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Abstract

Old-growth forests (OGFs) are natural ecosystems characterised by minimal human activity
and exceptional structural and ecological complexity. Although rare, fragmented and often
confined to remote areas, these forests play a crucial role in conserving biodiversity and
maintaining ecosystem function. However, their structural complexity and long-term functional
dynamics are not fully explored, particularly in Mediterranean regions, where climate change
poses significant challenges. Forest structural complexity strongly influences biodiversity
patterns, ecosystem functioning and resilience; however, quantitative analysis across spatial
scales and over time still needs to be developed. This doctoral thesis aims to: (i) analyse forest
structural heterogeneity in Mediterranean OGFs; (ii) upscale field-based structural indicators
through advanced remote sensing modelling; and (iii) evaluate long-term canopy dynamics to
test whether structurally complex forests exhibit enhanced functional stability. To achieve these
aims, an integrated, scalable methodological framework combining field-based structural
assessments, multi-source remote sensing, and long-term satellite time series was applied to
old-growth forest (OGF) stands in Pollino National Park. In the first chapter, forest structural
complexity was assessed at the plot level using the Structural Heterogeneity Index, which was
derived from detailed field data. Multivariate ordination techniques were then employed to
examine the relationships between structural attributes, environmental variables and plant
species diversity. Results revealed the central role of structural heterogeneity in shaping plant
community composition, interacting with topographic and site-related factors. In the second
chapter, a multi-source remote sensing approach was implemented to spatially model forest
structural complexity at a local scale. Random Forest model was applied to a range of
predictors, including LiDAR metrics, multispectral indices, topographic variables and long-
term vegetation trends, for classifying forest structural heterogeneity according to SHI classes.
This approach enabled the production of high-resolution and spatially explicit maps of relative
old-growthness, bridging ground-based ecological assessment and landscape-scale monitoring.
In the third chapter, long-term forest canopy dynamics (1985-2024) were analysed using multi-
decadal time series. Vegetation greenness trends, estimated at the pixel level, were assessed by
combining Theil-Sen slope estimators and modified Mann—Kendall tests. Finally, block
bootstrap resampling and effect-size metrics were implemented to compare trends across forest
types and classes. The results revealed canopy greenness stability across the past four decades,
while significant differences in trend magnitude were observed between old-growth stands and

comparable managed areas.



By integrating field-derived structural indices, remote sensing-based spatial modelling and
multi-decadal time series analysis, this thesis advances a novel technology-driven framework
for assessing forest structural heterogeneity and functional dynamics. The proposed approach
moves beyond binary OGF classification, characterising old-growthness as a continuous and
spatially variable property, and provides a robust decision-support tool for adaptive forest

monitoring and conservation strategies under climate change.
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General introduction

Old-growth forests (OGFs) represent distinct natural ecosystems characterised by high
structural complexity, ecological stability, and long-term continuity, resulting from an extended
period with minimal human interference. Compared to young or managed forests, OGFs exhibit
unique features which define their ecological singularity (Wirth et al., 2009). Such ecosystems
offer invaluable services such as biodiversity conservation, carbon storage, and microclimate
regulation (de Assis Barros et al., 2022). Despite their crucial ecological role, OGFs currently
face numerous threats, including illegal logging, habitat fragmentation, and land use changes.
As a result, most OGFs are confined to remote, inaccessible, or strictly protected areas
(Morales-Hidalgo et al., 2015). Therefore, enhancing our knowledge about their spatial
distribution, long-term dynamics, and structure is crucial for developing effective conservation

and management strategies — particularly in the context of ongoing climate change.

Progress in ecological research has led to considerable changes in the OGF concept. Initially,
OGFs were defined based solely on stand age and specific structural attributes (Franklin et al.,
2004). Several studies conducted during the 1980s and 1990s were focused on assessing
diameter distribution, deadwood volumes, and canopy stratification (Spies and Franklin, 1991).
However, this approach revealed significant limitations, especially when applied to diverse
biogeographical regions (Bauhus et al., 2009). Later studies have therefore proposed a revised
OGF definition, considering them as dynamic ecosystems naturally shaped by senescence
processes resulting in a heterogeneous mosaic of canopy gaps and regeneration patches (Wirth
et al., 2009). According to these revised concepts, OGFs should be defined by spatial and
temporal complexity rather than fixed structural thresholds (Nagel et al., 2014).

Based on this foundation, Sabatini et al. (2018) and Barredo et al. (2021) recently expanded this
perspective by adding criteria such as compositional stability, species-specific assemblages,
and unique ecological functions. Considering these findings, OGFs have been broadly redefined
to encompass multiple attributes representative of various development stages, reflecting site
history and environmental context. Simultaneously, greater emphasis was placed on
quantifying forest complexity and ecological continuity by using structure-based indicators.
Since the pioneering work proposed by Spies and Franklin (1991), forest attributes such as tree
diameter distribution, deadwood abundance, and canopy stratification have been widely

acknowledged as reliable proxies for forest naturalness and ecosystem functioning.



Accordingly, several aggregated indices have been developed and applied globally, including
the Late Succession Index (Whitman & Hagan, 2007), the Enhanced Structural Complexity
Index (ESCI; Beckschéfer et al., 2013) and the Structural Heterogeneity Index (SHI;
McElhinny et al., 2006; Sabatini et al., 2015). Such indices provided a comprehensive picture
of forest structures, revealing significant variations in old-growth features according to site and
environmental conditions. Considering this inherent complexity, moving towards more scalable

monitoring techniques became essential.

At the same time, major advances were also made in the methodological approaches used to
study OGFs. Although field-based inventories remain crucial for ensuring accurate forest
characterisation, their application is restricted by high costs and limited spatial coverage
(McElhinny et al., 2005). However, the advent of optical remote sensing technologies has
gradually mitigated some of these limitations. Satellite images have played a crucial role in
monitoring forest changes and vegetation dynamics over time (Masek et al., 2008). Various
vegetation indices (VIs) such as the Normalised Difference Vegetation Index (NDVI) or the
Enhanced Vegetation Index (EVI) can be derived using optical sensors. Such indices are
commonly employed to analyse canopy vigour, leaf area, and photosynthetic activity. When
analysed over an extended period, they could also offer valuable insights into forest productivity
trends, disturbance history, and recovery processes. As demonstrated by several studies, these
details are crucial to identifying trend trajectories, particularly when comparing OGFs and

managed stands.

However, optical remote sensing technology imposes inherent limitations. According to
Wulder et al. (2008), spectral imagery primarily captures canopy properties and surface
reflectance, resulting in limited sensitivity to vertical forest structure. As a direct result, key
features including multi-layered canopies, spatial heterogeneity and deadwood accumulation
cannot be evaluated solely through optical data. Additionally, such limitations become
particularly evident within the Mediterranean region, where topographic heterogeneity and

mixed-species compositions further hinder spectral interpretation.

In this context, Light Detection and Ranging (LiDAR) technology represented a pioneering
solution, providing three-dimensional point clouds and detailed canopy structural metrics
(Dassot et al., 2011). Airborne LiDAR (ALS) has emerged as a crucial tool for assessing forest
height distributions, vertical stratification, and gap dynamics (Matasci et al., 2018).



A large body of research highlighted the strong correlation between LiDAR-derived metrics
and field-measured data (Martinuzzi et al., 2009). For instance, Teobaldelli et al. (2017)
successfully employed LiDAR data to model forest structural attributes and diversity in the
Mediterranean context. Furthermore, Lin et al. (2024) demonstrated how ALS data could be

applied to predict fine dead fuel load.

Subsequently, these technologies were complemented by the introduction of Synthetic Aperture
Radar (SAR) systems. Contrary to optical sensors, SAR technology can penetrate cloud cover,
making it more sensitive to canopy moisture and structural properties (Dostalova et al., 2018).
Santoro et al. (2022) further explored this hypothesis, revealing a strong correlation between
SAR backscatter intensity and forest biomass, canopy structure, and moisture content.
Nevertheless, a clear conclusion emerges when all these technologies are synthesised: OGFs'
structural and functional complexity cannot be adequately assessed using a single technique.
Consequently, a growing body of research has emphasised the importance of integrating data

from multiple sensors to achieve a more comprehensive and reliable forest assessment.

To address these challenges, various multi-sensor approaches have been developed over the last
decade (Dalponte et al., 2019). Machine learning (ML) algorithms have emerged as pivotal
tools to support OGF mapping and detection (Maxwell et al., 2018). Among these, Random
Forest classifiers (RF) have proven to be an effective technique by accommodating non-linear
relationships, processing mixed data, and providing robust predictions even with limited
training data (Belgiu & Dragut, 2016). Several studies conducted across various European
regions, including boreal forests (Spracklen & Spracklen, 2019), temperate forests (Holaga et
al., 2021), and the Carpathian Mountains (Munteanu et al., 2015), have further reinforced these
assumptions, achieving classification accuracies of 80-85%. However, most of these studies
treat OGF detection as a binary classification process, based on generalised thresholds rarely
validated by field-based structural indices, which reduces their ability to capture gradual, site-
specific variations in old-growthness in ecologically diverse regions. Such limitations are
particularly consequential in the Mediterranean Basin, where significant knowledge gaps
persist: OGFs are rarely mapped or documented, leading to substantial uncertainty about their
full range of structural and compositional variability (Sabatini et al., 2018). Furthermore, a
significant portion of potential OGFs remain undetected, particularly in remote, mountainous
regions where systematic surveys combining field observations and remote sensing

technologies remain scarce. Beyond data availability, key ecological uncertainties exist.



For instance, while numerous studies have shown a relationship between structural complexity
and biodiversity, further studies are required to clarify how forest structure influences both
biodiversity and plant species distribution (Mori et al., 2013; Chauvet et al., 2017). This topic
holds major relevance within the Mediterranean ecosystems, where topography and climate
play a pivotal role. Beyond data availability, key ecological uncertainties exist. For instance,
while numerous studies have shown a relationship between structural complexity and
biodiversity, further studies are required to clarify how forest structure influences both
biodiversity and plant species distribution (Mori et al., 2013; Chauvet et al., 2017). Given the
pivotal role of topography and climate, the relevance of this theme is particularly pronounced
within Mediterranean ecosystems. Likewise, further challenges are posed by methodological
limitations. Indeed, multi-sensor approaches remain largely unexplored in the Mediterranean
region. Additionally, comparative analyses aimed at examining long-term dynamics in old-
growth and managed forests are rarely conducted. The lack of supporting evidence limits our
current understanding - particularly about how these forest ecosystems should respond to
ongoing climate change (Seidl et al., 2014; Gazol et al., 2018) - and how increased structural

complexity might enhance their resilience to external stressors.

To address knowledge gaps, this thesis proposes three interconnected studies focused on

Mediterranean OGFs:

i.  Forest structural heterogeneity was quantitatively characterised using the Structural
Heterogeneity Index (SHI) and analysed by multivariate approaches to investigate
relationships between structural attributes, topographic factors, and vascular plant
species distributions. Here, two objectives were pursued: first, to identify the key
environmental drivers of structural complexity; and second, to evaluate their influence
on plant diversity along ecological gradients.

ii.  Building on the previous field-based characterisation, a predictive modelling framework
was implemented to assess the spatial variability of relative old-growthness within three
mixed old-growth forest sites. For this purpose, multi-source remote sensing data was
utilised. Reference conditions were established using SHI-derived classes, while RF
was trained integrating airborne LiDAR structural metrics, multispectral vegetation
indices, long-term canopy dynamics, topographic variables, and a proxy to represent

cumulative human pressure.



As part of this study, our primary objective was to generate a quantitative, spatially
explicit map to identify forest patches with higher levels of relative old-growthness,
thereby supporting conservation and monitoring strategies.

iii.  Long-term forest dynamics within OGFs and paired managed stands were examined by
conducting a comparative analysis on 40 years of temporal trends. Canopy greenness
dynamics were quantified using the Enhanced Vegetation Index (EVI), derived from
Landsat time series, and analysed by combining robust non-parametric trend estimators
with block-level bootstrap inference. In this context, our key aim was to identify
contrasting dynamic trajectories between old-growth and managed forests, assessing
whether increased structural complexity could confer enhanced resilience to climate-

related stressors.

Overall, these studies enhance our theoretical and practical knowledge concerning the
assessment of OGF within the Mediterranean Basin. By integrating structural indicators,
multiple remote sensing technologies, and long-term temporal analysis within a single, scalable
workflow, this thesis moves beyond the binary OGF classification by characterising old-
growthness as a continuous, spatially variable property — thereby establishing a coherent
framework to support conservation efforts within a biodiversity hotspot increasingly threatened

by climate change and land use fragmentation.
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Chapter 1: Forest structural diversity in Mediterranean old-growth stands

Summary: 4 quantitative ecological framework was established to characterise structural
heterogeneity within Mediterranean old-growth forests. Using field-based data, several
structural attributes were combined to calculate the Structural Heterogeneity Index (SHI).
Structural patterns were then analysed in relation to topographic variables and vascular plant
species composition, using multivariate analyses. As a result, it was shown that structural
heterogeneity varied significantly across forest stands and that observed differences were
closely linked to plant species diversity and site-specific conditions. Overall, this chapter
established that old-growthness cannot be inferred solely from structural metrics but must be
assessed using a multidimensional approach. These findings established a novel,
comprehensive, and multidimensional ecological reference framework for future research, as
well as the theoretical foundation for the subsequent research phase, where field-derived
structural heterogeneity was assessed in terms of its spatial distribution using multi-source

remote sensing approaches.
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Abstract

Old-growth forests (OGFs) are rare ecosystems of high conservation value, providing critical
benchmarks for biodiversity and ecosystem functioning. Yet, their complexity is difficult to
assess because structural indicators alone often fail to capture the influence of site conditions
and floristic composition. This study aimed to (i) quantify structural heterogeneity in OGFs, (ii)
explore relationships between site conditions, vascular plant diversity, and structural patterns,
and (iii) assess their combined influence on forest ecosystem complexity. Structural attributes,
topographic variables, and floristic composition were recorded in 1-hectare plots across nine
OGEF sites in Pollino National Park (southern Italy). A Structural Heterogeneity Index (SHI)
was computed, and relationships between structure, topography, and plant diversity were
analysed using Canonical Correspondence Analysis (CCA), Principal Coordinate Analysis
(PCoA), and Variation Partitioning (VP). The SHI revealed strong variation among forest types,
with beech and mixed stands showing the highest heterogeneity. Elevation and slope explained
18.8% of structural variation, while plant diversity was primarily driven by forest type. VP
demonstrated that structural attributes—particularly large trees, canopy cover, and deadwood
decay classes—accounted for 23.5% of floristic variation, exceeding the role of topography
(12.8%). Stand structure and topography effectively explain the compositional patterns of
distinct, naturally clustered forest types. These findings demonstrate that OGF complexity
cannot be reduced to structure alone, but emerges from the integration of structural,
topographic, and floristic dimensions. This multidimensional perspective provides a stronger

foundation for identifying and conserving Europe’s last OGFs.
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1. Introduction

Forest ecosystems are facing unprecedented challenges worldwide, which stem from
anthropogenic pressures and climate change, and result in losses of biodiversity and ecosystem
services (Portner et al., 2021; Pereira et al., 2020). In this context, the scientific understanding
and conservation of old-growth forests (OGFs) have gained increasing international relevance,
given their irreplaceable ecological functions as biodiversity reservoirs, and their capacity to

sustain essential ecological processes (O’Brien et al., 2021; Pasques & Munné-Bosch, 2024).

OGFs represent the culmination of long-term, undisturbed ecological dynamics and are
characterised by distinctive structural and compositional features, such as the presence of large
and ancient trees, multilayered canopies, abundant coarse wood debris, and species-rich

understories (Balloffet & Dumroese 2022).

These ecosystems play a crucial role in a multitude of ecological processes (Keenan et al.,
2012), including carbon sequestration and storage, water regulation, and nutrient cycling, thus
contributing significantly to climate change mitigation efforts, while providing essential

habitats for numerous endangered species (Gilhen-Baker et al., 2022).

Despite their undeniable ecological and conservation importance, OGFs are extremely rare in
Europe, currently covering only about 3% of the continent’s forest area, equating to
approximately 158 million hectares, due to centuries of intensive land use and logging (Forest
Europe 2020; Sabatini et al., 2020; O’Brien et al., 2021). Their limited representation
underscores the urgent need to advance strategies for identifying, protecting, and monitoring
OGFs, as highlighted by the EU Biodiversity Strategy for 2030 (Brumelis et al., 2011; Barredo
et al., 2021).

In recent decades, efforts to define and assess OGFs have increasingly relied on the use of
structural indicators that reflect forest complexity and ecological integrity. Since the pioneering
work of Spies & Franklin (1991), structural attributes such as tree diameter distributions,
deadwood abundance, and canopy stratification have been recognised as reliable proxies for
assessing forest naturalness and ecosystem functions. The structure-based approach is still the
most commonly used (Storch et al., 2023; Concha et al., 2023; Borghi et al., 2024), often
through the use of aggregated indices, e.g., ‘late succession index’ (Whitman & Hagan, 2007),
‘Enhanced Structural Complexity Index’ (ESCI) (Beckschiéfer et al., 2013), and the ‘Structural
Heterogeneity Index’ (SHI) (McElhinny et al., 2006; Sabatini et al., 2015).
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Still, the identification of OGFs remains a significant challenge due to the natural variability in
structural and age attributes even within similar forest types, which likely derives from site-
specific environmental features such as soil fertility and biogeoclimate (Ziaco et al., 2012;
Burrascano et al., 2013; Gray et al., 2023; Barnett et al., 2023; Bruening et al., 2024). In this
view, recent research has emphasised the integration of floristic and environmental variables -
particularly topographic and edaphic factors - into OGF assessments to better capture the
ecological gradients underpinning structural variation (van Galen et al., 2018). Topographic
attributes such as elevation, slope and aspect are key determinants of microclimatic conditions
and resource distribution, directly influencing tree growth, mortality, and regeneration
dynamics (Jucker et al., 2018). Concurrently, vascular plant species composition has been
recognised as a sensitive indicator of environmental conditions and ecological continuity, by
reflecting both long-term successional processes and present-day ecological conditions (Slezadk
& Axmanova 2016). The structural complexity of OGFs, in fact, could generate pronounced
spatial variability of key ecological parameters, such as light penetration, soil moisture and

nutrient availability (Lindenmayer & Bowd 2022).

In this context, understory vascular flora can provide fine-scale insights into the environmental
gradients and the structural heterogeneity of forest stands (Giorgini et al., 2015; Filibeck et al.,
2015).

In light of these considerations, this study aims to investigate the interrelationships among forest
structural complexity, site environmental conditions, and vascular plant diversity within 9
distinct OGFs sites located in the Pollino National Park (Southern Italy). We hypothesize that:
(1) forest structural heterogeneity differs significantly across forest types, reflecting variations
in disturbance regimes, and site’s environment and history; (2) topographic variables drive
forest structure development affecting key attributes such as tree size distribution, deadwood
accumulation, and canopy complexity; and (3) vascular plant diversity patterns are closely
linked to forest structure and site-specific environmental features, highlighting the central role
of structural attributes in shaping ecological processes within OGFs. To test these hypotheses,
we pursue the following objectives: (1) to compare the structural complexity and plant species
distribution across nine OGF sites representing different forest types along a 1100 elevational
gradient; (2) to explore how topographic gradients influence structural attributes; (3) to examine

how stand structure and site topography interact in defining OGFs' plant community.
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Ultimately, this research aims to contribute to a comprehensive understanding of OGFs'
complexity, offering valuable insights to improve conservation strategies in line with European

biodiversity objectives.

2. Materials and methods

2.1 Study area

The Pollino National Park (Pollino NP) is the largest protected area in Italy, covering about
190,000 hectares in southern Italy (Compagnucci et al., 2002). Topography is complex, with
altitudes ranging from 52 to 2,267 m a.s.l. The Park lies in a transitional zone between temperate
and Mediterranean climate (Blasi & Michetti 2005), with hot and dry summers at lower
altitudes, and cold and snowy winters at the highest. Rainfall ranges from 300 mm/year on the
Ionian side to 2,000 mm/year on the Tyrrhenian side (Todaro et al., 2007). In the inner area, at
2000 m a.s.l., the average winter temperature is -3.2°C, while the average summer temperature
is 13.5°C (Colangelo et al., 2021). Such topographical and climate variability supports a widely
diverse vegetation. Below 800 m a.s.l., Mediterranean scrub dominates, with species such as
holm oak (Quercus ilex L.) and downy oak (Quercus pubescens Willd.). From 800 to 1400 m
a.s.l., forests include turkey oak (Quercus cerris L.), Oriental hornbeam (Carpinus orientalis
Mill.) and various maple species. Above 1,400 m a.s.l., beech forests (Fagus sylvatica L.) are
prevalent, sometimes combined with silver fir (4bies alba). Close to the tree line, Bosnian pine
(Pinus heldreichii Christ var. leucodermis) thrives in extreme conditions with scattered
individuals or groups of trees, hosting some of the oldest trees in Europe (Piovesan et al., 2018;
2019a; 2020). Despite climate changes, these forests sustained stable growth rates (Colangelo

et al., 2021), showing their resilience and conservation value (Baliva et al., 2024).

2.2 Old-growth forests’ sites

Nine old-growth forest (OGF) stands within the Pollino NP were selected to capture the park’s
ecological and structural diversity (Fig. 1.1). Site selection was based on (i) confirmed evidence
of minimal anthropogenic disturbance, (ii) presence of structural indicators of maturity (e.g.,
large trees, multilayered canopies, and abundant deadwood), and (iii) representation of distinct
forest types along altitudinal and bioclimatic gradients. The sites encompass a gradient from
Mediterranean to montane conditions, including mixed deciduous forests with Quercus cerris,

Carpinus orientalis, and Abies alba, as well as high-elevation stands of Fagus sylvatica and
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Pinus heldreichii. This range allows testing how structural heterogeneity and vascular plant

diversity respond to topography and forest type.

Key attributes—such as elevation, stand composition, living tree volume, and maximum age—
are summarised in Table 1.1. Together, these sites provide a representative framework for
assessing the links among structure, environmental conditions, and floristic diversity in highly

natural forest ecosystems of southern Italy.

Figure 1.1. Study areas within the Pollino National Park, Italy. Right: the location of the Pollino National Park
in Italy. Left: the spatial distribution of the 9 OGFs within the area of the Pollino National Park. BV (Buonvicino),
BM (Bosco Magnano), CA (Vaccarizzo), AC (Monte Sparviere), TP (Cugno dell'Acero), RO (Cozzo Ferriero),
VIG (Grattaculo), PO (Pollinello) and SC (Serra di Crispo).

1) Buonvicino (BV) — Holm oak (Quercus ilex) forest at ~850 m a.s.l., representing
Mediterranean old-growth conditions on lower slopes and forming the xeric limit of the studied
gradient. 2) Bosco Magnano (BM) — Mixed Fagus sylvatica—Quercus cerris forest (~850 m
a.s.l.), along the Peschiera River, representative of structurally diverse low- to mid-elevation

stands. 3) Bosco Vaccarizzo (CA) — Beech-silver fir forest (~950 m a.s.1.), transitional between
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temperate deciduous and montane conifer zones, allowing comparison of mixed-species

structural patterns.

4) Monte Sparviere (AC) — Maple-dominated forest (1200-1500 m a.s.l.) with multiple Acer
species on nutrient-rich soils, characterised by multilayered canopies and high compositional
heterogeneity, including all the main Mediterranean species, such as Lobel's maple (Acer
cappadocicum Gled. subsp. lobelii) and Montpellier maple (Acer monspessulanum L.). 5)
Cugno dell’Acero (TP) — Mixed Abies alba—Fagus sylvatica stand (~1400 m a.s.l.) with very
tall fir trees, representing advanced structural development under minimal disturbance, which
contributes to its ecological value (Ripullone et al., 2016). 6) Cozzo Ferriero (RO) — Pure
beech forest (~1750 m a.s.l.), UNESCO World Heritage site, with numerous monumental
individuals, some of which exceed 500 years old, representing reference conditions for high
structural maturity and long-term ecological continuity. 7) Grattaculo (VIG) — High-altitude
beech forest (~1750 m a.s.1.) with a distinctive understory of endemic and microthermic species
(Asyneuma trichocalycinum, Ranunculus brutius and Lamium galeobdolon), highlighting
floristic responses to montane microclimates. 8) Pollinello (PO) — High-elevation beech stand
(~1950 m a.s.l., UNESCO site in 2021) hosting some of the oldest beech trees in Europe and
remarkable vascular plant species such as the holly fern (Polystichum lonchitis L.),
exemplifying structural and floristic adaptation near the tree line. 9) Serra di Crispo (SC) —
Bosnian pine (Pinus heldreichii) stand (1850-2130 m a.s.l.), included as an extreme case of
structural longevity and low disturbance, vegetating very close to other stands that contain

Italus, Europe’s oldest dated trees (1,236 years) (Piovesan et al., 2019b).
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Table 1.1. Information about the 9 examined OGFs: site abbreviation, forest type, site of community importance (SCI code), geographical coordinates (latitude and longitude),
area (in hectares), elevation range (in metres), living tree volume (LTV), maximum stand age, maximum tree height (Max height), and maximum diameter at breast height (Max

diameter).
Coordinates
Area Elevation LTV Max . Max . . .
Abb. Forest type SCI code Lat Long (ha) (m) (m*3) Age Max height diameter Main and sporadic tree species
Holm oak forest. Dominant: Quercus ilex L. Sporadic:
A tre L; Fraxi L.; Crat
BV Holm oak IT9310032  39.685 15889 20 850 551 140 20 150 cer campesire: L [TGNITUS ornus ratacsus
forest monogyna Jacq.; Alnus cordata L.; and Quercus
pubescens Willd.
Mixed forest Codominant: Fagus sylvatica L. and
BM  Mixed f IT9210040 4005 16105 18 850 516 261 50 150 Quercus _cerris L., Sporadic: Abies: alba Mill;
1xed forest ’ ’ Carpinus betulus L.; Alnus glutinosa L.; and llex
aquifolium L.
Mixed forest Codominant: Fagus sylvatica L., and
. Abies alba Mill. Sporadic: Alnus cordata Loisel.; Acer
CA Mixed forest 179210070 40.124 16.048 21 950 349 231 30 160 .
campestre L.; Quercus cerris L.; Quercus pubescens
Willd.; and Ilex aquifolium L.
Maple forest. Codominant: Acer campestre L.; Acer
AC  Maple f IT9310019  39.928 16354 72 1300 478 187 29 110 opalus Mill.; Acer pseudoplatanus L. Sporadic: Fagus
aple forest ’ ’ sylvatica L.; Abies alba Mill.; and Alnus cordata
Loisel.
. Codominant: Abies alba Mill.; and Fagus sylvatica L.
TP Mixed forest 1T9210075 39.957 16.216 83 1400 635 329 36 110 . . .
Sporadic: Pyrus communis L.; and Quercus cerris
Pure beech: Fagus sylvatica L
RO Beech forest 1133ter-045 39.906 16.094 70 1750 582 398 28 125
Pure: Fagus sylvatica L.; Sporadic: Acer
VIG Beech forest 179210125 39.936 16.117 54 1750 388 428 26 85 . "
cappadocicum Gled. subsp. lobelii
PO Beech forest 1133qui-082 39.896 16.167 20 1950 450 400 21 68 Pure: Fagus sylvatica L
SC Bosnian Pine 179210245 39.935 16.21 100 2050 53 305 14 160 Pure: Pinus heldreichii Christ. subsp. leucodermis

17


https://dryades.units.it/casentinesi/index.php?procedure=taxon_page&id=161&num=2909
https://dryades.units.it/casentinesi/index.php?procedure=taxon_page&id=161&num=2909
https://dryades.units.it/casentinesi/index.php?procedure=taxon_page&id=161&num=2909
https://dryades.units.it/casentinesi/index.php?procedure=taxon_page&id=161&num=2909
https://dryades.units.it/casentinesi/index.php?procedure=taxon_page&id=161&num=2909
https://dryades.units.it/casentinesi/index.php?procedure=taxon_page&id=161&num=2909
https://dryades.units.it/casentinesi/index.php?procedure=taxon_page&id=161&num=2909

2.3 Field sampling

Within the core area of each site, a 1-hectare plot was established and subdivided into 25 subplots
of 400 m? each (Fig. 1.2). Due to topographical constraints (aspect, slope etc.) the sample area in
certain forest stands was reduced (CA = 0.36 ha, RO = 0.68 ha, PO = 0.64 ha, BV = 0.40 ha, and
VIG = 0.64 ha).

ACATIAC A2 AC A3 AC A4 AC AS

ACBI/AC B2/AC B3/ AC B4 AC_BS

ACCIACC2 ACC3 AC C4 AC C5
AC_D1AC D2/AC. D3 AC.D4A'AC DS

AC_ET/AC_E2 AC E3/AC E4| AC E

5

Figure 1.2. Sampling scheme. The 1-hectare plot was divided into 25 subplots measuring 20 x 20 m (400 m?), which
were catalogued following an alphanumeric code and oriented according to site slope.

Subsequently, vascular plant species’ composition and abundance were recorded in each subplot.
Likewise, geographical coordinates and topographical data, i.e., elevation, slope and aspect, were
recorded and reported in the UTM 32N WGS 84 system.

Deadwood components, including standing dead trees (SDT), snags, downed dead trees (DDT),
coarse woody debris (CWD) and stumps, were measured using different protocols. For SDT, DDT
and snags, we measured the tree diameter at breast height (DBH) when greater than 5 cm and height
(h) when greater than 130 cm. CWD was recorded for fragments with a diameter greater than 5 cm
and a length of over 100 cm. Each fragment was classified according to the decay classes proposed
by Hunter (1990). For stumps, we measured upper diameter (when greater than 5 cm) and height.
Finally, a complete inventory of living trees, shrubs and the regeneration layer was performed using

a5 cm DBH and a 130 cm height threshold.

We also recorded tree species, crown features, tree inclination angles, and spatial arrangement. By

considering all investigated OGFs, a total of 168 subplots were surveyed.
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3. Data Analysis

We calculated 24 structural variables easily obtainable from routinely collected data in forest
monitoring programmes (Chirici et al., 2011), including living tree basal area, canopy cover, coarse
woody debris volume, number of living trees, number of trees with diameters over 40 cm, number
of diameter classes, number of decay classes, necromass' volume, height standard deviation and

maximum diameter at breast height (Tab. 1.2). In particular, the living tree, DST and DDT volume

was obtained through double-entry volume equations from the Italian National Forest Inventory.

While for deadwood components such as snags, stumps and CWD, the following equation was

used (Eq. 1.1):

(Equation 1.1) V=(z*h/3)* (R2+ 1>+ (R *1)

Where V' is the volume, /4 the height, R the major radius, and » the minor radius.

Before performing any analysis, a preliminary statistical test was conducted to identify potential

outliers. As a result, the SC site, significantly different from the other stands, was excluded to

prevent bias in results, reducing the sample size from 168 to 143.

Table 1.2. List of structural attributes used in this study at the subplot scale.

Abbreviation
BA _living_tree
BASnagST

Canopy_cover
Vol_CWD
Density_living_tr
ee

DensSnagST
Vol_necromass
Vol_living_tree
N_dbh
N_decay_classes
Vol_SnagST
n_dbh_40
n_dbh_50
n_dbh_70

Tree_rich

Vol_stump
Vol_ddt
Dom_height

Variable

Basal area living tree

Basal area of Snag and Dead standing
tree

Canopy cover

Volume Coarse Woody Debris

No. Living trees

No. Snag & Dead standing trees
Volume necromass

Volume of living trees

No. Diameter class

No. Decay classes

Volume Snag and Dead standing tree
No. Tree with DBH > 40

No. Tree with DBH > 50

No. Tree with DBH > 70

No. Tree species

Volume stump
Volume of downed dead tree
Average of the 5 highest trees

In2

In2

No.
No.

m3

No.
No.
No.
No.

Unit of
measure

. trees

. trees

classes
classes

trees
trees
trees
tree

species
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QMD Quadratic mean diameter cm

H_sd Height Standard deviation m

Gini Gini index (basal area) m?
dIR Dead-to-live ratio m?3
dbh_max Max diameter cm
dbh_min Min diameter cm

3.1 Forest structure assessment

The SHI was calculated for each subplot, following the methodology suggested by Sabatini et al.
(2015). SHI is a simple aggregated index that includes several pieces of information developed to
estimate the forest’s structural complexity. To compute the SHI values, a systematic multi-step
process was adopted: 1) Data cleaning: outliers were removed based on their interquartile range.
A preliminary selection was made by excluding all variables with a kurtosis > |2|. All eligible
variables were then reduced by pairwise correlation using Pearson’s coefficient » > 0.55. Note that,
before their exclusion, all unsuitable variables were statistically transformed to normalise their

distribution and make them appropriate for analysis.

Among these variables, Density living tree (DLT.log), n_dbh 40 (n_dbh 40.log) and QMD
(qgqmd.log) were treated by applying a logarithmic transformation, while N_dbh (ndbh.sq),
n_dbh 50 (n_dbh 50.sq) and Dom_height (Dom_height.sq) were processed by a square root
transformation. Finally, Vol necromass (nec.tuk) and dIR (DLR.tu) were adjusted via Tukey's
transformation. 2) Statistical tests for PCA: selected variables were tested for Principal Component
Analysis (PCA) through the Kaiser-Meyer-Olkin and Bartlett tests. 3) PCA implementation: PCA
was then performed using the functions provided by the ‘FactoMineR’ and ‘factoextra’ packages
(Kassambara et al., 2017) available in R Studio (ver. R-4.3.1). Based on the contribution from the
first 3 axes, a subset of 9 attributes was selected, including BA living tree, dbh max, H sd,
N _decay classes, DLT.log, Dom_height.sq, dbh 40.log, dbh 50.sq and DLR.tu. 4) Quartile
classification: the 9 variables were then classified into quartiles (corresponding to the 12th, 37.5th,

62.5th, and 87.5th percentiles). A score from 0 to 10 was assigned to each quartile.

Lastly, to ensure a uniform score distribution, the linear regression model was applied. 5) SHI
derivation: for each microplot, we summed the individual structural attribute scores to calculate
SHI values, then transformed them into percentage values. To investigate the relationship between

forest structure heterogeneity and topography, each topographical variable was divided into three
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quantile-based groups. Finally, SHI distribution was tested using the Kruskal-Wallis’s test to assess

potential differences within the identified topographic groups.

3.2 Canonical Correspondence Analysis

CCA is a multivariate technique renowned for its effectiveness in revealing complex relationships
(Chahouki et al., 2011), and was employed here to further study how topographical factors affect
forest complexity. This model is reliable even when some unimodal species-environment
interactions are not satisfied (Ramette, 2017), and in the case of community records with a high
proportion of zero values. Before analysis, the aspect data were transformed by applying the cosine
function to derive a ‘northness’ variable, ranging from +1 (north) to -1 (south), and the sine function

for the ‘eastness’ variable, also ranging between +1 (east) and -1 (west).

All variables were standardised using the ‘decostand’ function and ‘range’ method, available in
the vegan R package (Oksanen et al., 2024). A correlation matrix was computed to detect and
exclude all variables with a Pearson's coefficient greater than 0.60. Excluding highly correlated
variables prevents data redundancy, improving the CCA clustering and model (Tanioka &
Yadohisa, 2012). The CCA was performed by using the ‘cca’ function of the vegan package. A
Monte Carlo permutation test was performed using 999 random iterations. The model significance
was assessed using the ‘anova.cca’ function, and the topographical variables’ contribution was

estimated by applying the ‘anova.term’ function.

3.3 Vascular plant species composition

To investigate patterns of plant species diversity, we run a PCoA on presence/absence data of
vascular plant species, which is particularly effective for data unsuitable for Euclidean distance
measures. Before running the PCoA, species occurring in less than 3 subplots were excluded

(McCune and Grace, 2002).

As a result, the original dataset decreased from about 300 species to 151 species. We adopted the
Jaccard similarity index to derive the distance matrix for the PCoA, for which we used the ‘pcoa’
function from the bee package (Paradis et al., 2019). The first two PCoA components were then
used to perform a correlation analysis with the original species abundances, employing the ‘cor2m’

function in the ecodist package (Goslee & Urban, 2007) to identify the most relevant taxa. The
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vascular plant species with a correlation greater than 0.6 were selected and discussed (Chytry et
al., 2024). Subsequently, Spearman’s Rank Correlation was applied utilising the ‘cor.test’ function

to examine the relationship between SHI values and the first three PCoA axes.

3.4 Variation Partitioning Analysis

Variation Partitioning (VP) was conducted to assess the shared and distinct contributions of
structural forest attributes and topographic variables in explaining vascular plant species
composition and distribution. We focused especially on the links between forest structural

attributes and vascular plant composition, using topographical variables as covariates.

Our original datasets were standardised by removing all highly correlated variables (Pearson's r >
0.60). The first three PCoA axes, representing the main gradients in vascular plant species
composition and distribution, were employed as response variables for the VP model. Model
accuracy was estimated by performing a Redundancy Analysis (RDA), first on the complete model,
including both structural and topographic variables, and then considering each set of variables to
evaluate their relative contribution. Subsequently, the statistical significance of the models was
tested using the 'anova' function available in the vegan package. Finally, the statistical significance
of each attribute was examined for "ferms" by employing the 'anova' function, while the variance

inflation factor (VIF) was assessed to ensure the absence of multicollinearity.

4. Results

4.1 Key forest attributes and structure complexity

The PCA, performed as part of the SHI, proved essential for identifying key structural attributes,
with 62.9% of the total variance accounted for by the first three PCA dimensions. Dimension 1
(23.2%) was linked to tree size and basal area, i.e., BA living tree and dbh40.log. Conversely,
Dimension 2 (21.0%) was associated with tree height heterogeneity and greater diameter classes
(dbh50.sq). However, additional structural attributes, such as Dom_height.sq and H_sd, increased
the relevance of height-related metrics in explaining vertical complexity (Appendix S2, Fig. S1.1).
Finally, Dimension 3 (18.7%) highlighted metrics associated with deadwood volume and decay

classes (DLR.tu and N_decay_classes) (Appendix S2, Fig. S1.2).
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These variables fulfilled a large part of the 8 sources of heterogeneity proposed by Sabatini et al.
(2015), providing a detailed representation of the forest structure diversity at the considered sites
(Appendix S1, Tab. S1.1). The SHI distribution (Fig. 1.3) shows a considerable variation among
the sites. The highest SHI values were found in beech and mixed forests, i.e., RO (73.65%), TP
(72.84%), and VIG (65.52%). Conversely, the lowest value was found in a pure holm oak forest,
i.e., BV (55.60%), BM (58.41%).

80 ‘ |
70 .
OGF Sites
. ‘ &3 AC:Maple Forest
2’360 B BV:Holm Oak Forest
e B8 BM:Mixed Forest
T ‘ B CA:Mixed Forest
g B TP:Mixed Forest
& 50 72|84 73,65 g3 PO:Beech Forest
B3 VIG:Beech Forest
65.52 E3 RO:Beech Forest
40 60(58 60.69
5841 59.69
55.6
30

AC BV BM CA TP PO VIG RO
Site ID

Figure 1.3. SHI values distribution across sites. Whiskers indicate the minimum and maximum within 1.5 X IQR,
boxes show the 25th—75th percentile, and horizontal lines represent medians. Site-specific means are reported below
each box, with colours denoting forest types: AC = Maple (orange), BM/CA/TP = Mixed (blue/light blue), BV = Holm
Oak (green), PO/RO/VIG = beech (grey).

In addition, Kruskal-Wallis tests (Fig. 1.4) provided valuable insights about the role of topography
in shaping forest structure complexity. Elevation emerged as a key factor significantly affecting
SHI values, as evidenced by findings across all three defined groups (Chi-square = 12.686, p-value
= 0.001759). Similarly, Slope was found to have a statistically significant effect on SHI values
(Chi-square = 8.094, p-value = 0.017), indicating that changes in terrain steepness might be

associated with considerable variability in forest structure.
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Conversely, groups related to the aspect _cos and aspect_sin did not show any significant variations

in SHI values (p-value = 0.38 and 0.30, respectively), suggesting that terrain orientation had less

relevance.
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Figure 1.4. SHI distribution across topographical variable classes. Each box plot represents the distribution of SHI
values within the respective categories, highlighting the variability of forest structure in response to these
environmental factors. In the top row, SHI values are compared across the identified Elevation and Slope classes, while
in the bottom row, the SHI variations are shown with respect to aspect_cos and aspect_sin.
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4.2 Topography partially drives forest structure complexity

In the CCA, topographic variables contributed to 18.79% of the total variance of structural
attributes (Tab. 1.3).

Table 1.3. Partitioning of the scaled Chi-square showed database variability explained by the constrained and
unconstrained components. Here, the total inertia (0.52116) is referred to the overall model variability. Of this, the
constrained inertia (0.09791, 18.79%) represented the variance expressed by the topographic variables. Conversely,
the unconstrained inertia (0.42325, 81.21%) represented the unexplained model variance, which could be attributed to
other factors not included in this analysis.

Partitioning of scaled Chi-square

Inertia Proportion
Total 0.52116 1.0000
Constrained 0.09791 0.1879
Unconstrained 0.42325 0.8121

However, most of the variance (81.21%) was not explained by topography, suggesting an effect
from other factors, including past disturbance events (human and natural), soil type, or climatic
context. Especially elevation, slope and aspect (sin and cos) played a key role in modelling forest
structure variations (Fig. 1.5). Relevant attributes, such as coarse woody debris volume
(Vol_CWD), number of decay classes (N _decay classes), necromass volume (Vol necromass),
and basal area of living trees (BA_living_trees), frequently employed in the OGF's definition, were
mainly located along the negative section of the CCALl axis. Such attributes, representative of
mature and undisturbed forest ecosystems, were oriented towards PO, RO and VIG sites,

characterised by greater elevation and slope.

Whereas attributes such as tree richness (Tree rich), maximum diameter at breast height
(dbh_max), canopy cover (Canopy_cover), height standard deviation (H_sd), and Gini coefficient
(based on basal area of diameter classes; Gini) were positively correlated with the CCA1 axis and
related to sites at lower altitude and slope, such as CA, BV and BM. Additional attributes, such as
Vol stump, BA snagST and N_dbh, located in the upper quadrant, appeared instead to be related
to the TP site.
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Figure 1.5. Ecological gradients and OGFs structure. The CCA biplot shows the main relationships between
structural attributes (in black) and topographic variables (in red) within the studied sites (points and ellipses). Elevation
and slope were found to be the main variables affecting OGFs' variability, clustering sites in different areas. Structural
attributes such as N_decay classes and BA_living tree were prominent in sites such as RO, PO, and VIG. Other
attributes, including Density living tree, H_sd, Canopy cover, and dbh_max, in contrast, clustered sites as CA, BV
and BM.

Finally, the permutation test confirmed the CCA model accuracy (Appendix S1, Tab. S1.2). In the
CCA, Elevation was the most significant variable, with the highest Chi-square value (0.05719) and
F-ratio (18.6466); while Slope showed a Chi-square = 0.02150, F = 7.0087.

Both these variables, however, were highly significant (Tab. 1.4). Also, aspect_cos and aspect_sin
contributed significantly, even if aspect cos had lower significance (F = 2.1302). Conversely, the

remaining variance (Chi-square = 0.42325) accounted for the unexplained proportion.

Table 1.4. Topographic variable’s contribution.

Permutation test for CCA under reduced model (Terms)
Number of permutations: 999

Df  ChiSquare F Pr(>F)
Elevation 1 0.05719 18.6466 0.001 ***
Slope 1 0.02150 7.0087 0.001 ***
aspect_cos 1 0.00653 2.1302 0.028 *
aspect_sin 1 0.01269 4.1384 0.001 ***

Residual 138 0.42325
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4.3 Vascular plants cluster across OGFs

The first three PCoA components explained 36.84% of the total variance, capturing the main
variation affecting the vascular plant species' composition and distribution within the examined
OGFs. The PCoA biplot (Fig. 1.6) showed three distinct clusters: pure beech forests (PO, RO, and
VIG) in the middle right side; mixed temperate forests (CA, TP, BM, and BV) in the upper left

quadrant; and the AC site in the lower left quadrant.
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Figure 1.6. PCoA ordination based on vascular plant species dissimilarities across OGF sites. Together, the first
two axes explained 28.5% of the total variance. In this graph, each point represented a subplot, marked and grouped

by ellipses according to their site.

Species typical of temperate European deciduous forests were commonly found across the
examined sites. Nine species, including Polystichum setiferum, Lactuca muralis, Aremonia
agrimonioides, and Daphne laureola, were common to all three groups, while 18 species, including
Sanicula europaea, Galium odoratum, Viola riviniana, Cardamine chelidonia, and Clinopodium
grandiflorum, were found exclusively in mixed forests and beech forests, highlighting the floristic

affinity of the two forest groups dominated by Fagus sylvatica.
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In contrast, the differentiation between beech forests and mixed forests was determined by the
presence of microthermic species in the former (e.g., Adenostyles australis, Asyneuma
trichocalycinum, Senecio squalidus, and Carduus affinis) and mesophilous macrothermic species

in the latter (e.g. llex aquifolium, Ruscus aculeatus, Hedera helix, and Cyclamen hederifolium).

Notably, the species characterising beech forests were biogeographically relevant, being endemic
and/or South-European orophilous species (Di Pietro, 2009; Dillenberger & Kadereit, 2013;
Peruzzi et al., 2015). AC was distinguished by the presence of eutrophic/nitrophilous species, such
as Alliaria petiolata, Arctium lappa, and Urtica dioica. Its floristic affinities with mixed or beech
forests were partly mediated by eutrophic taxa, such as Geum urbanum, Rumex sanguineum, and
Arum cylindraceum, with the former, and Hordelymus europaeus, Elymus caninus, Galium

aparine, Anthriscus nemorosa, Epilobium montanum, and Ranunculus brutius with the latter.

Species mostly found in high altitude beech forests, such as Adenostyles australis, Asyneuma
trichocalycinum, and Senecio squalidus, or also in mixed forests, such as Galium odoratum, and
Clinopodium grandiflorum, were positively correlated with PCoA1, whereas a negative correlation
was observed in species found in maple forests, such as Arum cylindraceum, Fraxinus excelsior,
and Urtica dioica. PCoA2 showed a positive correlation to species such as Abies alba, Quercus

cerris, llex aquifolium, and Ruscus aculeatus, typically observed in the studied mixed forests.

In contrast, species with a negative correlation, such as Doronicum orientale, Elymus caninus,
Fraxinus excelsior, Galium aparine, Hordelymus europaeus, Poa nemoralis, and Ranunculus
brutius, emphasised areas with nutrient-rich soil, providing a valuable insight to distinguish forest

stands according to their climatic and soil properties.

Finally, a negative correlation was observed between PCoA3 and a few species, including Abies
alba, Cardamine chelidonia and Viola riviniana, reflecting an ecological gradient consisting of
wet, shaded, undisturbed forests with complex vertical structures (Appendix S2, Fig. S1.3).
Spearman's correlation analysis between the PCoA axes and SHI values provided additional
insights. Specifically, PCoAl showed a non-significant correlation with SHI (p-value = 0.55),
while elevation was the primary factor influencing this component (Appendix S2, Fig. S1.4). In
contrast, PCoA2 was strongly and positively correlated with SHI values (p-value = 0.00005),

underscoring the key role of forest structure in shaping plant species distribution, particularly in
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mixed temperate multilayered forests, with an understory composed mainly of species such as Ilex
aquifolium and Ruscus aculeatus (Appendix S2, Fig. S1.5). Likewise, PCoA3 showed a positive
correlation with SHI (p-value = 0.0099), suggesting that greater structural complexity is associated
with a decreased presence of shade-tolerant species such as Abies alba, Cardamine chelidonia, and
Viola riviniana (Appendix S2, Fig. S1.6). All these outcomes suggest that forest structure is a

significant factor in plant species distribution, requiring a more detailed investigation.

4.4 The role of forest structure and topography in shaping the vascular plant species

distribution

Based on the previous analyses, a VP was conducted to deepen our understanding of the main
topographical and structural factors influencing the composition of flora within the study areas. In
particular, VP analysis allowed us to isolate forest structure and topography influence, revealing
their shared and distinct contribution to the variability observed in the vascular plant composition
(Appendix S2, Fig. S1.7). According to the VP results (Tab. 1.5), 31.2% of the total variance in
vascular plant species composition was explained by the combined effect of forest structural
attributes and topographical variables. More specifically, structural attributes accounted for 23.5%
of the variance, whereas topographical variables contributed only 12.8%. Nevertheless, a
substantial proportion of the variance (32.4%) remained unexplained, reflecting the inherent
complexity of old-growth floristic assemblages — where stochastic processes, fine-scale
disturbances and non-linear successional dynamics collectively shape vascular plant species
composition, resulting in non-linear relationships that cannot be fully accounted for by a single set
of forest structure or topography predictors.

Table 1.5. Partitioning of variance in vascular plant composition explained by (X1) forest structure and (X2)

topography (full RDA model). Reported values include adjusted R?, individual fractions, and the percentage of
variance explained by pure effects, shared effects, and residuals.

Partition of variance in RDA

Individua Explained
Fraction Description Adj.R? . variance
fraction

(%)
X1 Forest structure effect  0.54834 0.23538 23.5
X2 Topography effect 0.44102 0.12806 12.8
X1 +X2 Shared effect 0.67640 0.31296 31.2
Residuals 0.32360 323
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The statistical significance of the model was also confirmed by a permutation test (Tab. 1.6),
thereby further supporting the strong relationship between structural attributes and topography in

explaining the distribution and composition of vascular plant species.

The RDA ordination plot (Fig. 1.7) provides a visual representation of the obtained results,
highlighting clearly how plant species distribution is affected by forest structure and topographical

variables.

Table 1.6. Permutation test for the RDA model, including forest structural attributes and topographical variables.

Permutation test for RDA under reduced model
Number of permutations: 999
Df Variance F Pr (F)
Model 19 0.155842 16.512 0.001 ***
Residual 122 0.060603

Axis 1 (RDA1=32.9%) primarily reflected topographic gradients, being positively associated with
elevation, slope, and the abundance of medium diameter trees (n_dbh_40). Conversely, it showed
negative relationships with tree species richness, dominant height (Dom_height), and aspect

(aspect_sin).

Axis 2 (RDA2 = 26.4%), on the other hand, captured variation in different stand structural
attributes. Indeed, this axis was positively associated with tree density (Density living tree),
canopy cover (Canopy_cover), and number of decay classes (N_decay classes), while showing a

negative association with tree species richness (Tree_rich).

The key role of forest structure and topographical variables also emerged through the second
permutation test (Tab. 1.7). Basal area of stumps and standing dead trees (BASnagST), canopy
cover (Canopy_cover), number and volume of living trees (Density living_tree; Vol living_tree),
volume of coarse woody debris (Vol CWD), number of decay classes (N_decay_classes), number
of trees with dbh > 40, 50 and 70 cm (n_dbh 40; n_dbh 50; n_dbh_70), tree species richness
(Tree_rich) and height heterogeneity (H_sd) all showed a highly significant effect on the vascular
plant species composition (p = 0.001).
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Figure 1.7. RDA biplot (including structural, floristic, and topographical data). RDA biplot shows the
relationships between vascular plant species assemblage (response variable), explanatory variables (structural and
topographical variables), and OGF sites (colored according to forest type).

Furthermore, topographical attributes such as elevation (Elevation) and slope (Slope), as well as,
with minor relevance, aspect in its sine and cosine transformations (aspect_cos; aspect_sin), also
revealed considerable influences (p = 0.02). Conversely, no significant findings were observed for
necromass volume (Vol necromass) or some of its components, such as stump (Vol stumps) and
downed dead trees volume (Vol ddt). These variables were consistent not only with the findings

of previous studies but also with the commonly accepted criteria used to define OGF worldwide.

In conclusion, the Redundancy Analysis (RDA) revealed that the clustered plant distribution of the
four old-growth forest compositional types is driven by a complex interaction between site
topography and structural tree traits. Surprisingly, stand structure proved to be more influential on
these interrelationships, with attributes like dominant height, canopy cover, density of large trees
and living trees, and the basal area of snags playing a major role in driving the clustering of forest

communities.
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Table 1.7. Permutation test results for individual forest structural and topographical variables in the RDA model.

Permutation test for RDA under reduced model (by Term)

Number of permutations: 999

Variable Abbrevation Df Variance F Pr(>F)
Basal area of Snags and standing dead trees BASnagST 1 0.019282 38.82  0.0071 ***
Canopy cover Canopy_cover 1 0.007775 15.65 0.001 ***
Volume of coarse woody debris Vol CWD 1 0.010552 21.24  0.001 ***
No. Living tree /ha Density_living_tree 1 0.028985 58.35  0.001 ***
Volume of necromass Vol. necromass 1 0.000936 1.88  0.129
Volume of living trees Vol living_trees 1 0.007322 1474 0.001 ***
No. Decay classes N_decay_classes 1 0.008133 16.37  0.001 ***
No. Tree with DBH > 40 n_dbh_40 1 0.018069 36.37  0.001 ***
No. Tree with DBH > 50 n_dbh_50 1 0.008576 1726 0.001 ***
No. Tree with DBH > 70 n_dbh_70 1 0.003503 7.05  0.001 ***
No. Tree species Tree rich 1 0.008032 16.17  0.001 ***
Volume of stump Vol_stump 1 0.000856 1.72  0.144
Volume of downed dead trees Vol _ddt 1 0.000620 1.25  0.282
Dominant height Dom_height 1 0.001329 2.68  0.061
Height Standard deviation H sd 1 0.005115 10.30  0.001 ***
Elevation Elevation 1 0.019233 38.72  0.001 ***
Slope Slope 1 0.004636 9.33  0.001 ***
Aspect (North - South) aspect_cos 1 0.001195 2.40  0.066
Aspect (East - West) aspect_sin 1 0.001692 3.41 0.019 *
Residual 122 0.060603

5. Discussion
The present study investigated the environmental factors affecting forest structural and
compositional complexity of nine old-growth forests (OGFs) within Pollino NP. The findings
provide valuable insights into how topographic, structural, and floristic factors interact to shape

spatial heterogeneity and ecological attributes that characterise these forest ecosystems.

5.1 Topographic gradient significantly drives forest structural heterogeneity

Our results provide support for demonstrating that topography exerts a significant influence on
forest structural heterogeneity. Elevation and slope together explained nearly one-fifth of the total
variance in structural attributes, confirming that physical gradients shape key dimensions of forest

architecture even in highly mature stands.
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Structural diversity was largely governed by tree size distribution, basal area, and vertical
stratification, complemented by variation in deadwood abundance and decay stages. According to
Fantini et al. (2020), lower SHI values are often linked to a decrease in the abundance of large
trees, as in the case of PO, and to the removal of dead wood by the local population, as in the case
of BV and BM. In contrast, remote stands at higher elevation and on steep slopes—such as RO and
VIG—displayed high SHI scores, abundant coarse woody debris, and diverse decay classes,
suggesting that reduced accessibility protects structural integrity from anthropogenic disturbance.
These findings align with the defining traits of old-growth ecosystems and emphasise how

elevation and slope interact to modulate structural maturity.

Indeed, as demonstrated by Badalamenti et al. (2017), certain structural thresholds — such as
deadwood volumes exceeding 30 m?/ha, high basal area, and multilayered canopy — can serve as

benchmarks for identifying and prioritising conservation areas in similar ecological contexts.

Local topographic gradients also generate mesoclimatic and microclimatic variation influencing
soil moisture, radiation, and temperature regimes (De Frenne et al., 2021; McNichol et al., 2024).
Such conditions govern tree growth and mortality, gap dynamics, and regeneration, ultimately
affecting the spatial distribution of vertical layers. Although elevation can limit tree growth and
canopy height (Ziaco et al., 2012; Sabatini et al., 2015), the large residual variance observed (81%)
indicates that additional local drivers — including soil fertility, disturbance history, and climatic
context — contribute to structural differentiation, and should therefore be regarded as an

ecologically relevant signal rather than a modelling limitation.

Old-growth systems are inherently characterised by non-linear developmental dynamics, including
gap-phase cycles, multi-cohort regeneration, and stochastic processes, which do not follow
predictable topographic gradients (Nagel et al., 2014). In addition, historical management practices
— including selective logging, grazing pressure, and past silvicultural activities — may have
resulted in structural changes that persist over decades and cannot be fully captured by topographic

variables alone.

In contrast, parameters such as variation in height and diameter distribution and maximum diameter
at breast height pointed to greater vertical and horizontal structural heterogeneity, which may

potentially support higher biodiversity (Pickering et al., 2024).
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The high values of standing dead tree volume and canopy height in site AC may reflect the legacy
of recurrent natural disturbances that have a greater impact on taller trees (Jackson et al., 2024), in

line with successional trajectories proposed by Oliver & Larson (1996) and Franklin et al. (2002).

5.2 Stand structure and topography as dominants of vascular plant composition

Vascular plant species composition was strongly associated with forest structure and topography.
Ordination methods identified three main floristic assemblages - pure beech stands, mixed
temperate and maple forests - reflecting differences in structural and topographic variables.

For instance, Adenostyles australis, Asyneuma trichocalycinum, Senecio squalidus, and Carduus
affinis, typically occurring in cold, mountain environments, suggest the ecological distinctiveness
of high-altitude beech forests. Additionally, the occurrence of certain species, some of which are
endemic to Southern European mountains, highlights the biogeographical significance of these

communities.

Conversely, species such as Alliaria petiolata, Arctium lappa, and Urtica dioica are characteristic
of eutrophic and nitrophilous environments, often associated with recurring disturbance processes
(Matuszkiewicz et al., 2024). In fact, their occurrence highlights the understory vegetation's
sensitivity to local nutrient enrichment and anthropogenic pressures. In this context, BV and AC
sites also showed interesting floristic patterns. BV, a pure low-mountain holm oak forest, exhibited
an unexpected similarity in vascular plant composition to mixed forests dominated by beech, silver
fir, or turkey oak. This similarity could be related to its location on the slopes facing the Tyrrhenian
Sea, where diverse climate conditions may allow holm oak to spread up to higher elevations,

promoting its contact with mountainous forests.

In contrast, AC, a stand dominated by maple, exhibited a distinct vascular plant assemblage,
thereby emphasising its uniqueness in terms of forest composition, topography, and structure
within the studied areas. Specifically, AC was distinguished by the presence of Alliaria petiolata,

Arctium lappa, and Urtica dioica, which might be indicative of local disturbances due to grazing.

Moreover, the co-occurrence of such contrasting indicator species demonstrates how forest
structure and topographic features could interact with both climatic and disturbance-related factors,

ultimately shaping plant species composition and ecological functioning within OGF ecosystems.
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Structural attributes showed a leading role in shaping flora diversity, since they were responsible
for 23.5% of the total variance, with variation associated with the stand’s old-growthness and
microclimatic stability. Indeed, the abundance of old or large trees could be essential in stabilising
site microclimate, providing a suitable environment for specialised vascular plant species

(Lindenmayer 2017).

5.3 Structure and topography integration to explain old-growth dynamics and compositional

clustering

Canopy complexity emerged as a critical determinant of understory plant composition, influencing
light penetration and microclimatic stability. The number of decay classes further emphasised the
ecological significance of deadwood decomposition phases, which enhance soil fertility and
provide crucial habitats for saproxylic organisms and herbaceous species (Graf et al., 2022).
Together, these features contribute to higher biodiversity and ecosystem multifunctionality.
Similarly, tree species richness and deadwood volume were closely associated with vascular plant
composition, indicating that complex forest structures promote richer and more stable plant

communities.

These attributes delineate a compositional gradient primarily driven by tree species diversity and
resource availability: greater canopy and species diversity expand ecological niches, while
necromass accumulation supports decomposer communities including fungi, invertebrates,

mosses, lichens, and vascular plants (Checko et al., 2015).

The structural complexity of OGFs functions as both a buffer and a stabilising mechanism. It
mitigates the effects of climate extremes and maintains high biodiversity through an intricate
network of microhabitats and ecological niches. This complexity enhances resilience by

distributing ecological risk among multiple species and functional roles (Ontl et al., 2020).

Site-specific patterns provide further evidence of the structural—floristic linkage. Attributes such as
the basal area of snags and standing dead trees, and the number of diameter classes—particularly
evident in the TP site—suggest natural regeneration following disturbance events. These features
are often associated with structurally heterogeneous stands that exhibit late-successional dynamics

and ecological continuity typical of mature, undisturbed forests.
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Such traits can serve as valuable indicators of natural forest development and may be used in future
research to assess the degree of structural maturity across different forest types and biogeographic
regions. The combination of structural and floristic attributes observed in this study could thus
guide the identification of ecologically significant stands for conservation and restoration
programs. However, their interpretation should always consider local ecological context, forest

type, and dominant tree species.

Our findings align with previous studies (Bauhus et al., 2009; Miiller & Biitler, 2010) that
emphasise the ecological importance of large trees, necromass, and vertical heterogeneity as
essential components for maintaining biodiversity. These structural attributes are not merely local

characteristics but represent globally transferable principles.

Integrating them into conservation and management frameworks could enhance forest resilience to
climate change and sustain biodiversity over the long term—especially considering that just 1% of
the largest trees can store up to 50% of a forest’s total carbon (Lutz et al., 2018). Forest stands
characterised by elevated levels of structural complexity therefore emerge as biodiversity hotspots,
underscoring the ecological value of mature and old-growth forests. These insights align with
broader conservation frameworks (e.g., Chazdon, 2008; Gauthier et al., 2015) advocating
integrative approaches that merge structural, ecological, and socio-economic perspectives.
Adopting such multidimensional strategies is essential to safeguard the integrity and functionality

of forest ecosystems in the face of accelerating global change.

5.4 Study limitations and opportunities

The present analysis focused on nine OGF sites within Pollino NP. These stands were selected to
capture the park’s ecological and structural diversity. The selection was based on (i) confirmed
evidence of minimal anthropogenic disturbance, (ii) presence of structural indicators of maturity
(e.g., large trees, multilayered canopies, and abundant deadwood), and (iii) representation of
distinct forest types along altitudinal and bioclimatic gradients. While the sample size may appear
limited, it reflects the rarity and spatial restriction of Mediterranean old-growth ecosystems, where
undisturbed forest patches are exceptionally scarce and typically confined to remote,
topographically complex areas. Accordingly, each site represents an ecologically distinct and

irreplaceable reference area, characterised by significant scientific and ecological value.
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Based on our results, further validation of SHI across different ecological contexts is necessary to
assess its robustness as a synthetic indicator of forest naturalness. The application of the SHI
revealed marked differences among the examined OGFs: sites such as RO, TP, and VIG displayed

higher structural complexity, whereas BV, BM, and PO showed comparatively lower levels.

For example, the high level of naturalness in PO (Piovesan et al., 2020) was likely not captured by
the SHI because topographic factors, particularly elevation and slope, were found to strongly
influence structural attributes such as the abundance of large trees and tree height, determining a

limit to the bio-space occupied by the canopy.

While structural metrics are essential for characterising forest ecosystems (LaRue et al., 2023), a
more holistic assessment would also integrate vascular plant composition, soil properties, and
climatic conditions. Since these factors are not included in the SHI assessment, it is possible to
assume that SHI provides an overview of forest structures rather than a comprehensive view of
their functions. Despite the insights gained when considering topography, unexplained variances
point to the need for further research incorporating variables such as disturbance history, soil

properties, and stand climate not considered within our surveys (Thom & Seidl, 2016).

Indeed, tools like dendrochronology, soil analysis, canopy temperature by means of satellite data,
and microclimate loggers alongside LIDAR/TLS could help to capture key ecological processes

that explain variance beyond structural metrics.

Combining these variables with mixed-effects modelling and long-term monitoring will clarify
causal pathways, improve predictive power, and make conservation strategies more robust under
changing climatic conditions. Overall, long-term ecological monitoring would be particularly
valuable for a better comprehension of forest structural dynamics and understanding how forest
structure influences floristic responses over time in a changing climate. Integrating these attributes
could enhance our capacity to refine conservation strategies and implement adaptive management

practices aimed at sustaining the ecological integrity of OGFs in the face of environmental change.
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6. Conclusion

This study demonstrates that the ecological complexity of old-growth forests (OGFs) results from
the synergistic interaction of structural, topographic, and floristic factors. Topographic gradients
shape the physical framework for structural development; structural attributes then govern
microclimate, habitat diversity, and species composition; and their interaction defines the spatial
clustering of forest communities.

The findings emphasise that effective conservation must move beyond single-metric structural
indicators. The Structural Heterogeneity Index (SHI) provides a summary of complexity but should

always be interpreted alongside topographic and floristic data.

Although this research focused on Mediterranean mountain OGFs, these mechanisms appear
consistent across forest biomes. In temperate and boreal forests alike, topographic variation
influences resource distribution and disturbance exposure, while structural heterogeneity mediates
ecological processes that sustain biodiversity. Thus, the structural-topographic—floristic
framework applied here offers a transferable approach for evaluating forest naturalness, resilience,
and ecological integrity across environmental contexts. Mediterranean OGFs, such as those in the
Pollino NP, exemplify global processes of self-organisation in long-undisturbed ecosystems, where
vertical stratification, large trees, and persistent deadwood maintain functional stability over
centuries. These insights reinforce the need to preserve mature and old-growth stands to ensure

biodiversity and ecosystem resilience.

Conservation priorities should favour stands with abundant large trees, high deadwood diversity,
and multilayered canopies—features that enhance biodiversity, carbon storage, and ecosystem
resilience. Where strict protection is not feasible, adaptive management should aim to emulate
natural disturbance regimes and promote structural diversification to recover functions typical of
old-growth conditions. Further, integrating structural metrics with remote-sensing,
dendrochronological, and microclimatic data within long-term monitoring networks can improve
our capacity to anticipate forest responses to environmental change. Two crucial implications
emerge from these findings. First, conservation strategies must balance socio-economic factors
with natural forest dynamics. Socio-economic drivers—such as deadwood timber demand and rural
dependency—can disrupt natural processes, reducing structural complexity and long-term

resilience.
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To address these challenges, strategies should include community-focused management,
alternative livelihoods, and financial support that promote local development while ensuring the
effective conservation of these unique forests and their ecosystem services (Liu et al., 2022). By
adopting this multidimensional perspective, forest conservation can move toward a more holistic
understanding of naturalness and resilience. Old-growth forests worldwide—whether
Mediterranean, temperate, or boreal—represent irreplaceable benchmarks of ecological continuity
and should be managed as living archives of biodiversity and as models for sustainable forest

futures.
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Appendices — Chapter 1

Appendix S1. Supplementary Tables

Table S1.1. Heterogeneity classes proposed by Sabatini et al., (2015). These classes capture the key structural
attributes affecting forest biodiversity and ecosystem functions. Each class represents a distinct source of
heterogeneity, such as vertical stratification, tree species composition, deadwood abundance, and tree size
distributions, features which contribute to complex and resilient forest ecosystems.

Source of
Heterogeneity

Vertical
Heterogeneity

Tree Compositional
Diversity

Uneven-agedness

Density of Large
Living Trees

Growing Stock

Total Deadwood
Volume

Deadwood Decay
Classes

Standing Deadwood,
Dead Trees, and
Snags

Description

Stands with a variety of tree heights likely have a mix of ages,
leading to high vertical and horizontal variation. This variation
influences demographics, resource distribution (light), and
understory development.

A mix of shade-tolerant and shade-intolerant species can create a
multi-layered canopy. This diversity can promote herb-layer
variety due to differences in light transmission and litter quality
between tree species.

In landscapes with frequent small-scale disturbances, an uneven-
aged structure might be natural or due to close-to-nature forestry
practices. The variation in tree sizes indicates a diversity of niches
for various plants and animals.

Large trees store significant carbon and provide habitat for
threatened or ecologically important species, by offering a variety
of niches, i.e., rough bark, hollows, exposed deadwood, sap flows,
and dead branches/tops.

Living above-ground biomass indicates a stand's carbon storage.
Older-growth stands, with a higher biomass, more effectively
moderate the surface temperature and support a higher percentage
of forest specialist herbaceous species.

Deadwood is crucial for biodiversity by providing niches for
specialized organisms. These organisms often have limited
dispersal abilities and rely on the long-term availability of
deadwood for survival. Their absence in managed stands can lead
to local extinctions.

The lack of deadwood in specific decay stages indicates a
disruption in its supply, usually due to recent harvesting or removal.
This can affect nutrient cycling and the diversity/abundance of
saproxylic organisms.

Standing dead trees and snags offer niches like hollows, cracks, and
cavity strings, which are vital for various species of breeding birds,
mammals, invertebrates, lichens, and bryophytes.

Selected Variable

H sd,
Dom_height

DLT.log

dbh40.1og,
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dbh max,
BA living_tree

N _dacay classes

DLR.tu
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Table S1.2. Results from the CCA permutation test. The model comprised 4 degrees of freedom (Df = 4) and
showed a Chi-square value of 0.09791 and a high F-ratio (F = 7.9809), both of which indicated a significant
contribution of the constrained variables. Furthermore, its highly significant p-value (Pr(>F) = 0.001%*) highlighted the
relevance of topographic variables (altitude, slope, aspect_sin, and aspect_cos) in capturing the heterogeneity of forest
structure.

Permutation test for CCA under reduced model
Number of permutations: 999
Df ChiSquare F Pr(>F)
Model 4 0.09791 7.9809 0.001 ***
Residual 138 0.42325
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Appendix S2. Supplementary Figures
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Figure S1.1. Principal component analysis of forest structural attributes (Dim 1 vs. Dim 2). PCA biplot shows
the relationships between forest structural attributes, with the first two dimensions, Dim 1 and Dim 2, explaining 44.2%
of the total variance. The arrows represent the contribution and direction of each variable to the ordering, with colour
intensity showing the relative contribution to the principal components.
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Figure S1.2. Principal component analysis of forest structural attributes (Dim 1 vs. Dim 3). The biplot shows
interrelationships among forest structural variables, where Dimension 1 (23.2%) and Dimension 3 (18.7%) together
explain 41.9% of the total variance. The arrow direction denotes the orientation of each variable in the multivariate
space, while its length represents the relative contribution to sorting. Colour intensity represents the relative

contribution of each variable to the principal components.
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Figure S1.3. Correlation matrix between PCoA axes and vascular plant species composition in old-growth
forests. The heat map shows the correlation between individual species and the sorting axes, ranging from blue
(negative correlations) to red (positive correlations).
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Figure S1.4. Relationship between the structural heterogeneity Index (SHI) and PCoA Axis 1. The scatterplot
illustrates the linear relationship between SHI and PCoA Axis 1 scores across old-growth forest sites. Each point
represents a site, with colour intensity indicating SHI values. The dashed line represents the fitted linear regression
model, and the shaded area shows the 95% confidence interval. The p-value (> 0.9568) indicates that variation in SHI
is not significantly explained by PCoA Axis 1, suggesting a limited association between overall forest structural
heterogeneity and the main compositional gradient of vascular plant communities.
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Figure S1.5. Relationship between structural heterogeneity (SHI) and PCoA Axis 2. The scatterplot shows a
significant linear relationship between SHI and PCoA Axis 2 scores (p < 0.0042). Higher SHI values were associated
with shifts in vascular plant community composition along this axis, suggesting that increasing forest structural
heterogeneity is linked to compositional differentiation in the understorey flora.
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Figure S1.6. Relationship between structural heterogeneity (SHI) and PCoA Axis 3. The scatterplot shows a
significant positive linear relationship between SHI and PCoA Axis 3 scores (p < 0.0099), suggesting that finer-scale
variation in vascular plant community composition, represented by Axis 3, is influenced by differences in forest
structural heterogeneity.
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Figure S1.7. Partitioning of vascular plant community variation explained by forest structure and topography
in old-growth forests. The diagram shows the proportion of explained variation in species composition attributed
uniquely to forest structural attributes (component [a]; 23.5%), uniquely to topographic variables (component [b];
12.8%), and to their shared contribution (component [c]; 31.3%). Residual unexplained variation accounts for 32.4%
of the total variance. Forest structure explained a larger portion of community variation than topography, indicating
that structural heterogeneity is a stronger driver of plant compositional differences among OGF sites.

55



Chapter 2: Spatial modelling of structural complexity using multi-source

remote sensing

Summary: Building on previous findings, this chapter aims to examine and map the structural
heterogeneity within three designated Mediterranean old-growth forests using a multi-source
remote sensing approach. Specifically, structural classes, as defined by the Structural
Heterogeneity Index (SHI), were used to train Random Forest (RF) classifiers, integrating
airborne LiDAR metrics, multispectral Sentinel-2 vegetation indices, multi-decadal vegetation
trends, topographic variables, and a proxy to measure cumulative human pressure. Results
demonstrated that forest structural heterogeneity could be successfully predicted at a fine spatial
resolution. LiDAR-derived metrics proved to be essential predictors, followed by seasonal spectral
data and long-term canopy trends. By establishing a quantitative, scalable approach, this study
provides a replicable model to identify and prioritise forest patches with the highest conservation

value, thereby supporting informed decision-making processes.
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Abstract

Old-growth forests (OGFs) are recognised as vital ecosystems for biodiversity and carbon storage.
Nevertheless, the management of these forests is frequently hindered by imprecise, non-
quantitative boundary definitions. Currently, several officially designated OGFs encompass forest
patches with highly variable structural integrity. This study presents a diagnostic approach to
quantify and rank "old-growthness" within designated boundaries — assessing structural
heterogeneity as a primary ecological indicator. This research was conducted across three
Mediterranean mixed-forest stands located in the Pollino National Park. To characterise forest
architecture, a ground-based Structural Heterogeneity Index (SHI) was derived using inventory
data from 59 sample plots. SHI-derived classes were then modelled using a Random Forest (RF)
classifier combined with multi-source remote sensing data. Predictors included LiDAR-derived
canopy metrics, Sentinel-2 vegetation indices, multi-decadal spectral trends, topographic variables,
and a proxy to estimate cumulative human pressure. The RF model successfully distinguished
between high and low structural heterogeneity, achieving an overall accuracy of 0.84 (Cohen's
Kappa = 0.68). LiDAR-derived metrics were identified as the most important predictors in our
analysis, supplemented by long-term spectral trajectories and human-pressure proxies, which
provided valuable diagnostic details. Results showed that only a specific subset of the current OGF
area is characterised by significant structural complexity, which typically occurs in late-
successional conditions — highlighting considerable variability within designated protected areas.
These findings established a replicable and scalable framework to guide conservation efforts,
allowing for effective spatial prioritisation. By employing a binary model to estimate the potential
old-growthness within forest sites, the park's authorities would move beyond conventional
boundaries and identify highly ecologically intact patches. Furthermore, our approach also aligns
directly with the EU Biodiversity Strategy for 2030, providing a robust framework for targeted

monitoring and protection of forest ecosystems with the highest structural and ecological integrity.
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1. Introduction

Old-growth forests (OGFs), also known as primary, virgin or ancient forests, represent ecosystems
developed over centuries without significant human impact (Merce et al., 2014). These forests can
be defined by the significant abundance of large, aged trees, multi-layered canopies, and substantial
amounts of dead wood (Christensen et al., 2005; Burrascano et al., 2013). Such features are
essential to provide a wide range of ecosystem services, including biodiversity conservation (Paillet
et al., 2010), climate regulation, carbon storage (Luyssaert et al., 2008; Frey et al., 2016), soil and
water protection (Brockerhoff et al., 2017), as well as cultural and recreational value (Gunes &
Hens, 2007). Despite their significant role, such forests are increasingly threatened by land-use

practices, ecosystem fragmentation, and climate change.

Currently, less than three per cent of total forest area in Europe is classified as OGF (Hirschmugl
et al., 2023). Consequently, the European Union (EU) has called for their systematic detection,
mapping, and protection under the Biodiversity Strategy for 2030 (Kirchmeir et al., 2023).
According to Hirschmugl et al. (2023), a wide range of approaches for mapping OGFs has been
developed over the last decade. More specifically, these methods can be categorised into three main
groups: (i) Metric-based approaches: focused on deriving forest structural attributes from remote
sensing (RS) sources, including LiDAR, GEDI, Sentinel and Landsat; (i1) Direct approaches: based
on machine learning techniques applied on RS data for large-scale mapping; and (iii) Indirect
approaches: based on pre-existing data, such as geospatial datasets, supplemented by literature
reviews and questionnaires. However, progress towards a fully integrated monitoring tool remains
constrained due to both technical and ecological challenges. Among these, data resolution and
modelling uncertainties pose significant challenges, further compounded by the intricate
characteristics of natural ecosystems, where inherent biological complexity and non-linear

dynamics often elude standardised sampling and predictive frameworks.

In this context, multi-source RS data has emerged as a promising strategy to overcome some of
these limitations. For instance, optical sensors, such as Sentinel-2 and Landsat, can provide
multispectral data to derive vegetation indices (VIs) and monitor phenological trends (Banskota et
al., 2014). This, in turn, enables forest ecosystem assessments. Synthetic aperture radars (SAR),
including Sentinel-1, enhance optical data by virtue of their sensitivity to canopy structure and

moisture content (Spracklen et al., 2021; Le Toan et al., 2011).
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Furthermore, LiDAR technology, embracing both airborne (ALS) and terrestrial (TLS) systems,
facilitates highly precise detection of forest structure, offering valuable insights concerning canopy
height, forest strata, and understorey density (Thomas et al., 2008; Maltamo et al., 2014).
Numerous studies have recently demonstrated how crucial remote sensing and advanced modelling
techniques, including machine learning (ML) and deep learning (DL), are in enhancing our ability
to monitor natural forest ecosystems. According to Spracklen & Spracklen (2019), the combination
of Sentinel-2 images using machine learning (ML) techniques proved advantageous in mapping
tree species and OGFs in Ukraine. Similarly, Laléchére et al. (2024) conducted a study to determine
the effectiveness of various RS sources in identifying overmature forests. Nevertheless, some
challenges remain, including the lack of a standardised OGF definition (Bruening et al., 2024) as
well as the limited availability of field-collected data.

In addition, such approaches are rarely employed, particularly in the Mediterranean basin, where
climate change effects are most evident. Moreover, a further critical issue concerns the limited
integration of long-term data in identifying potential OGFs. According to Burrascano et al. (2013),
OGFs should not be defined exclusively by current structure, but also by their ecological continuity.
In this context, the Landsat satellite series offers a critical opportunity to reconstruct multi-decadal
vegetation trends, providing sufficient historical data to identify stands characterised by functional
stability and ecological resilience (Banskota et al., 2014; Colangelo et al., 2021). However, this
need for time-based evidence is frequently undermined by a lack of detail in designated OGF
boundaries. Although numerous areas are formally protected, their administrative boundaries are
frequently established without quantitative or structural assessments. Consequently, these areas

contain a variety of forest patches, some of which differ considerably in their old-growth status.

In this context, our study aims to quantify and rank the relative old-growthness degree within
officially designated OGF patches. To this end, a novel integrated approach — combining field-
validated structural indices with multi-source remote sensing data and machine learning — was
adopted to generate spatially explicit maps of structural heterogeneity at a fine scale. Unlike
existing mapping methodologies, which rely on indirect remote sensing proxies without field
validation, this approach uses SHI-derived classes as ecologically grounded reference conditions,

directly linking ground-based measurements to landscape-scale predictions.
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The SHI was derived through detailed field measurements collected across 59 sample plots and
categorised into high and low structural complexity classes, which served as reference variables
for the predictive modelling framework. This approach was founded on the established ecological
principle that high structural heterogeneity constitutes a distinctive hallmark of old-growth
ecosystems (Ducey et al., 2013). Furthermore, according to Uhl et al. (2025), forest structural
heterogeneity could also be considered an indicator of ecological continuity, limited human
disturbance, and late successional stages, which in turn are strongly linked to increased biodiversity
(Paillet et al., 2010; Burrascano et al., 2013; Di Filippo et al., 2017; Sabatini et al., 2018; Concha
et al., 2023).

Predictor variables were selected to encompass a range of ecological dimensions, including three-
dimensional structure metrics obtained from LiDAR, seasonal vegetation indices derived from
Sentinel-2, and long-term trends from Landsat. Topographic factors — including elevation and
slope — as well as a cumulative human pressure index, were also considered. Based on this
framework, three main hypotheses were tested: (1) integrating structural, spectral, temporal, and
socio-ecological predictors would reliably discriminate high versus low SHI classes; (2) LIDAR-
derived structural metrics would be the most significant predictors; and (3) long-term vegetation
index trends could reveal evidence of ecological continuity extending beyond single-season

spectral analysis.

2. Materials and Methods

2.1 Study Area

The Pollino National Park (Pollino NP) represents the largest protected area in Italy, encompassing
approximately 192,565 hectares across two regions: Basilicata and Calabria (Compagnucci et al.,
2002). Owing to its topography, with elevation ranging from 52 to 2,267 m a.s.l., it is regarded as
a transitional zone between temperate and Mediterranean climates (Blasi & Michetti, 2005).
According to Todaro et al. (2007), coastal areas are typically characterised by a Mediterranean
climate, with hot, dry summers, while mountainous regions experience cold, snowy winters and
mild summers. The annual rainfall pattern varies significantly across this region, ranging from
approximately 300 mm/year along the Ionian coast to nearly 2,000 mm/year on the Tyrrhenian

side.
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In addition, a marked altitudinal temperature gradient characterises the study area, with average
temperatures at 2,000 m a.s.l. ranging from winter lows of -3.2 °C to summer peaks of 13.8 °C
(Colangelo et al., 2021). Such conditions impose significant bioclimatic constraints, shaping
specialised ecological niches as well as growth dynamics in high-elevation Mediterranean forests.
Such environmental variations result in a rich biodiversity, including various forest types. More
specifically, medium- and low-altitude forests are dominated by turkey oak (Quercus cerris L.),
downy oak (Quercus frainetto Ten.), hornbeam (Carpinus orientalis Mill.), alder (4lnus cordata
Loisel.), and various maple species. In contrast, at higher altitudes, beech (Fagus sylvatica L.),
silver fir (4bies alba Mill.), and Bosnian pine (Pinus heldreichii Christ.) predominate. The Bosnian
pine, in particular, forms highly distinctive populations with considerable ecological, cultural, and

landscape value, which are emblematic of Pollino's natural heritage.

2.2 OGFs survey data

The present study was carried out across three old-growth mixed forests (Fig. 2.1) located within
the Pollino NP, including Bosco Magnano (BM), Bosco Vaccarizzo (CA), and Cugno dell'Acero
(TP). These sites, included as part of the Italian project "Building an Old-Growth Forest Network
for Southern Apennine Parks", represent some of the most ecologically valuable forest ecosystems

in this region.

Pollino National Park

Vaccarizzo (CA)

Cugno dell’Acero (TP)
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Figure 2.1. Map showing Pollino National Park (southern Italy) and surveyed forest sites. The inset map provides
an overview of the park's location within the Italian peninsula. Detailed views of the three investigated forest stands
— Bosco Vaccarizzo (CA), Bosco Magnano (BM), and Cugno dell’Acero (TP) — are shown by the surrounding
panels. White lines indicate the old-growth forest boundaries designated as conservation zones.

Dominated by the occurrence of three main tree species, including European beech, silver fir, and
turkey oak, these areas are characterised by structural and compositional features typically

associated with late-stage forest succession.

To ensure data comparability, a 1-hectare sample area was defined within each of the investigated
stands. The core areas were identified using a standardised protocol, as developed by the
aforementioned project, and qualitative ecological criteria, including structural complexity,
significant amounts of deadwood, dominance of native tree species, and the absence of recent

human disturbance (Di Filippo et al., 2017).

Field surveys were conducted between 2015 and 2018, providing a consistent and robust reference
dataset to characterise OGFs at the stand scale. Furthermore, the employment of a standardised
four-stage sampling strategy ensured uniform data collection across all investigated sites. During
the first stage, the core areas were systematically subdivided into 25 square microplots of 400 m?
(Fig. 2.2), thereby establishing an explicit spatial framework for detailed field investigations.
However, due to local topographic constraints, the effective sample area at the CA site was reduced

to 0.36 ha.

Subsequently, floral composition and topographic attributes were also recorded. In the third stage,
a comprehensive assessment of ground-level necromass was conducted, encompassing standing
dead trees (DST), snags, downed dead trees (DDT), coarse woody debris (CWD), and stumps, all
of which are recognised as key indicators in assessing forest structural complexity and natural
disturbance regimes. Finally, a detailed inventory of living trees, shrubs, and regeneration layer
was carried out, including all specimens with a diameter at breast height (DBH) of at least 5 cm

and a height of 130 cm or more.
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Figure 2.2. Conceptual scheme describing the field sampling design adopted according to the 'Building an Old-
Growth Forest Network for Southern Apennine Parks' project. Macro-plots (100 x 100 m; outlined in red) were
subdivided into a standard grid of 20 x 20 m. Within each grid cell, forest structural attributes were recorded, and
alphanumeric labels (A1-E5) were used to identify microplots within the core area.

3. Data analysis

A database of 24 ecasily measurable structural variables was derived from standard forest
monitoring data (Chirici et al., 2011) and used to assess intra-stand forest complexity (Appendix
S1, Tab. S2.1). The volumes of living trees, DST and DDT were estimated using double-entry
equations based on the First National Forest Inventory. Conversely, deadwood components,

including stumps, snags and CWD, were estimated according to the following equation (Eq. 2.1):

(Equation2.1) V=(m*h/3) * (R2+12+ (R *1)

Where V' is the volume, /4 is the height, R is the major radius, and r is the minor radius.

3.1 Forest structure assessment

According to Sabatini et al. (2015), structural attributes were used to compute the Structural
Heterogeneity Index (SHI) at the microplot scale. To verify their statistical distribution, a

preliminary data inspection was performed.
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All cases with kurtosis values greater than |2| were either corrected or excluded from the analysis.
Additionally, variables with Pearson correlation coefficients exceeding 0.55 were also removed,

reducing potential redundancy.

Two distinct tests were then implemented to evaluate the suitability of the retained variables for
PCA: Kaiser—Meyer—Olkin and Bartlett. Suitable variables were then employed as inputs for the
PCA analysis performed in RStudio (version 4.3.0) using the FactoMineR (L& et al., 2008) and
factoextra (Kassambara & Mundt, 2020) packages. To ensure a robust and comprehensive analysis,

key variables along the first three PCA dimensions were selected and sorted into quartiles.

Each variable was then scaled to a 0—10 score and standardised by linear regression. SHI values
were thus derived by summing all scores and expressed as percentages. Subsequently, K-means

cluster analysis was implemented to classify forest patches by SHI.

3.2 LiDAR metrics and topographical data

ALS data was acquired by GEOCART S.p.A., a private Italian company specialising in remote
sensing and geomatics. Data was collected using a multisensor airborne platform equipped with a

GNSS/IMU navigation system for direct georeferencing and a Riegl Q560 laser scanner.

This technology, known as Full Waveform, represents one of the most significant laser scanner
features, since it enables the acquisition of all backscattered echoes and improves penetration
through tree canopies (Appendix S1, Table S2.2). Point clouds, characterised by an average density
of approximately 8 points/m?, were provided alongside intensity and class values. A preprocessing
procedure was subsequently applied to all point clouds dating from 2013, and all relevant metrics

were extracted in RStudio using a series of dedicated packages.

Initially, all point clouds were inspected to identify potential misclassification, missing points, or
duplicates. Next, the ground points were isolated from vegetation returns by using both the
rasterise_terrain() function and the iterative TIN algorithm (Roussel et al., 2020), thereby creating
a Digital Terrain Model (DTM) with a resolution of 10 metres. Slope and aspect were then derived

from the DTM employing the terrain() function available in the 'terra’ package (Hijmans, 2020).
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Vegetation heights, normalised adopting the normalise height() function, were then processed
based on the DTM, yielding a Canopy Height Model (CHM). To mitigate any potential bias, any

value exceeding the 99th percentile was excluded from the subsequent analysis.

Finally, a suite of six forest height metrics, including minimum (zmin), maximum (zmax), mean
(zmean), standard deviation (zsd), skewness (zskew), and kurtosis (zkurt), was derived using the
pixel _metrics() function exclusively on cloud points above two metres. According to Lalechére et
al. (2022), these metrics provide reliable insights to describe OGF ecosystems (Fuhr et al., 2022),
as they reflect key factors such as tree height heterogeneity, light availability, and canopy gap

dynamics.

3.3 Sentinel-2 multispectral data and preprocessing

Developed by the European Space Agency (ESA), Sentinel-2 (S2) consists of two satellites
(Sentinel-2A and Sentinel-2B) equipped with multispectral sensors for high-resolution earth
observation. These satellites offer global coverage every five days, revisiting each location every
10 days. Using 13 spectral bands, S2 captures images with spatial resolutions ranging from 10 m
to 60 m. However, in this study, only bands with resolutions of 10 m and 20 m were considered
(Tab. 2.1), providing sufficient spectral and spatial detail to monitor forest dynamics (Liu et al.,
2018).

Table 2.1. Sentinel-2 spectral bands used in this study, including band designation, spectral region, central wavelength,
and native spatial resolution.

Sentinel-2 band Name Central Wavelength (um) Spatial Resolution (m)

B2 Blue 0.490 10
B3 Green 0.560 10
B4 Red 0.665 10
B5 Red Edge 0.705 20
B6 Red Edge 0.740 20
B7 Red Edge 0.783 20
B8 Near IR 0.842 10
B8A Near IR 0.865 20
B11 SWIR 1.610 20
B12 SWIR 2.190 20

Acquisition and processing of data from S2 were carried out in Google Earth Engine (GEE;

Gorelick et al., 2017), applying two seasonal windows (Tab. 2.2) and setting a maximum cloud
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cover threshold of 20% (Luo et al., 2025). Compared to single-date acquisitions frequently utilised

by other studies, this strategy offered a more reliable predictive accuracy (Zlonis et al., 2022).

Table 2.2. Details of the seasonal Sentinel-2 image subsets employed in this study, including the acquisition periods,
the number of images retained after cloud filtering, and the cloud cover threshold applied.

Images Cloud cover

Season Sensor Start date End date collected threshold
Summer Sentinel-2  June 1, 2018 Aug 31,2018 65 <20%
Autumn Sentinel-2  Sept 1, 2018 Nov 30, 2018 44 <20%

All analyses involved the use of atmospherically corrected Level 2A surface reflectance data
(COPERNICUS/S2_ SR_ HARMONISED). To remove contamination from cloud and cirrus, the
QA60 band was applied, whilst the surface reflectance values were scaled according to the standard
factor required to convert raw radiance to physically meaningful reflectance. Furthermore, to
guarantee spatial consistency with LiDAR-derived metrics, all 20 m bands were resampled to 10
m through bilinear interpolation. Based on the pre-processed bands, three vegetation indices (VIs)
were computed: Normalised Difference Vegetation Index (NDVI) (Eq. 2.2), Brightness Index (BI)
(Eq. 2.3) and Enhanced Vegetation Index (EVI) (Eq. 2.4).

B8 - B4
Equation 2.2 NDVIz ————
(Eq ) B3+ B4
2 2
(Equation 2.3) Bl= B4 2+ B3
B8 - B4

Equation 2.4)  EVI=2,5 *
(Equation 2.4) "~ (B8+6*B4)-(7,5*B2+1)

According to Munteanu et al. (2022), NDVI and BI are both effective in detecting features such as
large trees, dead wood, canopy openings, as well as exposed soil (Lalechere et al., 2024; Zielewska-
Biittner et al., 2020). Nevertheless, Yan et al. (2022) observed that NDVI tends to saturate in dense
forest canopies, reducing its sensitivity to subtle changes. To address these limitations, the EVI
index was also introduced (Spracklen & Spracklen, 2019). Moreover, based on the findings of Roy

etal. (2016), seasonal composites were derived from cloud-free images by applying a median filter.

66



3.4 Long-term forest cover dynamics

A total of 40 years of Landsat surface reflectance data (1985-2024) was investigated to analyse
forest canopy dynamics. Images were processed within the Google Earth Engine (GEE) cloud-
computing environment using Landsat surface reflectance products from Landsat 5 Thematic
Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+) and Landsat 8 Operational
Land Imager (OLI), obtained from the USGS Collection 2 Level-2 archive (U.S. Geological
Survey, 2021).

To ensure phenological consistency and mitigate seasonal variability, this analysis focused
exclusively on scenes captured within a defined growing season, ranging from April to October.
Scenes with cloud cover exceeding 20% were also excluded. In addition, radiometric calibration
was applied by employing the official scale factors, while clouds, cirrus and shadows were masked
through the QA PIXEL quality band. Nevertheless, given the failure of the Landsat 7 scan line
corrector (SLC) during 2003, a time-stratified processing strategy was adopted to minimise the
reliance on ETM+ observations (Appendix S1, Tab. S2.3). Missing data were reconstructed using
a local spatio-temporal linear regression approach based on neighbouring observations, according
to established gap-filling methodologies (Yin et al., 2017; Asare et al., 2020). NDVI and EVI were
then derived for each cloud-free observation. Such indices were selected based on their widespread

use within related research studies (Glenn et al., 2008; da Silva et al., 2020; Zhang et al., 2022).

Annual maximum composites were then calculated for both NDVI and EVI, and pixel-wise trends
were investigated applying the Theil-Sen estimator (TS; Sen, 1968). TS represents an advanced
non-parametric tool that effectively handles outliers, non-normal distributions, and missing data
(Colditz et al., 2015; Mariano et al., 2018; Liu et al., 2021). Furthermore, to provide reliable
delineation of forested areas, the ALOS PALSAR Forest/Non-Forest dataset
(JAXA/ALOS/PALSAR/YEARLY/FNF4) was utilised to mask results (Shimada et al., 2014).

Finally, to validate long-term vegetation trends, an independent statistical assessment was
conducted employing the non-parametric Mann—Kendall (MK) test (Mann, 1945; Kendall, 1948).
According to Rustum et al. (2017), this combination is fundamental for evaluating environmental
time series trends. Therefore, annual maximum NDVI and EVI time series were extracted and

analysed in RStudio using the 'trend' package.
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While the MK test was performed to identify statistically significant monotonic trends, TS was
adopted to estimate trend magnitude and direction. To account for multiple testing across stands
and indices, p-values were adjusted using the false discovery rate procedure (FDR; Benjamini &
Hochberg, 1995; Wilks, 2006), thereby confirming the statistical support of the long-term TS-

estimated trends.

3.5 Socio-ecological assessment

To consider the influence of socio-ecological pressures on forest ecosystems, our analysis included
the Global Human Modification (GHM) index, derived from the GEE platform. More specifically,
GHM provides a spatially explicit, cumulative measure of human impact on terrestrial biomes by
combining several factors, such as built-up areas, agriculture, energy and mineral extraction,
grazing, deforestation, road networks, and other disturbances (Theobald et al., 2023). Its values
range from 0 (no human modification) to 1 (maximum modification), providing an intuitive
representation of both intensity and spatial distribution of anthropogenic effects. Several studies
have therefore adopted this index to represent landscape-scale changes, as well as to measure
habitat integrity and ecosystem functioning (Theobald et al., 2020). Although specific socio-
ecological data were lacking, GHM allowed a coherent and integrative assessment of human impact
across various spatial scales. According to earlier studies, a strong correlation was found between
anthropogenic disturbance gradients and vegetation dynamics, particularly in Mediterranean
regions where historical land use practices have greatly impacted ecological systems (Venter et al.,

2016; Williams et al., 2020).

3.6 Predictive model

To predict the potential 'old-growthness' degree within the investigated forest stands, a supervised
machine learning approach, based on the Random Forest (RF) algorithm, was performed in GEE.
In particular, the SHI-derived classes, representing low and high structural complexity, were
designated as the response variable within the model. Meanwhile, other predictors were grouped
into a multi-source raster stack - with a spatial resolution of 10 m - which included LiDAR-derived
height metrics, topographic variables, S2 Vs, long-term Vs trends, and the GHM index. Training

samples were obtained by extracting raster values from SHI-labelled polygons.
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A space-based validation strategy was then adopted to account for spatial autocorrelation. First,
samples were thinned using a 30 m grid-based filtering process; subsequently, a single sample was
extracted from each grid cell, class, and forest plot. According to the conceptual approach proposed

by Baumann et al. (2025), this distance should exceed the field microplot area.

A K-fold spatial cross-validation was also implemented, assigning folds by forest name (BM, TP,
and CA), thereby ensuring spatial independence between the training and validation sets.
Oversampling was used to balance classes only in the training subset, leaving the validation data
unchanged. Then, the RF model was optimised by testing it with an increasing number of trees,

before selecting the optimal configuration based on average accuracy across spatial folds.

Lastly, the RF model was trained utilising a stratified split on the spatially thinned samples, where
70% of observations were used for training and 30% for independent validation. Model
performance was assessed on the validation set by evaluating overall accuracy (OA), Cohen's
kappa coefficient (KA) and producers' and users' accuracy (PA and UA; Reinosch et al., 2025).
Additionally, RF scorings were used to evaluate variable importance, quantifying the contribution
of each predictor. A further assessment of the sampling design was done using Moran's test on the
model residuals, applying the moran.test function in RStudio (Kumari et al., 2019). Residuals were
computed as the difference between the observed SHI class and the RF-predicted probabilities, and
were tested across neighbour distances ranging from 30 to 150 metres. Once trained, the model
was implemented across the entire raster stack to derive SHI classifications and a continuous

probability map.
4. Results

4.1 Forest structure patterns and SHI classes

By implementing the SHI procedure, 11 forest structural attributes were derived (Appendix S1,
Tab. S2.4). After excluding highly skewed variables and redundant metrics, a suitable dataset was
obtained to perform the multivariate analysis (KMO = 0.65). In addition, Bartlett's test further
confirmed a substantial correlation between variables, yielding highly statistically significant
results (p < 0.001). PCA showed that the first three dimensions accounted for 54.7% of the total

variance.
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Dim-1 (26.2%) was significantly associated with total necromass volume and dead wood
components (Appendix S2, Fig. S2.1), while Dim-2 (18.3%) and Dim-3 (10.2%) reflected
variations in terms of large tree abundance, living tree volume, and vertical structure diversity

(Appendix S2, Fig. S2.2).

Furthermore, SHI scores expressed as percentages clearly delineated distinct structural gradients
across all 59 examined microplots. Notably, TP exhibited higher median values than CA and BM,
suggesting greater structural heterogeneity (Fig. 2.3). Also, K-means clustering (silhouette = 0.56)
successfully defined two SHI classes reflecting low and high-microplot structural complexity

(Appendix S2, Fig. S2.3).
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Figure 2.3. Structural heterogeneity index distribution across the three investigated forest stands: Bosco
Magnano (BM), Vaccarizzo (CA) and Cugno dell'Acero (TP). The boxplots show SHI values derived from field
microplots, highlighting their variability. Numeric labels indicate median SHI values at the stand level.

4.2 Seasonal vegetation indices and long-term trends

After filtering and pre-processing, 65 and 44 images from summer and autumn, respectively, were
used to derive seasonal VIs composites. Likewise, long-term vegetation trends were assessed based

on 431 cloud-free images acquired from Landsat collections.
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More specifically, the pixel-wise trends, evaluated by the TS estimator, predominantly exhibited
positive values across all investigated forest stands (Fig. 2.4). Furthermore, the stand-level
validation analysis performed using the MK test verified statistically significant positive monotonic

trends for NDVI at all three sites after applying the FDR correction (¢ < 0.05).
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Figure 2.4. Stand-level Sen’s slope estimates (yr ') derived from annual maximum NDVI and EVI Landsat time series
for the three investigated forest stands. Points represent Sen’s slope values for each index, indicating the magnitude
and direction of long-term vegetation trends.

Our results revealed Kendall's tau (1) values ranging from 0.53 to 0.75, along with TS estimates
spanning from 0.0011 to 0.0026 yr' (Tab. 2.3). By contrast, statistically significant positive
monotonic EVI trends were only detected at BM and CA sites (¢ < 0.05), as opposed to TP site,
where these were not statistically significant (¢ > 0.05). However, the occurrence of predominantly
positive and statistically significant long-term trends at the stand scale suggested that TS values
accurately captured coherent vegetation dynamics, thereby supporting their use as continuous
predictors within our model framework.

Table 2.3. Stand-level Mann—Kendall (MK) test results. Kendall’s t indicates the strength of monotonic trends,
while g-values (g) represent false discovery rate (FDR)—adjusted significance levels.

Forest stand EVI(tr) EVI(g) EVI trend NDVI(tr) NDVI(¢q) NDVI trend

BM 0.238 <0.05 Significant 0.526 <0.0001  Significant
CA 0.605 <0.0001 Significant 0.749 <0.0001  Significant
TP 0.154 0.166  Not significant 0.662 <0.0001 Significant
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4.3 Model performance

The RF model achieved robust predictive performance in distinguishing low- and high-structural
heterogeneity classes. After spatial thinning, 102 sample points were retained and analysed,
comprising 37 low-SHI and 65 high-SHI observations. Model optimisation, based on K-fold spatial
cross-validation, identified 90 trees as the optimal setup. The resulting model, which was trained
using a 70/30 stratified sample split, achieved an overall accuracy (OA) of 0.84 and a Cohen's
kappa (KA) of 0.68. Such findings revealed a significant agreement between the observed and
predicted SHI classes. In addition, PA (producer's accuracy) reached a value of 0.92 for low and
0.80 for high SHI classes, whereas UA (user's accuracy) attained values of 0.73 and 0.94,
respectively. Collectively, our results revealed notably high model reliability in identifying forest
patches characterised by higher structural complexity (Fig. 2.5). Furthermore, the continuous
probability map provided additional insights into the transition zones between forests exhibiting
low and high structural complexity (Appendix S2, Fig. S2.4). At the site scale, high SHI areas
covered 61.8% in BM, 62.5% in CA, and 91.9% in TP, reflecting significant differences across the
investigated stands (Appendix S1, Tab. S2.5).

CA BM TP

High SHI class = 62,5 % High SHI class = 61,8 % High SHI class = 91,9 %

I High SHI area

Figure 2.5. Spatial distribution of high Structural Heterogeneity Index (SHI). Red areas denote pixels classified
as High SHI. White lines represent the officially established OGF’s boundaries. Reported percentages indicate the
proportion of each study area classified as high SHI.
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Significant spatial correlation was identified at 30 m (p = 0.001) by Moran’s I test; however, this
disappeared beyond 40 m, thereby suggesting that spatial dependence was minimal beyond the
neighbourhood scale (Table 2.4).

Table 2.4. Spatial autocorrelation analysis using Moran’s I across increasing distance classes. Moran’s score and

its associated p-value are reported for each threshold. Statistical significance indicates the magnitude of the residual
autocorrelation detected.

Distance (m) Moran’s I p-value
30 0.134 0.001 Significant
40 0.036 0.11  Not significant
50 - 0.003 0.41 Not significant
100 0.003 0.25 Not significant
150 0.005 0.22  Not significant

4.4 Variables importance

Variable importance analysis highlighted significant differences among the relative contributions
of each predictor group (Fig. 2.6). In particular, vertical diversity represented by canopy height
standard deviation (Zsd) emerged as a key factor in discerning low and high structural complexity
classes. Subsequently, the seasonal Brightness Index (BI sum and BI aut) ranked second and

fourth, respectively.

Additionally, the Global Human Modification Index (GHM) showed a strong association with
structural complexity, highlighting the critical relationship between anthropogenic pressure and
forest structure. Alongside these, seasonal Normalised Difference Vegetation Index metrics,
including summer and autumn values (ndvi_sum and ndvi_aut), were also identified as crucial
factors, further emphasising the significant impact of seasonal canopy stability and productivity

patterns.

Among temporal predictors, multi-decadal functional trajectories — represented by Theil-Sen
slopes of Enhanced Vegetation Index (EVI sen) and Normalised Difference Vegetation Index
(NDVI _sen) — were also among the main contributors. Their strong performance further suggests
how long-term forest dynamics could provide a critical diagnostic feature in classifying stand-level

heterogeneity.
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Figure 2.6. Relative importance of predictor variables derived from the random forest classifier model.
Importance scores were standardised to a relative scale of 0-100. Variables were then ranked in ascending order, based
on their importance, thereby highlighting their respective contributions to model performance.

Moreover, additional LIDAR metrics, including mean height (Zmean), skewness (Zskew), kurtosis
(Zkurt), and maximum height (Zmax), classified as medium-ranking, provided further insight into
the vertical forest structure. Although topographic variables, including elevation (DTM) and slope
(Slope), offered supplementary contextual insights, summer and autumn EVI (evi_sum and
evi_aut) were found to be comparatively less significant, indicating a more localised contribution

when evaluated within a broader range of structural and multidecadal predictors.
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5. Discussion

5.1 Structural heterogeneity as a crucial factor in defining old-growth forests

These findings emphasise the importance of adopting quantitative, structure-based approaches to
refine OGF spatial interpretation as well as to identify forest patches which may be closer to late
successional stages. Among LiDAR-derived metrics, canopy height standard deviation (Zsd) was
the most significant, confirming that vertical heterogeneity provides straightforward and

informative insights to classify forests with different structural properties.

According to Goetz et al. (2010) and Zolkos et al. (2013), height variability metrics strongly
correlate with forest maturity, habitat diversity, and potentially with species richness, as it can
capture multilayered canopies, gap dynamics, and large trees. Given their high significance in the
model, these metrics align with ecological principles, consolidating LiDAR's effectiveness in

remotely estimating forest structural complexity.

5.2 Seasonal multispectral metrics and forest characterisation

Seasonal multispectral metrics, including the Brightness Index (BI) and aggregated vegetation
indices (NDVI and EVI), emerged as the second-most-effective predictors. In fact, by capturing
phenological variations and stand-level reflectance heterogeneity, multi-season optical data could
enhance forest characterisation, providing information not detectable by single-date images (Zhu
& Woodcock, 2014; Pasquarella et al., 2016). In this context, BI might serve as a proxy to detect

canopy gaps, shadowing, and structural discontinuities (Zielewska-Biittner et al., 2020).

Similarly, seasonal NDVI and EVI metrics can capture variations in canopy density and
productivity during peak and later growth stages (Munteanu et al., 2022). These fluctuations

typically occur alongside stand structure and successional stage differences.

5.3 Long-term vegetation trends as indicators of forest structure stability

Notably, this study employed a novel approach by using long-term trend metrics, expressed as
Sen's slopes, for both NDVI (NDVI sen) and EVI (EVI sen). Time-series analyses have been
widely utilised to investigate disturbance—recovery trajectories and long-term vegetation trends
(Cohen et al., 2017). As a result, Theil Sen's slope (TS) could be used to interpret and track forest

canopy responses to disturbances, recovery, and gradual structural changes.
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Notably, in structurally complex stands characterised by high SHI values, weak or near-stable
positive Sen's slopes may reflect long-term canopy stability resulting from limited disturbance
events. Considering their significant contribution, it can be deduced that forest structural
complexity not only describes the current state but also represents a continuous ecological process.
This distinction is crucial in the Mediterranean context, where the widespread expansion of
secondary forests can lead to an overestimation of forest maturity. Indeed, without considering
long-term disturbance history, structural similarities in recovering stands may be confused as true

successional maturity.

5.4 Stand-level validation and interpretation of trend significance

Stand-level validation using the Mann—Kendall (MK) test further corroborates these findings,
confirming significant long-term productivity trends across the study area. Statistically significant
values were observed for NDVI at all three sites; in contrast, significant EVI values were detected

only in two of the three investigated stands.

The lack of statistical significance for EVI trends at the TP site does not imply an absence of
change, but rather suggests stable long-term canopy dynamics. In fact, as expected for mature and
OGF¥ stands, long-term canopy dynamics tend to be characterised by gradual changes and stable
structures (Pugh et al., 2019). In this context, weak positive greening trends may indicate sustained

canopy stability and ecological continuity (Colangelo et al., 2021).

Comparable patterns were also observed in temperate forests, suggesting that these slow changes
may be associated with biomass accumulation, gap-phase dynamics, or growth responses under

climate change (Vacchiano et al., 2017).

5.5 How do human activity and the environmental context shape forest ecosystems?

Global Human Modification (GHM) proved to be one of the most significant predictors,
highlighting how cumulative anthropogenic pressure can affect forest structural attributes, even in
protected areas. At broad scales, these composite proxies effectively capture changes in both
biodiversity and ecosystem integrity, particularly where local socio-ecological data are limited
(Venter et al., 2016; Jacobson et al., 2019). This reinforces the importance of explicitly accounting

for anthropogenic contexts, including topographical and climatic variables.

76



As shown by Cheng et al. (2023), topographic variables such as elevation (DTM) and slope (Slope)
can also enhance model performance, providing insights about accessibility, microclimate, and
disturbance regimes. Together, these factors play a pivotal role by shaping forest structures and

modulating human impact in the long term.

5.6 Implications for conservation and old-growth forest mapping

This study successfully overcame conventional OGF designations by integrating structural
(LiDAR), spectral (Sentinel-2), temporal (Landsat time series) and socio-ecological (GHM) data.
Using this approach, old-growth potential could be spatially refined within designated protected
areas. From a conservation perspective, this methodology enables the identification and
prioritisation of core forest patches which most closely align with old-growth structural features.
Overall, our findings highlight how integrated remote sensing approaches can effectively support
both biodiversity conservation and forest management strategies, offering a compelling potential
solution. It is important to note, however, that the transferability of the proposed framework should

be interpreted at two distinct levels.

From a methodological standpoint, the entire workflow — integrating field-validated structural
indices, multi-source remote sensing, and machine learning classification — is fully replicable
across various forest ecosystems, provided that comparable data sources are available. At the
predictive level, however, direct application of the trained model to biogeographically distinct
contexts would require local recalibration, since several predictors — particularly LiDAR-derived
canopy metrics, seasonal spectral indices, and the Global Human Modification Index — exhibit
site-specific behaviour driven by local species composition, topographic configuration, and
disturbance history. Consequently, future applications within different Mediterranean subregions
or other European forest types should prioritise the re-training of the classifier on locally

representative samples, while retaining the overall modelling architecture as a transferable scaffold.
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6. Conclusion

The present research was conducted across three OGF sites within Pollino National Park. Although
this may seem a restricted dataset, locating forest patches that simultaneously exhibit analogous
species assemblages — co-dominated by European beech, turkey oak, and silver fir — within a

comparable topographic and bioclimatic setting represents a substantial ecological constraint.

The convergence of these attributes — floristic composition, structural integrity, and limited
anthropogenic pressure — within a single, well-defined protected area therefore constitutes an
exceptional and rare scientific opportunity. This study proposed a robust methodological
framework for refining the spatial delineation of forest patches with a higher relative old-growth
status within officially designated areas. By adopting the Structural Heterogeneity Index (SHI) as
a field-based proxy, considerable variation in forest structures was captured and modelled

effectively using the Random Forest approach alongside multi-source remote sensing data.

Canopy height metrics, acquired using LiDAR technology, were identified as the most significant
predictors. These results confirmed the pivotal role of vertical forest structure in accurately

discerning forest areas characterised by different structural complexity.

Additional insights were also provided by seasonal Sentinel-2 vegetation indices, which
highlighted canopy heterogeneity and phenological variability. Long-term trends derived from
Landsat data, including NDVI and EVI, provided a temporal dimension capturing disturbance—
recovery trajectories and ecological continuity. The Global Human Modification Index (GHM)
further revealed how cumulative human pressures could potentially impact protected areas, thereby

offering an alternative way to interpret and assess socio-ecological processes.

Clear differences were observed in the spatial distribution and frequency of high-SHI patches
across all three examined sites. Stands at higher elevations, such as Cugno dell'Acero (TP),
exhibited a greater prevalence of structurally complex patches. This pattern may be a direct result
of its remote location and limited accessibility, which have likely discouraged intensive harvesting,

ensuring minimal anthropogenic disturbance over time.

Conversely, stands at intermediate elevations, including Bosco Magnano (BM) and Vaccarizzo

(CA), showed greater fragmentation and structural variability. Such findings support the
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conclusions of previous studies, which emphasised how topography can play a crucial role in
protecting natural forests from human-induced disturbances (Lindenmayer, 2016; Cudlin et al.,
2017; Cheng et al., 2023). Although the number and spatial configuration of field plots were
constrained by the adopted protocol's requirements, our findings highlighted that integrating
structural, spectral, temporal, and socio-ecological predictors could enhance our understanding
beyond the conventional OGF boundaries. Future work should therefore focus on optimising
remote sensing analyses using an improved sampling design, as well as integrating repeated LIDAR
acquisitions. Furthermore, more robust ecological interpretations could be achieved by including

additional data, such as information on soil properties and biodiversity.

Extending this framework to other forest types and protected areas would provide a basis for
exploring its broader application and allow the development of more rigorous scientific
approaches. Ultimately, these findings provide a robust foundation for future research, revealing
the potential of combining remote sensing and field-based aggregated indices to accurately identify
forest patches with significant structural and ecological value, thereby supporting informed

conservation strategies.
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Appendices — Chapter 2

Appendix S1. Supplementary Tables

Table S2.1. Forest structural variables derived from field-collected data and used to compute the Structural
Heterogeneity Index (SHI). For each variable, the table provides the abbreviation, description, and corresponding unit
of measurement.

Abbreviation Variable Unit of measurement
BA_living_tree Basal area living tree m?
BASnagST Basal area, Snag and Dead standing tree m?
Canopy_cover Canopy cover %
Vol CWD Volume Course Woody Debris m’
Density living tree  No. Living trees No. trees
DensSnagST No. Snag & Dead standing trees No. trees
Vol _necromass Volume Necromass m’
Vol living tree Volume Living trees m’

N _dbh No. Diameter class No. classes
N_decay_classes No. Decay classes No. classes
Vol SnagST Volume Snag and Dead standing tree m’
n_dbh 40 No. Tree with DBH > 40 No. trees
n_dbh_50 No. Tree with DBH > 50 No. trees
n_dbh_70 No. Tree with DBH > 70 No. trees
Tree rich No. Tree species No. tree species
Vol _stump Volume Stump m’
Vol _ddt Volume Dead downed tree m’
Dom_height Average of the 5 highest trees m
QMD Quadratic mean diameter cm

H sd Standard deviation Height m
Gini Gini index (basal area) m?
dIR Dead live ratio m’
dbh_max Max diameter cm
dbh_min Min diameter cm

Table S2.2. Summary table of the LiDAR sensor's technical specifications and acquisition settings used for data
collection, including precision and accuracy parameters.

LASER CHARACTERISTICS
Wavelength 1550 nm
Type/class laser Class 1
ACQUISITION METHODOLOGY
Scanning Method Polygonal rotating mirror
Maximum scanning angle 60 deg
Scan pattern Parallel lines
Measurement Full Waveform
PRECISION AND RESOLUTION
Precision 10 mm
Accuracy 20 mm
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Table S2.3. Landsat satellite collections used for long-term vegetation analysis, indicating sensor type and acquisition
period.

Collection Time window
1985-2006;
Landsat 5 TM 2008-2011
2007;
Landsat 7 ETM+ 2012-2013
Landsat 8 OLI 2014-2024

Table S2.4. Variables representing the Structural Heterogeneity Index (SHI) have been grouped into ecological
categories according to key old-growth forest attributes, as defined by the EU Biodiversity Strategy. Each category

reflects a distinct feature of the naturalness, structural complexity and stand development.

Ecological domain Variable Description Unit Relevance to old-growth status
(abbrev.)
Volume of A significant amount of coarse woody debris
Vol CWD coarse woody provides essential habitat for saproxylic
debris organisms. Coarse woody debris reflects natural
Deadwood . . . .
accumulation and Volume of mortality dynamics in late-successional and
. Vol_ddt dead downed m? unmanaged stands and the accumulation of
ecological - . . .
Lo trees decaying material. It encompasses both standing
continuity .
and downed deadwood, capturing the long-term
Total volume .
Vol necromass carbon storage and structural complexity
- of necromass . .
associated with old-growth forests.
Number of
n_dbh 40 trees with
DBH > 4 .
. 0.cm No The occurrence of large trees reflects extended
Tree size, structure Number of trees . )
. growth periods, a lack of disturbance, and
and legacy trees n_dbh_70 trees with distinctive structural features typical of OGFs
DBH > 70 cm P '
Quadratic
QMD mean diameter om
Mean height of
. Dom_height the five tallest Highly dominant trees and vertical heterogeneity
Multi-layered trees 7 . .
. m both indicate stands in a late-successional stage,
vertical structure Standard which is typical of old-growth ecosystems
H sd deviation of P & Y ’
tree height
Number of A wide diameter-class distribution suggests an
N_dbh diameter uneven-aged structure, as well as continuous
Stand - . .
classes No. regeneration, which are two key features found in
developmental . . . :
. classes  OGFs. In addition, high diversity of decay stages
complexity Number of . :
N_decay_classes reflects sustained deadwood accumulation and
- - decay classes ) .
ong-term ecological processes.
Live biomass and Volume of Late-successional forests that have experienced
Vol_living_tree m’? limited disturbance over an extended period tend

stand maturity

living trees

to have high standing biomass.
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Table S2.5. Total area and extent of forest patches classified as high Structural Heterogeneity Index (SHI). In
particular, for each OGF, the total area, the high SHI area and the corresponding percentage are provided.

Site OGF area (ha) High SHI area (ha) High SHI area (%)

BM 108.2 66.8 61.8
CA 20.9 13.1 62.5
TP 34.5 31.7 91.9
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Appendix S2. Supplementary Figures
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Figure S2.1. Principal Component Analysis for Dimensions 1 and 2. Dim1 reflects a gradient associated with forest
structural complexity, influenced by variables such as tree size heterogeneity, deadwood volume, and decay-related

attributes. In contrast, Dim2 is more strongly associated with vertical structure and stand density metrics, including

dominant height, quadratic mean diameter, and large tree density.
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Figure S2.2. Principal Component Analysis for Dimensions 1 and 3. Dim1 is mainly defined by variables related
to tree diameter distribution, standing and downed deadwood volume, necromass, and decay-class attributes; whereas
Dim3 captures additional variance related to dominant tree dimensions and vertical stand structure, such as quadratic

mean diameter and dominant height.
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Figure S2.3. Silhouette coefficients obtained from k-means clustering applied to Structural Heterogeneity Index (SHI)
values, used to identify optimal class separation between low and high structural complexity conditions. Blue and
orange segments correspond to the two SHI clusters identified by the algorithm. The dashed red line represents the
mean silhouette score across all samples, providing a metric for assessing the overall clustering quality.
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Figure S2.4. Spatial distribution of predicted class probability, obtained from the Random Forest model, for (a)
low Structural Heterogeneity Index (SHI) class and (b) high SHI class. Pixel values represent the posterior
probability assigned to each SHI class, with darker red tones reflecting higher probabilities. Official old-growth forest

(OGF) boundaries are delineated in black.
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Chapter 3: Satellite time series analysis of the long-term ecological dynamics in

Mediterranean old-growth forests

Summary: Building on earlier insights, Chapter 3 expands our analysis to provide a detailed
investigation into long-term canopy dynamics. By studying a 40-year continuous Landsat time
series, forest canopy greenness trends were examined and quantified using the Enhanced
Vegetation Index (EVI). This enabled an effective investigation of multi-decadal trends in both Old-
Growth Forests (OGFs) and ecologically comparable managed forests. A non-parametric trend
estimation framework combined with block-level bootstrap inference was adopted to ensure
robustness against spatial dependence, noise, and non-normal data distributions. Results
consistently revealed a higher and more spatially stable long-term greenness trend within OGFs.
Pure beech forests exhibited stronger and clearer contrasts compared to mixed stands, reflecting
their differences in species composition, successional stage, and structural arrangement. When
interpreted alongside previous findings, such results strongly suggest a significant relationship
between forest structural complexity and long-term functional stability. Overall, this chapter
highlights two key points: firstly, the pivotal role of OGFs as reference systems in ecosystem
monitoring, and secondly, how long-term canopy greenness trajectories can offer an additional

dimension when assessing forest status, resilience, and conservation value.

Satellite-based assessment of long-term canopy dynamics within

Mediterranean old-growth forests
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Abstract

Old-growth forests (OGFs) play a crucial role in preserving biodiversity, storing carbon, and
ensuring ecosystem resilience. However, their long-term functional dynamics are rarely considered
in conjunction with their structural attributes. The present study analysed multi-decadal canopy
greenness trends for six designated OGFs within Pollino National Park (Italy), comparing them
with six ecologically comparable managed stands (NOGFs). Annual maximum Enhanced
Vegetation Index (EVI) composites were derived from Landsat data spanning 1985-2024. Long-
term trends were then quantified at pixel level by using the Theil-Sen slope (TS) estimator, as well
as the modified Mann—Kendall (m-MK) test to determine their statistical significance. Block-level
medians were computed to aggregate TS values into 100 x 100 m grid cells, addressing spatial
dependence and reducing pseudo-replication. Differences between forest classes were assessed via
block bootstrap resampling and Cliff's delta effect sizes. Across all sites, EVI TS magnitudes were
generally low, suggesting weak monotonic trends. Nevertheless, OGFs exhibited a higher central
tendency and a greater proportion of positive slopes than NOGFs, particularly in mixed and pure
beech forests, where positive trends exceeded 90% of pixels. Block-level distributions revealed a
systematic shift towards more positive EVI TS values in OGFs. Statistical analysis revealed
significant differences between forest classes across all study sites (AEVI TS = 0.000331—
0.001577), with stronger effects in pure beech stands. Results were also consistent when analysed
at the forest-type level, where OGFs achieved higher long-term greening rates than managed sites,
especially in beech-dominated stands. Overall, these findings highlighted how OGFs tend to
exhibit more persistent greening trajectories and greater functional stability, thus underlining the
effectiveness of combining robust trend estimators with satellite-derived vegetation indices to

assess long-term ecological continuity in forest ecosystems.
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1. Introduction

Old-growth forests (OGFs) represent stable ecological ecosystems developed over long periods
with minimal human interference. Widely recognised as benchmarks for biodiversity conservation,
ecosystem functioning and carbon storage, OGFs play a crucial role in addressing environmental
and climate challenges (Luyssaert et al., 2008; Paillet et al., 2010; Burrascano et al., 2013).
Furthermore, OGFs exhibit distinctive structural attributes, including old, large trees, multilayered
canopies, and significant amounts of deadwood. These features, along with ecological continuity,
are essential for their resilience against potential stressors (Frey et al., 2016; Colangelo et al., 2021).
Therefore, to accurately assess their status, it is necessary to consider both their long-term dynamics

and their current structure.

Canopy greenness, photosynthetic activity and biomass productivity have long been monitored
using satellite-derived vegetation indices (Glenn et al., 2008; Banskota et al., 2014). In particular,
the Enhanced Vegetation Index (EVI) has proven effective in analysing forest ecosystems
characterised by high biomass and dense canopy cover. According to Zhang et al. (2022), EVI
reduces background noise and saturation effects more effectively than the Normalised Difference
Vegetation Index (NDVI). Its role in studying forest productivity, as well as phenology and

responses to climate change, is thus crucial (Spracklen & Spracklen, 2019; Pasquarella et al., 2016).

Data from various satellite archives, particularly those from the Landsat programme, provide a
valuable opportunity to study vegetation dynamics over several decades. By analysing these time
series, gradual greening and browning trends can be identified, offering insights related to land use
changes and forest status (Cohen et al., 2017; Marques et al., 2024). As demonstrated by previous
studies (Zhang, 2015; Zibri et al., 2016; Meng et al., 2019; Balata et al., 2022), the analysis of
vegetation index trends is a key method to distinguish ecosystem trajectories and their associated
fluctuations, including vegetation succession, recovery, and resilience to climate change (Zhu &
Woodcock, 2014; Kennedy et al., 2018). In this context, non-parametric estimators such as the
Theil-Sen slope (TS) and the Mann—Kendall (MK) test represent standard techniques used to
investigate long-term vegetation trends (Gutiérrez-Hernandez & Garcia, 2024). Furthermore, such
tools are also widely adopted for their resilience to outliers, non-normal data distributions, and

missing data (Sen, 1968; Eastman et al., 2013).
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As demonstrated by Cipolla & Montaldo (2022), Wang et al. (2023) and Franquesa et al. (2025),
their application in detecting monotonic vegetation trends across various natural ecosystems —
including forests, grasslands, and wetlands — emerged effective, particularly when changes were
subtle and gradual. Nevertheless, studies employing long-term trend analyses aimed at
investigating OGFs' temporal dynamics remain limited. Therefore, current studies often rely on
structural metrics from field inventories or proximal sensing, potentially overlooking the critical

dimension of ecological continuity (Hirschmug]l et al., 2023; Bruening et al., 2024).

This gap is particularly evident in Mediterranean regions, where complex land use histories and
disturbances can result in forests achieving structural maturity yet failing to attain old-growth
attributes (Burrascano et al., 2013; Sabatini et al., 2018). As Rodriguez et al. (2024) have shown,
an increased stability over time can be observed within natural or protected forests. Undisturbed
forest biomes tend to exhibit a more stable trajectory in vegetation indices when compared to

managed stands (Shestakova et al., 2022).

To address these gaps, this study introduces a novel pair-wise analytical framework that, for the
first time in a Mediterranean OGF context, combines long-term satellite-derived vegetation indices
with non-parametric trend estimators and block-bootstrap inference to enable a statistically robust
comparison of multi-decadal canopy dynamics between six designated OGFs and ecologically
comparable managed reference stands within the Pollino National Park. These analyses were
conducted using a 40-year annual maximum EVI derived from Landsat datasets. To ensure
statistical robustness, long-term vegetation trends were examined through complementary
methodologies. EVI trends were first quantified in terms of direction and magnitude by using the
TS estimator. Subsequently, their statistical significance and spatial distribution were evaluated at
the pixel level through an m-MK test accounting for temporal autocorrelation. Finally, a block-
bootstrap resampling approach was employed to rigorously assess differences in the observed EVI

trends within old-growth and managed forest pairs.

According to existing ecological theory, we hypothesise that OGFs will reveal distinct long-term
vegetation dynamics. More specifically: (1) OGFs will exhibit more stable long-term EVI
(Enhanced Vegetation Index) trajectories, showing reduced interannual variability; (2) managed
stands will exhibit more pronounced EVI variability, reflecting disturbance-recovery cycles; and

(3) these differences will vary in magnitude according to forest type.
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By testing these hypotheses, this study provides a temporal perspective that complements structural
and spatial assessments, offering a more complete picture of the functional status and conservation

value of Mediterranean old-growth ecosystems.
2. Materials and methods

2.1 Study area

Pollino National Park (Pollino NP) is the largest protected area in Italy, covering approximately
192,565 hectares across the Calabria and Basilicata regions. Characterised by considerable
biodiversity, this area is renowned for its notable altitudinal gradient as well as its complex
geomorphology. According to Piovesan et al. (2019) and Palli et al. (2023), Pollino NP is
considered a significant biogeographical transition area where the interaction between land use and
climate over time played a key role in shaping forest composition and structure (Todaro et al.,

2007; Rita et al., 2014).

Several earlier studies have also recognised the ecological importance of this protected area,
emphasising its role in safeguarding unique forest ecosystems and rare endemic species
(Burrascano et al., 2013; Rita et al., 2014; Colangelo et al., 2021). Such features make Pollino NP
a suitable case study to investigate long-term forest dynamics within an ecosystem characterised

by high ecological continuity and well-documented conservation value.

2.2 Pair-wise stand selection

Six designated OGFs were selected within the Pollino NP according to the objectives of the present
study (Fig. 3.1). These sites were all characterised by attributes typically associated with old-
growth ecosystems, including minimal human disturbance (Burrascano et al., 2013; Rita et al.,
2014; Colangelo et al., 2021), occurrence of large, old trees (Piovesan et al., 2018), large amounts
of deadwood (Burrascano et al., 2018), as well as high structural complexity. More specifically,
the selected OGFs included two main forest types. Mixed mountain forests, dominated by
European beech (Fagus sylvatica L.), turkey oak (Quercus cerris L.) and/or silver fir (Abies alba

Mill.), represented by Vaccarizzo (CA), Bosco Magnano (BM) and Cugno dell'Acero (TP).
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Figure 3.1. Study area and surveyed forest sites. Park boundaries are plotted on a digital elevation model (DEM),
highlighting the spatial distribution of the six stands designated as old-growth forests (OGFs). Red dots represent
mixed forest sites — Bosco Vaccarizzo, Bosco Magnano and Cugno dell'Acero — while green dots correspond to pure
beech forest sites — Pollinello, Grattaculo and Cozzo Ferriero.

According to Castellaneta et al. (2023), such forests are characterised by heterogeneous canopies
and uneven stand structures developed over several decades. In contrast, pure beech forests, such
as Pollinello (PO), Cozzo Ferriero (RO) and Grattaculo (VIG), were included in the second group
(Tab. 3.1). These sites commonly exhibit later successional stages, old trees and considerable

resilience to natural disturbances (Iovino et al., 2010).

In particular, the PO and RO sites were included in the European network of ancient beech forests
and are recognised by UNESCO as World Heritage Sites, providing further evidence of their

scientific and cultural value.
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Table 3.1. An overview concerning the investigated OGF sites, including site identification, forest name, forest type,
dominant tree species, elevation, and the corresponding Site of Community Importance (SCI) code.

Dominant t Elevati A
Forest name Site ID Forest type ommafl ree evation rea SCI code
species (m) (ha)
. F Ivatica L.,
Bosco Magnano BM Mixed asus syiva zc'a 850 18 179210070
Quercus cerris L.
Vacearizzo CA Mixed 1 dgussylvatica L, 950 21 19210040
Abies alba Mill.
. Abies alba Mill.,
Cugno dell’ Acero TP Mixed res ara i 1400 83 IT9210075
Fagus sylvatica L.
Grattaculo VIG Pure beech  Fagus sylvatica L. 1750 54 1133qui-082
Cozzo Ferriero RO Pure beech  Fagus sylvatica L. 1750 70 179210125
Pollinello PO Pure beech  Fagus sylvatica L. 1950 20 1133ter-045

Furthermore, following guidelines defined by the Pollino NP authorities (Tab. 3.2), six managed
reference stands (NOGF) were selected as comparative sites. Specifically, the NOGFs were chosen
based on a set of predefined criteria to ensure their ecological comparability with the OGF sites;
critical factors, such as elevation, slope and forest type, were explicitly considered.

Table 3.2. Managed stand details. Summary of the environmental and geographical properties of managed forest
stands, including the distance to their respective old-growth reference stands.

Coordinates . Dist. to
Site ID Municipality Forest  Elevation Area .\ Gr
Lat Long type (m) (ha) (km)
BM -M 40.051 16.112 S. Severino Lucano Mixed 800 33 0,9
CA-M 40.127 16.032 Carbone Mixed 1050 17 1,4
TP -M 39.966 16.221 Terranova Mixed 1450 45 0,8
VIG-M 39.933 16.125 Viggianello Pure beech 1550 75 0,6
RO-M 39915 16.103 Rotonda Pure beech 1650 107 0,5
PO-M 39919 16.180 Chiaromonte Pure beech 1700 144 2,5

2.3 Satellite time-series processing

To analyse long-term forest dynamics, a continuous time series covering 40 years (1985-2024)
was processed using Landsat surface reflectance data through the Google Earth Engine (GEE)
environment (Gorelick et al., 2017). To ensure temporal continuity and radiometric consistency

across all observations, surface reflectance products from Landsat 5 (Thematic Mapper, TM),
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Landsat 7 (Enhanced Thematic Mapper Plus, ETM+) and Landsat 8 (Operational Land Imager,
OLI) were utilised (U.S. Geological Survey, 2021).

Images were acquired during the main growing season, from April to October, and only those with
cloud cover less than 20% were retained. Radiometric calibration was then applied using official
scale factors, while clouds, cirrus and shadows were masked based on the QA PIXEL bit mask.
To mitigate any artefacts derived from the failure of Landsat 7's scan line corrector (SLC), a time-
stratified approach was adopted (Tab. 3.3). Specifically, missing data were reconstructed to
preserve temporal continuity using local spatio-temporal linear regression based on temporally
adjacent observations (Yin et al., 2017; Asare et al., 2020).

Table 3.3. Temporal distribution of satellite data sources. Summary of the Landsat satellite collections and their
respective time windows utilised to reconstruct vegetational index trajectories from 1985 to 2024.

Collection Time window
Landsat 5 TM 1985-2006; 20082011
Landsat 7 ETM+ 2007;2012-2013
Landsat 8 OLI 20142024

Forest canopy status was then estimated using the Enhanced Vegetation Index (EVI). As opposed
to the Normalised Difference Vegetation Index (NDVI), EVI mitigates the impact of background
and atmospheric noise while preserving sensitivity to high biomass and closed canopy conditions
typically observed in late-successional and old-growth ecosystems (Glenn et al., 2008; Zhang et
al., 2022). Maximum annual EVI composites were then derived to represent peak canopy greenness
and minimise residual cloud and short-term phenological variability. Long-term EVI trends at the
pixel scale were quantified using the Theil-Sen slope estimator (TS; Sen, 1968), a robust non-
parametric method commonly employed in ecological time series analysis. TS estimates temporal

trends based on the median of all pairwise slopes within the time series (Eq. 3.1).

(Equation 3.1) /= Median (

Xj-Xi
J_ til ) forall pairs (i, j)

t

Where: Xj — Xi represents the difference between the observed values at two time points; and # —

ti refers to the time difference between two observations, where # occurs after fi.
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According to median slope estimation, TS provides a robust approach, ensuring greater resilience
to outliers, non-normal data distributions and missing values. According to Gutiérrez-Herndndez
and Garcia (2024), TS can tolerate a significant proportion of biased data without affecting its
reliability or accuracy in long-term monitoring applications. Further, by focusing on monotonic
trends derived from annual maximum EVI values, TS emphasises long-term canopy changes,

reducing sensitivity to interannual variability.

Such characteristics are crucial in analysing gradual ecological processes, including forest
degradation, recovery, and long-term dynamics (Colditz et al., 2015; Mariano et al., 2018). All
trend estimates were finally spatially constrained to capture EVI trends exclusively related to forest
areas (Shimada et al., 2014) by applying the forest mask acquired from the ALOS PALSAR
Forest/Non-Forest dataset (JAXA/ALOS/PALSAR/YEARLY/FNF4).

2.4 Monotonic trend detection

To ensure a reliable interpretation of the TS results, an assessment of monotonic trend significance
was conducted. Long-term trends were then assessed using the modified Mann—Kendall (m-MK)
test, implemented in RStudio through the 'Kendall' package (McLeod, 2025). The m-MK test was
adopted for its robustness in analysing ecological time series, as outlined by Hu et al. (2020). In
contrast to the standard Mann—Kendall test (Mann, 1945; Kendall, 1948), this non-parametric
technique remains unaffected by non-normal distributions or serial correlation. Its effectiveness in
addressing these statistical challenges, as well as missing data, makes it well-suited to multi-

decadal satellite observations.

Before performing trend analysis, annual maximum EVI time series were filtered using the median
absolute deviation (MAD) procedure. According to Verbesselt et al. (2016), this process reduces
any influence from extreme values potentially associated with residual atmospheric contamination,
sensor artefacts or short-term disturbances. Subsequently, to evaluate the statistical significance of

these trends, the MK-S statistic was derived by applying Equation 3.2.

(Equation 3.2) S =Xi=1®" D Sj=i+1" sign (X - Xi)
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where Xi and Xj represent EVI observations at times 7 and j, respectively, and sign denotes the sign
function. In particular, the S statistic variance was first computed assuming stochastic
independence among observations; then, it was adjusted using the Yue and Wang (2004) correction
factor, derived from the effective sample size of the trend-free series' autocorrelation structure.
After that, corrected Z statistics and two-sided p-values were also derived to identify pixels with
statistically detectable monotonic trends. Finally, the proportion of significant monotonic trends
was quantified and expressed as a percentage within each study area, thus assessing the suitability

of stand-level TS aggregation for subsequent analysis.

2.5 Spatial aggregation and data analysis

Long-term forest dynamics, expressed as EVI TS, were extracted at the pixel level for both OGF
and NOGF, using the 'terra' package (Hijmans, 2025), available in RStudio (R 4.3.1). All extracted
values below the 1st and above the 99th percentile were subsequently excluded to ensure a more
accurate result. Then, a descriptive exploratory analysis at the pixel scale was conducted. However,
raster-derived data are not independent and cannot be used in further analysis. To address this issue

and prevent pseudo-replication, a block-wise spatial aggregation approach (Fig. 3.2) was adopted

(Tian et al., 2025).
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Figure 3.2. Block spatial aggregation applied to EVI Theil-Sen slope values within the ‘Bosco Magnano’ site.
Here, the basemap shows EVI TS values derived from the Landsat time series (1985-2024). Black polygons denote
the forest boundaries. The regular grid shows the spatial blocks of 100 x 100 m used for aggregation. Black dots

103



represent individual pixels included in the analysis, while red squares show how median EVI-TS values were computed
for each grid cell.

For each forest type, study areas were divided into a regular grid of 100 x 100 m and pixels were
allocated to their respective grid cell. Based on these grid cells, median EVI TS values were derived
for each OGF and NOGF area, providing a robust summary of local trend patterns (Hartwig et al.,
2020).

The Moran's I test (Fan & Myint, 2014; Naseri et al., 2026) was subsequently performed to assess
spatial autocorrelation across a range of spatial scales (k = 4, 8 and 12 nearest neighbours). Then,
a paired-site approach was adopted to compare forest classes according to their type. Differences
in long-term EVI trends were examined through a block bootstrap approach (Johnston & Faulkner,
2021). Within each forest class, block median EVI TS were sampled with replacement and

differences in mean EVI TS (Eq. 3.3) were estimated across 1,000 iterations.

(Equation 3.3) A = EVIogr— EVInogr

Where EViocr and EVIyocr represent the mean EVI TS median from OGFs and managed stands,

while A represents the estimated difference.

Empirical 95% confidence intervals and one- and two-sided bootstrap p-values were hence derived
from the resulting distributions, providing a non-parametric assessment of long-term variations in
forest dynamics (Zeng et al., 2023; Glowienka & Kucza, 2025). Moreover, a global comparison,
grouping forests by type, was conducted. Finally, Cliff's delta was also estimated to provide

supplementary insights and quantify the magnitude of the observed differences.
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3. Results

3.1 Spatial distribution of Long-Term EVI trends

Analysing EVI time series from Landsat data provided spatially detailed estimates of long-term
forest trends across our study areas. The robustness of the long-term trend analysis was further
supported by a dense temporal dataset comprising consistent annual observations (Appendix S2,

Fig. S3.1). As shown in Figure 3.3, EVI TS varied moderately within the study area.

Notably, positive trends emerged across a significant portion of Pollino NP; meanwhile, subtle

negative trends appeared in more isolated areas.
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Figure 3.3. Spatial distribution of long-term EVI trends within the Pollino National Park. The background map
shows Sen's slope values derived from the Enhanced Vegetation Index (EVI). Positive values (green and yellow)
represent increasing vegetation greenness over time, while negative values (blue and purple) represent decreasing
trends. Red and black points represent mixed and beech forests, respectively.

Likewise, at the stand scale, EVI TS values were generally low in all the investigated sites.
However, considerable variations in forest types as well as within classes were observed (Tab. 3.4).

More specifically, in pure beech forests, OGFs exhibited higher EVI TS values (0.001725) than
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managed stands (0.000510). Analogous trends were also observed in mixed forest stands, where
OGFs exhibited greater median EVI TS values (0.001607) when compared to managed sites
(0.000914).

Table 3.4. Descriptive statistics of Sen's slope values (1985-2024) at the pixel level (n) for mixed and pure beech

forests. Data are grouped by forest class (managed vs. OGF) and show the mean, median, standard deviation (SD),
and interquartile range (q25 and q75) of long-term canopy trajectories.

Forest type Forest class n (pixels) Mean slope Median slope SD q25 q75
Mixed Managed 1,047 0.001091 0.000914 0.001257  0.000259 0.001748
OGF 1,781 0.001768 0.001607 0.001147  0.000984  0.002382
Pure beech Managed 3,561 0.000448 0.000510 0.001216 —0.000475 0.001353
OGF 4,600 0.001789 0.001725 0.001362  0.000977  0.002599

These results, therefore, highlighted how these differences were primarily driven by shifts in
central tendency rather than dispersion. Furthermore, examining patterns in EVI directionality
(Tab. 3.5) provided additional insights. In pure beech stands, OGFs exhibited a higher proportion
of positive EVI TS values (90.9%), contrasting with the 62.6% observed in managed stands.
Similarly, in mixed forest areas, OGFs showed stronger positive trends (96.2%) than managed
stands (83.1%). Overall, these results provide a detailed and comprehensive assessment of long-
term EVI dynamics, showing mainly positive and stable trends within the OGF class across both
forest types.

Table 1.5. Proportion of the positive and negative EVI Sen Slope values in old-growth and managed forests,

stratified by forest type. Values represent the percentage of pixels exhibiting greening (positive) or browning
(negative), derived from annual maximum EVI time series (1985-2024).

Forest type Forest class Positive slopes (%) Negative slopes (%)

. Managed 83.1 16.9
Mixed
OGF 96.2 3.7
Managed 62.6 37.4
Pure beech
OGF 90.9 9.0

3.2 Pixel-wise trend significance and spatial support for stand-level analysis

The spatial distribution of statistically significant monotonic trends (p < 0.05) varied across all
study sites according to forest type and class. However, OGFs consistently exhibited a higher and
more extensive proportion of significant pixels than their NOGF counterparts (Tab. 3.6). In pure

beech stands, OGFs exhibited substantial spatial coherence.
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While PO exhibited significant trends across 73.4% of its area, RO and VIG revealed more
moderate, yet still widespread, proportions of 45.2% and 15.0%, respectively. By contrast,
managed beech forests showed lower and more heterogeneous spatial support, with significant
trends only covering 11.2% (VIG-M) to 31.6% (RO-M) of their total area. Similar patterns were
also observed in mixed forests, though with greater variability. Old-growth mixed stands showed
a high degree of spatial coherence, with significant trends at CA (99.1%) and BM (50.2%), while
TP (21.6%) showed a more localised trend. Managed mixed areas, conversely, exhibited an
expanded range. Relatively higher proportions were observed in CA-M (75.4%) and BM-M
(37.7%), while TP-M (15.1%) showed notably lower spatial support.

Table 3.2. Summary statistics of pixel-wise trend significance derived from the m-MK test applied to annual
maximum EVI time series, stratified by forest type, management class, and site. For each stand, the table includes:
total area, number of analysed pixels, proportion of pixels exhibiting statistically significant monotonic trends, as well

as the median values of both Kendall’s t and corresponding Z statistics to characterise the central tendency of trend
direction and strength.

Significant pixels Median

Forest Type Site Forest class Area (ha)  Pixels (n) (@ < 0.05) Kendall’s © Median Z
RO 98.30 1,082 45.2% 0.197 1.71
VIG OGF 54.83 605 15.0% 0.101 0.90
PO 270,63 3,007 73.4% 0.368 3.11
Pure beech
RO-M 107.45 1,194 31.6% 0.146 1.30
VIG-M Managed 75.17 833 11.2% —-0.033 -0.27
PO-M 144.73 1,608 17.5% 0.034 0.29
BM 108.24 1,204 50.2% 0.218 1.97
TP OGF 34.53 384 21.6% 0.145 1.23
. CA 20.91 231 99.1% 0.528 4.77
Mixed
BM-M 33.54 374 37.7% 0.188 1.69
TP-M Managed 45.59 504 15.1% 0.028 0.24
CA-M 17.51 191 75.4% 0.385 3.48

Overall, our findings confirm the existence of statistically significant monotonic EVI trends across
the investigated forest stands. In addition, OGF areas exhibited clear spatial coherence, in contrast

to the more fragmented and variable trends observed in managed stands.

3.3 Block-level aggregation and descriptive comparison of EVI trends

Aggregating EVI TS values at the block level substantially reduced spatial autocorrelation while
preserving consistent spatio-temporal trends in long-term forest dynamics. Moran's I coefficients,

derived using block-level median values, revealed decreasing rates as neighbourhood size

107



increased (Appendix S1, Tab. S3.1). Across all forest types, EVI TS values generally exhibited
low magnitudes and weak long-term monotonic trends (Tab. 3.7). Nevertheless, a clear and
significant distinction between forest classes emerged in both forest types.

Table 3.7. EVI Sen’s slope: block-level descriptive statistics. Block-level descriptive statistics of the median EVI
Sen's slope for OGFs and NOGFs, grouped by forest type.

Forest type Forest class No. of blocks Mean median slope Median slope SD

Mixed Managed 127 0.001125 0.000939 0.001202
ixe
OGF 199 0.001821 0.001582 0.001094
Managed 380 0.000462 0.000515 0.001101
Pure beech
OGF 533 0.001771 0.001712 0.001268

OGFs in pure beech stands exhibited higher median EVI trends (Appendix S2, Fig. S3.4).
Likewise, in mixed forest ecosystems, OGFs had higher median block-level values compared to
managed reference sites. Additionally, EVI TS density distributions showed a systematic shift
towards higher, more positive values within OGFs for both forest types (Fig. 3.4). These findings

emphasise the significant differences between OGFs and managed stands, mainly characterised by

changes in central tendency.
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Figure 3.4. Kernel density distributions of block-level median EVI Sen’s slope for mixed forests and pure beech

forests. Density curves compare OGF and managed stands, highlighting differences in the magnitude and distribution

of long-term forest trends.
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3.4 Bootstrap inference and magnitude of inter-class differences

Block bootstrap analysis also produced significant findings, revealing higher median EVI TS

values across all investigated OGFs (Fig. 3.5). While these differences were consistent in direction,

their magnitude varied significantly, suggesting substantial heterogeneity in long-term forest

dynamics at the stand level.
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Figure 3.5. Bootstrap distributions of differences in mean EVI TS values between OGF and NOGF, for mixed
forests and pure beech forests. The distributions were based on 1,000 bootstrap iterations using block medians EVI
TS. The dashed lines mark the observed difference between the OGF and NOGF, while the shaded areas represent the
95% confidence interval.

However, within mixed forest stands, class differences were relatively moderate, especially at the

BM site. Simultaneously, increasingly significant differences emerged in TP and CA, as reflected

by their larger effect sizes (Tab. 3.8).

Table 3.8. Results from block bootstrap analyses. Reported values represent the difference in mean block-level
median EVI Sen’s slope (OGF-NOGF), with 95% bootstrap confidence intervals. Effect size is expressed as Cliff’s 9.

Site ID  Forest type :3(1;21;; (1131132(1:) A E:g::“’s 95% CI p (two-sided)  Cliff’s 5
BM Mixed 125 ) 0.000331  0.000103-0.000530 0.002 0.31
TP Mixed 44 57 0.000913  0.000702-0.001113 <0.001 0.77
CA Mixed 30 28 0.001001  0.000492-0.001513 <0.001 0.54
RO  Purebeech 123 128 0.000668  0.000302-0.000999 <0.001 0.26
VIG  Purebeech 76 90 0.001168  0.000864-0.001461 <0.001 0.60
PO  Purebeech 334 162 0.001577  0.001382-0.001786 <0.001 0.69
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Clear differences were, however, consistently detected between pure beech forest classes. All
beech sites revealed a clear distinction between OGFs and managed stands, as evidenced by limited
overlap in their bootstrap confidence intervals. PO showed the most pronounced contrast,
highlighting significant variations in its long-term canopy dynamics. Such findings were further
reinforced through global block bootstrap analyses conducted at the forest type level (Tab. 3.9).
By aggregating block-level medians according to forest type and class, greater long-term EVI
trends were still evident among OGF sites, especially in pure beech stands.

Table 3.9. Results from global block bootstrap analyses conducted within each forest type. Results are based on
block-level median EVI Sen’s slope values aggregated across all study sites within each forest type. Reported values

represent the difference in mean block medians (OGF-NOGF), with 95% bootstrap confidence intervals and associated
effect sizes (Cliff’s 9).

Blocks Blocks A EVI Sen’s

o . .

Forest type (OGF) (NOGF) slope 95% CI p (two-sided) Cliff’s o
Mixed forests 199 127 0.000696 0.000448-0.000963 <0.001 0.37
Pure beech forests 533 380 0.001308 0.001155-0.001456 <0.001 0.57

4. Discussion

This study successfully employed Theil-Sen slope (TS) estimators and block bootstrap techniques
to analyse long-term forest trends within OGFs and managed reference stands (NOGFs). This
approach was crucial in capturing robust long-term trends from satellite data, given its resilience
to outliers, non-normal data distributions, and missing data, all of which are common in multi-
decadal time series (Zhu & Woodcock, 2014; Gutiérrez-Hernandez & Garcia, 2024). Block
bootstrapping also addressed spatial autocorrelation and data dependency, thereby enhancing the
reliability and robustness of the comparison between OGFs and NOGFs. Moran's I coefficients,
ranging from 0.2 to 0.8 depending on forest type and spatial scale adopted, revealed moderate to

strong spatial autocorrelation.

While these results generally hold statistical significance, their inclusion remains acceptable
considering the natural spatial dependencies occurring in forest ecosystems (Dormann et al., 2007).
Furthermore, adopting the block-level aggregation approach mitigated pseudo-replication,
improving the ecological relevance of our analysis (Fan & Myint, 2014; Shi et al., 2022). Although
spatial and temporal data dependencies posed challenges, this methodological approach ensured

reliable comparisons in long-term forest dynamics.
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4.1 Monotonic canopy trends and their spatial distribution

The modified Mann-Kendall (m-MK) test revealed fundamental differences in the spatial dynamics
of long-term trends in both forest types (Appendix S2 and Figures S3.2-S3.3). Statistically
significant monotonic trends were consistently observed across large areas of old-growth forest
(OGF) stands. Such evidence could suggest that detected long-term trends represent a process
occurring at the stand scale rather than a series of localised, independent signals. By contrast,
managed forests exhibited more fragmented patterns, indicating that long-term temporal signals

could be locally interrupted or spatially heterogeneous.

Our findings revealed a potential link between the observed spatial patterns and various ecological
factors, including forest successional stages, structural stability and reduced human interference,
all of which are typical in old-growth ecosystems. Mature, multi-layered canopies are indeed
renowned for their buffering capacity against short-term climatic fluctuations and local
disturbances, which promote temporally consistent productivity signals (Musavi et al., 2017;
Anderegg et al., 2020). Conversely, silvicultural practices such as selective harvesting and thinning
can introduce irregularities in the canopy response, which may impact continuous monotonic trends

(Senf et al., 2018; Pugh et al., 2019).

In this context, several methodological considerations should be acknowledged. Firstly, the m-MK
test was specifically developed to detect monotonic trends. However, its ability to capture complex
vegetation dynamics is limited when trend reversals occur during the study period. For instance,
when a pixel shifts from initial greening to browning (or vice versa), the S statistic could potentially
approach zero, resulting in a misclassification as stable or non-significant processes (Jones et al.,
2022). Secondly, although temporal autocorrelation was corrected, residual spatial dependencies

could still influence local patterns, particularly in dense canopies (Wilks, 2016).

Therefore, the absence of statistical significance at a specific location does not necessarily imply
stasis; such non-significant pixels may, in fact, still contribute to the ecosystem's functioning
through compensatory processes (Wu et al., 2020). Consequently, reported proportions should be
interpreted as a measure of consistent, unidirectional change, rather than as a comprehensive index

representing all temporal EVI variations.
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For these reasons, our analytical framework interpreted pixel-wise significance as a reliable
indicator of spatial patterns and not as an absolute measure of spatial change. These hypotheses
were also supported by the large number of significant trends identified across all investigated sites,

thereby justifying the aggregation of TS values at the stand scale.

4.2 Forest structure, species traits, and long-term EVI trajectories

As hypothesised, our study revealed significant differences in long-term EVI trends between OGFs
and their paired NOGFs. According to Zhang et al. (2022) and Hirschmugl et al. (2023), OGFs are
expected to exhibit more stable greening trajectories due to their high structural complexity,
biodiversity, and ecological continuity. Consistent trends observed across all OGFs, particularly in
pure beech stands, may therefore imply that increased structural complexity enhances resilience to
climatic stressors by establishing more stable microclimatic conditions. By contrast, managed
forests (NOGFs) exhibited more variable EVI trends, presumably due to past and/or recent human-

induced disturbances (Spracklen & Spracklen, 2019; Rodriguez et al., 2024).

The results highlight the importance of shade-tolerant, late-successional species in sustaining stable
canopies (Piovesan et al., 2005; Leuschner & Ellenberg, 2017). Specifically, European beech trees
contribute to long-term stability by establishing a resilient forest structure that persists despite
climate change and historical land-use practices (Fuchs et al., 2024). Conversely, mixed forests,
characterised by increased biodiversity, showed weaker distinctions between OGFs and NOGFs.
According to Zhang (2015) and Versace et al. (2021), species with contrasting ecological
requirements, such as turkey oak and silver fir, may introduce greater variability in canopy structure

and phenology, potentially influencing TS EVI trajectories.

4.3 Old-growth forests as functional benchmarks of ecosystem stability

The observed differences in EVI trends provided a clear distinction between old-growth and
managed stands, mirroring wider ecological patterns related to forest structure and dynamic
processes. Defined by their high structural complexity, multi-age cohorts, and irregular canopy
gaps, OGFs can sustain stable productivity and functionality over time (Ehbrecht et al., 2021). The
observed differences in EVI trends provided a clear distinction between old-growth and managed

stands, mirroring wider ecological patterns related to forest structure and dynamic processes.
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Defined by their high structural complexity, multi-age cohorts, and irregular canopy gaps, OGFs
can sustain stable productivity and functionality over time (Ehbrecht et al., 2021). Such features
also enhance their resilience to environmental stressors, including climate change and extreme
weather events (Barredo et al., 2023; Adhikari et al., 2025), especially in the Mediterranean basin
(Colangelo et al., 2021; Solano et al., 2025). In addition, OGFs provide essential ecosystem
services such as carbon storage, biodiversity protection, and habitat provision, which are reinforced
by their intricate structure and ecological continuity (Luyssaert et al., 2008; Besnard et al., 2025;

Seidel & Boettger, 2023).

This distinct divergence highlighted the indispensable role of OGFs as ecological baselines.
Functioning as near-natural reference systems, these forests provide a unique opportunity to
examine the effects of climate-driven stressors while excluding the impacts of historical forest
management practices. Understanding these primary ecosystems is crucial not only to recognise
their intrinsic adaptive abilities, but also to model forest resilience under diverse future climate

scenarios (Maes et al., 2020).

Furthermore, according to DellaSala et al. (2022), our findings support the hypothesis that OGFs
provide more stable and sustained ecosystem services, reflecting their complexity, biodiversity,
and undisturbed successional dynamics. Overall, our research emphasises an urgent need towards
forest management and restoration strategies which closely mimic natural processes, aiming to

enhance their stability and resilience (Messier et al., 2019; Larsen et al., 2022).

5. Conclusions

This research provides empirical evidence of distinct multi-decadal trajectories in canopy
dynamics, distinguishing old-growth forests (OGFs) from managed counterparts. Longitudinal
analysis of a 40-year Enhanced Vegetation Index (EVI) time series revealed sustained, statistically
significant greening trends in OGFs, particularly within beech-dominated sites. This observed
spectral stability supports the hypothesis that OGFs maintain superior ecological resilience and

biomass accumulation rates over secular timescales (Markuljakova et al., 2025).

The robustness of these findings was also underscored by a high degree of spatial consistency; the
prevalence of significant monotonic trends across extensive areas validates the reliability of

aggregated EVI values at the stand scale.
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This cross-scale stability was most pronounced in pure beech forests, where late-successional
structural attributes and species composition appear to govern long-term canopy dynamics
(Govedar et al., 2024). By maintaining a consistent spectral signature, these patterns highlight

OGFs' ability to preserve ecological continuity (Lindner et al., 2010).

In contrast, managed stands exhibited weaker, more variable, and fragmented trend patterns. While
OGF stability aligns with the intricate structural complexity and negligible disturbance rates typical
of primary ecosystems (Barbati et al., 2012), the reduced spatial coherence in managed stands
reveals disjointed canopy dynamics. This heterogeneity likely arises from past silvicultural
interventions. In particular, the occurrence of these fragmented signatures after accounting for
spatial autocorrelation further confirmed them as genuine ecological consequences of forest
management, representing a landscape-scale divergence from the integrated trajectories observed

in OGFs.

From a methodological perspective, this study successfully integrates Theil-Sen (TS) estimates
and the block bootstrap resampling technique to effectively analyse high-density satellite time
series. By addressing critical challenges such as spatial autocorrelation, non-normality, and
pseudo-replication, this framework enables the identification of fine-scale functional dynamics.
Rather than merely filtering data, the modified Mann—Kendall (m-MK) test validated the spatial

consistency of trends, providing a robust empirical basis for stand-level data aggregation.

These findings suggest that canopy greenness stability can serve as a proxy for ecological integrity
and resilience, offering a replicable, spatially explicit metric for identifying high-conservation-

value forests (Muise, 2025).

Nonetheless, some limitations should be acknowledged. The present study was conducted across
six OGF sites within Pollino National Park, paired with six ecologically comparable managed
reference stands. Despite the apparent limitation in sample size, establishing paired OGF and
managed stands sharing analogous species composition and bioclimatic context within a single
protected area represents a considerable ecological constraint — especially in Pollino National
Park, where steep altitudinal gradients, contrasting exposures, as well as the shift between
temperate and Mediterranean climate regimes result in highly heterogeneous scenarios across small

distances.
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Furthermore, while EVI effectively captures canopy photosynthetic activity, it does not directly
reflect sub-canopy processes or forest structural complexity below the dominant layer (Fassnacht
et al., 2024). Finally, although the m-MK test reliably detects monotonic trends, it may be
insensitive to non-linear or threshold-driven dynamics, resulting in an incomplete representation

of ecological processes.

To bridge the gap between spectral stability and three-dimensional architecture, future research
should integrate long-term vegetation trends with LiDAR-derived structural metrics. Incorporating
high-resolution climatic variables would further elucidate the synergistic effects of climate change
and management on forest ecosystem health. Overall, this study highlights the importance of
combining multi-decadal remote sensing data with robust statistical modelling to understand
functional differences between natural and managed systems, providing a transferable framework

to monitor these critical ecosystems.
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Appendices — Chapter 3

Appendix S1. Supplementary Tables

Table S3.1. Block-level spatial autocorrelation (Moran’s I) of EVI Sen’s slope for mixed and pure beech forests.

Forest type  Forest class No. of blocks (n.neigI;bours) Moran’sI Expected I p-value
Managed 127 4 0.803 —0.00794 <0.001
OGF 199 4 0.751 —0.00505 <0.001
Mixed forests Managed 127 8 0.773 —0.00794 <0.001
OGF 199 8 0.744 —0.00505 <0.001
Managed 127 12 0.709 —0.00794 <0.001
OGF 199 12 0.725 —0.00505 <0.001
Managed 380 4 0.632 —0.00264 <0.001
OGF 533 4 0.640 —0.00188 <0.001
Managed 380 8 0.560 —0.00264 <0.001
Beech forest
OGF 533 8 0.569 —0.00188 <0.001
Managed 380 12 0.520 —0.00264 <0.001
OGF 533 12 0.509 —0.00188 <0.001
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Appendix S2. Supplementary Figures
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Figure S3.1. Temporal distribution of Landsat observations used for the analysis. Horizontal bars represent the
number of cloud-free scenes available for each year after filtering by growing season (April-October) and cloud cover
(<20%). The vertical reference lines indicate key thresholds in annual data availability. Variability among years reflects
differences in sensor availability, mission continuity, and data gaps.
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VIG-OGF

Figure S3.2. Spatial distribution of statistically significant monotonic EVI trends (p < 0.05) within pure beech
forest stands. In the upper row are shown OGFs: PO, RO, and VIG; while, in the lower row, their corresponding
NOGTF reference sites: PO-M, RO-M, and VIG-M. Coloured pixels represent areas with a significant long-term trend.

CA-OGF

CA-M

Figura 3.3. Spatial distribution of statistically significant monotonic EVI trends (p < 0.05) within mixed forest
sites. The upper row comprises OGF sites, such as CA, BM, and TP. By contrast, their paired NOGF reference areas
are in the lower row: CA-M, BM-M, TP-M. Coloured pixels denote areas where a monotonic long-term trend was
identified.
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Figure S3.4. Boxplots of block-level median EVI Theil-Sen slopes for managed and old-growth sites, stratified by
forest type (pure beech and mixed forests).
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Global discussion

From structural indicators to functional continuity

This thesis effectively showed that the old-growth forests (OGFs) located within Pollino National
Park are not simply a 'collection of old trees', but rather complex systems characterised by
multifaceted dimensions related to their 'old-growthness' degree. Chapter 1 presented findings from
the Structural Heterogeneity Index (SHI), which provided an ecological baseline revealing how
structural heterogeneity contributes to vascular plant species richness, even when topographic
factors are included. Although topography established a physical context, the unconstrained inertia
of 81.21% identified by our models suggested that the essential nature of Mediterranean OGFs was
defined by fine-scale biotic processes and historical factors. Furthermore, this substantial
variability further emphasised that OGFs evolve through long-term ecological processes, including
stochastic gap dynamics and natural senescence, which cannot be fully captured by abiotic

variables alone.

Exploring structural heterogeneity within designed old-growth boundaries

As depicted in Chapter 2, moving from plot-level data to site-scale mapping effectively proved
how remote sensing technologies have evolved from merely descriptive tools to highly effective
predictive ones. By using Random Forest classifiers, our research established LiDAR-derived

metrics as the most significant predictors for identifying structural heterogeneity.

In addition, the considerable spatial autocorrelation observed in our analyses should not be
considered as a statistical constraint, but instead as a signature of forest coherence and integrity.
Spatiotemporal dependency could be, in fact, a natural consequence of the biophysical similarity
and shared ecological processes which govern forest development. By accounting for these
dependencies through spatial thinning techniques, this approach provided a robust, transferable
framework that could be used to identify forest patches presenting high conservation value.
Notably, its application could effectively bridge current gaps between scientific research and

regional management strategies, particularly in the Mediterranean basin.
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Functional stability and the principle of continuity

The 40-year time-series analysis, detailed in Chapter 3, conclusively supported the OGF’s
functional concept. However, by comparing EVI trajectories, our study progressed beyond
conventional static approaches, revealing dynamic ecological patterns within the investigated
areas. A key finding from this study revealed that OGFs, particularly in pure beech stands,

exhibited higher and more stable greenness trends compared to managed stands.

These stable trends should not be interpreted as a lack of dynamic change, but rather as an effective
buffering mechanism that ensures their resilience. As discussed previously, their structural
complexity, including features such as deadwood, multi-layered canopies and gap mosaics, confers
microclimatic and metabolic stability. By contrast, fragmented and variable trends observed in
managed forests highlighted how silvicultural practices, even when aimed at promoting

sustainability, can potentially influence long-term forest dynamics and functionality.

Implications for conservation and monitoring efforts

This thesis presents an integrated framework promoting an essential transition towards a new set
of conservation priorities. Historically, conventional protection strategies have employed age-
based thresholds as a metric, but frequently these fail to accurately reflect the true ecological value
of these forests. However, according to this study, we should focus on preserving their structural

and functional integrity, emphasising their key role.

In this context, Pollino National Park (Pollino NP) represents a pivotal case study for these
methodological advancements. By synthesising the Structural Heterogeneity Index (SHI) to assess
forest structure at a fine scale and using predictive random forest models (RF) to evaluate forest
heterogeneity within designated old-growth forests (OGFs), as well as employing multi-decadal
satellite monitoring, this thesis offered a reliable and scalable approach to future research. Even
though the SHI focuses on physical heterogeneity, it plays a pivotal role in biological richness, as
demonstrated by a large body of existing literature: increased structural complexity leads to the
creation and maintenance of diverse habitats, which support higher biodiversity rates.
Consequently, our multifaceted approach is closely aligned with the EU Biodiversity Strategy for
2030, which advocates the strict protection of all remaining primary and old-growth forests across

European territories.
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Furthermore, OGFs should not be regarded as mere relics of the past or as unchanging natural
entities, but rather as crucial functional benchmarks. Indeed, these unique ecosystems provide a
vital reference for understanding how forests can effectively mitigate climate change, offering
valuable insights to inform future policy decisions. By adopting the proposed monitoring
framework, local authorities would be able to shift from a traditional 'reactive protection' approach
to a new, proactive, evidence-based conservation strategy, aimed at safeguarding complex

structures and their associated ecological processes.
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General conclusions

Scientific Contributions

The present thesis further contributes to the scientific knowledge of old-growth forest ecosystems
by proposing an integrated, field-to-satellite approach that combines structural indices, multi-
source remote sensing, and long-term temporal analysis to characterise old-growthness across three
distinct dimensions: structural, spatial, and functional. By combining forest structure data,
advanced remote sensing techniques and multi-decadal satellite time series analysis, the study
provides a robust quantitative approach to assessing old-growth ecosystems located within areas
shaped by past human activity - closing a significant knowledge gap by decoupling natural
successional trajectories from human-induced disturbances. Employing this framework in
designated OGFs within the Pollino National Park not only yielded methodological insights but

also provided ecologically relevant regional findings.

Another significant contribution of this work concerned the application of the Structural
Heterogeneity Index (SHI) as a synthetic descriptor to represent forest structural complexity. SHI
proved to be an effective tool, capturing differences among old-growth stands in terms of tree size
distribution, vertical stratification, and deadwood attributes. Notably, the significant proportion of
unexplained structural variability across sites emphasised an important aspect: OGFs are not solely
driven by broad abiotic factors, but rather result from the interaction between long-term stand

development, disturbance history, and local ecological processes.

The spatial modelling approach developed demonstrates how forest structural heterogeneity could
be effectively mapped within designated OGF areas by integrating LiDAR-derived metrics,
multispectral vegetation indices, long-term trends, and socio-ecological predictors. Among these,
canopy height metrics were particularly informative, thus confirming the pivotal role of vertical

structural complexity in defining a potential old-growthness gradient.

Integrating multi-season optical metrics enhanced model performance by capturing phenological
variability, which cannot be detected through single-date imagery. Crucially, adding long-term
trend metrics enabled us to connect current structural heterogeneity to multi-decadal canopy

trajectories, introducing a temporal dimension.
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Low Sen's slope values also suggested a sustained canopy stability across all the examined stands,
in contrast with the rapid recovery expected after recent disturbance events. This temporal
perspective is particularly important in the Mediterranean context, where secondary forests often
mimic the height profiles and canopy closure of mature stands, which can potentially lead to
misidentification of successional recovery as old-growth status. Adopting multiple-decade
temporal analysis, this study overcomes the limitations posed by static structural data to evaluate

long-term ecological continuity.

Anthropogenic pressure, defined by the Global Human Modification Index, also emerged as a
significant predictor, highlighting how the cumulative impact from past activities may continue to
affect forest structure, even within protected areas. Alongside topographic variables, such findings
confirm that old-growth attributes are inherently linked to broader socio-ecological and

environmental factors.

Spatial dependency and biophysical similarity

The pronounced spatial dependency identified within the investigated areas should not be
interpreted as a statistical artefact, but rather as an inherent signature of ecosystem coherence.
Adjacent forest patches sharing analogous structural attributes — shaped by common processes
including tree senescence, canopy gap dynamics, and natural regeneration — reflect the
biophysical continuity that characterises intact old-growth landscapes. This finding lends further
support to a broader ecological principle: OGFs should be regarded not as isolated entities, but as
spatially interconnected systems, where structural complexity propagates across the landscape,

thereby ensuring functional integrity at scales exceeding the individual plot.

Implications for conservation and monitoring efforts

Overall, our findings advocate shifting from static, label-based OGFs' definitions towards a
dynamic, evidence-based framework. This approach emphasises structural complexity and long-
term functional stability beyond simply focusing on the trees' age. Although age remains a crucial
parameter, it does not accurately reflect 'old-growthness'. In fact, two stands with the same age
could differ greatly in terms of their conservation value, due to their distinct disturbance histories

and ecological trajectories.
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Consequently, focusing on forest ecosystem dynamics would enable the accurate identification and
protection of areas exhibiting the greatest resilience and biodiversity value — aligning with the
objectives outlined in the EU Biodiversity Strategy for 2030 and supporting the implementation of
targeted conservation and management strategies. Accordingly, this framework can be summarised
as follows: structural complexity, as quantified by the SHI, should not be considered a static
descriptor of forest status, but rather a proxy for the ecological processes — such as gap dynamics,
deadwood accumulation, and multi-cohort regeneration — which sustain long-term functional
stability. As established in Chapter 1, structural heterogeneity exerts a greater influence on floristic
diversity compared to topographic factors. Building on this, Chapter 2 showed how this spatial
heterogeneity can be mapped at a fine scale using multi-source remote sensing data. Chapter 3 then
revealed that structurally complex stands generally exhibit more stable long-term canopy
trajectories than managed forests. Collectively, these three insights underscore a pivotal principle:
within Mediterranean old-growth ecosystems, increased structural complexity yields enhanced

functional resilience.

Potential future research opportunities

Several promising avenues for future research are opened by the framework presented in this thesis.
Notably, it provides a robust basis to integrate forest structural heterogeneity and biodiversity
patterns explicitly. Establishing a connection between SHI-based structural assessments and multi-
taxon biodiversity data, particularly concerning saproxylic organisms, should be one of the main
objectives. Such organisms are, in fact, closely linked to specific forest structural attributes,
including deadwood volume, decay stage, canopy stratification diversity, and gap dynamics —
making them valuable indicators for old-growth conditions. Additionally, combining SHI with
flora surveys would enable a more comprehensive understanding of how structural complexity
supports plant species assemblages, thereby reinforcing its role as a proxy to assess potential

biodiversity.

Future research should move towards mechanistic modelling to quantify how structural complexity
supports OGFs' function in acting as thermal refugia under extreme climate events. The integration
of ecohydrological variables with resilience metrics, such as recovery rates, will enable us to

predict more accurately how these ecosystems will evolve in response to future climate conditions.
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Lastly, ongoing technological progress provides clear opportunities to refine and expand our
framework. For instance, conducting repeated LiDAR acquisitions could offer a direct method to

estimate forest structural change over time.

Furthermore, the use of terrestrial laser scanning could provide additional valuable insights,
capturing details which are not currently detected by airborne sensors. At broader spatial scales,
combining spaceborne LiDAR missions -such as GEDI - would greatly improve our ability to
assess structural heterogeneity at regional or continental scales. In conclusion, this thesis provides
a comprehensive characterisation, mapping, and monitoring framework for old-growth forest

ecosystems, integrating rigorous scientific principles with operational scalability.

The integration of structural indices, remote sensing technologies and long-term temporal analysis
offers a novel perspective from which 'old-growthness' may be assessed — not as a static attribute,
but as a dynamic ecological property driven by historical, structural, and functional factors. These
insights represent a considerable advancement in the scientific and operational ability to detect,
protect, and understand old-growth ecosystems — among the most ecologically valuable and

threatened forest systems in the Mediterranean region.
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