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1. Introduction

Forest ecosystems play a critical role in sustaining life on Earth by providing essential ecological
and socio-economic services that support both environmental stability and human well-being.
Their key ecological functions include biodiversity conservation, regulation of biogeochemical
cycles, soil protection, and climate regulation, all of which are fundamental to maintaining
ecosystem resilience. In addition to these ecological benefits, forests also support the livelihoods
of millions of people worldwide by providing resources such as food, fuel, and raw materials.
However, in recent decades, forest ecosystems have been increasingly affected by climate change,
particularly through rising temperatures, prolonged droughts, and associated disturbances. These
pressures have led to growing concerns about forest health and the accelerating occurrence of
forest dieback, a gradual process of canopy degradation and tree decline. Monitoring these changes

is essential for understanding ecosystem resilience and supporting sustainable forest management.

This research was conducted within the framework of the PHENET project, a collaborative
initiative aimed at developing innovative digital solutions for monitoring forest and agricultural
ecosystems through the integration of Earth Observation data, field measurements, and
environmental sensor networks. The project focuses on understanding spatial and temporal
variability in ecosystem conditions and improving the use of multi-source data for environmental
monitoring applications. Within PHENET, field campaigns and in situ data collection play a central
role in providing high-quality reference information for the calibration and validation of remote

sensing analyses.

The study area of this thesis is the Doller Valley, located in the Vosges Mountains in northeastern
France. This region is characterized by a heterogeneous forest landscape composed of both
deciduous and coniferous species, pronounced elevational gradients, and strong climatic
variability. In recent years, the area has experienced increasing evidence of forest stress and
dieback, largely associated with drought events and long-term climatic changes. These conditions,
combined with its ecological diversity and well documented forest structure, make the Doller
Valley particularly suitable for studying forest decline dynamics and their spectral expression using
Earth observation data. The availability of consistent field observations across multiple years
further enhances its value as a study site for linking ground based measurements with satellite

derived indicators of forest condition.



The field data used in this study were collected through collaboration with French research partners
from INRAE and AgroParisTech within the framework of the PHENET project. These partners
conducted repeated field campaigns in the study area between 2019 and 2025, providing in situ
observations that serve as reference data for forest condition assessment. This information supports

the calibration and interpretation of remotely sensed data used in this study.

Building on this collaboration, the main objective of this thesis is to evaluate the potential of
Sentinel-2 multispectral time-series imagery for monitoring forest dieback. Specifically, the study
focuses on identifying spectral indicators associated with forest decline and analyzing their spatial

and temporal patterns using a machine learning based approach over the study period.

Overall, this research contributes to ongoing efforts within the PHENET project to improve the
integration of field observations and Earth Observation data for environmental monitoring. By
combining in situ measurements with satellite derived information, the study aims to support the
development of scalable approaches for assessing forest health under increasing climatic stress and

to enhance understanding of forest dieback dynamics in temperate ecosystems.



2. Literature Review

2.1 Forest Ecosystems and Drivers of Forest Degradation

Despite the substantial ecological and socio-economic values of forests, they are increasingly
exposed to a wide range of degradation pressures driven by both anthropogenic and environmental
factors. Historically, forest degradation has been strongly linked to direct human activities such as
deforestation, agricultural expansion, urbanization, and unsustainable resource exploitation, all of
which have contributed significantly to the global decline of forest ecosystems and the disruption
of their ecological functioning. Mgelwa et al. (2025) reported that global deforestation has
continued at an alarming rate of approximately 13 million hectares per year over recent decades,
highlighting the persistent scale of forest loss worldwide. In addition, Sylvester et al. (2024) noted
that nearly 80% of global forest cover change is attributable to agricultural expansion and
intensification, emphasizing the dominant role of land-use conversion in driving forest
degradation. However, beyond these direct pressures, broader environmental changes are
increasingly intensifying forest vulnerability. Among these emerging pressures, climate change
has become a major indirect driver of forest degradation. Changes in global climate systems,
influenced by both natural variability and human-induced environmental alterations, have
contributed to rising temperatures, shifting precipitation patterns, increased drought frequency, and
more frequent extreme weather events. IPCC (2022) further highlights that an increase in global
warming (1.5°C - 2°C) will trigger substantial ecosystem transformations and shifts in the
geographic distribution of plant species. Moreover, in tropical regions such as Central America,
global warming is projected to reduce forest biomass by up to 40%, potentially transforming
rainforest ecosystems into more grassland- and savanna-like environments. These climatic changes
impose substantial abiotic stress on forest ecosystems by disrupting water availability, increasing
thermal stress, and altering ecological processes essential for tree growth and survival. Prolonged
exposure to such climatic stress can progressively weaken tree vitality, reduce growth, and impair
physiological resilience. As trees become increasingly stressed, their natural defense systems
decline, making them more susceptible to secondary disturbances such as pests and pathogens.
The combined effects of abiotic stress and subsequent biotic disturbances can accelerate tree

mortality and intensify broader patterns of forest decline (Buras et al., 2021; Senf & Seidl, 2020).



2.2 Dynamics of Forest Dieback in a Changing Climate

As climate conditions continue to shift, tree species that lack sufficient adaptive capacity to cope
with emerging environmental stresses become increasingly vulnerable, often resulting in local
extinctions, shifts in species composition, and profound changes in forest structure, functioning,
and resilience (Aitken et al., 2008; Allen, 2007). Within this context, global climate change has
emerged as a critical driver of widespread forest decline, with forest dieback representing one of
its most severe and ecologically significant consequences (Allen et al., 2010). Intensified by
extreme climatic conditions such as prolonged drought, altered precipitation patterns, and the
increasing prevalence of pests and pathogens under climate-induced stress, forest dieback reflects
a complex process of progressive tree health deterioration that extends beyond normal mortality
patterns (Moreno-Fernandez et al., 2021). More specifically, forest dieback is understood as a
multifactorial and progressive phenomenon involving the general decline of tree vitality and
condition, driven by the interaction of abiotic stressors and subsequent biotic infestations,
ultimately leading to elevated mortality rates, reduced ecosystem resilience, and large-scale
degradation of forest ecosystems (Allen, 2009; Carletti et al., 2025). From an observational
perspective, forest dieback is commonly characterized by progressive structural and morphological
deterioration of tree canopies, including crown thinning, severe defoliation, and the accumulation
of dead branches within the upper canopy layers (Figure 1) (Anwander et al., 2024; Mouret et al.,
2024).

Numerous studies worldwide have documented increasing forest dieback associated with changing
climatic conditions. In Belgium and northeastern France, Arthur et al. (2024) reported that extreme
drought conditions triggered a bark beetle outbreak, resulting in the loss of 12.2% of the region’s

Picea abies forests between year 1 and year 2.

In Europe, analyses of Landsat data conducted by Senf et al. (2018) revealed an average annual
increase of 2.4% in forest canopy mortality between 1984 and 2016, indicating a continuous
intensification of forest decline across the continent. Similarly, analyses of MODIS data by
Neumann et al. (2017) identified several mortality hotspots across both northern and southern
Europe. Similarly, in the western United States, van Mantgem et al. (2009) observed a doubling of
background tree mortality rates every 17 to 29 years, while Peng et al. (2011) documented an

annual increase of 4.9% in tree mortality in Canadian boreal forests from 1963 to 2008. Allen et



al. (2010) further synthesized evidence at a continental scale, showing that extreme heat events
and multi-year droughts have substantially increased mortality across diverse forest species and

regions.

Rather than occurring as a uniform process, forest dieback functions as a selective ecological
pressure that differentially affects species, functional groups, and forest types according to their
physiological traits and adaptive strategies (Anderegg et al., 2013). This selective mortality can
rapidly reshape forest stand structure, altering size distributions, age classes, and species
composition, while redirecting successional pathways (Van Mantgem et al., 2009). For example,
severe drought in Queensland, Australia, disproportionately increased mortality among large-
stemmed individuals of the Eucalyptus crebra—Eucalyptus xanthoclada complex, significantly
modifying stand structure, whereas co-occurring species showed no comparable response.
Similarly, in northern Patagonia, drought-induced canopy gaps promoted the preferential
recruitment of Austrocedrus chilensis over Nothofagus dombeyi, thereby influencing future canopy
dominance and long-term forest composition (Suarez & Kitzberger, 2008). Beyond overstory
impacts, drought-related dieback can also trigger substantial shifts in understory communities, as
demonstrated by persistent compositional changes observed seven years after a major mortality
event in the southwestern United States (Kane et al., 2011). Similarly, in the Vosges Mountain
Range in France, Abies alba and Picea abies displayed markedly different dieback rates despite
inhabiting the same environmental setting, highlighting substantial interspecific variation in

drought susceptibility (Anderegg et al., 2013; Piedallu et al., 2023).

Unlike direct human-driven degradation, which is often immediate and visibly apparent through
deforestation or land conversion, forest dieback can unfold gradually and often silently,
progressively undermining forest health before visible signs of decline fully emerge. This subtle
yet pervasive form of degradation presents an increasingly serious challenge, as its impacts may
remain undetected until substantial ecological damage has already occurred. As climate change
continues to intensify environmental stressors worldwide, understanding these hidden processes
of forest decline has become essential for safeguarding forest ecosystems and developing effective

long-term monitoring strategies.
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Defoliation Category Discoloration

heavy damage

Figure 1. Representation of different levels of forest dieback with their morphological characteristics.
Source: Anwander et al. (2024)

2.3 Remote Sensing in Forest Dieback Detection

Early forest monitoring was predominantly based on manual field assessments supported by local
ecological knowledge. For decades, forestry professionals and communities jointly undertook
observations of forest conditions, often through community based monitoring systems that

formally engage local stakeholders in data collection and resource surveillance (Evans &
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Gauriguata, 2008). Despite their value, traditional field based methods exhibit substantial
limitations. They are time-consuming, labor intensive, and costly to implement over large spatial
extents, and the resulting datasets are often sparse, inconsistent, or temporally irregular (Dainelli
et al., 2021). These constraints prompted a significant methodological shift toward remote sensing
based forest monitoring. In forestry, remote sensing has become an indispensable tool supporting
a broad spectrum of applications, including the mapping of forest types, the assessment of
vegetation productivity at regional to global scales, and the generation of detailed three-
dimensional representations of forest structures (Fassnacht et al., 2024). The availability of remote
sensing imagery across various temporal (periodic and seasonal) and spatial scales, like maps and
data products representing forest types or tree species information that are derived from time series
of freely available passive optical satellite data, coupled with its unique spectral characteristics
and integration with advanced geospatial techniques, provides significant opportunities to derive
key forest attributes, which are essential for effective and sustainable forest management (Grabska

et al., 2020; Hermosilla et al., 2022).

Effective understanding of forest dieback requires continuous and systematic observation of
stressed and declining trees throughout the full progression of stress and mortality (Buras et al.,
2021; Scharnweber et al., 2020). Traditionally, assessments have relied on ground based
inventories that classify dieback severity according to visible indicators such as foliage loss,
increased canopy transparency, and the death of upper and peripheral branches (Pontius & Hallett,
2014). Traditional assessments often failed to accurately reflect dieback patterns because mortality
can occur in highly localized patches that are easily overlooked during field surveys, and dead
trees may be harvested or removed before sampling takes place, resulting in incomplete or biased
observations (Carletti et al., 2025). In addition, certain decline patterns can be sparse or spatially
diffused, making them difficult to detect through manual observations alone, particularly across
large or inaccessible forest areas. These limitations underscore the growing importance of remote
sensing technologies for dieback assessment. Spaceborne remote sensing offers the spatial and
temporal coverage necessary to monitor forest conditions over broad regions and to observe
changes as they evolve over time. By capturing spectral signals associated with physiological
stress, such as reductions in pigment content, canopy thinning, or structural degradation, remote
sensing enables the detection and quantification of decline symptoms that may not be visible from

ground surveys (Anderegg et al., 2013, 2015; Campbell et al., 2020). Moreover, because forest
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dieback is often selective, timely identification of decline patterns is crucial for guiding targeted
management interventions and mitigating the impacts of biotic and abiotic stressors (Iglhaut et al.,
2019; Raparelli & Bajocco, 2019). Despite these advantages, remote sensing based dieback
monitoring also presents several important limitations, particularly in advanced applications such
as dieback modelling and early stress detection. Mouret et al. (2024) noted that satellite
observations alone often lack the intrinsic physical context required to fully distinguish true canopy
decline from normal phenological variability or seasonal spectral fluctuations. This challenge
becomes especially pronounced in complex, heterogeneous, or mixed species forest canopies,
where individual tree level decline signals may be diluted within medium resolution satellite
pixels. As a result, different dieback conditions can remain difficult to isolate solely from satellite
observations. In such contexts, ground based field data remain essential for calibration and
validation purposes, particularly for distinguishing true canopy decline from background spectral
variability. High to very-high resolution imagery (e.g., UAV data ) can also substantially improve
the detection of individual tree level dieback signals and support the validation of regional scale
classifications. However, despite their advantages, these data sources are often difficult to acquire
consistently over large spatial extents due to financial, logistical, and accessibility constraints (Senf

et al., 2018)

When considering the temporal evolution of dieback, one of the first symptoms in affected trees is
leaf discoloration caused by reduced chlorophyll content, followed by canopy thinning,
defoliation, and browning due to shoot and leaf mortality at later stages. These changes serve as
important indicators of stress leading to dieback and can be observed through spectral responses
captured by optical remote sensing systems (Anwander et al., 2024; Moreno-Fernandez et al.,
2021). Spectral indices (SIs) derived from remote sensing data provide a means to quantify these
changes and relate dieback to phenological and physiological metrics (Lausch et al., 2017). Two
groups of indices are particularly relevant for dieback assessment: vegetation indices, which
estimate absorbed photosynthetically active radiation, and wetness indices, which focus on
vegetation water content (Marusig et al., 2020). According to Anderegg et al. (2019), analyses of
SI trends can be used to identify drought-prone or otherwise vulnerable areas before extensive
dieback and mortality occur. Within this context, previous studies have also highlighted that the
sensitivity of spectral indices is not uniform across vegetation stress types or species. For instance,

Abdullah et al. (2019) showed that red-edge and green-based indices can be particularly effective
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for early stress detection, as physiological degradation is often reflected in these spectral regions
before structural canopy changes become apparent. Similarly, Ye et al. (2021) demonstrated that
the optimal choice of spectral indices is strongly species dependent, with some conifer systems
responding more clearly to red-edge based metrics, while others show stronger sensitivity to

shortwave infrared based moisture indicators.

Additionally, species specific variations in spectral reflectance under stress indicate that selecting
indices tailored to individual species can improve dieback detection performance. For example,
forest responses to water stress differ among tree functional types: broadleaf species can draw on
water stored in their heartwood during prolonged dry periods, whereas conifers depend primarily
on real-time water absorption. As a result, drought leads to declines in photosynthetic activity and
canopy greenness, making wetness indices particularly suitable for detecting early-stage dieback

in coniferous species (Liu et al., 2021; Querejeta et al., 2007).

2.4 Potential of Multispectral Remote Sensing for Forest Dieback Detection

Multispectral remote sensing is currently the most widely used approach for monitoring and
assessing forest health. Sensors such as MODIS, Landsat, Sentinel, Worldview, and RapidEye are
commonly applied due to their demonstrated capability and accessibility (Torres et al., 2021).
Multispectral sensors capture reflectance across key regions of the electromagnetic spectrum,
where vegetation exhibits distinct spectral behaviors. In the visible region (VIS) (0.4—0.7 pum),
reflectance is primarily influenced by pigment concentrations, which absorb solar radiation
strongly, resulting in relatively low reflectance values. In the near-infrared (NIR) (0.7-1.2 pm),
higher reflectance occurs due to leaf cellular structure, which enhances the transmittance and
reflectance, further amplified by multiple scattering within the canopy. The red-edge region,
located at the boundary between the VIS and NIR bands, is particularly sensitive to changes in
chlorophyll and nitrogen content, reflecting subtle shifts in leaf physiology. Finally, the mid-
infrared domain is divided into shortwave infrared (SWIR) (1.2-2.5 um) and mid-infrared (2.5-8
um), with SWIR providing valuable information on vegetation water content. The reflectance in
these spectral regions can vary depending on the stage of dieback and, in some cases, species-

specific characteristics (Clevers & Gitelson, 2013; Zarco-Tejada et al., 2018).
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Among the spectral regions most widely utilized in forest dieback research, the red-edge, near-
infrared, and shortwave infrared bands have emerged as particularly important due to their strong
sensitivity to subtle physiological and structural changes in forest canopies. In particular, growing
evidence suggests that canopy reflectance within narrow spectral regions, especially the red-edge,
provides valuable diagnostic cues for the early detection of vegetation stress and decline processes
(Amoah-Nuamah et al., 2025). However, the direct use of raw reflectance is often limited by
environmental noise, including topographic, illumination, and atmospheric effects (Matsushita et
al., 2007). Spectral indices mitigate these influences and improve the detection of subtle
physiological changes associated with early forest decline (Barta et al., 2021; Carletti et al., 2025).
Building on this, several studies have successfully applied Sentinel-2 derived indices to monitor
diverse dieback processes. For example, Andresini et al. (2024) applied multispectral indices to
detect bark beetle-induced dieback in north-eastern France following the 2018 outbreak, while
Migas-Mazur et al. (2021) used similar approaches to map beetle-related forest changes in the
Tatra Mountains (Poland and Slovakia) between 2015 and 2018. Abdullah et al. (2019)
demonstrated that red-edge and shortwave infrared multispectral information can enable early
detection of beetle-induced stress in south-eastern Germany during 2015, while Marusig et al.
(2020) employed Sentinel-2 data in 2019 to assess vegetation water stress as an indicator of
drought related dieback vulnerability in north-eastern Italy. Collectively, these studies highlight
both the versatility of multispectral remote sensing across multiple disturbance contexts and the
distinct importance of specific spectral regions in capturing the complex dynamics of forest

decline.

2.5 Artificial Intelligence (AI) for Forest Health Monitoring

With advances in remote sensing and computational capabilities, forest health monitoring has
shifted from traditional analytical methods toward more scalable, data driven approaches for
detecting physiological stress, pest outbreaks, and disease impacts across large spatial scales. This
transformation is largely driven by artificial intelligence (Al), particularly machine learning (ML)
and deep learning (DL), which enable the extraction of complex ecological patterns from
multispectral and structural datasets. Following data pre-processing and feature extraction, these
algorithms classify forest conditions by analyzing spectral, spatial, and ecological characteristics

to differentiate varying levels of forest health.
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In forestry research, widely used ML approaches such as Random Forest (RF), Support Vector
Machine (SVM), Decision Trees (DT), k-Nearest Neighbours (kNN), and Extreme Gradient
Boosting (XGBoost) have become essential for detecting disturbances, monitoring pest and
disease dynamics, and assessing forest degradation (Amoah-Nuamah et al., 2025). For instance,
Khan et al. (2025) compared DT, SVM, and RF models for classifying forest health status in the
Western Himalayas into healthy, moderate, and unhealthy categories using ecological and
structural data, achieving accuracies of 66%, 75%, and 83%, respectively. Similarly, Hawryto et
al. (2018) applied kNN, RF, and SVM algorithms to detect defoliation caused by Dendrolimus pini
L. infestations and classify forest condition based on defoliation severity, reporting accuracies of
78% for both SVM and kNN, and 75% for RF. Collectively, these studies highlight the growing
role of Al-based methods in enhancing the accuracy, efficiency, and practical application of forest

health monitoring in the face of increasing environmental challenges.

Moreover, DL has advanced forest health monitoring by enabling the automated extraction of
complex spatial, spectral, and temporal patterns that are often difficult for traditional machine
learning approaches to capture (Amoah-Nuamah et al., 2025). Unlike classical algorithms, DL
architectures such as convolutional neural networks (CNNs), recurrent neural networks (RNNs),
and multimodal networks learn hierarchical, multi-scale representations directly from remote
sensing data, improving the detection of subtle, early stage forest disturbances with greater
precision. For example, Chiang et al. (2020) developed a CNN-based forest health monitoring
system using aerial imagery to detect dead trees, achieving an overall accuracy of 80%. Similarly,
Ma et al. (2024) applied a multi-step CNN framework with UAV derived hyperspectral and LIDAR
data to classify tree species in complex forests, reporting an accuracy of 83%. Beyond standalone
models, hybrid ML-DL frameworks have also shown strong potential. For instance, Hou et al.
(2025) combined UAV-derived indices with CNN-extracted features to improve early detection of
pine wilt disease, achieving approximately 92% accuracy and outperforming single-model
approaches. These hybrid approaches integrate DL-based feature extraction with ML-based
classification, offering more efficient and adaptable solutions, particularly in data limited forest

monitoring contexts.

Despite the substantial progress achieved through Al-based approaches, the widespread

operational implementation of these models in forest health monitoring remains constrained by
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several persistent challenges. These limitations extend beyond purely computational or algorithmic
concerns and are deeply rooted in the ecological complexity and heterogeneity of forest
ecosystems. A major obstacle is the limited availability of high quality, labeled training datasets,
which are often difficult and costly to obtain across diverse forest environments. Additionally,
remote sensing data are frequently affected by environmental noise, including cloud
contamination, seasonal phenological variation, and sensor specific inconsistencies, all of which

can reduce model reliability and generalizability (Amoah-Nuamabh et al., 2025).

2.5.1 Machine Learning Approaches in Forest Dieback Detection

ML approaches remain highly relevant, as they can produce robust and reliable results even with
relatively small or region specific datasets, making them particularly suitable for targeted
applications such as forest dieback assessment (Amoah-Nuamabh et al., 2025). The study conducted
by Candotti et al. (2022) investigated spruce bark beetle induced dieback in the context of climate
change, focusing on Norway spruce stands across Central and Southern Europe, particularly in
countries such as Italy, Austria, and Slovenia. Using Sentinel-2 time-series imagery, the study
applied supervised machine learning approaches, including RF, SVM, and KNN, to classify forest
conditions based on both individual spectral bands and a range of vegetation indices. The results
demonstrated that these models achieved a mean overall accuracy of 89%, -effectively
distinguishing between healthy and stressed canopy conditions, and highlighting the potential of

machine learning for reliable dieback detection at regional scales.

Among the various machine learning approaches applied in forest dieback studies, RF is
consistently favored due to its strong performance in both classification and regression tasks,
relatively high predictive accuracy, and its ability to provide variable importance measures, which
enhance the interpretability of results compared to more opaque models such as ANNs (Torres et
al., 2021). Kautz et al. (2024) further emphasizes its widespread use, reporting that RF accounts
for a substantial proportion of studies (38% of all studies reviewed) investigating pest induced
dieback detection. Its popularity is largely attributed to its robustness in handling high dimensional
spectral datasets and its capacity to generate feature importance rankings that help identify
wavelengths most sensitive to beetle induced stress. However, despite these advantages, the
performance reported across studies remains variable. Kautz et al. (2024) note that, on average,

RF based approaches achieved a mean user accuracy (Precision) of 59% and a mean producer
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accuracy (Recall) of 63%, values that fall below the ~80% accuracy threshold, often considered
necessary for operational deployment in forestry applications. Moreover, RF performance has been
shown to depend strongly on the type and quality of input sensor data, indicating that its

effectiveness is not uniform across different remote sensing configurations and study contexts.

Moreover, Andresini et al. (2024) evaluated Sentinel-2 time-series data for mapping bark beetle—
induced forest dieback in north-eastern France, comparing machine learning methods (RF and
XGBoost) with a deep learning based U-Net model. Their results showed that RF achieved the
best performance when using the full temporal dataset, reaching the highest accuracy with an F-
score of 0.66 for damaged areas, while U-Net performed better on single date imagery but declined
when applied to the full time series. Although the study focused on post event mapping rather than
early detection, it highlights the importance of using methods capable of handling high
dimensional, temporally correlated data. In this context, machine learning approaches remain
particularly practical and robust, as they can effectively manage complex feature spaces without

requiring large training datasets or highly complex model architectures.

2.6 Challenges in Remote Sensing and ML-based Forest Dieback Detection

Despite major advances in remote sensing technologies, detecting forest dieback remains difficult,
especially at its early stages. Camarero et al. (2015) note that certain disturbances can push
ecological systems toward abrupt transitions between alternative states. However, identifying
when trees first begin to experience biotic and abiotic stress, and when mortality actually starts,
often requires long periods of observation. By the time symptoms become clearly visible in remote
sensing data, the opportunity for early intervention may already be lost. This limitation is clearly
reflected in most dieback studies, where classifications are often simplified into a small number of
discrete classes, typically contrasting healthy forests with a single degraded state (Abdullah et al.,
2019; Allen et al., 2010). As a result, the continuous nature of forest decline is not fully represented
in many analytical frameworks. Consequently, capturing the full transition gradient of dieback,
particularly the early warning stages marked by subtle symptoms such as moderate crown
defoliation and dead branches, remains both essential and frequently overlooked (Trumbore et al.,
2015). This challenge is further compounded by limitations in the spatial and temporal resolution
of available remote sensing data, which restrict the consistent observation of these intermediate

stages and ultimately create important gaps in early detection capabilities. Kautz et al. (2024)
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emphasize that, based on analyses conducted on European spruce forests affected by bark beetle—
induced dieback, no study has yet achieved the ~80% accuracy threshold required for operational
forestry use. According to Amoah-Nuamah et al. (2025), this limitation is primarily driven by
constraints such as the scarcity of labeled datasets, noise introduced by cloud cover and
phenological variability, and difficulties in transferring models across different species,
ecosystems, and sensor platforms. Kautz et al. (2024) further provides a synthesis of the potential
and limitations of different sensor platforms for dieback detection, highlighting the variability in
performance across approaches. In addition, they note that the lack of large training datasets (often
fewer than 500 severely impacted trees) and the inability of current models to distinguish beetle-
specific signatures from general environmental stressors such as drought significantly hinder

detection performance.

Another key limitation is spectral overlap, where current machine learning models struggle to
separate dieback signals because changes in chlorophyll and water content are often very similar
at early stages. In pest-induced dieback, especially during the initial attack phase and depending
on tree type, this separation becomes even more difficult. Asner et al. (2015) further highlight that
spectral overlap among broadleaf species reduces class separability, particularly for disease and
drought detection. In addition to spectral constraints, spatial resolution presents a fundamental
limitation for dieback detection. Senf et al. (2018) note that early stage dieback often occurs at
very fine spatial scales, such as individual trees or small patch level disturbances, which are easily
obscured in medium resolution satellite imagery due to sub-pixel mixing with surrounding healthy
vegetation. Similarly, Fassnacht et al. (2024) emphasize that spatial resolution constraints directly
affect machine learning performance, as mixed pixels containing combinations of healthy trees,
stressed vegetation, and background soil produce diluted spectral signals. This mixing reduces
class separability and makes it difficult for classifiers to reliably distinguish early transitional stress

stages.

Collectively, the literature highlights that while remote sensing and machine learning have
significantly advanced forest dieback detection, key challenges remain, particularly in early stage
identification, sub-pixel mixing, and data limitations. These constraints continue to affect the
operational reliability of large scale monitoring models. As a result, before broader ecological

generalization or model transferability can be achieved across forest ecosystems, robust site
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specific calibration against detailed field inventories remains essential. Addressing this, the present
study evaluates the integration of Sentinel-2 multispectral remote sensing data and machine
learning approaches in a temperate forest ecosystem in the Doller Valley, France. By linking high
dimensional spectral information with ground truth observations, the research aims to establish a
reliable local framework for mapping the progressive dynamics of canopy decline under changing

environmental conditions.
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3. Study Objectives

The objectives of this study are designed to evaluate the effectiveness of Sentinel-2 multispectral
time series imagery in detecting and monitoring annual forest dieback associated with climate-

induced abiotic stress in the Doller Valley, Vosges, France.

The first objective is to identify the spectral properties of Sentinel-2 imagery that are most
indicative of forest dieback. Vegetation affected by abiotic stress exhibits changes in spectral
reflectance due to alterations in canopy structure, chlorophyll content, and vegetation moisture.
By analyzing the spectral response of Sentinel-2 bands and derived vegetation indices, this study
aims to determine the most reliable indicators for distinguishing healthy forest areas from those

experiencing decline.

The second objective is to develop a spatial model for detecting forest dieback using Sentinel-2
multispectral imagery. The model aims to identify and map spatial patterns of forest decline by

analyzing temporal changes in vegetation conditions throughout the study period.

The final objective is to predict the annual rate of forest dieback within the study area during the
study period. Temporal analysis of Sentinel-2 imagery enables the assessment of yearly changes
in forest condition and the identification of trends in dieback progression. Quantifying the annual
rate of forest decline will contribute to a better understanding of the temporal dynamics of climate-
related forest stress and support future forest monitoring and management strategies in the Vosges

region.
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4. Methodology

This chapter describes the methodology used to investigate forest dieback in the Doller Valley. It
begins with an overview of the study area and the data sets used, followed by the preprocessing of
field and satellite data. The chapter then presents the computation of vegetation indices, time-series
extraction, and the characterization of dieback severity. Finally, the machine learning framework,
model evaluation procedures, and the development of forest dieback prediction maps are

described.

4.1 Study Area

The study was conducted in the Doller Valley, located in the southern part of the Vosges Mountain
range in northeastern France. Covering approximately 123 km? the valley is predominantly
forested, with more than 70% of its total area occupied by forests (Piedallu et al., 2023). According
to Copernicus forest cover layers, these forests are composed of approximately 60% deciduous

species and 40% coniferous species, reflecting the ecological diversity of the region.

The forests of the Vosges Mountains are characterized by a range of productive tree species, among
which European beech is the most widespread, occurring in 75% of the plots, followed by silver
fir (59%), Norway spruce (53%), sessile oak (40%), and Scots pine (25%). Overall, softwood
species constitute around 70% of the forest stands, while silver fir and Norway spruce dominate

approximately 40% of these stands (Piedallu et al., 2023) (Figure 2).

The Doller Valley also exhibits considerable topographic variation, with elevations ranging from
200 m to 1,300 m above sea level. This elevational gradient is accompanied by distinct climatic
variability, as mean annual precipitation is approximately 1,000 mm, while mean annual
temperatures range from 2.5°C to 15.0°C, with an overall average of 8.7°C. Together, the valley’s
ecological diversity, varied climatic conditions, and heterogeneous forest composition make it a
highly suitable study area for monitoring forest dieback and assessing ecosystem responses within

temperate mountainous environments.
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Distribution of Sampling Plots

O 2025 Plots (n=23)
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Figure 2. (a) Location of Doller Valley in France, (b) Doller Valley, France, with the distribution of field sampling
plots; Basemap source: Copernicus Sentinel-2

4.2 Data Description
4.2.1 Field Data

Field data for the study area were provided through collaboration with the French National
Research Institute for Agriculture, Food and Environment (Institut national de recherche pour
'agriculture, 1'alimentation et 1'environnement — INRAE), AgroParisTech, within the frame of the
PHENET project. The PHENET project (Work Package 3) focuses on developing digital solutions
for assessing spatial and temporal variability in forest and agricultural environments through the

integration of Earth Observation (EO) technologies, UAV systems, and field based sensors.

Field campaigns were conducted during three separate periods: November—December 2019,

November—-December 2021, and May 2025. Across these campaigns, data were collected from
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multiple locations distributed throughout the entire Doller Valley, ensuring broad spatial coverage
of the study area. Data collection was carried out at both plot and tree levels. At the plot level,
geographic coordinates and the total number of trees within each plot were recorded, while detailed
physiological measurements were collected for individual trees. A concentric plot sampling
approach was employed to ensure representative sampling across varying tree size classes. In this
method, concentric circular zones were established around a plot center, with each ring assigned a
specific radius corresponding to particular tree size categories. This design accounts for the natural
variability in tree size distribution within forest stands and ensures that trees from different size
classes are systematically and proportionally represented in the dataset. The concentric sampling
design 1is illustrated in Figure 3. At the tree level, physiological measurements included
circumference, branch mortality status, tree vitality condition, and sampling date. Tree vitality was
recorded using a binary classification system, where dead trees were assigned a value of 1 and
living trees a value of 0. Branch mortality (BM) was assessed based on the proportion of dead
branches observed in each tree crown, and each tree was subsequently classified into one of six
branch mortality classes according to the severity of branch dieback, as detailed in Table 1. In total,
74 plots were sampled in 2019, 92 plots in 2021, and 23 plots in 2025. The complete dataset
consists of 189 plots and 3,366 sampled trees across all survey years. Sampling was restricted to
trees with a circumference greater than 20 cm, ensuring the inclusion of sufficiently developed

individuals for physiological assessment.

In addition to the field dataset, a species type map of the Doller Valley was also provided by the
same collaborators (Appendix 1). This map classifies the forested area into seven distinct classes
based on species composition and proportional dominance within each forest polygon. The
classification distinguishes between conifer stands (> 95% of conifer species), mixed conifer
dominant stands (> 50% dominance of conifer), mixed stands (< 50% conifer), and deciduous
stands (< 5% conifer). This spatial dataset was used to characterize stand composition and canopy
dominance across the study area, providing important contextual information for understanding

species distribution patterns and supporting forest dieback analysis.
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Tree Measurement Areas:

Large Trees

Circumference
greater than 117.8 cm

Medium Trees
[~

/ Circumference
betwesn 117.8 and 70.7 cm

I:—:I Large Trees
| | Circumference

betwesn 70.7 and 23.6 cm

Figure 3. Representation of the concentric circular plot design used for tree sampling. The sampling area is divided
into three sub-plots based on tree circumference: 15 m radius for large trees (>117.8 cm), 9 m _for medium trees
(70.7-117.8 cm), and 6 m for small trees (23.6-70.7 cm).

Table 1. Different levels of branch mortalities present in the field data

Class Level of Branch Mortality
0 Non to very low
1 Low
2 Medium
3 Strong
4 Very strong
5 Full

Pretreatment of Field Data

The field dataset was first processed to distinguish dominant and suppressed trees within each plot.
This classification was based on the ratio between an individual tree’s circumference and the mean
circumference of all trees within the same plot, following the approach described by Carletti et al.
(2025). This step was necessary because, in the context of satellite based forest monitoring, canopy
level signals are primarily driven by dominant trees, as suppressed trees typically do not reach the

upper canopy and therefore have limited influence on Sentinel-2 reflectance.
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Following this classification, a plot level weighted dieback (WDB) score was computed to quantify
forest dieback at the plot scale. This metric integrates individual BM levels of dominant trees,
weighted by their basal area (BA) relative to the total basal area of the plot (Eq. 1 & Eq. 2). The
basal area was derived from tree circumference measurements, ensuring that larger trees exert a
greater influence on the final plot-level dieback estimate compared to smaller individuals.
Consequently, this approach produces a robust dieback severity indicator for each plot, reflecting
both tree size structure and canopy condition in a single integrated metric. The formulation of this
WDB indicator was inspired by the plot-level dieback assessment approach proposed by Carletti
et al. (2025).

BA = (C?)/(4m) [1]

C = Circumference of the tree

" BM; - BA; 2]

Weighted Dieback Severity = -
i=1 BA;

4.2.2 Satellite Data

Sentinel-2

Multispectral satellite imagery for this study was acquired from the Sentinel-2 mission of the
Copernicus Programme in orthorectified Top of Atmosphere (TOA) reflectance format (Level-1C).
The Sentinel-2 tile covering the study area (UTM Zone 31 UGP) in northeastern France was
selected for analysis for the period August 2016 to December 2025.

Of the 13 spectral bands available from Sentinel-2, 10 bands were utilized for this analysis. These
included four bands at 10 m spatial resolution (B2, B3, B4, and B8) and six bands at 20 m spatial
resolution (B5, B6, B7, B§A, B11, and B12). Together, these bands cover the VIS, NIR, and SWIR
regions of the electromagnetic spectrum. To minimize atmospheric interference and ensure data

quality, images with cloud cover exceeding 80% were excluded from the dataset.
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Pretreatment of Sentinel-2 Data

The downloaded Sentinel-2 Level-1C (L1C) images were first processed using the MAJA
(MACCS-ATCOR lJoint Algorithm) processor, a tool developed for atmospheric correction and
cloud detection (MAJA — The Multi-Temporal Cloud Screening and Atmospheric Correction
Software v.4.5.4, 2022). This processing step converts TOA reflectance into Bottom of
Atmosphere (BOA) reflectance, resulting in Sentinel-2 Level-2A (L2A) products suitable for

quantitative analysis.

Following atmospheric correction, the Function of Mask (Fmask) was applied to identify and
remove clouds and their associated shadows from the imagery. Scenes with missing or incomplete
Fmask information were excluded from further processing to ensure data reliability. Subsequently,
the 20 m spatial resolution bands were resampled to 10 m resolution (nearest neighbor) in order to

generate a consistent multispectral dataset across all selected bands.

To further improve temporal consistency and reduce noise in the reflectance time series, a
Whittaker smoothing and gap filling approach was applied (Whittaker, 1927). This method was
used to address temporal gaps between Sentinel-2 acquisitions by generating 10-day mean
composites, which were then smoothed based on the number of valid observations within each
interval. A smoothing parameter (1) was iteratively tested, and A = 100 was identified as optimal
for effectively reducing outliers while preserving the spectral signal characteristics (Appendix 2)
(Bos et al., 2025). This procedure ultimately resulted in a continuous and temporally regular stack

of Sentinel-2 bands at a 10-day temporal resolution, suitable for subsequent analysis.
Orthophotos

In addition to Sentinel-2 imagery, georeferenced high-resolution orthophotos in RGB format with
a spatial resolution of 20 cm were obtained from the National Institute of Geographic and Forest
Information (IGN), France. These orthophotos were primarily used for plot-level visualization,
allowing detailed examination of tree appearance, surrounding forest structure, and the temporal
evolution of canopy condition and dieback in relation to field sampling locations. Orthophotos
from 2018, 2021, and 2024 were selected to correspond as closely as possible with the field
campaign years, although imagery from the exact sampling years was not consistently available

for the entire study area.
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All pretreatment procedures, including data cleaning, filtering, and preparation, were conducted

using Python 3.11.10 (Python Software Foundation, 2023).

4.3 Computation of Vegetation Indices

Using the pretreated Sentinel-2 imagery, several vegetation and water-related spectral indices were
derived: Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index
(NDWI), Inverted Red Edge Chlorophyll Index (IRECI), Continuum Removed Red Edge
(CR_RE) index, and Continuum Removed Short Wave Infrared (CR_SWIR) index (Table 02). The
selection of these indices is supported by findings from previous forest dieback detection studies,
which have consistently demonstrated their strong sensitivity to vegetation stress, canopy
degradation, and moisture-related changes associated with dieback processes (Abdullah et al.,

2019; Carletti et al., 2025)

NDVI is a widely used spectral index derived from reflectance measurements in the red (600—700
nm) and NIR (700-1300 nm) regions of the electromagnetic spectrum. It is commonly used as an
indicator of vegetation greenness, biomass, structural conditions, and phenological dynamics by
exploiting the contrast between strong chlorophyll absorption in the red region and high reflectance
in the NIR region from healthy vegetation canopies (Huete, 2012). NDVI values generally range
from —1 to +1, where higher positive values indicate dense and healthy vegetation cover, while

lower values correspond to sparse vegetation or non-vegetated surfaces.

NDWI is designed to assess vegetation water content and plant water stress conditions using
reflectance measurements from the NIR (700-1300 nm) and SWIR (1300-2100 nm) spectral
regions (Gao, 1996). In this formulation, the NIR band is sensitive to internal leaf structure,
whereas SWIR reflectance responds strongly to variations in vegetation moisture content.
Consequently, NDWI is widely used as an indicator of vegetation water status, with higher values

generally representing healthier and well-hydrated vegetation (Ceccato et al., 2002).

IRECI is a red-edge based spectral index developed to estimate canopy chlorophyll content and
vegetation physiological condition using Sentinel-2 imagery. The index integrates reflectance
information from the red, red-edge (705 nm and 740 nm), and near-infrared spectral regions,
making it particularly sensitive to variations in chlorophyll concentration and canopy condition.

By relying strongly on red-edge responses, IRECI reduces saturation effects commonly observed
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in dense vegetation canopies and improves sensitivity to physiological variability within forest

stands (Frampton et al., 2013).

The Continuum Removed (CR) indices, namely CR Red Edge (CR _RE) and CR Short Wave
Infrared (CR_SWIR), are derived using the continuum removal technique (Clark & Roush, 1984),
which is commonly applied to hyperspectral and multispectral reflectance data to enhance the
interpretation of specific absorption features. According to Clark & Roush, (1984) in vegetation
spectra, the observed reflectance signal is a compound response influenced both by localized
biochemical absorption and by broader background effects such as canopy architecture,
illumination geometry, shadowing, and soil reflectance. To isolate the absorption signal,
continuum removal applies a geometric normalization procedure in which a convex hull is first
constructed by connecting the local reflectance maxima across a selected spectral region. This hull
acts as a reference baseline representing the hypothetical reflectance curve in the absence of
absorption features. The observed reflectance at each wavelength is then divided by the
corresponding continuum baseline value. This transformation standardizes the reflectance
spectrum by scaling the continuum baseline to 1.0 and preserving absorption features as localized
troughs below the baseline. Consequently, continuum removal reduces the influence of overall
brightness and structural variability while enhancing the depth and shape of absorption features

associated with vegetation biochemical properties.

CR_RE index is primarily sensitive to chlorophyll content and represents the depth of chlorophyll
absorption within vegetation canopies. It exploits the red-edge region, which encompasses the
strong chlorophyll absorption feature in the visible red domain and the subsequent transition
toward the near-infrared region. By applying continuum removal in this region, the CR_RE index
isolates the chlorophyll absorption “pit” in the red wavelengths while reducing the influence of
canopy structural effects associated with the red-edge slope, thereby enhancing sensitivity to
variations in chlorophyll content. In contrast, the CR_SWIR index is sensitive to vegetation water
content and targets absorption features associated with liquid water in plant tissues. By focusing
on the SWIR region, this index isolates water-related absorption signals and reduces the
confounding effects of overall canopy structure. As a result, CR_SWIR enables the detection of
internal physiological water stress even in cases where overall canopy greenness or leaf area has

not yet shown visible decline. Together, these CR indices provide complementary information on
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key physiological processes, improving the ability to detect early stage vegetation stress and forest

dieback dynamics (Verrelst et al., 2015).

Table 2. Used Vegetation Indices for the Analysis (1 indicates the wavelengths)

Vegetation Index Equation
NDVI B8 — B4
B8 + B4
NDWI B8 — B11
B8 + B11
IRECI B7 — B4
BS
B6
CR_RE B5S
B6 — B4
CR_SWIR B11
B12 — B8A

4.4 Time Series Extraction

Time series were extracted for each calculated spectral index over the period 2016-2025 using the
processed Sentinel-2 index layers. By integrating data from all sampled plots across the Doller
Valley, these temporal profiles enabled the assessment of overall forest condition, seasonal

patterns, and long-term variability within the study area.

To derive representative plot level signals, pixel values were extracted using plot center
coordinates with a 10 m buffer radius. The buffer was intersected with the raster grid, and pixels
were included based on a centroid-based selection rule, whereby only pixels whose centroids fell
within the buffer polygon were extracted. This method was employed to ensure that the extracted
spectral information accurately reflected the monitored plots while minimizing the influence of
surrounding land cover. The selected buffer size was consistent with the field sampling design, in

which tree measurements were conducted within concentric rings extending up to 15 m from the
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plot center, thereby ensuring that the satellite derived signals correspond closely to the dominant

canopy conditions observed in the field.

4.5 Spectral Characterization of Forest Dieback Severity Levels

Following the development of overall time series profiles, additional analyses were conducted to
identify spectral signal differences associated with varying levels of forest dieback. For each
spectral index, separate time series plots were generated to examine how spectral responses
differed across plot level dieback severity classes. Plot level index values were calculated as the
mean of all extracted pixels within each plot buffer, ensuring that each time series represented the

average spectral condition of the sampled plot.

Initially, multiple classification schemes with a greater number of dieback categories (e.g., 4 to 5
classes) were explored through an iterative trial-and-error process to determine an optimal
threshold structure for distinguishing spectral responses. However, as class intervals became
narrower, spectral separability between adjacent dieback levels decreased substantially, reducing
the clarity and interpretability of class-specific temporal patterns. Consequently, a simplified
3-classes framework was adopted, with an initial 2-classes analysis developed to assess the
contrast between healthy and severely affected plots over the full study period. Plot classification
was based on WDB scores, where plots with WDB < 2 were classified as healthy and plots with
WDB > 4 as severely affected. A 3-classes scheme was then implemented by introducing a
moderate dieback category, defined as WDB values between 2 and 4. The final threshold values
were determined through visual interpretation of high-resolution orthophotos and iterative
evaluation of spectral class separability, with the objective of maximizing observable differences
between classes while maintaining consistency with branch mortality classifications derived from

field observations.

In addition, the species distribution map was used to further investigate spectral variability across
different forest types. This enabled the assessment of spectral signal differences among coniferous,
deciduous, and mixed forest stands within the healthy, moderate, and severe dieback classes,
providing additional insight into how forest composition influences spectral responses under

varying levels of canopy decline.
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4.5.1 Statistical Analyses

Statistical analyses were conducted to evaluate the spectral differentiation between forest dieback
severity classes and to determine whether observed differences among classes were statistically
significant. Initially, the Shapiro—Wilk test was applied to assess the normality of the spectral index
data (Shapiro & Wilk, 1965). As the data did not consistently meet normal distribution
assumptions, non-parametric statistical methods were employed for subsequent analyses. For the
two-class classification (healthy vs. severe dieback plots), the Mann—Whitney U test was used to
determine whether significant differences existed between these two independent groups (Mann
& Whitney, 1947). This test provided a robust assessment of spectral separability between healthy
and severely affected forest conditions. For the 3-classes classification (healthy, moderate, and
severe dieback plots), the Kruskal-Wallis H test was applied to assess whether statistically
significant differences were present among the three independent dieback categories (Kruskal &
Wallis, 1952). Following significant Kruskal-Wallis results, Dunn’s post-hoc test was performed
to identify which specific class pairs and spectral indices exhibited statistically significant
differences (Dinno, 2015; Dunn, 1964). This additional analysis enabled a more detailed
interpretation of pairwise spectral separability among dieback severity levels. Together, these
statistical procedures provided quantitative support for evaluating the effectiveness of each
spectral index in distinguishing varying forest dieback conditions while also clarifying where
significant differences were most pronounced among classes. In the Results section, numerical

statistics presented in the text are reported as mean + standard deviation (SD).

4.6 Model Development and Machine Learning Framework

To fulfil the primary objective of this study, a machine learning framework was developed to
enable spatial detection of forest dieback across the Doller Valley. This framework focused on
constructing a classification model capable of distinguishing between different levels of dieback

severity using integrated field observations and Sentinel-2-derived spectral information (Figure 4).

A Random Forest (RF) classifier was employed due to its effectiveness in handling complex, non-
linear relationships and its strong performance with multidimensional environmental datasets. The

model was trained and evaluated using combined field-based dieback classifications and spectral
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predictors derived from Sentinel-2 imagery. All stages of data processing, model implementation,

and analysis were conducted in Python 3.11.10.

4.6.1 Random Forest Classifier

RF classifier is an ensemble machine learning algorithm that generates predictions by combining
the outputs of multiple individual decision trees, thereby improving predictive accuracy and

reducing overfitting.

The model input dataset was developed at the pixel level, and the model was trained using
individual pixel observations rather than aggregated plot level means. This approach was chosen
to preserve within-plot spectral variability associated with heterogeneous forest conditions. In
particular, forest dieback is a spatially non-uniform process, often exhibiting fine-scale variation
in canopy condition within the same plot. Therefore, aggregating pixel values to plot level mean
values could potentially dilute or obscure localized stress signals associated with early or partial

dieback stages.

The dataset included spectral information derived from all calculated indices, together with spatial,
temporal, and species composition features. Spatial features included the spatial standard deviation
(spatial _std), calculated from all pixels within the 10 m buffer surrounding each plot center,
representing within plot spectral variability. Temporal features included temporal standard
deviation (temp_std), which quantified the variability of individual pixel values over time.
Additionally, a delta feature was calculated to represent the difference between the mean spectral
value of the sampling year and that of a baseline reference year. The year 2017 was selected as the
baseline reference year, as it was assumed to represent comparatively healthy forest conditions
prior to the widespread drought events that affected European forests from 2018 onward,
contributing substantially to forest decline (Knutzen et al., 2025; Schuldt et al., 2020). For these
calculations, annual mean values were used for each pixel to ensure temporal consistency. In total,

the initial model incorporated 21 predictor features (Appendix 3).

To maintain spatial independence and prevent data leakage, the dataset was divided into an 80/20
training and holdout testing split using a ‘Group Shuffle Split’ strategy. This ensured that all
pixels originating from the same sample plot were assigned exclusively to either the training or

testing subset. Initial model development was performed using the full feature set, followed by
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hyperparameter tuning. Given the class imbalance within the field dataset, the Synthetic Minority
Oversampling Technique (SMOTE) was applied to improve class representation during model
training. This approach enhanced the classifier’s ability to effectively learn from underrepresented
severe dieback cases and improve predictive performance across all dieback severity levels

(Chawla et al., 2002).

4.6.2 Hyperparameter Tuning and Model Optimization

Hyperparameter tuning was conducted to optimize the structural configuration of the RF model
and ensure its suitability for the characteristics of the dataset. This process was essential for
identifying the most effective parameter settings while minimizing the risks of overfitting or
underfitting. By systematically evaluating multiple hyperparameter combinations, the model could

be calibrated to achieve improved predictive performance and generalization.

To assess candidate hyperparameter configurations, K-fold cross-validation was employed as the
internal evaluation strategy. The training dataset was partitioned into five folds, and the model was
iteratively trained and validated five times, with each fold serving once as the validation subset
while the remaining folds were used for training. This procedure was repeated five times so that
each fold served once as the validation set. For each hyperparameter configuration, performance
metrics were computed for each fold, and the resulting fold-wise scores were averaged to obtain
an overall cross-validation score. This score was then used to compare and select the optimal
hyperparameter configuration. This approach reduces sensitivity to any single train-validation split

and improves the robustness and reliability of model selection.

4.6.3 Feature Importance Assessment

Feature selection is an important step in machine learning, as models often perform better when
trained on a reduced set of informative variables rather than all available predictors (Grabska et
al., 2020). Two complementary approaches were employed: Recursive Feature Elimination (RFE)
and Permutation Importance. RFE was first applied using all 21 input features, where the model
iteratively removed the least important variables based on internal importance rankings. At each
iteration, the model was retrained, and this process continued until an optimal subset of features
was identified that maximized model performance. To further validate the robustness of the

selected features, Permutation Importance was applied. This method evaluates the effect of each
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feature on model performance by randomly permuting its values and observing the resulting
change in accuracy (Genuer et al.,, 2010). A significant drop in performance after shuffling
indicates that the feature carries strong predictive information, whereas negligible changes suggest
limited importance. By combining RFE with Permutation Importance, the feature selection process
ensured both model-driven and performance-based validation of variable relevance. The final set
of features used to build the model was selected based on those that achieved the highest cross-

validation accuracy in combination with permutation importance results.

4.6.4 Accuracy Assessment

The performance of the developed model was evaluated using both a confusion matrix and a
classification report. The confusion matrix provides a detailed comparison between the actual
ground truth labels and the model’s predicted labels. It summarizes the outcomes into four
categories: True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives
(FN).

The classification report was used to compute key evaluation metrics, including precision, recall,
F1-score, and overall accuracy. Precision quantifies the correctness of positive predictions, defined
as the proportion of correctly predicted positive observations relative to all predicted positives for

a given class (Eq. 3).

procision — 17
recision = TP + FP [3]

Recall, on the other hand, measures the model’s ability to capture all relevant instances of a class,
representing the proportion of correctly predicted positives relative to all actual positives in that

class (Eq. 4).

TP
= [4]
Recall TP T FN

The F1-score provides a balanced measure of performance by computing the harmonic mean of

precision and recall, thereby accounting for both false positives and false negatives simultaneously
(Eq. 5).

Precision X Recall 5
F1-Score = 2 X [3]

Precision + Recall
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Finally, overall accuracy represents the proportion of correctly classified samples relative to the

total number of validation samples across all classes (Eq. 6).

TP+TN
TP+TN + FP +FN

[6]

Overall Accuracy =

In addition, Cohen’s Kappa (k) coefficient was calculated to measure the level of agreement
between predicted and observed dieback classes while accounting for agreement occurring by
chance (Eq. 7).

Po — De
1_pe

Kappa(k) = [7]

P, — Observed Agreement, P, — Expected Agreement

4.7 Dieback Prediction Map Development for the Doller Valley

Following the development of the final optimized model with selected features and tuned
hyperparameters, the classifier was applied across the study area to generate spatially explicit
forest dieback prediction maps for the Doller Valley. The selected predictor variables were
computed for each pixel, enabling full spatial classification of dieback severity. The year 2017 was
used as a static baseline, as it represents pre-drought conditions prior to the major European
drought events beginning in 2018, providing a stable reference for initial forest conditions. A 3 x
3 moving window was applied to derive spatial standard deviation (spatial std), and a 3 x 3
majority filter was used post-classification to reduce salt and pepper effect and improve spatial
consistency. Annual dieback maps were then generated for the period 2018-2025, and class-wise

area statistics were extracted to quantify temporal changes in forest condition.

Model confidence was derived from the Random Forest class probabilities, where each tree votes
for a class, and the final prediction is based on majority vote. Confidence was defined as the highest
class probability for each pixel and used to generate yearly confidence maps and mean annual

confidence values.
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To account for classification uncertainty in area estimation, an error-adjusted correction was
applied following Hay, (1988) using information from the confusion matrix to construct an error
probability matrix. This matrix describes the relationship between reference and mapped classes
and is used to correct biased area estimates. The inverse correction approach, explained by
Czaplewski & Catts (1992) was then applied to adjust class areas, providing more reliable

estimates of true dieback extent by reducing systematic misclassification bias.
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5. Results

This chapter presents the results obtained from the field observations, spectral analyses, and
machine learning modelling. It begins with an assessment of dieback severity across the sampled
plots, followed by analyses of spectral and temporal patterns associated with forest condition. The
chapter then presents the outcomes of the Random Forest modelling framework and concludes

with the spatial prediction and temporal evolution of forest dieback across the study area.

5.1 Overview of WDB Score Variations Among Plots

@ Severe Plots (n=14)
O Moderate Plots (n = 64)
© Healthy Plots (n=111)

DEM (m)
Band | (Gray)
1,249 0 1
348 | I ]

Figure 5. Map of the healthy, moderate, and severe dieback plots (sampled in 2019, 2021, and 2025) across the
Doller valley (Base map DEM Source: Copernicus DEM data).

Following field data preprocessing and dominant tree selection, 1,292 dominant canopy trees were
retained from the original 3,366 sampled trees across 189 plots for subsequent dieback analysis.
Plot-level WDB scores derived from these dominant trees ranged from 0 to 5, reflecting substantial

variability in the severity of canopy decline across the study area. Based on the established WDB
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classification thresholds, the plots were categorized into three dieback severity classes: healthy
(WDB < 2), moderate (2 < WDB < 4), and severe (WDB > 4) (Appendix 4). This classification
resulted in 111 healthy plots, 64 moderate dieback plots, and 14 severe dieback plots, indicating
that most sampled plots exhibited relatively low dieback severity, while a smaller proportion

represented advanced canopy decline (Figure 5).

5.2 Time Series Analyses

The developed spectral index time series revealed the general temporal dynamics of forest
condition across the Doller Valley throughout the study period (2016-2025). For each index, time
series plots represented the mean spectral response across all sampled plots, accompanied by +1
standard deviation to illustrate spatial variability among plot-level signals. Collectively, these
profiles captured both seasonal vegetation dynamics and inter-plot heterogeneity across the study

arca.

NDVI time series analysis demonstrated a strong and consistent seasonal pattern characteristic of
temperate forest ecosystems. Mean NDVI values were consistently highest during the growing
season, typically peaking at 0.8 = 0.1 during the summer months, reflecting maximum canopy
greenness and photosynthetic activity. During winter, average NDVI values declined to
approximately 0.7 £ 0.1, corresponding to reduced photosynthetic activity and seasonal leaf
senescence associated with deciduous species shedding foliage. Spatial variability was notably
greater during winter, as indicated by wider standard deviation ranges, reflecting increased
heterogeneity among plots due to differences in species composition, particularly between

deciduous and evergreen forest stands (Figure 6).

Similarly, NDWI exhibited a clear seasonal pattern, with mean values generally reaching
approximately 0.4 £ 0.1 during summer and declining to winter minima between 0.3 + 0.2. These
variations reflect seasonal fluctuations in vegetation water content, with lower winter values
indicating reduced canopy moisture conditions. IRECI values generally ranged between 0.5 + 0.2,
with elevated summer values indicating higher canopy chlorophyll content during peak vegetation
productivity, followed by reduced values during winter (0.3 = 0.2) corresponding to seasonal

declines in chlorophyll concentration.
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Figure 6. Time series plot of NDVI (2016-2025) showing the general trend of NDVI across all the plots in the study
area, with the field sampling windows

The CR_RE index consistently reflected seasonal chlorophyll absorption dynamics, with deeper
red-edge absorption features observed during summer (0.2 + 0.2) and reduced absorption depths
during winter (0.4 £ 0.2), corresponding to lower chlorophyll activity. Likewise, CR_SWIR
demonstrated seasonal moisture absorption trends, with deeper absorption features during summer
(0.3 £ 0.2) associated with higher vegetation water content and reduced absorption during winter
months (0.4 &+ 0.3). Unlike NDVI, however, NDWI, IRECI, CR_RE, and CR_SWIR all exhibited
relatively high spatial heterogeneity throughout both summer and winter periods (Appendix 5).
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5.3 Spectral Performance of Indices Across Forest Dieback Severity Levels

5.3.1 Spectral Differentiation Between Healthy and Severe Dieback Classes

Visual inspection of the developed time series plots for the initial two-class classification (healthy
vs. severe dieback) revealed clear differences in spectral signatures between the two forest dieback
classes, indicating that varying levels of dieback are associated with distinct spectral responses.
Across all five spectral indices, healthy and severe plots generally exhibited separable mean
temporal profiles. Among these, the continuum removed indices (CR_SWIR and CR_RE) showed
the strongest visual distinction between classes, demonstrating greater sensitivity to dieback-
related physiological changes compared to more generalized vegetation indices such as NDVI

(Figure 7).

These visual patterns were supported by non-parametric Mann—Whitney U (MWU) tests, which
confirmed highly significant spectral differences across all evaluated indices (p < 0.05),
demonstrating that healthy and severe dieback plots were consistently spectrally distinct. The
MWU statistic provides a measure of class separation, where lower U values indicate stronger
separation and reduced overlap between classes. Consistent with the visual time series results,
CR_SWIR and CR_RE exhibited the lowest U statistics among all evaluated indices (Table 3),
confirming their superior ability to discriminate between the two classes. This strong separation
was also reflected in their relative spectral responses, with CR_SWIR and CR_RE showing the
highest mean increases from healthy to severe conditions (77% and 69%, respectively). In contrast,
NDWI and IRECI showed intermediate differences, while NDVI displayed the weakest response,

with only a 7% reduction between healthy and severe plots.

Table 3. Mann—Whitney U test results comparing healthy and severe dieback classes

Index Healthy Mean Severe Mean U - Statistic p-value
NDVI 0.9 0.8 1217 <0.05
NDWI 0.4 0.2 1271 <0.05
IRECI 0.4 0.3 1127 <0.05
CR RE 0.3 0.5 258 <0.05
CR_SWIR 0.3 0.5 200 <0.05

42



Temporal Profile: CR_SWIR

9 i i
| |
| |
2018 Summer
Drought Anomaly
0.8 e
s o
E .
B 0.6 i i
: | |
= N
® 04+ | @
e |
< N/
i i
|
0.2 Nz
(a) —
00 . — i ‘ ; ; ‘ ‘ . .
2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026
Year
Temporal Profile: NDVI Temporal Profile: NDWI
04 ; 1.0 4
0.8 3 0.8
@ o
= 06 = 06+
= S
=4 =
—
2 5
2 0.4 A 044 e
4 z
™
0.2 0.2 -
(b) ()
0.0 T T T T T T T T T 1 0.0 T T T T T T T T T 1
2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026
Year Year
Temporal Profile: IRECI Temporal Profile: CR_RE
- 1.0 1
0.8 0.8 4
) <@
= 06 % 0.6 -
s =
— )
: ¥ y
B 04 A ' 044
- Q
0.2 - 0.2
i
H
(d) (e) i
H
0.0 T T T T T T T T T 1 0.0 T T L T T T T T T 1
2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026
Year Year

m— Severe Dieback (WDB = 4.0; n=14) Mean + 1 SD
Conifer: 8 | Mixed: 2 | Deciduous: 4

—— Healthy Forest (WDB = 2.0; n=111) Mean % 1 SD - g?;ﬁgﬁ,ﬁwfgow

Conifer: 40 | Mixed: 24 | Deciduous: 47

Figure 7. Comparison of spectral signatures between healthy (WDB < 2) and severe (WDB > 4) dieback plots across

all indices
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5.3.2 Spectral Differentiation Among Healthy, Moderate, and Severe Dieback

Classes

Within the 3-classes classification framework (healthy, moderate, and severe), visual spectral
differentiation was less clear than in the two-class comparison. Although severe dieback plots
generally remained distinguishable, the spectral differences between healthy and moderate plots
were often inconsistent across indices. Moderate dieback plots frequently showed overlapping
temporal patterns with both healthy and severe classes, making class separation less visually
distinct. This reduced separability is partly due to the use of plot-level mean spectral values, where
averaging all pixels within a plot can dilute localized dieback signals. Since forest dieback is often
spatially uneven within plots, this averaging process can mask fine-scale physiological variation

and increase overlap among classes (Figure 8).

The Kruskal-Wallis H test confirmed statistically significant differences among the dieback
severity classes (p < 0.05), further supporting the patterns observed in both the visual and two-
class analyses (Table 4). The H statistic reflects differences in median ranks between groups, where
higher values indicate stronger separation among classes. In this context, CR_ SWIR and CR_RE
consistently produced the highest H values, indicating that continuum-removed indices provide

the most robust separation of dieback severity levels.

Post-hoc analysis using Dunn’s test further clarified pairwise differences between classes. The
results showed that the healthy and moderate classes were not significantly different across all
indices (p > 0.05), suggesting that moderate dieback conditions retain spectral characteristics that
are still very similar to healthy forests. This statistical result supports the overlap observed in the
temporal profiles. In contrast, the moderate and severe classes showed statistically significant
differences across all indices (p < 0.05), with the strongest separation again observed for
CR_SWIR and CR_RE. This indicates that the transition from moderate to severe dieback is
associated with more pronounced structural and biochemical changes, which are more effectively

captured by continuum-removed indices than by traditional vegetation indices.
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Figure 8. Comparison of spectral signatures between healthy (WDB < 2), moderate (2 < WDB < 4 ), and severe
(WDB > 4) dieback plots across all indices

45



Table 4. Kruskal-Wallis H test with Dunn s post-hoc analysis results comparing the healthy, moderate, and severe

dieback classes

Index H - Statistic Healthy Vs. Moderate Vs. Healthy Vs.
Moderate (p) Severe (p) Severe (p)
NDVI 14 >0.05 <0.05 <0.05
NDWI 16 >0.05 <0.05 <0.05
IRECI 8 >0.05 <0.05 <0.05
CR RE 16 >0.05 <0.05 <0.05
CR_SWIR 20 >0.05 <0.05 <0.05

5.3.3 Spectral Responses Across Forest Types

When analyses were further separated by forest type, visual differences in spectral signal ranges

were observed among coniferous, mixed, and deciduous forests. Coniferous and mixed forests

generally showed similar temporal patterns, although differences in variability and signal range

were present. Deciduous forests displayed more visually distinct differences between dieback

classes, likely due to stronger seasonal phenological changes such as leaf development and

senescence. However, due to the relatively small number of moderate and severe deciduous plots

within the dataset, these visual patterns may not fully represent broader deciduous forest dieback

dynamics across the study area (Figure 9) (Appendix 6).
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Figure 9. Comparison of CR_SWIR temporal variation between conifer, deciduous, and mixed plots
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5.4 Temporal Evolution of Forest Dieback Using Orthophotos and Spectral

Indices

The temporal evolution of forest dieback was further examined by integrating spectral time series
with high-resolution orthophotos, which provided a visual reference for validating observed index
behaviour over time. Overall, the comparison revealed a strong correspondence between spectral
dynamics and visible canopy conditions, indicating that the indices effectively capture real changes

in forest structure and health.

For a representative healthy plot (sampled in 2021; WDB = 0), NDVI time series from 2017 to
2025 showed a highly consistent seasonal pattern across all years (Figure 10). Each year exhibited
a clear summer peak, reflecting peak canopy greenness, with tightly clustered maximum values
and stable interannual behaviour. Winter values showed greater variability, likely reflecting
differences in species composition within the plot, where mixed deciduous and coniferous stands
maintain some level of winter photosynthetic activity due to the presence of evergreen species.
Importantly, the orthophotos from 2018, 2021, and 2024 consistently confirmed the presence of a
dense and healthy canopy, supporting the stability observed in the NDVI signal. The other indices
also showed similarly stable temporal behaviour, with low interannual variability and closely
aligned trajectories across the study period (Appendix 7), further confirming the persistence of

healthy forest conditions.

In contrast, the severe dieback plot (sampled in 2019; WDB = 5) exhibited pronounced temporal
changes in spectral behaviour that closely aligned with observed structural changes in the
orthophotos (Figure 11). Prior to 2019, the NDVI signal remained relatively high (2016-2018),
indicating that the plot was still largely healthy during this period. This is consistent with the 2018
orthophoto, which shows a still green and relatively intact canopy. From 2019 onwards, a clear
decline in NDVI was observed, reaching minimum values around 2021, which corresponds well
with orthophoto evidence showing substantial canopy loss and open forest structure in the same
year. Following 2021, NDVI values gradually increased again between 2022 and 2024. This trend
is also reflected in the 2024 orthophoto, which indicates partial regrowth and understory
development, likely contributing to increased reflectance despite the absence of a fully recovered

canopy.
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Figure 10. Temporal NDVI profile of a healthy plot matched with multi-temporal orthophotos. Each line indicates the
NDVI trend over the years (2017 - 2025), accompanied by orthophotos capturing the canopy condition at the same
plot location (within 10m buffer) from 2018 (before field sampling), 2021 (2 years after field sampling and 2025 (6
years after field sampling)

However, the overall signal range in the severe plot remained much more variable across years
compared to the healthy plot, highlighting persistent instability in vegetation condition following
dieback onset. The remaining indices (NDWI, IRECI, CR_RE, and CR_SWIR) showed similarly
consistent temporal responses, with greater interannual variability compared to the healthy plot
(Appendix 7). In particular, CR_SWIR captured a pronounced shift between 2018 and 2019,
indicating a rapid change in canopy water related properties during the period when dieback
became visually apparent. Overall, the spectral trajectories across all indices closely matched the

changes observed in the orthophotos, demonstrating that the indices are highly sensitive to both
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gradual and abrupt changes in forest condition and provide a reliable representation of dieback

progression over time.
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Figure 11. Temporal NDVI profile of a severe plot matched with multi-temporal orthophotos. Each line indicates the
NDVI trend over the years (2017 - 2025), accompanied by orthophotos capturing the canopy condition at the same
plot location (within 10m buffer) from 2018 (before field sampling), 2021 (2 years after field sampling and 2025 (6
years after field sampling)
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5.5 RF Dieback Detection Model

5.5.1 Initial Hyperparameter Optimization and Model Performance

The initial hyperparameter optimization was conducted using all 21 predictor features (listed in
Appendix 3). Through 100 iterations combined with 5-fold cross-validation, the model explored a
broad range of parameter configurations to identify an optimal learning structure. The final
selected hyperparameters, along with their corresponding search ranges, are presented in Table 5.
Using the optimized settings and full feature set, the Random Forest model achieved an overall
accuracy of 60%, with a macro-averaged F1-score of 0.61. The class-wise precision, recall, and
F1-scores are summarized in Table 6, and the corresponding confusion matrix is shown in Figure

12.

Performance was notably higher for the healthy and severe classes, both of which were classified
with relatively good accuracy. In contrast, the moderate class showed considerably lower
performance, indicating difficulty in separating this intermediate category from the other two
classes. The confusion matrix further highlights this pattern, showing substantial misclassification
between healthy and moderate classes, with a considerable proportion of moderate pixels being

classified as healthy and, to a lesser extent, healthy pixels being assigned to the moderate class.

Table 5. Hyperparameters for the initial model run with 21 features and the optimized model run with 7 features

Hyperparameter Search Range Optimized Values with | Optimized Values with 7
21 features features
Number of estimators 100 - 1000 317 665
Max depth 5-50 18 44
Max features 0.21-1.00 0.63 5
Min samples per split 2-100 6 7
Min samples per leaf 1-100 1 2
Bootstrap True / False True False
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Figure 12. Confusion matrix showing the model performance with (a) 21 features and (b) optimized 7 features

5.5.2 Recursive Feature Elimination and Permutation-Based Feature Selection

Following hyperparameter optimization, RFE and permutation importance were applied to identify
the most informative predictor variables. RFE results indicated that the highest predictive
performance was achieved using a reduced subset of 7 features. Starting from the full set of 21
variables (Figure 13), mean cross-validation accuracy gradually improved as less informative and
redundant predictors were removed, reaching a peak value of 0.53. Beyond this optimal point,
further feature elimination resulted in a decline in performance (CV accuracy < 0.53), indicating
that the selected seven variables capture the essential spectral and structural information required

for distinguishing dieback severity levels (Figure 14).

The selected feature set included species type, CR_SWIR delta, IRECI val, NDVI delta,
CR_SWIR spatial std, NDWI delta, and CR_RE temp_std (detailed definitions in Appendix 3).
Using this reduced feature set, the model was re-trained, and hyperparameters were re-tuned to
ensure optimal configuration under the updated input space (Table 5). The final optimized model

achieved an overall accuracy of 70% with a balanced accuracy of 79% and a macro-averaged F1-
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score of 0.71, indicating balanced performance across all dieback classes rather than dominance

by the majority class.

Class-wise evaluation (Table 6) shows improved precision, recall, and F1-scores across all
categories compared to the full-feature model. The confusion matrix (Figure 12) further confirms
that the model correctly classifies the majority of pixels in each class, with reduced confusion

particularly between healthy and moderate classes relative to the initial model.

Table 6. Classification accuracies with all 21 features and the top 7 features after RFE

Precision Recall F1 —score

With the initial 21 features

Healthy (WDB <2) 0.71 0.63 0.67
Moderate (2 < WDB < 4) 0.44 0.54 0.49
Severe (4 <WDB) 0.67 0.67 0.67
With the top 7 features

Healthy (WDB <2) 0.81 0.70 0.75
Moderate (2 < WDB < 4) 0.57 0.66 0.61
Severe (4 <WDB) 0.60 1.00 0.75

&
L

]

o

4llﬁﬁﬁ‘+;ll+fﬁyq?!.!

Mean Decrease in Accuracy (%)

; . . .
Y
EA S N SN ST T Y Y ST Y S S R I R G
& A N ¥ ¥ > Q7 z 7 > > S > S & E; o >
b O N 0 o & R K R & R & N @ < e N <«
& d & 5 & & @ & & & 2 & < ) o < q“ 2
& © A £y El e i o R £ s &’ A R < & o2 R
& S R R TS &7
§ &g e e $ s
&

Figure 13. Permutation importance showing the mean decrease in accuracy (%) for all 21 input features
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Figure 14. Permutation importance showing the mean decrease in accuracy (%) for the optimized 7 features

Cohen’s Kappa coefficient increased from 0.24 in the full-feature model to 0.55 in the reduced-
feature model, indicating a shift from slight to moderate agreement. This improvement
demonstrates that the reduced feature set not only enhances classification performance but also
increases robustness beyond chance agreement, despite the inherent class imbalance in the field
dataset. Overall, the combination of feature selection and re-tuned hyperparameters substantially

improved the model’s ability to distinguish between the three dieback severity classes.

5.6 Spatial Prediction for Forest Dieback and Temporal Evolution

Spatial prediction maps were generated annually for the period 2018-2025, with an overall average
model confidence of approximately 68%, indicating consistent predictive performance across the
study period (Figure 15). Based on area calculations for the three dieback severity classes, 2018
exhibited the lowest extent of healthy forest (56 km?) and the highest extent of severe dieback
(14 km?) observed throughout the study period. Between 2019 and 2022, the spatial predictions
indicated a gradual recovery phase, characterized by an approximate 10 km? increase in healthy
forest area and a corresponding reduction of approximately 5 km? in severe dieback extent.
However, from 2022 to 2023, this recovery trend partially reversed, with reductions observed in

both healthy and moderate dieback classes alongside an increase in severe dieback area. This
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suggests renewed forest stress or delayed dieback progression during this period. In 2024, the maps

indicated a slight recovery, reflected by a reduction in severe dieback extent (Table 7).

Table 7. Annual extent (km?) of forest dieback under healthy, moderate, and severe dieback classes from 2018 to
2025.

Year

Healthy (WDB <2)

(km?)

2018 56
2019 64 35 8
2020 68 31 8
2021 66 33 7
2022 65 32 10
2023 64 32 11
2024 67 32 8
2025 67 27 12

Comparison with annual model confidence maps further demonstrated that healthy (0.68 + 0.14)
and severe (0.69 + 0.16) dieback classes were predicted with slightly higher confidence than the
moderate class (0.64 = 0.13) (Appendix 8). This pattern aligns with previous classification results,
indicating that moderate dieback remains the most spectrally ambiguous class, whereas healthy
and severe forest conditions exhibit more distinct spectral signatures and are therefore classified

more reliably.
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Figure 15. Annual spatial predictions of forest dieback severity and corresponding model confidence
maps derived from the RF classification from 2018 to 2025.
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5.6.1 Error Adjusted Area Calculations

Application of the Hay (1988) area correction method revealed notable differences between raw
classified dieback areas and bias-adjusted estimates. Due to the availability of field validation data
for only three survey years, error-adjusted area calculations were conducted exclusively for 2019
and 2021. Although field data were also available for 2025, this year was excluded from the

correction analysis due to insufficient representation of severe dieback plots.

For 2019, the raw classification substantially overestimated healthy forest area by approximately
~9 km?, while moderate dieback area was underestimated by ~10 km?. Following calibration,
healthy forest extent decreased from ~64 km? to ~55 km?, whereas moderate dieback increased

from 35 km? to 45 km?. Severe dieback showed only a minor reduction, from ~8 km? to ~7 km?.

In 2021, bias correction resulted in comparatively smaller adjustments, reflecting improved
classification performance. Healthy forest area increased from ~66 km? to ~71 km? while
moderate dieback decreased from ~33 km? to ~29 km?. Severe dieback again required only a minor
correction, decreasing from ~7 km? to ~6 km?. Overall, classification errors were notably lower in
2021 than in 2019. These findings indicate that moderate dieback classes were the most susceptible
to misclassification, likely due to their intermediate spectral characteristics, whereas severe

dieback estimates remained comparatively robust across both assessed years.
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6. Discussion

6.1 Spectral Indicators and Their Effectiveness For Dieback Detection

6.1.1 Temporal Behaviour of Spectral Indices

The time-series analysis of all spectral indices revealed clear seasonal dynamics across the study
area, reflecting the phenological cycles of forests within the Doller Valley. However, the
magnitude of variation differed substantially among the indices. NDVI consistently exhibited the
narrowest variation range, with only small deviations around the mean, whereas NDWI,
CR_SWIR, CR_RE, and IRECI displayed considerably wider variability over time and across
plots (section 5.2 provides mean + SD). This contrast suggests that although the forests generally
maintained a green healthy canopy appearance, the underlying physiological conditions were far
more heterogeneous. Indices associated with canopy moisture content (NDWI and CR_SWIR),
chlorophyll concentration, and red-edge region (CR_RE and IRECI) revealed substantial
differences in forest condition that were not fully reflected by canopy greenness alone.
Consequently, while NDVI effectively represents overall canopy greenness, it may be less
sensitive to the physiological changes associated with forest stress and dieback. Similar findings
have been reported by Marusig et al. (2020), who observed weaker relationships between NDVI,

and physiological drought stress indicators compared to moisture-sensitive indices such as NDWI.

This relatively stable and uniformly high NDVI values can be explained by the saturation effect
commonly observed in dense temperate forests. In forests with high Leaf Area Index (LAI), red
light is strongly absorbed by chlorophyll, resulting in low red reflectance, while near-infrared
reflectance remains consistently high due to leaf internal structure (Huete, 2012; Marusig et al.,
2020; Tucker, 1979). Under these conditions, NDVI approaches a plateau where additional
physiological variation within the canopy produces only limited changes in index values. As a
result, stressed forests can continue to exhibit high NDVI values as long as the canopy remains
visually dense and green. This behaviour explains why NDVI showed consistently high values
with comparatively low variability throughout the study period, despite clear differences in
moisture and chlorophyll-related conditions observed in the other indices. Hence, the results of

this study indicate that NDVI mainly captures canopy greenness rather than internal physiological
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stress responses. This limits its effectiveness as a standalone indicator for detecting forest dieback

in dense temperate forest environments.

6.1.2 Spectral Separability of Dieback Classes

Although all indices showed statistically significant differences among dieback classes, the
continuum removal indices (CR_SWIR and CR _RE) consistently provided the strongest
separability between healthy, moderate, and severe conditions (Table 3 and Table 4). They
outperformed NDVI, NDWI, and IRECI because these indices are more directly linked to physical
absorption features within the canopy reflectance spectrum, while continuum removal indices are
more sensitive to internal biochemical changes within the canopy. Specifically, CR_SWIR is
particularly sensitive to canopy moisture status, whereas CR_RE captures changes associated with
chlorophyll degradation and alterations in red-edge structure. By emphasizing the depth and shape
of absorption features rather than overall reflectance magnitude, continuum removal enhances
sensitivity to internal canopy changes while reducing the masking effects of canopy brightness.
Consequently, these indices were better able to distinguish varying levels of forest condition across
the dieback gradient. The temporal evolution of class separability further highlights these

differences.

During the 2018-2019 period, NDVI showed substantial overlap between healthy and severely
affected plots, indicating limited sensitivity to early physiological stress following the 2018
European drought. In contrast, CR_SWIR and CR_RE already exhibited clear separation between
health classes from 2018 onwards, suggesting earlier detection of canopy stress. A clearer
divergence in NDVI only emerged after 2019, when canopy degradation became more advanced
(Figure 7). However, NDVI still captured the overall trajectory of forest decline. A pronounced
decrease in NDVI values from 2019 onwards closely corresponded with the onset of visible
dieback symptoms following the severe 2018 drought. This indicates that, although NDVI is less
effective in distinguishing early-stage physiological stress, it remains valuable for representing

broader canopy-level deterioration once dieback becomes more advanced (Figure 7b).

These findings are consistent with previous studies highlighting the importance of red-edge and
SWIR spectral regions for forest stress detection. Abdullah et al. (2019) emphasized their role in

early drought stress identification, while Ye et al. (2021) demonstrated strong performance of red-
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and SWIR-based indices for mapping bark beetle-induced dieback. Similarly, Carletti et al. (2025)
identified CR_SWIR, CR RE, and IRECI as among the most effective indicators for detecting
dieback across multiple conifer species. The spectral behaviour observed in this study also aligns
with the operational oak dieback monitoring framework proposed by Mouret et al. (2024) where
SWIR-based indicators provided the strongest separation between health conditions. Comparable
results were reported by Barta et al. (2021) and Huo et al. (2021) who identified red, red-edge, and
SWIR bands as the most reliable spectral domains for distinguishing healthy and stressed forest

stands.

Moreover, although mean class level spectral trends showed clear differences in class
classifications (Figure 7), substantial overlap was observed among individual pixel values within
plots. This pronounced intra plot heterogeneity shows that forest dieback does not occur uniformly
across individual stands. Even severely affected plots may contain localized areas exhibiting
relatively healthy spectral responses due to resilient canopy patches, species specific variation, or
microenvironmental conditions, while healthy plots may also contain isolated stressed or declining
areas. Consequently, despite clear visual class separation at the aggregated level, considerable

within plot variability was evident across both classification cases.

6.1.3 Influence of Understory Vegetation on Spectral Signals

An important pattern emerged in the NDVI and IRECI time series, where several severely affected
plots showed an apparent recovery by 2025. NDVI values in these plots approached levels close
to values observed in healthy stands. However, this trend was not reflected in CR_SWIR or
CR_RE, which remained consistent with ongoing canopy degradation (Figure 7). Orthophoto
comparison confirmed that this apparent recovery was not caused by overstory regeneration but
instead resulted from increased understory vegetation following canopy opening (Figure 11). As
overstory trees declined, understory vegetation became more exposed and contributed more
strongly to the satellite signal. Because this vegetation remained green and photosynthetically
active, it artificially increased NDVI and partially affected IRECI values, leading to an

overestimation of forest recovery.

Understory influence on canopy reflectance has been widely documented in previous studies. Lu
& Zheng (2016) showed that understory vegetation can contribute between 20% and 40% of total

canopy reflectance, while Eriksson et al. (2006) reported variations of up to £18% in the red band
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and +£10% in the near-infrared region due to understory effects. Although these studies primarily
focused on LAI estimation, the same mechanisms directly affect vegetation indices such as NDVI
and IRECI, leading to systematic overestimation of forest health in open canopies. In contrast, the
continuum removal based indices demonstrated greater robustness under these conditions. Their
reduced sensitivity to overall brightness variations and mixed background reflectance allowed
CR SWIR and CR RE to maintain stable dieback trajectories despite increasing understory
exposure. Similar advantages of continuum removal approaches have been reported by
Malenovsky. (2006) who showed that emphasizing absorption feature geometry minimizes
background and albedo effects. Comparable findings were also reported by Kokaly & Clark (1999)
and Curran et al. (2001) who demonstrated that continuum-removed spectral features improve the
detection of subtle biochemical and structural canopy changes in heterogeneous vegetation

environments.

6.2 Random Forest Model Performance

The Random Forest model achieved an overall accuracy of 70% and a balanced accuracy of 79%,
indicating a generally strong ability to discriminate between forest health classes across the Doller
Valley. However, performance varied substantially among classes, with the primary limitation
observed in the separation between healthy and moderate dieback conditions, as reflected in the
reduced recall for the moderate class (0.66). This suggests systematic difficulty in identifying
transitional canopy states which also have been explained by Barta et al. (2021) and Hawryto et

al. (2018).

The results are consistent with the statistical analysis, where Kruskal-Wallis and post-hoc tests
indicated no significant differences between healthy and moderate classes across several spectral
indices (p > 0.05). Although separability between these classes remained limited, the inclusion of
a 3-classes framework was necessary to represent the full degradation continuum. Forest dieback
is not a binary process, and excluding intermediate conditions would oversimplify gradual

physiological transitions within forest canopies.

Despite the statistical overlap observed between healthy and moderate classes, the Random Forest
model achieved comparatively strong classification performance within the 3-classes framework.

Belgiu & Dragut (2016) explained that ensemble learning methods such as Random Forest can
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achieve strong predictive performance in high dimensional datasets with overlapping class
distributions by exploiting complex, non-linear interactions among variables rather than relying
solely on strong univariate separability. Michelucci & Venturini (2026) further support this
interpretation. In the present study, the relatively high overall accuracy is therefore likely explained
by the model’s ability to integrate multiple weakly separable spectral features into a robust

classification structure.

Most existing studies on forest dieback detection have relied on binary classification schemes,
typically distinguishing only between healthy and disturbed conditions. For example, Barta et al.
(2021) achieved an overall accuracy of 78% in discriminating healthy from declining Norway
spruce stands using time-series analysis in Central Europe, while Grabska et al. (2020) reported
75% accuracy in detecting Scots pine forest loss using Sentinel-2 time series in Poland. In contrast,
relatively few studies have implemented a 3-classes framework. Mouret et al. (2024) provide one
of the most comparable examples in oak dieback monitoring, where similar performance levels to
this study were reported despite increased classification complexity. Mouret et al. (2024) reported
overall accuracies of approximately 65% with balanced accuracies around 61%, with substantial
confusion between declining and very declining classes. The results of the present study, therefore,
align with the broader pattern observed in literature, where classification performance remains
relatively stable across binary studies but becomes increasingly challenging when transitioning

from binary to multi-class representations of forest decline.

A key limitation of the model in this study is class imbalance in the field dataset. Despite the
application of SMOTE during training, the underlying distribution remained strongly skewed
toward healthy plots (111 healthy plots compared to only 14 severe plots). This imbalance was
also reflected in the validation dataset, where the 20% test set contained limited representation of
severe conditions. As a result, the model exhibited a bias toward the dominant class, reducing
sensitivity to severe but ecologically important dieback conditions. This limitation is consistent
with Meddens et al. (2013) who demonstrated in the context of bark beetle—induced tree mortality
that detection accuracy decreases as the proportion of affected trees within mixed pixels declines,
highlighting the difficulty of identifying relatively rare disturbance signals in heterogeneous forest

environments.
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6.3 Random Forest Performance Improvement with RFE and Permutation

Importance

The initial Random Forest model, trained using all 21 features, achieved an overall accuracy of
approximately 60%, indicating that the full feature set included redundant and non-informative
variables that reduced predictive performance. Following feature selection using RFE, supported
by permutation importance analysis, model performance improved across all evaluation metrics,
with the optimal configuration achieved using only seven features. This reduction to 7 predictors
demonstrates that a substantial proportion of the original variables did not contribute additional
discriminative information and instead introduced noise that weakened class separation. After
feature selection, the overall accuracy of the model was improved by 10%, confirming that feature

reduction substantially improved both classification performance and robustness.

Permutation importance analysis, further showed that 10 out of 21 features exhibited near zero or
negative importance values, indicating limited independent contribution to the model. According
to Genuer et al. (2010), this behaviour is typically associated with highly correlated or redundant
predictors that encode similar information. This is consistent with multi-temporal remote sensing
datasets, where vegetation indices often display strong intercorrelation and therefore do not
contribute independently to model performance. This also explains why certain continuum
removal variables (CR_RE val and CR_SWIR val), despite showing strong spectral separability
in Section 5.3, appeared weak in permutation importance rankings. As discussed by Cutler et al.
(2007), permutation based importance can underestimate the contribution of correlated predictors
because their information is partially shared among related variables. Therefore, low or negative
permutation importance values cannot be interpreted as lack of relevance, but rather as an

indication of redundancy and shared explanatory power among correlated features.

Among all predictors, species composition emerged as the most influential variable, with its
permutation causing the largest reduction in classification accuracy. This highlights the importance
of forest structural composition in shaping spectral responses through differences in canopy
architecture and phenology between coniferous and deciduous stands. Within the spectral
variables, CR_SWIR delta (Difference between the annual mean value and the 2017 baseline
mean of CR_SWIR) ranked highest, confirming the strong sensitivity of SWIR-based continuum

removal indices that were explained above. IRECI val (Mean annual value of IRECI for a given
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year) followed as the second most important spectral feature, reflecting its sensitivity to
chlorophyll content and photosynthetic activity. Although NDVI showed limited sensitivity due to
saturation effects in dense temperate forests, NDVI delta still provided useful information by
capturing canopy opening and defoliation during the transition from moderate to severe dieback.
CR _SWIR spatial std (Standard deviation of all pixels within the plot buffer) ranked fifth,
indicating that spatial variability in canopy moisture contributes additional discriminatory power.
This reflects the heterogeneous structure of dieback affected stands, where healthy, moderate, and
severely stressed trees coexist within short spatial distances. Spatial variability, therefore, captures

fragmentation and moisture heterogeneity not represented by mean spectral values alone.

This observed variability is conceptually linked to texture characteristics in remote sensing
imagery. Texture measures derived from the grey-level co-occurrence matrix (GLCM) describe
the spatial organization of pixel values by quantifying how values co-occur within a defined
neighborhood (Haralick et al., 1973; Haralic, 1979; Hall-Beyer, 2017). In this sense,
CR_SWIR spatial_std reflects the degree of heterogeneity but does not explicitly account for its
spatial arrangement. The results therefore suggest that additional texture-based descriptors could
further refine the characterization of canopy moisture patterns. Such information may improve the
interpretation of within stand variability and provide complementary insight into the spatial

structure of forest decline.

Other variables, including NDWI delta and CR RE temporal variability, showed lower
importance due to redundancy with stronger predictors such as CR_SWIR delta and IRECI val.

The average model confidence across all predictions was approximately 68%, indicating moderate
reliability. Higher confidence was generally observed for healthy and severe classes, while
moderate dieback showed greater uncertainty due to spectral overlap between transitional canopy
states. Similar patterns were reported by Mouret et al. (2024) who observed strong confusion in

intermediate stress classes in multi-class dieback frameworks.

6.4 Error Matrix and Area Prediction Correction

Based on area calculations for the three dieback severity classes, 2018 showed the most

pronounced shift in dieback severity, with reduced healthy forest extent and increased severe
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dieback. This pattern is consistent with the severe 2018 European drought, which likely induced

significant water stress and triggered widespread canopy decline across the study area.

The error-adjusted area estimates highlight the importance of incorporating classification
uncertainty when interpreting spatial patterns of forest dieback. In particular, the notable
underestimation of moderate dieback in 2019 indicates that transitional forest conditions are more
difficult to map accurately, largely due to spectral overlap between healthy and moderately stressed
stands. Without error correction, raw classification outputs tend to simplify the degradation
gradient by assigning a substantial proportion of moderate conditions to the healthy class. The
need for such correction is supported by Foody, (2002) who highlight that area estimates derived
from classified maps can be systematically biased in the presence of non-random classification

errors, particularly in transitional environments where class boundaries are diffuse.

The relatively small corrections required for severe dieback (~ 1-2 km?) indicate that advanced
canopy decline produces stronger and more distinct spectral signals, allowing for more reliable
classification. This supports previous findings that severe physiological stress is more readily
detectable through remote sensing than early or intermediate decline stages. The improved
calibration performance observed in 2021 further suggests that model reliability can vary
substantially across years, potentially reflecting differences in environmental conditions, spectral

separability, or class representation within the validation dataset.

6.5 Influence of Species Composition on Spectral Response

This study did not explicitly focus on species-level classification; instead, all tree types were
integrated within a single modelling framework. At the plot level, the dataset included coniferous,
deciduous, and mixed plots. However, exploratory analysis of the three dieback classes indicated
that spectral behaviour varied with species composition, particularly in CR_SWIR and CR_RE
indices. Conifer and mixed stands exhibited broadly similar temporal trajectories, while deciduous
stands showed more distinct class separation. This pattern was evident in the continuum-removed
indices, suggesting that species structure influences the expression of dieback-related spectral

signals.

It is important to note that the dataset is strongly dominated by coniferous plots, with

comparatively few deciduous observations. This imbalance limits the robustness of deciduous-
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specific interpretations and may introduce bias into observed trends. While conifer plots are
sufficiently represented across all dieback classes and therefore reflect more stable temporal
trajectories, the deciduous subset is too small and unevenly distributed to support equally reliable
generalizations. Nevertheless, severe deciduous stands still exhibited clear anomalies in
CR_SWIR and CR_RE, closely matching patterns observed in conifers, indicating that the spectral

response of advanced canopy desiccation is broadly consistent across forest types (Appendix 6).

Carletti et al. (2025) reported that species-specific dieback models in pure stands achieved
moderate accuracies (60—70%) and highlighted the difficulty of early stage detection in mixed and
heterogeneous forests. Similarly, Mouret et al. (2024) demonstrated that incorporating forest type
information stabilizes classification boundaries by reducing confusion caused by structural and
seasonal variability from mixed species canopies. However, they also noted that models developed
in relatively homogeneous forest conditions are less transferable to mixed forests and edge

environments, where spectral mixing is more pronounced.

Although this study did not implement a detailed species-specific modelling framework, the
inclusion of a simplified species composition layer (conifer vs. deciduous vs. mixed) improved
classification performance and helped stabilize dieback separation across classes. This suggests
that even coarse representations of forest composition provide valuable structural context for

interpreting spectral signals in multi-species landscapes.
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7. Conclusion

This study evaluated the potential of Sentinel-2 multispectral time series imagery combined with
machine learning techniques for detecting and monitoring forest dieback in the Doller Valley,

located in the Vosges Mountains of northeastern France.

The results demonstrated that Sentinel-2 multispectral time series data provides valuable
information for characterizing both temporal and spatial variations in forest condition. Seasonal
and interannual variations in vegetation dynamics were successfully captured through spectral
index analysis, enabling the identification of distinct temporal patterns associated with different
dieback severity levels. Among the evaluated indices, shortwave-infrared based and red-edge
indices, particularly CR_SWIR, CR_RE, and IRECI, showed the strongest sensitivity to canopy
degradation and vegetation water stress, highlighting the importance of the SWIR, red-edge, and
red spectral regions for forest dieback detection. The study further demonstrated that greenness
alone can be misleading in dieback monitoring, as understory vegetation development following
canopy decline may compensate for spectral signals and mask actual canopy deterioration.
Consequently, traditional greenness based indices such as NDVI alone are insufficient for reliable
dieback assessment. Statistical analyses further confirmed significant spectral differences between
healthy and severely affected plots, although moderate dieback conditions remained more difficult

to distinguish due to spectral overlap and transitional canopy characteristics.

The Random Forest classification framework successfully integrated spectral, temporal, and
spatial predictor variables to map forest dieback severity across the study area. The developed
model, designed to classify healthy, moderate, and severe dieback conditions, achieved an overall
accuracy of 70%, with relatively high precision and recall across the three classes. Feature
selection approaches, including RFE and permutation importance analysis, improved model
efficiency by identifying the most informative predictors for dieback classification. In particular,
the inclusion of temporal variability measures substantially enhanced model performance,
emphasizing the importance of time series analysis for detecting gradual forest decline processes.
The resulting annual dieback prediction maps revealed clear spatial and temporal variability in
canopy decline throughout the 2018-2025 period. Overall, the findings highlight the strong
potential of freely available Sentinel-2 imagery for operational forest health monitoring in

temperate ecosystems.
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Despite these contributions, several limitations should be acknowledged. The field dataset
exhibited substantial class imbalance, with a high proportion of healthy plots and only a limited
number of severe dieback plots. This imbalance reduced the availability of moderate and severe
samples for model training and likely introduced bias toward the healthy class. In addition, the
dataset was dominated by coniferous forest stands, which may have influenced the spectral
behaviour captured by the model and limited the generalizability of the results across broader
deciduous or mixed forest ecosystems. The medium spatial resolution of Sentinel-2 imagery also
constrained the detection of fine-scale canopy decline and individual-tree stress responses. In
heterogeneous forest environments, spectral mixing between healthy and declining vegetation
further reduced class separability, particularly for moderate dieback conditions. Furthermore, the
framework remained dependent on field-based calibration data for reliable classification and

validation.

Future research should focus on integrating higher spatial and spectral resolution datasets, such as
hyperspectral and LiDAR observations, to improve the detection of early stage dieback and reduce
uncertainties associated with mixed pixels. The incorporation of additional climatic and
topographic variables may further improve model robustness and enhance transferability across
different forest ecosystems. Overall, this study demonstrates that the integration of Sentinel-2
multispectral time series imagery, field observations, and machine learning techniques provides an
effective framework for monitoring forest dieback dynamics in temperate forest ecosystems and

offers valuable insights for future remote sensing based forest health assessment approaches.
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Appendices

Appendix 1. Species composition map of Doller Valley
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Appendix 2. Identification of the suitable smoothing parameter (1) using a (a)

Healthy Plot and a (b) Severe Plot
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Appendix 3. Initial 21 Predictor features

Predictor Feature Explanation
1. NDVI val
2. NDWI val Mean annual value of the spectral index for a
3. IRECI val given year
4. CR RE val
5. CR SWIR val
6. NDVI delta
7. NDWI delta Difference between the annual mean value
8. IRECI delta and the 2017 baseline mean
9. CR RE delta
10. CR_SWIR_delta
11. NDVI spatial _std
12. NDWI_spatial_std Standard deviation of all pixels within the
13. IRECI_spatial_std plot buffer (10m), representing spatial
14. CR_RE spatial_std variability
15. CR_SWIR spatial std
16. NDVI temp_std
17. NDWI_temp_std Standard deviation of a pixel’s values over
18. IRECI temp std years, representing temporal variability
19. CR_RE temp std
20. CR_SWIR temp std
21. Species Composition
Categorizing conifer, deciduous, and mixed
plots
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Appendix 4. Histogram showing the distribution of sampled plots across

dieback classes
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Appendix 6. Species composition-specific time series visualizations for the
three dieback classes: (a) Conifer plots, (b) Deciduous Plots, and (¢) Mixed
Plots
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Appendix 7. Temporal evolution of dieback in a (a) Healthy plot and a (b)
Severely affected plot
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Appendix 8. Annual model confidence variation
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Multispectral Imagery for Forest Conditions Monitoring of a
Pilot Watershed in the Vosges, France

Janathi Wathsala Rathnayaka

Forest ecosystems are increasingly affected by climate-induced stressors, resulting in
progressive forest dieback and declining ecosystem resilience. In this context, efficient large
scale monitoring approaches are essential for supporting sustainable forest management and
climate adaptation strategies. This study evaluated the potential of Sentinel-2 multispectral
time-series imagery combined with machine learning techniques for detecting and monitoring
forest dieback in the Doller Valley, France, while also identifying the most informative
Sentinel-2 spectral properties associated with dieback dynamics. Sentinel-2 imagery acquired
between 2016 and 2025 was integrated with field observations collected from 189 forest plots.
A plot-level Weighted Dieback (WDB) score was derived from field measurements to represent
canopy decline severity. Vegetation indices; NDVI, NDWI, IRECI, CR_RE, and CR_SWIR
were calculated, from which spatial and temporal variability metrics were extracted. These
features, together with WDB scores, were incorporated into a Random Forest (RF)
classification framework for healthy, moderate, and severe dieback classes. The final RF model
achieved an overall accuracy of 70%, with Fl-scores of 0.75, 0.61, and 0.75 for healthy,
moderate, and severe classes, respectively. The results demonstrated that the shortwave
infrared (SWIR), red-edge, and red spectral regions were the most informative for forest
dieback detection, with CR_ SWIR, CR_RE, and IRECI showing the strongest sensitivity to
canopy chlorophyll degradation and vegetation water stress. In contrast, NDVI alone was
found insufficient for reliable dieback detection, as understory vegetation could compensate
for canopy loss and mask actual forest decline. Statistical analyses revealed clear spectral
separability between healthy and severely affected plots, whereas moderate dieback conditions
exhibited substantial spectral overlap with healthy forests. However, the inclusion of temporal
variability and spatial heterogeneity metrics improved the detection of moderate dieback
conditions, highlighting the importance of time-series information for identifying gradual
canopy decline processes. Annual dieback prediction maps further revealed pronounced spatial
and temporal variability between 2018 and 2025, with the highest severe dieback extent
observed in 2018, followed by a gradual reduction toward 2024. Overall, the findings
demonstrate that Sentinel-2 imagery combined with machine learning provides an effective
and scalable framework for forest dieback monitoring in forest ecosystems. The developed
approach can be further improved through the integration of higher-resolution datasets and
application across different forest types and ecological regions, contributing toward more
generalized and transferable remote sensing based forest health monitoring frameworks.

Keywords: Climate Stress, Forest Dieback, Random Forest, Sentinel-2, Time Series
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