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Abstract

Central European forests have experienced unprecedented drought-driven disturbance after
2018, reshaping landscape structures and raising concerns about long-term ecosystem
resilience. This thesis develops an integrated multisensor remote sensing and machine-learning
framework to map, quantify, and interpret disturbance and early recovery dynamics across
Czechia between 2016 and 2024. Using fused Sentinel-1 SAR, Sentinel-2 optical imagery,
airborne normalized digital surface models, and UAV-derived canopy height models, the study
establishes a scalable approach for detecting annual disturbance, mapping vertical forest

structure, and characterizing regeneration trajectories from national to landscape scales.

A convolutional neural network was adapted into an image-to-image framework for annual
disturbance mapping, enabling identification of seven outbreak hotspots across the Czech
Republic and quantification of tree mortality. These disturbance maps informed landscape-
level simulations of bark beetle spread, outbreak progression, and resource depletion dynamics.
Landscape-level analysis revealed extensive forest loss and pronounced landscape
fragmentation within the main outbreak zone. Recovery dynamics were assessed using
multisensor predictors and survival-analysis-based recovery functions, showing strong but
spatially heterogeneous regeneration patterns, characterized by the predominance of bare soils

class after the disturbance and the occurrence of temporary regeneration failures.

Vertical structure mapping employed machine-learning and deep-learning models,
demonstrating that canopy height in a highly heterogeneous post-disturbance environment can
be predicted with a relatively high accuracy using multisensor satellite features. A newly
released Google’s Alpha-Earth foundation-model embeddings substantially outperformed
traditional Sentinel-1/2 predictors, highlighting the potential of foundation models for

structural forest mapping.

Together, the results show that a multisensor and machine-learning approach can capture both
the pulse of disturbance and the early structural response at ecologically meaningful scales.
The framework provides new insight into the drivers, spatial patterns, and early outcomes of
one of Europe’s largest documented forest mortality events and offers a transferable
methodology for monitoring disturbance-recovery interactions in climate-sensitive forest

regions.

Keywords: bark beetle outbreak, remote sensing, multisensor data fusion, synthetic aperture

radar, optical imagery, unmanned aerial vehicle, post-disturbance recovery, machine learning
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Abstrakt (Czech)

Lesy stfedni Evropy zazily po roce 2018 bezprecedentni poruchy vyvolané suchem, které
zasadné pretvorily strukturu krajiny a vyvolaly obavy o dlouhodobou odolnost ekosystémii.
Tato disertacni prace vyvinula integrovany multisenzorovy ramec dalkového prizkumu Zeme
a strojového uceni pro mapovani, kvantifikaci a interpretaci dynamiky disturbanci a ¢asné
obnovy na uzemi Ceské republiky v obdobi 2016-2024. Pomoci fiize dat Sentinel-1 SAR,
optickych snimka Sentinel-2, leteckych normalizovanych digitalnich modelt povrchu a
vyskovych modelt porostu odvozenych z bezpilotnich letadel byl vytvoien Skalovatelny ramec
pro detekci roc¢nich disturbanci, mapovani vertikalni struktury lesa a charakterizaci

regeneracnich trajektorii od narodni po krajinnou uroven.

Konvolu¢ni neuronova sit’ byla adaptovana do schématu image-to-image pro ro¢ni mapovani
disturbanci, coz umoznilo identifikaci sedmi hlavnich ohnisek kalamity v Ceské republice a
kvantifikaci mortality stromt. Tyto mapy disturbanci slouzily jako vstup pro krajinné simulace
Sitfeni lykoZrouta, prib&hu gradace a dynamiky vyc€erpavani zdroji. Analyza na Grovni krajiny

odhalila rozs4hlé ztraty lesnich porostl a vyraznou fragmentaci krajiny v hlavni zoné kalamity.

Dynamika obnovy byla hodnocena pomoci multisenzorovych prediktord a obnovnych modeli
zalozenych na analyze pfeziti, které prokéazaly silné, av§ak prostorové heterogenni regeneracni
vzorce, charakterizované prevahou tiidy holych pid po disturbanci a vyskytem doc€asnych

selhani obnovy.

Mapovani vertikalni struktury vyuZivalo modely strojového uceni a hlubokého uceni a ukazalo,
ze vySku korunového patra v siln€é heterogennim prostiedi po disturbanci lze s relativné

vysokou piesnosti predikovat pomoci multisenzorovych satelitnich proménnych.

Nov¢ publikované embeddingy zakladniho modelu Google Alpha-Earth vyrazné ptekonaly
tradi¢ni prediktory ze Sentinel-1/2, coZ zdiraziiuje potencial foundation modelli pro mapovani
strukturnich charakteristik lesa. Souhrnné vysledky ukazuji, ze multisenzorovy pfistup
zalozeny na strojovém uceni dokdze zachytit jak pulz disturbanci, tak Casnou strukturalni
odezvu v ekologicky relevantnich méfitkdch. NavrZzeny rdmec piina$i nové poznatky o
hybnych silach, prostorovych vzorcich a ranych dusledcich jedné z nejvétSich
zdokumentovanych epizod lesni mortality v Evropé a nabizi ptenositelnou metodiku pro

monitorovani interakci mezi disturbanci a obnovou v klimaticky citlivych lesnich regionech.



Klicova slova: kalamita lykozrouta, dalkovy prizkum Zemé¢, flize multisenzorovych dat,

synteticka apertura radar, opticka data, bezpilotni letadla, obnova po disturbanci, strojové uceni



Pfupiso (Shona)

Masango eCentral Europe akasangana nekukanganiswa kukuru kwakakonzerwa nekusanaya
kwemvura mushure megore ra2018, zvichichinja chimiro chenzvimbo dzemasango uye
zvichimutsa kunetseka pamusoro pekusimba kwemasisitimu ezvakatipoteredza kwenguva
refu. Tsvakiridzo yebeba rino inogadzira nzira dzeku ongorora pasi rose nemasaisai ari kure
pamwe chete nemichina inodzidza (machine learning), kuitira kuratidza pamepu,
kukanganisika pamwe nekutanga kumera kwemiti yemasango emuCzechia pakati pa2016
na2024. Kuburikidza nekubatanidza mifananidzo yemuchadenga ine masaisai (Sentinel-1),
mifananidzo inoonekwa nemaziso (Sentinel-2), mamodheru anoratidza kureba kwemiti
akatorwa nendege, pamwe nemamodheru ehurefu hwesango akatorwa ndege inobhururuka
isina mutyairi (UAV), chidzidzo ichi buditsa nzira inokwanisa kuwedzerwa pakuyera
kukanganisika kwegore negore, kuyera chimiro chekurikuenda kumera kwemasango
kwenguva yakareba, uye kutsanangura nzira dzekudzokera kwesango kubva padanho renyika

kusvika padanho renharaunda.

Muchina unodzidza zvakadzama (convolutional neural network) wakashandiswa
pamifananidzo wegore ne gore, izvo zvakabatsira kuwana nzimbo nomwe dzakanyanya
kunganiswa ne denda rezvipukanana zvinouraya miti munyika yose. Kuongorora
kwenharaunda kwakaratidza kurasika kukuru kwemasango uye kupatsanuka kwakanyanya
kwenzvimbo dzemasango munzvimbo huru yakarohwa nedenda. Maitiro ekupora

kwemasango akaongororwa achishandisa mifananidzo yakasiyanasiyana.

Kuyerwa kwechimiro chekureba kwemiti yemumasango kwakaitwa kubudikidza nemichina
inodza zvakadzama, zvichiratidza kuti kureba kwemiti kunogona kuitwa nemifananidzo
yakasiyanasiyana nemazvo. Maembeddings matsva eGoogle Alpha-Earth foundation model
akakunda zvakanyanya predictors dzinosomboshandiswa dzeSentinel-1/2, zvichiratidza

mukana mukuru wemafoundation models pakumepa chimiro chemasango.

Pakazara, mhedziso inoratidza kuti nzira yakabatanidzwa yemasisitimu akawanda emasaisai
pamwe nemichina inodzidza inokwanisa kubata zvese zvinoitika mumasango nguva yedenda.
Hurongwa uhwu hunopa ruzivo rutsva pamusoro pezvikonzero, mapatani enzvimbo, uye
mhedzisiro  dzekutanga dzechimwe chezviitiko zvikuru zvekufa kwemasango
zvakambonyorwa muEurope, uye hunopa nzira inokwanisa kutamiswa nekushandiswa mune
dzimwe nzvimbo dzemasango dzinonyanya kunzwa kushanduka kwemamiriro ekunze

pakutevera kudyidzana pakati pekukanganisika nekupora.



Mazwi akakosha: denda rezvipukanana zvinouraya miti, kuongorora kwepasi nemasaisai ari
kure, kubatanidza ruzivo rwakawanda, masaisai emuchadenga anopinda nepamusoro pevhu,
mifananidzo inoonekwa, midziyo inobhururuka isina mutyairi, kupora mushure

mekukanganisika, kudzidza kwemichina
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Objectives of thesis

This dissertation aims to (i) develop-and test disturbance detection procedures and semi-automatized
workflows, and (ii) deliver new knowledge-about mechanisms and patterns of natural disturbances
amplified by climate change, particularly bark beetle outbreaks triggered by drought. We will test various
change detection and data fusion algorithms for forest disturbance mapping to create a workflow for

a semi-automatized assessment on the annual-basis. The following objectives will be addressed:

1. To review various change detection algorithms and select those most promising for bark beetle
disturbance mapping, including different manifestations of tree mortality, such as standing, downed, and
salvaged trees.

2. To test the selected algorithms and techniques for their ability to integrate data from different sensors
(particularly different optical and SAR data) and auxiliary ground data, such as topography. We use
extensive reference (ground-truth) data to train the algorithms and test the accuracy of disturbance
mapping

3. To use the annual disturbance maps to evaluate the specific mortality patterns, their drivers, and
changes in time in order to better understand the recent outbreak dynamics

Methodology

This dissertation will use various remote sensing, ancillary, and ground data to map natural forest distur-
bances, particularly from wind and bark beetles. We will test various change detection and data fusion
algorithms for forest disturbance mapping to create a workflow for a semi-automatized assessment on an-
nual basis, focusing primarily on the recent bark beetle outbreak in Czechia, with the potential to expand
it to other agents and areas. Further, we will use annual forest change maps to understand outbreak dy-
namics by evaluating specific infestation patterns and their changes in time. Finally, we aim to attribute
these effects, i.e., to identify the underlying mechanisms of drought-driven outbreaks, which is a rather
new phenomenon in Europe. As the main output, we develop a versatile machine learning-based work-
flow for disturbance mapping, integrating diverse remote sensing and ground data, provide an extensive
model validation, and conduct several studies aimed at both methodological advances and understanding
the emerging disturbance dynamics in Central Europe.
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Main elements of the proposed solution

Literature review and pilot tests: A thorough literature review will be conducted to review available change
detection algorithms, their performance, and suitability for large-scale disturbance mapping, particularly
from bark-beetle infestations.

Data Collection: Remote Sensing data will be obtained from multiple sources including different optical and
SAR imagery. In the frame of the machine learning-based data fusion, also the effect of other data types on
detection performance will be tested, suchas topography, forest ownership, etc. The reference data used
for model testingand training will be obtained from the Forest Management Institute, Czech Republic.

Software and algorithms for data analysis We will use the Google Earth Engine platform for data pre- pro-
cessing, analysis and implementing various machine learning and deep learning algorithms, using Tensor-
Flow in both JavaScript and the Python APIs. We will also use the SNAP toolbox for SAR data processing.
Machine learning algorithms and statistical analysis will be implemented in Python and R, while post pro-
cessing will be done in ArcGIS and QGIS.

Area of Interest: We will focus on the Czech Republic, which became one of the major hotspots of dis-
turbance intensification in Europe. Forests in the country cover 37.5% of the total area, 50% of which is
dominated by Norway Spruce. Salvaged tree volumes killed by bark beetles increased from approximately
1.5 million to 26 million cubic meters between 2014 and 2019. Further, spruce growing stock decreased
by 16% during the same period. We also intend to extend our research to other regions of Europe, to test
the performance of the proposed algorithms.

Pre-Processing and Analysis: Annual optical and SAR remote sensing data acquired during the period be-
tween June and September for the-period 2014-2022 will be used. The images will be obtained for the
whole Czech Republic and merged into onesingle mosaic for-each year. Images with the lowest percent-
age of cloud cover will be acquired. Top of the atmosphere (TOA) correction will be done for each image to
produce surface reflectance (SR) images to reduce the effect of aerosols and atmospheric gases. Mosaics
will be then produced for each of the years between 2014 and 2022. For SAR, the pre-processing steps
require radiometric normalization from Ground Range Detected (GRD) data obtained from ESA Copernicus
website or directly from the Google Earth Engine platform. For SAR images collected in the interferomet-
ric broad swath mode, the default acquisition mode of Sentinel-1 will be used. The calibrated images will
be orthorectified to ground geometry using SRTM DEM. Finally, the orthorectified images will be clipped
and mosaicked into a single annual image for the period between 2014 and 2022. A mask based on the
Corine dataset (CLC 2012) will be applied to both SAR and optical to classify the study area into forest and
non-forest areas to represent forest conditions before the outbreak period. An accurate cloud mask is also
applied on the optical data to remove clouds and shadows from the imagery. As inputs to the disturbance
mapping, we will use the change maps derived from NDVI differences based on optical images during the
outbreak periods and image-based ratio thresholding. In addition, we will include ancillary data to com-
bine with the SAR and optical data, including elevation information, slope and aspect derived from a Digital
Elevation Model (DEM), Enhanced Wetness Difference Index (EWDI), and solar radiation.

Creating disturbance Maps: The NDVI change maps, SAR change maps and ancillary data will be used as
inputs to different classification algorithms (for example, a neural network-approximated logistic regression
model). Reference data in forest changes derived by differencing the airborne Normalized Digital Surface
Model (Source: Forest Management Institute) will be used for model training. Other training dataset will
be considered, depending on their availability. The logistic regression model is well suited for disturbance
detection as it can predict the probability of a dichotomous variable taking on either state (i.e., change or
no-change). All these analyses will be conducted in the TensorFlow framwork.
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Patterns and drivers of disturbance dynamics: We-will-use.the annual disturbance maps produced by the
procedure above to conduct several case studies (each of them resulting in a research paper). We will use
different GIS and spatial statistics tools to identify outbreak development,-including identification of new
mortality spots, their expansion, and the collapse. By correlating these patterns with climate, ownership,
management and other data, we identify main drivers of these dynamics. More detailed design of case
studies will be formulated-duringthe study period.
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1. Introduction

1.1. Research background

Remote sensing has become a primary tool for monitoring forest ecosystem change, offering
spatially comprehensive, repeated observations that far exceed the capacity of field-based
surveys (Kennedy et al., 2010; Wulder et al., 2012). Advances in high-resolution optical, SAR,
and LiDAR systems, combined with multi-sensor data fusion and modern machine learning,
now enable detailed detection of forest disturbance, quantification of structural loss, and
assessment of early post-disturbance recovery at landscape to national scales (Fassnacht et al.,
2016; X. Huang et al., 2022). These developments are especially important for managed forests,
where mixed disturbance agents, salvage logging, and heterogeneous regeneration pathways

complicate the interpretation of forest change.

The need for robust remote sensing approaches has grown as forest disturbance regimes
intensify globally. Rising temperatures, prolonged droughts, and more frequent climatic
extremes have increased disturbance extent and severity across temperate and boreal forests
(Turner & Seidl, 2023). In Europe, drought-driven disturbance pulses have become a dominant
force, synchronizing mortality across large regions and amplifying the effects of insects and
pathogens (Netherer & Hammerbacher, 2022). Among these, outbreaks of the spruce bark
beetle (Ips typographus) have reached unprecedented scales, driven by drought-weakened
defenses, accelerated beetle development, and favorable climatic conditions (Hlasny, Konig, et

al., 2021; Raffa et al., 2008).

The Czech Republic represents one of the most extreme examples of this transformation.
Between 2018 and 2022, a combination of severe drought and heat triggered record Norway
spruce (Picea abies) mortality and extensive salvage logging, creating a highly fragmented
post-disturbance landscape dominated by low vegetation and depleted canopy structure
(Pirtskhalava-Karpova et al., 2024; Washaya et al 2024; Washaya et al 2025; Hlasny etal 2021).
Given the increasing complexity of disturbance impacts, along with a growing recognition of
disturbance legacies, there is a critical need to integrate multisource and multisensory RS data.
Such integration offers a more comprehensive view of disturbance and recovery dynamics than

would be possible with single datasets alone.



1.2. Research Aims and Objectives

This thesis applies an integrated, multi-scale remote sensing framework to quantify forest

disturbance and post-disturbance dynamics in Central Europe between 2016 and 2024 See

figure 1). The work is structured around four primary research objectives, which collectively

aim to map disturbance patterns, identify major outbreak hotspots, assess forest recovery

trajectories, and characterize post-disturbance vertical structure. By integrating multisource

satellite and UAV data and evaluating both machine learning and deep learning approaches, the

thesis offers new insights into the drivers, patterns, and regeneration pathways of disturbance-

affected forests.

Research objectives:

1.

Develop a scalable remote sensing approach for annual, country-wide forest
disturbance mapping by integrating multisource data (optical satellite imagery, SAR
backscatter, and airborne nDSMs), and use these maps to quantify the extent, timing,
and spatial progression of regional drought-driven bark beetle outbreaks and their

impacts on forest composition and landscape structure.

Map post-disturbance vertical structure across the heavily affected landscape by
building a remote sensing workflow that combines satellite predictors with UAV-
derived canopy height models to characterize the emerging structural heterogeneity

following large-scale mortality.

Establish a multi-sensor fusion framework to detect early recovery phases by
integrating optical, SAR, and UAV data to distinguish transitions from recent

disturbance to initial stages of vegetation regeneration.

Quantify post-disturbance recovery trajectories by analysing transitions among
regeneration stages and evaluating their spatial and temporal variability, identifying the

pace, pathways, and potential bottlenecks of ecosystem recovery.

The thesis is based on the following hypotheses:

1.

2.

Integrating multisource satellite and airborne data produces higher accuracy in mapping

drought-driven bark beetle mortality than single-sensor approaches.

Areas affected by severe bark beetle outbreaks and post-disturbance salvage logging
exhibit greater spatial homogenization and fragmentation than unaffected or lightly

disturbed areas.



3. Fused optical-SAR satellite data can classify post-disturbance vegetation into distinct
structural stages with accuracy above random chance, and these stages follow

predictable temporal trajectories.

4. Multi-source satellite predictors, including learned feature embeddings, predict vertical
forest structure in disturbed areas more accurately than single-sensor models across

heterogeneous post-disturbance conditions.

Recovery (survival) analysis period

Annual recovery maps

Cumulative disturbance mask

Initial forest Reference data for Reference data for
mask disturbance mapping recovery mapping (UAV)
[ [ [ | [ [ I ]
2017 2018 2019 2020 2021 2022 2023 2024
Major outbreak impact Outbreak retreat and recovery

Figure 1: Overview of the experimental design. The study spans the full disturbance cycle, from
outbreak onset (2017) through the peak (2018-2020) and into the recovery phase. (Source: Washaya
et al., 2025).



1.3. Thesis Structure

Chapter 1 Introduction: frames the thesis by outlining the motivation, research gaps,
hypotheses and objectives related to climate-driven forest disturbances and post-disturbance
recovery. It defines the central hypotheses and objectives, clarifies the role of remote sensing
as the core analytical tool, and positions the study within current challenges in monitoring

large-scale forest change under accelerating climate stress.

Chapter 2 Literature Review: provides the scientific foundation of this thesis through a
literature review on the changing dynamics of forest disturbances under climate change. It
begins by introducing remote sensing principles relevant to forest ecosystem monitoring,
including sensor types, platforms, and commonly used datasets. It then reviews techniques for
integrating multisource data optical, SAR, and LiDAR for mapping and quantifying forest
changes. The second part of the chapter focuses on climate-driven forest disturbances,
emphasizing the shift from wind- to drought-driven bark beetle outbreaks and the resulting
large-scale spatiotemporal synchrony across Europe. Finally, the chapter discusses post-
disturbance forest recovery, highlighting patterns of regeneration, resilience, and structural

transformation following bark beetle outbreaks.

Chapter 3 Study Area and Workflow of Methodology: outlines the methodological
framework used across the thesis. It introduces the Czech Republic study area and the main
disturbance hotspot that serves as the focal region for later vegetation height structure and
recovery analyses. The chapter describes the multi-source remote sensing datasets, Landsat 8,
Sentinel-1, Sentinel-2, airborne imagery, and UAV canopy-height models, and the
preprocessing steps required to integrate them. It then summarizes the deep learning approach
used for large-scale disturbance mapping, the generation of annual disturbance layers, and the
methods applied to analyze outbreak dynamics and landscape fragmentation. Procedures for
mapping post-disturbance recovery using Random Forest classification are also presented,
along with the landscape-ecological and statistical techniques used to quantify recovery rates,
patch transitions, and structural changes. Together, these methods provide a unified framework
that supports the thesis’s progression from disturbance detection to structural assessment,

recovery analysis, and later integration of disturbance information into modelling.

Chapter 4 Results: presents the peer-reviewed articles that form the core of this thesis. Each
paper addresses a specific objectives of the overall research framework, including disturbance

detection, spatial outbreak dynamics, recovery processes, vegetation height mapping, and



integration with simulation models. Together, the papers provide the empirical and

methodological foundation supporting the thesis objectives.

Chapter 5 Discussion: synthesizes the thesis findings and highlights the central role of remote
sensing in understanding disturbance regimes, structural change, ecosystem recovery, and
future outbreak dynamics. It discusses how multi-sensor satellite and airborne datasets enabled
large-scale disturbance mapping, revealing the drought-driven outbreak and associated
landscape fragmentation. The chapter then considers how advanced remote sensing
approaches, including AlphaEarth Foundations embeddings and UAV canopy-height models,
improved characterization of post-disturbance height structure in the main hotspot. The
discussion also evaluates how combined Sentinel-1, Sentinel-2, and UAV data captured fine-
scale recovery trajectories, regeneration failures, and emerging spatial homogenization.
Finally, it emphasizes how remote-sensing-derived disturbance maps strengthened simulation
modelling by providing empirical calibration and validation data for drought-triggered

outbreak dynamics.

Chapter 6 concludes the thesis by summarizing the key findings, confirming the
unprecedented scale and drought-driven nature of the bark beetle outbreak, its severe landscape
impacts, and the forests’ strong but uneven recovery capacity. It outlines the study’s scientific
and management contributions, particularly in advancing understanding of climate-amplified
disturbance dynamics and recovery processes. Finally, it identifies research priorities, including
long-term monitoring, species composition studies, regeneration drivers, innovative
management strategies, socio-economic considerations, and further development of remote

sensing approaches.
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2. Literature Review
2.1. Remote Sensing in Disturbance Mapping

Remote sensing provides an essential means for detecting and monitoring forest disturbances
across large spatial and temporal scales. It enables the observation of both abrupt, high-
intensity events, such as fires, windthrows, and clearcuts and more subtle, progressive
processes including insect infestations, degradation, and selective logging (Cohen et al., 2017;
Senf & Seidl, 2021b). By capturing consistent, repetitive measurements of the Earth’s surface,
remote sensing supports long-term assessments of forest condition, disturbance dynamics, and
recovery trajectories (Wulder et al., 2012). Advances in forest disturbance monitoring
increasingly rely on the integration of multi-sensor and multi-temporal datasets, combining
optical and radar information across multiple spectral dimensions to enhance detection
accuracy (DeVries et al., 2015; Hirschmugl et al., 2017; Lehmann et al., 2015). While
methodological choices, such as disturbance thresholds or algorithmic design, may lead to
differences among disturbance maps, ensemble and data fusion approaches can effectively
reduce uncertainties and improve classification reliability (Xu et al., 2018; Ye et al., 2019).
These integrated frameworks underpin the subsequent developments in change detection,
sensor selection, data fusion, and machine learning—based classification techniques discussed

in the following sections.
2.1.2 Change Detection Approaches

Two main methods used in forest change detection with high resolution (HR) data are image-
to-image detection and time-series analysis. In contrast to image-to-image approaches that rely
on only two temporal images, time-series analysis utilizes multiple observations to derive more
robust information about change dynamics (Hussain et al., 2013; Kennedy et al., 2010;
Masilitinas et al., 2021). For instance, the Landsat-based Detection of Trends in Disturbance
and Recovery (LandTrendr) algorithm represents a time-series approach based on trajectory
segmentation, allowing for the identification of both short-term events (e.g., disturbances) and
long-term processes (e.g., regrowth) (Kennedy et al., 2010). Pflugmacher et al., (2012) used
LandTrendr to characterize vegetation changes between 1972 and 2010 by extracting spectral
trajectories and change metrics associated with disturbance and recovery. Similarly, Senf &
Seidl (2021) applied LandTrendr to map three decades of forest disturbances across Europe,

analysing changes in disturbance size, frequency, and severity.
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Time-series analysis methods can be grouped into four main categories (Hirschmugl et al.,
2017): threshold-based detection, curve fitting, trajectory fitting, and trajectory segmentation
(Figure 2). Threshold-based methods, such as those used in the ForWarn system (Norman et
al., 2013), apply statistical thresholds (e.g., Z-scores) to detect anomalies but are limited by
their empirical and region-specific nature. Curve fitting applies regression models to describe
temporal trends in spectral indices, whereas trajectory fitting uses predefined degradation
curves to represent characteristic disturbance types (Banskota et al., 2014; Verbesselt et al.,
2010). Trajectory segmentation, implemented in tools like LandTrendr (Kennedy et al., 2010),
partitions time-series into linear segments representing disturbance and recovery phases and
has been successfully used to map continental disturbance dynamics (Senf & Seidl, 2021b).

However, it requires correction for phenological variability.
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Figure 2: Schematic illustration of different time series analysis (Source: Hirschmugl et al., 2017)

Image-to-image methods, illustrated in figure 3, remain widely applied in forest disturbance
mapping (Washaya et al., 2024, HavaSova et al., 2015; Margono et al., 2012; Matricardi et al.,
2010). These approaches detect change directly from reflectance values, vegetation indices
(e.g., NDVI, NBR), or backscatter differences between dates (Huete et al., 2002; Zeng et al.,
2022). Although simpler to implement, they are more sensitive to illumination, atmospheric,

and seasonal differences than time-series approaches.
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Figure 3: Schematic overview of the image-to-image change-detection workflow: (I) calculation of
vegetation indices (VI) for individual years; (II) VI differencing to obtain AVI; (III) classification of
AVI using threshold values; and (IV) validation against reference aerial imagery to derive accuracy
metrics (kappa, ROC). (Soruce:HavaSova et al., 2015).

2.1.3. Sensor Characteristics and Data Selection

Selecting remote sensing data for forest disturbance mapping requires balancing spatial,
temporal, and spectral resolution with spatial coverage and cost (Wulder et al., 2008). The
optimal data source depends on the disturbance type, study scale, and monitoring objectives.
Very High Resolution (VHR) sensors (<4 m) capture fine-scale changes but are costly and
limited in coverage (Akca et al., 2016). Medium to Coarse Resolution (MR) sensors (=60 m),
such as MODIS, offer frequent, wide-area observations but lack the spatial detail needed to
detect localized impacts (Chen et al., 2017; Hansen et al., 2013a). High Resolution (HR)
sensors (5-30 m), including Landsat and Sentinel-2, provide an effective balance between
spatial detail and regional coverage (Chen et al., 2021; DeVries et al., 2015). The open-access
Landsat policy since 2008 has been particularly transformative, enabling consistent, long-term

monitoring of forest disturbances worldwide (Wulder et al., 2012).
2.1.3.1. Optical Remote Sensing

Optical sensors, such as Landsat, Sentinel-2, and MODIS, operate in the visible to infrared
spectrum, capturing reflected light that provides detailed spectral information on vegetation
structure and condition (Huete et al., 2002; Zeng et al., 2022). These data are fundamental for

assessing forest health and monitoring disturbances (Cohen et al., 2017).
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A key application of optical remote sensing is the use of vegetation indices (VIs)—
mathematical combinations of spectral bands that represent canopy vigour, chlorophyll content,
and moisture status (Zeng et al., 2022). Common indices include the Simple Ratio (SR) (Rouse,
1973), Normalized Difference Vegetation Index (NDVI) (Tucker, 1979), Enhanced Vegetation
Index (EVI) (Huete et al., 2002), Normalized Difference Water Index (NDWI) (X. Gao, 2000;
Mcfeeters, 1996), and Normalized Burn Ratio (NBR) (Chuvieco et al., 2002).

Numerous studies have demonstrated the value of optical data for forest disturbance
monitoring. Havasova et al., (2015); Konig et al., (2023) identified sensitive VIs for detecting
bark beetle outbreaks, while (Bryk et al., 2020) confirmed NDVI’s ability to assess post-attack
forest health. Sentinel-2 indices have been shown to outperform MODIS in capturing bark
beetle-induced spectral changes due to their higher spatial and spectral resolution (Gomez et
al., 2020). Multi-temporal Sentinel-2 frameworks further improved disturbance mapping
accuracy and robustness (Fernandez-Carrillo et al., 2020; Konig et al., 2023), with
classification accuracies exceeding 0.80 when combining multiple indices. These findings are
consistent with broader reviews emphasizing the effectiveness of optical time-series

approaches for forest disturbance detection (Hirschmugl et al., 2017).

However, optical imagery is constrained by cloud cover, haze, and illumination variability,
which limit data availability, especially in cloudy regions (Hirschmugl et al., 2017
Trisasongko, 2010). Synthetic Aperture Radar (SAR) sensors mitigate these limitations by
acquiring data independent of daylight and weather (Einzmann et al., 2012; Nakamura et al.,
2004). Integrating optical and SAR datasets enables dense, all-weather time series essential for

continuous forest disturbance monitoring (Hirschmugl et al., 2020; Lehmann et al., 2015).

2.1.3.2. Synthetic Aperture Radar

Synthetic Aperture Radar (SAR) provides complementary information to optical data,
particularly under cloudy or low-light conditions. Operating in the microwave spectrum, SAR
actively transmits and receives electromagnetic pulses, measuring the backscattered signal
from the surface. By coherently combining successive echoes from a moving platform, SAR
synthesizes a large antenna aperture, achieving high spatial resolution independent of

illumination or weather (Moreira et al., 2013).

SAR'’s sensitivity to dielectric properties, surface roughness, and polarization (HH, HV, VV,

VH) enables the detection of forest structure and disturbance dynamics not captured by optical
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sensors (Kobayashi et al., 2000; Ouchi, 2013). Longer wavelengths (L- and P-bands) penetrate
vegetation canopies and provide information on sub-canopy and soil conditions. Recent studies
have demonstrated SAR’s effectiveness in disturbance monitoring: Tariq et al., (2021) used
Sentinel-1 data to detect 95% of fire events identified by optical indices, while Bouvet et al.

(2018) achieved >95% deforestation detection accuracy using geometric shadow analysis.

Beyond backscatter intensity, Interferometric SAR (InSAR) exploits phase differences between
multiple acquisitions to derive coherence, which reflects structural and temporal forest
properties (Bouvet et al., 2018; Fransson et al., 2001). High coherence indicates stable surfaces;
low coherence results from canopy motion and volumetric scattering. Missions such as
TanDEM-X (X-band), ALOS-2 (L-band), and Sentinel-1 (C-band) have enhanced InSAR’s
capacity to map forest structure, height, and biomass (Praks et al., 2007). Single-pass systems
like TanDEM-X minimize temporal decorrelation, enabling accurate structural retrievals.
Emerging missions ESA BIOMASS and NASA-ISRO NISA will further advance global,

coherence-based forest monitoring.

2.1.4 Data fusion

Data fusion in remote sensing integrates information from multiple sensors such as optical,
SAR, and LiDAR operating at different spatial, spectral, and temporal resolutions to produce
more comprehensive datasets (Pohl & Van Genderen, 1998). Fusion techniques are commonly
categorized into three levels: pixel-level, which combines raw data to enhance resolution;
feature-level, which merges extracted features such as texture or edges; and decision-level,

which integrates results from independent analyses (Zhang, 2010).

Pixel-level fusion provides the most detailed integration but remains challenging for
heterogeneous data such as optical and SAR due to their differing physical properties. Improper
fusion can degrade spectral or backscatter information. Thus, developing robust methods that

preserve each sensor’s distinct characteristics is a continuing research priority (Zhang, 2010).

Recent advances in machine learning and deep learning have transformed multi-sensor fusion,
enabling models to learn nonlinear relationships between data sources automatically. Ensemble
and neural network-based approaches now outperform traditional statistical and rule-based
methods, improving land cover and disturbance classification accuracy (Xu et al., 2018; Ye et
al., 2019). Integrating data fusion with learning-based techniques has become central to modern
remote sensing, particularly for forest disturbance mapping that requires harmonizing multi-

sensor data across scales.
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2.1.5 Advances in Classification Techniques

2.1.5.1. Classical Machine Learning Approaches in forest Disturbance Mapping

Machine learning algorithms have long been applied in the remote sensing community, ranging
from simple to more sophisticated frameworks. Early approaches included techniques such as
Principal Component Analysis (PCA) and K-Means clustering, while later developments
introduced more advanced supervised classifiers such as Support Vector Machines (SVMs)

(Jiang et al., 2011) and Random Forests (RFs) (Pal, et al., 2003).

With the rapid expansion of Earth observation data and advancements in computing power,
machine learning approaches have evolved to handle increasingly large and complex datasets.
Improved algorithmic design and the availability of specialized hardware have made it possible
to apply computationally intensive methods such as deep learning and convolutional neural

networks that were previously avoided due to high processing demands (Hénsch et al., 2018).

The continued growth of remote sensing “big data,” supported by advances in cloud computing
and parallel processing, has thus driven a shift from traditional machine learning methods to

more advanced deep learning frameworks (Zhang et al., 2022).

2.1.5.2. Deep learning approaches to disturbance mapping

Deep learning techniques gained prominence in remote sensing due to their ability to learn
hierarchical and non-linear representations directly from data, enabling the joint modeling of
spatial, spectral, and contextual information from multisource inputs. Deep neural networks
(DNNs) overcome key limitations of traditional machine learning by replacing hand-crafted
features with data-driven feature learning, allowing complex interactions between sensors and
scales to be captured implicitly (LeCun et al., 2015; Zhu et al.,, 2017). In particular,
convolutional neural networks (CNNs) exploit local spatial connectivity and weight sharing to
efficiently model spatial patterns, while deeper layers progressively encode higher-level
semantic information (Gao et al., 2023). Early work by demonstrated the potential of neural
networks to integrate multisource data, such as Landsat and topographic variables,
outperforming conventional statistical classifiers. More recent CNN-based fusion frameworks
explicitly leverage these architectural properties for multisensor integration, resulting in
improved robustness and generalization compared to conventional machine learning
approaches (Xu et al., 2018; Ye et al., 2019). Such architectures are particularly well suited for
complex remote sensing classification tasks where sensor characteristics, spatial context, and

non-linear feature interactions play a critical role.
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Deep learning methods are increasingly applied in ecological research. For example, Rammer
& Seidl, (2019) used bark beetle outbreaks in conifer-dominated forests to demonstrate the
potential of DNNs for predicting both short-term infestation risk and long-term outbreak

dynamics at landscape scale. This study highlighted the potential of deep neural networks as a

core component of future forest disturbance forecasting systems.
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Figure 4: Modified Unet model support pixel-wise mapping of forest height, mean height, fractional
cover, and stem density using high-resolution X-band SAR and optical images. (Source: Gazzea et
al., 2023).

2.1.5.3. Foundation Models for Earth Observation

Traditional forest monitoring has relied on task-specific models focused on species
classification, disturbance detection, or forest height estimation (Fassnacht et al., 2016;
Potapov et al., 2021; Senf & Seidl, 2020). While these approaches simplify label collection and
enable large datasets, they often yield localized results with limited transferability. Common
remote sensing features such as vegetation indices, backscatter polarizations, and InSAR

coherence capture structural information but remain noisy and sensor-dependent.

Recent advances in foundation models (FMs) offer a scalable alternative. These models learn
generalizable representations from massive, multi-sensor Earth observation datasets through
self-supervised pretraining, followed by fine-tuning for specific downstream tasks (Klemmer
et al., 2025). FMs such as Prithvi-EO-2.0 (IBM—NASA) and TESSERA (Hong et al., 2024)
have demonstrated state-of-the-art performance in scene classification and semantic

segmentation (Szwarcman et al., 2025).

A key milestone is Google’s AlphaEarth Foundation (AEF) model (Brown et al., 2025), which

integrates multimodal and temporal information across global scales. AEF combines Sentinel-
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1 SAR, Sentinel-2 optical, GEDI, ERAS, and auxiliary data (e.g., GBIF, geotagged Wikipedia
entries) into a unified spatial grid, learning robust 64-dimensional embeddings at 10 m
resolution (see figure 5). Annual embedding summaries, available from 2017 onward via
Google Earth Engine, encapsulate cross-sensor information without requiring preprocessing
such as cloud masking or feature engineering. In this study, these AEF embeddings are used to

integrate multi-source environmental information into downstream learning tasks.

Global Embedding Field Embedding Axes Embedding Vector

Figure 5: Conceptual diagram of the AlphaEarth Foundation embedding field. (Source: Brown et al.,
2025)

2.1.5. Remote sensing products and techniques for forest disturbance mapping

Large-scale forest disturbance monitoring has advanced rapidly through both global and
regional mapping products. Global Forest Change (Hansen et al., 2013a), Global Forest Watch,
and the GEDI-based Global Ecosystem Dynamics datasets provide annual information on
canopy loss and structure, while the European Forest Disturbance Atlas (Senf et al., 2017; Senf
& Seidl, 2020) offers harmonized disturbance maps across Europe based on Landsat time-
series segmentation. Several countries maintain national operational systems including the
Czech Kiurovcovd mapa for bark-beetle damage (LukeS, 2021), Germany’s
Waldzustandsmonitoring, and Austria’s bark beetle monitoring portals (Low & Koukal, 2020),
each using distinct algorithms, typically threshold-based or spectral-trajectory methods. In
addition, numerous regional studies employ established time-series algorithms such as
Landsat-based Detection of Trends in Disturbance and Recovery (LandTrendr), Breaks For
Additive Season and Trend (BFAST), and Continuous Change Detection and Classification

(CCDC) to identify disturbance hotspots and characterize long-term forest dynamics.

Advanced time-series and multisensor remote sensing methods now underpin most large-scale
forest disturbance analyses. Contemporary frameworks increasingly rely on temporal

segmentation algorithms, particularly LandTrendr, which extracts disturbance and recovery
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trajectories from dense Landsat time series while reducing phenological and atmospheric noise
(Kennedy et al., 2010; Senf & Seidl, 2020). These approaches flexibly capture both abrupt
mortality events and gradual regrowth by modelling changes in spectral indices, especially
those derived from the SWIR domain, such as NBR and Tasseled Cap Wetness, which
consistently emerge as the most sensitive predictors of disturbance magnitude and timing

(Paulino et al., 2024).

In parallel, the field has shifted toward multisensor Earth observation, integrating optical, SAR,
lidar, and UAV data to overcome the spatial, spectral, and temporal constraints of single-sensor
time series (Paulino et al., 2024). Multi-level data fusion (pixel, feature, and decision level) has
improved disturbance detection robustness, while machine learning models, especially
Random Forest and deep CNN architectures, increasingly dominate large-area mapping.
Sentinel-1 and 2 based bark beetle monitoring pipelines further demonstrate the value of high-

resolution, multisensor annual composites for operational early warning (Dalponte et al., 2022).
2.1.5. Forest height mapping in remote sensing

While forest disturbance mapping is increasingly based on multisensor techniques, parallel
advances have transformed how forest structure, particularly vegetation height, is estimated
using remote sensing. Multi-sensor vegetation height mapping has grown rapidly in response
to the limitations of individual sensors in capturing forest structural complexity. Early
integration attempts combined optical and single-polarization SAR predictors through simple
feature concatenation (Liu et al., 2019), yielding only modest improvements. Recent work,
however, shows that advanced fusion strategies incorporating optical, multi-frequency SAR,

and temporal observations substantially increase prediction accuracy.

Furthermore, incorporating spaceborne LiDAR, especially GEDI and ICESat-2, have been
essential in providing direct 3D structural measurements and greatly strengthen satellite-based
height models (Lei et al., 2024; Sothe et al., 2022). Studies repeatedly demonstrate that
combining LiDAR metrics with optical and SAR predictors outperforms any individual sensor,
with correlation coefficients rising from <0.50 for single-sensor approaches to 0.60—0.70 for

fused systems (Wang et al., 2019).

Sensor complementarity is a central driver of improved performance. Optical Sentinel-2 bands
capture canopy vigor and spectral variation, typically achieving correlations around 0.60 on
their own (Torres de Almeida et al., 2022), while SAR backscatter contributes structure- and

moisture-sensitive information independent of cloud cover (Xi et al., 2022). Multi-frequency
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SAR fusion, e.g., C-band Sentinel-1 with L-band ALOS-2, further enhances sensitivity to
canopy and subcanopy elements, yielding R? values up to 0.72 in conifer forests (Xi et al.,
2022). Machine learning approaches, especially Random Forest, Gradient Boosting, and deep
neural networks, consistently outperform linear models in multi-sensor settings (Li et al.,

2020).

Across studies, multi-sensor integration has been seen to reliably reduce RMSE, mitigates
saturation effects in tall canopies, and improves robustness across forest types and terrain (Zhu
etal., 2023). Emerging research now emphasizes uncertainty quantification, showing that fused
models not only achieve higher accuracy but also produce more stable and reliable predictions
than single-sensor counterparts (Liu et al., 2024; Sothe et al., 2022). Deep learning models,
particularly CNNs, effectively capture hierarchical spatial structure and outperform classical
approaches on multisensor datasets, (Liu et al., 2024). U-Net architectures further improve
pixel-level height mapping, with correlations above 0.85 in optimized implementations.
(Gazzea et al., 2023) demonstrates that single high-resolution X-band SAR and optical images
can support pixel-wise mapping of forest height, mean height, fractional cover, and stem
density at 0.5 m spatial resolution. Working in Western Norway across lowland to montane
forests, the study introduces a modified U-Net integrating recent advances in forest-structure
mapping (figure 4), and reports competitive performance compared with current state-of-the-

art models.
2.2. Forest Disturbances in a Changing Climate

2.2.1. Escalation of forest disturbances

Forests cover approximately 41 million km? of the Earth's land surface and play a fundamental
role in the global carbon cycle, regulating climate and supporting biodiversity (Forzieri et al.,
2021). However, the global rise in temperature has been accompanied by an increasing
frequency of droughts and heatwaves. Such climatic shifts profoundly alter forest ecosystems
through complex interactions among temperature, precipitation, and radiation regimes
(Hartmann et al., 2022). While natural disturbances have always been integral to forest
dynamics (Turner et al., 2020), recent climatic changes have amplified both their frequency
and severity. As a result, large-scale bark beetle outbreaks, drought-induced mortality, and
megafires have become increasingly common across multiple regions (Sommerfeld et al.,

2018). Mounting evidence thus indicates that disturbance regimes are undergoing fundamental
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transformations in response to global climate change, with far-reaching implications for

ecosystem stability and function.

Even regions previously considered resilient to climatic extremes now exhibit marked shifts in
forest dynamics. For instance, the severe drought of 2018 in Europe intensified by consecutive
heatwaves triggered unprecedented levels of forest disturbance, particularly across Central and
Eastern Europe (Senf & Seidl, 2021b). These events corresponded closely with anomalies in
soil moisture and vapor pressure deficit, highlighting drought as a principal driver of
widespread forest mortality (Rakovec et al., 2022). Unlike anthropogenic disturbances, such as
logging, natural events including windstorms, droughts, and insect outbreaks are inherently
linked to climatic variability (Seidl, Thom, et al., 2017). Consequently, the recent escalation in
climate-driven disturbances raises increasing concern about the long-term resilience and

adaptive capacity of global forests.

2.2.2. Natural Disturbance Agents and Changing Regimes

Natural forest disturbances arise from biotic agents, such as insects and pathogens, and abiotic
forces, including storms, droughts, and fires (Malmstrom & Raffa, 2000; Senf & Seidl, 2021b).
In Europe, storms, fires, and bark beetles dominate, with their dynamics increasingly shaped
by climate change (Seidl, Vigl, et al., 2017). Warmer, drier conditions intensify fire, drought
stress, and bark beetle outbreaks, while warmer, wetter conditions favor wind and pathogen

disturbances.

Evidence shows that these shifts are already altering disturbance regimes. (Pechony & Shindell,
2010) demonstrated that anthropogenic factors have replaced precipitation as the main driver
of global fire activity, with temperature projected to dominate in the 21st century. Similarly,
insect outbreaks have risen in frequency and severity, contributing to large-scale tree mortality
comparable to fire (Kautz et al., 2017). Drought-induced mortality, particularly among tall
trees, threatens carbon storage and ecosystem functioning (McDowell & Allen, 2015). Long-
term empirical records from Europe confirm this intensification, with total forest disturbance
impacts increasing markedly since 1950 and bark beetle damage doubling its share of total
disturbance in the last two decades (Patacca et al., 2023) Comparative analyses further reveal
that fire, wind, and bark beetle disturbances differ in their effects on ecosystem services and
biodiversity (Thom & Seidl, 2016), and that increasing disturbance interactions can offset

management gains in carbon sequestration (Seidl, 2014).
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Overall, climate change is expected to intensify fire, insect, and pathogen disturbances,
reshaping forest structure, composition, and function worldwide (Seidl, Vigl, et al., 2017).
Among these, bark beetles are a major driver of tree mortality in temperate forests, with
dynamics closely linked to climate and forest structure, underscoring their importance for

anticipating future disturbance patterns.

2.3. Bark Beetle Outbreak dynamics in Central Europe and Czech Republic

Tree-killing bark beetles are important biotic disturbance agents in temperate biomes,
influencing forest structure, composition, and functioning (figure 6). In particular, the spruce
bark beetle (Ips typographus) primarily attacks Norway spruce (Picea abies), a key species for
timber production across Europe (Hlasny, Konig, et al., 2021). Recent decades have seen a
marked increase in disturbances caused by 1. typographus (Bentz et al., 2010), and current
projections indicate that this trend is likely to continue due to rising temperatures and recurrent
droughts. This has raised concerns about timber market stability, environmental impacts, and

associated socio-economic consequences (Hlasny, Konig, et al., 2021).
2.3.1. Climatic Drivers of Bark Beetle Outbreaks

Climate change influences bark beetle outbreaks through two main pathways. First, it directly
affects beetle biology, including the timing of phenology, the number of generations per year,
and off-season mortality (Baier et al., 2007). Second, it alters host tree vulnerability, as drought
and heat stress weaken tree defenses, increasing the likelihood of successful beetle
attacks(Huang et al., 2020). These mechanisms together increase the probability that beetle
populations will exceed epidemic thresholds, resulting in larger and more frequent outbreaks.
Studies project a 60—220% increase in bark beetle outbreaks during the 21st century, depending

on climate and forest conditions (Dobor et al., 2018).
2.3.2. Forest Structure and Bark Beetle Qutbreaks

In Central Europe, Picea abies has been extensively planted outside its natural range to meet
industrial timber demands (Spiecker, 2000). Combined with widespread clear-cutting and long-
term management practices favoring monocultures, these interventions have created
homogeneous forests with limited resilience to disturbances (Hanewinkel et al., 2008). Recent
syntheses show that these structurally simplified spruce forests have experienced

unprecedented bark beetle outbreaks, strongly amplified by warming temperatures and
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recurrent drought, pushing disturbance regimes beyond historical variability (Hlasny et al.,
2025). Consequently, the interaction between recent climate trends and historical management

practices has amplified bark beetle outbreaks in Europe.

Despite the negative consequences for timber production and forest ecosystems, bark beetle
disturbances can also have positive ecological effects. They contribute to heterogeneity in
forest structure, support biodiversity, and may create complex forest mosaics that enhance
ecosystem functioning (Beudert et al., 2015; Donato et al., 2012). In unmanaged and
conservation-oriented forests, such disturbances are increasingly recognized as key drivers of
structural complexity and biodiversity, rather than purely pathological (Hlasny et al., 2025).
Moreover, landscape diversity resulting from bark beetle disturbances can dampen the
continuation of large-scale outbreaks, as heterogeneous forests are less prone to epidemic
spread (Sommerfeld et al., 2018). However, whether bark beetle impacts are viewed as
beneficial or detrimental largely depends on the societal values assigned to forest resources

(Hlasny, Zimova, et al., 2021).

2.3. Post-Disturbance Forest Recovery

After a bark beetle outbreak, a significant change in forest ecosystems is expected as the
prevailing ecosystem structure and composition is disrupted, this releases resources and breaks
the original cycle of the pre-disturbance systems (Seidl et al., 2024). The reorganization phase,
which is the time immediately following a disturbance is considered important for the
development of the forest in the future, this because there is great potential for fundamental
change during this window (Seidl et al., 2024; Seidl & Turner, 2022). The trees that are
successful in getting established at this point are often able to determine the structure and
species composition of the forest in the following decades or even centuries (Seidl et al., 2024;
Seidl & Turner, 2022). The sudden increase in tree mortality experienced in Central Europe
between the period 2018 and 2020, reached unprecedented levels not seen in at least 170 years.
Followoing such an outbreak, it is essential to study the reorganizationto gain an immediate
indication of potential long-term trajectories of forests under climate change (Seidl et al., 2024;

Seidl & Turner, 2022).
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Figure 6: Post-disturbance forest landscape in central Czech Republic following drought-driven bark
beetle infestation and subsequent salvage logging. The site is characterized by extensive canopy
removal, exposed stumps, and early-stage natural regeneration, illustrating the pronounced structural
simplification and heterogeneity typical of bark-beetle-affected spruce stands.

2.3.1. Ecosystem resilience and the importance of the recovery phase

After a disturbance, the release of resources such as light, nutrients, and space occurs. This
stage is critical because it determines whether the ecosystem will renew itself demonstrating

resilience or shift toward an altered developmental trajectory, indicating forest change.

Post-disturbance forest trajectories can range from full resilience to fundamental ecological
regime shifts. Under a resilient trajectory, structural and compositional attributes return to pre-
disturbance conditions, whereas regime shifts occur when disturbances push the system into an
alternative state, such as conversion from forest to non-forest vegetation. However, Seidl,
(2014) argue that this binary view obscures intermediate but ecologically important forms of
reorganization. They propose four pathways capturing the continuum of post-disturbance
change: resilience (structure and composition remain unchanged), restructuring (structural
change without compositional turnover), reassembly (compositional change with structural
continuity), and replacement (changes in both structure and composition). Applying this
framework to post-2018 drought and bark beetle impacts in Central Europe, Seidl, (2014) found
that only 36.3% of forest patches followed a resilient trajectory, while 63.7% showed early
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forms of reorganization. Replacement was the most prevalent pathway (43.1%), followed by
reassembly (33.4%), indicating that structural and compositional transformations are already

reshaping large areas of Central Europe’s forests.

2.3.2. Regeneration pathways

The prominent role of advanced regeneration trees that established prior to canopy disturbance
has been increasingly recognized in post-disturbance forest recovery across Central Europe
(Bace et al., 2015; Petrovska et al., 2023). Advanced regeneration serves as a crucial biological
legacy, carrying forward the structural and spatial patterns of pre-disturbance stands into the
succeeding generation (Bace et al., 2015). This legacy effect ensures continuity in forest
structure and composition, thereby supporting resilience and aiding ecosystem recovery after
major disturbance events (Seidl & Senf, 2024). The persistence of pre-disturbance spatial
patterns strongly influences the organization of regenerating stands, contributing to the

maintenance of structural complexity in early-seral forests (Bace et al., 2015).

Empirical studies have demonstrated that pre-disturbance spatial legacies play a decisive role
in shaping post-disturbance forest structure, particularly in montane spruce forests (Bace et al.,
2015; Seidl et al., 2024; Senf et al., 2019). For instance, surviving Norway spruce (Picea abies)
and rowan (Sorbus aucuparia) individuals were frequently found clustered around the locations
of former canopy trees, snags, and stumps indicating a strong overstory understory
neighborhood effect (Wild et al., 2014). This spatial relationship is often mediated by
microenvironmental factors such as the availability of suitable deadwood microsites and
reduced competition from understory vegetation beneath residual canopy cover (Zywiec &
Ledwon, 2008). Together, these findings underscore the pivotal role of advanced regeneration
and spatial legacies in determining the trajectory and structural complexity of post-disturbance

forest development.
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3. Study Area and Workflow of Methodology

3.1. Study Areas

The first study in the thesis examines all forested area in the Czech Republic (figure 7) (2.67
million ha; 34.1% forest cover). Norway spruce dominates (48.8%), followed by Scots pine
(16.1%) and broadleaf species such as beech (9%) and oaks (7.5%). The current forest structure
reflects two centuries of intensive spruce planting in ecologically unsuitable sites, resulting in
homogenized stands with long rotation periods (>100 years) and increased vulnerability to
disturbance. Historically, windthrows were the main initiators of Ips typographus outbreaks.
After 2017, this regime shifted dramatically as severe multi-year drought, rather than wind,

triggered an unprecedented, country-wide bark beetle outbreak.

The height-structure and recovery analyses focus on the most severely affected region (Figure
7). This region was defined as the most affected hotspot during the national-scale disturbance
assessment. The hotspot spans ~9,000 km? 210-837 m a.s.l., with mean annual temperatures
of 7.6-9.3 °C and annual precipitation of 670-887 mm (2000-2022). Forest cover is ~35%,
dominated by Norway spruce (~70%) due to long-standing plantation forestry. These structural

and climatic conditions, combined with recent drought, drove the extreme post-2018 mortality.
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Figure 7: Study area representing major spruce mortality hotspots in Czechia (2016—2022). The map
shows forest cover and the distribution of Norway spruce stands in 2015, prior to the outbreak.
Locations of the 2023-2024 UAYV acquisitions used as reference data for assessing post-disturbance
landscape structure for height structure and recovery mapping are also shown. The inset indicates the
study area’s position within Czechia and Europe (Source: Washaya et al., 2025).
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The fourth study (drought simulation) was conducted in a 40,928 ha landscape in the Czech
Republic (figure 8), of which 45% (18,500 ha) is forested. Elevation ranges from 240 to 540 m
a.s.l., with mean annual temperatures of 7.8-9.2 °C and precipitation of 604-683 mm (1961—
2018). The forests are intensively managed, dominated by Norway spruce (57.7%) growing
largely outside its ecological optimum. Other common species include Scots pine (10.7%),
European beech (7.6%), and oaks (8.8%). Management follows a shelterwood system with

~120-year rotations.

Following prolonged drought, the area experienced a severe Ips typographus outbreak after
2018, which destroyed 40.6% of the spruce growing stock by 2021—its most extreme
disturbance on record. These dynamics mirror the broader national-scale outbreak patterns

described in the disturbance mapping study.
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Figure 8: The position of the study landscape in Europe (a white square), forest cover of the
landscape and the extent of bark beetle disturbance between 2018 and 2021 identified based on
classification of satellite data. (Das et al., 2025)
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3.2. Data Sources

3.2.1. Satellite Data for Disturbance, Recovery, and Height Mapping

All studies associated with this thesis, disturbance mapping, height structure mapping, recovery
classification, and climate-disturbance simulation calibration, relied on multi-source remote
sensing imagery. Across analyses, optical and SAR data were used to detect canopy
disturbance, characterize vegetation height and recovery structure, and generate consistent

annual time series.

Landsat 5 and Landsat 8 OLI imagery (2000-2022) formed the backbone of long-term
disturbance mapping. Annual Landsat composites were used to derive NDVI, NBR, and
NDWI, capturing canopy greenness, disturbance severity, and moisture stress. Sentinel-2
imagery (10 m) provided higher-resolution optical data for recovery and height mapping,
supplying detailed spectral information during the post-disturbance period and we derived

similar indices calculated with Landsat plus B3, B5, B11, B12, TCB, TCW).

Sentinel-1 VV, VH backscatter and sum variables were used for disturbance, recovery mapping
and height due to their sensitivity to canopy structure, moisture, and debris removal, and for

their ability to provide cloud-independent observations during peak disturbance years.

3.2.2. Reference Data for Disturbance, Recovery, and Height Mapping

Reference datasets from airborne and UAV platforms were used to train and validate the models
for disturbance detection, post-disturbance recovery classification, and forest height
estimation. The simulation analysis relied solely on the disturbance maps produced using the

disturbance-mapping methodology and therefore required no additional reference data.
Airborne data for disturbance mapping.

High-resolution (25 cm) RGB stereo imagery from the national forest-change monitoring
program provided reference data for canopy-loss detection. Photogrammetric nDSMs were
differenced between annual survey campaigns to identify areas affected by disturbance. Data
from 2019-2020—years dominated by salvage logging—were used, yielding ~235,000
polygons (76,000 ha) representing canopy loss primarily associated with bark beetle mortality.

UAV imagery for recovery and height mapping.

UAV surveys conducted in 2023-2024 provided very high-resolution RGB orthophotos (2-2.5

cm) across 40 representative sites in the main outbreak zone. These flights captured the full
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gradient of post-disturbance conditions, from bare soil to dense regrowth, and supported both
recovery and height reference datasets. For recovery classification, three vegetation states were
manually delineated from the orthophotos: near-bare soil (<0.2 m), transient regrowth (<2 m),
and established regrowth (2—6 m), resulting in 600 polygons covering 123 ha. For height
modelling, photogrammetric canopy height models (CHMs) were derived from the UAV
imagery and resampled to 10 m resolution to align with satellite predictors, yielding 47,103

canopy height samples ranging from 0 to 40.82 m (figure 9).

Established Regrowth o

Figure 9: Representative examples of the three post-disturbance recovery classes derived from the
UAV imagery across the study region: a) near-bare soil, b) transient class, and c) established regrowth.
The transient class and established regrowth examples illustrate various vegetation structures resulting
from replanting (characterized by regular tree spacing), from natural regeneration, or mixed
approaches combining both pathways. Histograms represent the distribution of pixel-level vegetation
heights (m), derived from Canopy Height Models from Drone imagery (Source: Washaya et al.,
2025).

3.3. Data Pre-processing

Pre-processing procedures were standardized through the studies in this thesis to ensure

consistency in disturbance mapping, height estimation, and recovery classification.

Landsat Collection 2 Surface Reflectance (SR) and Sentinel-2 Level-2A Surface Reflectance
products were used. Clouds, cirrus, and shadows were masked using the respective QA bands,
and annual cloud-free composites were generated for May—September. Spectral indices (NDVI,
NBR, NDWI) were computed from these composites for all analyses. Sentinel-1 imagery

underwent standard radiometric calibration, thermal noise removal, and terrain correction.
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Annual VV and VH backscatter composites were produced from both ascending and

descending orbits to capture structural changes across different viewing geometries.

For detecting canopy loss during peak outbreak years, interannual differences in optical and
SAR predictors (ANDVI, dNBR, dNDWI, dVV, dVH) were computed by subtracting 2018
values from 2020 composites. These difference layers served as inputs to the disturbance
model. Because reference data contained only disturbed samples, non-disturbed forest pixels
were randomly sampled from areas outside mapped disturbance zones using the 2018 forest
mask.

For recovery and height analyses, raw annual variables (rather than interannual differences)
were used to better represent vegetation structure, height gradients, and temporal progression
following disturbance. UAV-derived canopy height models were resampled to 10 m to align

with satellite predictors.

3.4. Machine Learning and Deep Learning for Disturbance, Height, and Recovery

Mapping
3.4.1. Random Forest (RF)

Machine learning methods were used for mapping Norway spruce distribution, post-
disturbance recovery states, and vegetation height structure. Across all applications, Random
Forest (RF) was chosen for its robustness to noisy predictors, limited training samples, and

nonlinear relationships common in heterogeneous post-disturbance environments.

3.4.1.1. Spruce distribution and initial forest structure

RF classification was used to map the spatial distribution of Norway spruce for the reference
year (2015) using optical indices (NDVI, NDWI). Training data were derived from airborne
nDSM differencing, capturing mature spruce stands significantly affected during the outbreak.
To reduce misclassification with visually similar conifers, polygons for Scots pine and
Colorado blue spruce were manually digitized from high-resolution imagery. Additional
broadleaf samples were taken from CORINE land cover. Stratified sampling generated 250,000

training and validation samples.

3.4.1.2. Post-disturbance recovery mapping

RF was used to classify three recovery states—near-bare soil, transient regrowth, and
established regrowth—using non-differenced Sentinel-1 and Sentinel-2 predictors (NDVI,

NBR, NDWI, VV, VH). Class imbalance was addressed by oversampling under-represented
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classes and subsampling dominant ones. Data were split into training, validation, and testing
subsets (70/15/15%). The trained model produced annual recovery maps capturing vegetation

regrowth trajectories within the cumulative disturbance footprint.

3.4.1.3. Vegetation height structure modelling

RF regression was applied to estimate forest height using (i) selected optical/SAR predictors
and (ii) AlphaEarth Foundations (AEF) embeddings. Samples were generated at 10 m
resolution using UAV-derived canopy height models as reference data (47,860 samples).
Stratified sampling ensured balanced height distributions. The RF model (100 trees) was
implemented in scikit-learn and provided stable height estimates across a wide range of post-

disturbance conditions.3.4.2. Convolutional Neural Networks (CNN)

Deep learning methods using U-Net architectures were employed to map forest disturbance
and model vegetation height, leveraging their ability to capture spatial dependencies and

multiscale patterns in optical and SAR imagery.

3.4.2.1. Disturbance mapping.

A U-Net convolutional neural network was used to classify disturbed and undisturbed forest
pixels. Model inputs consisted of 256x256 patches of interannual difference layers (ANDVI,
dNBR, dNDWI, dVV, dVH). The dataset was split into 70% training, 15% validation, and 15%
testing. Encoder blocks used two 3x3 convolutions with ReLU activation followed by max
pooling; decoder blocks mirrored this with bilinear upsampling and skip connections to recover
spatial detail. A sigmoid-activated 1x1 output layer produced binary disturbance masks. This
approach captured fine-scale disturbance patterns that are difficult to model using pixel-based

machine learning methods.

3.4.2.2. Vegetation height estimation with U-Net.

For height mapping, a modified U-Net was implemented as a regression model. The
architecture followed a standard contracting—expanding path, enabling extraction of both
global and local features. Input channels varied depending on the predictor set: the traditional
model used nine optical and SAR variables, while the AEF-based version used 64-channel
feature embeddings. A softplus activation with a 0.1 m offset was applied in the output layer to
ensure physically meaningful, non-negative height predictions. This model effectively captured

the spatial heterogeneity of post-disturbance forest structure.
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3.4.3. Accuracy metrics

Model performance was evaluated using a combination of classification and regression metrics
to assess both disturbance detection and continuous forest structural predictions. Table 1
summarizes the evaluation metrics used, including measures of classification accuracy, error
magnitude, and explained variance, providing a comprehensive assessment of model

performance across tasks.

Table 1: Description of metrics used for the assessment of disturbance and spruce distribution
classification

Metric Equation Description

Precision TP/ (TP + FP) Accuracy of true positives calculated as
the proportion of true positive and all
positive predictions

Recall TP/ (TP + FN) Accuracy of true positives calculated as
the proportion of all correct predictions
(TP and FN together)

F1-Score 2 x (Precision x Recall) / Harmonic mean of the precision and

(Precision + Recall) recall

Overall (TP+TN)/(TP+ TN + FP + | The proportion of correct predictions

Accuracy FN) reached across the entire dataset

RMSE V[2(yi — §i)? /1] Root mean square error; measures the

magnitude of prediction errors, with
higher weight on larger errors

MAE Zlyi— i /n Mean absolute error; measures the
average magnitude of prediction errors
regardless of direction.

1 — (SSres / SStot) Coefficient of determination; measures
the proportion of variance in observed
values explained by the model (0-1)

For vegetation height modelling, accuracy was quantified using 10-fold cross-validation, with
model performance reported using root mean square error (RMSE), mean absolute error
(MAE), and the coefficient of determination (R?) between predicted and UAV-derived canopy
heights. These metrics captured both absolute error and the strength of correspondence between

predicted and observed height structure.
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3.5. Analyses

3.5.1. Spatial and Temporal Disturbance Dynamics

To assess the spatial-temporal progression of bark beetle disturbances, annual disturbance
maps were analyzed using a hexagonal grid covering the Czech Republic (500 m cell diameter,
matching the typical mass-dispersal distance of Ips typographus). For each year, newly affected
hexagons were classified into three categories: (i) emergence of new mortality clusters (no
prior or adjacent disturbance), (ii) short-range spread (new disturbance within previously
affected hexagons), and (iii) medium-range spread (disturbance in hexagons adjacent to those
affected in the previous year). This classification distinguished local outbreak expansion from
the appearance of new initiation zones. Temporal changes in spatial aggregation were evaluated
using Ripley’s G statistic, enabling detection of shifts in clustering intensity throughout the

outbreak period.

3.5.2. Landscape-Scale Transformation

To assess the country-wide impact of the bark beetle outbreak, we applied a hexagonal grid
with a 7 km cell size across the entire Czech Republic. The chosen cell size was determined
based on an incremental spatial autocorrelation analysis of disturbance patch sizes, ensuring

that the spatial scale captured meaningful clustering patterns of forest damage.

Within each hexagon, we evaluated the annual reduction of both total forest area and Norway
spruce area, allowing us to identify temporal shifts in the distribution and intensity of forest
damage. Subsequently, we quantified the cumulative disturbance impact for the period 2016—
2022 by calculating, for each hexagon, the proportion of affected spruce area relative to the

total spruce area.

Large-scale disturbance impacts were quantified using a 7 km hexagonal grid, selected based
on incremental spatial autocorrelation of disturbance patch sizes to capture biologically
meaningful clustering patterns. Within each hexagon, annual losses of total forest area and
Norway spruce area were computed, followed by cumulative disturbance proportions for 2016—
2022. Spatial hotspots of high disturbance intensity were identified using the Getis-Ord Gi*
statistic, which evaluates whether local concentrations of disturbed area significantly exceed
national-level expectations. Hotspot mapping served two purposes: (i) quantifying landscape
transformation across the country and (ii) identifying the main outbreak zone used for

subsequent recovery and height-structure analyses.
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3.5.3. Forest Recovery Dynamics Analysis

Recovery trajectories were evaluated by analysing annual transitions among the three post-
disturbance classes across the main outbreak zone between 2018 and 2024. Pixel-level
transitions were examined under two definitions of recovery: (i) progression from bare soil to
any vegetated state (transient or established regrowth), capturing early structural regeneration,
and (i1) a stricter definition tracking transitions from bare soil to established regrowth (>2 m
vegetation height), which excludes short-lived ruderal vegetation and better reflects long-term
forest recovery. Reverse transitions were also quantified to identify regeneration failures and

spatial instability.

To model recovery timing, a survival-analysis framework was applied. For each pixel, the
number of years since initial disturbance and the occurrence (or absence) of recovery were
recorded. Pixels that had not recovered by 2024 were treated as right-censored, ensuring that
incomplete trajectories were retained without biasing recovery estimates. To minimize
censoring effects from very recent disturbances, the analysis was restricted to pixels first

disturbed between 2018 and 2021, ensuring at least three years of observation.

Recovery probability was then estimated using the Kaplan—Meier estimator, adapted to treat
recovery, not mortality, as the event of interest. This non-parametric method provided
cumulative recovery curves describing how quickly disturbed areas transitioned to vegetated

states over time, while accounting for both observed and censored recovery pathways.

3.5.4. Patch-Level Recovery Structure

To characterize spatial structure during the recovery process, annual patch metrics were
computed for all recovery classes using 8-neighbor connectivity. For each year, largest patch
size and median patch size were calculated to quantify the persistence of bare-soil patches and
the consolidation of regenerating vegetation. These metrics allowed assessment of structural

homogenization versus diversification in post-disturbance landscapes.

3.6. Software Platforms and Packages
All pre-processing, processing, and analyses were conducted using Google Earth Engine

(GEE), Python, and ArcGIS Pro.

Data pre-processing was performed primarily in GEE, where optical and SAR products were
accessed, masked, composited, and resampled. GEE’s Python API provided compatibility with
local Python workflows and enabled the use of additional libraries. Within the Python
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environment, NumPy supported numerical operations, scikit-learn was used for machine
learning (Random Forest), TensorFlow for training CNN models, and Matplotlib for plotting.
Pandas facilitated tabular data handling, rasterio supported raster /O and manipulation,
seaborn enabled statistical visualization, and the lifelines package was used for survival

analysis of recovery trajectories.

ArcGIS Pro was used for spatial statistics, map production, and visualization of disturbance,

recovery, and structural patterns.
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4. Results

4.1. Disturbance mapping and bark beetle dynamics

Washaya, P., Modlinger, R., TySer, D., & Hlasny, T. (2024). Patterns and impacts of an
unprecedented outbreak of bark beetles in Central Europe: A glimpse into the future? Forest

Ecosystems, 11, 100243. https://doi.org/10.1016/j.fecs.2024.100243
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Natural disturbances have significantly intensified across European forests, with bark beetle outbreaks being the
most rapidly escalating disturbance type. Since 2018, the Czech Republic (Central Europe) has become a Europe's
disturbance epicentre due to the unprecedented outbreak of spruce bark beetle Ips typographus in the forests
dominated by Norway spruce Picea abies. Here we provide novel insights into the impacts and dynamics of this
disturbance from 2016 to 2022. The investigation is based on annual forest change maps developed by the
classification of optical and Synthetic Aperture Radar satellite imagery. We identified seven major outbreak foci
across the country, where the outbreaks culminated between 2018 and 2021. Most of the outbreak waves
exhibited a symmetric shape, characterized by a three-year build-up phase, a single culmination year, and the
subsequent decline. The substantial proportion of spruce remaining in the outbreak areas after the culmination
point implies that resource depletion is an improbable cause for the outbreak's retreat. In the year of retreat, the
proportion of spruce in the forest ranged between 26% and 36% in most of the outbreak areas. The disturbance
dynamics manifested a transition from the emergence of new tree mortality spots in the early outbreak phase to
their short-range expansion, suggesting density-dependent changes in bark beetle dispersal during the studied
period. The core disturbance zone, pinpointed in 2022, covered an area of 9,000 km? and experienced a 38% loss
in forest cover. Within this area, forest fragmentation increased significantly, leading to a greater forest patch
complexity and reduced connectivity among the patches. The presented findings can serve as a glimpse into the
future for other European regions, revealing the potential impacts of natural disturbances amplified by climate
change.

1. Introduction

Natural disturbances are an important driver of ecosystem dynamics
globally, with profound effects on forest demography, ecosystem func-
tioning, and the provision of ecosystem services (Johnstone et al., 2016;
Sommerfeld et al., 2018). Climate change amplifies most of the distur-
bances and modifies their interactions, which can result in regime shifts
with hardly predictable societal and environmental consequences (Seidl
et al.,, 2017; Turner and Seidl, 2023; Weed et al., 2013). In Europe,
disturbance dynamics have significantly intensified during the last two
decades (Patacca et al., 2023), with the major shift occurring after the
series of hot and dry years that peaked in 2018 (Buras et al., 2020; Senf
and Seidl, 2021a). This forest mortality wave was spatially aligned with
soil moisture and vapor pressure deficit anomalies, implying an
increasing role of drought in driving the disturbance dynamics (Senf
et al., 2021; Senf and Seidl, 2021b). Strong drought legacy effects were

* Corresponding author.
E-mail address: hlasny@fld.czu.cz (T. Hlasny).

https://doi.org/10.1016/j.fecs.2024.100243

detected in the following years, suggesting that the recovery processes
were impaired and trees were prone to impacts from pests and pathogens
(Schuldt et al., 2020).

Forest disturbances caused by insect pests and pathogens, intensified
by high temperatures and extended droughts, are becoming increasingly
significant (Huang et al., 2019; Netherer et al., 2019; Rouault et al.,
2006). The processes involved are the compromised tree defence due to
the aggravating climatic stress (Netherer et al., 2019), accelerated
development of many insect pests, shortened generation time, increased
fecundity and survival, and range expansion (Jactel et al., 2019). These
effects have been particularly evident in spruce bark beetle Ips typogra-
phus (L.), which is the most significant outbreak species in Europe.
I typographus attacks Norway spruce Picea abies (L.) H. Karst. as its pri-
mary host (Biedermann et al., 2019) (Fig. 1), which constitutes ca 25% of
the total forest growing stock in Europe (Hlasny et al., 2021a). In the past,
outbreaks have been particularly severe in spruce forests planted outside
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Fig. 1. Individual beetles (a) and breeding galleries of spruce bark beetle Ips typographus (b) created in spruce xylem and interrupting the transport of nutrients in a
tree, leading to tree death; a single-tree mortality pattern that is typical of the endemic population phase (c); and a post-outbreak forest landscape treated by an
extensive removal of dead trees in the central Czech Republic in 2023. Surviving host and non-host trees, and different phases of forest regeneration can be seen (d).

their natural distribution in Fennoscandia, the Baltic countries and Eu-
ropean mountain ranges (DeVries et al., 2015; Spiecker et al., 2004).
However, recently, there has been an increased outbreak intensity also in
high latitudes, such as Sweden (Karvemo et al., 2023), and in moun-
tainous environments like the European Alps (Hallas et al., 2024).

Norway spruce poses efficient defences against bark beetles that
include anatomical and chemical adaptations which are preformed or
induced by the attack (Krokene, 2015). However, spruce, as an isohydric
species, does not tolerate water potential dropping below a certain level
and prevents water loss by closing its stomata (Netherer et al., 2021).
This compromises the supply of non-structural carbohydrates, which play
a central role in spruce defence to bark beetles (Hartmann et al., 2018;
Huang et al., 2020). Intensifying climate change and spruce planting in
suboptimal conditions are thus increasing spruce susceptibility to bark
beetle attacks (Marini et al., 2017). Several thermal and
photoperiod-regulated traits allow for the adjustment of I typographus
lifecycle across its distributional range, including overwintering mor-
tality, spring swarming, generation timing, and voltinism (Baier et al.,
2007; Bentz et al., 2019; Netherer and Hammerbacher, 2022). These
traits make climate change a strong amplifier of bark beetle epidemics.
The main underpinning effects include an increase in the annual number
of generations, extended flight period, outbreak expansion to the previ-
ously thermally limited environments, and climatically-induced outbreak
synchrony over large areas (Bentz et al., 2019; Hlasny et al., 2021a;
Huang et al., 2020). The outbreaks of I typographus are driven by
cross-scale interactions that mainly include local host abundance and
susceptibility, favourable weather, escape from natural enemies, and
landscape-scale host distribution and connectivity (Raffa et al., 2008;
Wermelinger, 2004). While the initial population build-up is typically
associated with the increased abundance of windfelled or stressed trees,
the ability to mass-attack trees is a key adaptation that enables the spe-
cies to kill healthy trees once its populations have risen and sustain
outbreaks in relatively healthy stands even after the inciting stress is
relaxed (Hlasny et al., 2021a; Raffa et al., 2008). Outbreaks typically lose
momentum after several years due to the depletion of local resources
(Fig. 1d), unfavorable weather, intraspecific competition, the
density-dependent build-up of natural enemies, defence priming,
changes in symbiont communities, and different interactions of these
factors (Biedermann et al., 2019; Wegensteiner et al., 2015). However,
the mechanisms of epidemic downregulation and the possible alteration
of these processes by climate change remain insufficiently understood
(Biedermann et al., 2019).

Recent drought-driven outbreaks of I. typographus in Europe have
differed from historical, mostly wind-driven dynamics, where drought
predominantly acted as a modulating factor (Marini et al., 2017). A
specific feature of these outbreaks was their large-scale spatial-temporal

synchrony, which arose due to the effect of extreme weather conditions
that affected large geographical areas (Senf and Seidl, 2018). The most
distinct manifestation of these dynamics was the outbreak of I. typogra-
phus in the Czech Republic in 2017-2023 (Central Europe) that affected
ca. 100 mil. m® of timber during the seven years of its duration (Hldsny
et al., 2021b; Czech Forest Protection Service, internal data). The initi-
ated cascade of impacts had severe social and economic implications,
including timber price fluctuation due to the large amounts of harvested
wood affected by bark beetles (Asada et al., 2023), which required active
state intervention to stabilize the national forestry economy.

In this study, we investigated the patterns and impacts of this
extensive outbreak across the country in 2016-2022. The addressed
period encompassed the entire outbreak cycle, spanning from the
initially scattered mortality pattern to the devastating culmination phase
and the subsequent decline. By examining the full outbreak cycle at the
scale of the country, we sought to gain insights into the ultimate impacts
of such a natural disturbance amplified by climate change. First, we
aimed to disentangle the overall disturbance dynamics and interpret its
partial processes from the perspective of I. typographus ecology and
population dynamics. Second, we sought to evaluate the overall degree of
landscape transformation resulting from the outbreak. Given the extent
of the affected area and the landscape-scale focus of the investigation, we
employed spatial analyses of forest change maps produced by the clas-
sification of remote sensing data, which have been increasingly used in
ecosystem disturbance research (Senf et al., 2017a, 2017b).

Acquiring this knowledge is crucial, as most of our current under-
standing of bark beetle dynamics and impacts originates from the out-
breaks that occurred in a cooler past climate and were primarily
associated with windthrows (Havasova et al., 2017; Mezei et al., 2017;
Potterf et al., 2019). The dynamics of drought-driven outbreaks occurring
in low-to-medium elevations, without the initial surplus of windfelled
trees, can manifest different dynamics, mainly accounting for the
different initial distribution of susceptible trees and stands (Karvemo
et al., 2023). Moreover, outbreak impacts on a uniform forest environ-
ment, such as that of planted spruce forests in Central Europe, may have
long-lasting implications for the provision of ecosystem services and the
post-disturbance recovery.

2. Materials and methods
2.1. Czech Republic as a study area

Forests of the Czech Republic cover 2.67 mil. ha, representing 34.1%
of the land area. Norway spruce represents 48.8% of tree species

composition, followed by Scots pine Pinus sylvestris L. — 16.1%. Broadleaf
trees constitute 28.2% of the species composition, with the dominance of
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the European beech Fagus sylvatica L. — 9% and oaks Quercus spp. — 7.5%
(Ministry of the Environment of the Czech Republic, 2022). The Norway
spruce mostly occurs in suboptimal conditions due to its widespread
planting over the past two centuries. The historical focus of management
on “simplicity and efficiency” (Messier et al., 2019) resulted in a ho-
mogenized forest structure that is particularly prone to bark beetle in-
festations and their uncontrolled spread. Additionally, the forest rotation
period often exceeds 100 years, which further increases the forest's
vulnerability to natural disturbances (Zimova et al., 2020).

The historical disturbance dynamics were dominated by windthrows
that typically triggered local bark beetle epidemics. These cumulatively
accounted for 29% of total harvests in 1982-2016. The disturbance
regime has dramatically changed after 2017, with bark beetles becoming
the dominant agent (Fig. 2). Contrary to the previous period, the
outbreak was triggered by drought rather than wind and its pattern was
spatially aligned with significantly low values of the standardized
precipitation-evapotranspiration index (Hlasny et al., 2021b; Appendix
A). While the majority of damage was caused by L. typographus, a certain
proportion was attributed to the associated species such as Pityogenes
chalcographus (L.), Ips amitinus (Eichh.) and Ips duplicatus (Sahl.). Notably,
I duplicatus contributed to the total bark beetle damage in 2015 by as
much as 27% due to its regional outbreak in Silesia. By 2021, this damage
decreased to 3%. The contribution of the remaining species was
negligible.

2.2. Spruce distribution and disturbance mapping

The forest cover mask, which spatially constrained both disturbance
and spruce distribution mapping, was based on the forest categories
“broadleaved”, “coniferous”, and “mixed” of the seamless landcover
classification of Europe Corine Landcover (European Environment
Agency, 2020). This dataset demonstrated a high degree of accuracy
when compared with national forest inventory data (Trombik and
Hlasny, 2013).

The disturbance mapping was based on a supervised classification of
the Landsat 8 OLI optical imagery and the Synthetic Aperture Radar
(SAR) Sentinel-1 C-band data with the VH polarization. The optical data
included the Surface Reflectance products corrected for the Top-of-the-
Atmosphere effects. Clouded areas were masked and excluded from the
analysis. The SAR data processing involved radiometric calibration,
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converting the raw data into the backscatter values, and speckle filtering.
A geometric correction was applied to address spatial distortions
inherent in radar images and ensure that SAR and optical data are
spatially aligned. A terrain correction was applied to remove topographic
effects. The optical variables used for disturbance mapping included the
normalized difference vegetation index (NDVI), normalized burn ratio
(NBR), and the normalized difference water index (NDWI). Optical and
SAR imagery was taken from multiple dates between May 1 and July 15
each year, with less than 10 percent cloud cover in the optical data.

The training data, which provided an accurate description of distur-
bance occurrence, were based on the national airborne-based forest
change mapping (Source: Forest Management Institute, Czech Republic).
These data are collected annually for half of the country and consist of
RGB stereo images with a resolution of 25 cm. Photogrammetric analysis
of these images was used to create the normalized digital surface models
(nDSM). Changes in forest cover, indicative of harvests and disturbances,
are identified by comparing the nDSMs between consecutive mapping
campaigns. Disturbance detection was thus based on changes in tree
height. For our study, we aggregated data from the years 2017, 2018, and
2019, which were unaffected by planned harvesting, as it was prohibited
during this period across most of the country.

A convolutional neural network (CNN) model was used to map the
disturbed areas on an annual basis. The input layer of the model receives
four channels representing the differences in three vegetation indices and
SAR backscatter between 2016 and 2019. A stratified sampling approach
was employed to generate 655,000 training data, which were randomly
split into training, validation, and testing sets in the proportions
70:15:15. The CNN included several convolutional layers, followed by
the batch normalization (loffe and Szegedy, 2015). The activation
function in these layers was the Rectified Linear Unit (Agarap, 2018) The
output layer uses a sigmoid activation function to generate values that
indicate the presence or absence of the disturbance. To avoid model
overfitting, the model was trained using a binary cross-entropy loss
function, augmented with an L2 regularization term (4 = 0.001). Addi-
tionally, hyperparameter optimization was conducted to refine the
model's settings and improve its performance.

That the planned harvesting was significantly reduced between 2018
and 2021 makes the attribution of the identified forest changes to the
disturbance reliable. However, the effect of planned harvests and
disturbance became intertwined outside this period. To further mitigate
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the possible misattribution, the disturbance mapping was constrained by
the spruce area, where most of the disturbance occurred across the entire
study period.

The classification of Norway spruce distribution was conducted for
the reference year 2015. The classification was based on the random
forest classifier and used optical imagery only (NDVI, NDWI). The
training data were represented by polygons obtained through the nDSM
differencing from the period 2018-2020 (which marks the outbreak
culmination phase), which involved almost exclusively mature Norway
spruce stands. Due to a certain spectral mismatch of spruce with other
conifers, we manually created training polygons for Colorado blue spruce
Picea pungens Engelm. and Scots pine P. sylvestris, which locally prevailed
in species composition. The species were visually identified by using a
very high-resolution Google Earth imagery and digitized on-screen. The
training data for the broadleaved species were defined based on the
Corine Landcover category ‘“broadleaved” (European Environment
Agency, 2020). A stratified sampling was applied to generate 250,000
training data that were split into training and validation sets in the
proportion 80:20. Although the training data included mature spruce
stands only, the final classification may also include younger age classes
which are not attractive for bark beetles.

The accuracy of all classifications was assessed based on four metrics
including the overall accuracy, precision, recall, and the Fi-score (see
Appendix B; Table B1 for more detailed description). The SAR data were
processed using the Python SNAPPY, which is based on the SNAP API
(European Space Agency, 2015). The analysis of optical data and clas-
sifications was conducted using the Google Earth Engine (Gorelick et al.,
2017).

2.3. Assessing spatial-temporal outbreak dynamics

The spatio-temporal dynamics of bark beetle infestations and the
associated tree mortality were investigated using a hexagonal design
covering the entire Czech Republic. Each individual hexagon had a
diameter of 500 m, corresponding to the estimated distance of mass
dispersal of I typographus (Kautz et al., 2011; Ripley, 1981; Wermelinger,
2004; Wichmann and Ravn, 2001). This design was used to pool the
overall spruce mortality in the studied period as follows.

i. Emergence of new mortality spots: These are disturbance occur-
rences within the hexagons that had not previously experienced
any damage and do not neighbour any hexagons that experienced
damage in the previous year.

ii. Mortality spots resulting from the short-range bark beetle
dispersal: this includes mortality patches appearing within hexa-
gons where damage was recorded in the preceding year.

iii. Mortality spots resulting from the medium-range bark beetle
dispersal: this includes mortality patches appearing in hexagons
adjacent to those where damage was recorded in the previous
year.

This analysis was complemented by evaluating the temporal changes
in spatial clustering of the disturbed areas using the Ripley's G statistics
(Ripley, 1981).

G(r) number of pairs of data points within the distance < r
r)=

total number of pairs of points

where r is a distance between the points. The statistic evaluates the de-
viation of a point process from spatial homogeneity, i.e., the theoretical
random spatial distribution. The function thus describes the level of
clustering or dispersion of the data. To facilitate the analysis, each pixel
classified as a disturbance in the underlying disturbance maps was rep-
resented by a single point.
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2.4. Assessing outbreak impacts

To assess the country-wide impact of the outbreak, a hexagonal grid
with a 7-km cell size was designed with the cell size determined based on
the evaluation of incremental autocorrelation of disturbance patch sizes.
Within each hexagon, the reduction of the total forest area and the spruce
area was evaluated on an annual basis and shifts in damage distribution
were identified.

Next, the cumulative disturbance impact between 2016 and 2022 was
evaluated for each hexagon in terms of the proportion of affected spruce
area out of the total spruce area. These values were used to identify major
disturbance hotspots across the country using the Getis-Ord Gi* statistics
(Getis and Ord, 1992). The statistics identify clusters of points with
values higher or lower in magnitude than expected by random chance. It
considers neighbouring features and compares their local sum to the sum
of all features. A statistically significant z-score results when the local
sum significantly deviates from the expected value. Positive z-scores
indicate hot spots (intense clustering of high values), while negative
z-scores indicate cold spots (intense clustering of low values). The sta-
tistics is calculated as:

n n
Z}Wi.jxj*X;Wi.j
. Jj= J=

Gi* =

DI <E ]
N = n—l,:I

where, i and j are the coordinates of the investigated spatial features
(hexagons), x; is the attribute value for the spatial unit j, and w;; is the
spatial weight between i and j. X is the mean and S is the standard de-
viation of the attribute values, and n is the total number of features.

2.5. Assessing landscape transformations

The degree of landscape transformations was evaluated within the
largest disturbance hotspot (as identified through the Getis-Ord Gi*
statistics) on an annual basis by using a suite of landscape metrics
(Table 1). We separately investigated the properties of forest cover and
disturbed areas, two defining characteristics of the studied system. Each
year's assessment included impacts that occurred in all the preceding
years. The calculations were conducted by means of the Python library
Pylandstats (Bosch, 2019).

3. Results
3.1. Mapping spruce distribution and bark beetle disturbance

The classification of tree species composition (Fig. 3), with a focus on
creating an accurate spruce map, demonstrated a fairly good perfor-
mance in terms of all metrics. The precision achieved was 0.82, the recall
0.79, and the FI1-score 0.81 (Table 2). Notably, the F1-score exceeded
0.81 for Norway spruce, Colorado blue spruce, and broadleaves, but
reached 0.74 only for the Scots pine (Appendix B; Table B2). The mapped
proportion of spruce area relative to the total forests in the country was
51.3%, which corresponds closely to the 48.8% of Norway spruce pro-
portion out of the total growing stock reported in the national forestry
statistics.

The overall accuracy of disturbance classification achieved was 0.81
(Table 2). Testing the prediction maps for the years 2016, 2017, 2018,
and 2019 against the independent testing data demonstrated good per-
formance as well; however, the accuracy varied across the years (Ap-
pendix B; Table B3). The overall accuracy ranged from 0.72 to 0.78, with
the highest value attained in 2019. The precision was highest in 2019
(0.84) indicating that the model reliably identified true disturbance
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Table 1

Landscape metrics used to characterize landscape transformations due to the
bark beetle outbreak within the largest disturbance hotspot in the Czech Re-
public. The metrics are calculated on an annual basis for two landcover classes —
forest and disturbed areas. Patch refers to a single forest or disturbance polygon.
Landscape refers to the entire disturbance hotspot.

Metrics, Description Type of Units
abbreviation metrics
Total patch area Total area covered by patches of a ~ Landscape ha
(TA) specified landcover class (i.e.,
forest or disturbed areas)
Patch density (PD)  Number of patches per unit area Landscape No-ha™?
Euclidian nearest Mean edge-to-edge distance to the ~ Landscape m
neighbour nearest patch of the same class
(EUCL)
Effective mesh size A measure of landscape Landscape ha
(MESH) fragmentation. Value range: Area
of a single cell — maximum
fragmentation, where a class
covers a single cell only. Total area
of the landscape — maximum
aggregation, where the landscape
consists of a single patch only”
Largest patch area  The size of the largest patch Landscape %
index (LPI) relative to the total area of the
landscape
Median patch size Median size of all patches of a Patch ha

(MA) specified class
Patch shape index A measure of complexity of patch Patch -
(SH) shapes calculated as the ratio of
patch perimeter and the square
root of patch area. Range: 1-
compact, >1 increasingly irregular

2 see Appendix C for more information.

2015

I:l undisturbed forest -

disturbed forest |:’ non-forest
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Table 2
Performance metrics of disturbance and spruce distribution mapping. Range of
values for years 2016-2019 is indicated.

Metrics Accuracy Precision Recall F1-score

Tree species mapping 0.83 0.82 0.79 0.81
(validation set, 20% of the
training data)

Disturbance mapping 0.81 0.88 0.75 0.80
(validation set, 15% of the
training data)

Disturbance mapping
(independent testing
samples for years 2016,
2017, 2018, and 2019)

0.72-0.78  0.72-0.84  0.70-0.74  0.71-0.75

occurrences. On the contrary, the performance was lowest in 2016
(0.72). Recall peaked in 2018 at 0.74, indicating a fairly high model's
performance in disturbances mapping compared to the remaining years,
where the values ranged from 0.70 to 0.72. The F1-score approached
0.75 in all years except for 2016, where the metric was 0.71. This
demonstrates a fairly good balance between the precision and recall, i.e.,
the balance between minimizing false positives and correctly identifying
the true disturbance occurrences. The overall quality of disturbance
mapping (Fig. 3) is supported by the fact that the cumulative loss of
Norway spruce area during the studied period was 17%, which corre-
sponds to ca. 20% loss of growing stock (ca. 100 mil. m®) reported in the
national forestry statistics.

3.2. Spatial-temporal disturbance patterns

The relative change in spruce area within the 7-km hexagonal grid
(Fig. 4a) was inspected using Getis-Ord Gi* statistics to identify

2016 2017

- spruce I:l other species

Fig. 3. The temporal progression of bark beetle disturbance in the Czech Republic mapped based on satellite imagery. The mapped distribution of spruce in the year

2015 is also presented.
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Fig. 4. (a) Cumulative loss of spruce area during 2016-2022 within the hexagonal grid with a 7-km cell size. (b) Disturbance hotspots identified by means of the Getis-
Ord Gi~ statistics. Alpha levels indicate the statistical significance of the identified features.
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Czech Republic.

significant disturbance hotspots at the 0.05 alpha level. In total, seven
hotspots were detected, with C2 comprising two sub-areas (Fig. 4b). The
primary disturbance pattern consisted of three distinct areas: one located
in the north-east (C1-C2, Fig. 4b), another in the central part (C4), and a
third in the north (C7). The south—east exhibited a scattered distribution
of the disturbance, with three minor hotspots (C3, C5, C6). The total area
covered by the hotspots was 15,324 km? Notably, the major hotspot C4
spanned 9,000 km2. More detailed characteristics of the hotspots are
provided in Appendix D; Table D2.

The outbreak dynamics within the hotspots exhibited variations in
terms of the onset and duration of the main outbreak wave (Fig. 5). The
northeastern hotspot C1 experienced an increased disturbance level as
early as 2016, before the main country-wide outbreak wave began
(Fig. 2). Here, the disturbance level peaked between 2017 and 2018. The
adjacent hotspot C2 exhibited an extended culmination period
2018-2020. In the remaining hotspots, except for C3, the disturbance
culminated in a single year, 2020 or 2021. Most of the outbreaks
culminating after 2018 exhibited a symmetric shape, characterized by a
three-year build-up phase, a single culmination year, and subsequent

retreat. The retreat typically began when 15%-35% of the initial spruce
area had been exhausted. In terms of the proportion of spruce within the
entire forest area in the hotspots (Fig. 4, Appendix D; Table D3), the first
year of retreat occurred when it accounted for 26%-35%. This was not
the case for C6, where the proportion remained high at 60%. By the end
of the investigated period, the remaining spruce area ranged between
45% and 60% of the initial stock, which corresponded to the spruce
proportion in the forest 24% and 32% (except for C6).

3.3. Bark beetle dispersal range

The country-wide analysis of outbreak dynamics conducted within
the flight range hexagons (500 m hexagonal cells) indicated that the
emergence of new mortality spots dominated in 2016 (48% of the total)
(Fig. 6a). Simultaneously, the contribution of short-range expansion (i.e.,
within the same hexagon where the previous-year disturbance was
recorded) was minor (22%). The medium-range expansion, which
involved disturbance occurrence in hexagons adjacent to the previous-
year disturbance, accounted for 30% of the overall dynamics in 2016.
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Fig. 7. The cumulative proportion of forest area (a) and spruce area (b) affected by the disturbance from 2016 to 2022 evaluated within a 7-km hexagonal grid. The

values for the entire country and the main outbreak area (C4) are indicated. The

red arrows highlight the lower disturbance threshold (x-axis) of 20% of the most

affected hexagons (y-axis) (meaning, for example, that 20% of the most affected hexagons experienced disturbance > 24%). (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of this article.)
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As the outbreak culminated, the proportion of emergence and medium-
range dispersal decreased, while the short-range dispersal became the
dominant process, accounting for 42%-48% of the total dynamics.

The Ripley K statistics indicated that disturbance patch clustering
significantly deviated from random distribution throughout the studied
period (Fig. 6b). It exhibited a distinct clustering pattern that was more
pronounced during the outbreak culmination years in 2019 and 2020
than in the remaining years.

3.4. Disturbance impact and resultant landscape transformations

During the period 2016-2022, the disturbance affected 11% of the
total forest area in the country and 17% of the initial spruce area. In the
main outbreak area C4 (Fig. 4b), the forest area affected represented 38%
of the total forest and 49% of the initial spruce cover. A closer look at the
level of disturbance within the hexagonal grid (Fig. 7a, Appendix D;
Table D1) indicates that 20% of the most affected hexagons (y-axis) in the
country exhibited damage above 24% (x-axis) (in terms of the total forest
area affected). In the core zone C4, the 20% of most affected hexagons
showed damage above 62% (Fig. 7a). The impact was more pronounced
in terms of spruce change (Fig. 7b), with the earlier mentioned values
shifting to 38% and 72%, respectively.

The degree of landscape transformation in the C4 zone (see Fig. 4b
and Appendix D; Table D4) exhibited several distinct tendencies (Fig. 8).
The initial forest area decreased by 38%, from 296,860 ha in 2016 to
185,390 ha in 2022 (Fig. 8). This reduction was accompanied by sig-
nificant fragmentation of the originally compact forest complexes. Spe-
cifically, the mean forest patch size decreased from 272 ha to 8 ha, while
the patch density increased due to the fragmentation from 0.4 to 7.3
patches per ha. The largest forest patch, which initially covered 17% of
the forest area, was reduced to 8% (from 64,296 to 30,257 ha). The patch
shape index indicated a decrease in forest patch complexity during the

studied period. Finally, forest connectivity on the landscape has been
considerably reduced, as indicated by the 80% reduction in the effective
mesh size (see Table 1 and Appendix C for the definition). Due to
increased forest fragmentation, the mean distance between forest patches
increased.

In the case of disturbed areas (Appendix D; Table D5), their total area
(Fig. 8) increased from 3,000 to 114,000 ha during the study period, with
the mean patch area growing from 0.4 ha to 4.9 ha. Simultaneously, the
largest disturbed patch in 2022 covered 1,513 ha, representing 0.4% of
the total forest area in the C4 zone. Initially, the patch density increased
due to the escalating disturbance impacts. However, as the initially
scattered patches merged into more compact areas, the patch density
decreased. The patch shape index increased during the study period,
indicating an increase in the complexity of disturbed areas. Regarding the
indicators of connectivity, the mean Euclidean distance between patches
decreased from 293 m to 94 m and the effective mesh size increased from
0.01 ha to 76 ha.

4. Discussion

Our investigation has focused on a drought-driven outbreak of spruce
bark beetle in Central Europe, which encompassed novel features
diverging from historical dynamics. We identified multiple regional
outbreak foci across the Czech Republic and evaluated the degree of
synchrony among them, including outbreaks’ onset and culmination.
Disentangling the overall disturbance dynamics into its partial processes
has corroborated that the density-dependent dispersal patterns of infes-
tation documented in the past are applicable to the investigated drought-
driven outbreak type, despite the remarkably different distribution of
resources. We have provided new insights into the landscape-scale
transformations induced by the outbreak—a field that has not received
much attention in the past but can be essential for understanding the
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ongoing regime shifts and informing other outbreak-prone regions in
Europe about the possible consequences.

4.1. Spatial and temporal dynamics of the outbreak

The beginning of the studied outbreak after 2018 coincided with the
climatically driven tree mortality wave that affected much of Europe and
drove disturbance dynamics beyond their historical variation (Senf and
Seidl, 2021a). This wave was, inter alia, driven by the numerous out-
breaks of I typographus, which occurred, for example, in Germany,
Sweden, France, and northern Italy (Gilles et al., 2024; Karvemo et al.,
2023). Despite the initial climatic trigger being identical across the Czech
Republic, we identified seven outbreak foci which displayed certain
asynchrony in their onset and culmination. The two eastern hotspots, C1
and C2, distinctly differed from the remaining areas. These outbreaks
began earlier and culminated over multiple years: C1 in 2017-2018 and
C2 in 2018-2021. Both C1 and C2 represented the continuation of an
extended outbreak that started around 2010 driven by the combined
effect of I. typographus, the double-spined bark beetle I. duplicatus, and the
widespread tree infection the fungus Armillaria spp. (Hlasny and Sitkova,
2010; Holusa and Liska, 2022). Most of the outbreaks in the remaining
areas were characterized by a three-year build-up phase and a single
culmination year (2019-2021), followed by a sharp retreat. The excep-
tions were C3 with a two-year culmination in 2019-2020, and C6 with a
shorter two-year build-up phase. The likely explanation for this variation
is differences in local forest and environmental conditions which
pre-determine the size of the beetle population required to cross the
epidemic threshold and trigger a self-sustaining outbreak (Raffa et al.,
2008). Another factor can be management which encompasses heavy
salvage and sanitary logging, which can exert a certain dampening effect
on the outbreaks (Hlasny et al., 2021a; Wermelinger, 2004), yet its
strength seems diminishing under climate change (Dobor et al., 2019).
Still, spatially and temporally varying intensity of these operations due to
logistic and labour limitations and ownership fragmentation, could have
desynchronized the regional outbreaks.

A comparison of these dynamics with the documented wind-driven
outbreaks indicates that both outbreak types share a 2-3-year long
build-up phase, however, the culmination seems to be considerably
longer in the wind-driven outbreaks. For example, Lieutier et al. (2004)
identified a 2-3 build-up (gradation) phase followed by an outbreak
lasting 5-7 years. An overview of historical outbreaks in the 20th century
by Skuhravy (2002) suggested a wider span of 3-11 years, while the
model proposed by @kland and Bjgrnstad (2006) indicated an outbreak
length of around 10 years. While this anecdotal comparison remains
inconclusive, it highlights potential research avenues that should aim to
uncover the defining features of the drought-driven outbreaks.

The evaluated outbreak resembled the dynamics of outbreaks
observed in the past in terms of the transition from the emergence of new
spots to their expansion to the local surroundings along the outbreak
cycle (Hlasny and Turcani, 2013; Kautz et al., 2011). The most distinct
increase in the local expansion was aligned with the outbreak culmina-
tion in the years 2019-2020 (Fig. 6a), indicating that the enlarged beetle
populations managed to efficiently consume local resources, without
searching for a suitable host over longer distances. We identified only an
indistinct change in the medium-range dispersal to the adjacent 500 m
large hexagons. However, this finding should be interpreted cautiously
due to the potentially intertwined processes of the emergence of new
infestation spots (i.e., the increase in the local endemic population) and
the expansion from the source hexagons to their surroundings. At the
same time, the patterns we identified could have been influenced by
changes in host distribution over time. However, the methodology we
used did not allow us to isolate this effect.

An interesting finding was a relatively high proportion of Norway
spruce that remained after the outbreak retreat, suggesting that resource
depletion was not the primary cause of the collapse. In the first year of
retreat, the initial spruce area was reduced by 40%-50% in most of the
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hotspots (Fig. 5, Appendix D; Table D2). This corresponded to the level of
spruce proportion in the forest between 26% and 36 %. While these
values are relatively high, the accompanying reduction in spruce con-
nectivity may have exerted a significant dampening effect on the
outbreak, resulting in the observed outbreak retreat (Honkaniemi et al.,
2020; Raffa et al., 2008). Moreover, it is likely that at least a portion of
the remaining spruce stands was younger than 40-50 years, rendering
them less suitable for infestation (Wermelinger, 2004). Consequently, the
degree of resource exhaustion, particularly in terms of mature spruce
stands, was probably higher than what our study reported. This problem
is difficult to overcome as the cycle of forest inventories, which could
provide more details on forest structure and composition, is typically
around 10 years. Therefore, it is not possible to keep up with the rapidly
progressing forest change due to the disturbance. Another reason behind
the outbreak's retreat can be wetter weather conditions in the springs of
2020 and 2021; however, establishing such a causal link would require
further research. Generally, mechanisms driving outbreak collapses
remain insufficiently understood (Huang et al., 2019); our current
research suggests, at least, that resource depletion may not be the most
pronounced one.

The latter finding also suggests that the post-outbreak areas may not
be entirely on the “safe side”. There remains a possibility of re-occurrence
of outbreaks in these regions in the future because of the substantial
proportion of unaffected spruce forests. However, the likelihood of such
development remains unclear and requires assessing post-outbreak forest
demography, host connectivity, and other factors that determine forest
susceptibility to infestations (Netherer and Nopp-Mayr, 2005). More-
over, the identified increase in forest patch complexity and the overall
forest fragmentation have resulted in the increased length of forest edges,
which can significantly heighten forest susceptibility to windthrows
(Zeng et al., 2010) and infestations by bark beetles (Kautz et al., 2013).
These facts, together with the considerable proportion of spruce in the
species composition, highlight the potential risk of recurring outbreaks in
areas where the recent outbreak has retreated.

4.2. Outbreak impacts

The impacts of bark beetle outbreaks in Europe have traditionally
been evaluated based on directly quantifiable indicators, including the
volume of affected or salvaged timber, the extent of impacted areas, and
the direct economic losses (Grégoire et al., 2015; Hlasny et al., 2021a).
We suggest that outbreaks fuelled by climate change, affecting unpre-
cedently large areas, require adopting a more comprehensive
landscape-scale perspective. Such insights can be instrumental for better
understanding the societal and biodiversity implications of the out-
breaks, as well as the possible post-outbreak development trajectories,
which depend largely on the amount and distribution of disturbance
legacies (Turner and Seidl, 2023).

Altogether, our results suggested the loss of 17% of spruce during the
studied period across the Czech Republic. This corresponds with the total
volume of wood affected by bark beetles and salvaged (Fig. 2b), ac-
counting for approximately 20% of the initial spruce growing stock (ca.
100 mil. m® of wood, Forest Management Institute, Czech Republic).
Although this impact may not seem dramatic, the problem arises from its
concentration in several zones, which cover 24% of all spruce forests in
the country. The largest one spanned 9,000 km? and experienced a 38%
loss of forest cover and 49% of the initial spruce area (Appendix D;
Table D2). Such an extent of damage places the current outbreak among
the largest and most severe natural disturbances in recent European
history. It surpasses previous outbreaks, including the ones following the
windthrow Kyrill in the Bohemian Forest in 2007 (Czech Republic, 9 mil.
m® in 2007-2011 (Brazdil et al., 2022); Zofia in the Tatra Mountains in
2004 (Slovakia, 21 mil. m® in 2004-2013 (Kunca et al., 2019); and the
outbreak after the storm Gudrun (southern Sweden, 3.5 mil. m®).

Due to historical land use, the forest cover in the main outbreak zone
was already fragmented before the outbreak occurred. In 2016, the forest
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cover proportion was 42% in the main outbreak zone and the mean forest
patch size was 272 ha (Appendix D; Table D5). The disturbance has led to
a forest cover reduction by 38% that resulted in mean patch size reduc-
tion by 97% (from 272 ha to 8 ha) and the patch density increase by over
1,900%. Together with the expansion of disturbed areas (Appendix D;
Table D4), these transformations have compromised traditional scenic
values and affected habitat availability for different forest-dwelling
species (see Hlasny et al., 2021a, b). Appraising such societal and
ecological impacts requires increased research attention, however, this
area has historically been neglected in Europe (but see, for example,
Grégoire et al., 2015; Montagné-Huck and Brunette, 2018; Miiller, 2011).
The increasing disturbance activity will require more focused research
appraising disturbance consequences, as identified in the current study,
on cultural and biodiversity values and ecosystem services (Morris et al.,
2018).

5. Conclusions

Bark beetle outbreaks across Europe are transitioning from the his-
torical wind-driven dynamics to the dynamics driven by extreme climate
events or a combination thereof. This disturbance type can generate
specific and, until now, unrecognized disturbance patterns and impacts.
Our current study provided one of the first insights into these new dy-
namics by focusing on the current outbreak epicenter in Europe, the
Czech Republic. We discovered that local resource depletion is an un-
likely cause of outbreak termination, although this conclusion requires
further experimental research. Our assessment of landscape trans-
formations has revealed the remarkable extent of the outbreak's epicentre
characterized by a high degree of forest reduction and fragmentation.
These changes could potentially lead to severe societal and ecological
consequences, a type of impact that requires an increased research
attention in the future. The findings we presented can be instrumental in
informing about the potential impact of natural disturbances amplified
by climate change, expanding our current understanding of bark beetle
outbreak dynamics, and supporting the implementation of novel distur-
bance dynamics in ecosystem models.
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Abstract

Context Following the hot and dry year of 2018,
European forests underwent an unprecedented wave
of disturbances. The subsequent recovery phase is
indicative of ecosystem resilience and critical for
long-term forest development; however, the land-
scape-scale manifestation of these processes remains
poorly understood.

Objectives Quantify forest disturbance and early
recovery dynamics across a 9000-km? forested land-
scape (Central Europe, Czech Republic) following
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an extensive outbreak of spruce bark beetle and sub-
sequent treatment by extensive salvage logging and
replanting.

Methods We integrated optical and Synthetic Aper-
ture Radar remote sensing data with very high-reso-
Iution UAV imagery and derived vegetation height
models to map disturbance impacts and post-distur-
bance recovery patterns from 2018 to 2024.

Results Between 2018 and 2024, 30.8% of the ini-
tial forest area was disturbed. Within the disturbed
areas, bare soil dominated, indicating a lack of
understory in the pre-disturbance forest and the high
intensity of removal of disturbance legacies. Tem-
porary regeneration failures, i.e., transitions back to
bare soil represented a significant part of recovery
dynamics. The average transition time from bare soil
to regrowth>2 m was 5.2 years and the net annual
recovery rate (i.e., recovery corrected for failure) was
5.9%. By 2024, 25% of disturbed area was covered by
vegetation taller than 2 m.

Conclusions Severely disturbed managed forests in
Central Europe retain substantial recovery capacity,
even under increasingly extreme climatic conditions.
However, the predominance of non-vegetated land-
cover following disturbance may lead to structurally
uniform forests with reduced resilience, suggesting
the need for improved management practices.

Keywords Forest disturbance - Post-disturbance

recovery - Remote sensing - Forest resilience -
Landcover transition - Norway spruce forests
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Introduction

The intensification of forest disturbance regimes
driven by climate change is increasingly challenging
forest resilience worldwide (Hartmann et al. 2022;
Forzieri et al. 2022). At the same time, disturbed
areas represent a window of opportunity to adapt for-
est structure and composition in response to climate
change, emerging disturbance regimes, and shift-
ing societal demands (Seidl and Turner 2022). This
is particularly relevant in many intensively managed
forest landscapes, which have undergone substantial
homogenization in the past, for example, through
the promotion of even-aged rotation forestry and the
focus on a limited number of productive tree species
(Bauhus et al. 2017; Jonsson 2024). Understanding
these transformations is essential, as greater spatial
heterogeneity and species diversity in regenerating
vegetation can enhance future forest resilience (Meigs
et al. 2017; Seidl and Turner 2022) and dampen
cross-scale interactions that often drive catastrophic
feedbacks and regime shifts (Peters et al. 2004; Seidl
et al. 2024). In ecosystems prone to insect outbreaks,
such heterogeneity may reduce the likelihood of a
synchronous crossing of eruptive thresholds — criti-
cal points beyond which outbreaks are triggered — and
thus limit the risk of large-scale disturbances (Raffa
et al. 2008).

Central Europe has been hit after 2018 by the
largest disturbance event in at least 170 years (Senf
and Seidl 2021). The outbreak of the European
spruce bark beetle (Ips typographus) initiated by
extreme drought affected millions of cubic meters of
forest growing stock and transformed traditionally
forested landscapes (Hlasny et al. 2021a; Washaya
et al. 2024; Das et al. 2025). The outbreak primar-
ily, but not exclusively, affected managed produc-
tion forests of Norway spruce (Picea abies), one
of the cornerstones of regional forestry economies
(Asada et al. 2023). The disturbed areas have been
treated by a high-intensity salvage logging aimed
to mitigate economic losses (Knoke et al. 2021)
and slow the spread of infestation (Hlasny et al.
2021b; Leverkus et al. 2021). While such manage-
ment is widely applied across Europe, the extreme
disturbance extent combined with high intensity
salvaging may impair recovery processes (Linden-
mayer and Noss 2006; Leverkus et al. 2020). These
effects can further be exacerbated by increasingly

@ Springer

extreme weather conditions and the pressure of
overpopulated ungulates, with adverse effects on
forest recovery and resilience (Champagne et al.
2021; Dobor et al. 2024). Nevertheless, recent
research has documented remarkably high regen-
eration densities shortly after large-scale drought-
induced tree mortality in Germany (Central Europe,
2018-2022), largely driven by a vigorous cohort of
advanced regeneration (Seidl et al. 2024). Similarly,
high recovery capacity of vegetation cover and
canopy height following bark beetle outbreaks has
been observed across a range of Central European
environments (Zeppenfeld et al. 2015; Macek et al.
2017; Senf et al. 2019). However, a body of evi-
dence suggests that this resilience may be increas-
ingly eroded by changing climate and disturbance
regimes, particularly in areas prone to drought (Senf
and Seidl 2021).

Important insights into these dynamics have been
obtained through remote sensing, which became an
essential tool for evaluating forest disturbance and
recovery dynamics across a wide range of spatial
and temporal scales (Frolking et al. 2009; Griffiths
et al. 2014; Senf and Seidl 2021; White et al. 2022;
Mandl et al. 2024). The recent surge in insect out-
breaks across Europe has drawn research attention
toward identifying optimal sensors and algorithms
for mapping and monitoring this type of disturbance,
which is characterized by a high variability in spec-
tral responses, depending on insect and host species
(Senf et al. 2017; Hollaus and Vreugdenhil 2019).
Particularly challenging is disturbance and recovery
mapping in actively managed forests, where differ-
entiation between planned harvests and disturbances,
natural and human-aided regeneration, and the effects
of post-disturbance salvage logging, are yet to be sat-
isfactorily resolved (Jarron et al. 2016; Sebald et al.
2021). The increasing extent and complexity of dis-
turbance impacts, along with a growing recognition
of the ecological significance of disturbance legacies
(Johnstone et al. 2016; Storch et al. 2020), have high-
lighted the need for integrating multisource and mul-
tisensory remote sensing data (e.g., Chen et al. 2017).
For example, the integration of optical and active sen-
sors, such as LiDAR and Synthetic Aperture Radar
(SAR), can enhance the detection of combined spec-
tral and structural characteristics during the transition
from canopy tree mortality to subsequent recovery
(Liu et al. 2011; Hollaus and Vreugdenhil 2019).
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In this study, we are focusing on disturbance and
recovery dynamics in one of the most heavily dis-
turbed forest landscapes in Europe, the central Czech
Republic (Washaya et al. 2024). This landscape expe-
rienced after 2018 the most extensive disturbance
in its recent history — a drought-initiated outbreak
of spruce bark beetle — and now can offer unique
insights into subsequent recovery processes. Our
objectives are to: (i) develop a method for mapping
the transition from the disturbance to early recovery
phase, using the fusion of multisource remote sens-
ing data — including satellite optical and SAR data,
and UAV imagery; (ii) quantify recovery dynam-
ics in disturbed areas, including transitions between
specific recovery classes; and (iii) assess the implica-
tions of early post-disturbance patterns and dynamics
for future forest resilience. We are addressing these
objectives by testing the following hypotheses: (H1)
The extensive scale and high severity of the distur-
bance, together with intensive post-disturbance sal-
vage logging, resulted in significant spatial homog-
enization and a widespread prevalence of bare soil in
the affected areas. (H2) Despite the high intensity of
the disturbance and consistent with recent research
on post-disturbance forest dynamics (e.g., Senf et al.
2019; Seidl et al. 2024), the studied forests retain a

strong capacity for recovery with a general tendency
toward full regeneration. (H3) Local and temporary
regeneration failures represent a significant compo-
nent of recovery dynamics, slowing the overall pace
of regeneration.

Methodology
Study area

The study area is located in the Czech Repub-
lic (Central Europe), which experienced the most
severe outbreak of spruce bark beetle (I. typogra-
phus) on record between 2018 and 2023, affecting
approximately 100 million m® of growing stock.
We focused on the country’s most heavily affected
region, covering 9000 km? (Fig. 1). The area was
delineated using spatial analysis of outbreak pro-
gression identified based on remote sensing data
(Washaya et al. 2024). Specifically, annual dis-
turbance maps were overlaid on a hexagonal grid
(7 km cell size) spanning the entire country. For
each cell, the proportion of initial Norway spruce
area (P. abies, the main host tree for I. typogra-
phus) affected by disturbance between 2017 and

N
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AU HU

D spruce
D other tree species

0 10 20 401 ® UAV image locations

Fig. 1 Forest cover in the study area and the distribution
of Norway spruce stands from 2017, prior to the large-scale
spruce bark beetle outbreak. Locations of high-resolution UAV
imagery acquired in 2023 and 2024, used as ground-truth data

for assessing post-disturbance landscape structure, are also
indicated. The inset map shows the position of the case study
within the Czech Republic and Europe
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2023 was calculated. The Getis-Ord Gi* statistic
(Getis and Ord 1992) was then applied to identify
statistically significant hotspots where disturbance
intensity exceeded the country-wide average (i.e.,
calculated across all hexagons). The study area
investigated here represent the major disturbance
hotspot in the country (Fig. 1).

The area spans an elevation range of 210 to
837 m a.s.l., with an average annual air tempera-
ture range 7.6-9.3 °C and total annual precipitation
range 670-887 mm (period 2000-2022). Forests
represent 35% of the area, of which 70% consisted
of Norway spruce (situation from 2017). Tree spe-
cies composition has been substantially altered
over the last two centuries, with originally domi-
nant broadleaved forests replaced by commercially
valuable conifers. The forests are intensively man-
aged, with the prevalence of clearcutting and shel-
terwood management, with an average rotation
period of 120 years. Historically strong focus on
timber production characterized by long rotation
periods, a limited number of productive tree spe-
cies, and high growing stock levels, created vulner-
able conditions contributing to an unprecedented
level of tree mortality after 2018 (Hlasny et al.
2021a, b).

Disturbed areas are typically subjected to inten-
sive salvage logging shortly after disturbance.
Moreover, management involves precautionary
(sanitary) removal of infested trees to slow the
spread of the outbreak. Hence, the studied distur-
bance is a compound of natural (bark beetle) and
anthropogenic (logging) disturbance, which is a
frequent sequence across many European countries
(Seidl and Senf 2024). While replanting is widely
practiced on disturbed sites, natural regeneration is
generally retained as part of the recovery strategy.
Therefore, the studied disturbance and recovery
dynamics contain a strong signal from both sal-
vage removal of dead trees and subsequent replant-
ing. However, due to different logistical and legal
constraints (workforce and seedling availability,
COVID-19-related restriction, etc.), management
intensity varied in time. No nature conservation
areas with constrained management interventions
(e.g., obligatory dead tree retention) are present in
the study area. The bark beetle outbreak 2018-2023
was the only natural disturbance that affected the
region within the studied period.

@ Springer

Reference data for forest disturbance
and recovery mapping

The disturbance mapping leveraged training data
derived from national airborne forest change
assessments (Source: Forest Management Insti-
tute, Czech Republic). The data collection strategy
involves annual acquisition of RGB stereo imagery
at a spatial resolution of 25 cm, covering approxi-
mately half of the country each year. A normalized
Digital Surface Model (nDSM) was generated from
these images using photogrammetric stereoscopy.
Changes in forest structure, identified by compar-
ing nDSMs from consecutive mapping campaigns,
served as indicators of harvests and disturbances.
For this study, we used data from the years 2019 and
2020 (see Fig. 2 for the time chart), when planned
harvests were significantly reduced due to the large-
scale post-disturbance salvage operations. As a
result, observed changes can be attributed almost
exclusively to bark beetle disturbance, typically fol-
lowed by salvage logging. In total, 235,000 refer-
ence polygons, covering 76,000 ha across the coun-
try, were used as training data. Because the training
data are derived from vegetation-height differences
between the two acquisition campaigns, they mainly
represent salvaged areas and stands with downed
dead trees, rather than stands with snags. However,
given the absence of designated nature conserva-
tion areas and the high intensity of salvage logging,
unsalvaged stands are rare.

UAV imagery acquired in the study area in sum-
mers 2023 and 2024 served as training data for clas-
sifying post-disturbance forest recovery conditions
(see Fig. 1 for scene locations). The UAV campaigns
involved low-altitude (~100 m height) RGB imag-
ing at a spatial resolution of 2-2.5 cm, covering
representative recovery conditions across the study
area. Altogether, 40 drone images covering 10—12 ha
each were used. The images were taken using the
DIJI Phantom 4 Pro (©2022 SZ DIJI Technology Co.,
Ltd., Shenzhen, China) with an integrated 20-meg-
apixel RGB camera. The seamless orthophotographs
were produced through georeferencing, triangulation,
and mosaicking. Height information (Digital Surface
Model, DSM) was acquired through the structure-
from-motion techniques using the Agisoft software
(Agisoft 2023). Finally, Canopy Height Models
(CHMs) were calculated by subtracting the Digital
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Fig. 2 Overview of experimental design. The study period
spans the full outbreak cycle, from onset in 2017, through
the peak in 2018-2020, to the subsequent retreat and recov-
ery phase. The initial forest mask was derived from the pre-
outbreak year 2017. Reference data for developing the distur-
bance-mapping algorithm (disturbance presence/absence) were

Terrain Model from the DSM. The height accuracy of
produced CHMs was ca 40 cm.

Manual on-screen digitization was used to pre-
pare training data representing three post-disturbance
recovery classes:

(i) Near-Bare Soil (NBS) — Disturbed areas lack-
ing significant vegetation cover with height
values below 0.2 m, as identified in the CHM
(Fig. 3a). Sparse woody vegetation and grasses
are likely to be present in the training data.

(i1) Transient class (TC) — Disturbed areas with
continuous vegetation cover<2 m in height
(median 0.7 m; Fig. 3b). The training poly-
gons were defined to contain both natural and
man-aided regeneration (with a regular spac-
ing between individuals). Nevertheless, certain
admixtures of ruderal vegetation (shrubs and
grasses) may also be present.

(iii) Established regrowth (ER) — Disturbed areas
continuously covered by vegetation between
2 and 6 m in height, with the median height
of 4.35 m (Fig. 3c). This class almost exclu-
sively includes trees. The 6 m threshold was set
arbitrarily as the theoretical maximum height
attainable within the study period in disturbed
forest stands.

While the classes are clearly differentiated by their
maximum height values, there is considerable over-
lap in their minimum heights (Fig. 3). This is due to

Outbreak retreat and recovery

taken from the peak period 2019-2020. Reference data for
training the recovery mapping model (three recovery classes
identified in UAV imagery) were taken from 2023 to 2024.
Recovery was evaluated within a disturbance mask represent-
ing the cumulative disturbance impact in 2018-2024. Annual
recovery maps were generated for this same period

the presence of gaps occurring within the TC and ER
classes. In total, the three classes were represented by
600 polygons covering 123 ha, with 14.5% classified
as NBS, 60.4% as TC, and 24.1% as ER (see Online
Appendix C for more details).

Satellite data used for disturbance and recovery
mapping

Sentinel-1 and Sentinel-2 data with 10 m spatial reso-
Iution were used for both disturbance mapping and
post-disturbance classification. The Google Earth
Engine platform was used to access the Sentinel-2
Level-2A surface reflectance product and the Senti-
nel-1 Level-1 GRD product. Optical indices, includ-
ing the Normalized Difference Vegetation Index
(NDVI), Normalized Burn Ratio (NBR), and Normal-
ized Difference Water Index (NDWI), were derived
from the Sentinel-2 data (see Online Appendix A for
the respective formulas). Two SAR variables from the
ascending and descending orbits of Sentinel-1 were
used: Vertical Transmit — Vertical Receive (VV) and
Vertical Transmit — Horizontal Receive (VH). These
variables can support vegetation mapping: VV is sen-
sitive to surface structure and moisture, while VH is
effective in detecting volume scattering from veg-
etation canopies, making their combination useful
for assessing vegetation structure (Tsyganskaya et al.
2018).

The preprocessing applied to Sentinel-2 data
included using the Level-2A surface reflectance

@ Springer
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Near-Bare Soil

&

Transient Class

Established Regrowth o

Fig. 3 Representative examples of the three post-disturbance
recovery classes derived from the UAV imagery across the
study region: a Near-Bare Soil, b Transient Class, and c¢
Established Regrowth. The Transient Class and Established
Regrowth examples illustrate various vegetation structures
resulting from replanting (characterized by regular tree spac-

product (atmospherically corrected), masking clouds
and shadows using the SCL band, and generating
annual cloud-free May—September composites. For
Sentinel-1, we applied geometric-distortion and noise
corrections and produced annual VV/VH composites
for both ascending and descending orbits.

Disturbance mapping algorithm

To train the disturbance mapping model, inter-annual
differences in optical and SAR data were calculated
by subtracting 2018 from the 2020 values for each
variable (ANDVI, dNBR, dNDWI, dVV, dVH). The
difference variables were then used as predictors
of the observed disturbance occurrence within the
period 2019-2020, as defined by the reference data
described in Sect. "Study area" (Fig. 3). Since the
training data only represented disturbance presence,
disturbance absence data were sampled from forest
area outside of disturbed areas.

@ Springer

ing), from natural regeneration, or mixed approaches combin-
ing both pathways. N natural regeneration, A artificial regen-
eration, M mixed regeneration. Histograms represent the
distribution of pixel-level vegetation heights (m), derived from
Canopy Height Models

A Convolutional Neural Network (CNN) based
on the U-Net architecture was used for disturbance
mapping. This model is well-suited for capturing
spatial dependencies between neighboring pixels,
which is especially important for interpreting SAR
imagery (Bueso-Bello et al. 2022). The U-Net con-
figuration was optimized through hyperparameter
tuning and consisted of four convolutional blocks in
both the encoder and decoder. The input included
tiled 256 x 256-pixel patches of all difference layers
(ANDVI, dNBR, dNDWI, dVV, dVH), along with
training labels indicating disturbance presence and
absence. We split the dataset in the proportion of
70-15-15 into training, validation, and test sets. The
training set was used to fit the CNN to distinguish
disturbed from undisturbed classes; the validation
set to optimize the U-Net configuration and prevent
overfitting (i.e., hyperparameter tuning and early
stopping); and the test set to provide an unbiased
estimate of the model’s performance on unseen data.
Each encoder block contained two 3 X 3 convolutional
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layers followed by ReLU activation, with downsam-
pling via 2 X2 max pooling. The output layer applied
a 1x1 convolution with a sigmoid activation to pre-
dict annual binary classification of disturbed and
undisturbed areas. Model performance was evalu-
ated using a confusion matrix and class-wise metrics
including precision, recall, and F1-score (see Online
Appendix B for respective formulas). The developed
model was used to predict annual disturbance maps
for 2018-2024.

Forest recovery classification algorithm

To train the post-disturbance classification model,
original (i.e., non-differenced) vegetation indices
and SAR data from June 2024 were used as predic-
tors (NDVI, NBR and NDWI from Sentinel-2 and
VV and VH from Sentinel-1) for the three recov-
ery classes (Fig. 3). The cumulative area disturbed
between 2018 and 2024 (calculated based on annual
disturbance maps, as described in Sect. "Disturbance
mapping algorithm") was used as a mask for the clas-
sification of post-disturbance conditions (Fig. 3). A
Random Forest classifier was used for mapping three
forest recovery classes due to its proven effectiveness
with smaller, imbalanced datasets (Han et al. 2021).
The RF classifier was implemented on the Google
Earth Engine platform using the ee.Classifier.smileR-
andomForest function, a server-side implementation
of the SMILE (Statistical Machine Intelligence and
Learning Engine) library (Li 2016). To address class
imbalance in the training dataset (Sect. "Study area"),
the less frequent NBS and ER classes were oversam-
pled, while the dominant TC was under sampled. The
dataset was then randomly split into training, testing,
and validation sets in 70—-15-15 proportions and used
the same way as in the disturbance-mapping model.
The final Random Forest model, optimized with 200
trees through hyperparameter tuning, was used to
generate annual recovery maps. The trained model
was used to predict annual forest recovery maps for
2018-2024 (Fig. 4).

Forest recovery dynamics

We analyzed inter-annual transitions among the
three post-disturbance classes predicted for the
entire study area (Fig. 1) over 2018-2024. First, we
tracked pixel-level progression from NBS to the TC

and ER combined (TC/ER). Second, we adopted a
more conservative definition, evaluating only tran-
sitions from NBS/TC to ER, assuming that TC
includes a certain proportion of ruderal vegetation
that can confound the recovery signal. Finally, we
evaluated the proportion of reverse transitions, indi-
cating potential regeneration failures.

We used a survival analysis framework to quan-
tify the probability of post-disturbance recovery as
a function of time since disturbance. For each pixel,
we recorded the number of years elapsed from the
initial disturbance and noted whether transition
occurred within the study period. If recovery had
not occurred, the observation was considered right-
censored, meaning that recovery could still occur,
but was not observed within the available time-
frame. By including both recovered and unrecov-
ered (i.e., censored) pixels, we ensured that all valid
recovery trajectories are incorporated (Klein and
Moeschberger 2003).

We included only pixels that were first disturbed
between 2018 and 2021 (Fig. 2), allowing a mini-
mum of three years for potential recovery before
the end of the observation period in 2024. This
approach helped avoid potential censoring bias from
very recent disturbances (e.g., 2022-2024).

We applied the Kaplan—Meier estimator to quan-
tify the probability of recovery as a function of time
since disturbance. Although traditionally used to esti-
mate survival probabilities (i.e., the probability of not
experiencing an event such as death or failure; Klein
and Moeschberger 2003), we adapted the method to
model cumulative recovery, treating recovery as the
event of interest. The Kaplan—Meier recovery prob-
ability at a specific time, Ryy(t), is given as:

d

Riy(t) =1~ H,is,<1 - ;") (1)

i

where t; is the time of the it observed recovery event;
d; is the number of recoveries at time t;; and n; is the
number of non-recovered pixels (i.e., still classified as
bare soil) under observation prior to t; .

Further, we used the log-normal survival model
to describe the cumulative probability of recovery
over time, assuming that recovery times follow a log-
normal distribution. The function was also used to
extrapolate recovery probability beyond actual obser-
vation period. The function R \(t) is defined as:
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Fig. 4 Workflow for mapping forest disturbance and classify-
ing post-disturbance recovery classes. Ground truth data from
airborne (disturbance mapping) and UAV-based mapping (post
disturbance forest recovery) were combined with Sentinel-1
and Sentinel-2 imagery. A convolutional neural network was
used to generate a cumulative disturbance map (2018-2024),
which served as a mask for post-disturbance classification.

In(r) — u > @

o

Ry = §0<

where p (mu) and ¢ (sigma) are parameters of log-
normal distribution, and @ represents the standard
normal cumulative distribution function. The model
was implemented using the lifelines package v.
0.30.0. in Python (Davidson-Pilon 2024).

Finally, the median recovery time was approxi-
mated using the restricted mean survival time.
This was derived by numerically integrating the
Kaplan—Meier survival curve over a six-year period

@ Springer

Recovery classes were mapped annually using a Random
Forest model trained on UAV-derived data. VV vertical trans-
mit—vertical receive, VH vertical transmit-horizontal receive
(Synthetic Aperture Radar variables, SAR), NDVI normalized
difference vegetation index, NBR normalized burn ratio, NDWI
normalized difference water index

and by linearly interpolating the time point at which
the survival probability exceeded 0.5.

Patch size dynamics analysis

To characterize spatial patterns of post-disturbance
recovery, we computed patch-level metrics for three
post-disturbance classes. Patches were defined as
contiguous pixel groups of the same class, based on
an 8-neighbor connectivity rule. For each year from
2018 to 2024, we calculated two metrics: the larg-
est patch size (ha) and the median patch size (ha) for
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Table 1 Classification performance metrics for disturbed and
undisturbed forests mapping

Class Precision Recall Fl-score Overall
accu-
racy

Undisturbed forest  0.96 0.94 0.95 -

Disturbed forest 0.92 0.90 0.91 -

Overall accuracy — — - - 0.93

Table 2 Classification performance metrics for post-distur-
bance recovery mapping

Class Precision Recall Fl-score Overall
accu-
racy

Near-Bare Soil 0.92 0.85 0.84 -

Transient class 0.92 0.86 0.89 -

Established regrowth 0.80 0.82 0.82 -

Overall accuracy - - - 0.85

each class. The analyses were conducted in Python
v.3.9.19., using the libraries rasterio v. 1.3.6. and
scikit-image v. 0.24.0. (der Walt et al. 2014).

Results

Classification performance

The overall accuracy of disturbance -classifica-
tion was 0.93, indicating that 93% of predictions

forest

forest

Disturbed

Undisturbed

matched the ground truth across the entire dataset
(Table 1). At the class level, the undisturbed forest
had a precision of 0.96 (the proportion of correctly
identified undisturbed areas among all areas pre-
dicted as undisturbed), a recall of 0.94 (the propor-
tion of correctly classified undisturbed areas rela-
tive to all actual undisturbed areas), and an F1-score
of 0.95 (the harmonic mean of precision and recall).
For the disturbed forest class, precision and recall
were 0.92 and 0.90, respectively, resulting in an
Fl-score of 0.91.

The classification of post disturbance recovery
reached a lower overall accuracy than the distur-
bance mapping, 0.85. At the class level, NBS and
TC reached slightly higher metrics compared to ER
(Table 2).

Disturbance impact and dynamics

The total area of undisturbed forest decreased from
6028 km? in 2018 to 4159 km? in 2024, represent-
ing 30.8% reduction. The most impacted region
was located in the central part of the study area
(Fig. 5a). Disturbance peaked in 2020, when it
affected 551 km? of the forest, representing 13.2%
of the initial forested area. Following this peak, dis-
turbance levels declined sharply in subsequent years
(Fig. 5b). The largest remaining unaffected forests
were located in the eastern part of the study area,
where tree species other than Norway spruce pre-
vailed (Fig. 5a).
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Fig. 5 Spatial and temporal patterns of forest disturbance between 2018 and 2024. a Spatial distribution of disturbed and undis-
turbed forest areas across the study region. b Temporal development of disturbed forest (left axis) and undisturbed forests (right axis)
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Post-disturbance forest recovery

Between 2018 and 2023, NBS represented the domi-
nant post-disturbance condition, gradually decreasing
from 92% of the total disturbed area in 2018 to 45.8%
in 2024 (Fig. 6, Online Appendix D). ER began to
increase substantially in 2022 (15%) and continued
to expand, representing 25% of the disturbed areas
in 2024 (Fig. 6). TC first appeared as a distinct land-
cover class in 2020, occupying 14% of the disturbed
areas. By 2024, the combined area of TC and ER sur-
passed NBS, together accounting for 54% of the dis-
turbed area.

Spatial dynamics of recovery patch sizes

NBS formed continuous patches of considerable
size across the landscape (Fig. 7, Online Appen-
dix F). Mean patch size ranged from 0.1 to 0.26 ha,
while the largest patch reached 647 ha in 2021. In the
remaining years, maximum NBS patch size ranged

Fig. 6 Post-disturbance forest recovery patterns from 2018
to 2024. a Spatial distribution of post-disturbance recov-
ery classes across the study area in 2024; b Annual changes
in the relative proportions of recovery classes from 2018 to

@ Springer

between 300 and 400 ha. Continuous patches of TC
and ER exhibited comparable sizes, with mean patch
sizes ranging from 0.02 ha to 0.08 ha and maximum
patch sizes between 0.21 ha and 99.87 ha for TC and
0.26 ha and 41.4 ha for ER, respectively. Over time,
NBS patch sizes followed a hump-shaped tempo-
ral trend, whereas the two vegetated classes showed
a consistent increase, particularly in the mean patch
size.

Post-disturbance forest recovery trajectories

We identified a full matrix of transition types among
the three recovery classes (Fig. 8). The most common
transition was NBS remaining as NBS, accounting
for an average of 74.6% of all transitions throughout
the study period (Online Appendix E). On average,
19.1% of NBS transitioned to TC annually, while
6.3% transitioned directly to ER. At the same time,
we observed distinct transitions from both TC and
ER back to NBS, suggesting potential regeneration

. Near-Bare soil

. Transient Class

- Established Regrowth
. Undisturbed Forest

2024, highlighting the decline in Near-Bare Soil class and the
increase in vegetated classes over time; ¢ Examples of local
transitions among recovery classes between 2020 (outbreak
peak) and 2024
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Fig. 8 Temporal transitions 2023 2024

between three post-distur-
bance recovery classes from
2018 to 2024. The heights
of each bar represent the
total area occupied by a
class each year, while the
flow widths between bars
indicate the magnitude

and direction of transitions

. Near-Bare Soil

Transient
Class

Established
Regrowth

between classes over time.
The cumulative height of all
bars in each year reflects the
total area affected by distur-
bance up to that year

2019

2018

failures. On average, 28.2% of TC and 8.6% of ER
reverted to NBS each year.

The net annual recovery rate, defined as the tran-
sition from NBS to TC and ER combined, minus
reverse transitions (i.e., regeneration failures), was
13.3%, with an interannual range of 2.2-20.5%
(Table 3). A conservative estimate considering only
the transition to ER yields a net recovery rate of
5.91% (2.8-11.9%; Table 3).

Recovery probability
The probability of transitioning from NBS to TC/ER

and from NBS to ER was strongly dependent on the
time since disturbance (Fig. 9). In the former case,

/

|/|
ol
I

Table 3 Net annual recovery rates calculated as the difference
between transitions from Near-Bare Soil (NMBS) to the Tran-
sient Class (TC) and Established Regrowth (ER) corrected for
the reverse transitions from the vegetated classes back to NBS

Period Net recovery rate Net recovery rate
NBS — TC/ER (%) NBS/TC —ER (%)
2018-2019 10.47 2.84
2019-2020 18.38 4.32
2020-2021 15.98 441
2021-2022 13.66 11.94
2022-2023 2.16 541
2023-2024 20.47 6.55
Average 13.52 591

Two transition types are presented: NBS to TC and ER com-
bined (TC/ER) and NBS/TC to ER

@ Springer
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Fig. 9 Time-dependent
probability of forest recov-
ery following disturbance.
The plot shows the transi-
tion probability from the
Near-Bare Soil class to any
vegetated recovery class
(the Transitional Class

and Established Regrowth,
NBS — TC/ER) and to
Established Regrowth only
(NBS/TC — ER), expressed
as a function of time since
disturbance. A non-
parametric Kaplan—-Meier
estimate, and a parametric
log-normal survival model
are fitted to the data. Red
dots indicate time points at
which transitions (recovery
events) were evaluated.
Given the large sample
size (n=9,397,673 pixels),
confidence intervals were
negligible

1.0

0.8

0.6

0.4

Probability of recovery

0.2

0.0

recovery increased most rapidly during the first two
years, with cumulative probability reaching 22% after
one year and 42% after two years. After this initial
phase, the rate slowed, reaching 70% by year five.
Although the curve approached 86% by year ten, this
segment is extrapolated beyond the observed period
and should be interpreted with caution. In the case of
transitions from NBS to ER, the increase was slower,
reaching 3% after one year and 15% after two years;
in the extrapolated domain, the cumulative prob-
ability reached 66% by year ten. The estimated mean
recovery time obtained from the Kaplan—Meier esti-
mator was 3.8 years for the transition from NBS to
TC/ER, and 5.2 years for the transition to ER alone.

Discussion

Central European forests have repeatedly demon-
strated considerable capacity for recovery after distur-
bances (Senf et al. 2019; Seidl et al. 2024). However,
the disturbance pulse after 2018 differed significantly
from the past events (Senf and Seidl 2021; Das et al.
2025), generating concerns about these forests’ resil-
ience. In the current study, we found that 30.8% of the
studied forest area was affected by disturbance within
a six-year period, underscoring the enormous scale of
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the impact. This scale together with intensive post-
disturbance management and increasingly extreme
weather conditions may have impaired recovery pro-
cesses and further increased the uncertainty of recov-
ery trajectories.

Regarding our initial hypotheses, we confirmed
that disturbed areas were dominated by bare soil
shortly after the disturbance (H1), indicating a high
degree of landscape homogenization with potentially
adverse effects on recovery processes and future
resilience (e.g., Johnstone et al. 2016; Storch et al.
2020). Next, we confirmed that despite the unfavora-
ble conditions following the disturbance, there was a
tendency toward full recovery (H2). Finally, we con-
firmed that temporary regeneration failures consti-
tuted a significant component of recovery dynamics,
potentially signaling emerging vulnerabilities (H3).
In the following, we are discussing the key drivers,
implications, and limitations underlying the observed
patterns.

Recovery dynamics

Although post-disturbance forest recovery processes
are inherently complex, two distinct regeneration
pathways have been identified in Central Europe: one
driven by the presence of advance regeneration, a
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cohort of trees already established in the understory
prior to disturbance (e.g., Bace et al. 2015; Petrovska
et al. 2023; Seidl et al. 2024); and another driven by
post-disturbance regeneration, where the majority
of trees establish after the disturbance (Winter et al.
2015; Macek et al. 2017; Schiile et al. 2023). A com-
bination of both pathways may occur, for example, in
multi-owner landscapes or landscapes composed of a
mosaic of managed and unmanaged forests (Winter
et al. 2015).

In the current study, the observed recovery dynam-
ics aligned more closely with the second pathway.
Specifically, NBS covered, on average, more than
80% of disturbed areas in the period 2018-2020,
while the proportion of the two vegetated classes
started to increase gradually after the disturbance,
reaching 25% (ER) and 54% (TC/ER) of the initially
disturbed areas by 2024. The presence of this pathway
can be attributed, among other factors, to the legacy
of historical rotation-based forest management with a
lack of emphasis on promoting structurally complex
forest stands that has been practiced across different
regions in Europe (Bauhus et al. 2017). The structural
homogenization (i.e., the dominance of NBS patches
reaching as much as 600 ha; Fig. 7) was likely further
amplified by extensive salvage operations. These pri-
marily aimed to remove dead and infested trees but
locally also included the removal of surviving indi-
viduals and understory vegetation (pers. obs.). How-
ever, this pattern should be generalized cautiously as
it strongly depends on local forest condition, distur-
bance type and management practices. For example,
forest recovery following the concurrent tree mortal-
ity in Germany (Central Europe), was predominantly
driven by the presence of advance regeneration (Seidl
et al. 2024).

We found distinctly different interannual dynam-
ics among the three post-disturbance classes. On
average, 74.6% of NBS and 71.5% of ER remained
unchanged between years (Online Appendix E). By
contrast, TC was remarkably less stable: on average,
28.2% was transitioning to NBS and 25.0% to ER
per year. This instability is consistent with the class’s
transient nature and with generally high mortality in
early regeneration (e.g., Bianchi et al. 2019; Collet
et al. 2024), as well as the likely presence of short-
lived ruderal vegetation in this class. On the contrary,
the hight stability of ER suggests that mortality from
competition, browsing, and other agents declined

once vegetation reached the ER phase. Although a
small share of regeneration failures occurred within
ER (8.6% per year, on average), the probability of
successful establishment in this class can be consid-
ered high.

We found that temporary regeneration failures,
i.e., reverse transitions from vegetated classes back to
NBS, accounted for 36.8% of total transitions (28.2%
from TC and 8.6% from MR), representing a non-neg-
ligible component of the overall landscape dynamics
(Fig. 7, Online Appendix E). We acknowledge that
these dynamics need to be interpreted cautiously in
the case of TC due to possible misclassification of
vegetation composition. Still, the high proportion of
such temporary failures corresponds to generally high
mortality rate in forest regeneration: For example,
Bianchi et al. (2019) identified only 36.7% survival of
seedlings after the first season across ten tree species
in an experiment from Central Europe. In the case of
extensive disturbed areas without the sheltering effect
of mature vegetation, combined with high herbivory
from game and insects (mainly the weevil Hylobius
abietis, which causes extensive regeneration mortality
on clear-cuts across Europe; Nordlander et al. 2011),
these effects can be even more severe. Although we
did not focus on resolving the drivers of the observed
reverse transitions, understanding them can be essen-
tial for identifying emerging vulnerabilities. Particu-
lar attention should be paid to the impacts of climatic
stress, which is expected to aggravate with climate
change (Petrie et al. 2017; Davis et al. 2019), and
effects of high game populations, which is recognized
to be one of the main adaptation barriers in many
regions (Champagne et al. 2021; Dobor et al. 2024).

Survival analysis, together with the net recov-
ery rate, provided a more integrative view of these
dynamics. When recovery was defined as a transition
from NBS to TC/ER, the net annual recovery rate
was 13.5% and the mean recovery time was 3.8 years.
Under the more conservative definition, i.e. consid-
ering the transition from NBS/TC to ER, the cor-
responding values were 5.9% and 5.2 years, respec-
tively. In comparison with some previous studies,
here identified recovery dynamics may seem slower:
For example, high stem densities have been observed
as early as two years post-disturbance in various con-
texts, including after fire (Schiile et al. 2023), after
windthrow in unmanaged stands (Piazza et al. 2024),
and following drought-induced tree mortality (Seidl
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et al. 2024). However, direct comparison between our
findings and those of field-based studies is limited by
methodological differences, such as the coarser spa-
tial resolution of the satellite data (10 m), a broader
definition of our recovery classes, and differences in
forest types and management. Nevertheless, these
metrics together with the steadily decreasing size of
NBS indicate robust recovery capacity of the studied
forest. Importantly, we found no evidence of perma-
nent regeneration failure, defined as a sustained ina-
bility to re-establish forest cover (Hansen et al. 2018;
Stevens-Rumann et al. 2022).

The inter-annual variation in the transitions was
significant, raising questions about the underly-
ing drivers. For example, the net recovery rate cal-
culated based on transitions from NBS to TC/ER
peaked in 2023-2024 (20.47%) but was minimal in
2022-2023 (2.16%) (Table 3). Likely drivers include
a mix of ecological and socio-economic factors typi-
cal of many managed forests, most notably weather,
variable management intensity, and their interactions.
Disentangling their relative contributions is difficult
given the short study period that limits correlation
analyses and the lack of socio-economic data. For
instance, planting effort was constrained by labor
and seedling shortages during the outbreak peak; the
extent of planting and protection of regeneration from
ungulates (fencing, repellents) could have depended
on actual subsidy programs; and management opera-
tions were significantly reduced during the COVID-
19 crisis. These effects are obviously context-specific,
which limits how the identified patterns can be gen-
eralized. Nonetheless, the large variation in recovery
metrics, though difficult to attribute, underscores the
complexity of recovery dynamics in intensively man-
aged landscapes, where one could expect more uni-
form, management-driven trajectories.

Methodological aspects and limitations

Forest recovery is commonly assessed using indica-
tors such as forest cover, biomass, vegetation height,
and species composition (Williams et al. 2012; Bol-
ton et al. 2015; Dobor et al. 2018; Lloret et al. 2024).
Here, we used an indicator that integrates vegeta-
tion presence and height, two key attributes of forest
structure that could have been reliably derived from
our reference data (UAV imagery and derived can-
opy height models). A limitation is that we did not
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consider tree species composition in regeneration,
which is another key determinant of long-term for-
est function and resilience (Aquilué et al. 2020). This
fact needs to be considered when interpreting our
results, as the species composition of regenerating
cohorts may diverge from pre-disturbance conditions
due to factors such as climate change and adaptive
forest management (Dieler et al. 2017; van Tiel et al.
2024). This trend is particularly evident in planted
spruce forests across Central Europe (a forest type
studied here), which demonstrate poor site suitability
and their adaptation can be catalyzed by disturbances
(Thom and Seidl 2016; Seidl et al. 2024).

Another limitation concerns the length of our
study period (2018-2024), which may be considered
too short to allow for robust inferences about longer-
term recovery processes and their implications for
future resilience. For instance, local regeneration fail-
ures may become more frequent in the coming years
due to increasingly extreme climate, or forest manag-
ers might choose to remove parts of the regenerat-
ing cohort composed of early-successional species
and replace them with more commercially valuable
ones. Such effects may restart local recovery process
and extend recovery times identified here. On the
other hand, they may also increase spatial variation
in vegetation structure across the landscape and, to
some extent, alter the unfavorable outlook for future
resilience suggested by the current results. Never-
theless, recent research has indicated the importance
of early reorganization phase for future forest resil-
ience as well as that early development pathways may
remain locked for decades to centuries (Seidl and
Turner 2022). Therefore, the presented results should
be interpreted as robust insight into early recovery
dynamics, while recognizing that longer-term impli-
cations may be context-dependent.

Our satellite-based approach provided novel
insight into large-scale, early recovery dynamics.
However, ecological important attributes remained
beyond its resolution, such as tree-species composi-
tion of regeneration, the relative contributions of
natural regeneration versus replanting, and the dis-
tribution of unsalvaged patches (e.g., Seidl et al.
2024; Cerioni et al. 2024). Interpretation is further
constrained by classification accuracy and the use of
simplified recovery classes that may not align with
successional gradients commonly used in ecological
studies (e.g., Taeroe et al. 2019; Cerioni et al. 2024).
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Some model limitations are evident: for example,
the 6.3% share of direct transitions from NBS to ER
(Online Appendix E) is improbable, even for fast-
growing early-seral species. Hence, further research
is needed to identify options for large-scale recovery
mapping that could resolve finer-scale, ecologically
important features. At the same time, the system here
studied was characterized by substantial homogeneity
in pre- and post-disturbance conditions; therefore, the
influence of data and algorithmic limitations on our
main inferences is not severe.

Practical implications

Our findings reflect the legacy of long-term manage-
ment focused on “simplicity and efficiency” rather
than resilience (Bauhus et al. 2017; Messier et al.
2019) as well as the generally limited consideration
of disturbance legacies in European forestry (Gustaf-
sson et al. 2012; Seidl et al. 2014). Although these
shortcomings have been well documented, the present
study provides an important demonstration of pos-
sible ecological consequences on a landscape scale.
Our results thus draw further attention to resilience-
oriented strategies such as retention forestry (e.g.,
Gustafsson et al. 2012), natural-dynamics silvicul-
ture (Aszalds et al. 2022), and closer-to-nature for-
estry (Larsen et al. 2022), which has become a cen-
tral strategy of the European Commission (European
Commission 2023). Specifically, disturbed landscapes
provide a window of opportunity to adapt forests to
future conditions by enhancing species diversity and
increasing structural and spatial complexity. Although
the conditions we identified were unfavorable, man-
agement opportunities to create more resilient land-
scapes remain.

Conclusion

Despite the unprecedented scale of the recent distur-
bance pulse and the compounding effects of climatic
stress, extensive tree mortality and salvage logging,
our findings indicate that Central European forests
retain a substantial capacity for recovery. However,
the notable extent of temporary regeneration fail-
ures and delayed regeneration in some areas reveal
emerging vulnerabilities, which may be amplified
by climate change and improper management. These

patterns underscore the need for science-based man-
agement approaches that exploit disturbance legacies
and support structural complexity in regenerating for-
ests. Future research should prioritize disentangling
the drivers of early-stage regeneration, particularly
those that may erode long-term resilience. A deeper
understanding of these processes will be critical to
ensuring the sustainability of forest ecosystems in the
face of intensifying environmental changes.
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AlphaEarth Foundations provide superior accuracy in vegetation height
mapping across severely disturbed forest areas

Md Fazlul Karim ?, Prosper Washaya ?, Maria Potterf ?, Roman Modlinger ?, Karel
Kuzelka ?, Tomas Hlasny * *

# Faculty of Forestry and Wood Sciences, Czech University of Life Sciences in
Prague, Kamycka 129, 165 00 Prague 6—Suchdol, Czech Republic

Abstract
Large-scale forest height mapping remains a key challenge in remote sensing, with

implications for harvest planning, carbon accounting, and habitat assessment. Despite
recent advances, limitations persist, including signal saturation in high-biomass stands and high
preprocessing demands for multi-sensor harmonization. AlphaEarth Foundations (AEF; Google
DeepMind, 2025) integrates multi-source Earth observation data into compact representations that
may alleviate some of these constraints. Yet its performance relative to traditional
approaches remains unclear.

We systematically reviewed research published from 2017 to 2025 to identify predictors
(bands and indices) used for forest height mappingusing optical and SAR sensors and
the accompanying performance  metrics, resulting in487 initial papers. We  then
built vegetation height-prediction models using Random Forest and U-Net, leveraging the top-
ranked

predictors identified in the previous studies. Concurrently, we developed prediction models

using the AEF combined with both Random Forest and the U-NET classifiers. We
used vegetation height models derived from drone-acquired stereoscopic imagery (40
images aproximately 500 ha, in total) as the ground truth data.

AEEF consistently outperformed traditional variable sets across both Random Forest and U-Net
models, yielding higher explained variance (R? increased from 0.61 to 0.90) and reduced bias
(from —0.01 to 0.07 m) . Moreover, the use of AEF substantially simplified the workflow,
reduced the dimensionality and the need for cross-sensor preprocessing. Therefore, the use of AEF
data with combination of U-Net architecture proved its overall superiority over traditional band-
based approaches in vegetation height mapping.

Key words:

Vegetation height, Alpha Earth Foundations, machine learning, U-Net, SAR, optical, UAV data
fusion.
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1. Introduction

Accurate vegetation height mapping at regional to global scales characterizes a fundamental
challenge in Earth observation, with inferences spanning carbon cycle modeling, biodiversity
assessment, forest management, and climate change mitigation (Dubayah et al., 2020; H. Li et al.,
2024; Potapov et al., 2021). Vegetation height serves as a critical structural variable relating above-
ground biomass, habitat complexity, and ecosystem function, yet its prediction from satellite
observations remains constrained by sensor limitations, modeling approaches, and the growing
structural heterogeneity led by natural disturbances and land-use change (Lang et al., 2022). Large-
scale disturbances are rapidly altering canopy cover by mortality of mature trees and demographic
shifts into younger cohorts, creating spatially and vertically heterogenous post-disturbance
structure (Seidl & Turner, 2022). Estimation of vegetation height in these complex landscapes is
crucial for evaluating natural regeneration potential, planning forest restoration and identifying
spatial distribution of remaining vegetation over harvested areas for ecosystem management.

The satellite-based vegetation height mapping has relied on physical satellite extracted input
representations from optical and synthetic aperture radar (SAR) sensors, particularly since the
launch of operational satellite constellations such as Landsat, Sentinel-1, and Sentinel-2 (Drusch
et al., 2012; Torres et al., 2012). Optical sensors capture spectral variation through multispectral
bands and derived vegetation indices, typically achieving correlations around R? = 0.60 with field-
measured heights (Torres de Almeida et al., 2022). Complementary SAR backscatter contributes
structure-sensitive information independent of cloud cover, with C-band systems providing
sensitivity to vertical structure through co-polarized returns and volume scattering (Ghosh et al.,
2020; Y. Liu et al., 2019). Multi-frequency SAR fusion, combining C-band Sentinel-1 with L-
band ALOS-2, further enhances sensitivity to canopy and subcanopy elements, yielding R* values
up to 0.72 in conifer forests (Xi et al., 2022). These multi-sensor approaches emerged in response
to the limitations of single-sensor systems in capturing forest structural complexity, with
integration efforts demonstrating that combining optical spectral information and SAR structural
sensitivity substantially improves predictive accuracy compared to individual sensor streams
(Chen et al., 2025; A. Liu et al., 2024; C. Liu et al., 2025; Y. Liu et al., 2019; Morin et al., 2022).

Despite documented improvements, multi-sensor workflows remain constrained by
fundamental limitations. Feature engineering requires calculation of vegetation indices,
backscatter metrics, and coherence measures tailored to specific sensors and ecological contexts,
limiting model transferability across regions and sensor configurations (Fassnacht et al., 2016;
Potapov et al., 2021). Cross-sensor preprocessing demands extensive radiometric calibration,
geometric co-registration, and temporal harmonization before data fusion, introducing
preprocessing complexity that constrains operational scalability (Senf & Seidl, 2022). Additionally,
both optical and SAR signals exhibit saturation effects in tall or high-biomass vegetation, with C-
band backscatter saturating beyond 20-25 m canopy height and even L-band systems showing
reduced sensitivity above 30 m (Mermoz et al., 2015; Santoro et al., 2021) (). In addition,
traditional vegetation indices (NDVI, EVI, SAVI) perform poorly in structurally heterogeneous
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landscapes, particularly in post-disturbance environments dominated by low vegetation and bare
ground where spectral signals saturate rapidly at low biomass levels (Morin et al., 2022).

Advancements in satellite-based vegetation height mapping have occurred at multiple levels.
At the data level, incorporation of spaceborne LiDAR systems, especially GEDI (Global
Ecosystem Dynamics Investigation) and ICESat-2, has provided direct 3D structural
measurements that improve vegetation height model accuracy when fused with optical and SAR
predictors (Dubayah et al., 2020; Lei et al., 2024; Sothe et al., 2022). Studies repeatedly
demonstrate that combining spaceborne LiDAR metrics with optical and SAR predictors
outperforms any individual sensor — for example, correlations between predicted and observed
vegetation heights were found to rise from <0.50 for single-sensor approaches to 0.60—0.70 for
fused systems (Lei et al., 2024; W. Li et al., 2020; J. Wang et al., 2024; W. Zhu et al., 2023).

At the methodological level, machine learning and deep learning architecture have
progressively replaced traditional regression approaches. Random Forest remains widely adopted
due to its robustness, interpretability, and suitability for large-scale multi-sensor datasets,
achieving 0.53-0.72 and RMSE of 2.9-5.8 m across diverse forest types (Y. Liu et al., 2019; Morin
et al., 2022; Tsutsumida et al., 2023). Complementary models such as Support Vector Machines
and symbolic regression report correlations around ~0.60 with RMSE values of 1.5-3.1 m (Ghosh
et al., 2020; W. Li et al., 2020). However, a shift from classical methods to deep architectures,
particularly the Convolutional Neural Networks (CNNs), capture hierarchical spatial structure
unavailable to tree-based methods, outperform classical approaches when trained on multi-sensor
datasets with R2~0.64-0.78 (Deng et al., 2025; A. Liu et al., 2024; C. Wang et al., 2025; W. Zhu
et al., 2023). U-Net architectures have extended these advances to pixel-level height mapping with
superior spatial detail through encoder-decoder structures and skip connections that integrate
multi-scale features, achieving correlations exceeding 0.75-0.85 in optimised implementations
(Deng et al., 2025; Ge et al., 2022; Yu & Jung, 2023). Hyperparameter optimization, i.e.,
systematic evaluation of model configurations including filter depth, kernel size, dropout rate,
learning rate, batch size, and regularization strength through randomized grid search, has been
found to further improves mapping performance across model families (Lei et al., 2024; Torres de
Almeida et al., 2022). The integration of advanced data sources with sophisticated algorithmic
approaches represents the current state-of-the-art, though workflows remain task-specific and
require substantial domain expertise for feature engineering and model design. Still, the
transferability of models across regions and sensors remained limited (Fassnacht et al., 2016;
Potapov et al., 2021; Senf et al., 2017).

Earth observation foundation models (FMs) represent an emerging approach to addressing
these limitations by learning generalizable, multi-sensor representations from massive global
datasets through self-supervised pre-training (Zhu et al., 2026). Foundation models such as Prithvi-
EO-2.0 (IBM-NASA) (Szwarcman et al., 2024) and TESSERA (Feng et al., 2025) achieve state-
of-the-art performance in classification and segmentation tasks by learning representations that
transfer across diverse applications (Szwarcman et al., 2024). The Google’s AlphaEarth
Foundation (AEF, 2017-present) model represents a major step forward, integrating Sentinel-1
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SAR, Sentinel-2 optical imagery, GEDI spaceborne LiDAR, ALOS PALSAR-2 L-band radar,
ERAS5-Land climate reanalysis spanning 2017-2024 into, and auxiliary geospatial datasets into a
unified 10 m global grid (Brown et al., 2025). The model outputs compact 64-dimensional
embeddings that encode multi-sensor and temporal information without requiring cloud masking,
cross-sensor preprocessing, or manual feature engineering. While the original AEF publication
demonstrated superior performance across diverse mapping tasks including land cover
classification and agricultural monitoring (Fang et al., 2025; Houriez et al., 2025), applications to
continuous vegetation height prediction—particularly in structurally heterogeneous landscape -
remain limited in peer-reviewed literature.

In this study, we evaluate the potential of Alpha Earth Foundation (AEF) embeddings for
vegetation height mapping by systematically comparing AEF embedding approaches against
traditional multi-sensor methods. For reference data, we used early post-disturbance landscapes in
Central Europe, heavily affected by bark-beetles and anthropogenic disturbances since 2018.
Specific objectives are: (1) systematically review current literature to identify the best performing
bands, sensors, and modelling methods as candidate predictors to predict vegetation heights; (2)
use univariate analysis to test performance power of the candidate predictors; (3) compare the
performance among four modeling configurations: combining two input representations (physical
satellite extracted inputs vs. virtual embeddings with two algorithmic paradigms (Random forest
and U-Net); (4) Systematically quantify prediction accuracy, bias, and variability across
approaches using comprehensive regression metrics (R%, RMSE, MAE, MBE) and height-stratified
performance analysis. This approach allowed us systematically evaluate the performance of
tradition band-based input vs novel AEF databases and evaluate performance of the traditionally
used prediction models (here, random forests) to novel deep learning algorithms (U-Net).

2. Materials and methods
2.1. Experimental design

The workflow comprises four main components for vegetation height prediction: (i) predictors
derived from physical satellites — Sentinel-1 (SAR) and Sentinel-2 (optical); (ii) virtual satellite
representations provided by AlphaEarth Foundations (AEF) embeddings; (iii) UAV-derived
canopy height models used as ground-truth reference data; and (iv) machine- and deep-learning
modelling frameworks (Fig. 1).

First, candidate optical and SAR predictor variables are identified through a systematic
literature review covering the period 2019-2025. Using UAV-based height data as reference,
candidate variables are subsequently screened through univariate linear correlation analyses to
retain the most informative predictors. AEF embeddings are retrieved directly from Google Earth
Engine and used without additional preprocessing.

Second, four experimental configurations are evaluated: Random Forest and U-Net models
trained either on predictors derived from physical satellite data (Physical/RF, Physical/U-Net) or
on AEF virtual embeddings (Virtual/RF, Virtual/U-Net). Third, the performance of these
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configurations is assessed to identify the most effective approach for generating wall-to-wall
vegetation height maps. Model performance is evaluated using multiple metrics, both across the
full dataset and within specific vegetation height strata

INPUTS DATA PREPROCESSING MODELING OUTPUT

Literature Review (2019-2025)

Predictor variables

compiled
Identified 61 predictors

Ground truth vegetation Optical (54); SAR (7)
height data (2023-2024)

Model Evaluation

UAV Stereoscopic RGB Overall performance
image . :
G l:?il\‘ar‘lale Random Forest U-Net — > {5 Rkley MEle WDIE1E
Canopy Height Model Correlation . .
generation Analysis Physical Physical/ Physical/ Performance across
RF U-Net height bands
R2, RMSE, MAE, MBE
Physical satellite data (2023) Virtual/ Virtual/
Optical: (Sentinel-2) Selection of Top Predictors Virtual 2 U-Net
spectral bands, VIs T \ 4
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Download AlphaEarth ISR

) ) Foundation embeddings from Augmentation: 10
Virtual satellite data (2023) I

Google Earth Engine

AlphaEarth Foundation (10m):
64 dimensions

Fig. 1. Workflow for vegetation height prediction using physical (optical and SAR) and virtual
(AlphaEarth Foundations) remote sensing data and two model types (Random Forests and U-NET).

2.2. Study region

The research was conducted across a 9,000 km? forested in the Czech Republic, Central Europe
(Fig. 2) that was severely affected by bark beetle outbreaks between 2018 and (Washaya et al.,
2024, 2025). Forests cover approximately 35% of the region, with Norway spruce (Picea abies)
representing 70% of canopy cover. Approximately 38% of total forest areas and 49% of initial
spruce cover experienced mortality due to the outbreak and were subsequently harvested (Washaya
et al., 2024). Together with the subsequent recovery dynamics, the disturbance created highly
complex spatial and height vegetation structure.
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Fig. 2. Study area with the positions of high-resolution UAV imagery acquired in 2023 and 2024
(blue dots) (a) and location of the study area within the Czech Republic and Europe (b).

2.3. Ground truth vegetation height data

High-resolution canopy height model (CHM) derived from UAV imagery acquired during
summers 2023 and 2024 served as reference data for model training and validation (Fig. 3). The
UAYV campaigns involved low-altitude flights (approximately 100 m above ground level) using a
DJI Phantom 4 Pro equipped with an integrated 20-megapixel RGB camera, capturing imagery at
2-2.5 cm spatial resolution. A total of 40 flight missions were conducted, each covering 10—12
hectares and representing diverse post-disturbance conditions. The captured images were
processed using Agisoft Metashape software and structure-from-motion photogrammetry
techniques to generate georeferenced orthophotographs. The workflow involved aligning UAV
imagery to produce sparse point clouds, subsequently densified through multi-view stereo
matching. Ground filtering algorithms classified ground points, enabling Digital Terrain Model
(DTM) generation. Digital Surface Models (DSMs) were derived from all point cloud data.
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Canopy height models were calculated by subtracting DTMs from DSMs (Yu & Jung, 2023)(Yu
& Jung, 2023).
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Fig. 3. Multi-scale representation of reference vegetation height data. (a) Original UAV RGB
orthophotographs at ~2.5 cm resolution for three representative sites. (b) Structure-from-motion-
derived Canopy Height Models showing continuous height distribution. (c¢) Reference data
resampled to a 10 m resolution grid aligned to the used satellite imagery. Brown colors represent
bare soils (vegetation height <Im).

To align resolution of the reference data with the used satellite imagery, a 10 m x 10 m fishnet
grid was imposed over each UAV-derived CHM, geometrically matching satellite imagery grid.
Mean height was calculated for each grid cell and used as reference for model training. The
resulting dataset comprised 47,103 reference height samples ranging from 0.00 to 40.82 m (mean:
2.37 m, median: 0.59 m, standard deviation: 4.42 m) (Fig 4). The data exhibits strongly right-
skewed distribution, characterizing the heavily disturbed forest landscape.
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Fig. 4. Frequency distribution of reference vegetation height samples (n = 47,103) extracted from

UAV-derived canopy height models and resampled to a 10 m spatial resolution of the used satellite
imagery.

2.4. Literature review

To identify candidate input features commonly used in multi-sensor satellite-based vegetation
height mapping, we conducted a systematic literature review following the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses) framework (Page et al., 2021)(Page
et al., 2021). The search addressed three major academic databases (Web of Science, Scopus, and
Google Scholar) using keyword combinations: (“vegetation height” OR “canopy height” OR
“forest height”) AND (“Sentinel-1” OR “Sentinel-2” OR “SAR” OR “optical”’) AND (“machine
learning” OR “random forest” OR “deep learning” OR “U-Net” OR “neural network”, OR
“CNN”).

Searches were restricted to peer-reviewed journal articles published in English between 2019
and 2025. Studies were included if they: (1) utilized Sentinel-1 and/or Sentinel-2 satellite imagery
for vegetation height estimation, (2) employed machine learning or statistical modeling approaches,
(3) clearly documented predictor variables used, and (4) reported quantitative performance metrics
(RMSE, R?, MAE). Studies were excluded if they relied exclusively on airborne platforms, focused
solely on categorical classification rather than continuous height estimation, or lacked sufficient
methodological detail for replication. From each included study, we extracted information on
geographic location, modeling methods, input features employed with their mathematical
formulations, reference data sources, spatial resolution, and reported accuracy metrics. All
identified input features were compiled into a comprehensive candidate list for empirical
evaluation (see Table 1).
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2.5. AlphaEarth Foundations dataset

The AlphaEarth Foundation (AEF) embeddings represent learned feature representations
generated by a deep learning foundation model pre-trained on diverse global satellite observation
data (Brown et al., 2025). The foundation model was trained on multiple data sources including
Sentinel-1 SAR (Torres et al., 2012), Sentinel-2 optical imagery (Drusch et al., 2012), GEDI
spaceborne LiDAR (Dubayah et al., 2020), ALOS PALSAR-2 L-band radar (Rosenqvist et al.,
2014), and ERAS5-Land climate reanalysis (Mufioz-Sabater et al., 2021), spanning the period from
2017 to 2024 with global coverage. This pre-training enables the model to learn generalizable
representations of vegetation structure, biomass, moisture content, and phenological
characteristics encoded within complex spectral-structural-temporal patterns (Houriez et al., 2025).
Unlike feature-based predictors requiring explicit mathematical formulation (such as vegetation
indices), the AEF embeddings are data-driven representations optimized to encode information
relevant for diverse Earth observation tasks (Brown et al., 2025).

We accessed the AEF embeddings of 2023 (a year of acquisition of most ground truth data) at
10 m spatial resolution through GEE Python API using the image collection identifier
"GOOGLE/SATELLITE_EMBEDDING/VI/ANNUAL". Each pixel is represented by a 64-
dimensional embedding vector (bands A00—A63), where each dimension captures latent features
learned during model training. We extracted AEF embeddings for all 47,103 ground truth sample
locations, forming virtual satellite input feature dataset.

2.6 Height prediction models

We developed four modeling configurations combining physical and virtual satellite input
features with two algorithmic paradigms — machine learning represented by Random Forest (RF)
and deep learning represented by the U-Net algorithm.

2.6.1. Random Forest model

RF is an ensemble machine learning methods that combines predictions from multiple decision
trees, where each tree is trained on random subsets of features and samples to reduce overfitting
and improve generalization (Breiman, 2001). RF models operated on individual 10 m % 10 m pixels
as independent point samples, with each pixel represented as a feature vector paired with reference
height. Training data comprised 47,103 samples extracted using Google Earth Engine's
sampleRegions() function, partitioned into training (70%, n=32,973) and testing (30%, n=14,130)
subsets via stratified random sampling. Physical/RF utilized selected predictor variables identified
through systematic literature review, where Virtual/RF utilized all 64 AEF embedding dimensions.
Both models were implemented in scikit-learn (Pedregosa et al., 2018)(Pedregosa et al., 2018)
with standard hyperparameters: 100 trees (n_estimators=100), unlimited depth (max_depth=None),
and sqrt feature selection (max_features='sqrt'). Model performance was evaluated using 10-fold
cross-validation on training data, with final assessment on the held-out test set using Coefficient
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of Determination (R2), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean
Bias Error (MBE).

2.6.2. U-Net model

U-Net, a convolutional neural network architecture originally designed for biomedical image
segmentation (Ronneberger et al., 2015), features an encoder-decoder structure with skip
connections for multi-scale feature integration. The model performed pixel-wise regression on
32%32 patches at 10 m resolution (320 m ground coverage). The three-level encoder extracted
hierarchical features through successive 3x3 convolutions with ReLU activation and 2x2 max
pooling: Level 1 (32x32, F filters), Level 2 (16x16, 2F filters), and Level 3 (8x8, 4F filters). The
bottleneck applied dual convolutional layers with 8F filters and spatial dropout at 8x8 resolution.
The decoder reconstructed spatial resolution through three upsampling blocks, each performing
2x2 bilinear upsampling, concatenating encoder features via skip connections to preserve fine
spatial details, and applying dual 3x3 convolutions with decreasing filter counts (4F—2F—F). A
final 1x1 convolutional layer with ReLU activation produced single channel output (32x32x1),
ensuring non-negative height predictions. Physical/U-Net processed selected predictor variables
identified through literary search, while Virtual/U-Net utilized 64-dimensional embeddings; all
other architectural components remained identical.

Training patches were extracted from 40 UAV-derived height models (10-12 ha each) and
augmented 10-fold through spatial transformations (90° rotations, horizontal/vertical flips) and
spectral perturbations (brightness adjustment, contrast enhancement, Gaussian noise). Virtual/U-
Net and Physical/U-Net training datasets comprised 572 and 336 patches, respectively, partitioned
through stratified random sampling into training (70%; n=400 and 236), validation (15%; n=86
and 59), and testing (15%; n=86 and 50) subsets. Channel-wise normalization applied using
training set statistics (mean and standard deviation per band) to prevent information leakage.
Systematic grid search (20) evaluated hyperparameter configuration: base filter count F € {24, 32,
401}, kernel size € {3, 5}, dropout rate € {0.15, 0.2}, learning rate € {0.0005, 0.001}, batch size €
{2,4},and L2 regularization € {5x107°, 8<107°}. The training employed Adam optimizer (Kingma
& Ba, 2017) (B1=0.9, B2=0.999) with early stopping (patience=20 epochs) and adaptive learning
rate reduction (factor=0.5) upon validation loss plateaued, with 200 epoch maximum duration. For
operational deployment, we implement a sliding-window strategy processing 32x32-pixel patches
with 50% overlap (stride=16) to minimize boundary artifacts. Each patch receives Gaussian-
weighted blending (6=8) with center-weighted decay toward boundaries, reducing visible seams
when aggregating overlapping predictions. This approach, similar to techniques employed in large-
scale geospatial inference (Houriez et al., 2025), enables seamless wall-to-wall mapping while
maintaining prediction consistency across patch boundaries.
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3. Results
3.1. Predictor identification through systematic literature review

The database searches yielded 484 articles from Web of Science, 202 articles from Scopus,
and 500 from Google Scholar, totaling 1186 articles. Following duplication removal, 573 unique
articles remained for screening. Title and abstract screening of all 573 articles was conducted to
identify studies focused on vegetation or canopy or forest height mapping. The screening resulted
in 103 articles being retained for full-text assessment. Additional 79 articles were excluded during
full-text assessment for the following reasons: (1) studies where continuous vegetation height
estimation was not the primary research objective but rather a secondary attribute alongside
biomass mapping, forest structure characterization, or land cover classification; (2) studies that did
not incorporate Sentinel-1 and/or Sentinel-2 data as part of their methodological framework,
despite initial abstract indications; and (3) studies that lacked sufficient detail in their methodology
sections regarding predictor variable selection, feature engineering processes, or model
implementation procedures, thereby preventing independent replication of the proposed
approaches. Following this assessment, 23 articles were included in the final review (Table 1).

Table 1 Selected vegetation height mapping studies using different physical remote sensing
products (SAR, optical, spaceborne LiDAR such as GEDI and ICESat-2) and different methods.
Performance metrics are root mean square error (RMSE), coefficient of determination (R?), and
the mean absolute error (MAE). Implemented techniques: K-Nearest Neighbors (KNN), Random
Forest (RF), Support Vector Machine (SVM), eXtreme Gradient Boosting (XGB), Multi-scale
Adaptive Residual Segmentation Network (MARSNet), Visual Geometry Group-Adaptive Bins
(VGG-AdaBins), AutoGluon Automated Machine Learning (AAML), Light Gradient Boosting
Machine (LightGBM), Categorical Boosting (CatBoost), Gradient Boosting (GB), Classification
and Regression Trees (CART), Gradient Boosting Decision Tree (GBDT), Symbolic Regression
(SR), Linear Regression (LR), Deep Learning (DL), Convolutional Neural Network (CNN), 1-
Dimensional Convolutional Neural Network (1D CNN), Artificial Neural Network (ANN), BP
Neural Network Inversion Model (BP NNIM), Fully Convolutional Network (FCN). Input data
sensor: Sentinel-1 (S1), Sentinel-2 (S2), Landsat-8 (L8), Landsat-9 (L9), Airborne Laser Scanning
(ALS). Ground truth (Response): GEDI: Relative Height (RH) which represents canopy height
percentiles; ICEsat-2: ATLOS8 which represents surface type land/vegetation.
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The geographic distribution of identified studies showed a concentration in Asia, with
remaining studies distributed across North America, South America, Europe, and Africa (Fig. 5a).
Since 2019, the number of studies meeting the defined criteria has been increasing (Fig. 5b),
though the annual number of studies was limited. The reported performance metrics varied
substantially: RMSE ranged from 1.48—6.93 m (mean across the studies 3.72 m) and R? from 0.23—
0.78 (mean 0.63). Studies employing airborne LiDAR or field-plot reference data achieved
superior accuracy RMSE ranged from 1.48-4.86 m (mean: 2.98 m) compared to those using
spaceborne LiDAR reference data 1.60—6.93 m (mean: 4.0 m). Analysis of modeling approaches
identified Random Forest as the predominant method, followed by deep learning architectures,
traditional machine learning algorithms including SVM and SR, and advanced ensemble methods
such as XGBoost, Gradient Boosting, LightGBM, CatBoost (Fig. 5c). Multi-sensor fusion of
optical and SAR data, particularly Sentinel-1 and Sentinel-2 integration, characterized the majority
of implementations (Fig. 5d).

We identified 61 candidate predictor variables for evaluation: 54 optical-derived variables
from Sentinel-2 (9 spectral bands, 40 vegetation indices, 5 biophysical parameters) and 7 SAR-
derived variables from Sentinel-1 (2 backscatter polarizations, 5 SAR vegetation indices).
Complete variable list with mathematical formulations is provided in Appendix Table Al.
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Fig. 5. Results of the systematic literature review of vegetation height mapping studies (2019-2025,
n=23). (a) Geographic distribution of the selected studies by continent; (b) Annual (bars) and
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cumulative (line) temporal trends in the number of studies; (c¢) Distribution of modeling
approaches; and (d) Sensor integration strategies.

3.2. Reduction of candidate input features

Univariate linear regression analysis between 61 candidate predictor variables and the UAV-
derived reference heights ranked variables by their predictive powers (R? values) (Fig. 6, Table
Al). We found nine bands that with the strongest predictive power (R? > 0.20) dominated by
SAR-derived metrics and red-edge/SWIR optical bands. SAR variables demonstrated the strongest
overall predictive power, with VV and VH polarizations (both individual and combined) achieving
R? values of 0.22-0.24. Among optical variables, Band 5 (Red Edge) emerged as the single best
predictor (R?=0.26), followed by SWIR bands (B11, B12: R?=0.20-0.24) and Band 3 (Green:
R?=0.21). Tasseled Cap transformations matched the predictive strength of individual spectral
bands, with TCW (R?=0.24) and TCB (R*=0.20). These nine variables were used for training
height prediction models. The moderate performance group (0.10<R?<0.20) contained 13 variables,
including various vegetation indices (SLAVI, NDSI, NDMI, etc.) and additional spectral bands
(B2, B4, B6). The low-performance bands (R?><0.10) encompassed the remaining 39 variables,
predominantly consisting of vegetation indices (NDVI, EVI, SAVI, GNDVI, etc.) and derived
biophysical parameters (LAI, FAPAR, FVC, CAB).
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Fig. 6. Univariate regression performance of predictor variables. The top 20 variables are ranked
by R? values calculated between each predictor and the UAV-derived reference vegetation heights.

3.3. Performance of tested model-dataset configurations

Model performance revealed that both input feature representation (physical vs. virtual) and
modeling approach (RF vs. U-Net) contributed to prediction accuracy (Table 3). Virtual satellite
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embeddings consistently outperformed physical satellite extracted features across both modeling
approaches (RF and U-Net). At the same time, U-Net demonstrated higher performance than RF
regardless of input feature type.

Table 3. Performance metrics for vegetation height prediction models evaluated on held-out
(testing) datasets (Virtual/U-Net, Physical/U-Net, Virtual/RF and Physical/RF). Metrics include
coefficient of determination (R?), root mean square error (RMSE), mean absolute error (MAE),
and mean bias error (MBE). Four model configurations combine two modeling approaches (U-Net
and RF) with two input types (physical and virtual satellite features).

Model R? RMSE (m) MAE (m) MBE (m)
Virtual/U-Net 0.90 1.26 0.68 0.07
Physical/U-Net  0.81 1.55 0.80 -0.01
Virtual/RF 0.78 2.05 1.04 0.03
Physical/RF 0.61 2.75 1.46 0.07

Virtual/U-Net configuration achieved the highest performance (R>=0.90, RMSE=1.19 m),
followed by a clear hierarchy: Physical/U-Net > Virtual/RF> Physical/RF (R?: 0.81 > 0.78 > 0.60;
RMSE: 1.55 m>2.05 m > 2.75 m) (Table 3). Transitioning from RF to U-Net with identical input
features reduced RMSE by 44% for physical satellite derived features (2.75 m — 1.55 m) and 39%
for virtual embeddings (2.05 m — 1.26 m), indicating that spatial context modeling provides
advantages across different feature representation types. Notably, Physical/U-Net outperformed
Virtual/RF embeddings by 24% in RMSE. Similarly, transitioning from physical satellite extracted
features to virtual satellite embeddings reduced RMSE by 26% for RF (2.75 m — 2.05 m) and
19% for U-Net (1.55 m — 1.26 m).

Scatter plots of observed versus predicted vegetation heights (Fig. 7) and the corresponding
residual distributions indicate that the Virtual/U-Net configuration achieved the smallest
dispersion and the closest agreement with the 1:1 line (Fig. 7a). In contrast, the Physical/RF
configuration (Fig. 7d) exhibited the largest dispersion, particularly at higher vegetation heights.
None of the tested models showed a zero trend in the residuals, indicating systematic
underestimation in the upper vegetation height classes.
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Fig. 7. Observed (held-out test sets) versus predicted vegetation height for four model
configurations: (a) Virtual/U-Net, (b) Physical/U-Net, (¢) Virtual/RF, and (d) Physical/RF. Point
colors represent absolute error magnitude. Red solid lines show linear regression fits; dashed black
lines represent an ideal 1:1 correspondence.

Spatial prediction maps from the best-performing Virtual/U-Net model (Fig. 8) demonstrated
its ability to capture fine-scale vegetation height variability across three representative test areas.
The predicted height maps (Fig. 8b) closely reproduced the reference patterns (Fig. 8a), delineating
both tall and sparse vegetation areas. The spatial distribution of prediction errors (Fig. 8c) revealed
that the largest absolute errors (5-18 m overestimation, up to 31 m underestimation) occurred
primarily in tall vegetation areas, while predictions remained accurate across most of the landscape.
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Fig. 8. Spatial predictions of vegetation height for the Virtual/U-Net model across three
representative test areas. (a) UAV-derived reference heights, (b) predicted heights, and (c)
prediction errors. Brown colors (vegetation height <1m represent bare soils — lack of vegetation).

3.4. Models’ performance across height strata

Height-stratified error analysis (Fig. 9, Table A2) revealed distinct patterns across five tested
height classes (0-5, 5-10, 10-20, 20-30, and 30-41 m). All models achieved comparable RMSE for
low vegetation (0-5 m), but relative errors (nRMSE) varied substantially across models.
Differences in model performance were more pronounced at higher vegetation heights than at
lower heights.

Absolute error patterns differed fundamentally between model types (Fig. 9). Virtual/U-Net
maintained relatively stable RMSE across height strata (0.98-3.11 m), whereas Physical/RF
exhibited continuous error increase, particularly beyond 20 m (1.76 m to 15.29 m). The tallest
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vegetation stratum (30-41 m) exhibited the largest performance differences, with Physical/RF
RMSE exceeding Virtual/U-Net by a factor of 6.5.
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Fig. 9. Root Mean Square Error (RMSE) and normalized RMSE (nRMSE) across five vegetation
height strata for four modeling approaches. Bars represent absolute RMSE (left y-axis); lines with
markers represent nRMSE (right y-axis).

Virtual/U-Net showed relatively stable normalized relative errors across all height ranges
(20%- 53%), with a slight increase in mid-height vegetation before stabilizing again in the tallest
stratum. In contrast, Physical/RF maintained consistently elevated normalized relative errors as
vegetation height increased, reaching 156% in the tallest stratum. This difference became most
pronounced in tall vegetation, where Virtual/U-Net maintained stable performance below 22%
relative errors while Physical/RF exceeded 156%.

The advantage of virtual embeddings over physical satellite extracted input features increased
with vegetation height. For low vegetation (0—5 m), virtual embeddings improved performance by
3% (U-Net) and 22% (RF). For the tallest vegetation (30—41 m), improvements increased to 53%
(U-Net) and 67% (RF). Similarly, U-Net outperformed RF across all height ranges, with
advantages increasing from 28% in low vegetation to 62% in the 20-30 m range.
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Fig. 10. Mean Bias Error (MBE) and normalized MBE (nMBE) across five vegetation height strata
for four modeling approaches. Bars represent absolute MBE (left y-axis); lines with markers
represent nMBE (right y-axis).

Bias patterns revealed systematic height-dependent underestimation across all models beyond
the shortest vegetation stratum. Virtual/U-Net exhibited relatively small biases ranging from 0.18
m overestimation in short vegetation to -0.97 m underestimation in mid-height vegetation, before
stabilizing around -0.56 m in the tallest stratum. In contrast, Physical/RF showed severe bias
escalation with height, transitioning from 0.64 m overestimation at low vegetation to -13.97 m
underestimation at tall trees. The tallest vegetation stratum exhibited the largest bias differences,
with Physical/RF underestimating by nearly 14 m while Virtual/U-Net maintained bias below 1 m.

Virtual/U-Net demonstrated relatively stable normalized bias across height strata (ranging
from 3.67% to -12.29%), with the most pronounced underestimation occurring in mid-height
vegetation before improving in taller strata. Physical/RF exhibited increasing negative bias with
vegetation height. This divergence became most severe in tall vegetation, where Virtual/U-Net
maintained normalized bias below -6% while Physical/RF exceeded -142%, indicating systematic
underestimation that worsened proportionally with increasing vegetation height.

The advantage of virtual embeddings in reducing systematic bias increased substantially with
vegetation height. For low vegetation (0-5 m), virtual embeddings reduced normalized bias by 3%
(U-Net) and 36% (RF). For the tallest vegetation (30-41 m), bias reductions increased to 72% (U-
Net) and 71% (RF). Similarly, U-Net outperformed RF in bias control across all height ranges,
with advantages increasing from 55% in low vegetation to 87% in the tallest stratum.
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4. Discussion

4.1. Physical satellite extracted predictor variable selection and implications for multi-sensor
vegetation height mapping

Our systematic literature review revealed substantial growth in satellite-based vegetation
height mapping studies since 2019, with annual studies rising from 2 (2019) to 6 (2025) studies
(Fig. 5b). This reflects growing recognition of vegetation height as a critical biodiversity variable
(Lang et al., 2022). The geographic concentration in Asia (56.5%) and Europe (13.0%) likely
reflects extensive forest resources and disturbance prevalence—tropical cyclones, bark beetle
outbreaks, and land-use changes—necessitating vegetation monitoring (Lang et al., 2019; W. Li
etal.,, 2020; A. Liu et al., 2024; Senf et al., 2019, 2021; Senf & Seidl, 2021; Torres de Almeida et
al., 2022).

Studies employing airborne LiDAR or field-plot reference data achieved substantially higher
accuracy (RMSE: 1.48-4.86 m, mean = 2.98 m) compared to those using spaceborne LiDAR
(RMSE: 1.60-6.93 m, mean = 4.0 m). This pattern indicates that reference data quality determines
maximum achievable model accuracy. Spaceborne LiDAR footprints (25-100 m diameter)
introduce geo-location uncertainties (Roy et al., 2021), waveform processing errors (Dubayah et
al., 2020), and terrain-induced biases (Potapov et al., 2021) that constrain downstream model
performance. Our UAV-derived canopy height models (2.5 cm resolution) position this study
among those with higher-quality ground truth.

Univariate analysis identified SAR-derived variables (VV, VH polarizations, and VV+VH)
and optical blue/red-edge/SWIR bands and indices (B3, B5, B11, B12, TCW, TCB) as the most
explanatory individual predictors (R* = 0.20-0.26), substantially outperforming traditional
vegetation indices like NDVI (R = 0.02). This SAR superiority aligns with established principles:
C-band radar penetrates canopies with co-polarized VV returns sensitive to vertical structure
through trunk-ground double-bounce scattering, while cross-polarized VH captures volume
scattering from three-dimensional architectures (Ghosh et al., 2020; Y. Liu et al., 2019; Torres de
Almeida et al., 2022). However, C-band backscatter saturates beyond 20-25 m (Santoro, Cartus,
& Fransson, 2021), with even L-band systems showing reduced sensitivity above 30 m (Mermoz
etal., 2015). Sentinel-2's Red-edge band B5 (R? = 0.26) demonstrates sensitivity to canopy density
gradients and leaf area variations (Pickstone et al., 2025), while SWIR bands maintain sensitivity
to moisture content and structural complexity. Tasseled Cap transformations (TCW, TCB)
effectively captured structural variance without advantage over individual bands.

Traditional indices (NDVI, EVI, SAVI: R? <0.10) performed poorly in our disturbed landscape
versus mature forests, this is in line with literature (F. Li et al., 2025; Y. Liu et al., 2019). This
discrepancy reflects data composition differences: our reference data dominated by low-height
pixels (median = 0.59 m, 66.1% in 0—5 m) versus mature continuous canopies in prior studies. In
disturbance-dominated landscapes, traditional indices saturate rapidly at low biomass (Morin et
al., 2022), whereas SAR backscatter and red-edge reflectance maintain sensitivity across



500
501
502

503
504

505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538

disturbance-recovery gradients. This compositional difference limits direct comparability with
literature focusing on structurally mature forests.

4.2. Virtual satellite embeddings (AlphaEarth Foundation) versus physical satellite extracted
input representation: Multi-source learning

Virtual/U-Net achieved the highest unseen test set performance (R? =0.90, RMSE = 1.19 m),
demonstrating that learned embeddings from the AlphaEarth Foundation substantially
outperformed physical satellite extracted input representations. To our knowledge, this study
represents the first application of AEF embeddings for continuous vegetation height prediction.
While the original AEF publication (Brown et al., 2025) demonstrated superior performance
across diverse mapping tasks including land cover classification and agricultural monitoring, no
peer-reviewed studies have yet applied AEF to vegetation height estimation in disturbed forest
landscapes. AEF's superiority likely stems from its training methodology integrating GEDI
spaceborne LiDAR canopy height metrics alongside optical (Sentinel-2, Landsat 8/9) and SAR
(Sentinel-1, ALOS PALSAR-2) observations spanning 2017-2024 with global coverage (Brown
et al., 2025). This multi-source pre-training enables the model to learn implicit relationships
between spectral-structural patterns and three-dimensional forest structures that are difficult to
capture through physical satellite extracted vegetation indices.

Virtual embeddings provided consistent advantages across both U-Net (23% RMSE reduction)
and RF (26% RMSE reduction), suggesting complementary information regardless of modeling
approach. However, diminishing relative improvement in U-Net (23% vs. 26%) indicates
convolutional architectures partially compensate for limited spectral-SAR information through
spatial pattern extraction, particularly valuable in heterogeneous post-disturbance landscapes
where neighborhood information disambiguates spectrally similar but structurally distinct
vegetation types. An unexpected finding was high variability in predicted heights for zero or near-
zero reference areas (0—5 m: nRMSE = 41-74%). One might assume that detecting bare ground or
sparse grass would be straightforward, yet this proved challenging for all models. Temporal
mismatch between UAV acquisition (summers 2023-2024) and AEF embedding year (2023
annual composite) may contribute. In rapidly recovering post-disturbance sites, herbaceous
vegetation and early successional shrubs establish within single growing seasons, creating
asynchrony between reference and satellite observations. Additionally, low vegetation exhibits
high spectral variability due to soil background influence, residual woody debris, and phenological
dynamics not fully captured by annual composites (Senf et al., 2017, 2019; Senf & Seidl, 2022) .
This limits post-disturbance monitoring applications where accurate early regeneration mapping
is critical for assessing recovery trajectories. Despite challenges at low heights, Virtual/U-Net
maintained stable absolute errors (RMSE: 0.98-3.11 m) and declining relative errors (nRMSE:
41% to 6.5%) across height strata. This performance consistency encourages potential applications
in mature forests, suggesting AEF-based approaches may generalize beyond disturbed landscapes
dominating our training data.
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4.3. Height-stratified performance and operational challenges

Height stratification analysis revealed that modeling architecture choice became increasingly
critical with vegetation height (Fig. 9). U-Net's advantage over RF increased substantially across
strata: 28% RMSE reduction in low vegetation (0-5 m) expanding to 62% in mid-height vegetation
(20-30 m). This escalating performance gap, from 0.38 m (0-5 m) to 4.58 m (20-30 m) absolute
difference for Virtual embeddings, demonstrates that spatial context integration becomes
indispensable for tall vegetation prediction. Convolutional architectures like U-Net analyze
neighborhoods of pixels together, capturing spatial patterns such as canopy texture, vegetation
edges, and how nearby areas relate to each other which is unavailable to Random Forest and
examines each pixel independently (Ge et al., 2022). This neighborhood context becomes
increasingly important for tall vegetation, where continuous tree canopies create homogeneous
patches with distinct boundaries. Random Forest's pixel-by-pixel approach struggles in these
situations because it cannot distinguish between spectrally similar vegetation types that differ in
their spatial arrangement and context. The contrasting error trajectories between architectures—
Virtual/U-Net maintained stable RMSE (0.98-3.11 m) while Physical/RF exhibited continuous
escalation beyond 20 m (1.76-15.29 m)—underscore this fundamental architectural difference. In
the tallest stratum (30-40.82 m), Physical/RF RMSE exceeded Virtual/U-Net by factor 6.5,
demonstrating complete breakdown of pixel-based prediction in tall, structurally complex
vegetation.

Despite strong unseen test set performance, operational deployment across 9,000 km? revealed
systematic height-dependent bias not captured by test evaluation. Pixel-wise comparison with
UAYV reference data showed pronounced underestimation in tall stands (reaching -31 m) and minor
overestimation in disturbed areas (up to +18 m), representing critical limitations for precise
absolute height estimation across heterogeneous post-disturbance landscapes. Two interrelated
factors explain the observed bias patterns. First, the training data was heavily imbalanced toward
low vegetation. Nearly two-thirds of training samples (66.1%) came from areas with vegetation
below 5 m height, while only 0.3% represented vegetation above 25 m (Fig. 4). This imbalance
reflects the disturbed nature of our study area but created a critical limitation: only 161 training
pixels (0.34%) captured vegetation exceeding 25 m, with just 2 pixels representing the maximum
height of 41 m. With so few examples of tall vegetation, the model struggled to learn accurate
predictions for tall trees, despite its sophisticated architecture designed to capture complex spatial
patterns (Buda et al., 2018).

Second, satellite sensors have physical limitations at detecting tall, dense vegetation. Both
radar (C-band SAR) and optical satellite signals become saturated—meaning they can no longer
distinguish differences—once canopy heights exceed approximately 20-25 m (Potapov et al.,
2021; Santoro, Cartus, & Fransson, 2021). While AEF embeddings incorporate spaceborne LiDAR
data (GEDI) that partially overcome this limitation, the global dataset used to train AEF may not
adequately represent severely disturbed temperate forests with scattered tall remnant trees. As a
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result, even our best model (Virtual/U-Net) systematically underestimated heights in the tallest
vegetation category (30-40.82 m: MBE = -0.81 m). These systematic biases pose significant
limitations for carbon stock estimation in disturbed forests, where accurate quantification of both
remnant tall trees and regeneration dynamics is essential (Bustamante et al., 2016; Senf et al.,
2017).

The systematic height-dependent bias observed in operational deployment represents a well-
documented challenge in remote sensing that can be effectively addressed through quantile
mapping bias correction. This distribution-based technique, which adjusts predicted values to
match the statistical distribution of reference data while preserving spatial patterns, has
demonstrated success in correcting satellite-derived vegetation estimates across multiple
applications including global forest canopy height (Lang et al., 2022; Potapov et al., 2021), GEDI
lidar biomass predictions (Duncanson et al., 2022), and ICESat GLAS height retrievals (Simard et
al., 2011).

The method operates by establishing transfer functions between the cumulative distribution
functions of predicted and observed values following (Piani et al., 2010), effectively creating
systematic corrections that account for model saturation effects at high values and noise sensitivity
at low values.

For our application, we propose implementing height-stratified quantile mapping calibrated
against independent UAV reference data, with corrections developed separately for distinct height
classes (0-5 m, 5-10 m, 10-20 m, 20-30 m, 30-40.82 m) to explicitly address the non-linear bias
patterns observed across the height gradient. However, several methodological considerations
require careful attention for operational implementation.

First, temporal stability of correction functions must be validated across multiple growing
seasons and years, as phenological variations and atmospheric conditions may affect transferability
(Piani et al., 2010). Second, geographic stratification by structural class may be necessary to
account for regional variations in canopy and species composition (Duncanson et al., 2022). Third,
maintaining strict independence between model training, correction calibration, and validation
datasets is essential to avoid circular validation (Olofsson et al., 2014).

While bias correction represents a scientifically rigorous pathway to improving operational
accuracy, it should be implemented as an integral component of the mapping system to ensure
reproducibility and appropriate interpretation of corrected products in downstream applications.

5. Conclusion

This study demonstrates that AlphaEarth Foundations (AEF) embeddings substantially
advance satellite-based vegetation height mapping in structurally complex, severely disturbed
forest landscapes. Across all experiments, AEF consistently outperformed traditional band- and
index-based multi-sensor predictors, while also reducing workflow complexity by eliminating
manual feature engineering and cross-sensor harmonization. In parallel, deep learning clearly
surpassed classical machine learning: U-Net models outperformed Random Forests regardless of
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input representation, highlighting the importance of spatial context for height prediction in
heterogeneous post-disturbance environments.

The combination of AEF embeddings with a U-Net architecture achieved the highest overall

accuracy (R? = 0.90, RMSE = 1.3 m), outperforming state-of-the-art physical-feature-based
approaches by a wide margin. Performance gains were particularly pronounced in taller vegetation
strata, where traditional methods exhibited strong saturation effects, escalating errors, and severe
negative bias. In contrast, the AEF-U-Net configuration maintained comparatively stable errors
and low bias across the full height range, demonstrating improved robustness to structural
complexity and canopy height extremes.
Beyond accuracy, AEF offers a conceptual shift for vegetation height mapping: compact,
transferable representations replace task-specific predictor design, enabling scalable and
operationally efficient modeling. These results indicate that foundation-model-derived
embeddings, when paired with spatially explicit deep learning architectures, represent a robust and
generalizable solution for large-area vegetation height mapping, especially in disturbance-driven
landscapes where conventional optical-SAR approaches struggle. As foundation models mature
and expand temporally and spatially, they are likely to become a cornerstone of next-generation
forest structure monitoring and ecosystem assessment.
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Abstract

Context Historically, large-scale outbreaks of the
European spruce bark beetle were initiated mainly by
windthrows. However, after 2018, a severe drought
triggered the hitherto largest bark beetle outbreak
observed in Europe, signalling a major shift in the
disturbance regime.

Objectives Develop and test an approach that allows
simulating this novel disturbance dynamics and eval-
uate landscape-scale compound impacts of wind- and
drought-initiated outbreaks throughout the twenty-
first century.
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Methods We incorporated drought-initiated out-
breaks into the forest landscape simulation model
iLand, using critical values of vapour pressure deficit
as the outbreak trigger. Forest management records
and remote sensing-based disturbance maps were
used to derive model parameters and evaluate simu-
lated dynamics in a Central European forest land-
scape (41,000 hectares). The period 1961-2021 was
used for model evaluation, and the years until 2100
for scenario analysis.

Results Incorporating drought as outbreak trigger
led to a notable decoupling of wind and bark beetle
disturbances, which have historically formed a typi-
cal disturbance cascade in European forests. While
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resilient to a wind-dominated disturbance regime, this
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of wind- and drought-triggered disturbances. The
new disturbance regime caused a persistent decline in
Norway spruce and resulted in an overall decrease in
landscape-level growing stock.

Conclusions Our findings underscore the urgent
need for new approaches to evaluate increasingly
complex disturbance dynamics and suggest that the
future impacts of bark beetles on forest landscapes
may be greater than previously anticipated.

Keywords Forest disturbance - Climate change -
iLand model - Ips typographus - Norway spruce

Introduction

After 2018, Europe has experienced an unprecedented
wave of tree mortality that significantly departed
from the historical dynamics in many regions (Senf
and Seidl 2021). This disturbance pulse was spatially
aligned with soil moisture and vapour pressure defi-
cit anomalies, implying an increasing role of drought
in disturbance regimes (Senf et al. 2020). Drought
legacy effects observed in the following years suggest
that physiological recovery processes were impaired,
and trees were prone to secondary impacts from pests
and pathogens (Schuldt et al. 2020).

The most severe and widespread disturbances in
European forests have been caused by the European
spruce bark beetle (Ips typographus L.), which pri-
marily affects Norway spruce (Picea abies (L.) H.
Karst.), a species constituting approximately 25% of
the total growing stock in Europe’s forests (Hlasny
et al. 2021). 1. typographus belongs to the subfam-
ily Scolytinae (Coleoptera: Curculionidae) and is
one of the few bark beetle species exhibiting erup-
tive population dynamics, capable of rapidly increas-
ing in number and causing extensive tree mortality
(Raffa et al. 2008). During outbreaks, enlarged bee-
tle populations overwhelm tree defences through
mass attacks, coordinated by chemical signalling that
guides individuals to specific host trees (Raffa et al.
2016). The beetle typically targets trees older than
60 years and with diameter exceeding 20 cm (Wer-
melinger 2004). Under outbreak conditions and high
population densities, smaller and younger trees may
also be colonized. Factors such as a high proportion
of spruce, high stand density, advanced stand age,
and the presence of forest edges are among the key

@ Springer

conditions that predispose bark beetle infestation on
the stand level (Netherer and Nopp-Mayr 2005).

L. typographus possesses several traits regulated by
temperature and photoperiod, such as spring swarm-
ing, generation timing, and voltinism, which allow it
to adapt its life cycle across a broad geographic range
(Baier et al. 2007; Bentz et al. 2019). In many parts
of Europe, where the annual heat sum is sufficient, /.
typographus can produce more than one generation
per year (Jonsson et al. 2009). While warmer climate
increases the number of annually completed bark bee-
tle generations and extends the beetles™ flight period
(Jakoby et al. 2019), heat and drought spells compro-
mise the defence mechanisms of host trees (Huang
et al. 2020), Netherer et al. 2021. Specifically, spruce
cannot tolerate a drop in plant water potential below
a certain limit (Schumann et al. 2024), at which
point it closes stomata to prevent further water loss.
This stomatal closure, typical of spruce’s isohydric
strategy, helps protect the tree against hydraulic fail-
ure, but also limits photosynthesis and thus the pro-
duction of defence compounds against bark beetles
(Hartmann et al. 2018; Huang et al. 2020). Hot and
dry conditions can thus boost population growth of 1.
typographus.

Historically, large outbreaks of I typographus
were mainly initiated by windthrows, which gener-
ated pulses of breeding material that boosted beetle
population growth (Wermelinger 2004). Upon suc-
cessful colonization of windfelled trees, the enlarged
beetle populations typically expanded into the sur-
rounding forests and caused tree mortality that often
exceeded the impact of the initial windthrow (Mezei
et al. 2017). The outbreaks triggered by windthrows
typically declined after several years due to the
exhaustion of local resources and other mechanisms,
such as decreasing fitness of individual beetles, intra-
specific competition, increasing levels of antagonists,
defence priming of host trees and changes in symbi-
ont communities (Biedermann et al. 2019).

The recent emergence of drought-initiated out-
breaks occurring in the absence of windthrows rep-
resents a distinct change away from the historical
disturbance regime. Such drought-induced outbreaks
have occurred across a range of environments and for-
est types in recent years, including lowland and mon-
tane forests of Czechia, Germany, Austria, France,
Italy, and Sweden (Hlasny et al. 2021; Kirvemo
et al. 2023; Washaya et al. 2024). They have severe
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ecological and socio-economic consequences, includ-
ing accelerated species turnover, reduced forest car-
bon stocks and increased rate of carbon release to the
atmosphere, compromised cultural ecosystem values
and increased timber price fluctuations (Buras et al.
2020; Hlasny et al. 2021; Asada et al. 2023). While
climate projections do not indicate any clear trend
in windspeed (Seneviratne et al. 2021), suggesting
a relatively stable frequency of outbreaks induced
by windthrows, a strong trend in climate aridifica-
tion throughout the distribution of Norway spruce
(Vicente-Serrano et al. 2013) suggests an increasing
frequency of drought-induced outbreaks. The ampli-
fying effect of climate change on outbreak size and
severity together with the increased incidence of trig-
gering events can thus lead to a substantial increase in
forest disturbance by bark beetles. However, the pos-
sible future trajectories and their implications for the
provisioning of ecosystem services remain unclear.

Dynamic vegetation models are important tools
for understanding ecosystem dynamics under climate
change (Blanco and Lo 2023; Rammer et al. 2024).
However, models are challenged by the emergence
of novel process interactions and feedbacks, which
require a continuous evaluation of model structure. In
the context of 1. typographus dynamics, models exist
for simulating the interaction between windthrows
and outbreaks, for example, PICUS, ilLand, and
LandClim (Temperli et al. 2013; Maroschek et al.
2015; Rammer et al. 2024). Water limitation typi-
cally serves as predisposing or amplifying factor
in these models but is not considered as an inciting
factor (sensu Manion 1981) of large-scale outbreaks.
Given the experiences of years following 2018 and
the expected future increase in drought frequency and
severity, this design element of current models could
lead to a considerable underestimation of bark beetle
dynamics under climate change. Considering drought
as predisposing, amplifying, and inciting factor of
outbreaks explicitly could thus significantly improve
simulations of climate change-induced shifts in dis-
turbance regimes.

Here, our objectives were to (i) develop an
approach that incorporates drought-induced bark
beetle outbreaks into the forest landscape and distur-
bance model iLand (Seidl et al. 2012; Rammer et al.
2024); (ii) test whether this approach is able to cap-
ture important characteristics of the recent bark beetle
outbreak in Central Europe; (iii) analyze simulations

incorporating the compound effects of wind- and
drought-initiated outbreaks throughout the twenty-
first century considering scenarios of climate change;
and (iv) assess their impact on forest species compo-
sition and growing stock.

Methods
Simulation model

iLand is a process-based forest landscape model that
simulates forest dynamics at the level of individual
trees for landscapes spanning several thousands of
hectares (Seidl et al. 2012; Rammer et al. 2024). The
model accounts for continuous processes such as
tree growth, mortality, and regeneration, and discon-
tinuous processes such as natural disturbances and
forest management. iLand operates in a multiscale
hierarchical framework, with large-scale processes
forming constraints for processes at finer scales, and
the dynamics at fine scales feeding into processes at
higher scales.

iLand dynamically simulates the regeneration,
growth and mortality of individual trees, as influenced
by climate, soil, initial state of the vegetation and
disturbance. The spatial resolution of forest dynam-
ics simulations is 2X2 m, while element cycles and
environmental constrains related to energy, water and
nutrients are considered at the scale of 100 100 m.
iLand is driven by daily climate data, i.e., minimum
and maximum air temperature, precipitation, radia-
tion, and vapour pressure deficit. Production physiol-
ogy is modelled using a light-use efficiency approach,
driven by environmental conditions and species traits
(Landsberg and Waring 1997). Carbohydrate alloca-
tion in trees is calculated annually based on allomet-
ric ratios and is sensitive to a tree’s competitive sta-
tus. Tree regeneration is modelled at an annual time
step in 2x2 m? grid cells. Seed dispersal, climate-
dependent establishment, and seedling and sapling
growth are driven by species-specific traits. The mor-
tality probability of a tree is influenced by its carbon
balance, size, and age.

Management is simulated using iLand’s Agent-
Based Management Engine (Rammer and Seidl
2015), which employs so-called Stand Treatment Pro-
grams (STPs) to execute a series of silvicultural oper-
ations throughout the course of stand development.

@ Springer
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STPs include planting, thinning and harvesting of
trees. The adaptive elements of STPs include modi-
fying the timing of thinning based on the actual
stand density, replanting disturbed sites depending
on the state of natural regeneration, and resetting the
sequence of operations if a stand experiences severe
disturbance.

Wind disturbances are simulated based on maxi-
mum wind speed, wind direction, and storm dura-
tion (Seidl et al. 2014). Impacts are simulated with
a dose-response model, accounting for the vertical
wind profile and resulting turning moment (Gardiner
et al. 2000), and for local sheltering by neighbour-
ing trees as well as the size of upwind gaps. Wind
disturbances are initiated in locations where vertical
differences between the top heights of neighbouring
grid cells exceed 10 m, i.e., at forest edges (Blennow
and Sallnis 2004). Critical wind speeds are calculated
separately for stem breakage and uprooting based
on Gardiner et al (2000). Wind impacts are simu-
lated iteratively during an individual event, with for-
est structure being updated after each iteration. The
model was tested, for example, in Sweden following
the storm Gudrun (2005), displaying good corre-
spondence of observed and predicted wind damage
patterns (Seidl et al. 2014).

iLand includes an advanced submodule for simu-
lating European spruce bark beetle (Ips typographus
L.) dynamics. The module considers the phenology
and development of beetles, their spatially explicit
dispersal, host tree colonization and defence, and
temperature-related overwintering success (Seidl
and Rammer 2017). Beetle development is simu-
lated using a phenology-based process model (Baier
et al. 2007), accounting for life-stage specific thermal
requirements for beetle development and determining
the number of generations and sister broods the insect
can complete per year. Host trees are Norway spruce
trees with a diameter at breast height of > 15 cm.
Concerning dispersal, the model tracks beetle cohorts
defined as the minimum number of beetles needed to
colonize a tree. Every brood tree disperses a number
of beetle cohorts determined by the reproductive rate
of the beetles, estimated to range between 4 and 24
(Wermelinger and Seifert 1999). Dispersal consists
of two stages: a passive flight simulated with a sym-
metrical dispersal kernel and an active flight where
beetles look for suitable host trees within a 3030 m
search window (Kautz et al. 2014). Host colonization
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success depends on the defense capacity of the host
tree that is approximated by non-structural carbohy-
drate reserves (Huang et al. 2020). While bark bee-
tle population size fluctuates depending on meteoro-
logical conditions, outbreaks are mainly triggered by
windthrows, which provide a surplus of breeding
material (Wermelinger 2004). Removal of windfelled
trees can thus exert a strong dampening effect on bark
beetle outbreaks (Dobor et al. 2020a; Augustync-
zik et al. 2021). Model simulations were previously
tested against independent data by Sommerfeld et al.
(2021), who found good correspondence of simulated
levels of infestation and spatial infestation patterns.
The model code and executable as well as an exten-
sive online documentation are available at https://
iland-model.org/.

Implementation and testing of drought-initiated
outbreaks

In the absence of windthrow, bark beetle infestations
are initiated in iLand based on a parameter determin-
ing the probability of a forest patch to be infested,
represented as the annual outbreak probability per
hectare. This initial probability (IP) is a user param-
eter with a default value of 0.000685, which has been
estimated based on an empirically determined distur-
bance rotation period of 365 years and a mean distur-
bance size of 4 ha (Thom et al. 2013; Thom and Seidl
2016). The IP is modified by a climate-sensitive mod-
ifier that represents the deviation of summer precipi-
tation in the actual year from the historical average
conditions for which the IP has been specified (Seidl
et al. 2016). While these fluctuations can mimic the
variation in the size of endemic bark beetle popula-
tions (i.e., in a non-outbreak phase), they are unable
to initiate large-scale outbreaks.

We build on the existing iLand bark beetle mod-
ule — as described above — for incorporating drought
as an inciting factor of bark beetle outbreaks. Since
research on drought-induced outbreaks of spruce
bark beetle remains scarce (but see Hlasny et al.
2021; Kdrvemo et al. 2023; Washaya et al. 2024), we
used a semi-empirical model formulation, combin-
ing fundamental ecological understanding with lim-
ited observational data (Jorgensen and Bendoricchio
2001). Specifically, we introduced a mechanism for
drought-initiated outbreaks using Vapour Pressure
Deficit (VPD) as an indicator for drought, as VPD
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is a strong driver of tree mortality (Park Williams
et al. 2013; Hartmann et al. 2018). Moreover, VPD
is readily available within iLand, as it affects stoma-
tal conductance and primary production in the model
(Rammer et al. 2024). We introduced a new func-
tion to the module, the OutbreakClimateMultiplier
(OCM), which increases IP during heavy droughts.
Specifically, the function transforms VPD into an
OCM value, which is then used to scale IP multi-
plicatively (Fig. 1, Eq. 1). Rather than using mean
annual VPD, we used the biologically more relevant
June-July mean VPD (VPDjj), roughly correspond-
ing to the time of year when the second bark beetle
generation emerges in Central Europe (Holusa et al.
2012), i.e., during a period when increased climatic
stress to trees can critically boost beetles™ coloniza-
tion success and population growth. As the interan-
nual fluctuations in VPDjj led to unrealistic model

behaviour and to consider the effect of multi-year
droughts we applied a weighted VPDJj, using 70%
from the current year and 30% from the previous year
(VPDjj=0.7*VPDjjyey i+0.3*VPDjjyey i.)- This
aligns with documented effects of multiyear droughts
on tree defence, although critical drought duration
thresholds remain unclear (Peltier et al. 2023; Neth-
erer et al. 2024). The modification of IP by the OCM
is applied in a spatially explicit manner at the level of
iLand resource units (i.e., 1-ha grid cells seamlessly
defining environmental conditions across the study
landscape). Once an outbreak is initiated, its further
development is governed by the processes described
earlier. Hence, once triggered, drought-induced out-
breaks in the model follow a development pattern
similar to wind-induced outbreaks.

The transformation of VPDjj into the OCM is con-
ducted by means of a sigmoidal function:
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10 — RCP4.5 _ i 4
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Fig. 1 A scheme for calculating the Outbreak Climate Multi-
plier (OCM) used to initiate bark beetle outbreaks in iLand. a
Time series of mean June-July vapour pressure deficit (VPDjj)
for the period 1961-2100, consisting of observed data until

2021 and climate projections produced by the model EC-
EARTH_RACMO22E driven by greenhouse gas concentration

2100

1961 2000 2050 2100

scenarios RCP4.5 and RCP8.5 afterwards. b A sigmoidal func-
tion transforming VPDjj into the OCM. The vertical dashed
line represents the critical VPDjj value initiating the outbreaks,

here set to 0.84 kPa. ¢, d Resulting OCM time series indicating
conditions with elevated potential for the outbreaks
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1

OCM = km (l)
where OCM is the Outbreak Climate Multiplier, b is
a critical VPD value defining the function's inflec-
tion point, a is the slope of the function (Fig. 1), k
is a multiplier to scale OCM to result in a maximum
outbreak probability that corresponds to that of wind-
felled trees, and x is VPDJj.

To address the uncertainty of parameter defini-
tions, we represented each parameter in Eq. 1 as a
distribution function:

kNN(l’lk’ O-]%)’ aNN(MLp 0-2)9 b NN(ﬂb7 G]%)

where N(u,, 6,) represents a normal distribution of
parameter k, with i, as the mean and 6, as the vari-
ance. The same notation applies to the parameters a
and b. In each simulation, a parameter value is ran-
domly drawn from the corresponding distribution and
translated into the OCM. This procedure is applied
individually to each 1-hectare resource unit, for
which environmental constraints, including climate,
are defined.

Fig. 2 The position of the
study landscape in Europe
(a white square), forest
cover of the landscape and
the extent of bark beetle
disturbance between 2018
and 2021 identified based
on classification of satellite
data

The function parameters were estimated based on
an analysis of observed bark beetle disturbance data
from our study region (see Fig. 2 and details below),
specifically: (i) the annual timber volume of trees
killed by bark beetles and salvaged during the period
2000-2021, and (ii) forest area affected by bark bee-
tles identified through the classification of remote
sensing data for the period 2000-2021 (Washaya et al.
2024) (Fig. 3). By iteratively comparing simulations
to observed data we determined a VPDJj of 0.84 kPa
to result in the best model performance (parameter b
in Eq. 1). As the slope parameter a had only minor
effects on simulated outbreak dynamics (see sensitiv-
ity analysis in Online appendix E), we arbitrarily set
it to -80 (Fig. 1). Finally, we set k to 438, which, after
multiplying with the baseline infestation probability
of 0.000685, yields the value of 0.3. This represents
the upper limit of infestation probability, indicating
that drought-stressed trees were equally susceptible
to infestation as windfelled trees. As the data required
to parameterize distribution functions of the param-
eters of Eq. 1 are currently lacking, we demonstrated
the effect of parameter uncertainty by using the ear-
lier described parameter values as py p, and py, and

[ ] forest area
I disturbed areas
— rivers
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— Salvage logging data

Remote Sensing
=== Simulations with drought trigger
=== Simulations without drought trigger

Spruce affected (%)

2000 2005

Fig. 3 Comparison of simulated bark beetle disturbance data
with observed disturbance data. Two simulation outcomes are
presented: one considering only wind-incited outbreaks (origi-
nal model implementation, blue), and another considering both
wind- and drought-related outbreaks (orange). The observed
disturbance data are based on remote sensing (forest area

defining the oy, 6,, and o, as 10% of the respective p
value.

To understand how individual parameters affect
simulated bark beetle dynamics, we conducted a
sensitivity analysis (Online appendix E) evaluating
spruce mortality under a broad range of parameter
values. Simulations for the sensitivity analysis did
not assume any windthrows and were driven by a set
of climatic scenarios from 1961-2100 (Table 1). The

Table 1 Projected changes in climate for 2051-2100 accord-
ing to three climate models driven by two Representative
Concentration Pathway scenarios relative to average climatic
conditions for the study landscape in period 1961-1990

2010
Year

2015 2020

affected) and field assessments (growing stock affected by bark
beetles and salvage logged) in the study area. The annual per-
centage of spruce growing stock (from simulations and ground
data) and of spruce area (from remote sensing data) affected
by bark beetles is presented. The simulations were driven by
observed climate data from the study landscape

response variable used was the total spruce growing
stock affected by bark beetles during the simulation.
We calculated the first derivative of the resulting
response functions (i.e., disturbed growing stock over
the range of considered parameter values) to evaluate
which parameter value produces the greatest effect.
The simulated dynamics was tested against the ear-
lier described disturbance data, aiming at the ability
of the model to reproduce the forest mortality wave

(Mean temperature (MT): 8.05 °C; Mean annual precipita-
tion sum (AP): 650 mm; Mean annual Vapour Pressure Defi-
cit (VPD): 0,62 kPa)

Climatic Models / (2051-2100) vs. MT - RCP4.5 MT -RCP8.5 AP -RCP4.5 AP-RCP8.5 VPD-RCP4.5 VPD -RCP8.5
(1961-1990) (®)] (®) (%) (%) (%) (%)
EC-EARTH-RACMO22E-r1 +2.5 +3.8 -3.7 +1.1 +23 +27
(hot-wet)

HadGEM2-CCLM (hot-dry) +3.4 +5.0 -79 -6.8 +34 +53
MPI-CCLM +24 +3.7 -3.1 —-24 +24 +31
(cool-dry)
Average +2.8 +4.2 -49 -2.7 +27 +47
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triggered after 2018 (Fig. 2) in terms of its onset,
duration and termination as well as the total pro-
portion of spruce growing stock and area affected.
Although independent data would be desirable for
model testing, they were not available here. We, how-
ever, note that only the critical VPD value (param-
eter b) was estimated based on observations, and
the remaining metrics analysed in the evaluation are
emergent properties of the simulation.

Climate data and pattern of outbreak-triggering
drought events

To simulate the transition from historical climatic
conditions (i.e., without the occurrence of outbreak-
triggering droughts) to future climates (with a more
prominent role of drought) we conducted simulations
for the period 1961-2100. Climate data represent-
ing the period 1961-2021 (including daily minimum
and maximum temperature, and precipitation) were
measured at a meteorological station located in the
study landscape (Source: Czech Hydrometeorological
Institute). The measured data were downscaled to the
100x 100m grid cells using the MT-CLIM software
(Hungerford 1989), applying lapse rate calculated
from twelve weather stations in the surrounding of
the study region. Vapour pressure deficit was calcu-
lated based on temperature and relative humidity data
(Murray 1967). Solar radiation was derived using
MT-CLIM for each grid cell based on geographical
position and topography.

Climate for the period 2022-2100 was extracted
from the FORESEE 4.0 database (Kern et al. 2024),
which provides bias corrected climate projections
for Central Europe based on the CORDEX ini-
tiative (Jacob et al. 2014). The daily data from the
nearest grid cell (0.1°x0.1°) were downscaled to
each 100X 100m grid cell. Future climate was repre-
sented by the result of 14 climate models driven by
two Representative Concentration Pathways, RCP4.5
and RCP8.5 (Moss et al. 2010). To drive the simula-
tions with iLand, we selected three of the original 14
climate models that captured significant proportion of
temperature—precipitation conditions projected in the
ensemble (Online appendix B). As each model was
driven by two RCP forcings, we considered a total of
six distinct climatic trajectories (Table 1). To under-
stand the evolution of outbreak triggering conditions
across the twenty-first century, we examined the
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frequency of critical VPD anomalies (i.e., with VPDjj
exceeding 0.84 kPa) across all 14 climate models.
Specifically, we calculated the proportion of above-
threshold climate models for each year from 2022 to
2100, which represent the probability of occurrence
of outbreak-triggering conditions.

Study landscape

The study landscape is located in the Czech Repub-
lic, Central Europe (Fig. 2). The size of the land-
scape is 40,928 ha with 45% forest cover (18 500 ha).
The elevation range is 240-540 m a.s.l., and the
mean annual air temperature and precipitation sum
ranges are 7.8-9.2 °C and 604-683 mm, respectively
(1961-2018 data). Forests in the study landscape
have been intensively managed for timber production,
which resulted in a widespread occurrence of Norway
spruce, mostly growing outside of its realized niche.
Except for Norway spruce (57.7%), the current tree
species composition mainly consists of Scots pine
(Pinus sylvestris L.; 10.7%), European beech (Fagus
sylvatica L., 7.6%), and oaks (Quercus spp.; 8.8%).
The dominant management system is shelterwood
(i.e., an even-aged silvicultural system that harvests
trees in several progressive steps, leading to the estab-
lishment of a new cohort of trees under the shelter of
the remaining mature trees) with an average rotation
length of 120 years.

After 2018, the landscape was affected by a severe
outbreak of spruce bark beetle that was initiated by
an extended period of drought (Fig. 2) (Washaya
et al. 2024). The outbreak affected 40.6% of spruce
growing stock between 2018 and 2021, representing
the most severe disturbance in the recorded history
of the landscape. The recent disturbance dynamics
of the study landscape aligns well with the dynam-
ics observed across the entire country (Washaya et al.
2024) and parts of Europe (Patacca et al. 2023).

Experimental design

Initial forest conditions were defined based on stand-
scale data seamlessly covering the landscape (Source:
Forest Management Institute, Czech Republic), which
were recorded in the field between 2010 and 2014.
The data include the average characteristics of forest
stands (i.e., polygons with an average size of 1.04 ha),
specifically tree species composition, stand age, and
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basal area (see Dobor et al. 2024, for more details).
To evaluate the transient change in forest dynamics
from 1961 to 2100, we used these forest conditions
as a starting point for simulations. Simulated man-
agement closely resembled the practices applied by
managers in the landscape over the past 30 years. It
involved a shelterwood cutting system with rotation
lengths of 80-140 years, depending on site condi-
tions and tree species. Management was implemented
through five site-specific STPs (Rammer and Seidl
2015), which included sequences of operations such
as planting after harvests and disturbances, a series
of thinning operations, and final harvesting. Unlike
current management practices, we did not apply
any salvage logging of windfelled trees which serve
as breeding substrate for bark beetles (Dobor et al.
2020b, a).

To discern the effect on simulated disturbances
resulting from the introduction of drought-induced
outbreaks, we compared simulated forest dynamics
under wind-induced outbreaks (previous model ver-
sion) with the new regime that contained the com-
bination of wind- and drought-initiated outbreaks.
Given the high climatic sensitivity of bark beetle out-
breaks and the anticipated increase in drought condi-
tions under climate change, we assessed simulated
disturbance dynamics under climate change in scenar-
ios derived from three climate models for two RCP
scenarios (Table 1). Because the parameters in Eq. 1
are represented as probability distributions, each sim-
ulation was replicated 30 times with randomly drawn
parameter values from these distributions. Altogether,
the simulation experiment consisted of 186 runs:
[(simulation containing wind trigger only)+ (simula-
tion containing drought and wind triggers X 30 repli-
cates of the Eq. 1 parameters)] X (3 RCMs x 2 RCPs).

All simulations were driven by an identical wind
sequence representing the timing of windstorms,
wind speed, wind direction, and windstorm dura-
tion (Seidl et al. 2014). The 140-year long sequence
(1961-2100) consisted of a number of minor wind
events and six more significant storms (Online appen-
dix D). Wind speed and wind duration parameters
were iteratively adjusted to reach the average impact
of around 0.5% of the growing stock affected annu-
ally within the simulation period 1961-2021, which
was the observed level of disturbance in the period
1980-2010. The most severe windstorm occurred in
the year 2070, serving to assess the effects of previous

forest development driven by different climates and
outbreak dynamics on future wind vulnerability of
forest growing stock. We note that although all simu-
lations were exposed to the same wind sequence, the
simulated impact differs between scenarios because it
is an emergent property of the interaction of wind and
vegetation conditions.

Results
Model testing

There was no significant windthrow in the study
landscape during the period 2000-2021 (Fig. 3).
After 2017, both remote sensing-based forest change
maps and salvage logging data indicated a substantial
increase in tree mortality associated with bark bee-
tle outbreaks. During the peak period from 2018 to
2021, between 9 and 13% of spruce growing stock
(according to salvage logging data) or spruce area (as
indicated by remote sensing) was affected annually.
Cumulatively, 44 and 46% of the initial spruce grow-
ing stock and spruce area, respectively, were affected
between 2000 and 2021.

In simulations using the previous model version
(wind-triggered outbreaks only), spruce mortality
due to bark beetles slightly increased between 2017
and 2020, peaking at 1.8% of spruce growing stock
affected by bark beetles annually. However, this
increase was not sufficient to initiate an outbreak, and
tree mortality declined as soon as the climatic stress
was alleviated. The total affected spruce growing
stock between 2000 and 2021 was 6.6% in these sim-
ulations. In contrast, spruce mortality caused by bark
beetles exhibited a sharp increase post-2018 in simu-
lations which involved a drought trigger (new model
version), closely aligning with observed mortality
patterns (Fig. 3). The total affected spruce grow-
ing stock between 2000 and 2021 was 47.5%, which
closely corresponds to observations. Despite substan-
tial difference in the total outbreak impact between
the two simulations, the correlations of annual values
of simulated tree mortality with observed tree mortal-
ity were high in both cases: The R? was of 0.72 with-
out drought trigger and 0.86 with drought trigger.

Finally, while the observed outbreak collapsed
after a single culmination year, the simulated out-
break culminated over several years. This is likely
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the result of the specified outbreak duration in iLand
(Kautz et al. 2011; Lausch et al. 2013; Seidl et al.
2016), but could also result from active risk man-
agement measures that were not considered in the
simulation.

Temporal pattern of future droughts inciting bark
beetle outbreaks

The distribution of VPDjj values differed significantly
between the observed climate of the past and climate
projections, as well as between RCP scenarios. Under
RCP4.5, the median projected VPDjj for 2021-2050
(0.77 kPa) was similar to that for 2071-2100
(0.76 kPa) but higher than the observed median
of 0.62 kPa for 1961-1990 (Fig. 4a, b). In contrast,
under RCP8.5, the median VPDjj for 2071-2100
(0.83 kPa) was higher than for 2021-2050 (0.75 kPa).
In the period 1961-1990, no year exceeded the out-
break threshold of 0.84 kPa. Under RCP4.5, an aver-
age of 24% of years (inter-model range: 7-38%) dur-
ing 2021-2050 and 19% (0-47%) during 2071-2100
surpassed this threshold. Under RCP8.5, these pro-
portions were 18% (7-27%) and 46% (17-83%),
respectively.

Based on agreement across the 14 climate mod-
els (Online appendix B), the annual probability of
exceeding the outbreak threshold of 0.84 kPa differed
between RCP scenarios (Fig. 4c, d). Under RCP4.5,
the probability peaked around 2060 at an average of
25%, with some years reaching up to 50%. Under
RCP8.5, this proportion steadily increased after 2021,
reaching 50% by 2100.

Simulated disturbance dynamics

In simulations considering only wind as outbreak
trigger, bark beetle outbreaks were closely related
to windthrows (Fig. 5). Outbreak peaks were higher
under RCP8.5 than under RCP4.5 in the second half
of the century, when the difference in warming levels
between the two RCPs was more pronounced (Online
appendix A). The cumulative disturbance impact
from 1961 to 2100 ranged between 5,909 and 7,631
thousand m?, depending on the climate model (6,323
thousand m?, on average) (Fig. 6).

In simulations considering drought as outbreak
inciting factor, outbreak size increased, mainly
between 2020 and 2060, and outbreaks become
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distinctly decoupled from wind disturbances. The
cumulative disturbance impact exceeded the wind-
only scenario by 36.1%, with damage ranging from
8,140.8 to 9,638.8 thousand m’. Although out-
break-triggering droughts were more frequent under
RCPS8.5 than under RCP4.5 (Fig. 4), the difference in
outbreak dynamics between the RCP scenarios was
only moderate. This is the result of a rapid deple-
tion of host trees for bark beetles even under RCP4.5
(see Sect. “Disturbance effects on growing stock and
tree species composition”), constraining disturbance
activity across both scenarios, particularly in the sec-
ond half of the century.

The combined wind- and drought-induced out-
breaks reduced wind impacts in the second half of
the twenty-first century (Fig. 5) by depleting wind-
prone mature spruce trees, which were replaced by
more wind-resistant species (Fig. 9). This suggests a
transition from wind- to drought-driven disturbance
dynamics in the twenty-first century. This transi-
tion was also confirmed by the substantially smaller
impact of the major windthrow event simulated
in 2070 and the subsequent outbreak (in the years
2070-2075) in simulations considering wind- and
drought-induced outbreaks compared to those with
wind-induced outbreaks only (Fig. 7).

Disturbance effects on growing stock and tree species
composition

While the proportion of Norway spruce was relatively
stable between 1961 and 2022, it declined in the
remaining period under simulations with both model
versions. In the wind-only case, the reduction was
significantly accelerated after 2050, when progres-
sive climate change amplified the outbreaks initiated
by windthrows (Fig. 8a). The mean spruce reduction
by 2100 was 43.1% relative to initial conditions, with
an inter-climate model range of 10.2 — 72.1%. This
represents a decrease from the initial spruce growing
stock of 188 m? ha™' to 106.9 m® ha™' (52.4 — 168.8
m? ha™! range). The variation between climate mod-
els was substantial. The most extreme scenario, rep-
resented by the hot-dry HadGEM2_CCLM model
under RCP8.5, led to a sharp reduction in spruce
after two consecutive windthrows around 2050, i.e.,
already before the major windthrow in 2070 (Online
appendix C). This reduction persisted until the end
of the simulation period. In the less extreme climate
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Fig.4 Distribution of two-year weighted mean June-July
Vapour Pressure Deficit (VPDjj) values across three time peri-
ods and two RCP scenarios. The past period 1961-1990 is
represented by observed data, while periods 2021-2050 and
2071-2100 are represented by fourteen climate models. Ver-
tical dashed lines indicate the outbreak threshold of 0.84 kPa
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(a, b). Panels ¢, d give the annual probability of VPDjj values
exceeding the outbreak threshold. During 1961-2021, prob-
abilities are binary (0 or 1), while for 2022-2100, they are cal-
culated based on the proportion of climate model runs (n=14)
above threshold. A spline function with a 95% confidence band
is included to aid the visual interpretation of the data

@ Springer

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



108 Page 12 of 19

Landsc Ecol (2025) 40:108

30
4017 Wind RCP4.5 || Wind - Drought RCP4.5
30 20
l wind disturbance
—— bark beetle disturbance
20
10
w
— QO
s 10 =
£ 5
E Q
E’ )
2 0 08
S c
g 30 §
50| Wind RCP8.5 | Wind - Drought RCP85 | 3
E 3
= o~
m;
30 20~
20
10
10
0 — - 0
2000 2050 2100 2000 2050 2100
Year Year

Fig. 5 Simulated disturbance dynamics in the period 1961—
2100. Two simulations are presented: ‘Wind,” which includes
only wind-initiated bark beetle outbreaks, and ‘Wind-Drought,’
which combines wind and drought as outbreak triggers. In
‘Wind-Drought’, bark beetle activity is increasingly inde-
pendently from windthrows as triggers. Climate in the period

scenarios the reduction in spruce was effectively
offset by the ingrowth of other tree species, notably
European beech and Scots pine, maintaining the over-
all growing stock at a stable level (Fig. 9). This com-
pensatory dynamic was pronounced under RCP8.5,
supported by the stronger fertilization effect of ele-
vated atmospheric CO, concentrations.

Simulations also considering drought-incited
bark beetle outbreaks (Fig. 8, 9) caused an abrupt
reduction of spruce already between 2018-2027,
when the first outbreaks triggered by drought
emerged. By 2100, 91.7% (range of 88.8—95.5%)
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1961-2021 was defined based on local meteorological data.
Climate in the period 2021-2100 was defined based on the cli-
mate model HadGEM2_CCLM (hot-dry) driven by the green-
house gas concentration pathways RCP4.5 and RCP8.5. Simu-
lations driven by other climate model projections can be found
in online Online appendix C

of the initial spruce growing stock was lost. Despite
the high climate sensitivity of bark beetle distur-
bances and higher frequency of VPD events above
the outbreak threshold under RCP8.5 (Fig. 4),
there was no significant difference between the
RCP scenarios (Fig. 8b). This can be attributed to
the already severe disturbance conditions under
RCP4.5, which led to rapid spruce depletion and
thus negative feedbacks on disturbance activity. In
these simulations, the landscape was transformed
into the beech-pine ecosystem, with admixed
spruce, larch, and oaks (Fig. 9).

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



Landsc Ecol (2025) 40:108

Page 13 0f 19 108

Fig. 6 Cumulative dis-
turbed growing stock in the Wind
period 1961-2100 under
different disturbance and
climatic scenarios. ‘Wind,’
includes only wind-initiated
bark beetle outbreaks.
‘Wind-Drought’ considers
both wind and drought as
outbreak triggers. Mini-
mum-—maximum envelopes
arise from the combination
of three climate models
nested within RCP4.5 and
RCPS8.5 climate forcings.

In the case of the Wind-
Drought scenario, a portion
of variability is attributed 2500
to the twenty replicates

representing parameter

uncertainty in the outbreak

triggering function (Eq. 1)
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Discussion

Here, we developed a parsimonious approach that
enables the simulation of transitions from wind-
to drought-driven bark beetle outbreak dynamics

RCP8.5 RCP4.5 RCP8.5

within the forest landscape model iLand (Rammer
et al. 2024). The proposed approach can be used to
explore, for example, the compounding effects of
outbreaks initiated by wind and drought, an interac-
tion expected to become increasingly frequent in
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Fig. 8 Development of
spruce growing stock under Wind wind - Drought
different disturbance and
climatic scenarios. Mean
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envelopes of simulations
driven by three climate
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the future. We demonstrated that the improved bark
beetle module can reliably reproduce observed local
outbreak dynamics and generate plausible outcomes
in decadal-scale simulations. Given the projected
increase in drought conditions under climate change,
our approach represents an important contribution to
more robust simulations of future disturbance dynam-
ics. In the following, we discuss the limitations of the
proposed framework and the potential ecological
implications of the presented simulation outcomes.

Simulation of bark beetle outbreaks

Like several other ecosystem models simulating
spruce bark beetle dynamics (Temperli et al. 2013;
Maroschek et al. 2015), iLand includes windthrows as
an inciting factor for outbreaks. Drought, on the other
hand, has typically acted as amplifying factor for bark
beetle infestations, modulating disturbance severity
rather than triggering large-scale, self-sustaining out-
breaks. However, the recent surge in drought-initiated
bark beetle outbreaks across Europe underscored the
emerging role of severe drought as a primary trig-
ger. In response, we developed and tested a model-
ling approach capable of initiating outbreaks follow-
ing such extreme drought events. We chose VPD as
an outbreak trigger due to the growing evidence for
its significant effects on tree physiology and mortal-
ity (Park Williams et al. 2013; Hartmann et al. 2018).
Additionally, VPD is employed in iLand to modulate
stomatal conductance and primary production, which
ultimately determine the availability of non-structural
carbohydrate reserves and hence tree defence against
bark beetles (Rammer et al. 2024). Although incit-
ing factors, as defined by Manion (1981), operate on
a short time scale, such as windthrows, we utilized a
two-year weighted average of June-July VPD as out-
break trigger in the simulations. This allowed us to
capture the effect of multi-year droughts, which can
impair tree physiological processes, including pro-
duction of secondary metabolites essential for tree
defence (Gely et al. 2020). Nonetheless, we note that
the degree to which biotic mortality agents are linked
to stress physiology is highly variable and insuffi-
ciently understood (Trugman et al. 2021), limiting
the implementation of these interactions in ecosys-
tem models. For example, legacy effects of previous
drought exposure, gradual depletion of non-structural
carbohydrate reserves under multiyear droughts, and

the relationships between primary and secondary
metabolism and their responses to drought, remain
insufficiently understood, yet they are essential for
improving the modelling of tree-bark beetle inter-
actions (Netherer et al. 2015; Huang et al. 2020).
Advances in empirical understanding of these interac-
tions are essential for replacing prevalent, simplified
representations (such as the one presented here) with
more sophisticated, process-based approaches (Huang
et al. 2020). Unless such knowledge is available, the
proposed approach, which substitutes complex pro-
cess understanding with an empirical relationship
between changing climate and outbreak risk, provides
a practical means to simulate transient disturbance
dynamics, with potential applicability beyond bark
beetle outbreaks.

We fitted parameter values of the function trans-
lating VPD to infestation probabilities, achieving a
good match between observed and simulated out-
break dynamics. We note, however, that this param-
eterization mainly focused on high local accuracy,
and that its ability to generalize should be tested in
future works. The fact that the dynamics observed for
our study landscape aligns well with developments
observed across the Czech Republic (Washaya et al.
2024) and Central Europe (Senf et al. 2020) could
be a first indication for broader applicability of the
approach presented here. Future work should focus
especially on refining the VPD outbreak threshold,
identified as the most influential parameter in our
sensitivity analysis (Online appendix E). To account
for uncertainty in outbreak-triggering conditions due
to factors such as variable forest age structure, spruce
proportion and distribution, and site conditions, we
represented each parameter using probability distri-
butions. Due to limited empirical data, these distri-
butions were defined arbitrarily in the current study.
However, recent advancements in the use of remote
sensing for research on biotic disturbances in forests
(Senf et al. 2017) could help identify drought-ini-
tiated bark beetle outbreaks across Europe and thus
improve the generality of model parameterizations,
including parameter uncertainty ranges.

Uncertainty remains regarding the duration of
drought-driven bark beetle outbreaks, which may dif-
fer from that of wind-driven outbreaks due to different
resource distributions (Kdrvemo et al. 2023). Moreo-
ver, our understanding of the underlying processes
causing outbreaks to subside remains insufficient,
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even for wind-initiated outbreaks (Biedermann et al.
2019). While the outbreak observed in our study
landscape peaked in a single year (2019), the simu-
lated tree mortality level remained high until the end
of the simulation in 2021. An improved process-
based understanding of processes driving the col-
lapse of bark beetle outbreaks could further improve
the robustness of simulated trajectories of bark beetle
disturbance. In this context, future research should
specifically examine how drought- and wind-trig-
gered outbreaks differ in terms of the mechanisms
that dampen outbreak dynamics (Biedermann et al.
2019; Schroeder et al. 2025).

Despite the limitations of the proposed framework,
our results demonstrate the applicability of iLand and
the improved bark beetle module to simulate local
developments with high accuracy, and make mean-
ingful decadal-scale projections of landscape trajec-
tories. Although the changes made to the model are
parsimonious, they are embedded in a complex simu-
lation framework that incorporates climate-sensitive
bark beetle development and tree defence, community
level vegetation feedbacks, and possible interactions
with other disturbance agents (Honkaniemi et al.
2021), and is thus able to simulate dynamic feedbacks
between climate, vegetation and disturbances.

Effect of drought-initiated outbreaks on forest
dynamics

The consideration of drought-induced bark beetle out-
breaks significantly amplified simulated bark beetle
disturbances after 2018, as the critical VPD thresh-
old was increasingly exceeded. Considering wind-
and drought-triggered outbreaks jointly resulted in a
persistent reduction of growing stock already in the
coming decades. This suggests that while growing
stock was resilient to a wind-dominated disturbance
regime, this resilience diminished under the com-
pounded impact of wind- and drought-triggered dis-
turbances, even under the moderate climate change
represented by RCP4.5. This result aligns with pre-
vious studies which indicated low resilience of for-
est carbon and biomass to novel disturbance regimes
under climate change (Turner and Seidl 2023), with
potentially strong consequences for bioeconomy and
climate change mitigation (Dye et al. 2024; Heteméki
et al. 2024). The simulated magnitude of bark beetle
impact also corresponds well to recent observations

@ Springer

from Central Europe: For instance, spruce growing
stock in the Czech Republic declined by approxi-
mately 20% from 2017 to 2022, with certain regions
experiencing reductions of 40 to 60% (Washaya et al.
2024).

Incorporating drought as a trigger for bark beetle
outbreaks led to a notable decoupling of wind and
bark beetle disturbances. Moreover, we observed
an overall transition from wind- to drought-driven
dynamics in the twenty-first century, with a nota-
bly smaller impact of the 2070 windthrow under the
combined effect of wind and drought-initiated out-
breaks (Fig. 5 and 7). The underlying mechanisms
were complex, involving an increasing frequency of
critical VPD conditions while windthrow frequency
remained stable (Seneviratne et al. 2021), and vegeta-
tion feedback characterized by an increase in species
which are less wind-prone than spruce (Wallentin
and Nilsson 2014), and which are not suitable hosts
for the European spruce bark beetle. These findings
confirm the ability of our new module to simulate
transient ecosystem dynamics and help understand
changes in disturbance regimes in Europe caused by
climate change.

Regarding tree species composition, spruce
remained dominant when solely considering wind-
driven bark beetle outbreaks, except in the most
severe scenarios of climate change (Fig. 9). The
incorporation of drought-incited outbreaks signifi-
cantly reduced spruce on the landscape, with the
major drop occurring between 2030 and 2040, even
under the moderate climate scenario represented by
RCP4.5. Subsequently, species such as European
beech and Scots pine gained dominance. The direc-
tion of this transformation aligns well with previous
empirical and modelling studies, which indicated
the increase in drought tolerant and warm-adapted
tree species under climate change, such as European
beech at the expense of Norway spruce (Hanewinkel
et al. 2013; Kasper et al. 2022). Nevertheless, the high
pace of the transition identified here suggests that pre-
vious studies may have underestimated the impact of
natural disturbances amplified by climate change and
their catalyzing effect on forest transformation (Thom
& Seidl 2016).

Finally, the two model variants (i.e., with and
without considering drought-induced bark bee-
tle outbreaks) resulted in distinctly different vari-
ability in simulation outcomes, driven primarily
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by differences among climatic scenarios. In the
wind-only simulations, variability remained high
because a substantial amount of mature spruce
stands persisted throughout the simulation period,
allowing for varied disturbance dynamics under dif-
ferent climatic conditions. Conversely, under the
compounding impacts of wind- and drought-initi-
ated outbreaks, spruce growing stock was rapidly
depleted—even under RCP4.5—thereby narrow-
ing the simulated range of variability. Hence, while
simulations with outbreaks triggered by wind-only
suggest that spruce could be maintained and related
management objectives achieved under -certain
conditions, simulations considering both wind and
drought as outbreak triggers invariably predict a
critical decline of spruce. Since the compounding
impacts of wind and drought-triggered outbreaks
are likely to become the new normal in the future,
these outcomes warrant critical consideration in
management planning in spruce dominated forests
of Central Europe.

Conclusion

Modelling novel disturbance dynamics is among the
key challenges for current ecosystem modelling, as
it is essential for both projecting future ecosystem
trajectories and for robustly informing ecosystem
management and forestry policy-making. Here, we
developed and tested an approach addressing one
of the most distinct examples of such an emerging
disturbance regime change in Europe: The transi-
tion from wind-driven to drought-driven dynamics
of the European spruce bark beetle. We introduced
this novel outbreak type into an existing simulation
framework, and demonstrated that our approach sim-
ulates the compound impact of the historically domi-
nating wind-initiated outbreaks and the emerging
drought-initiated outbreaks as well as their feedbacks
and interactions. While our study contributed a novel
approach to simulate bark beetle outbreaks, it also
revealed severe limitations in data and system under-
standing that limit process-based bark beetle model-
ling. Our work highlighted that the structure of pro-
cess-based models needs to be continuously evaluated
and potentially updated as novel process-interactions
emerge under climate change.
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5. Discussion

This thesis demonstrates how multisensor remote sensing enables assessment of drought-
driven bark beetle disturbances and early forest recovery in both space and time. By integrating
optical, SAR, airborne nDSMs, and UAV data, the workflow mapped forest disturbances
annually at a national scale (Czech Republic), delineated outbreak hotspots, characterized
emerging post-disturbance vertical and horizontal structure and quantified recovery trajectories
with the main disturbance zone. The unified remote sensing framework enabled consistent
temporal tracking of disturbances and regeneration across the entire study period, while also
providing a coherent interpretation of structural change from national-scale (Czech Republic)
disturbance progression to regional (landscape-scale) forest structure in the main outbreak
zone. It further introduced methodological advances, including machine learning-based
disturbance mapping and multisensor predictor integration for vegetation height modelling.
Together, the findings illustrate how remote sensing can capture both the pulse (disturbance)
and response (recovery and structural reorganization) of forests experiencing an unprecedented

climate-driven regime shift.

The results revealed a disturbance regime fundamentally different from historically wind-
driven dynamics. The large-scale drought-induced outbreak exhibited multiple asynchronous
foci across the Czech Republic, yet retained spatial spread patterns consistent with documented
bark beetle dispersal processes. The mapping further captured the magnitude and spatial
concentration of forest loss that triggered abrupt landscape transformation, an aspect of
disturbance ecology that remains understudied despite its implications for ecosystem

resilience, habitat configuration, and long-term forest trajectories.

Central European forests are often regarded as resilient to natural disturbances (Seidl et al.,
2024; Senf et al., 2022), yet the 2018-2022 drought-driven bark beetle outbreak exceeded
historical benchmarks and challenged this assumption (Senf & Seidl, 2021b). In our study area,
nearly one-third (38%) of forests were affected within six years, with impacts further
intensified by extensive salvage logging and repeated drought events. These interacting
pressures created structurally simplified post-disturbance landscapes and introduced
substantial uncertainty regarding the capacity, variability, and pace of natural regeneration

under compounded climatic and management stressors.

The thesis tests its central hypotheses across the four research objectives. First, integrating

multisource remote sensing data, including optical imagery, SAR, and airborne nDSMs,
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improves the accuracy of mapping drought-driven bark beetle disturbances and enables reliable
quantification of their spatial extent and temporal progression (H1). Second, the severity and
spatial concentration of these disturbances, combined with intensive salvage logging, lead to
measurable increases in landscape homogenization and fragmentation, as indicated by changes
in landscape-structure metrics (H2). Third, fused optical-SAR predictors allow robust
classification of post-disturbance vegetation into distinct structural stages and reveal
quantifiable temporal recovery trajectories, including identifiable regeneration delays or
failures (H3). Finally, vegetation height and vertical structure in heterogeneous post-
disturbance landscapes can be predicted more accurately using multisource satellite predictors

and learned feature embeddings than with single-sensor approaches (H4).

5.1. Remote Sensing Framework for Large-Scale Disturbance and Recovery Assessment

Combining multiple sensors was essential to the thesis because no single data source could
provide the spatial-spectral detail, temporal frequency, and structural sensitivity required to
track disturbance, vertical structure, and post-disturbance recovery reliably. Optical imagery
alone is limited by cloud cover, illumination constraints, and shallow structural sensitivity
(Hirschmugl et al., 2017; Trisasongko, 2010). Time-series approaches such as LandTrendr
(Kennedy et al., 2010; Senf & Seidl, 2021b), while effective for long-term continuity, rely
largely on optical reflectance trajectories and are therefore less suited to capturing the abrupt
and spatially heterogeneous mortality patterns characteristic of drought-induced bark beetle
outbreaks. Integrating Sentinel-1 SAR mitigated these limitations by providing cloud-
independent observations and sensitivity to canopy moisture and structural change (Bouvet et
al., 2018; Kobayashi et al., 2000), thereby complementing optical indicators of canopy decline
and enabling a more reliable and comprehensive characterization of disturbance and early

recovery.

Integrating Sentinel-1 SAR backscatter, Sentinel-2 optical indices, airborne nDSMs, and UAV-
derived canopy height data enabled the workflow to leverage the complementary strengths of
each sensor class: optical indices captured spectral signals of canopy decline, SAR provided
cloud-independent sensitivity to structural and moisture changes, and airborne/UAV data
supplied high-resolution reference information for disturbance attribution and post-disturbance
height. This multisensor strategy reflects a broader shift in forest monitoring toward fusion-
based approaches that address the limitations of single-sensor systems (Hirschmug]l et al., 2020;
Lehmann et al., 2015; Ye et al., 2019). While large-scale products such as Global Forest Change
(Hansen et al., 2013b) and the European Disturbance Atlas (Senf & Seidl, 2020) rely primarily
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on optical time series, this study builds on their approach by incorporating SAR data to address
limitations in cloud-affected regions and capture vertical canopy change. In this context, fusion
was not optional but necessary to map mortality in cloud-affected regions, capture both
horizontal and vertical structural change, and produce disturbance and recovery metrics at

meaningful scales.

5.1.1 Regional patterns and temporal dynamics

The 2018-2022 mortality wave coincided with a continent-wide surge in drought-driven tree
mortality that pushed disturbance dynamics beyond historical variability (Senf & Seidl, 2021a).
Central Europe experienced synchronous Ips typographus outbreaks in Germany, Sweden,
France, and northern Italy (Arthur et al., 2024; Kérvemo et al., 2023) , reflecting the broader
climatic anomaly. Using a multisensor image-to-image framework that fused Sentinel-2 optical
data, Sentinel-1 SAR, and airborne imagery, the analysis identified seven distinct outbreak foci
across Czechia. Despite being triggered by the same climatic event, these foci showed marked

spatial asynchrony in onset and culmination.

Most other regions exhibited a three-year build-up followed by a short, intense culmination
(2019-2021). Deviations from this pattern likely reflect local variation in forest structure,
environmental conditions, and management intensity, which collectively influence population
thresholds required for epidemic spread (Raffa et al., 2008). Although salvage and sanitary
logging may have moderated growth in some areas, their effectiveness decreases under
warming conditions (Dobor et al., 2018), and operational constraints introduce further spatial

variability.

Compared with historical wind-driven outbreaks, the drought-induced event followed a similar
2-3-year build-up but a noticeably shorter culmination phase, contrasting earlier observations
of multi-year epidemic plateaus lasting 5—10 years (Okland & Bjernstad, 2006). This suggests
that drought-triggered outbreaks may operate on compressed temporal scales. Spatially, the
outbreak conformed to previously documented patterns of local initiation and short-range
expansion (Hlasny & Tur¢éani, 2013; Kautz et al., 2011), with the strongest local spread
occurring during 2019-2020. Medium-range expansion remained limited, likely reflecting a

combination of host depletion and high local infestation pressure.

5.1.2 Drivers of Outbreak Variation and Collapse

A notable result identified after analysis of mapped spruce was the unexpectedly high

proportion of Norway spruce remaining after the outbreak. Even after severe mortality, 26—
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36% of the original spruce cover persisted across most hotspots, despite a 40-50% decline
during the first retreat year. The ability to consistently distinguish spruce stands from mixed or
non-forest areas enabled a precise assessment of host availability before and after the event.
Although this decline substantially reduced stand connectivity, likely contributing to epidemic
collapse by limiting the spatial continuity of susceptible hosts (Honkaniemi et al., 2021; Raffa
et al., 2008), the remaining spruce area was still ecologically significant. Many surviving stands
were younger (<40-50 years) and therefore less susceptible (Wermelinger, 2004), yet the true
extent of host loss was probably underestimated because decadal forest inventory updates could
not track rapid disturbance turnover. Improved moisture conditions in spring 2020-2021 may
also have facilitated suppression of beetle populations, though this remains conjectural.
Overall, these results indicate that resource depletion alone did not drive outbreak cessation
and illustrate the utility of multisensor mapping for separating host depletion from climatic

control mechanisms.

The persistence of substantial spruce cover also indicates that affected regions are not insulated
from future outbreaks. Renewed susceptibility will depend on post-disturbance stand
demography, residual host connectivity, and local predisposition factors (Netherer &
Hammerbacher, 2022). Moreover, disturbance-driven fragmentation, manifested as increased
edge density and patch disaggregation (Zeng et al., 2010), may heighten exposure to
subsequent windthrow and secondary infestations. These structural and compositional legacies
suggest that, although the 2018-2022 outbreak has subsided, the landscape remains vulnerable

to recurrent disturbances under a warming climate.

5.1.3. Landscape Transformation and its Ecological Significance

Beyond its immediate ecological causes, the 20182022 outbreak fundamentally reconfigured
the Central European forest landscape. Whereas past bark beetle impacts were typically
quantified in economic or biophysical terms, such as timber loss or damaged area (Hlasny,
Augustynczik, et al., 2021), the unprecedented scale of this event requires a broader landscape-
scale perspective. Large disturbances reshape spatial configuration, biodiversity potential, and
ecosystem service provision (Turner & Seidl, 2023), and thus must be evaluated not only in

terms of mortality but also in terms of structural transformation.

Using disturbance maps derived from the multisensor workflow, the thesis quantified both the
magnitude and spatial distribution of forest loss. Seventeen percent of spruce forest nationwide

was affected, corresponding to roughly 20% of the initial spruce growing stock (=100 million
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m?; Forest Management Institute, Czech Republic). Although moderate as a national
percentage, the spatial concentration of mortality intensified ecological and social impacts:
nearly one-quarter of all spruce forests occurred within high-impact zones. The largest
continuous outbreak region (=9,000 km?) lost 38% of its forest cover and 49% of its spruce
area—placing this event among the most severe natural disturbances in recent European
history, exceeding the combined impacts of other areas in Europe in the past in terms of

cumulative landscape transformation (Brazdil et al., 2022; Kunca et al., 2019).

5.2. Early Recovery Dynamics and Emerging Vulnerabilities

Building on the national disturbance mapping, the thesis quantified post-disturbance recovery
by integrating Sentinel-1, Sentinel-2, and UAV-derived height data. Disturbances were mapped
with a U-Net model, while recovery stages were classified using a Random Forest trained on
multisensor predictors and vegetation indices. The use of Sentinel imagery provided 10 m
spatial detail, substantially improving upon traditional 30 m Landsat-based approaches, and
enabled finer discrimination of early regeneration processes. The results showed that high-
severity mortality combined with extensive salvage logging produced widespread landscape
homogenization, consistent with patterns reported across other regions affected by large-scale

disturbances in Europe (Seidl & Senf, 2024; Senf et al., 2019).

Central European forests typically recover through two pathways: persistence of advance
regeneration (Bace et al., 2015; Petrovska et al., 2023; Seidl et al., 2024) or post-disturbance
colonization (Macek et al., 2017; Schiile et al., 2023; Winter et al., 2015). Our recovery maps
indicated that colonization dominated, likely due to the legacy of rotation-based management
and intensive salvage logging that removed standing deadwood and surviving understory.
Consequently, near-bare soil covered >80% of disturbed areas between 2018 and 2020, with

vegetation cover rising steadily to 79% by 2024.

The temporal stability of mapped classes reflected contrasting ecological dynamics. Near-bare-
soil (NBS) and transient class (TC) were relatively stable (74.6% and 71.5%), while transient
cover exhibited high turnover, with more than half transitioning annually to NBS or TC. These
fluctuations likely represent early successional mortality, short-lived vegetation pulses, and
temporary regeneration failures, processes widely documented in exposed post-disturbance
environments (Bianchi et al., 2019; Nordlander et al., 2011). Overall, temporary failures

accounted for 36.8% of transitions but did not accumulate into long-term collapse.
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Across the landscape, the mean annual recovery rate was 13.5%, with a mean recovery time of
3.8 years (NBS — TC/ER). Under a more conservative definition (NBS/TC — ER), recovery
averaged 5.9% per year with a 5.2-year recovery time. Although these rates are slower than
field-based observations following fire or windthrow (Piazza et al., 2024; Schiile et al., 2023),
they are consistent with the methodological scale and the homogenized post-disturbance
conditions. Critically, there was no evidence of persistent, large-scale regeneration failure (
Hansen et al., 2018; Stevens-Rumann et al., 2022), indicating that despite extreme disturbance
magnitude and management-driven simplification, the system retained strong inherent

recovery capacity.

5.3. Methodological Considerations and Limitations

The thesis established a multisensor framework for forest disturbance, height structure and
recovery mapping. First, a national-scale disturbance mapping framework was developed using
fused Sentinel-1 SAR and Sentinel-2/ Landsat optical data, enabling annual detection of
drought-driven bark beetle mortality. The fusion of SAR and optical then adapted for height-
structure mapping in the main outbreak zone, where two modelling strategies were compared:
one using conventional Sentinel-1/2 predictors (hand-crafted) and another using Alpha-Earth
feature embeddings. The Alpha-Earth embedding model consistently achieved higher accuracy
than models based solely on multispectral and SAR inputs, demonstrating the value of learned
multisensor representations for capturing complex post-disturbance vertical structure. The
multisensor approach was further extended in the recovery analysis, where Sentinel-1/2
predictors and UAV-derived canopy height models enabled quantification of early regeneration

trajectories across a highly disturbed landscape.

Accuracy levels in the study were generally high (85% to 94% overall accuracies) and aligned
with, or exceeded, those reported in comparable European disturbance and recovery studies.
The CNN-based disturbance mapping achieved strong detection performance at 10 m
resolution, comparing favourably with Landsat-based time-series frameworks such as
LandTrendr (Kennedy et al., 2010; Senf & Seidl, 2020), which operate at coarser spatial
resolution and depend on long spectral trajectories. Recovery classification accuracies were
consistent with other Sentinel-1/2-based regeneration studies, despite the structural
heterogeneity of the outbreak zone. In the height-mapping task, the Alpha-Earth embedding
model achieved the lowest RMSE and highest R among tested configurations, outperforming
traditional optical-SAR feature sets and demonstrating the advantage of embedding-based

predictors in complex post-disturbance environments.
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Several limitations should be noted. The 2018—2024 observation period captures only the initial
stages of forest recovery, limiting inference about long-term resilience trajectories that may
diverge due to replanting, extreme climatic events, or subsequent disturbance cycles. Recovery
indicators measured vegetation presence and height but not species composition, an essential
determinant of functional recovery and future vulnerability (Aquilué et al., 2020; Dieler et al.,
2017; Van Tiel et al.,, 2024). The 10 m resolution constrained detection of fine-scale
heterogeneity, including differentiation between natural regeneration and planting.
Additionally, a small number of transitions, such as the 6.3% direct shift from near-bare soil to

early regrowth, likely reflect classification uncertainty or compositing artefacts.

Despite these constraints, the integrated multisensor framework provided a robust
characterization of early structural reorganization across one of Europe’s most heavily
impacted forest landscapes. The demonstrated performance of the Alpha-Earth embeddings
and the Sentinel-1/2 disturbance, recovery pipeline underscores the value of multisensor
integration for monitoring disturbance, recovery interactions at regional to national scales,

particularly in cloud-prone, rapidly changing, and intensively managed forest systems.
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6. Conclusion

This thesis demonstrates that multisensor remote sensing provides a powerful and scalable
foundation for analysing drought-driven bark beetle disturbances and early post-disturbance
forest recovery across Central Europe. By integrating Sentinel-1 SAR, Sentinel-2 optical
indices, airborne nDSMs, UAV canopy height models, and learned feature embeddings, the
work established unified pipelines capable of detecting annual disturbance, quantifying
regeneration trajectories, and mapping vertical structure in heterogeneous post-disturbance

landscapes.

The national-scale disturbance maps captured the spatial and temporal unfolding of the 2018—
2022 outbreak, revealing strong regional asynchrony and substantial homogenization of forest
structure in the main impact zones. Recovery analyses showed that, despite extensive canopy
loss and widespread salvage logging, forests in the region retain considerable regeneration
potential, though with clear spatial heterogeneity and transient failures. Height modelling
demonstrated that combining multisensor predictors markedly improves the estimation of

vertical structure, with Alpha-Earth embeddings providing the highest accuracy.

Together, these findings highlight both the vulnerability and resilience of Central European
forests under compounding climatic and biotic pressures. They also illustrate the value of
multisensor fusion for monitoring disturbance-recovery interactions at management-relevant
scales. The framework developed here provides a transferable basis for long-term resilience
assessment, supports more informed planning in disturbance-prone regions, and underscores
the importance of integrating complementary Earth Observation datasets as forests transition

toward novel structural and compositional states under climate change.
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