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Abstract

Wind damage is one of the most economically and ecologically significant natural
disturbances in European forests, yet the cloud cover that follows major storms
routinely blocks optical satellite acquisitions for weeks, precisely when rapid
damage mapping is most valuable. Synthetic aperture radar (SAR) circumvents
this limitation through all-weather imaging, but pixel-level windthrow detection
from Sentinel-1 remains challenging due to speckle noise, heterogeneous forest
structure, and inconsistent labelling regimes across regions.

This thesis investigates whether remote sensing foundation models (RSFMs)
offer a meaningful advantage over established methods for SAR-based windthrow
detection, and whether they constitute a viable approach for operational Earth
observation. Two multi-modal RSFMs, Galileo and SkySense++, are evaluated
against three classical baselines: a backscatter threshold detector, a support
vector machine, and a CNN-UPerNet, on four geographically distinct datasets
covering Sweden, Russia, Ireland, and Germany. All models share an identical
preprocessing pipeline based on five pre-event and five post-event Sentinel-1
acquisitions, and are compared under bi-temporal composite and multi-temporal
time-series input configurations, with complementary studies on label efficiency,
temporal depth, cross-dataset generalisation, augmentation strategy, and stand-
level aggregation.

The results show that performance is strongly governed by annotation regime
and event geometry rather than by model capacity alone. On the cleanest
dataset, SkySense++ reaches 90.1% pixel-level damaged-class F}, substantially
exceeding both Galileo and the CNN. On datasets with annotation finer than
the sensor can resolve, or with less consistent labels, foundation model gains
are modest or negated, and pixel-level performance is bounded primarily by
label fidelity. Temporal stacking improves performance on the noisier datasets
and plateaus around T = 8 acquisitions, while object-level stand aggregation
lifts every learned model above its pixel-level score and substantially above the
threshold baseline, reaching 93.1% object-level F; on the cleanest dataset. These
results suggest that SAR-based windthrow mapping is most credibly deployed
as a stand-level prioritisation tool, with foundation models delivering decisive
gains where annotation quality permits.
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List of abbreviations

Abbreviation Definition

SAR Synthetic Aperture Radar

InSAR Interferometric Synthetic Aperture Radar
PolSAR Polarimetric Synthetic Aperture Radar
Pol-InSAR Polarimetric Interferometric Synthetic Aperture Radar
S1 Sentinel-1

S2 Sentinel-2

ESA European Space Agency

Vv Vertical-Vertical (polarization)

VH Vertical-Horizontal (polarization)

HH Horizontal-Horizontal (polarization)

HV Horizontal-Vertical (polarization)

ML Machine Learning

CNN Convolutional Neural Network

ViT Vision Transformer

SVM Support Vector Machine

SSL Self-Supervised Learning

MIM Masked Image Modeling

FM Foundation Model

RSFM Remote Sensing Foundation Model

IoU Intersection over Union (also known as Jaccard Score)
TP True Positive

TN True Negative

FP False Positive

FN False Negative

P/R Precision / Recall



1 Introduction

Due to its all-weather active microwave imaging, synthetic aperture radar (SAR)
has become an essential tool in remote sensing applications. This makes SAR
uniquely suited for time-critical applications such as disaster response, maritime
surveillance, windthrow, and change detection in regions with persistent cloud
cover. However, interpreting SAR imagery remains challenging: unlike optical
sensors, SAR captures coherent backscatter intensity, which is influenced by
surface roughness, dielectric properties, and acquisition geometry rather than
visual appearance.

Recent years have seen rapid progress in large-scale self-supervised learning
(SSL), where models are pretrained on massive collections of unlabeled data and
subsequently adapted to many downstream tasks with limited supervision [52].
In remote sensing, the appeal of this is especially strong. Satellite archives grow
continuously, whereas high-quality manual annotations remain scarce. Manual
annotation of SAR imagery is considered costly and requires expert knowledge [38,
56]. This data imbalance has made remote sensing a natural application area
for self-supervised representation learning, often referred to as remote sensing
foundation models (RSFMs), which aim to generalize across sensors, geographies,
and tasks [52].

However, many popular vision backbones are pretrained on natural-image
datasets, so their learned features and training assumptions may not transfer
cleanly to remote sensing data [52]. This is particularly relevant for SAR,
which exhibits modality-specific phenomena such as speckle and a more indirect
relationship between pixel intensities and semantic scene content, increasing both
labelling difficulty and the risk of negative transfer from optical pretraining [32].
These considerations motivate evaluating foundation models that are trained on
SAR, or explicitly include SAR during pretraining, as they are more likely to
learn representations aligned with SAR scattering characteristics [52].

An important enabler for developing and evaluating such models is the avail-
ability of large, open Earth observation archives. In particular, the Copernicus
Sentinel missions provide globally-consistent, freely-accessible data products
at scale. Sentinel-1 (S1) delivers C-band SAR imagery, while Sentinel-2 (52)
provides multi-spectral optical observations with complementary information
content [15]. This open-access setting supports reproducible benchmarking and
enables large-scale self-supervised pretraining on realistic, multi-modal remote
sensing data [52].



In parallel, advances in deep learning architectures have substantially im-
proved the quality of learned visual representations. Early progress in remote
sensing and computer vision was driven by convolutional neural networks (CNNs)
[67], whose locality and translation-equivariance made them effective feature
extractors for imagery [53]. More recently, transformer-based architectures,
including vision transformers (ViTs) and hierarchical variants, have emerged
as increasingly popular alternatives due to their ability to model long-range
dependencies and capture global image context through self-attention [57]. This
growing adoption of transformer models has been observed across remote sensing
applications, where they are receiving widespread attention as complementary or
alternative feature extraction backbones [57|. These architectural developments
have, in turn, helped accelerate self-supervised learning, as transformer backbones
paired with masking or distillation-style objectives often produce transferable
representations that improve label efficiency and downstream robustness [35, 51].

Despite the growing interest in RSFMs, the field currently lacks standardised
benchmarks, making it difficult to assess how well these models perform relative
to one another and to established machine learning baselines. This uncertainty
is compounded by the practical demands of foundation models, which often
have large memory and compute requirements, limiting accessibility and repro-
ducibility. For SAR, the problem is more specific. Most foundation models
are pretrained on optical imagery, and it remains unclear whether models that
explicitly incorporate SAR during pretraining offer a meaningful advantage for
SAR-specific downstream tasks.

One such SAR-specific task is wind damage to forests (windthrow) which is
one of the most economically and ecologically significant natural disturbances in
Europe, with major storm events capable of felling timber volumes equivalent
to several years of normal harvest and triggering secondary cascades of fire risk
and bark beetle outbreaks [19, 42]. Detecting and mapping windthrow rapidly
after a storm is operationally critical, yet optical satellite imagery is unreliable
for this purpose when it is most needed. The frontal weather systems that
produce damaging winds leave persistent cloud cover that can block acquisition
for weeks, as illustrated by the Irish post-storm mapping campaign following
Storm Eowyn in early 2025, where cloud-free imagery was unavailable until
several weeks after the event [10]. SAR is unaffected by cloud cover and responds
to the characteristic collapse of canopy structure caused by windthrow through a
measurable change in backscatter intensity [39, 47], making it a natural modality
for operational post-storm monitoring.

Therefore this thesis investigates whether RSFMs constitute a viable ap-
proach for operational Earth observation using SAR data by evaluating them on
the downstream application of windthrow detection. Two foundation models,
Galileo [49] and SkySense++ [54], are evaluated against three classical machine
learning baselines: a backscatter threshold detector, a support vector machine
(SVM), and a UPerNet [55] convolutional neural network. A third foundation
model, SUMMIT [13], was considered but excluded after preliminary experi-
ments; see Section 1.1. Rather than comparing the foundation models against one
another, the question is whether their learned representations offer a meaningful



advantage over already established methods on a task of industrial relevance.
The evaluation spans four geographically distinct datasets covering parts of
Sweden, Russia, Ireland, and Germany.

This leads to the following research question:

Can remote sensing foundation models provide a meaningful advan-
tage over established baselines for SAR-based windthrow detection,
and do they constitute a viable approach for operational Earth obser-
vation monitoring of windthrow?

1.1 Scope and limitations

This thesis is scoped to binary semantic segmentation of windthrow using Sentinel-
1 SAR imagery. The evaluation covers four geographically distinct datasets from
European forest types. Conclusions about generalisability to tropical, subtropical,
or non-European boreal forests cannot be drawn from the results reported here.
Only Sentinel-1 C-band backscatter intensity in the V'V and V H polarisations
is used.

Three foundation models were considered: Galileo [49], SkySense++ [54],
and SUMMIT [13]. SUMMIT was excluded from the main evaluation after
preliminary experiments yielded uniformly poor results using our method across
all dataset variants. Both Galileo and SkySense++ was pretrained on multimodal
imagery including optical and multispectral sensors, but is evaluated here in
a SAR-only configuration; results therefore do not reflect the full multimodal
capability described by their authors [49, 54].



2 Theory

2.1 Synthetic aperture radar

2.1.1 Technology

Unlike optical sensors that rely on reflected sunlight, SAR is an active microwave
imaging system. The sensor carries its own illumination source, transmitting
electromagnetic pulses toward the Earth’s surface and recording the backscattered
echoes. This independence from external light sources, combined with the ability
of microwaves to penetrate clouds, makes SAR an essential tool for consistent,
all-weather Earth observation.

The raw data recorded by a SAR system is captured as a complex-valued
signal, which characterizes the surface through three fundamental components:
intensity, phase, and polarization. The intensity, or amplitude, represents the
magnitude of the backscattered energy and is primarily dictated by the physical
roughness and dielectric properties of the observed target. The phase component
records the specific state of the electromagnetic wave upon its return, effectively
encoding the precise distance between the sensor and the target to within a
fraction of the wavelength. The polarization describes the orientation of the
electromagnetic field’s oscillation as it interacts with the terrain. By controlling
the plane in which the wave is transmitted and received, typically in horizontal or
vertical orientations, the SAR system can get an understanding of the structural
geometry of the target [32].

2.1.2 Geometry and spatial resolution

A SAR sensor views the world through a specific geometric lens that differs
significantly from the nadir view (the perspective looking directly down at the
Earth’s surface, perpendicular to the ground) of most optical satellites. The
platform moves along a flight path, known as the azimuth direction, while looking
off to the side toward the cross-track or range direction, as shown in Figure 2.1.
To achieve high-resolution images, the system must resolve targets in these two
dimensions. The range resolution is determined by the pulse bandwidth, allowing
the radar to distinguish between targets based on the time delay of their echoes.

The azimuth resolution presents a greater challenge. In a traditional real
aperture radar, this resolution depends on the physical length of the antenna.
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To achieve a 10-meter resolution from space, an antenna several kilometers long
would be required. SAR overcomes this physical limit through synthetic aperture
processing. As the platform moves with velocity v, it transmits thousands of
pulses that illuminate the same target from different positions along the orbit. By
coherently combining these echoes and exploiting the phase history, the system
synthesizes a massive virtual antenna. This enables high azimuth resolution that
is independent of the distance to the target [32].

Beyond geometry, the choice of operating frequency fundamentally shapes
what a SAR sensor can observe. SAR systems transmit at microwave frequencies
that are conventionally grouped into bands, each associated with a characteristic
wavelength range. Because penetration depth scales with wavelength, the band
determines how the signal interacts with vegetation and the ground. Longer
wavelengths penetrate deeper into a volume and carry a more pronounced volume
contribution in the backscattered signal, whereas shorter wavelengths interact
predominantly with the upper surface of the canopy [32]. The most commonly
used bands in Earth observation are L, C, and X, summarised in Table 2.1.

Table 2.1: Commonly used SAR frequency bands and their characteristics.
Wavelength and frequency ranges follow [32]
Band Frequency (GHz) Wavelength (cm)

X 12-7.5 2.5-4
C 7.5-3.75 4-8

L 2-1 15-30
P 0.5-0.25 60-120

2.1.3 Scatter

In SAR, the backscattered signal from each resolution cell is measured as a
complex quantity, containing both amplitude and phase, and this measurement
is made separately for different polarization combinations. While phase encodes
the propagation path and coherent interaction of the radar wave with the target,
the polarization describes how the target transforms the incident electromagnetic
field.

Modern systems achieve this by transmitting and receiving waves in specific
orthogonal planes, horizontal (H) and vertical (V). A fully polarimetric (quad-
pol) system captures four combinations: HH and V'V (co-polarized), and HV
and V H (cross-polarized). These channels are useful for identifying the geometric
properties of a target, as different surfaces "twist" or reflect the signal in
predictable ways.

Together, phase and polarization determine the observed scattering behavior.
There are three main types of scatter; surface scattering, dihedral scattering and
volume scattering, summarised in Table 2.2.

Surface scattering is characterised by a single dominant reflection from a
rough interface. It largely preserves the incident polarization, resulting in strong
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Swath Width

Platform Height H .,

Figure 2.1: Hlustration of the SAR imaging geometry. r¢ stands for the shortest
approach distance, ©, for the azimuth beam width, and v the sensor velocity.
Figure reprinted from A. Moreira et al., ‘A Tutorial on Synthetic Aperture
Radar,” IEEE Geoscience and Remote Sensing Magazine, March 2013. (C) 2013
IEEE [32].

co-polarized returns (HH and VV) with a stable phase relationship and weak
cross-polarized components. The relatively low randomness of the phase and the
polarization preservation indicate a deterministic scattering mechanism.

Dihedral scattering arises from double-bounce interactions, such as ground
to wall or trunk to ground geometries. This mechanism also produces strong
co-polarized returns, but with a distinctive phase difference between HH and
V'V caused by the two reflections. Polarimetric phase relationships therefore
play a key role in identifying dihedral scatterers, which are common in urban
and forested environments.

Volume scattering occurs when the radar wave penetrates a medium con-
taining many randomly oriented scatterers. The coherent summation of many
scattering contributions leads to significant depolarization, strong cross-polarized
returns, and random phase behavior within the resolution cell. This combination
of high cross-polarized power and phase randomness is common in volumetric
media such as vegetation, snow, or dry soil [32].

2.1.4 Speckle noise

In SAR imagery, the dominant form of noise is speckle. Speckle arises because
SAR is a coherent imaging system, where within each resolution cell, many small
elemental scatterers contribute echoes with different amplitudes and phases.
When these echoes are coherently summed, they interfere constructively and
destructively, producing strong pixel-to-pixel fluctuations in both intensity and
phase, even over physically uniform surfaces. As a result, SAR image intensity
follows a random statistical distribution rather than a deterministic one. Speckle
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Table 2.2: Interpretation of radar polarizations and dominant scattering mecha-
nisms.

Polarization | Scattering Mechanism and Typical Targets

HH Surface & Dihedral Scattering
Calm water, road surfaces, and tree trunks (double-bounce).

Vv Surface Scattering
Rough sea surfaces (waves/wind) and vertical structures (no
double bounce).

av Volume Scattering
Forest canopies, complex ice ridges, and vegetation (the
signal is “twisted” by the target).

VH Volume Scattering
Physically identical to HV. Usually averaged with HV to
improve the detection of forests/biomass.

is not caused by instrument errors and cannot be reduced by increasing transmit
power. Instead, it is multiplicative in nature, its variance increases with signal
strength. Although commonly referred to as “noise,” speckle contains physical
information about the scatterer distribution within each resolution cell. In
practice, speckle is mitigated using techniques such as multi-looking, adaptive
filtering or mean composites, which improve radiometric interpretability, but at
the cost of some spatial resolution [32].

In the era of deep learning, more advanced methods such as convolutional
neural networks and self-supervised learning have been deployed to denoise SAR
images while better preserving fine structural details and edges than classical
filters [59].

2.1.5 Advanced SAR techniques

By using the multi-dimensional nature of the radar signal, specifically through the
combination of polarizations and multiple viewing geometries, techniques such
as Polarimetric SAR (PolSAR), Interferometric SAR (InSAR), and Polarimetric
Interferometric SAR (Pol-InSAR) are used.

PolSAR focuses on the analysis of the full scattering matrix S, which relates
the incident and scattered electric fields through the horizontal (H) and vertical
(V') polarization states. In a fully polarimetric system, the complex scattering
behavior of a target is captured as:

g Suun  Suv
Sve Svv

PolSAR techniques utilize mathematical decomposition theorems, such as
the Pauli or Freeman-Durden decompositions [7, 16], to separate the total

13



backscattered energy into the physical mechanisms discussed in the previous
sections: surface, double-bounce, and volume scattering.

InSAR uses the phase component of the complex signal by comparing two or
more images of the same scene acquired from slightly different orbital positions or
at different times [37]. The primary output of this technique is an interferogram,
which represents the phase difference between the signals. This phase difference
is for example very sensitive to the topography of the terrain and any subtle
displacements of the surface that occurred between acquisitions. InSAR is the
standard for monitoring millimeter-scale ground deformations, such as those
caused by seismic activity, volcanic inflation, or urban subsidence [29].

Pol-InSAR is the fusion of polarimetry and interferometry. It represents
one of the most sophisticated levels of radar remote sensing. While InSAR
provides information regarding the effective height of a scatterer, PolISAR provides
sensitivity to the scatterer’s shape and orientation. By performing interferometric
measurements across different polarization channels, Pol-InSAR can distinguish
between scattering contributions originating from different vertical layers within
a single resolution cell [33]. This is particularly useful for forest monitoring,
where the technique can separate the volume scattering signal returning from
the canopy, the dihedral scattering of the trunk, and the surface scattering from
the ground beneath it [32].

2.1.6 SAR applications

SAR is used across a wide range of Earth observation tasks owing to its inde-
pendence from solar illumination and cloud cover [32]. Single-scene applications
include ship detection, sea ice monitoring, and ocean wind-field retrieval, where
V'V backscatter responds to surface roughness in characteristic ways. In forestry
and agriculture, PolSAR decompositions provide estimates of biomass and canopy
structure that optical sensors cannot directly observe [33]. Multi-temporal anal-
ysis further expands these capabilities: by comparing acquisitions over time,
InSAR enables millimetre-scale surface deformation mapping for seismic, volcanic,
and subsidence monitoring [29], while backscatter change detection supports
flood mapping, deforestation monitoring, and windthrow detection in forests [39,
47].

2.2 Windthrow

2.2.1 Windthrow in European forests

Windthrow refers to the uprooting or stem breakage of trees caused by wind
loading that exceeds the mechanical resistance of the root system or the stem
itself [22]. The primary meteorological drivers are extratropical cyclones tracking
across the Atlantic into the European continent, capable of producing sustained
winds and gusts over large areas of forest in a matter of hours. Forest susceptibility
is governed by stand height and structure, species composition, edge exposure,
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and soil and drainage conditions, with conifer stands on exposed and wet sites
among the most vulnerable [18].

The historical record documents a pattern of recurring, large-scale damage
across Europe, of which the following events represent only a selection of the
most severe. Storm Lothar in December 1999, together with its sister storm
Martin, felled an estimated 228 x 106 m® of timber across France, Switzerland,
and Germany [22]. Storm Gudrun in January 2005 destroyed approximately
77 x 10°m? in Sweden alone. Storm Kyrill in January 2007 caused around
49 x 108 m? of loss across Central Europe [22]. More recently, the storms Darragh
and Eowyn during the winter of 2024,/2025 caused widespread forest damage in
Ireland and the United Kingdom [11, 30]. Gregow et al. [22] show that reported
windstorm damage to European forests increased significantly over the period
1951 to 2010. Seidl et al. [42] project further increases under future climate
scenarios.

2.2.2 Ecological and economic consequences

The operational urgency of rapid windthrow assessment arises from two com-
pounding pressures. The first is economic: the volume of timber damaged in
a single large storm has in some cases exceeded the entire annual harvest of
the affected country, and fallen material depreciates rapidly through fungal
infection in the weeks following the event [39]. The scale of losses is substantial.
Windstorm Ciaran, which struck France, the United Kingdom, Belgium, and the
Netherlands in November 2023, resulted in a loss of over € 2 billion [34]. The
second pressure is biological: fallen and damaged timber provides ideal breeding
habitat for bark beetles, whose populations can increase rapidly in the years
following a storm and attack adjacent standing trees if windthrown material is
not removed promptly [39]. Forest managers therefore require spatially explicit
damage maps as quickly as possible after a storm to prioritise salvage harvesting,
plan road access, and schedule phytosanitary treatments. Seidl et al. [42] further
document that intensifying disturbance regimes reduce the capacity of European
forests to act as carbon sinks, with projections indicating that damage-related
losses in carbon storage will continue to grow under future climate scenarios.

2.2.3 SAR signatures of windthrown forest

The physical basis for detecting windthrow with SAR backscatter lies in the
structural reorganisation of the forest canopy following a storm. An intact forest
produces a characteristic backscatter regime in which the canopy contributes
strongly to volume scattering in cross-polarised returns, while co-polarised re-
turns receive contributions from both the canopy volume and double-bounce
interactions between vertically oriented trunks and the ground surface, as de-
scribed in Section 2.1.3. The spatial regularity and upright orientation of living
trees collectively produce a stable multi-temporal signature that changes slowly
over the phenological cycle [39].
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Windthrow disrupts this regime through two concurrent mechanisms. First,
the collapse of the canopy removes the volumetric scattering layer and exposes
the underlying ground surface. Second, the fallen trunks and debris create a
chaotically arranged assembly of scattering from fallen trees, which increases
local surface roughness and introduces diffuse returns across both polarisation
channels. Riietschi et al. [39] report statistically significant post-event backscatter
increases in both V'V and V H polarisations for windthrown mixed temperate
forest in Switzerland and Germany, with the effect more pronounced in VH
due to the sensitivity of cross-polarised returns to the randomised orientation of
fallen material. An important complication is that the sign and magnitude of the
response depend on damage severity, with Tomppo et al. [47] noting that large
stand-replacing events can produce a response resembling clear-cutting, with an
overall decrease in backscatter driven by canopy loss, whereas smaller damage
patches may instead increase local returns through edge diffraction and debris
roughness. Tanase et al. [46] found that L-band backscatter decreased after
windthrow, in contrast to the positive responses reported in Sentinel-1 studies at
shorter wavelengths (C-band). Environmental conditions such as soil moisture
and freeze-thaw state further modulate the signal, as frozen ground suppresses the
ground-scattering contribution and can partially mask the windthrow signature
in winter events [47].

2.2.4 Remote sensing approaches to windthrow detection

Windthrow mapping from space has been approached through both optical
and SAR imagery, with each modality presenting distinct trade-offs between
spatial detail, spectral information content, and availability. Optical sensors
have been applied across European storm events with strong results under cloud-
free conditions. Einzmann et al. [14] applied a hybrid object- and pixel-based
change detection workflow using 5m spatial resolution RapidEye imagery to
sites damaged by Storm Niklas in 2015, identifying over 90% of windthrow areas
larger than 0.5ha. The critical operational limitation of optical sensors is their
dependence on cloud-free daylight conditions, as cloud cover following a storm
can substantially delay the first usable acquisition, removing much of the value
of early damage mapping [39]. Vaglio Laurin et al. [50] found that optical data
outperformed SAR for mapping the 2018 Vaia storm in northern Italy, while SAR
remained valuable for rapid first assessment because of its weather independence.

These limitations motivate the use of SAR as the primary tool for rapid
operational windthrow assessment. Riietschi et al. [39] established the method-
ological baseline for S1 windthrow detection using a bi-temporal change-detection
approach applied to composite backscatter images built from five pre-event and
up to ten post-event acquisitions. A heuristic windthrow index, defined as the
sum of the post-minus-pre differences in both V'V and V H polarisations, is
thresholded within a forest mask, after which a connected-component size filter
removes noise-driven isolated detections. The method was validated across a
Swiss development area and a German study area affected by Storm Xavier in
October 2017, achieving strong detection of areal windthrow while struggling
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with scattered individual fallen trees. The study further demonstrated that five
to six post-event acquisitions were sufficient to deliver windthrow maps within
approximately two weeks of a storm event [39]. The object-based evaluation
protocol used by Riietschi et al. is described in detail in Section 2.2.5, as the
same protocol is adopted in this thesis to score the learned models at the stand
level.

Tomppo et al. [47] extended the S1 detection framework to the boreal context
by evaluating three supervised classifiers on forest stands in southern Finland
affected by a summer 2017 storm. Their support vector machine achieved
an overall accuracy of 0.79, and already 0.75 accuracy was attainable from a
single post-event acquisition acquired two days after the storm, implying that
near-real-time localisation is feasible within the first S1 repeat cycle [47].

A common observation across these studies is that accuracy metrics based
on object-level overlap, such as producer’s and user’s accuracy, tend to present a
more optimistic picture of detection capability than pixel-level evaluation. Pixel-
level F provides a stricter measure of how well predicted damage boundaries
agree with reference annotations and is therefore used as the primary metric
throughout this thesis.

2.2.5 Object-based stand-level evaluation

The evaluation protocol of Riietschi et al. [39] operates at the level of connected
damage objects rather than individual pixels. Reference windthrow stands are
defined as 8-connected components of the binary damage mask, and predicted
windthrow stands are defined as 8-connected components of the thresholded
prediction raster. A reference stand is considered detected if it shares at least
one pixel with any predicted stand, and a predicted stand is considered correct if
it shares at least one pixel with any reference stand. These overlap matches feed
two complementary object-level accuracy measures. Producer’s accuracy (PA)
measures the fraction of reference stands that were detected and user’s accuracy
(UA) measures the fraction of predicted stands that are confirmed by a reference
stand. In the remote sensing literature these correspond to object-level recall
and object-level precision, respectively. The equations for precision and recall
can be found at Equation 2.10. Riietschi et al. optimise parameter choices by
the arithmetic mean of PA and UA.

2.3 Machine learning

Machine learning (ML) is a subfield of artificial intelligence in which a model
learns a mapping from input data to outputs by optimising a parametric function
with respect to a loss, rather than through explicit hand-crafted rules. For
image-based tasks such as SAR analysis, the inputs are high-dimensional arrays
of pixel values and the outputs may be class labels (classification) or per-pixel
predictions (segmentation). Methods differ in how much structure they impose
on this mapping and, correspondingly, in how many parameters they fit from
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data. This work spans that range, progressing from a hand-crafted detection
rule, through classical classifiers that fit a decision boundary over fixed input
features, to neural networks that learn the relevant features directly from the
imagery. These methods form the baselines against which the foundation models
are later assessed.

2.3.1 Classical classifiers

The first two baselines, the threshold-based detection and the support vector
machine, sit at the lower end of this range. Together they establish how far the
damage signal can be recovered before any features are learned from the data
itself.

Threshold-based detection

The simplest possible detector assigns a binary label based on whether a single
scalar feature exceeds a fixed threshold ¢. The threshold is selected by sweeping
candidate values on a training split and choosing the one that maximises a
validation metric. This is a grid search over a hand-crafted rule rather than the
optimisation of a parametric model against a loss, so the detector falls outside
the ML definition above. It is retained because its simplicity and interpretability
make it a natural lower bound against which the learning-based methods are
compared.

Support vector machine

A support vector machine (SVM) is a kernel-based classifier that constructs a
decision boundary by finding the hyperplane that maximises the margin between
two classes in a, possibly high-dimensional, feature space. Rather than fitting a
flexible curve directly through the training data, the SVM anchors its boundary
to the small subset of training points that lie closest to the decision boundary,
known as support vectors, and pushes the boundary as far as possible from both
classes simultaneously. This maximum-margin principle gives the SVM strong
generalisation properties even when training data are scarce.

A key strength of the SVM is the kernel trick: instead of explicitly mapping
inputs into a high-dimensional feature space, the classifier computes only inner
products between pairs of points through a kernel function k(x;,x;), making
non-linear decision boundaries tractable without increasing the cost of training.
A regularisation parameter C' controls the trade-off between maximising the
margin and tolerating misclassified training points, with larger values of C'
producing a tighter fit to the training data at the risk of overfitting. This work
uses both a linear kernel, which is computationally efficient and well suited to
high-dimensional feature spaces, and a radial basis function (RBF) kernel

K(xi,%7) = exp(— [xi — ;%) | (2.1)

which measures similarity by Euclidean distance in the original input space and
can model curved decision boundaries [21].
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2.3.2 Neural networks

A neural network is a parametric function composed of layers of simple computa-
tional units called neurons. Each neuron computes a weighted sum of its inputs
and passes the result through a non-linear activation function o:

z=o(w'x+b), (2.2)

where w are learnable weights, b is a bias term, and x is the input vector. Common
activation functions include the Rectified Linear Unit (ReLU), o(z) = max(0, z),
and the sigmoid, o(z) = 1/(1 4+ e~*). Without non-linearity, stacking multiple
layers would collapse to a single affine transformation, and the network could
not represent complex functions. Layers are stacked so that each layer receives
the activations of the previous one as input, building progressively more abstract
representations of the data. The final layer produces the network’s output, for
example, a probability over classes or a per-pixel damage score [21].

Loss functions

To train a network, a scalar loss £ measures the discrepancy between predictions
and ground truth labels. The following subsections introduce the loss functions
used to train the segmentation models in this work, covering standard formula-
tions and the class-imbalance-aware variants that are necessary when the target
class occupies only a small fraction of each tile.

Cross-Entropy Loss. Standard cross-entropy (CE) treats all pixels equally,
which is poorly suited to imbalanced datasets [36]. To compensate, class weights
were introduced such that the damaged class receives a substantially higher
penalty:

Lcg = — Zwyz‘ logﬁi,ym w = [10’ wevent]u (23)

where the event weight weyent is derived from the pixel-level class frequency in
the training set:

Wevyent = \/Nhealthy /Nwindthrowa (24)

with Nheaithy the number of healthy forest pixels and Nyindshrow the number of
windthrow pixels. This ratio scales the minority-class penalty inversely with its
prevalence, producing a large weight when windthrow is rare.

Focal Loss. Focal loss modulates the per-pixel CE contribution by a factor
that down-weights easy, well-classified examples and focuses training on hard or
misclassified pixels [28]:

LFocal - 70[,5(1 713]‘/)“/ logﬁu (25)

where p; is the predicted probability for the ground-truth class, a; is a class-
balancing factor, and v > 0 is the focusing parameter. Higher values of v
suppress easy negatives more aggressively.
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Dice loss. Dice loss is an overlap-based loss that encourages the predicted mask
to match the ground-truth mask. It is well suited to imbalanced segmentation
problems because the loss is normalised by the sizes of the predicted and reference
regions, rather than being dominated by the number of background pixels [31]:

2} pigite
Eipi +Ei9i +¢€’
where p; € [0,1] denotes the predicted probability for pixel i, g; € {0,1} denotes

the corresponding ground-truth label, and € is a small smoothing constant used
to avoid division by zero.

Lpiee = 1 (2.6)

Focal Dice Loss. The compound Focal Dice objective combines both losses
with equal weighting:
»CFocalDice = »CDice + »CFocaL (27)

This formulation was the primary configuration explored in this work, as it
benefits from the class-agnostic overlap sensitivity of Dice loss together with the
hard-example emphasis of focal loss.

Focal Tversky Loss. The Focal Tversky loss generalises the Dice loss by
introducing asymmetric penalisation of false positives and false negatives through
parameters « and £ [40]:

TP + ¢

T =
(@ 8) = TP T aFP+ BFN 1<

Lyt = (1-T)". (2.8)

Setting 8 > a imposes a higher cost on false negatives, which is desirable when
missing a windthrow event is more costly than a spurious detection. The default
configuration used o = 0.3, 5 = 0.7, and v = 0.75.

Backpropagation and optimisation

Network parameters 6 are updated by gradient descent. Computing the gradient
VoL efficiently across all layers is achieved by backpropagation, which applies
the chain rule recursively from the output layer back toward the inputs. For a
composed function £ = f,, o--- o f1(x), the gradient with respect to parameters
in layer k is:

oL _ 0L Ofn  Ofkrr Ofk
00 Ofn Ofn- Ofx 00
In practice, the Adam optimiser is commonly used. It maintains per-parameter
adaptive learning rates based on running estimates of the first and second

moments of the gradient, making training less sensitive to the choice of global
learning rate than vanilla SGD [26].

(2.9)
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2.3.3 Convolutional neural networks

Rather than connecting every input pixel to every neuron, which would be
computationally intractable for high-resolution images, a CNN applies a set
of learned filters W € RF¥*kxCinxCout that slide over the spatial dimensions of
the input. Each filter computes a local dot product, producing a feature map
that highlights where a specific spatial pattern appears in the image. Several
design choices make CNNs well-suited to imagery: weight sharing (the same
filter is applied at all spatial positions, greatly reducing the parameter count),
local receptive fields (each neuron responds to only a k x k neighbourhood), and
spatial pooling (progressive downsampling that builds hierarchically abstract
representations).

A standard CNN encoder applies repeated blocks of convolution, non-linear
activation, and pooling. The successive downsampling increases the effective
receptive field, later layers respond to increasingly large image regions. Allowing
the network to capture both fine-grained texture and coarse global structure.
This is particularly relevant for SAR-based wind damage detection, where damage
manifests as backscatter change at multiple spatial scales, with individual fallen
trees at fine scale and large clearings at coarse scale [21].

UPerNet

UPerNet [55] is a general-purpose dense prediction decoder designed to aggregate
multi-scale feature representations produced by a hierarchical backbone. At the
deepest feature level, a pyramid pooling module (PPM) as seen in Figure 2.2
applies adaptive average pooling at several fixed scales and concatenates the
resulting context descriptors with the original feature map, capturing global
semantic context that local convolutional filters cannot reach. The resulting
representation is fused with shallower backbone features through a feature
pyramid network (FPN) pathway [55], where lateral 1x1 projections align channel
dimensions at each scale, and a top-down pathway progressively upsamples and
adds deeper context to finer spatial levels, preserving high-frequency spatial
detail while incorporating large-scale semantic information. The multi-scale
outputs are concatenated and passed through a bottleneck convolution before a
final 1 x 1 classifier produces per-pixel logits.
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Figure 2.2: UPerNet architecture as proposed by Xiao et al. [55]. The pyramid
pooling module (PPM) at the deepest feature level captures global context; a
feature pyramid network (FPN) fuses this with shallower backbone features at
four spatial scales. In this work the four task-specific heads are replaced by a
single two-channel classifier for binary windthrow segmentation.

2.3.4 Transformers

Transformers are a type of neural network architecture originally designed for
processing sequences of data, such as sentences in natural language processing.
Their core innovation is the self-attention mechanism, which allows the model
to weigh the importance of different parts of the input relative to each other
rather than processing information strictly in order or through local filters. This
enables transformers to capture long-range relationships efficiently and in parallel,
making them highly effective for tasks involving complex dependencies [51].

Vision transformers

Vision transformers (ViT) adapt the transformer architecture from natural
language processing to computer vision by rethinking how visual data is repre-
sented. Instead of processing words or subwords, an image is split into fixed-size
patches [12]. Each patch is linearly embedded and treated as a sequence token,
making the input compatible with standard self-attention mechanisms. Because
transformers do not inherently account for the spatial arrangement of these
tokens, positional embeddings are added to preserve the structural context of
the image [12].

Self-attention allows every patch to directly interact with every other patch,
enabling the model to capture long-range dependencies across the entire image in
a single layer, a capability that CNNs only achieve indirectly through successive
layers and pooling. Unlike CNNs, ViTs lack strong inductive biases such as
locality and translation invariance. Consequently, they typically require large-
scale pre-training on extensive datasets to learn spatial hierarchies effectively.
However, this trade-off results in a highly flexible, globally aware representation
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that transfers exceptionally well across various downstream tasks [12]. To further
optimize this approach, extensions such as hierarchical vision transformers
introduce multi-scale representations, merging the architectural strengths of
CNNs with the expressive power of attention-based models.
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(b) Vision Transformer architecture

Figure 2.3: Comparison of a standard CNN architecture (a) and a Vision
Transformer (b). The CNN applies learned filters locally at every spatial position;
the ViT splits the image into fixed-size patches, embeds each as a token, and
uses self-attention to model relationships across the full image in a single layer.

2.3.5 Evaluation metrics

Windthrow detection is a binary segmentation problem with severe class imbal-
ance, damaged pixels are a small fraction of the total forested area. Standard
accuracy (fraction of correctly classified pixels) is therefore misleading. A clas-
sifier that predicts no damage everywhere can achieve high accuracy simply
because most pixels are undamaged. The metrics used in this work are instead
derived from the confusion matrix, which counts four outcomes for each pixel:
true positives (TP, correctly predicted damage), true negatives (TN, correctly
predicted no damage), false positives (FP, undamaged pixels incorrectly flagged),

23



and false negatives (FN, damaged pixels missed) [21].

Precision and recall

Precision measures what fraction of pixels flagged as damaged are truly damaged,
while recall measures what fraction of truly damaged pixels are detected:

TP TP
Precision = ——— Recall = —————— 2.10
recision TP TP eca TP 1 N ( )

The two metrics capture complementary failure modes. A model that flags
everything as damaged achieves perfect recall but near-zero precision. A model
that only flags the most obvious damage achieves high precision but low recall.
Both failure modes are costly in an operational context, where false positives
waste field inspection resources, while false negatives leave undetected damage
unaddressed.

F1 score

The F1 score is the harmonic mean of precision and recall, providing a single
scalar that balances both:

Fl— 2 - Precision - Recall _ 2TP
"~ Precision + Recall = 2TP + FP + FN
The harmonic mean is used rather than the arithmetic mean because it

penalises large imbalances between precision and recall, a model with precision
1.0 and recall 0.01 scores F1 = 0.02, not 0.5.

(2.11)

Intersection over union

Intersection over Union (IoU), also known as the Jaccard index, measures the
overlap between the predicted damage mask M and the reference mask M:

_MaM| TP

ToU = — =
|MuM| TP+FP+FN

(2.12)

IoU is the standard metric for segmentation benchmarks and is more strin-
gent than F1, since it penalises both false positives and false negatives in the
denominator without the factor of two that softens the F1 denominator. A model
must achieve precise spatial alignment with the reference mask to score well on
ToU, making it a particularly informative metric for the spatially structured task
of forest damage mapping. mloU is calculated as the arithmetic mean of the
IoU scores across both classes.
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2.4 Self-supervised learning

Self-supervised learning (SSL) represents a fundamental shift in machine learning,
enabling models to extract rich feature representations from unlabeled data
without human supervision [35]. By constructing learning tasks directly from the
input itself, such as reconstructing masked components or contrasting augmented
views, SSL overcomes the scalability bottlenecks present in supervised learning.
This approach enables the creation of robust FMs that often surpass supervised
counterparts [52], particularly in their ability to generalize across diverse tasks.
SSL has consequently become the standard for handling large-scale datasets
where annotation is impractical or prohibitively expensive. This challenge is
especially acute in remote sensing, where satellites generate petabytes of imagery
daily, creating a setting where raw data is effectively unlimited but labeled ground
truth remains scarce. For SAR in particular, the problem is compounded by the
non-literal nature of the imagery. Rather than visual appearance, SAR captures
complex electromagnetic scattering properties, making human interpretation
difficult and requiring expert-level domain knowledge for reliable labelling [38,
56].

2.4.1 Types of self-supervised learning

The roots of SSL extend to the early deep learning era, evolving from pretext
tasks such as image colorization, jigsaw puzzle solving, and layer-wise pretrain-
ing. Despite this history, the field historically lacked a unified taxonomy, with
definitions frequently overlapping as methods share mechanisms across different
objectives. To provide a structured foundation for the analysis that follows, this
work adopts the classification framework proposed by Balestriero et al. [1], which
unifies the field into four distinct families based on their training objectives:
contrastive learning, self-distillation, redundancy reduction, and masked image
modeling.

Contrastive

Contrastive learning, rooted in deep metric learning, operates on the principle of
instance discrimination. The training objective encourages the encoder to map
semantically equivalent augmented views of the same image, termed positive
pairs, to nearby points in the embedding space, while simultaneously repelling
representations of different images, referred to as negative pairs. This dual
pressure prevents the model from collapsing to a trivial constant solution [1].
Modern contrastive methods commonly implement this principle using the
InfoNCE loss. Given a batch of N images, two augmented views are generated
for each image, resulting in 2N samples. For a positive pair (z;,2;), the loss
encourages their similarity to be high relative to the similarity between z; and
all other views in the batch:
exp (sim(z;,z;)/T)

N . ’
i:]_ 1[/(:761] exp (Slm(zi7 Zk)/T)

E@j = 710g (213)
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where z; and z; denote latent representations of two augmented views of the same
image, sim denotes cosine similarity, 7 is a temperature parameter controlling the
sharpness of the similarity distribution, and 1(;; excludes the anchor sample
from the denominator. The loss can be interpreted as a classification objective
in which the model must identify the correct positive view among all other
candidate views in the batch.

Prominent contrastive frameworks such as SImCLR [5] therefore rely on large
batch sizes, or alternatively memory banks, to provide a sufficient number of
negative examples. They also depend strongly on stochastic data augmentation,
since the choice of augmentations defines which image properties should be treated
as invariant. While effective, this dependence on negative samples increases
memory requirements and can make the learned representation sensitive to
augmentation design. These limitations motivated the development of SSL
methods that remove the need for explicit negative pairs altogether [6, 23].

Self-distillation

The self-distillation family, also referred to as non-contrastive or bootstrap
learning, eliminates the requirement for explicit negative pairs entirely. These
methods adopt a teacher-student architecture in which two networks, an online
student encoder and a momentum teacher encoder, each process a different
augmented view of the same image, and the training signal is defined as the
distance between the student’s projection and the teacher’s projection. Because
both networks could trivially minimize this objective by outputting a constant
vector, structural asymmetries are introduced to prevent collapse. In BYOL [23],
shown in Figure 2.4, the teacher’s weights are not updated by gradient descent
but instead by an exponential moving average (EMA) of the student’s weights,
producing a slowly evolving target that forces the student to continuously refine
its representations to match a moving reference. SimSiam [6] achieves a related
effect by applying a stop-gradient operation to the target branch, which prevents
gradient flow through the teacher and breaks the symmetry that would otherwise
lead to collapse. Self-distillation methods are computationally attractive because
they remove the large-batch requirement of contrastive approaches, making them
more practical in memory-constrained settings.

Redundancy reduction

The redundancy reduction family approaches the collapse problem from a sta-
tistical perspective, focusing on the cross-covariance structure of the learned
representations rather than on direct sample-pair comparisons. Methods such as
Barlow Twins [58] and VICReg [3] operate by driving the cross-correlation matrix
of embeddings produced from two augmented views toward the identity. The
Barlow Twins objective achieves this through two complementary terms, where
the diagonal invariance term aligns the same feature dimension across views,
enforcing view-invariant representations, while the off-diagonal redundancy term
penalizes correlations between distinct feature dimensions, decorrelating the
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Figure 2.4: BYOL architecture

embedding space and preventing dimensional collapse. Dimensional collapse
is a failure mode in which the model learns to encode information in only a
low-dimensional subspace of the available embedding, discarding representational
capacity. By explicitly penalizing such inter-neuron correlations, redundancy
reduction methods force information to be distributed uniformly across all em-
bedding dimensions. Unlike contrastive methods, this family requires no large
batches or memory banks, as the objective is defined over feature statistics
computed within the standard training batch.

Masked image modeling

Masked image modeling (MIM) departs from the invariance-based framework
shared by the three preceding families and instead adopts a generative recon-
struction objective. A proportion of the input tokens is randomly withheld from
the encoder, and the model is trained to reconstruct the content of those masked
tokens from the visible context. By learning to predict missing image regions,
the encoder implicitly acquires an understanding of local textures, global scene
structure, and the statistical regularities of the domain, without augmentation
pipelines or pairwise objectives [25]. Because the model must predict fine-grained
token statistics, MIM objectives naturally preserve high-frequency spatial detail
that tends to be discarded by the global pooling operations used in contrastive
frameworks, which has made MIM-pretrained models particularly strong on
dense prediction tasks such as segmentation. Remote sensing adaptations of
MIM, such as SatMAE [8], extend this masking strategy to the spectral dimen-
sion by treating inputs as three-dimensional volumes defined by height, width,
and spectral band, forcing the model to reconstruct missing channels from the
remaining ones and thus encouraging cross-spectral reasoning directly relevant
to multi-sensor Earth observation data.
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2.5 Remote sensing foundation models

The SSL methods described above form the backbone of a growing class of RSFMs,
which apply these techniques at scale to satellite imagery. While early RSFMs
focused primarily on optical data, more recent models explicitly incorporate
SAR, either as the sole modality or as part of a multimodal pretraining scheme,
making them more applicable to SAR-specific downstream tasks. Despite this
progress, the field currently lacks standardized benchmarks, making it difficult to
assess how well these models perform relative to one another and to established
machine learning baselines [52]. For SAR in particular, most foundation models
are pretrained predominantly on optical imagery, and it remains unclear whether
models that explicitly incorporate SAR during pretraining offer a meaningful
advantage for SAR-specific tasks, such as windthrow detection. The three models
evaluated in this thesis are: SUMMIT, which applies a domain-specialized MIM
objective exclusively to SAR data, Galileo, which combines two complementary
MIM strategies across nine Earth observation modalities, and SkySense+-+,
which sequences a contrastive pretraining stage with a semantic MIM stage to
build progressively richer representations.

2.5.1 SUMMIT

SUMMIT is a foundation model designed exclusively for SAR imagery, targeting
intrinsic modality properties that general-purpose vision models tend to overlook,
including coherent speckle, electromagnetic scattering mechanisms, and the indi-
rect relationship between backscatter intensity and scene semantics. The model
adopts the MIM framework as its primary pretraining objective, training the
encoder to reconstruct randomly masked patches from the remaining visible con-
text. Critically, this reconstruction loss is augmented with three domain-specific
auxiliary tasks, each formulated as an additional self-supervised signal. These
are speckle denoising, edge feature extraction, and scattering point detection.
Each auxiliary task requires the model to reason about a physically grounded
property of SAR image, steering the representations toward features aligned with
electromagnetic scattering theory rather than generic image statistics. The model
is pretrained on the custom MuSID dataset containing over 560,000 multi-source
SAR images. In downstream evaluations, SUMMIT achieves state-of-the-art
performance across image classification, object detection, and instance segmen-
tation, with improvements attributed to the domain-specific auxiliary objectives
rather than scale alone. Pretrained weights and code are publicly available [13].

2.5.2 Galileo

Galileo is a multimodal Earth observation foundation model that processes a
broad set of remote sensing modalities jointly across space and time, including
multispectral optical imagery, SAR, elevation models, weather reanalysis, and
land cover maps, through a shared ViT backbone receiving modality-specific
patch embeddings. The pretraining objective combines two complementary MIM
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strategies that address a fundamental tension in masked reconstruction, in which
structured space-time masking, where entire spatial blocks or temporal frames
are withheld, forces the model to acquire long-range semantic context while
unstructured random token masking, applied independently per token, preserves
fine-grained spatial detail by requiring reconstruction of locally missing patches.
By combining both regimes within a single dual-objective framework, Galileo
aims to produce representations that are simultaneously semantically rich and
spatially faithful, a balance particularly important for dense prediction tasks
such as pixel-level windthrow segmentation. Pretrained on a globally sampled
dataset of over 127,000 multi-modal instances spanning nine modalities at 10 m
resolution, Galileo achieves state-of-the-art or near-state-of-the-art performance
across the GeoBench benchmark suite, covering classification, segmentation, SAR
flood mapping, and multimodal crop classification. Code, pretrained weights,
and pretraining data are openly released [49].

Additionally, Galileo can use time-series data. For a multi-temporal input,
each spatial patch at each timestep is embedded independently into a token
of dimension d. Temporal position is encoded by a learned month embedding
that maps calendar month indices to dense vectors added to the patch tokens
prior to self-attention, allowing the model to explicitly represent the acquisition
schedule rather than relying on only positional order. The full set of spatio-
temporal tokens is then processed by the shared transformer in a single forward
pass, so that self-attention operates jointly across space and time at every layer.
The resulting representations therefore reflect the full temporal context of the
acquisition sequence rather than the spatial content of individual timesteps
in isolation [49]. For dense prediction over multi-temporal inputs, the Galileo
authors aggregate the per-timestep features produced by the encoder via simple
temporal pooling rather than through a learned post-encoder fusion module, as
demonstrated on the PASTIS image-time-series segmentation benchmark [49].

2.5.3 SkySense++

SkySense++ is a multimodal RSFM built around a factorised architecture that dis-
entangles sensor-specific spatial encoding from cross-modal temporal fusion [54].
Modality-specific encoders process the high-resolution optical, multispectral, and
SAR inputs independently for each timestep, and the resulting per-modality
feature maps are concatenated into a joint multi-modal temporal representation.
A date-specific temporal positional encoding indexed by actual acquisition dates
is then added before a 24-layer multi-modal temporal fusion transformer attends
jointly across modalities and time, producing a single spatio-temporal feature per
spatial location. Because the spatial encoders operate independently per timestep
and the fusion transformer receives the full set of dated feature tokens, the model
natively supports inputs of varying temporal length and irregular acquisition
schedules, making it sensitive to the actual ordering and timing of observations
rather than their positional index alone. This built-in multi-temporal capacity is
what the temporal extension in this work exploits, as described in Section 4.2.4,
and is described in detail by Wu et al. [54]. In the implementation used here,
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the date-specific positional encoding is not active, and temporal information
is conveyed to the fusion transformer only by the fixed ordering of the input
timesteps.

Wu et al. [54] pretrain SkySense++ in two sequential stages on a curated
dataset of 27 million multimodal remote sensing images, as seen in Figure 2.5.
The first stage applies multi-granularity contrastive learning, aligning represen-
tations of spatially co-located but sensor-diverse image patches at token, object,
and image level, instilling broad cross-modal correspondence and geographic
invariance. The second stage introduces masked semantic learning, in which the
model is trained to predict discrete semantic tokens generated by a pretrained
segmentation network rather than reconstructing raw pixel values, shifting the
reconstruction target from low-level texture to semantic category labels. This
combination produces representations rich enough to support few-shot generali-
sation to unseen task categories with minimal labelled examples, and SkySense++
demonstrates consistent improvements over prior state-of-the-art models across
12 Earth observation benchmarks spanning seven application domains, including
forestry and disaster management [54].

Stage 1: Multi-granularity contrastive learning

Pretraining
datasets

Stage 2: semantic-enhanced pretraining

Figure 2.5: Overview of the pretraining of SkySense++

In this work the Sentinel-1 SAR encoder is used in isolation, exploiting the
factorised design to operate on the two SAR polarisations (VV, V H) without
requiring the optical modalities present during pretraining. Each acquisition is
forwarded independently through the shared ViT-Large backbone, producing

30



per-timestep feature maps at layers 5, 11, 17, and 23. A dedicated fusion
transformer then aggregates these per-timestep features across the temporal
axis: for each spatial location, the features from all acquisitions are treated as
a short sequence of tokens, a learned class token is added at the beginning of
the sequence, and self-attention is applied to let every timestep attend to every
other. The resulting class token is read out as a single fused feature vector that
summarises the full temporal context at that location. This is specifically used
in the temporal extension experiment, described in Section 4.2.4.
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3 Data

The preprocessing pipeline transforms raw vector annotations, acquired from
the different datasets, of storm-damaged forest into training-ready numerical
arrays. The process begins with damage polygons sourced from each country
dataset. These polygons are rasterized onto a regular spatial grid and used to
generate spatially distinct tiles of 448 x 448 pixels. This tile size was chosen to
match the input requirements of the foundation models used in this study and
to allow the spatial reconstruction of forest patches of varying extent.

For each tile, five S1 SAR acquisitions acquired before the storm event and
five acquired after are stored as individual GeoTIFF files in the two-channel
format (VV,VH). All S1 data were retrieved from Google Earth Engine using the
Copernicus S1 collection. Since V'V and V H were the only available polarization
channels for the chosen satellite S1, these two channels were used throughout
the study. Alongside the SAR imagery, two binary mask files are generated
per tile. The file mask.tif contains the raw windthrow reference map, where
a pixel value of 1 indicates a confirmed windthrow event and 0 indicates no
detected damage. The file forest_mask.tif defines the target segmentation
mask Y € {0, 1}#48%448 where 1 denotes damaged forest, 0 denotes undamaged
forest and non-forest pixels are represented as NaN, so that only valid forest
pixels are considered, in line with [39, 47]. For most datasets the forest mask was
derived from the ESA WorldCover 10m 2021 product using class 10 to identify
forest. For the Swedish dataset, non-forest areas had already been marked as
NaN by Skogsstyrelsen prior to publication and no additional forest masking was
therefore required. The resulting per-country directory structure is as follows:
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<country>/
| tiles/
| <tile_id>/

pre_1.tif
pre_2.tif
pre_3.tif
pre_4.tif
pre_b.tif
post_1.tif
post_2.tif
post_3.tif
post_4.tif
post_5.tif
mask.tif
forest_mask.tif

From this tile structure, two distinct datasets are produced, each pairing the
same segmentation target Y with a different SAR input representation.

The first dataset uses a mean composite input. To reduce the effect of speckle
noise inherent in SAR imagery, a pixel-wise mean is computed separately across
the five pre-event acquisitions and the five post-event acquisitions. The four
resulting channels are concatenated to form the composite representation

Xcomp € R448X448X4 = varea ﬁprea Wposta ﬁpost] .

Each sample in this dataset therefore consists of the pair (Xcomp, Y ). Examples
of how the data looks can be seen in Figure 3.2, with additional Sentinel-2 (RGB)
and a post — pre SAR delta for clarity.

The second dataset retains the full temporal stack without temporal averaging,
preserving all ten acquisitions in chronological order. With two polarization
channels per acquisition, each tile is represented as

X, € RM8x448x10x2
where the temporal dimension contains the five pre-event acquisitions followed
by the five post-event acquisitions, and the last dimension holds the (VV,V H)
polarization pair. Each sample in this dataset consists of the pair (X5, Y).

Due to the large class imbalance, seen in Table 3.1, filtered versions of
the datasets were created in which only tiles containing more than a certain
percentage of the event class were retained for training.

3.1 Storm Johannes, Sweden
Storm Johannes struck Sweden in late December 2025 and caused extensive

forest damage [45]. The following description is how Skogsstyrelsen created the
dataset recived from direct contact with representatives from Skogsstyrelsen.
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Tile on disk
448 x 448 px, 10 GeoTIFFs

average over forest_mask.tif retain all
pre/post acquisitions

forest_mask.tif

‘ Mean composite

Temporal stack
Xeomp € RI48x448x4 ‘

Xis € R448x448Xx10X2

Segmentation target
Y ¢ {0, 1}448x 448

Dataset 1 Dataset 2
(xcompv Y) (Xts, Y)

Figure 3.1: Overview of the preprocessing pipeline. Each tile on disk is used to
produce two training datasets sharing the same segmentation target Y derived
from the forest mask.

Table 3.1: Tile counts and class balance per dataset for the unfiltered base
variant and the 5% event-fraction filtered variant. The base variant contains
all forest tiles, while the 5% variant retains only tiles in which at least 5% of
forest pixels are labelled as damaged. The damage fraction reports the mean
percentage of damaged pixels among all valid forest pixels in each variant.

Base 5% filtered
Dataset Tiles Damage frac. Tiles Damage frac.
Germany 54 2.75% 9 6.98%
Ireland 1627 2.19% 215 9.85%
Russia 205 3.66% 41 9.69%
Sweden 2941 2.3™% 99 16.07%
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Ground truth

Ground truth

Ground truth

Ground truth

Figure 3.2: Pre- and post-storm SAR composites, their dB difference (post — pre),
a near-storm Sentinel-2 RGB image with their respective forest and damage
mask (red marks damaged forest, green undamaged forest and grey non-forest
pixels) for four 448x448 tile examples from the Russian dataset.
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The storm damage dataset consisted of a Sentinel-2-based (optical satelite)
change image provided as a georeferenced raster product. The product was
divided into index tiles covering approximately 50 x 50 km and was generated from
satellite data acquired on 2025-02-12 and 2026-02-14. The raster had a spatial
resolution of 10 m. It consisted of three bands: NIR-first, containing near-
infrared reflectance from the first date; Red-1last, containing red-band reflectance
from the last date; and Green-first, containing green-band reflectance from
the first date. When displayed in GIS software, these three bands were assigned
to the red, green, and blue display channels, respectively.

To enhance visual interpretation, the original satellite values were contrast-
stretched and rescaled independently in each band to a pixel value range of 1-255.
The interpretation of the composite image was based on differences in snow
reflectance between the two acquisition dates. Since snow has high reflectance in
all included spectral bands, areas with snow present on both dates appear bright
or nearly white in the resulting image. In contrast, areas where snow is visible
only on the later date appear distinctly green. According to Skogsstyrelsen,
such light green areas indicate locations where forest was likely blown down
during the storm, thereby exposing snow-covered ground that had previously
been obscured by standing trees.

A potential limitation of this approach is that areas harvested between the two
acquisition dates may produce a similar visual response. However, Skogsstyrelsen
stated that such areas were masked out as far as possible during preprocessing.

To derive training labels for the Sentinel-1-based model, the Sentinel-2 change
image described above was processed using a custom Python script. The three-
band composite encodes storm damage as elevated values in Band 2 (the green
display channel) relative to Bands 1 and 3, which are assigned to the red and
blue display channels respectively. To exploit this spectral signal and have a
index, a pixel-wise damage index was computed as the difference between Band 2
and the maximum of the other two bands:

index = By — max(By, Bs) (3.1)

Positive values of this index indicate pixels where the green channel dominates,
which, following the interpretation provided by Skogsstyrelsen, corresponds to
locations where snow-covered ground has become visible in the later acquisition
that was previously obscured by standing forest canopy, suggesting that the
canopy has been removed by the storm. A threshold of 50 was applied to binarise
the index into a damage mask this will serve as our ground truth. This value
was selected through visual inspection of the resulting mask against the original
composite, where lower thresholds produced excessive false detections in non-
damaged areas, while higher thresholds caused clear damage patches to be missed.
The value of 50 represented the best balance between sensitivity and specificity
under visual assessment. The resulting binary mask was subsequently filtered
using 8-connected component labelling, and connected components smaller than
10 pixels were removed to suppress noise and eliminate small isolated detections.
The final mask was used as the reference label for all training and evaluation of
the Sweden dataset.
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3.2 The European Russia Windthrow Database,
Russia

The European Russia Windthrow Database [44] is a GIS dataset of stand-
replacing windthrow events in the forest zone of European Russia. The original
dataset was produced from the Landsat archive combined with the Global Forest
Change and Eastern Europe’s Forest Cover Change products. The annotation
methodology was based on manual delineation of windthrow areas from satellite
imagery, using Landsat time series in combination with the Global Forest Change
and Eastern Europe’s Forest Cover Change products to identify and map stand-
replacing windthrow patches. It contains 102,747 elementary damaged areas,
grouped into 700 windthrow events associated with 486 storm events [43]. For
this study, the dataset was filtered to events dated 2016 or later. Events before
2016 were excluded to ensure availability of S1 SAR observations for all samples.

3.3 Private Forest Wind Damage Assessment, Ire-
land

The Ireland dataset was developed in response to widespread forest windthrow
following Storm Darragh and Storm Eowyn during the winter of 2024,/2025 [11,
30], and published by the Irish Department of Agriculture, Food and the Marine
(DAFM). The dataset provides a spatial inventory of wind-damaged privately
owned forest areas across Ireland at stand level, and is distributed primarily as
an ESRI Shapefile polygon layer.

The mapping was derived from an Earth Observation workflow based pri-
marily on high-resolution SkySat satellite imagery, supplemented by pre- and
post-storm S2 and PlanetScope imagery. For a smaller number of sites, drone
imagery was also acquired to improve interpretation in specific locations. DAFM
reports that approximately 75% of the mapping relied on SkySat imagery (around
0.5m spatial resolution), 20% on Sentinel-2 and PlanetScope imagery (around
10m and 3m, respectively), and 5% on drone imagery (around 0.2 m resolution).
The imagery acquisition depended on cloud-free conditions, and the mapping
exercise was conducted largely between early February and the beginning of
April 2025. The final output is a polygon database of wind-damaged private
forest areas greater than or equal to 0.1ha [10].

3.4 Storm Xavier, Germany

For this dataset, windthrow reference polygons obtained by direct contact with
the authors of Riietschi et al. [39] was used. The polygons document damage
caused by Storm Xavier, which struck northern Germany on 5 October 2017
with wind speeds of up to 117 km/h [39]. The reference data were produced by
the department of forestry of Mecklenburg-Vorpommern through interpretation
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of aerial imagery acquired between 16 and 29 October 2017 using a Nikon
D300 camera at a flight altitude of approximately 800 m, yielding a spatial
resolution of 12 cm. The survey covered approximately 125 km? of forested area
east of Liineburg. Each delineated polygon belonged to one of three damage
severity classes based on the estimated proportion of windthrown stems: single
windthrown trees (1-50%), single standing trees (51-90%), and areal windthrow
(more than 90%). Only areas exceeding 0.5 ha were retained, resulting in 250
reference polygons [39]. In our experiments, these three classes were merged into
a single binary class (windthrow vs. no windthrow) to match the label format
used across datasets.
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4 Methods

4.1 Baseline classifiers

Three baseline classifiers were selected to span the methodological range from
rule-based detection to supervised deep learning, providing a structured reference
against which the foundation models are evaluated. Intensity thresholding has
previously been applied to storm damage detection in SAR imagery [39] and is
retained here as a simple lower bound. Among the supervised classical methods
compared by Tomppo et al. [47] on the same task, SVM achieved the highest ac-
curacy and was therefore selected as a second baseline. A UPerNet segmentation
network was additionally included as a supervised deep learning reference, repre-
senting the class of task-specific convolutional models that foundation models
are intended to match or surpass without task-specific pretraining.

4.1.1 Threshold

As a classical baseline, a threshold-based wind-damage detector was implemented
inspired by Riietschi et al. [39] and applied across all datasets. Training and
testing were performed independently for each dataset.

The calculations were done on the mean images X¢omp. The reference masks
were preprocessed by removing all connected damage components smaller than
10 pixels (8-neighbour connectivity), consistent with the minimum detectable
group size swept during threshold optimisation. Additionally, any tile containing
no remaining event pixels after this filtering was excluded from both training and
evaluation, ensuring that only tiles with confirmed windthrow events contributed
to the sweep and metrics. The same component-size filtering was applied
consistently in both training and testing. The windthrow index was then
computed as:

WI = (Wpost - Wpre) + (ﬁpost - ﬁpre).

A pixel was classified as potential wind damage when WI > ¢. On the training
split, a range of thresholds ¢ and an additional 8-neighbour connected-component
filter (minimum group size) were swept to convert potential detections into final
damage predictions.
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For the thresholds, the bound spanned from the 2nd to the 100th per-
centile in 50 evenly spaced steps. Group sizes were tested across the set
{10, 15, 20, 30, 50, 75, 100, 150, 200, 300} to cover a wide and realistic range. For
each dataset, the best training configuration was selected via a joint threshold
and group-size sweep.

4.1.2 Support vector machine classifier

A support vector machine (SVM) classifier was developed to detect windthrow
events from S1 SAR imagery, replicating Tomppo et al. [47] but adapted to
match the available datasets. Tomppo et al. [47] use stands defined by the
Finnish forest department, as this data was unavailable, patches of 16 x 16 pixels
were chosen instead, which closely matched the mean size of damaged stands
reported by Tomppo et al. [47] while remaining compatible with the available
data. A patch was used if a majority of it was labelled as forest, and it was
labelled as windthrow if more than 50% of its reference pixels were positive.
A cap of 200 000 stands was set because of compute constraints, which only
affected the Swedish dataset since the other ones were smaller than that limit.
Following Tomppo et al. [47], a radial basis function (RBF) kernel was used,
allowing non-linear separations as described in Section 2.3.1. Prior to training,
all features were standardised to zero mean and unit variance [41]. For the
kernel, the bandwidth parameter v was swept over {0.001,0.01,0.1,1.0,10.0}
following Tomppo et al. [47], with model selection performed on an internal
80/20 train—validation split retaining the value that maximised validation F;.

4.1.3 CNN-UPerNet segmentation

As an intermediate step between the SVM baseline and the foundation models,
a CNN-UPerNet segmentation model was trained from scratch on the same
standardised SAR composites Xcomp. This model serves as the main deep-
learning baseline prior to the foundation model experiments.

CNN backbone and UPerNet decoder

The model consists of a lightweight hierarchical convolutional backbone followed
by a UPerNet decoder [55]. The backbone comprises a sequence of D convolu-
tional stages, each containing two convolution—batch-normalisation—-ReL.U blocks;
all but the final stage are followed by 2 x 2 max-pooling, yielding a four-level
feature hierarchy {fs}2_, with base channel width C doubling at each stage
up to a maximum of 512. The feature maps are passed directly to the UPerNet
decode head described in Section 2.3.3, which fuses multi-scale context through
its pyramid pooling module and feature pyramid pathway before projecting
to two output channels. The logits are upsampled bilinearly to the original
448 x 448 tile resolution, yielding dense pixel-wise class scores. After softmax
normalisation, the damaged-class probability map p?j‘maged is thresholded at a
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decision threshold t to obtain the final binary prediction mask:
damaged
N 1 - >t
}/” — ) p;] . i 2
0, otherwise.

The threshold t is selected on the validation set as described in Section 4.1.3.

Training setup

For each dataset variant, tiles are partitioned into training, validation, and test
subsets using stratified tile-level splits with proportions 0.8/0.1/0.1. Stratification
is based on tile labels so that the relative frequency of damaged and undamaged
samples is preserved across splits. The optimization objective is a compound
segmentation loss combining Dice loss and focal loss over valid pixels, as seen in
Equation 2.7. This loss was chosen because windthrow damage is spatially sparse
and strongly imbalanced relative to healthy forest, making plain cross-entropy
less suitable. Weighted cross-entropy loss (Equation 2.3) and Focal Tversky
loss (Equation 2.8) were also tested but did not yield results as strong as the
compound focal-Dice loss.

Hyperparameter search strategy

The CNN-UPerNet baseline was evaluated on the same eight dataset variants used
throughout the standardised pipeline: Ireland, Sweden, Russia, and Germany,
together with their corresponding 5% filtered versions.

The search space included both architectural and optimisation parame-
ters. Candidate learning rates n were drawn from {107, 3 x 107°, 1074, 3 x
10~%, 10~3}; the base channel width Cy from {24, 32,48}; the backbone depth D
from {4,5}; the decoder channel width Cge. from {128,256,384}; the weight
decay Aywq from {107°, 1074, 5 x 1074}.

Because the full Cartesian product of this space is large, a fixed sample of 24
hyperparameter configurations was drawn from the candidate grid using a fixed
random seed. The same 24 configurations were then evaluated on each of the
eight dataset variants, yielding a total of 192 training runs. This design keeps
the comparison across study areas controlled, since differences in performance
reflect dataset effects rather than differences in the sampled search spaces.

Post-processing and model selection

Model selection followed a validation-only protocol. After training, each candi-
date run was evaluated over a threshold sweep from ¢ = 0.00 to t = 1.00 in steps
of 0.01, and the threshold t* that maximised the validation damaged-class F}
score was retained. The final model for each dataset variant was then chosen as
the run with the highest validation F after threshold calibration. Test-set met-
rics were reported once for that selected run using the threshold t* determined
on the validation split, ensuring that the test set was used neither for checkpoint
selection nor for threshold tuning. The primary ranking metric throughout is
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the damaged-class Fj score, while damaged-class IoU and mean IoU are reported
as complementary measures of spatial segmentation quality.

4.2 Foundation models

4.2.1 Shared downstream pipeline

Both foundation models evaluated in this work, SkySense++ and Galileo, are
adapted to the windthrow segmentation task through a downstream pipeline
that fixes the encoder pretraining, the segmentation decoder, the input data, and
the training protocol. SUMMIT [13], a third foundation model considered for
this evaluation, was excluded from the main comparison following a preliminary
assessment in which its representations failed to transfer meaningfully to the
target domain, yielding segmentation outputs that did not improve upon the
rule-based threshold baseline. Given the associated computational cost of full
fine-tuning runs, exhaustive hyperparameter exploration for all three foundation
models was not feasible, and resources were therefore concentrated on the two
candidates whose preliminary results indicated a genuine capacity for learning
discriminative features on this task. Each model serves as a backbone whose
representations are decoded by a UPerNet head identical in architecture to the
one described in Section 2.3.3. This design isolates the contribution of pre-
training, where differences in segmentation performance between the foundation
models and the CNN baseline can be attributed to the quality of the pretrained
representations rather than to differing decoder capacities or task formulations.

The two models differ in one aspect that the rest of this chapter assumes: the
post-encoder stage that combines pre-event and post-event feature representations
into a single tensor before decoding. SkySense++ ships as an integrated factorised
pipeline in which the temporal-fusion module, a 24-layer FusionTransformer
sitting inside the FusionMultiLlevelNeck, is an integral part of the model [54].
Galileo ships as a pretrained backbone only, with its authors evaluating down-
stream performance via linear probing, kNN probing, or plain fine-tuning, and
only aggregating per-timestep features by simple temporal pooling [49]. For
Galileo, the post-encoder fusion mechanism is therefore a design choice made in
this work, where the standard concat-diff fusion from the SAR change-detection
literature [4, 9] is adopted in the bi-temporal experiment (Section 4.2.3), and
PASTIS-style temporal mean-pooling is adopted in the temporal experiment
(Section 4.2.4). Each model is therefore evaluated using the configuration that
most closely matches the setup made available by its original authors.

Backbone-specific feature extraction

The two backbones differ in how they expose multi-scale spatial feature maps to
the decoder. SkySense++ was designed for dense prediction tasks with its ViT-
Large backbone, with 1024-dimensional embeddings and 24 transformer layers,
natively exposes intermediate feature maps at layer indices 5, 11, 17, and 23,
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which form the four-level pyramid consumed by the FusionMultiLevelNeck.
Galileo was designed as a general-purpose multimodal encoder and does not
natively expose spatial feature maps; its transformer returns a flat sequence of
patch tokens. To adapt it for dense prediction, forward hooks are registered on
four selected transformer blocks at indices 2, 5, 8, and 11, and the captured token
sequences are reshaped from (Ngyb, np - 1y, d) into 2-D spatial grids of shape
(Nsub, np, Ny, d), projected to a common channel width by 1x1 convolutions,
and passed to the shared UPerNet decoder. In both cases the decoder follows
the architecture described in Section 2.3.3, skip connections forming a feature
pyramid network, and a final bilinear upsampling to the original tile resolution.

4.2.2 Bi-temporal fusion pipeline

Windthrow detection is inherently a change-detection problem, where the discrim-
inative signal lies in the difference between pre-event and post-event backscatter
rather than in either acquisition in isolation. The bi-temporal experiment pro-
vides each model with the four-channel mean composite Xcomp and processes
the pre-event and post-event tiles through the shared backbone, with the per-
acquisition feature representations combined by each model’s post-encoder fusion
mechanism.

For Galileo, the four-channel composite is split into a pre-event tensor X, €
REXWX2 and a post-event tensor Xpost € REXWX2 where the two channels
are (VV,VH). Each acquisition is encoded independently with the temporal
dimension set to one. Following the hook-based multi-scale extraction described
in Section 4.2.1, intermediate representations are captured at transformer blocks
2,5, 8, and 11, producing a four-level feature pyramid per acquisition:

£ = B (Xpwe), fo

pre post T

= B (Xpost), 1 €1{2,5,8,11}, (4.1)

where Fy denotes the frozen encoder. At each pyramid level, the two feature maps
are fused by the concat-diff operation of the SAR change-detection literature [4,
9]:

ff(lised [ |f(l) - fél f(l) f(l) (42)

post re| post’y “pre ] .

If each feature map has C' channels, the fused representation has 3C channels.
The absolute difference term makes the temporal change signal explicit to
the decoder, while the retained pre- and post-event maps preserve contextual
information about each acquisition. A dedicated 1x1 convolution per pyramid
level then projects each 3C-channel fused map back to the common channel
width, after which the four projected maps are passed as the feature pyramid to
the UPerNet decode head. This is visualised in Figure 4.1.

For SkySense++, each acquisition is processed independently by the shared
S1 ViT-Large backbone as seen in Figure 4.2, and the resulting two-step feature
stack is passed to the FusionMultiLevelNeck. For every spatial location, the
per-acquisition features are reshaped into a length-two token sequence and fed to
the 24-layer FusionTransformer, which prepends a learned class token, attends
across the temporal axis, and outputs a single fused feature vector per spatial
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location from the final class-token embedding. No explicit concat-diff projection
is applied since the change-aware combination is learned implicitly by the fusion
transformer. The same FusionTransformer is used in the temporal extension
of Section 4.2.4, with only the input sequence length changing between the two
experiments.

Pre-event | Encoder |
tile ! B ‘

! I
! I
shared, weights ' Fusion 1x1 conv
! ! UPerNet
! I
I

: (Eq. 4.2) mj decoder
Post-event | Encoder |
tile } ey j

Seg. mask
Ve {01}

Figure 4.1: Visualization of the Siamese bi-temporal pipeline for Galileo.
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MultiLevelNeck
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Figure 4.2: Visualization of the bi-temporal pipeline for SkySense-+-.

4.2.3 Primary bi-temporal experiment

The primary experiment establishes the baseline performance reference for both
SkySense++ and Galileo under the bi-temporal pipeline, using the mean images
Xcomp described in Section 4.2.1. The central question it addresses is how
much of the pretrained backbone needs to be adapted before the downstream
windthrow task can be solved, and the experiment therefore varies the fine-tuning
regime across two configurations, lora and full, alongside the loss function and
learning rate.

In the lora configuration, the backbone remains frozen but Low-Rank Adap-
tation (LoRA) adapters are inserted into the transformer layers, so that only the
LoRA parameters, the post-encoder module, and the decode head are updated.
This enables lightweight task-specific adaptation while leaving the pretrained
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backbone weights unchanged. In the full configuration, all backbone parameters
are unfrozen and trained jointly with the post-encoder module and the decode
head. Layer-wise learning rate decay is applied so that shallower layers, which
tend to encode more general features, are updated more conservatively than
deeper layers.

Loss functions

Five loss functions were evaluated for their ability to handle the class imbal-
ance inherent to binary windthrow segmentation: weighted cross-entropy Lcg
(Equation 2.3), focal loss Lpocal (Equation 2.5), Dice loss Lpice (Equation 2.6),
the compound focal Dice loss LrocaDice (Equation 2.7), and the focal Tversky
loss Lrr (Equation 2.8). Initial experiments across both models and dataset
variants indicated that standalone focal loss, Dice loss and focal Tversky loss
did not produce competitive validation Fj-scores for the damaged class, and
were therefore excluded from the full sweep. Three loss functions were carried
forward: weighted cross-entropy Lcg with per-dataset class weights computed
using Equation 2.4; a compound focal-Dice loss with a = 0.25 and v = 1.0
(FD-v1); and the same compound form with v = 2.0 (FD-+2).

Learning rate

The learning rate n was varied across a logarithmically spaced grid to determine
a suitable range for fine-tuning the foundation model backbone. Tested values
spanned from 107° to 1073, covering both conservative settings appropriate for
a pretrained backbone and more aggressive values intended to adapt the decoder
head more rapidly. All experiments used the AdamW optimiser with 8; = 0.9,
B2 = 0.999, a head learning-rate multiplier of x10 over the backbone rate, and
layer-wise learning-rate decay v = 0.9. Based on these experiments, backbone
learning rates were treated as dataset-dependent in the final sweep, where Ireland
and Sweden were assigned a conservative pair n € {107°, 3x107°}, while Russia
and Germany were assigned 7 € {3x1075, 107}.

Experimental grid and model selection

The findings from the loss and learning-rate investigations are combined into a
single factorial sweep. The varied factors are: fine-tuning regime {lora, full};
loss function {CE,FD-v1 (a=0.25, v=1.0), FD-v2 (a=0.25, y=2.0)}; learning
rate LRig s {107?, 3x10~°}; and learning rate LRru/pE {3x107°, 1074}.
Training proceeds for a maximum of 50 epochs with a uniform early-stopping
protocol where the training is stopped if the validation damaged-class F; has not
improved by at least 0.5 absolute points over any 10 consecutive epochs, subject
to a minimum of 15 epochs before stopping can trigger. This minimum prevents
premature termination on smaller datasets such as Russia and Germany, where
the model may require some epochs before producing any windthrow predictions
at all. After training, a threshold sweep over ¢ € [0.00, 1.00] in steps of 0.01
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is performed on the validation split, and the value ¢t* maximising validation
Fdamaged . .
1 is retained.

4.2.4 Temporal extension

The temporal experiments investigate whether the downstream segmentation
model benefits from operating on the full ordered SAR acquisition sequence rather
than on the bi-temporal mean composite Xcomp. Both Galileo and SkySense++
natively support multi-temporal inputs through their internal temporal attention
mechanisms, as described in Section 2.5.2 and Section 2.5.3 respectively, and the
temporal extension exploits this capacity by providing the full ten-acquisition
time series Xy at temporal depth 7" = 10 directly to the backbone rather than
a pre-averaged composite.

Galileo temporal

The bi-temporal Galileo pipeline encodes the pre-event and post-event com-
posites as two independent forward passes through the shared backbone, and
only afterwards merges the resulting features via the change-aware fusion of
Equation 4.2. Temporal context within each composite is therefore invisible
to the encoder, which means the backbone has no means of attending across
acquisitions. The temporal variant removes this limitation by packing all 7" = 10
acquisitions into a single forward pass, allowing Galileo’s joint spatio-temporal
attention to model the full pre-to-post transition directly inside the encoder.

Each tile is assembled into Galileo’s native multimodal input format: the
(VV,V H) values for every timestep ¢ are written into Galileo’s spatio-temporal
input tensor s; at the Sentinel-1 band positions, and a corresponding month-index
tensor of shape (Ngyp, T') provides the calendar month for each acquisition. These
month indices are consumed by Galileo’s learned temporal position embedding,
enabling the backbone to differentiate pre-event from post-event timesteps when
attending across the sequence. The tile batch is then passed to Galileo in
a single forward pass, with joint self-attention operating over the full set of
spatio-temporal tokens at every transformer layer.

The post-encoder pipeline follows the temporal-aggregation strategy used by
the Galileo authors for image-time-series segmentation on PASTIS [49]. The
per-timestep feature maps captured at hook indices 2, 5, 8, and 11, each of shape
(Nsub, np, np, T, d), are reduced along the temporal axis by an arithmetic mean:

T
1
Bpooied = 5 ) by € RYmmxmnxd, (43)
t=1

producing a single per-spatial-location feature vector at each pyramid level.
A 1x1 convolution then projects each pooled level to the common channel
width consumed by the UPerNet decoder of Section 4.2.1. Pre/post structure
is therefore not imposed as an explicit post-encoder operation, it is instead
left to the joint-attention encoder, which has access to the calendar month of
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every acquisition through Galileo’s temporal position embedding. The contrast
against the bi-temporal Galileo pipeline of Section 4.2.2 is clear. In the bi-
temporal pipeline the change signal is exposed explicitly through concat-diff
fusion applied after two independent encoder passes, whereas in the temporal
pipeline the change signal is exposed implicitly through joint attention across the
full acquisition sequence, with no post-encoder fusion module beyond temporal
mean-pooling. The full pipeline is visualised in Figure 4.3.

Foundation
model

(a) Bi-temporal pipeline

Foundation -
UPerNet

di

+ month indices

(b) Temporal pipeline

shape &

Hook: Layer 2 .
- project

reshape &
Hook: Layer 5 Lot
- project
to fusion panels a/b
reshape &
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Hook: Layer 8

reshape &

Hook: Layer 11 -
project

(c) Feature extraction detail shared by both pipelines

Figure 4.3: Overview of the bi-temporal and temporal Galileo model pipelines
and the shared feature extraction mechanism.

SkySense++ temporal

The temporal SkySense++ pipeline follows the same overall structure as the
Galileo temporal pipeline described in Section 4.2.4, with all T' = 10 acquisitions
are packed into a single forward pass, the first five forming the pre-event group
and the last five the post-event group, and the resulting feature maps are passed
to the shared UPerNet decoder. The implementation differs from Galileo in two
aspects.

First, SkySense++ keeps spatial encoding and temporal fusion architecturally
separate, as described in Section 2.5.3. Second, no acquisition-date or month-
index embedding is provided. Where Galileo receives an explicit month index
tensor that its temporal position embedding uses to exploit the known acquisition
schedule, SkySense++ conveys temporal information solely through the fixed
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chronological ordering of the timesteps. As a consequence, the fused feature maps
are passed directly to the UPerNet decoder without a subsequent change-aware
concatenation step, where the temporal change information is encoded implicitly
by the fusion transformer rather than made explicit by the differencing operation
of Equation 4.2.

4.2.5 Controlled sensitivity studies

Beyond the primary experiment and temporal encoding sweeps, four controlled
sensitivity studies are conducted to characterise specific aspects of the foundation
model pipelines. Each study holds all hyperparameters fixed to the best identified
in the primary experiment and varies a single factor of interest, allowing individual
design choices to be evaluated in isolation.

Label efficiency

The label-efficiency study examines how performance scales with the fraction of
available training data, generating learning curves that reveal whether pretrained
representations confer a practical advantage in low-data regimes. Four training
fractions are evaluated: 1%, 10%, 50%, and 100% of the training split, with
sampling stratified by tile label to preserve the proportion of damaged tiles
at each fraction. SkySense++, Galileo and the CNN baseline are compared,
providing a direct measure of relative label efficiency across model families.
Ireland was chosen as a large operational dataset, while Russia was chosen as a
smaller and cleaner stand-replacing windthrow dataset.

Temporal depth

The temporal depth study measures how segmentation performance varies as
the number of SAR acquisitions provided to the backbone increases from 2
to 10. Temporal depths T € {2,4,6,8,10} are evaluated, with each stack
composed of T'/2 pre-event acquisitions followed by T'/2 post-event acquisitions
in chronological order. Both SkySense++ and Galileo are evaluated under full
fine-tuning across all four datasets.

Cross-dataset generalisation

The cross-dataset generalisation study assesses whether the models can transfer
to unseen geographic domains under balanced multi-country training. Two
related protocols are evaluated. In the full hold-out setting, the target dataset
is excluded entirely from training, and the model is trained only on a balanced
pool drawn from the remaining datasets. In the partial hold-out setting, the
target dataset contributes training tiles to the balanced pool, but validation and
testing remain target-dataset only. In both cases, balancing is enforced so that
no single dataset dominates the training distribution. Germany is excluded from
this study because its training set is much smaller than the others, and including
it would force the balanced pool to be limited by a very low tile count.
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Augmentation strategy

The augmentation strategy study evaluates whether SAR-compatible augmenta-
tions provide a consistent benefit across model families and geographic domains.
Three conditions are compared: no augmentation, geometric augmentation only
(horizontal flip with p = 0.5 and 180° rotation with p = 0.5), and geometric
augmentation combined with intensity jitter (additive Gaussian noise applied in-
dependently to VV and VH channels with ¢ /=~ 0.1 dB, simulating inter-acquisition
calibration differences and speckle variation). Vertical flip and 90°/270° rotation
are excluded throughout, as these transformations are physically invalid for
Sentinel-1 orbit imagery.

4.2.6 Stand-level evaluation

All primary results in this thesis are reported at the pixel level. To connect
those results to the operational unit that forestry managers act on, a complemen-
tary stand-level evaluation is conducted following the object-based protocol of
Riietschi et al. [39], whose formal definitions are given in Section 2.2.5. The eval-
uation reuses the trained checkpoints from the primary bi-temporal experiments
without any additional training.

For each model and dataset combination, the best checkpoint selected by
validation Fj in the primary experiment is reloaded together with its locked
probability threshold. A single forward pass is performed on the test set, and
per-tile binary prediction masks are obtained by applying that threshold to
the class-one softmax probability. Reference stands are defined as 8-connected
components of the binary damage reference mask, retaining only components
of at least 50 pixels (approximately 0.5 ha at 10 m resolution), matching the
minimum stand area in Riietschi et al. Predicted stands are defined as 8-
connected components of the binary prediction mask, intersected with the valid
forest mask, and any component with pixel count < n is discarded. A reference
stand is counted as detected (true positive toward PA) if it overlaps any surviving
predicted stand, and a predicted stand is counted as correct (true positive toward
UA) if it overlaps any reference stand.

The minimum predicted-object size n is calibrated per model and dataset pair
on the validation split by sweeping n € {5,10,15,...,200} pixels and selecting
the value that maximises the object-level I score. The locked n™* is then applied
once to the test set, and the resulting PA, UA, and F} b are recorded alongside
the pixel-level F; from the same checkpoint. For a point of comparison, a
reference result using WI, as described in Riietschi et al. [39], is also made,
where a is swept over {2.00,2.05,...,4.00} and the most optimal validation a*
is selected.

4.3 Computational environment

All experiments in this thesis were executed on H100 GPUs on the MareNos-
trum 5 supercomputer at the Barcelona Supercomputing Center (BSC-CNS).
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MareNostrum 5 is a EuroHPC supercomputer hosted by BSC-CNS [2]. The use
of a high-performance computing environment was necessary due to the volume
of S1 data, the number of dataset variants, size of the models and the large
number of model configurations evaluated throughout the study.

Jobs were submitted as separate batch runs on the cluster. For the baseline
experiments, these jobs included threshold and connected-component sweeps as
well as SVM training and evaluation across the different datasets and filtered
variants. For the deep learning experiments, the cluster was used to train
and evaluate the CNN-UPerNet baseline and the foundation model pipelines
based on Galileo and SkySense++. The computational resources were particularly
important for the factorial sweeps over adaptation strategy, loss function, learning
rate, dataset variant, and temporal input configuration described in the previous
sections.

The implementations were based on a shared Python workflow. The classical
baselines used the same preprocessed arrays, train/validation/test splits, and
evaluation scripts as the neural network models. The CNN and foundation model
experiments were implemented using Python based deep learning frameworks,
including the framework code required by the respective foundation models. In
particular, the SkySense++ experiments relied on its MMSegmentation-based
implementation. Across all experiments, model outputs, checkpoints, validation
metrics, and prediction masks were stored and evaluated using the same metric
pipeline to ensure comparability between methods.

MareNostrum 5 enabled the scale of the experiments, but did not define the
methodological differences between the evaluated approaches.
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5 Results

5.1 Baseline performance

This chapter reports test-set performance for all baseline classifiers, both foun-
dation models, and the four controlled sensitivity studies introduced in Sec-
tion 4.2.5. The primary ranking metric throughout is the damaged-class F}
score; damaged-class IoU and mloU are reported as complementary measures of
spatial segmentation quality, and damaged-class precision and recall are reported
as P/R to expose the operating point selected by the validation damaged-class
F scpre. All numbers, if not stated otherwise, are pixel-level metrics computed
on the held-out test split, evaluated only over valid forest pixels as defined in
Section 3.

5.1.1 Threshold

Table 5.1 reports the windthrow-index threshold detector with the threshold
and minimum-group-size jointly tuned on the training split as described in
Section 4.1.1. Damaged-class F; stays below 7% on every unfiltered dataset and
rises to between 11% and 22% on the 5% filtered variants, where the elevated
event prior makes near-saturated recall easier to achieve at the cost of very low
precision. The 5% variants for Russia, Ireland, and Germany reach a recall of
100.0% paired with single-digit precision, consistent with the detector firing on
essentially every forest pixel that exceeds the swept intensity threshold once
the prevalence of windthrow has been raised by tile filtering. Sweden is the
one dataset where the unfiltered detector exhibits a balanced but very weak
operating point (5.3% precision, 10.0% recall), with the threshold sweep unable
to find a setting that recovers more than a small fraction of the labelled positives.

5.1.2 Support vector machine

Table 5.2 reports the patch-level RBF-SVM classifier of Section 4.1.2. Compared
with the threshold baseline, the SVM generally improves damaged-class Fi,
although the magnitude varies substantially across dataset variants, where the
gain is negligible on unfiltered Sweden, increasing only from 6.9% to 7.4%, while
Russia and Russia 5% reach 30.4% and 39.7%, respectively. The main exception
is Germany 5%, where performance collapses to 0.8% F7i, consistent with the
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Table 5.1: Threshold results on the held-out test split for all eight dataset variants.
Fime, IoUgmmg, and mIoU are pixel-level metrics evaluated over valid forest pixels
only; P/R denotes damaged-class precision and recall at the threshold selected

by validation Fj.

Dataset variant Fld "8 IoUdgmg mloU P/R

Sweden 6.9% 3.6% 49.7% 5.3% / 10.0%
Sweden 5% 22.1% 12.4%  6.6% 12.4% / 99.2%
Russia 5.5% 2.8% 45.7% 3.6% / 12.0%
Russia 5% 11.1% 5.9% 3.0%  5.9% / 100.0%
Ireland 5.3% 2.7% 1.5%  2.7% / 100.0%
Ireland 5% 16.4% 8.9% 4.5% 8.9% / 100.0%
Germany 5.0% 2.6% 45.0%  3.3% / 10.6%
Germany 5% 11.4% 6.0% 3.0%  6.0% / 100.0%

dataset retaining only nine tiles after filtering. The precision/recall balance
shifts towards recall on nearly all datasets, indicating that the kernel-bandwidth
sweep selected operating points that prefer to over-flag damage rather than miss
it.

Table 5.2: SVM patch-level classifier results on the held-out test split.

Dataset variant Fld "8 IoUdgmg mloU P/R
Sweden 7.4% 3.8% 26.1%  4.1% / 39.9%
Sweden 5% 22.3% 12.6% 26.9% 13.5% / 65.1%
Russia 30.4% 17.9% 54.7% 19.6% / 67.1%
Russia 5% 39.7% 24.8% 55.2% 26.7% / 77.1%
Ireland 16.3% 8.9% 45.9% 9.4% / 59.9%
Ireland 5% 37.7% 23.2% 53.6% 29.6% / 51.9%
Germany 15.0% 8.1% 435%  8.6% / 59.5%
Germany 5% 0.8% 0.4% 43.3% 0.7% / 0.9%

5.1.3 CNN-UPerNet classifier

Table 5.3 reports the CNN-UPerNet baseline trained from scratch under the
hyperparameter sweep of Section 4.1.3. The supervised CNN clearly separates
from both classical baselines on every dataset where windthrow is geometrically
well-defined, reaching 62.0% damaged-class F; on the unfiltered Russia variant
and 41.3% on Germany. Performance on Sweden remains modest at 21.2% F;
while the Germany 5% row collapses to 9.3% F} score.

92



Table 5.3: CNN-UPerNet baseline test-set performance for the selected configu-
ration on each dataset variant. P/R denotes damaged-class precision / recall.

Dataset variant Fld "8 IoUgmg mloU P/R

Sweden 21.2% 11.8%  54.9%  25.8% / 17.9%
Sweden 5% 24.7% 14.1% 35.8% 16.2% / 52.4%
Russia 62.0% 44.9% 71.3% 59.0% / 65.3%
Russia 5% 44.9%  29.0%  58.2% 31.7% / 77.3%
Ireland 42.0% 26.6% 61.6%  39.8% / 44.4%
Ireland 5% 41.6% 26.3% 56.0%  39.7% / 43.7%
Germany 41.3% 26.0% 61.2%  43.2% / 39.5%
Germany 5% 9.3% 4.9% 48.6%  15.7% / 6.6%

5.2 Foundation model results

Tables 5.4 and 5.5 report test-set performance for the selected primary configu-
ration for each foundation model and dataset, as defined in Section 4.2.3.

5.2.1 Primary bi-temporal experiment

Table 5.4 reports Galileo under the Siamese bi-temporal pipeline. The qualitative
ordering across datasets matches the CNN baseline, with Russia best (59.0%
damaged-class F}), Ireland and Germany in the middle, and Sweden weakest.
On the unfiltered datasets, Galileo lands within a couple of percentage points of
the CNN on Sweden, Russia, and Ireland, and roughly 10 points below the CNN
on Germany.

Table 5.5 reports SkySense++ under the bi-temporal pipeline. The qualitative
ordering across datasets diverges from both Galileo and the CNN. Russia is again
strongest, reaching 90.1% damaged-class Fy with a near-symmetric 89.8% /90.4%
precision/recall pair, approximately 28 percentage points above the CNN and 31
percentage points above Galileo. Ireland follows at 51.6%, above both the CNN
and Galileo. Sweden lands at 15.1% and Germany collapses to 6.9%, in both
cases below the CNN and Galileo. Among the 5% filtered variants, Sweden 5%
and Germany 5% rise above their unfiltered counterparts, while Russia 5%
drops to 48.1% and Ireland 5% remains close to its unfiltered value. Figure 5.1
compares the five models directly.

Two examples of a side-by-side comparison of Galileo and SkySense++ pre-
dictions against the ground-truth mask is shown in Figure 5.2.

5.2.2 Ten-acquisition temporal extension

Table 5.6 reports Galileo under the temporal pipeline of Section 4.2.4, with
all ten acquisitions packed into a single forward pass. Compared to its bi-
temporal counterpart in Table 5.4, damaged-class F rises by approximately 9
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Table 5.4: Galileo primary bi-temporal segmentation results on the held-out test
set.

Dataset variant F{i "8 ToUgmg mloU P/R
Sweden 21.2% 11.9% 54.8% 22.0% / 20.5%
Sweden 5% 25.5% 14.6% 38.7% 17.3% / 48.1%
Russia 59.0% 41.8% 69.6% 51.4% / 69.2%
Russia 5% 56.0% 38.9% 65.7%  45.5% / 73.0%
Ireland 37.6% 23.1% 60.0%  41.6% / 34.3%
Ireland 5% 37.1% 22.8% 55.3% 35.2% / 39.2%
Germany 31.1%  18.4%  56.8%  28.2% / 34.7%
Germany 5% 6.8%  35%  47.0%  8.5% / 5.6%

Table 5.5: SkySense++ primary bi-temporal segmentation results on the held-out
test set.

Dataset variant Fld "8 ToUdgmg mlIoU P/R
Sweden 15.1% 8.2% 50.7%  10.4% / 27.6%
Sweden 5% 36.1% 22.0% 39.7% 29.9% / 45.4%
Russia 90.1% 81.9% 90.5% 89.8% / 90.4%
Russia 5% 481%  31.7%  604%  34.1% / 81.9%
Ireland 51.6%  34.7%  66.5%  63.1% / 43.6%
Ireland 5% 47.9% 31.5% 59.0% 42.7% / 54.6%
Germany 6.9% 3.6% 50.0% 10.4% / 5.2%
Germany 5% 18.3% 10.1% 49.1% 21.5% / 16.0%

Best F{™ across models and dataset variants

100 §
Thresholding mmm CNN-UPerNet mmm SkySense++

. SVM = Galileo

80 -

60 1

FE™S (%)

40 4

20 A

Sweden Russia Ireland Germany
Dataset variant

Figure 5.1: Damaged-class F; on the test set for each baseline, Galileo and
SkySense++ under the primary bi-temporal pipeline.
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SAR post (VV mean, dB) Sentinel-2 RGB _(20160724) Ground truth Galileo F1=0.545 SkySense F1=0.500

Ground truth Galileo F1=0.822 SkySense

Figure 5.2: Galileo and SkySense++ damage predictions compared against the
ground-truth mask, alongside the pre- and post-storm SAR composites and a
S2 RGB image; red marks damaged forest, green undamaged forest, and grey
non-forest pixels excluded from evaluation.

percentage points on Sweden (21.2% — 30.4%), 4 percentage points on Ireland
(37.6% — 41.1%), drops by 3 percentage points on Russia (59.0% — 56.4%),
and falls by 11 percentage points on Germany (31.1% — 20.5%).

Table 5.7 reports SkySense++ under the same temporal pipeline. Compared
to its bi-temporal counterpart in Table 5.5, damaged-class F} rises on Sweden
(15.07% — 25.38%) and Germany (6.90% — 18.18%), gaining roughly 10 and
11 percentage points respectively. On the two datasets where its bi-temporal
performance is strongest, damaged-class F; falls instead, dropping by approxi-
mately 6 percentage points on Ireland (51.57% — 45.14%) and by approximately
40 percentage points on Russia (90.05% — 50.19%).

Table 5.6: Galileo temporal-extension results at 7' = 10 acquisitions on the
held-out test set (unfiltered datasets only).

Dataset variant Flcl "8 JToUgmg mloU P/R

Sweden 30.4% 17.9% 55.6% 28.9% / 32.1%
Russia 56.4% 39.2% 63.4% 57.1% / 55.6%
Ireland 41.1% 25.9% 54.7% 33.9% / 52.2%
Germany 20.5% 11.4% 46.0% 13.0% / 48.3%

5.2.3 Stand-level evaluation

Table 5.8 reports the stand-level evaluation, with WI being the baseline method
of Riietschi et al. [39]. The strongest result is obtained on Russia, where
SkySense++ reaches 93.1% object-level F;, compared with 43.0% for WI. On
Ireland, SkySense++ gives the best result at 57.7%, while on Sweden it improves
over WI from 11.5% to 27.7%. On Germany, CNN-UPerNet performs best with
43.6% object-level F;, compared with 31.1% for WI.
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Table 5.7: SkySense++ temporal-extension results at T' = 10 acquisitions on the
held-out test set (unfiltered datasets only).

Dataset variant F ld "8 ToUgmg mlIoU P/R

Sweden 25.38%  14.53%  53.03%  20.49% / 33.34%
Russia 50.19% 33.50% 59.25% 47.82% / 52.79%
Ireland 45.14% 29.15% 57.23%  38.45% / 54.64%
Germany 18.18% 10.00% 44.90% 11.48% / 43.65%

Table 5.8: Stand-level evaluation following the object-based protocol of Riietschi
et al. [39]. PA is producer’s accuracy (object-level recall), UA is user’s accuracy
(object-level precision), and F°™ is their harmonic mean.

Dataset Model n* a* PA UA FPP pime pixel
CNN-UPerNet 15 - 11.6% 30.8% 16.8% 14.8%
Galileo bi-temporal 55— 15.9% 26.0% 19.7% 14.7%
Sweden  SkySense++ bi-temporal 100 - 29.9% 25.7% 27.7% 15.1%
W1 (Riietschi et al. [39]) 200 2.05 9.7% 14.0% 11.5%  5.4%
CNN-UPerNet 45 - 74.8% 67.0% 70.7%  62.0%
Galileo bi-temporal 115 - 68.9% 65.6% 67.2%  59.0%
Russia  SkySense++ bi-temporal 50 — 94.5% 91.8% 93.1%  90.1%
W1 (Riietschi et al. [39]) 50 3.25 53.1% 36.1% 43.0%  12.9%
CNN-UPerNet 65 — 38.7% 46.0% 42.1% 42.0%
Galileo bi-temporal 100 -  30.9% 50.6% 38.4% 37.6%
Ireland  SkySense++ bi-temporal 50 — 47.1% 74.4% 57.7%  51.6%
W1 (Riietschi et al. [39]) 90 2.05 25.9% 19.2% 22.1%  8.2%
CNN-UPerNet 75— 44.9% 42.3% 43.6% 41.3%
Galileo bi-temporal 65 — 42.9% 32.6% 37.0% 31.1%
Germany SkySense++ bi-temporal 40 — 12.9% 204% 15.8%  6.9%
WT (Riietschi et al. [39]) 50 2.60 44.9% 23.8% 31.1%  9.9%
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5.3 Additional experiment results

5.3.1 Experiment A: label efficiency

Tables 5.9, 5.10 and 5.11 report damaged-class Fi, IoUgmg, mloU and P/R as a
function of the training-data fraction for CNN-UPerNet, Galileo and SkySense++
on the unfiltered Ireland and Russia datasets. Galileo and SkySense++ are each
reported under both the lora and full regimes, while CNN-UPerNet is trained
conventionally. Figure 5.3 visualises the curves on a logarithmic horizontal axis.

At the 1% fraction every model on both datasets is in a non-working regime,
with low damaged-class F} and precision in the single digits paired with high
recall, indicating near-indiscriminate positive predictions on a training split that
contains only a handful of damaged tiles. All models recover by the 10% fraction.
On Russia at 10%, CNN-UPerNet reaches 38.9% F}, Galileo full reaches 48.0%,
and SkySense++ full trails both at 21.0%; on Ireland at 10% the ordering differs,
with CNN-UPerNet at 29.3%, Galileo full at 25.6%, and SkySense++ lora at
30.8%.

On Russia the three models diverge at full data. CNN-UPerNet rises mono-
tonically to 62.0% F; at 100%, Galileo full plateaus at 57.6%, and SkySense++
full climbs steeply from 21.0% at 10% to 72.4% at 50% and 90.1% at 100%, the
highest damaged-class Fj recorded in this experiment. On Ireland the spread
is much narrower, with CNN-UPerNet at 42.0%, Galileo full at 38.3%, and
SkySense++ full at 51.6% at full data, and the gap between the 50% and 100%
fractions are marginal for all three models.

The lora regime for SkySense++ does not scale with the training fraction
in the same way as full. On both datasets SkySense++ lora peaks at the 50%
fraction and then declines at 100%. On Russia at full data the SkySense++ lora
score trails the corresponding full score by more than 50 percentage points.
Galileo shows no comparable reversal, where its lora and full scores remain
within a few percentage points of one another at the 50% and 100% fractions on
both datasets.

Table 5.9: CNN-UPerNet label-efficiency results on the Ireland and Russia
datasets.

Dataset Training fraction F™* IoUgme mlIoU P/R
1% 11.2% 5.9% 445%  6.5% / 39.3%

Ireland 10% 29.3% 17.2% 56.6%  28.9% / 29.7%
50% 38.4% 23.8% 60.3%  40.3% / 36.7%
100% 42.0% 26.6% 61.6% 39.8% / 44.4%
1% 5.7% 3.0% 9.1% 3.0% / 91.4%

Russia 10% 38.9% 24.1% 58.9%  26.6% / 72.4%
50% 59.2%  42.0% 69.9% 58.2% / 60.2%
100% 62.0% 44.9% 71.3%  59.0% / 65.3%
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Table 5.10: Galileo label-efficiency results on the Ireland and Russia datasets.

lora full
Dataset Training fraction F; IoU mloU P/R o IoU mlIoU P/R
1% 54% 2.8% 37.8% 3.0% /29.0% 59% 3.1% 14.6% 3.1% / 85.0%
reland 10% 6.2% 3.2% 32.2% 3.3% /46.7% 25.6% 14.7% 55.3% 24.6% / 26.8%
el 50% 33.4% 20.1% 58.4% 36.5% / 30.8% 30.6% 18.1% 57.4% 34.4% / 27.6%
100% 37.6% 23.1% 60.0% 41.6% / 34.3% 38.3% 23.6% 60.2% 40.3% / 36.4%
1% 54% 28% 2.6% 28%/983% 54% 28% 3.6% 2.8% /96.4%
Russi 10% 43.4% 27.7% 61.4% 31.8% / 68.2% 48.0% 31.5% 63.9% 38.7% / 63.0%
uSsIa T 50% 56.2% 39.1% 68.2% 50.5% / 63.3% 56.9% 39.8% 68.5% 51.6% / 63.4%
100% 59.0% 41.8% 69.6% 51.4% / 69.2% 57.6% 40.5% 68.9% 52.0% / 64.6%

Table 5.11: SkySense++ label-efficiency results on the Ireland and Russia datasets.

lora full
Dataset Training fraction F; IoU mlIoU P/R ba IoU mlIoU P/R
1% 7.3% 3.8% 43.2% 4.2% /30.5% 5.9% 3.0% 43.3% 3.3% / 23.6%
Ireland 10% 30.8% 18.2% 57.7% 34.5% / 27.9% 131% 7.0% 52.0% 16.5% / 10.8%
50% 54.8% 37.7% 68.0% 69.5% / 45.2% 51.5% 34.6% 66.4% 62.9% / 43.6%
100% 34.7% 21.0% 59.0% 35.0% / 34.4% 51.6% 34.7% 66.5% 63.1% / 43.6%
1% 4.6% 23% 14.9% 2.4% /83.2% 9.1% 48% 10.6% 4.8% / 86.4%
Russia 10% 33.3% 19.9% 58.5% 30.5% / 36.5% 21.0% 11.7% 53.3% 37.5% / 14.5%
W 50% 60.4% 43.3% 70.9% 66.9% / 55.1% 72.4% 56.7% T7.1% 78.3% / 67.3%
100% 39.9% 24.9% 61.1% 37.5% / 42.7% 90.1% 81.9% 90.5% 89.8% / 90.4%
Label-efficiency: Ffmg across training fractions (unfiltered datasets)
Ireland Russia
100 100
=O= CNN-UPerNet =O= CNN-UPerNet
=0~ Galileo (LoRA) =0~ Galileo (LoRA)
== Galileo (full) == Galileo (full)
80 =0~ SkySense++ (LoRA) 80 4 | =O= SkySense++ (LoRA)
== SkySense++ (full) == SkySense++ (full)

£ (%)
M9 (%)

T T T T T
1 10 50 100 10 50 100

Training fraction (%) Training fraction (%)

Figure 5.3: Label-efficiency learning curves on the unfiltered Ireland and Russia
datasets. Damaged-class F} as a function of the fraction of available training
data, shown on a logarithmic horizontal axis. Numbers are taken from Tables 5.9,
5.10 and 5.11.
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5.3.2 Experiment B: temporal depth

Table 5.12 reports damaged-class F} as a function of the input temporal depth
T for Galileo and SkySense++, with all other hyperparameters fixed to the
configuration selected in the temporal sweep of Section 4.2.5. Both models
improve monotonically with 7" on Sweden, Russia, and Ireland. On Sweden,
Galileo rises from 17.3% to 30.4% and SkySense++ from 14.0% to 25.4%, with
SkySense++ trailing at every depth. On Russia, Galileo rises from 43.4% to a
peak of 57.7% at T = 8 before easing to 56.4% at T = 10, while SkySense++
rises more gradually from 41.9% to its peak of 50.2% at T' = 10. On Ireland
the ordering reverses, with SkySense++ ahead of Galileo from T = 2 onward
and reaching 45.1% at T = 10 against Galileo’s 43.3% peak at T = 8. The two
models therefore differ in where they peak, as Galileo plateaus or turns over at
T = 8 on Russia and Ireland, whereas SkySense++ continues to its maximum at
T = 10 on all three of these datasets. Germany is irregular for both, with Galileo
peaking at T' =4 (21.7%) and SkySense++ at T'= 8 (21.6%) before dropping to
18.2% at T = 10. Figure 5.4 visualises the data.

Table 5.12: Temporal-depth F{™# results on the unfiltered datasets for Galileo
and SkySense++. T denotes the number of acquisitions.

Fime
Dataset Model T=2 T=4 T=6 T=8 T=10
Sweden Galileo 17.3%  232% 26.7% 30.1%  30.4%
SkySense++ 14.0% 19.0% 19.8% 23.8%  25.4%
Russia Galileo 43.4% 48.7% 53.4% 57.7%  56.4%
SkySense++ 41.9% 45.7% 47.8% 48.9%  50.2%
Treland Galileo 35.9% 40.2% 42.9% 43.3% 41.1%
SkySense++ 38.4% 40.2% 421% 42.3% 451%
Galileo 16.5% 21.7% 18.3% 19.1%  20.5%

Germany SkySense++ 16.0% 19.4% 18.6% 21.6%  18.2%

5.3.3 Experiment C: cross-dataset generalisation

Tables 5.13 and 5.14 report the cross-dataset generalisation results described in
Section 4.2.5. In the full hold-out setting, where the target country is excluded
entirely from training, all three models perform weakly on Sweden: the CNN-
UPerNet reaches 0.3%, Galileo 0.4%, and SkySense++ 6.3%, where the latter
is recall-driven (17.2%) at very low precision (3.9%), indicating broad low-
confidence activations rather than reliable detection. Russia gives the strongest
full hold-out results across the board, with 4.6% for the CNN, 30.4% for Galileo,
and 11.8% for SkySense++. Ireland falls between these extremes at 13.9%, 23.0%,
and 9.5% respectively.
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Temporal-depth FI™ across unfiltered datasets
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Figure 5.4: Damaged-class F as a function of input temporal depth T" for Galileo
and Skysense++, evaluated on the unfiltered variant of each country dataset.

In the partial hold-out setting, where the target country contributes training
tiles to the balanced pool, performance improves substantially for all three models
on all three targets. Russia reaches 61.8% for the CNN, 59.1% for Galileo, and
88.7% for SkySense++. Ireland reaches 22.1%, 30.1%, and 32.3%, and Sweden
reaches 8.9%, 15.5%, and 14.5% respectively. The relative ordering across models
shifts between protocols, where SkySense++ leads by a wide margin in partial
hold-out on Russia, but falls below Galileo in full hold-out on the same target, a
gap of 77 percentage points between its own two conditions compared to 29 for
Galileo and 57 for the CNN.

Table 5.13: CNN-UPerNet cross-dataset generalisation on the balanced three-
country study. Partial hold-out includes target-country training tiles in the
balanced pool, while full hold-out excludes the target country entirely from
training.

Target country Training setting F{™* IoUgpme mloU P/R
Sweden Partial hold-out  8.9%  4.7% 50.2% 8.2% / 9.7%
Full hold-out 03% 01% 49.0% 4.9% / 0.1%
Russia Partial hold-out 61.8% 44.7% 71.2% 59.5% / 64.2%
Full hold-out 4.6% 24% 494% 9.3% / 3.1%
Ireland Partial hold-out  22.1% 12.4% 53.7% 19.3% / 25.8%
Full hold-out 13.9% 75% 51.7% 17.3% / 11.6%
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Table 5.14: Foundation-model cross-dataset generalisation on the balanced three-
country study with full fine-tuning. Partial hold-out includes target-country
training tiles in the balanced pool, while full hold-out excludes the target country
entirely from training.

Galileo SkySense++

Target country Training setting F) IoU mloU P/R F IoU mloU P/R
Sweden Partial hold-out 15.5% 8.4% 52.2% 13.9% / 17.4% 14.5% 7.8% 50.9% 11.5% / 19.5%
o Full hold-out 04% 02% 49.0% 34% /02% 6.3% 3.3% 45.0% 3.9% /17.2%
Russia Partial hold-out  59.1% 42.0% 69.7% 53.8% / 65.7% 88.7% 79.7% 89.6% 89.7% / 87.7%
A Full hold-out 30.4% 17.9% 57.0% 29.5% / 31.3% 11.8% 6.3% 49.6% 8.0% / 22.8%
Ireland Partial hold-out  30.1% 17.7% 57.0% 29.8% / 30.4% 32.3% 19.3% 58.3% 37.4% / 28.4%
) Full hold-out 23.0% 13.0% 54.3% 21.9% /24.3% 9.5% 5.0% 49.0% 6.7% / 16.5%

5.3.4 Experiment D: augmentation strategy

Table 5.15 summarises the augmentation sweep from Section 4.2.5. CNN-
UPerNet is more sensitive to augmentation than Galileo on most datasets.
Geometric augmentation reduces CNN performance on Russia and Germany,
while geometric-plus-jitter partly recovers the loss. Ireland is mixed, with a
small gain under geometric augmentation followed by a large drop when jitter is
added. Galileo is comparatively stable on Sweden, Russia, and Ireland, varying
by less than 4 percentage points across augmentation settings, but drops sharply
on Germany under both augmentation conditions. Sweden is the most stable
dataset overall, with all models remaining near 20% damaged-class F.
SkySense++ is the most augmentation-sensitive model overall. On Russia
it achieves the highest score of the experiment without augmentation (90.1%)
but falls to around 57% once augmentation is applied. Ireland follows the
same pattern, decreasing from 51.6% without augmentation to around 31% with
augmentation. Sweden remains relatively unchanged across conditions, while
Germany shows the opposite trend to the other models, improving from 6.9%
without augmentation to 11.9% under geometric-plus-jitter. Overall, no single
augmentation strategy consistently benefits all models and datasets.
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Table 5.15: Augmentation-strategy results on the unfiltered datasets.

CNN-UPerNet Galileo SkySense++

Dataset Augmentation  F{™# IoU Fim™s ToU  F™ IoU
None 21.2% 11.8% 21.2% 11.9% 15.1% 8.2%

Sweden  Geometric 20.4% 11.4% 17.2% 94% 14.8% 8.0%
Geometric + jitter 20.6%  11.5%  19.6% 10.9% 16.3% 8.9%

None 62.0%  44.9%  59.0% 41.8% 90.1% 81.9%

Russia Geometric 478%  31.4%  55.0% 37.9% 57.6% 40.4%
Geometric + jitter 54.4%  37.4%  54.7% 37.7% 56.9% 39.7%

None 42.0% 26.6% 37.6% 23.1% 51.6% 34.7%

Treland  Geometric 435% 27.8%  36.6% 22.4% 31.0% 18.3%
Geometric + jitter 31.8%  18.9%  35.6% 21.7% 30.9% 18.3%

None 41.3%  26.0% 31.1% 18.4% 6.9% 3.6%

Germany Geometric 33.8% 203% 6.0% 31% 8.9% 4.7%
Geometric + jitter 38.8%  24.1%  6.5% 3.4% 11.9% 6.3%
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6 Discussion

6.1 Baseline performance across datasets

The baseline results reveal an important asymmetry across the four datasets that
cannot be explained by modeling choices alone. The Russian dataset consistently
has the highest damaged-class F; across all three baselines (Tables 5.1, 5.2,
5.3), and the pattern holds after filtering. The Irish and German dataset has
mediocre results for the CNN but substantially lower ones for the other baseline
methods. The Swedish dataset is worse on every model on the unfiltered variant,
where the CNN achieves only 21.2% F, and the threshold detector achieves
6.9% (Table 5.1).

The most natural explanation for Russia’s advantage is annotation quality
and event geometry. The European Russia Windthrow Database labels were
produced by manual delineation of stand-replacing windthrow patches from
Landsat time series combined with the Global Forest Change product [44], a
method that prefers to capture large, high-severity clearings. Stand-replacing
events produce the largest and most spatially coherent SAR backscatter change
signal and sometimes complete canopy removal, which leads to a near total loss
of volume scattering and a shift toward surface scattering from the ground. A
model trained on such labels therefore learns a comparatively clean mapping
from the SAR signal to a damage indicator, and the same model evaluated on
a test set drawn from the same distribution encounters the same type of clear,
geometrically compact targets. This is also visible in the precision and recall
balance. At 59.0% precision and 65.3% recall for the CNN, Russia is the only
dataset where the model does not exhibit the severe precision-recall imbalance
that characterizes the harder datasets.

Germany presents the most differing pattern in the baselines. The CNN
reaches 41.3% Fj on the unfiltered variant, comparable to Ireland, yet the
SVM collapses to 15.0% on the same split and then to 0.8% on the 5% filtered
variant, the latter can be compared in effectiveness as being random classified
due to its low result. The Germany dataset derives from aerial photography at
12 cm ground resolution, manually interpreted by the state forestry authority of
Mecklenburg-Vorpommern [39]. This very high annotation resolution means that
small and isolated damage patches are included in the reference, including single
windthrown trees, which constitute the majority of the damage polygons in the
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dataset, even when they cover as little as 0.5 ha. At the 10 m resolution of S1 and
within a 448 x 448 pixel tile, such sub-hectare patches occupy only a few pixels,
their backscatter signature is diluted by surrounding intact canopy and barely
distinguishable from speckle. The SVM, which operates on patch-level texture
statistics without any spatial context, therefore cannot reliably discriminate
damaged from undamaged forest in the Germany feature space, especially after
the 5% filtering discards all but nine tiles. The CNN, by contrast, exploits
spatial context through convolution and can detect the characteristic spatial
configuration of a damage patch even when individual pixels are ambiguous.
Germany therefore illustrates how a resolution mismatch between the annotation
source and the SAR input degrades detection, where features that are apparent
to the annotation hardware can be impossible to detect in the coarser SAR
imagery.

Sweden occupies the opposite end of the label-quality spectrum. The reference
mask for Storm Johannes was derived algorithmically from a S2 change composite.
While this procedure captures damage at 10 m resolution and avoids the sub-pixel
dilution problem that affects Germany, it introduces a different source of noise.
The index (Equation 3.1) responds to any change in snow reflectance between the
two acquisition dates, including harvesting activity, phenological differences, and
variation in snow conditions, none of which constitute windthrow. The labelling
procedure relies on snow being present on the ground on both acquisition dates,
since the entire Skogsstyrelsen method depends on newly exposed snow appearing
in openings created by removed canopy, and this assumption holds in our case.
The complication is that even when snow is present on both dates, the SAR signal
does not respond to canopy removal in the same simple way that the optical
labelling procedure assumes. Snow depth, sub-canopy distribution, freeze-thaw
state, and interception geometry each modulate S1 backscatter independently of
canopy structure. Pixels that the optical procedure correctly flags as damaged
because newly exposed snow becomes visible can therefore lack a corresponding
SAR signature, and conversely, snow-state variation over intact forest can mimic
the backscatter change associated with damage. Skogsstyrelsen noted that
harvest areas were masked where possible, but errors are unavoidable in an
automated workflow. In the context of supervised learning, these mislabelled
pixels act as noisy supervision, penalising the model for correctly detecting
intact forest and rewarding it for matching spurious positives. This is consistent
with the very low precision of the threshold detector on Sweden (5.3%) and the
relatively modest CNN performance (21.2% F versus 62.0% for Russia), which
both suggest that a substantial fraction of the positive labels do not correspond
to SAR-detectable windthrow. Sweden has the largest tile count of all four
countries (2941 unfiltered, Table 3.1), so the problem is not insufficient training
data but insufficient label accuracy.

Ireland lies between the two. Its labels were derived from a multi-source
Earth Observation campaign at resolutions ranging from 0.5 m (SkySat) to
10 m (S2), conducted by DAFM in the weeks following Storms Darragh and
Eowyn [10]. The dominant annotation source being sub-metre imagery gives
Ireland a geometric precision closer to Germany than to Sweden, but the stand-
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level minimum mapping unit of 0.1 ha is smaller than Germany’s 0.5 ha threshold
and therefore admits more marginal damage patches. The CNN F} of 42.0% and
the relatively balanced precision and recall (39.8% / 44.4%) suggest a moderately
well-defined learning target, with performance limited primarily by the inherent
difficulty of detecting sub-hectare damage at S1 resolution rather than by label
noise.

A further structural factor that complicates the comparison is dataset size.
Germany has only 54 base tiles, of which 9 satisfy the 5% damage fraction
criterion. This is insufficient to train a stable model on the filtered variant, and
the collapse of SVM performance from 15.0% to 0.8% after filtering suggests
that the sweep was fitting to noise rather than to a stable signal. The results
for the Germany 5% variant should therefore be interpreted with great caution
throughout all experiments.

The 5% filtered variants also deserve a clarification. Their primary motivation
was not to enable cross-dataset comparison but to mitigate the very strong class
imbalance present in all four base datasets, where damaged pixels make up a
small fraction of the total forest area (Table 3.1). By restricting training to tiles
in which at least 5% of pixels are labelled damaged, the filtered variants raise
the prior probability of the positive class and provide a denser learning signal
per gradient update, with the intent of giving the lower-capacity baselines an
easier representation of the task. The results show that this expectation is not
met. The filtered variants do not produce significantly better damaged-class F}
than their unfiltered counterparts on the strong learners, and in several cases
(Germany 5%, Russia 5% for the CNN) the filtered variant performs worse. Class
imbalance is therefore not the dominant bottleneck for this task.

Taken together, these observations argue for treating the four datasets not as
four equivalent replications of the same task but as differing on both annotation
quality and the amount of data. Russia represents a high-quality dataset, where
SAR-based detection is possible even when using classical methods. Sweden
represents a low-quality dataset where label noise fundamentally limits achievable
performance. Germany and Ireland occupy intermediate positions, separated
primarily by annotation resolution and minimum patch size. Any claim about
relative model performance should therefore be conditioned on where a dataset
sits along this spectrum. This label-quality-over-quantity pattern recurs through-
out the experiments below, where Russia, with only 205 tiles, reaches roughly
three times the damaged-class F; of Sweden at 2941 tiles across every model.

Comparison with prior published work

A direct numerical comparison with the two studies that most closely match our
setting, Rietschi et al. [39] and Tomppo et al. [47], requires several caveats but
is still informative.

Riietschi et al. work on the same Mecklenburg-Vorpommern reference data
we use for Germany, but their evaluation is object-based rather than pixel-
based, enumerates no negative class (so IoUgmg and mlIoU are undefined), and
distinguishes three windthrow severity classes. They report producer’s accuracy
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(PA, object recall) and user’s accuracy (UA, object precision), as described in
Section 2.2.5, per class on the German validation area: areal windthrow PA
0.88, UA 0.21 (F; = 0.34, Nyt = 8); single standing trees PA 0.29, UA 0.15
(F} = 0.20, Nyof = 17); single windthrown trees PA 0.07, UA 0.48 (F; = 0.12,
Nyt = 225).

The CNN reaches 41.3% pixel-level and 43.6% object-level damaged-class Fy
on the unfiltered Germany variant when all three Riietschi classes are merged,
which exceeds each of their per-class object-based F; values on the same reference
and approaches the F; = 0.74 they achieve on their Swiss development area
under the easier two-class setup. Pixel-level and object-based F are not directly
comparable, since object-based evaluation counts any pixel overlap as a correct
detection and is therefore more lenient, so this comparison is indicative rather
than definitive. Both their evaluation and ours agree that areal windthrow is
detectable and scattered single-tree damage essentially is not.

Tomppo et al. [47] target the 2010 Finnish storm Asta with varying stand-
level classifiers on a reference defined by ground-survey volume losses above 20%
and 50% thresholds, reporting stand-level overall accuracies in the 70-80% range.
The setting, boreal stand-replacing damage, is closest to our Russia dataset,
where the CNN achieves 62.0% pixel-level F} and 70.7% object-level Fy. These
are not directly comparable, since both the dataset and methodology differ, but
both setups agree that boreal stand-replacing windthrow is the regime where S1
detection works best.

The published S1 windthrow literature has overwhelmingly evaluated its
methods at the object or stand level rather than at the pixel level, and the
apparent gap between their headline accuracies and our pixel level F} values is
largely an artifact of the choice of evaluation unit. The systematic difference
between pixel-level and object-level F; in our own results mirrors this pattern
and is examined quantitatively in Section 6.7.

6.2 Foundation models versus the CNN baseline

The progression from the threshold detector to the SVM to the CNN-UPerNet
baseline gives a consistent improvement on every dataset. The further step
from the CNN to a foundation model under the bi-temporal pipeline depends
strongly on which foundation model is used. Galileo lands within a few absolute
percentage points of the CNN on Russia, Ireland, and Sweden, and roughly ten
points below it on Germany (Tables 5.4, 5.3). SkySense++ diverges from this
pattern on the two cleanest datasets. On Russia it reaches 90.1% damaged-
class I against 62.0% for the CNN and 59.0% for Galileo, and on Ireland it
reaches 51.6% against 42.0% and 37.6% respectively (Table 5.5). On Sweden
and Germany the picture inverts and SkySense++ sits below both the CNN and
Galileo. The ordering of datasets (Russia best, Sweden and Germany weakest)
is preserved across all three model families, but the spread between models on
Russia and Ireland is far larger for SkySense++ than for Galileo.

Two mechanisms can explain why the foundation model advantage is muted
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for Galileo on all datasets and asymmetric for SkySense++ across them. The
first is the structure of the discriminative signal. The dominant component of bi-
temporal windthrow detection in S1 is a low-level intensity and texture difference
between pre-event and post-event composites, which a CNN with relatively few
learnable filters can already extract, consistent with evidence that pretrained
representations confer their largest gains on tasks with substantial semantic
structure beyond low-level statistics [24, 27]. This explains the CNN matching
or exceeding Galileo on three of four datasets and the saturation observed when
Galileo’s larger pretrained backbone is applied to the same input. The Russia
result for SkySense++ shows that this is not the whole story. Beyond the dominant
change component, the bi-temporal composite still contains residual structure
that separates damaged from undamaged forest, such as spatially extended
texture patterns and speckle realisations that a small convolutional receptive
field averages away. Extracting this residual signal requires both substantial
capacity and pretraining that yields SAR-relevant features, and only the largest
model with SAR-aware pretraining is positioned to do so. That the improvement
materialises specifically on Russia and Ireland, the two datasets with the cleanest
stand-replacing labels, supports this reading, where on Sweden and Germany the
label noise and event geometry cap the achievable Fj at a level any sufficiently
expressive model can already reach (Section 6.1).

The second mechanism is pretraining-distribution mismatch. Galileo’s pre-
training mix is dominated by S2 and other optical sources, with S1 forming
one of nine modalities and contributing a relatively small share of the global
and local masked-modelling objectives [49]. The pretrained features are there-
fore optimised primarily for optical reflectance statistics rather than for SAR
backscatter, and the gap has to be closed during fine-tuning. SkySense++ adopts
a different recipe in which the SAR encoder is one of three modality-specific
spatial encoders, kept architecturally separate from the optical and multispec-
tral inputs, with a dedicated cross-modal fusion transformer producing the
spatio-temporal representation [54]. In the Sl-only configuration used here the
optical encoders are inactive, but the SAR encoder retains the representations
learned during multi-granularity contrastive and masked semantic learning over
27 million remote sensing images. This yields a stronger SAR feature extractor
than Galileo’s on the two datasets with the cleanest labels, where the residual
signal is recoverable, and a weaker or comparable one where the supervision
signal itself is noisier and the residual signal is masked by label noise.

A consequence is that parameter count alone does not predict performance on
the bi-temporal task, while scale combined with the right pretraining and fusion
architecture does. The CNN-UPerNet has approximately 16.3 M parameters
trained from scratch, Galileo-Base roughly 124.3 M, and SkySense++ around
2.03 B . The gap in damaged-class F; between the smallest and largest model
is small and inconsistent in sign for the Galileo-CNN comparison, but reaches
roughly 28 percentage points on Russia and 14 on Ireland in favour of SkySense++.
The CNN trained from scratch is enough to extract the discriminative bi-temporal
signal on the smaller and noisier datasets, where neither additional pretraining
nor a larger backbone helps, but on the largest dataset with the cleanest labels
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the bi-temporal task is evidently not yet saturated and the larger pretrained
model continues to extract additional information.

6.3 Effect of temporal information

Moving from the bi-temporal composite to the full ten-acquisition time series
helps Galileo on the two noisier datasets and leaves the cleaner ones roughly
unchanged (Table 5.6). Sweden gains approximately nine percentage points of
damaged-class Fy (21.2% — 30.4%) and Ireland roughly four (37.6% — 41.1%),
while Russia is stable to within single-seed variance (59.0% — 56.4%) and
Germany declines by about eleven points (31.1% — 20.5%), consistent with the
high-variance behaviour of its 54-tile set discussed in Section 6.1.

SkySense++ shows the opposite dataset dependence under the same extension
(Table 5.7). It gains on Sweden and Germany alongside Galileo, by roughly
10 and 11 percentage points respectively, though the Germany numbers carry
the same small-dataset caution. It loses heavily on the two datasets where its
bi-temporal performance is strongest, dropping by about six percentage points
on Ireland and close to forty on Russia, collapsing toward the same 45-50% band
that Galileo and the CNN occupy. The most likely explanation is that the bi-
temporal pipeline hands SkySense++ a pre-event and post-event composite that
already isolates the change signal cleanly on the clean-label datasets, whereas
the temporal pipeline forces the fusion transformer to recover that signal from
ten individually noisy acquisitions, discarding the very structure that drove its
strong bi-temporal Russia result (Section 6.2). The data dependence noted in
Section 6.4 compounds this, since spreading supervision across ten timesteps
may further weaken an already data-needy model.

Two complementary mechanisms explain why temporal information helps
where it does. The first is statistical denoising. Each S1 acquisition is a noisy
single-look estimate of the underlying backscatter, and stacking ten acquisitions
reduces speckle variance under the standard multi-look assumption [32], exposing
the change signal more cleanly. This argument also applies in part to the bi-
temporal pipeline, where the four-channel composite Xcomp is itself the average of
five pre-event and five post-event acquisitions. What the bi-temporal composite
cannot recover is the second mechanism, where rather than receiving a single pre-
collapsed composite, the encoder under the temporal pipeline receives individual
acquisitions and can learn to weight them according to their discriminative
content. Under PASTIS-style [20] mean-pooling the temporal order is not
preserved, but pooling the learned representations rather than the raw backscatter
values allows the model to suppress uninformative acquisitions in representation
space in a way that pre-event intensity averaging cannot.

The temporal results do not show the stronger event-localisation effect that
the SkySense++ architecture might be expected to deliver. Because the Fusion-
Transformer attends explicitly across the temporal axis it preserves ordering
information, unlike the mean-pooling used by Galileo, and in principle it could
separate slow seasonal change (canopy moisture, snow accumulation, freeze-thaw
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cycles) from the abrupt step at the storm date more sharply than a pooled rep-
resentation can. In practice no such advantage is visible: SkySense++ does not
exceed Galileo at T' = 10 on any of the four datasets and is substantially worse on
Russia and Ireland. One contributing factor is that the S1 implementation does
not supply acquisition-date or month-index embeddings (Section 4.2.4), so the
only temporal signal available to the fusion transformer is the fixed chronological
ordering of the timesteps.

The depth-sensitivity curve flattens around T € [8,10]. Galileo on Russia
rises steadily through 7' = 8 (Table 5.6) and then drops slightly at T = 10,
Ireland follows the same shape, and Sweden plateaus around 1" = 8. The plateau
is consistent with diminishing returns once enough acquisitions are stacked
to denoise speckle and bracket the event in time. Riietschi et al. [39] reach
a similar conclusion in their multi-temporal windthrow study, reporting that
approximately five post-event acquisitions are sufficient to stabilise the detection.
Our T-depth curves are aligned with this finding, with the plateau emerging at
five post-event acquisitions in both setups. The Germany curve is non-monotone,
which most likely reflects the small 54-tile dataset producing high-variance test
estimates rather than a real failure of the temporal mechanism.

The plateau also has an operational dimension. With a two-satellite S1
constellation, the exact-repeat cycle is six days and the average effective revisit
time using both ascending and descending tracks at northern-European latitudes
is roughly three days [48]. With T' = 10 acquisitions arranged as five pre-event
and five post-event, the post-event window spans 24 days using same-geometry
passes, or roughly 12 days using mixed-geometry passes. After this window,
optical sensors such as S2 typically begin to provide cloud-free observations even
in northern Europe, and optical change-detection becomes a stronger detector
than SAR. The flat point of the T-depth curve is therefore close to the natural
operational regime for SAR-only windthrow detection, the period when optical
confirmation is not yet available.

6.4 Adaptation regime and label efficiency

On Russia under full fine-tuning, all three models collapse to roughly 5-9%
damaged-class Fy at the 1% training fraction, recover to the 21-48% range at
10%, and by 50% the CNN and Galileo converge near 57-59% while SkySense++
accelerates sharply to 72.4% and then to 90.1% at full data, a substantial margin
above both (Section 6.2). On Ireland the picture is more uniform, where under
full fine-tuning all three recover from near-degenerate performance at 1% to the
13-29% range at 10%, with SkySense++ recovering most slowly despite eventually
surpassing Galileo and matching the CNN by 50-100% training data, converging
near 51%.

The LoRA experiments reveal that parameter-efficient adaptation affects
the two foundation models differently. For Galileo, LoRA largely preserves
the same label-efficiency pattern as full fine-tuning, suggesting that Galileo’s
ceiling is set by the suitability of its pretrained representation for the SAR
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damage-segmentation task rather than by the number of trainable parameters
used during adaptation. For SkySense++, LoRA changes the learning curve more.
A plausible reading is that LoRA acts as a useful regulariser when labels are
scarce, limiting over-adaptation of the larger SkySense++ model, but becomes
a bottleneck once enough data are available to support deeper task-specific
realignment of the pretrained representation.

The behaviour of SkySense++ on Russia under full fine-tuning is qualitatively
different from the other models, where rather than saturating early, its label-
efficiency curve steepens between 10% and 100%, suggesting that its pretrained
representations require a broader coverage of storm-patch diversity before they
can be reliably fine-tuned to the target domain. This is consistent with the
relative size of the three model, with the CNN being the smallest and SkySense++
the largest. Although foundation models in remote sensing are often expected
to perform better when only limited labelled data is available [8, 17], our results
suggest that the models need some data to yield good results, rather than
uniformly improving on baselines in low-data settings. A plausible reading of the
very low end of the curve is that at 1% the Russia split contains only a handful
of damaged tiles, below the absolute count of positives needed for the model
to see a representative range of storm patches, and pretrained representations
cannot manufacture positives where none exist. The 1% fraction is included as a
stress test rather than a realistic operating point.

The Irish dataset plateau across all models warrants a separate observation.
Despite Ireland being the larger dataset by tile count, no model exceeds 52%
damaged-class F; at full data under full fine-tuning, and the gap between the
50% and 100% fractions is marginal for all three. This indicates that additional
labelled data within the same domain offers diminishing returns, and that
annotation quality, label consistency, or the inherent difficulty of the Irish storm
signature is a more binding constraint than data volume. This is the same
label-quality-over-quantity pattern established in Section 6.1, where SkySense++
on Russia at full data exceeds even the best Ireland result by a wide margin
despite a much smaller data set (Table 3.1).

6.5 Cross-dataset generalisation

The cross-dataset generalisation results show that transfer across countries
is limited even when the training pool is balanced. The foundation models
use the bi-temporal composite here, so the partial hold-out values are directly
comparable to the bi-temporal ceilings reported in Section 6.2. In the full
hold-out setting, where the target country is excluded entirely from training,
performance decreases sharply across all three model families: Sweden becomes
effectively non-detectable (damaged-class F below 7% for every model), and
Russia, although the least poor transfer direction, still drops to 4.6% for the CNN,
30.4% for Galileo, and 11.8% for SkySense++. This reinforces the discussion in
Section 6.1, where although the datasets share the same sensor and nominal
task, they differ too strongly in annotation regime, event geometry, and class
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definition for a model trained on one mixture of countries to generalise cleanly
to another.

The partial hold-out setting is more informative. Once the target country
contributes training tiles, performance recovers substantially, and performance
on Russia nearly matches the per-country baseline across all three models. The
models can therefore make effective use of multi-country training, but only when
the target-domain label distribution is already represented in the pool. Ireland
also benefits from the target-country contribution though it remains below its
single-country upper bound, while Sweden remains weak even in partial hold-out,
consistent with the label-quality pattern established in Section 6.1.

The two foundation models differ in the full hold-out setting. Galileo gener-
alises considerably better than SkySense++ on Russia (30.4% versus 11.8%) and
Ireland (23.0% versus 9.5%), despite SkySense++ leading in the single-country
and partial hold-out settings. This inversion suggests that the larger capacity
of SkySense++ comes at the cost of stronger overfitting to target-domain statis-
tics when any target-country signal is present during training, making it more
sensitive to their removal, whereas Galileo’s more modest capacity produces
representations that transfer better across domain boundaries.

The practical implication is that a model trained on data from one storm
event and one forest type should not be expected to generalise to structurally
different events without local fine-tuning. The minimum viable deployment
scenario is therefore in-country fine-tuning on a small set of annotated tiles from
a recent local storm, rather than zero-shot transfer from a geographically distant
training pool. As the label-efficiency results in Section 6.4 show, all three models
recover much of their in-distribution performance with as little as 50% of the full
training set on Russia and Ireland, a modest manual annotation effort following
a new storm event.

6.6 Augmentation strategy

The augmentation results in Table 5.15 do not support a single recommendation
that holds across the models and datasets. SkySense++ is the most augmentation-
sensitive of the three, and the sensitivity is concentrated on exactly the clean-label
datasets where it is strongest, where adding augmentation costs it the most. On
the noisier datasets the effect reverses or vanishes. This mirrors the temporal-
extension finding in Section 6.3. Augmentation disturbs the clean bi-temporal
change signal that is the source of SkySense++’s advantage on Russia and Ireland,
whereas on Sweden and Germany there is little clean signal left for it to corrupt.
The CNN shows a milder version of the same dataset dependence, benefiting from
intensity jitter on some datasets and losing on others, while Galileo is largely
insensitive to jitter, consistent with its higher-capacity backbone being robust to
a change that is small relative to the variation in its pretraining distribution.
Geometric augmentation alone is therefore the safer default across models
and datasets, as it never harms performance substantially in our results, while
intensity jitter should be treated as a dataset-specific hyperparameter rather than
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a universal improvement. The case against vertical flip and 90°/270° rotation
is independent and physical. These transformations are inconsistent with the
fixed right-looking orbital geometry of S1 acquisitions [32] and would corrupt
the geometric relationship between the V'V and V H polarisation channels and
the range look direction.

6.7 Operational implications

The pixel-level segmentation framing used throughout this thesis is a demanding
formulation of the windthrow detection problem. Per-pixel binary classification
at 10 m resolution requires the model to commit to a damaged-or-intact decision
at every cell, and our results suggest that for most datasets and models this
commitment is too aggressive for the signal-to-noise ratio of bi-temporal S1
imagery, particularly outside the cleanest stand-replacing regime represented by
Russia. Damaged-class F; values in the 30-40% range are not a strong basis for
operational deployment, even though the same models often localise the broad
spatial extent of damage correctly when inspected visually.

Aggregating the same pixel-level outputs into coarser decision units offers a
more viable framing. Forest departments typically act on stands, compartments,
or coherent damage patches rather than individual 10 m pixels, so false positives
on isolated pixels matter less than whether affected areas are flagged reliably
enough for prioritisation, inspection, or follow-up mapping. Aggregation also
acts as a low-pass filter, suppressing some of the residual speckle and label-
noise errors that dominate the per-pixel errors discussed in Section 6.1. The
stand-level results in Table 5.8 support this. WI serves as the threshold baseline,
and every learned model improves over it on every dataset. The strongest case
remains Russia, where SkySense++ bi-temporal reaches 93.1% object-level Fy
against 43.0% for WI, with CNN-UPerNet at 70.7%. Ireland also improves
substantially, SkySense++’s results on Sweden still almost triples the WI result,
and on Germany CNN-UPerNet is strongest.

SAR-based windthrow mapping is therefore more viable as a stand-level
prioritisation tool than as a strict pixel-level segmentation system. The situation
where this matters most operationally is also where performance is strongest, in
northern boreal storms, where optical sensors are often blocked by cloud cover
and limited daylight and rapid ground access is constrained. These are precisely
the conditions where SAR’s all-weather imaging is very useful and where the
learned models deliver stand-level F; values high enough to support prioritised
inspection and rapid damage assessment.

6.8 Limitations
A general limitation of the experimental design is that each country dataset

corresponds to a single biogeographic context, so storm intensity, forest ecosystem,
and annotation regime are different within each country and cannot be separated
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from the available data. The four datasets should therefore be treated as four
separate problems rather than as four replications of a single windthrow-detection
task.

The Irish dataset carries additional caveats. DAFM describes the data as
provisional and indicative rather than legally definitive. The mapping focused on
conifer stands aged 15 years or older, so damage in younger and broadleaf stands
is likely under-represented, and the exercise included some older windblown
areas estimated at 750-1 000 ha of the national total. Despite these limitations,
the dataset is sufficiently reliable and spatially detailed for the purposes of this
study.

All metrics depend on a per-tile decision threshold tuned to maximise vali-
dation damaged-class F;. We chose F} because it balances precision and recall
and matches the imbalanced nature of the task, but a different operating point,
for example maximising recall at fixed precision, would shift the precision-recall
trade-offs in our tables and could change qualitative comparisons between models.
The reported numbers should be read as Fj-balanced operating points, not as
the only reasonable choice.

The forest mask used to restrict evaluation for Russia, Ireland, and Germany
is itself approximate. Damaged-class F; on these three datasets is computed only
over forest pixels identified by the ESA WorldCover product, which is roughly
90% accurate at the pixel level, so some background pixels are actually forest
and vice versa, adding noise to the evaluation. The effect is more pronounced
for mIoU, where the background class dominates, than for damaged-class Fj.
Sweden is exempt from this limitation since its forest mask was provided directly
by Skogsstyrelsen.

Finally, the experimental scope was limited by available compute. The full
set of foundation model sweeps spanned two models and four datasets, each
with their respective hyperparameter variations, and we did not have the budget
to repeat runs with multiple seeds. Single-seed point estimates are reported
throughout, and small differences between configurations on the order of one to
two F} score points are likely within seed variance. We have drawn qualitative
conclusions only when the gaps are substantially larger than this scale.

6.9 Future work

The most direct extension of this work is a standardised, multi-location dataset
comparable in label quality to Russia but with greater geographic and ecological
diversity. The Russian reference is what makes Russia the strongest dataset in
our comparison, not the storm itself, and replicating its annotation protocol ,
with manual delineation of stand-replacing windthrow patches at a consistent
minimum mapping unit, applied to multiple events across the boreal and temper-
ate zones, would produce a benchmark on which both classical and pretrained
models could be compared without the problem of differing labelling regimes
that limits the cross-dataset analysis in this thesis.

The most important methodological direction we identify is a SAR-only
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foundation model trained on a large amount of diverse, high-quality SAR pre-
training data. Both Galileo [49] and SkySense++ [54] are multi-modal models in
which SAR is one of several input modalities and the pretraining objective is
dominated by optical reflectance statistics rather than SAR backscatter, so the
pretrained features carry only a fraction of the SAR-specific structure a dedicated
single-modality model would learn. A SAR-only foundation model trained at a
comparable scale, with a pretraining objective tuned to SAR properties (speckle
statistics, polarimetric channels, temporal coherence), would allow a direct test
of whether the varying bi-temporal advantage we observe is an intrinsic property
of the task or an artefact of the pretraining-distribution mismatch. The architec-
tural separation between modality-specific encoders in SkySense++ already points
this way, where its dedicated SAR encoder retains representations learned across
27 million images even when optical modalities are absent suggests dedicated
SAR pretraining capacity is a probable binding constraint. We regard this as
one of the most consequential follow-ups to this work.

A more extensive temporal study of SkySense++ is a natural and self-contained
follow-up. The temporal results reported here rest on a limited configuration
search, constrained by the model’s large size and the cost of each temporal
run, and the SkySense++ temporal pipeline was additionally run without the
acquisition-date embeddings that its architecture is designed to exploit (Sec-
tion 4.2.4). A dedicated study with a broader temporal-depth and learning-rate
sweep, multiple seeds, and the date-specific positional encoding activated would
establish whether the absence of a temporal advantage observed here is intrinsic
to the model on this task or an artefact of the restricted search. Given that the
FusionTransformer preserves temporal ordering, this is the single experiment
most likely to reveal a genuine event-localisation benefit if one exists.

Polarimetric and interferometric extensions are also relevant. S1 acquires
Single Look Complex products that retain dual-polarisation amplitude and phase,
while the Ground Range Detected (GRD) products used here discard the phase.
We therefore already use the full polarimetric content of GRD in the form of
VV and VH channels, and the natural extension is to recover the discarded
phase. Interferometric coherence loss across a windthrow event is a textbook
indicator of canopy disruption that the GRD pipeline cannot access. Neither
Galileo nor SkySense++ ingests phase or interferometric coherence, so adding a
coherence channel would not be a drop-in extension but would require either a
SAR-specific foundation model pretrained on coherence data or a from-scratch
architecture that accepts coherence alongside backscatter. Even as an additional
coherence channel concatenated with VV and VH in a CNN baseline.

A final direction is fusion with optical data. Once cloud cover lifts, typically
three to four weeks post-storm in northern Europe, S2 NDVI delta provides a
strong confirmation signal for windthrow. A natural pipeline is a SAR detector
for the cloud-blocked early window (the regime targeted in this thesis) followed
by an optical confirmation step once S2 becomes usable. The same logic extends
to the multi-modal foundation models studied here, where both can in principle
ingest optical and SAR streams in their native configuration, and a late-fusion
variant of the temporal pipeline that adds S2 acquisitions where available is a
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natural extension that would exploit the full input of these models.
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7 Conclusion

This thesis evaluated whether remote sensing foundation models offer a meaning-
ful operational advantage over established baselines for SAR-based windthrow
detection across four European country datasets. The results give a nuanced
but consistent answer, that foundation models can deliver decisive gains, but
only where the underlying label and event regime is clean enough for those gains
to surface, and the operationally useful conclusions are tied more to evaluation
unit and temporal configuration than to the model alone.

The clearest positive finding is SkySense++ on Russia. With 90.1% pixel-level
damaged-class F; and 93.1% object-level F}, it sits roughly 28 percentage points
above the CNN-UPerNet and 31 points above Galileo on the same dataset,
and reaches an accuracy band that is operationally viable for essentially any
windthrow task. The Russia regime, stand-replacing windthrow in boreal forest
annotated through manual delineation, also represents precisely the condition
where SAR’s all-weather imaging is most indispensable; since northern boreal
storms occur under persistent cloud cover that block optical acquisition for weeks.
At this combination of model, dataset, and operational setting, remote sensing
foundation models clearly justify their cost.

Outside that regime, pixel-level segmentation at 10 m resolution from Sentinel-
1 is difficult. Damaged-class F; values in the 15-45% range, which characterise
most country-model combinations on Sweden, Ireland, and Germany, are too low
to support a strict per-pixel operational deployment. The dominant bottleneck
is not model capacity but label fidelity, event geometry, and the signal-to-noise
ratio of bi-temporal C-band backscatter on smaller, more diffuse damage patches,
with the consequence that more training data within the same domain offers
diminishing returns once label quality is binding.

Aggregating pixel-level outputs to the stand level reframes the problem and
improves operational viability. Every learned model improves over the threshold
baseline on every dataset under object-level evaluation, and the improvements
are often large. SkySense++ rises substantially on Ireland, reaching 57.7% object-
level F, while the Galileo bi-temporal model reaches 67.2% on Russia. Forestry
managers act on stands rather than individual 10 m pixels, and stand-level
aggregation acts as a natural low-pass filter that suppresses residual speckle and
label-noise errors. SAR-based windthrow mapping is therefore more credibly
positioned as a stand-level prioritisation tool than as a strict pixel-level segmen-
tation system, with the exception of the Russia-SkySense++ combination, where
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pixel-level deployment is also defensible.

The temporal experiments add a complementary operational result. Galileo’s
temporal pipeline lifts damaged-class F; on Sweden and Ireland, with the depth-
sensitivity curve flattening around 7" = 8 acquisitions. With Sentinel-1’s effective
revisit time of roughly three days, T' = 8 acquisitions arranged as four pre-event
and four post-event corresponds to a post-event window of approximately twelve
days under mixed-geometry passes. The plateau at T' = 8 therefore aligns closely
with the natural SAR-only operational regime, where the cloud-blocked window
before Sentinel-2 becomes reliably usable, during which the temporal Galileo
pipeline coupled with stand-level aggregation provides a strong early-warning
detector, most clearly demonstrated on Russia and Ireland.

Cross-dataset generalisation remains the main constraint. Full hold-out
transfer collapses across all models, while partial hold-out recovers most of the
in-distribution performance once the target country contributes training tiles.
The minimum viable deployment scenario is therefore in-country fine-tuning on a
modest number of annotated tiles from a recent local storm, rather than zero-shot
transfer from a geographically distant training pool. The label-efficiency results
indicate that this is a tractable amount of annotation work in practice.

Taken together, the answer to the research question is that foundation models
do provide a meaningful advantage for SAR-based windthrow detection, but the
magnitude of that advantage is dataset-dependent, the operationally relevant
evaluation unit is the stand rather than the pixel outside the cleanest stand-
replacing regime, and the most viable deployment is a temporal SAR pipeline at
T ~ 8 feeding into stand-level aggregation, with light in-country fine-tuning.
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