provided that temporal transfer challenges can be addressed. Re-
alising this potential at continental scales will require attention to
cross-regional transferability, inventory harmonisation, and temporally
robust training strategies.

4.7. Limitations

Several limitations should be noted when interpreting these re-
sults. First, all experiments are conducted in a single study region
(Trentino), which, while ecologically complex and demanding, rep-
resents only one biogeographic setting; the degree to which findings
generalise to other forest types, climatic zones, or inventory systems
remains to be tested. Second, temporal transfer is evaluated over a
single year-pair (2018-2019) that coincides with Storm Vaia (Sec-
tion 4.5), making it difficult to fully disentangle representational drift
from genuine landscape change. Third, we adopt a pixel-level hard
classification approach rather than sub-pixel fractional prediction. At
Sentinel-2’s 10 m resolution, individual pixels typically capture one
or a few tree crowns, limiting the degree of sub-pixel species mixing;
moreover, pixel-level classification is broadly compatible with existing
operational mapping workflows and inventory systems. Our soft-label
experiments further demonstrate that compositional reference data can
be exploited effectively within this framework, though a fully fractional
formulation could offer additional benefits in genuinely mixed stands.
Fourth, foundation-model embeddings are evaluated in a frozen, off-
the-shelf configuration without fine-tuning; task-specific adaptation has
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shown promise for vegetation mapping (Ishikawa et al., 2025) and
could potentially improve performance, particularly for rare species,
but would complicate the assessment of representation quality per se.
Similarly, hierarchical classification schemes that exploit the taxonomic
structure of species labels (Jin and Wu, 2025) or hyperspectral foun-
dation models with richer spectral resolution (Braham et al., 2025)
remain unexplored directions that could further improve discrimination
of spectrally similar taxa. Finally, the reference data are parcel-level
inventory proportions rather than individual tree-level labels; while this
is standard for forest inventory studies, it means that pixel-level predic-
tions are validated against spatially aggregated proportions rather than
at the scale of individual stems.

4.8. Future directions

The strong label efficiency demonstrated here — approaching satura-
tion performance from <5% of parcels — raises the question of whether
even sparser supervision could suffice if training samples are selected
more strategically. In preliminary experiments comparing alternative
sampling strategies (Section S.7.4; Table S.14), coreset selection guided
by K-means clustering in the embedding space consistently outper-
formed random stratified sampling across both foundation models,
improving weighted F1 by up to 1.6 percentage points at 5% train-
ing fraction and by 3.3 points at 0.1% (~45 parcels). These results
point toward few-shot species mapping in data-sparse regions, where
a small number of strategically selected reference parcels — guided by
unsupervised structure in the embedding space — may be sufficient
for operational classification without region-specific campaigns. More
broadly, extending this approach to multi-year training with explicit
temporal domain adaptation, sub-pixel fractional prediction building
on the soft-label formulation explored here, explicit spatial-context
modelling of these per-pixel representations through patch-based archi-
tectures or spatial decoders, and task-specific fine-tuning of embeddings
would address several of the limitations noted above and move the
approach closer to wall-to-wall operational deployment.

4.9. Conclusions

Geospatial foundation-model embeddings enable accurate and label-
efficient tree species mapping in complex mountain forests, consistently
outperforming conventional Sentinel-14+2 composites when paired with
a nonlinear classifier. Embeddings encode species-discriminative in-
formation more effectively than conventional composites, with the
advantage most pronounced for minority species; all representations
approach performance saturation with limited training data, but em-
beddings do so at a consistently higher ceiling. Realising this advantage
requires at least a moderately nonlinear classifier — the step from
linear to nonlinear models produces the single largest improvement
— but further increases in model capacity yield diminishing returns.
Classification is robust to moderate label impurity, and soft species-
composition labels substantially improve minority-species discrimina-
tion, suggesting that converting fractional inventory data into discrete
labels discards useable information. Supplementary environmental co-
variates provide no additional predictive power when concatenated
with embeddings. Temporal transfer across years reveals marked per-
formance degradation, particularly for rare species, with embedding
choice influencing temporal stability.

These findings are based on a single study region and require multi-
site validation before generalisation. Nonetheless, they suggest that
geospatial foundation models shift a primary bottleneck in species
mapping from feature engineering toward the availability, quality, and
temporal alignment of ecological reference data. Realising their full po-
tential for operational biodiversity monitoring will require temporally
consistent training strategies and reference datasets that embrace the
compositional complexity of real forest stands.
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foundation-model embeddings, other intermediate data and landscape
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