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Growth Potential of the Mathislewald under Climate Change
Nyi Thuta, Range Officer

Forest Department

Abstract

Forests of Central Europe are undergoing rapid transformation under climate change,
with altered growth patterns, shifting species composition, and increasing disturbance risks.
This thesis investigates the growth potential of the Mathislewald forest, a montane mixed forest
in the southern Black Forest of Germany, using the individual-based and process-oriented
forest model iLand. The study focuses on a 1.69 ha research plot initialized with two high-
resolution datasets: (i) a terrestrial laser scanning (TLS)-derived remote sensing (RS)
inventory, and (ii) a complementary ground-truth (GT) field inventory. These were combined
with site-specific soil properties, snag pools, and dynamically downscaled climate projections
for RCP2.6, RCP4.5, and RCP8.5 for the period 2025-2100. One hundred replicates per
scenario were conducted to quantify variability in growth, productivity, structural development,
species dynamics, and mortality. Results show that climate forcing is the primary driver of
forest trajectories. Under RCP4.5, moderate warming and CO. fertilization stimulated
productivity and growth increments, while RCP8.5 produced strong early gains but led to
summer stress, reduced vitality, and suppressed increments later in the century. Structural
stocks such as basal area, biomass, and stem volume increased across all scenarios but
plateaued earlier under RCP8.5. Species composition shifted consistently, with Picea abies
declining and Fagus sylvatica and Abies alba gaining dominance. Diversity increased modestly
under moderate scenarios, but RCP8.5 produced unstable dynamics and higher mortality.
Seasonal analyses further highlighted spring productivity gains offset by summer collapse
under strong forcing. RS initialization generated denser stands with smaller trees, whereas GT
initialization produced taller but less crowded canopies. Despite these differences, both
approaches converged on similar directional responses, confirming the reliability of TLS-
derived inventories for process-based modeling. Overall, the results illustrate both risks and
opportunities for Central European montane forests. Under moderate scenarios, productivity
and resilience can be maintained through adaptive management that promotes structural
diversity and drought-tolerant species. Under high-emission trajectories, however, forests risk
entering fragile states with declining vitality and unstable carbon dynamics. By bridging remote
sensing and process-based modeling, this thesis provides methodological advances and
practical guidance for developing climate-adaptive forest management strategies.

Keywords:  Climate change impacts, forest growth modeling, iLand, remote sensing (TLS),
species dynamics and productivity.
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Growth potential of the Mathislewald under climate change

1 Introduction

1.1 Background

Forests are critical components of the Earth system, providing essential ecosystem
services including carbon storage, water regulation, soil stabilization, and biodiversity support
(Bonan 2008; Pan et al. 2011; Global Forest Resources Assessment 2020). Globally, forests
remove approximately 3.2 gigatonnes of carbon (~11.7 GtCO:) annually and cover about 31%
of the Earth’s land surface, supporting more than 80% of terrestrial species (Le Quéré et al.
2018; Global Forest Resources Assessment 2020). Beyond carbon sequestration, forests
regulate climate through biophysical feedbacks such as albedo modification and
evapotranspiration, influencing regional and global climate systems (Anderson et al. 2011;
Bonan 2008).

In Europe, forests hold strong socio-economic and cultural significance (Spiecker
2003), yet they are increasingly affected by anthropogenic climate change. Rising
temperatures, altered precipitation patterns, and more frequent extreme events—including
droughts, heatwaves, and storms—are driving shifts in species composition, productivity,
phenology, and disturbance regimes (Allen et al. 2010; Seidl et al. 2014; Intergovernmental
Panel On Climate Change (IPCC) 2023). These impacts are particularly pronounced in
managed forests where species selection may not align with emerging climatic conditions
(Brang et al. 2014).

Monospecific stands dominated by Picea abies are especially vulnerable, raising
concerns about long-term resilience (Seidl et al. 2017). Species differ in their physiological
responses to climatic stress, and future conditions are expected to favor more drought-tolerant
taxa while reducing the competitiveness of traditionally dominant species such as Picea abies,
Fagus sylvatica, and Pinus sylvestris (Hanewinkel et al. 2012; Hlasny et al. 2014).

The Mathislewald forest in the southern Black Forest, Germany, provides a
representative case for assessing climate change impacts on montane mixed forests. A 1.69 ha
research plot was initialized using high-resolution terrestrial laser scanning (TLS) data and a
complementary ground-truth inventory, enabling precise application of the iLand model. By
integrating tree-level inventory data with site-specific soil and climate inputs, this study
projects future trajectories of growth, biomass accumulation, and species composition under
alternative climate scenarios. Although plot-specific, the results offer broader insights into the
dynamics and adaptation potential of Central European montane forests under climate change.

1.2 Research Problem

The increasing frequency and intensity of climate-related disturbances, including
drought-induced dieback, bark beetle outbreaks, and windthrow, have exposed the
vulnerability of many European forests (Senf and Seidl 2020; Hartmann et al. 2018). In Central
Europe, these interacting stressors threaten forest structure and ecological functioning (Seidl et
al. 2017; Ehbrecht et al. 2021). Prolonged droughts have caused widespread mortality in
sensitive species such as Picea abies, raising concerns about the long-term viability of
dominant tree species under changing climatic conditions (Allen et al. 2010; Pretzsch et al.
2018).Modeling has become an essential tool for projecting forest dynamics and informing
management decisions. However, many empirical or statistical models rely on relationships
that may not remain valid under novel climate regimes (Morin et al. 2018) and often fail to
capture emergent processes, species interactions, and ecological feedbacks (Bugmann et al.
2019).

Process-based forest landscape models, such as ilLand (individual-based forest
landscape and disturbance model), simulate physiological and ecological mechanisms



underlying tree growth, mortality, and regeneration, making them suitable for long-term
scenario analysis (Seidl et al. 2012; Thom et al. 2019; Morales et al. 2007). Despite their
advantages, these models require detailed initialization data on forest structure and site
conditions, which can limit their broader application (Seidl et al. 2012; Bychkov and Popova
2023).Recent advances in remote sensing, particularly terrestrial laser scanning (TLS), provide
high-resolution, spatially explicit tree-level information that can support process-based model
initialization (Liang et al. 2016; Calders et al. 2020). TLS-derived inventories align well with
the input requirements of individual-based models such as iLand (Seidl et al. 2012). In this
context, the present study integrates TLS-based remote sensing (RS) and ground-truth (GT)
inventory data to simulate forest development in the Mathislewald under RCP2.6, RCP4.5, and
RCP8.5 scenarios from 2025-2100 (IPCC 2014).

2 Objectives

This study aims to assess the growth potential, structural development, and species
dynamics of the Mathislewald forest under projected climate conditions using the iLand model.
In doing so, it integrates remote sensing (RS)-based forest inventory data with process-based
ecological modeling. In this thesis, the RS dataset refers specifically to terrestrial laser scanning
(TLS)-derived individual tree data, which is complemented by a ground-truth (GT) field
inventory. The specific objectives are —

1. To initialize the iLand model for a 1.69 ha research plot in the Mathislewald using RS
(TLS)-derived individual tree data, a complementary GT inventory, and site-specific
environmental inputs such as soil, climate, and topography.

2. To simulate forest development trajectories from 2025 to 2100 under three
Representative Concentration Pathways (RCP2.6, RCP4.5, RCP8.5).

3. To quantify temporal changes in forest productivity and structural indicators, including
increments, net primary productivity (NPP), total biomass, basal area, and leaf area
index (LAI).

4. To assess shifts in species composition, dominance, and diversity under alternative
climate scenarios, with an emphasis on identifying potentially vulnerable and resilient
species.

5. To compare outcomes between RS and GT initialization and discuss their implications
for scenario interpretation and adaptive forest management.

3. Methods and Manuscript setup

3.1 Study Area

The study was conducted in the Mathislewald forest in the Southern Black Forest,
Baden-Wiirttemberg, Germany (431902 E, 5303900 N; ETRS89 / UTM Zone 32N). The region
is classified as temperate oceanic (Ctb) under the topography-corrected Koppen—Geiger system
(Beck et al. 2018).
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Figure 1 Location of the study area. (A) Detailed view of the Mathislewald forest with the study plot outlined in red. (B)
The Mathislewald forest (red dot) within Baden-Wiirttemberg, Germany.

Elevation ranges from approximately 900 to 1,100 m a.s.l., corresponding to the
montane vegetation belt of Central Europe (Leuschner and Ellenberg 2017). The site’s
elevation and mixed conifer—broadleaf composition make it suitable for studying climate—
growth relationships in Central European mixed forests (Bolte et al. 2009; Schuldt et al. 2020).
The climate is characterized by cool summers, persistent winter snow cover, and high
precipitation, supporting stands dominated by Fagus sylvatica, Abies alba, and Picea abies
(Leuschner and Ellenberg 2017).

Long-term records from the Feldberg/Schwarzwald station (1,493 m a.s.l.) indicate a
mean annual temperature of 3.9 °C and mean annual precipitation of 1,642 mm (DWD 2025).
These cool and humid conditions favor high biomass accumulation and shade-tolerant, late-
successional species (Leuschner and Ellenberg 2017).

Soils are mainly dystric cambisols and podzols developed over granitic and gneissic
bedrock (Prietzel 2001). They are acidic, nutrient-poor, and moderately deep, with low base
saturation despite partial recovery in recent decades (Prietzel et al. 2016; Meesenburg et al.
2019). Mineral weathering and mycorrhizal activity partly compensate for nutrient limitations
(Heisner et al. 2004). These edaphic conditions favor stress-tolerant montane species such as
Fagus sylvatica, Abies alba, and Picea abies (Leuschner and Ellenberg 2017).

3.2 Climate Data and Processing

Climate forcing for the iLand simulations was derived from dynamically downscaled
datasets (1951-2100) based on the ICHEC-EC-EARTH global climate model under RCP2.6,
RCP4.5, and RCP8.5 (Moss et al. 2010; van Vuuren et al. 2011). Regionalisation was
performed using the CLMcom-CCLM4-8-17 model within the EURO-CORDEX framework
(Jacob et al. 2014; Kotlarski et al. 2014).

To account for local topographic effects, datasets were corrected using lapse-rate-based
elevation adjustments and climate cluster assignment following Dollinger et al. (2025). Daily
lapse rates were applied with a high-resolution DEM to adjust grid-cell values to the elevation
of the Mathislewald plot (~1,000 m a.s.l.), reducing biases from coarse topography and
improving representation of snow and precipitation processes (Giorgi et al. 2009). A cluster-
based approach linked the site to the most representative regional climate type (Huth et al.
2008; Dollinger et al. 2024). Because the study area covers only 1.69 ha, a single cluster dataset
was used without additional statistical bias correction.



Separate SQLite climate files were generated for each RCP and integrated via the
<climate> section of the iLand XML. Daily inputs included minimum and maximum
temperature, precipitation, vapour pressure deficit (VPD), and shortwave radiation for both
historical (1951-2024) and scenario periods (2025-2100). Atmospheric CO: concentrations
were aligned with each RCP using the <co2pathway> setting, ensuring consistency between
climate forcing and physiological responses defined in the <CO2Response> module (Seidl et
al. 2012). This multi-scenario framework enables robust assessment of forest sensitivity to
emission-driven climate change and projected meteorological variability.

3.3 Stand Grid Design

The simulation landscape was structured as a 21 x 21 stand grid (441 stands), with
each stand measuring 100 x 100 m (1 ha), resulting in a total simulated area of 441 ha (2,100
% 2,100 m). The <standGrid> configuration referenced an ASCII raster generated in R with 10
m resolution to ensure accurate spatial mapping within iLand (Seidl et al. 2012).

Figure 2 iLand stand grid for the Mathislewald plot, with the central initialized stand
(colored) surrounded by forested outside pixels (grey) to reduce edge effects.

The central empirical plot (approximately 123 x 129 m) occupied one stand and
contained the full individual-tree inventory (Section 3.4). The surrounding 440 stands were
designated as Forested Outside Pixels (FOPs; stand value = —2), functioning as virtual forest
buffers. In iLand, FOPs provide external light competition, seed input, and edge effects without
contributing to output statistics (Seidl et al. 2012).

This configuration minimized edge effects that can bias growth and regeneration in
small simulation domains (Seidl et al. 2012). The FOP buffer exceeded maximum seed
dispersal distance, ensuring realistic seed input from a continuous surrounding forest matrix.
Such buffering stabilizes stand-scale simulations by maintaining external competition and wind
exposure conditions (Seidl et al. 2012).

The 10 m raster resolution aligns with disturbance and canopy modules, including wind
edge detection and dominant height calculations (Rammer and Seidl 2015). At a broader level,
stands are aggregated into 100 x 100 m Resource Units (RUs) for water balance and soil
process calculations (Seidl et al. 2012).

This multi-scale spatial design ensured realistic ecological context for the central plot
while preventing artificial isolation effects.

3.4 Tree Initialization
The initialization of individual trees in the Mathislewald study plot was based on a
combination of terrestrial laser scanning (TLS) and a ground-truth field inventory, which
together provided a high-resolution, spatially explicit dataset for iLand simulations. By



integrating TLS-derived structural information with manually collected reference data, the
approach ensured both geometric accuracy and ecological realism.

Ground-truth inventory

The ground-truth inventory recorded species, stem diameter, and tree position across
the plot. Circumference at breast height was measured manually and converted to DBH. Tree
heights were estimated from DBH using species-specific allometric functions from the R
package rBDAT (Anerud et al., 2022). Species were identified visually by expert observers.

Tree positions were measured using an EMLID Reach 2+ RTK-GNSS system, with
digital data entry via Open Data Kit (Hartung et al. 2010). GNSS measurements were taken 1
m north of each trunk to reduce canopy interference and corrected in post-processing.
Coordinates were further refined in QGIS by aligning them with TLS-detected stem positions
based on a 2 cm raster density map of the lower 2 m of the point cloud. Where ambiguity
occurred, DBH served as a secondary matching criterion. This workflow produced a spatially
consistent dataset used for both TLS validation and iLand initialization.

TLS data acquisition

TLS data were collected using a Riegl VZ-400i scanner at multiple positions to
minimize occlusion. Scans were conducted with 0.04° angular resolution and 1200 kHz pulse
repetition rate, from approximately 1.6 m above ground. Point clouds were preprocessed and
co-registered in RISCAN PRO (Larysch et al. 2025). Low-quality returns were removed, and
data were downsampled to a uniform 2 cm voxel grid. The resulting 3D point cloud captured
stem and crown structure with high accuracy, comparable to allometric and destructive
measurements (Liang et al. 2016; Calders et al. 2020).

Tree segmentation and classification

TLS data were segmented and classified using deep learning approaches. The ForAINet
model partitioned the point cloud into structural classes, achieving high detection accuracy
(Xiang et al. 2024). Species classification was performed using the DetailView model (Frey
and Schindler 2024b), trained on the FOR-species20K dataset (Puliti et al. 2025).
Benchmarking indicates overall accuracies exceeding 0.8, particularly for dominant canopy
species. For this study, DetailView was applied with weights optimized for Central European
species (Frey and Schindler 2024b; Schindler and Frey 2024). Stem positions and DBH were
derived using the forest inventory function of the CSPStandSegmentation package (Frey and
Schindler 2024a).

iLand initialization

Both GT and TLS inventories were exported as CSV files and applied to the central
stand using single mode and single type initialization in iLand. This allowed parallel
simulations under identical conditions.

Each record included Cartesian coordinates (X, y), species code, DBH, and total height,
linked to the project’s SQLite species database to ensure parameter consistency. Only the
central plot contained explicit tree data; surrounding Forested Outside Pixels (FOPs)
functioned as buffers providing competition and seed input (Section 3.3).
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Figure 3 Initial tree initialization of the Mathislewald plot from RS based inventory
(TLS), with size scaled to DBH.

3.5 Site Initialization (Soils, Snags, and Seed Dispersal)

In addition to the empirical tree initialization (Section 3.4), the iLand model requires
several site-level inputs to represent edaphic conditions, legacy carbon pools, and regeneration
dynamics. For this study, soil properties, snag pools, and seed dispersal were parameterized as
follows.

Soil properties

Soil inputs were derived from regionalized datasets for Baden-Wiirttemberg (Hartmann
et al. 2024), combining data from the German National Soil Condition Survey (BZE II), the
National Forest Inventory (BWI?), and additional geological profiles. These data were
statistically regionalized using boosted regression tree (BRT) models stratified by natural
regions, providing soil variables such as texture fractions, depth, bulk density, humus stock,
and plant-available water capacity at 25 % 25 m resolution. For this study, soil depth and texture
were selected as key variables influencing plant-available water in iLand. The 25 m rasters
were resampled to the 100 m resource unit (RU) resolution to align with the simulation grid.
While texture and depth were obtained from published maps (Hartmann 2024), nitrogen data
were not publicly available. Provisional gridded nitrogen values were provided by Jonas Kerber
(Technical University of Munich, pers. comm.) and should therefore be considered exploratory
and more uncertain than the texture-based inputs.



Snag and soil carbon pools

Deadwood and soil organic matter pools were initialized using iLand’s directed spin-
up procedure rather than empirical measurements (Iland Documentation 2025). The model was
run under baseline conditions until equilibrium of soil carbon and deadwood pools was
reached, and the resulting state variables were exported as initialization snapshots for scenario
runs. This approach avoids unrealistic zero baselines by incorporating a plausible legacy of
past dynamics. Because these pools were not calibrated to site data, they are treated as model-
based estimates, and analyses focus on scenario contrasts rather than absolute values.

Seed-belt configuration (seedDispersal)

Regeneration was simulated using the seedDispersal module in seedbelt mode, with a
10 m virtual belt divided into five site-type and two productivity classes (sizeX = 5, sizeY =
2). Each class was assigned species-specific regeneration probabilities representing relative
establishment likelihoods following canopy openings. Probabilities were defined heuristically
based on observed stand composition. Picea abies received the highest values (= 0.35-0.45),
followed by Fagus sylvatica and Abies alba (= 0.20-0.30; 0.20-0.25), while Acer
pseudoplatanus and Pseudotsuga menziesii were assigned lower probabilities (= 0.05-0.15).
This configuration provides a continuous seed source consistent with the inventory and reduces
edge effects, allowing climate-driven differences in seedling performance to shape competitive
dynamics.

Species parameters and phenology

Species-specific parameters required by iLand (n = 66 per species) were taken from the
curated iLand species database for 150 temperate and boreal species/provenances (Thom et al.
2024). We used the provided SQLite tables for Picea abies, Fagus sylvatica, and Abies alba
and retained defaults unless stated otherwise. Parameter scope, definitions (e.g., fecundity m2,
seedKernel asl/as2, snagKSW, snagHalfLife, snagKYR), and confidence categories are
documented in the dataset’s methods (Thom et al. 2024; Thom 2024).

3.6 Simulation Scenarios

The simulation experiment assessed forest growth and structural dynamics of the
Mathislewald under RCP2.6, RCP4.5, and RCP8.5 for 2025-2100, representing low- to high-
emission trajectories. For each scenario, a dedicated daily climate dataset (Section 3.2) was
used, and simulations were initialized in 2025 from the observed 2024 forest state using both
ground-truth (GT) and remote sensing (RS) inventories (Section 3.4). The <co2pathway>
parameter was aligned with each RCP to ensure consistent CO: fertilization effects via the
<CO2Response> module. Simulations operated at annual time steps, with light competition
resolved at 2 m resolution (Seidl et al. 2012). Wind and bark beetle disturbances were disabled
to isolate climate effects. Each scenario was replicated 100 times to account for stochasticity
in mortality and regeneration. Replicates enabled estimation of mean trajectories and
variability in basal area, stem density, biomass, and species composition. Outputs were stored
separately for structured post-processing in R and Python.

3.7 Output Configuration and Analysis

All simulations were executed using the iLand console application, with outputs defined in
the project configuration file. For each replicate, results were exported as SQLite databases,
labeled by initialization type (RS or GT), climate scenario (RCP2.6, RCP4.5, RCP8.5), and
replicate number to ensure traceability and automated post-processing. Only essential output
tables were activated to minimize file size. Tree-level outputs recorded annual species identity,
DBH, height, and biomass, from which increments, basal area, volume, and biomass
accumulation were derived. Stand-level outputs summarized density, basal area, mean height,



and leaf area index (LAI). Vertical structure was assessed using height-class distributions.
Carbon cycling was evaluated through net primary production (NPP), respiration, and related
fluxes, while mortality was quantified from annual biomass losses. Monthly gross primary
productivity (GPP) was used to assess seasonal dynamics. All outputs were processed in R and
Python using standard database, statistical, and visualization packages. For each replicate (n =
100 per scenario), variables were aggregated at stand level, and species-specific metrics were
derived from tree records. Shannon diversity was calculated from species stem proportions.
Climate scenario effects were tested using one-way ANOV A with Tukey’s HSD post-hoc tests,
and RS—GT differences at year 75 were assessed using Welch’s t-tests. Statistical significance
was defined at p < 0.05. Results were visualized using time-series ribbon plots, boxplots,
stacked area charts for species composition, and seasonal GPP climatologies, highlighting
mean trajectories and variability across replicates.

4. Results

This chapter presents simulation results for growth and productivity (4.1), species
composition and diversity (4.2), structural development (4.3), mortality (4.4), and seasonal
productivity (4.5).

Initial differences between remote sensing (RS) and ground-truth (GT) inventories
explain early dynamics. RS included more stems, particularly suppressed individuals, resulting
in higher initial density. GT contained fewer but larger trees, with higher mean DBH and
height. Despite this, basal area was comparable due to larger GT diameters. RS simulations
therefore began denser and showed stronger early self-thinning, while GT runs started with
larger individuals. Species composition was similar, dominated by Picea abies and Fagus
sylvatica, but RS included more minor species, leading to slightly higher initial richness.
Overall, RS represented denser, smaller trees, whereas GT emphasized fewer, larger canopy
trees, differences that shaped subsequent simulation trajectories.

4.1 Forest Growth and Productivity
Forest growth and productivity over the 75-year simulation differed strongly among
climate scenarios (RCP2.6, RCP4.5, RCP8.5) and, to a lesser degree, between initialization
datasets (RS vs. GT). Indicators included DBH and height increment, basal area, stem volume,
biomass pools, and net primary productivity (NPP) at tree and stand levels. Results are first
presented for RS simulations, followed by comparisons with GT to assess consistency and
potential biases.

Growth increments (RS across scenarios)

Growth responses showed a clear dependence on climate forcing. With RS
initialization, mean DBH increment at year 75 was highest under RCP4.5 (0.324 cm yr'),
intermediate under RCP8.5 (0.268 cm yr'), and lowest under RCP2.6 (0.254 cm yr'). This
ordering (RCP4.5 > RCP8.5 > RCP2.6) was consistent across replicate simulations and
confirmed by Tukey post-hoc tests, which indicated that all pairwise differences were
statistically significant (p < 0.001).

Table 1 Tukey HSD pairwise comparisons of mean DBH and Height increments (cm yr)
across climate scenarios (RCP2.6, RCP4.5, RCP8.5) at year 75, RS initialization



. DBH increment (cm/yr) aver time (mean + 95% CI) \ '_ -
Variable dj. p
1.00 value
DBH
. ] 20.001
increment 07
DBH 0501 20.001
increment
DBH goas) 0.001
increment = scenario
Height 5.0 RS — i
. g = 20.001
increment £ roRes
Height 8 o754 0.001
increment e
Height 0.001
increment -

Figure 4 DBH increment trajectories (mean + 95% CI) for RS and GT simulations under
RCP2.6, RCP4.5, and RCP8.5 across 75 years.
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Figure 5 Height increment trajectories (mean + 95% CI) for RS and GT across climate
scenarios over 75 years.

Across RS simulations, DBH growth under RCP4.5 was 27.5% higher than RCP2.6,
while RCP8.5 exceeded RCP2.6 by 5.5% but remained 17.2% below RCP4.5. Height
increments followed the same pattern, reaching 0.223 cm yr!' (RCP4.5), 0.182 cm yr!
(RCP8.5), and 0.170 cm yr! (RCP2.6). Compared to RCP2.6, height growth increased by
30.6% under RCP4.5 and 6.9% under RCP8.5, but was 18.2% lower in RCP8.5 relative to
RCP4.5. Over time, RCP4.5 maintained stable increments, whereas RCP8.5 declined in later
decades, indicating intensifying stress. GT simulations showed the same scenario ranking but
slightly higher absolute values. Mean DBH increments were 0.245 cm yr!' (RCP2.6), 0.332
cm yr ' (RCP4.5), and 0.278 cm yr! (RCP8.5), with height increments of 0.175, 0.228, and
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0.203 cm yr!, respectively. Again, RCP4.5 sustained the strongest growth, while RCP8.5
declined toward the end of the simulation.
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Figure 6 Boxplots of diameter increment at year 75 for RS and GT simulations across climate
scenarios.
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Figure 7 Boxplots of height increment at year 75 for RS and GT simulations across climate
scenarios.

Net primary productivity

Net primary productivity (NPP) exhibited the strongest and most consistent scenario
signal. At year 75, RS-initialized NPP was highest in RCP4.5 (10,999 g C m yr '), followed
closely by RCP8.5 (10,742 g C m™2 yr'), with RCP2.6 lowest (9,576 g C m2 yr'). This
translates to a +1,423 g C m2 yr ' increase (+14.9%) from RCP2.6 to RCP4.5, and a +1,166 g
C m? yr! increase (+12.2%) from RCP2.6 to RCP8.5, while RCP8.5 remained 2.3% below
RCP4.5. All pairwise contrasts were significant (p < 0.001).
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Table 2 Tukey HSD post-hoc comparisons for net primary productivity (NPP, g C m2 yr') at
year 75 between climate scenarios (RS initialization)

Mean Diff (g C m™ 95% 95%

Scenario Contrast yr) CI Low CI High Adj. p-value
RCP4.5 - RCP2.6 1423.079 1387.039 1459.120 <0.001
RCP8.5 — RCP2.6 1166.365 1130.324 1202.405 <0.001
RCP8.5 — RCP4.5 -256.715 —292.755 -220.674 <0.001

Temporal dynamics under RS simulations show that RCP4.5 maintained elevated
productivity throughout the simulation, whereas RCP8.5 initially approached RCP4.5 levels
but began to decline towards the end of the period, likely reflecting increasing heat and water
limitations. This non-linear response suggests that moderate warming and elevated CO- can
enhance productivity, but the benefits diminish under stronger climate forcing.

The GT simulations showed broadly similar trajectories, with higher absolute values
across scenarios. By year 75, mean NPP reached 9,815 g C m2 yr' in RCP2.6, 11,274 g C m™
yr'in RCP4.5, and 11,056 g C m? yr! in RCP8.5. The overall pattern was consistent with RS,
with strongest productivity under RCP4.5, slightly lower under RCP8.5, and lowest under
RCP2.6.

Net Primary Productivity (gC m? yr?) at Year 75 (100 runs)

- T -

RCP26 RCP45 RCP85
Scenario
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Figure 8 Boxplots of NPP at year 75 across RCP scenarios for RS and GT simulations.

Structural stocks and biomass (RS across scenarios)

Across RS runs, while increments and NPP peaked under RCP4.5, structural stocks
such as basal area, volume, and biomass reached their highest values under RCP8.5. Basal area
at year 75 averaged 82.96 m? ha™! in RCP8.5, compared to 79.99 in RCP4.5 and 78.86 in
RCP2.6. The GT simulations produced higher absolute values but exhibited the same scenario
ordering. By year 75, basal area reached 104.5 m? ha™! in RCP2.6, 106.9 m? ha™' in RCP4.5,
and 110.2 m* ha™! in RCP8.5.

The GT simulations produced higher absolute values but exhibited the same scenario
ordering. By year 75, basal area reached 104.5 m? ha™' in RCP2.6, 106.9 m? ha™! in RCP4.5,
and 110.2 m? ha™! in RCP8&.5.
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Figure 9 Basal area trajectories (mean = 95% CI) for RS and GT simulations across 75
years under climate scenarios.
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Figure 10 Boxplots of basal area at year 75 for RS and GT simulations across scenarios.

Under RS simulations, stem volume followed the same pattern, with means of 1,091.8
m? ha™' in RCP8.5, 1,048.3 m?® ha! in RCP4.5, and 1,033.7 m? ha! in RCP2.6. Stem volume
values were 1,170.2 m?® ha! in RCP2.6, 1,201.4 m?® ha' in RCP4.5, and 1,247.8 m® ha! in
RCP8.5 of GT simulations.
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Figure 11 Stem volume trajectories (mean + 95% CI) for RS and GT simulations
under three RCP scenarios across 75 years.
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Figure 12 Boxplots of stem volume at year 75 across RCP scenarios for RS and GT
simulations.

Similarly, across RS simulations, total biomass accumulated to 771.7 Mg ha™! under
RCP8.5, compared to 740.3 Mg ha' (RCP4.5) and 728.3 Mg ha' (RCP2.6). Tukey tests
confirmed that RCP8.5 was significantly greater than both RCP2.6 and RCP4.5, while
differences between RCP4.5 and RCP2.6 were small and often not significant. Under GT runs,
total biomass accumulated to 935.6 Mg ha™' in RCP2.6, 960.2 Mg ha™!' in RCP4.5, and 988.7
Mg ha' in RCP8.5.
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Figure 13 Total biomass accumulation trajectories (mean + 95% CI) for RS and GT across
climate scenarios over 75 years.
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Figure 14 Boxplots of total biomass at year 75 for RS and GT simulations across scenarios.

These results indicate that, although growth rates slowed under the harsher scenario,
cumulative biomass accumulation over 75 years was still greatest under RCPS8.5, likely because
mortality reductions and CO: fertilization effects partly offset stressinduced declines in

increments.

Table 3 Tukey HSD results for Basal area, Volume, and Total biomass at year 75 (RS

simulations).

Variable Scenario Mean 95% CI 95% CI Adj. p-
Contrast Diff Low High value

Basal area (m* ha™') RCP45-RCP26 —0.031 —-1.034 0.972 0.997

Basal area (m* ha™') RCP85-RCP26 2.189 1.186 3.193 <0.001
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Variable Scenario Mean 95% CI 95% CI Adj. p-

Contrast Diff Low High value
Basal area (m? ha') RCP85-RCP45 2.220 1.217 3224 <0.001
Volume (m*ha)  RCP45-RCP26 2815 —13.980 8.350 0.823
Volume (m*ha)  RCP85-RCP26 27.844 16.679 39.009  <0.001
Volume (m*ha)  RCP85-RCP45 30.659 19.494 41824  <0.001
g;’tf;l biomass Mg ppas RCP26 5185900 5816170  16188.000 0.508
E;’_ﬂ";l biomass (Mg ppgs RCP26  33059.900 22057.800  44062.000  <0.001
}Tw‘l’tf;l biomass Mg ppgs RCP4s  27874.000 16871900  38876.100  <0.001

4.2 Species Composition and Diversity
Species composition and diversity indicate how forests reorganize under climate
change. This section focuses primarily on the remote sensing (RS) initialization, with ground-
truth (GT) results presented for comparison. Analysis includes (i) temporal species trajectories,
(i1) end-of-simulation dominance (year 75), and (iii) Shannon diversity dynamics.

Temporal Dynamics of Species Composition

At initialization, the RS dataset was dominated by Picea abies, contributing over half
of stems and basal area. Although spruce remained dominant throughout the 75-year
simulations, its share declined with increasing climate forcing.

Under RCP2.6, spruce still accounted for over 80% of basal area, with gradual gains by
Fagus sylvatica and Abies alba. In RCP4.5, spruce declined to ~79%, while beech (10.5%) and
fir (5.9%) expanded. Under RCP8.5, spruce further decreased to 76.5%, with beech rising to
11.8% and fir stabilizing at ~5.7%. Minor species showed small but consistent increases,
indicating progressive diversification under stronger warming. GT simulations showed the
same trend but with higher spruce persistence (82.5%, 81.2%, and 79.4% under RCP2.6, 4.5,
and 8.5). Accordingly, beech and fir expanded less strongly, and minor species gains were
marginal.

Overall, both datasets indicate declining spruce dominance under warming, but RS
projects faster compositional shifts toward mixed stands, whereas GT suggests greater spruce
stability.
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Species Composition Over Time (Relative proportions)
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Figure 16 Temporal development of species composition expressed as absolute stem counts over
75 years under three climate scenarios (RCP2.6, RCP4.5, and RCPS8.5). Results are shown
separately for the ground truth (GT, upper panels) and remote sensing (RS, lower panels)

inventories.
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Figure 15 Temporal development of species composition expressed as relative proportions of
stems over 75 years under three climate scenarios (RCP2.6, RCP4.5, and RCP8.5). Results are

shown separately for the GT (upper panels) and RS (lower panels) inventories.
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Figure 17 Species dominance at year 75 expressed as basal area. Left panels show absolute
basal area (m? ha™), and right panels show relative basal area (proportion of stand total).
Results are presented for GT (upper panels) and RS (lower panels) inventories across the three
climate scenarios.

End-State Species Dominance

By year 75, RS simulations showed clear scenario-dependent shifts. Under RCP2.6,
Picea abies remained dominant (81.4% basal area), with Fagus sylvatica (8.9%) and Abies
alba (5.7%) secondary, and minor roles for Pinus sylvestris (0.5%) and Acer pseudoplatanus.

In RCP4.5, spruce declined to 78.8%, while beech increased to 10.5% and fir remained
stable (~5.8%). Under RCP8.5, spruce further decreased to 76.2%, beech rose to 11.8%, and
pine doubled to 1.5%, indicating gradual diversification under stronger warming. GT
simulations projected lower spruce dominance but stronger fir persistence. Spruce accounted
for 76.9%, 74.0%, and 72.4% under RCP2.6, 4.5, and 8.5, respectively, while fir consistently
reached ~15%. Beech increased moderately (8.4-12.2%), and pine and maple remained
negligible. Overall, RS projected a spruce-dominated but gradually diversifying canopy,
whereas GT emphasized fir as a persistent co-dominant species. These differences highlight
how initial inventory structure shapes long-term dominance patterns.
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Figure 18 Species dominance at year 75 expressed as stem numbers. Left panels show absolute
numbers of stems, and right panels show relative proportions of stems. Results are presented
for GT (upper panels) and RS (lower panels) inventories across the three climate scenarios.

Diversity Dynamics

Shannon diversity mirrored scenario-dependent dominance shifts (Figure 21). In RS
simulations, mean values at year 75 increased from 0.994 (RCP2.6) to 1.110 (RCP4.5) and
1.190 (RCP8.5), indicating progressive diversification with warming. The moderate rise under
RCP4.5 reflected greater balance among spruce, beech, and fir, while RCP8.5 showed nearly
20% higher diversity than RCP2.6 due to reduced spruce dominance and contributions from
minor species.

GT simulations showed the same trend but lower values: ~0.95 (RCP2.6), 1.04
(RCP4.5), and 1.10 (RCP8.5). RS consistently projected higher evenness, especially under
RCPS8.5, owing to weaker spruce persistence and stronger establishment of minor species
compared to GT.

Diversity Dynamics (mean + 95% Cl)
GT RS

scenario
— RCP26
~— RCP45
~ RCP8S

Shannon Index
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Year

Figure 19 Shannon diversity index (mean + Y5% contidence intervals) over /5 years under
three climate scenarios (RCP2.6, RCP4.5, and RCPS8.5), for GT (left panel) and RS (right panel)
simulations.
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Statistical Comparisons of Dominant Species

Pairwise t-tests of basal area at year 75 provided statistical confirmation of these
compositional shifts. In the RS simulations, beech increased significantly across all contrasts
(RCP4.5 > RCP2.6, RCP8.5 > RCP2.6, and RCP8.5 > RCP4.5), while spruce exhibited
significant declines with warming, particularly between RCP2.6 and the higher-forcing
scenarios. Pine and maple also showed significant gains under RCP8.5, despite their relatively
small overall shares.

The GT simulations highlighted a different set of transitions. Fir exhibited highly
significant gains across all scenario contrasts, while beech also increased consistently with
warming. Spruce declined significantly between RCP2.6 and RCP4.5, though its loss was less
marked than in RS. Sorbus aucuparia emerged as a minor but statistically significant
beneficiary under RCPS.5.

Table 4 Pairwise t-tests of species basal area at year 75. Only significant differences (p < 0.05)
are shown. “ > " indicates which scenario had higher basal area.

Species Inventory RCP4.5 vs RCP2.6  RCP8.5 vs RCP2.6 RCP8.5 vs RCP4.5
Picea abies RS RCP2.6>RCP4.5 RCP2.6>RCP8.5 n.s.
(Norway spruce) (p=15%x107%) (p=6.8x10")
GT RCP2.6>RCP4.5 ns. RCP8.5 > RCP4.5
(p=1.8x107) (p=9.7 x1073)
Fagus sylvatica RS  RCP4.5>RCP2.6 RCP8.5>RCP2.6 RCP8.5>RCP4.5
(European beech) (p=9.8x1071) (p=9.0x1072) (p=6.6x107)
GT RCP4.5>RCP2.6 RCP8.5>RCP2.6 RCPS8.5>RCP4.5
(p=9.9 x10%) (p=1.5x107%) (p=5.4x1032)
Abies alba RS ns. n.s. n.s.
(Silver fir)
GT RCP4.5>RCP2.6 RCP8.5>RCP2.6 RCPS8.5>RCP4.5
(p=1.35%x1073) (p=2.3x107%) (p=13x107?)
Pinus sylvestris RS  RCP4.5>RCP2.6 RCP8.5>RCP2.6 RCP8.5>RCP4.5
(Scots pine) (p=12x10" (p=1.3x1072%) (p=4.7%x10")
GT ns. n.s. n.s.
Acer saccharum RS ns. RCP8.5>RCP2.6 n.s.
(Sugar maple) (p=2.4x%x1072)
GT ns. n.s. n.s.
Acer RS ns RCP8.5>RCP2.6 RCP8.5 > RCP4.5
pseudoplatanus (p=16.6x107%) (p=5.6x107)
(Sycamore maple)
GT RCP85>RCP2.6 ns. n.s.
(p=2.99 x102)
Sorbus aucuparia RS n.s. n.s. n.s.
(Rowan)
GT RCP85>RCP2.6 RCP8.5>RCP4.5 n.s.

(p=3.3x109)

(p=28.7 % 10°9)

Overall, climate forcing drives a gradual reorganization of species composition in
Mathislewald. RS simulations show declining spruce dominance with warming, alongside
gains by beech, fir, and minor species, resulting in higher diversity under RCP8.5. GT
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simulations confirm the same trend but indicate slower transitions and stronger persistence of
spruce and fir. These results demonstrate that climate change promotes diversification and
reduces spruce dominance, while also highlighting the influence of initialization data: RS
projects faster structural change, whereas GT suggests a more conservative trajectory over the
75-year horizon.

4.3 Structural Development
Structural attributes of the Mathislewald stands were evaluated through stem density,
mean tree height, leaf area index (LAI), and vertical layering derived from dynamic stand
height-class distributions. These indicators capture both horizontal (density, LAI) and vertical
(height, canopy layering) aspects of stand development. Results are reported for the remote
sensing (RS) initialization, followed by the ground truth (GT) initialization for comparison,
and a statistical synthesis of RS and GT differences.

Tree Density

In the RS initialization, stand density increased consistently with climate forcing (Fig.
22, Fig. 23). At year 75, average stem numbers reached 515 + 12 ha™' under RCP2.6, 550 + 15
ha™ under RCP4.5, and 590 £+ 18 ha™' under RCP8.5 (mean £+ SD across 100 replicates).
Analysis of variance confirmed highly significant differences among scenarios (F = 179.5, p <
0.001; Table 6). The trajectory indicates that warmer conditions promoted denser stands,
reflecting enhanced regeneration and survival under elevated temperatures.

In the GT simulations, densities also rose with increasing forcing but absolute values
remained markedly lower. Final densities ranged between ~310 and 350 stems ha™', depending
on scenario, confirming the tendency toward more open forests when initialized with ground-
based inventory data.
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Figure 20 Tree density trajectories (mean + 95% CI) for RS and GT simulations across climate
scenarios over 75 years .
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Density at Year 75
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Figure 21 Boxplots of tree density at year 75 under RCP2.6, RCP4.5, and RCP8.5 for
RS and GT simulations.

Table 5 ANOVA results for structural attributes (RS initialization only) across climate
scenarios.

Variable Year RCP2.6 mean RCP4.5 mean RCP8.5 mean F-statistic p-value

Height (m) 75 17.923 17.144 16.944 114.219 <0.001
Density (stems ha™') 75  514.805 549.964 590.343 179.514 <0.001
LAI 70 0913 0.838 0.843 26.717  <0.001
Mean Tree Height

Height trajectories revealed an inverse response to density. In RS simulations, mean canopy
height declined systematically with warming (Fig. 24, Fig. 25). Final heights averaged 17.9 +
0.2 m under RCP2.6, 17.1 £ 0.2 m under RCP4.5, and 16.9 = 0.3 m under RCP8.5. ANOVA
results confirmed strong scenario effects (F = 114.2, p < 0.001; Table 6). These results
demonstrate that increased density was accompanied by constraints on vertical growth, as
competition limited tree height development (see Table 6). GT runs consistently produced taller
forests, with end-state heights between 19 and 20 m across scenarios. Although warming also
reduced canopy height, the effect was weaker than in RS, indicating that reduced crowding
facilitated greater vertical development.
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Figure 22 Mean tree height trajectories (mean + 95% CI) for RS and GT simulations
across scenarios over 75 years.
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Figure 23 Boxplots of mean tree height at year 75 for RS and GT simulations.

Leaf Area Index (LAI)

LAI exhibited a modest but consistent decline with increasing climate forcing in RS
simulations (Fig. 22, Fig. 23). By year 70, average values were 0.91 £+ 0.02 under RCP2.6, 0.87
+ 0.02 under RCP4.5, and 0.84 + 0.03 under RCP8.5. Scenario effects were significant (F =
26.7, p <0.001; Table 6). The results indicate that despite higher stem densities, leaf area per
unit ground area decreased under warmer scenarios, pointing to smaller average crown sizes
and reduced foliage biomass.

GT results produced slightly higher LAI values (~1.0 on average at year 70) and weaker
scenario contrasts. This reflects the presence of fewer but larger individuals in GT, sustaining
comparable leaf area despite lower densities.
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Figure 24 Leaf Area Index (LAI) trajectories (mean + 95% CI) under RS and GT simulations
across climate scenarios, up to year 70.
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Figure 25 Boxplots of LAI at year 70 for RS and GT simulations across RCP scenarios.

4.4 Mortality and Disturbance Proxies
"Stand-level mortality was derived from ilLand’s treeremoved table as total annual
biomass loss (kg yr'), summing stem, branch, foliage, and root components. As wind, bark
beetle, and management were disabled, removals reflect intrinsic processes such as self-
thinning and climate stress. For each scenario and inventory (RS, GT), 100 runs were analyzed.
Results are presented as mean + SD, with Welch’s t-tests applied to cumulative mortality (Mg)
across runs.

Annual and cumulative mortality
Annual removals showed an initial adjustment phase followed by stabilization. During
years 1-3, RS removals averaged approximately 48 Mg yr' (47.1 Mg in RCP2.6 and 48.1 Mg
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in RCP4.5, with RCP8.5 of comparable magnitude). From year 4 onward, values stabilized
near 10 Mg yr!, with a consistent climate ordering of 9.29 Mg yr! under RCP2.6, 9.47 Mg
yr ' under RCP4.5, and 10.06 Mg yr' under RCP8.5. This temporary increase at the beginning
of the simulation did not alter the long-term ranking, which remained highest in RCP8.5,
intermediate in RCP4.5, and lowest in RCP2.6. Run-level cumulative losses (mean = SD, Mg)
increased progressively with scenario severity, amounting to 809.1 + 38.2 in RCP2.6, 825.8 +
35.3in RCP4.5, and 852.3 = 34.2 in RCP8.5. Relative to RCP2.6, cumulative losses were 2.1%
higher in RCP4.5 and 5.3% higher in RCP8.5, with RCP8.5 also exceeding RCP4.5 by 3.2%.

GT exhibits the same qualitative behavior at lower magnitude. The early adjustment is
modest (= 5 Mg yr! over years 1-3), and from year 4 onward GT remains around ~ 5 Mg yr!
(4.59-4.95 Mg yr ' across scenarios). Cumulative totals (mean + SD, Mg) increased from 345.6
+ 28.2 under RCP2.6 to 356.4 + 25.9 under RCP4.5 and 368.3 + 24.3 under RCP8.5. These
values correspond to relative increases of +3.1% from RCP2.6 to RCP4.5, +6.6% from RCP2.6
to RCP8.5, and +3.3% from RCP4.5 to RCPS.5.

Annual mortality biomass — mean + SD across runs
freeremoved-based proxy (sum of all biomass pools)
RCP2.6 RCP4.5 RCP8.5

60000 4

40000+ inventory

20000
~ /wv/\,\/\/\«w M
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Figure 28 Annual mortality in kg per year for RS and GT across RCP2.6, RCP4.5, and RCP8.5.
Lines show means of 100 runs and bands show £SD.

Seasonal Productivity Dynamics

Seasonal productivity was quantified from the production month table as monthly
gross primary productivity (GPP; model units). For each simulation run, GPP values were
aggregated to monthly means, and climatologies were derived across the 100 replicates per
scenario. This approach captures both the timing of peak carbon uptake and the magnitude of
seasonal fluxes.

Seasonal GPP dynamics

RS simulations showed clear seasonal differences among scenarios. In all cases, GPP
rose from March and peaked in June—July, with RCP2.6 lowest, RCP4.5 intermediate, and
RCP8.5 highest. Under RCP8.5, the post-peak decline was steeper, indicating stronger mid-
summer heat and water stress. Seasonal means confirmed significant warming effects. In spring
(MAM), GPP increased by ~4.3% (RCP4.5) and ~10.6% (RCP8.5) relative to RCP2.6; in
summer (JJA), increases were ~4.6% and ~8.2%. ANOVA detected highly significant scenario
effects (p < 0.001), with all pairwise contrasts significant. Warming thus enhanced spring
productivity but intensified summer decline. GT simulations showed similar seasonal patterns
but weaker sensitivity. Spring GPP rose by ~4.0% (RCP4.5) and ~9.7% (RCPS8.5), and summer
by ~4.3% and ~7.3%, respectively. Although scenario effects remained highly significant (p <
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0.001), differences were consistently smaller than in RS, indicating a more buffered seasonal
response.

Cumulative mortality biomass over the analysis horizon (per run)
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Figure 29 Cumulative mortality in kg per run for RS and GT across RCP2.6, RCP4.5, and
RCP8.5. Boxplots summarize 100 runs.

Table 6 ANOVA results for across-scenario differences in seasonal GPP (MAM and JJA) under
RS and GT initializations.

Season Initialization Effect F-statistic p-value
MAM RS RCP 8617.6 <0.001
MAM GT RCP 9050.5 <0.001

JJA RS RCP 1239.8 <0.001
JJA GT RCP 886.3 <0.001

Monthly GPP climatology (mean + 95% Cl across runs)
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Figure 30 Monthly climatology of gross primary productivity (GPP; mean + 95% CI across
100 runs) under RCP2.6, RCP4.5, and RCPS.5.



26

5 Discussion

The Mathislewald simulations demonstrate that climate forcing is the dominant driver
of future growth, structure, mortality, and species composition in Central European montane
forests. Moderate warming (RCP4.5) enhanced diameter and height increments as well as net
primary productivity (NPP), whereas strong forcing (RCP8.5) initially stimulated growth but
led to late-century declines in vitality. Although cumulative biomass was highest under RCP8.5
due to early growth gains and stock inertia (Pan et al. 2011; Pretzsch et al. 2014), this high-
biomass state appears structurally fragile. The pattern reflects a non-linear balance between
CO: fertilization (Norby and Zak 2011; Walker et al. 2021) and increasing heat and drought
stress (Allen et al. 2010; McDowell et al. 2008), consistent with empirical evidence from the
2003 and 2018 droughts (Ciais et al. 2005; Schuldt et al. 2020).

Species composition shifted gradually but directionally. Norway spruce (Picea abies)
declined across scenarios, while European beech (Fagus sylvatica) and silver fir (4bies alba)
increased their relative shares, particularly under RCPS8.5. This aligns with documented
drought sensitivity of spruce and greater physiological plasticity of beech and fir (Hanewinkel
et al. 2012; Vitali et al. 2017; Leuschner 2020). Shannon diversity increased with warming,
mainly due to reduced spruce dominance, supporting findings that mixed stands enhance
resilience (Pretzsch et al. 2013; Jactel et al. 2017). However, compositional change remained
gradual, reflecting long tree lifespans and confirming that major turnover in temperate forests
is slow without management intervention (Brang et al. 2014).

Structural development revealed important trade-offs. Warming promoted denser but
shorter stands, reduced leaf area index (LAI), and elevated mortality. These patterns follow
density—size relationships and self-thinning theory (Westoby 1984; Pretzsch 2009). Under
RCPS8.5, compressed canopy structure and rising mortality suggest increasing vulnerability to
drought-related stress, even without disturbances. Because windthrow and bark beetle were
excluded, mortality responses are likely conservative; disturbance risks are expected to
intensify under warming, particularly in spruce-dominated systems (Seidl et al. 2017; Thom et
al. 2017b; Hlasny et al. 2021).

Seasonally, climate change altered not only the magnitude but also the timing of
productivity. Spring gross primary productivity (GPP) increased under warming due to earlier
phenology (Menzel et al. 2006; Keenan et al. 2014), whereas summer productivity declined
under RCP8.5, reflecting heightened drought stress. This redistribution mirrors observed
drought-year dynamics in Europe (Ciais et al. 2005; Schwalm et al. 2010) and indicates
increasing volatility of the carbon sink under strong forcing.

Methodological uncertainties affect magnitude but not direction of responses. Climate
projections relied on a single downscaled GCM—-RCM chain, and precipitation uncertainty
remains substantial (Kotlarski et al. 2014). Model simplifications in iLand, including light-use
efficiency formulations and simplified mortality processes (Seidl et al. 2012), may
underestimate extreme drought impacts and overestimate CO- fertilization effects. Exclusion
of disturbances further renders biomass projections conservative. Differences between remote
sensing (RS) and ground-truth (GT) initialization affected absolute stocks but preserved
identical scenario rankings, supporting the robustness of directional trends while highlighting
the importance of inventory choice (Liang et al. 2016).

From a management perspective, the declining competitiveness of spruce and the
increasing role of beech and fir suggest that diversification is essential for resilience (Bolte et
al. 2009; Hanewinkel et al. 2012). Density regulation and promotion of mixed, structurally
diverse stands can mitigate vulnerability to drought and disturbance (Pretzsch et al. 2017).
Moderate forcing scenarios allow sustained productivity, whereas strong forcing leads to
structurally crowded and potentially unstable systems despite high biomass.

Overall, the simulations indicate a bifurcated future: under moderate warming, montane
forests may maintain productivity and gradually diversify; under strong forcing, they risk



27

structural fragility, increased mortality, and unstable seasonal carbon dynamics. While absolute
magnitudes remain uncertain, the directional signal is robust—climate change progressively
weakens spruce dominance and reshapes Central European montane forests toward more mixed
but stress-prone systems.

6 Conclusion

This research examined the future development of the Mathislewald forest under
climate change using high-resolution remote sensing data and the process-based iLand model.
Simulations from 2025 to 2100 under RCP2.6, RCP4.5, and RCP8.5 assessed growth,
structure, species composition, mortality, and seasonal productivity, while comparing remote
sensing (TLS) and ground-truth initializations to evaluate methodological robustness. Climate
forcing emerged as the dominant driver of forest dynamics. Moderate warming (RCP4.5)
sustained high growth and relatively stable productivity, whereas strong forcing (RCP8.5)
initially stimulated growth but led to declining vitality, higher mortality, compressed canopy
structure, and seasonal instability. Norway spruce consistently lost competitiveness, while
beech and fir expanded, indicating a gradual shift toward more diverse and potentially resilient
mixtures. Seasonal productivity shifted toward stronger spring uptake but greater summer
vulnerability under high forcing. Although remote sensing initialization slightly
underestimated absolute values, it reproduced identical climate-driven patterns, confirming its
suitability for process-based modeling. These findings underline the risks of continued spruce
dominance under warming and highlight the importance of diversification, density regulation,
and promotion of mixed stands for climate adaptation. While moderate emission pathways
allow forests to maintain productivity and structural stability, strong forcing leads to
increasingly fragile systems despite high biomass stocks. Uncertainties remain due to the use
of a single climate model chain, exclusion of disturbance processes, and model parameter
assumptions. Nevertheless, the consistency of directional responses across scenarios and
initialization datasets supports the robustness of the conclusions. Future research should
incorporate disturbance regimes, management scenarios, multi-model climate ensembles, and
further integration of remote sensing to enhance realism and scalability.
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