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Abstract: Wildfires, insect outbreaks and storms cause large pulses of tree mortality. Climate change 

amplifies these forest disturbances, yet their future magnitude and extent remain uncertain. Here, we 

simulate future forest disturbance regimes at 100m resolution across Europe, using a deep learning-

based simulation framework. Our results show that forest disturbances will continue to increase 

throughout the 21st century, with disturbed area more than doubling relative to the recent past under 

an unabated continuation of climate change. Wildfires are the main agent driving future disturbance 

change. Changing disturbances result in an increase in young forests, substantially altering Europe’s 

forest demography. Because of their profound implications for forest carbon storage and the habitat 

value of forest ecosystems, disturbances should be a priority of forest policy and management.  

 

 

  



Main Text: 

Forests around the globe are changing in response to climate change, and increasing tree mortality is 

one of the most prominent causes of climate-mediated changes in forest dynamics (1–3). Tree 

mortality often happens in large, discrete pulses – termed disturbances – caused by agents such as 

wildfires, insect outbreaks, and storms. These disturbances are among the most climate-sensitive 

processes in forest ecosystems (4) and are therefore expected to respond strongly to ongoing climate 

change (5–7). Novel disturbance regimes have already emerged in recent years, e.g., with the 

occurrence of megafires in Australia (8), North America (9) and Mediterranean Europe (10, 11), or with 

unprecedented bark beetle outbreaks in North America in 2000-2008 (12), and Central and Northern 

Europe in 2018-2022 (13, 14).  

Disturbances have profound impacts on forest ecosystems and the services they provide to society. An 

increase in disturbances can lead to considerably younger and more open forest landscapes (6, 15, 16), 

with important implications for forest biodiversity (17). Disturbances can also have strong negative 

impacts on forest ecosystem services. The eruption of bark beetles in North America and Europe in the 

early 21st century, for instance, has slowed forest carbon uptake (18) and even turned some forests 

into a carbon source (12). Forest disturbances can thus create feedbacks to the global climate system 

(19), further amplifying anthropogenic climate change. Massive wildfires are also a direct threat to 

human lives (20), have strong negative impacts on human health via effects on air quality (21), and can 

destroy people’s livelihoods, leading to long-lasting socio-economic consequences (22, 23). 

Understanding the future of forest disturbances is thus of paramount importance for forest policy and 

management. 

Projecting future trajectories of forest disturbance remains challenging for several reasons: First, 

disturbances alter forest structure and composition, which in turn affect the probability and severity 

of future disturbances (24). A fire burning through a forest, for instance, may exhaust the available fuel 

and thus reduce the risk for high intensity fire in subsequent years (25). Susceptibility to wind increases 

with tree height (26). If a storm downs the initial cohort of tall trees, the risk of subsequent windthrow 

is temporally close to zero, even in the event of extreme wind speeds (27). Projecting future 

disturbances purely based on climate (28–30) therefore disregards negative vegetation feedbacks and 

is likely to overestimate disturbance change. Second, climate change not only affects tree mortality, 

but simultaneously alters tree growth, which in turn could influence disturbance regimes (31). Longer 

vegetation periods and warmer temperatures can, for instance, increase forest productivity in parts of 

the globe (32). Higher productivity increases fuel loads and canopy heights, elevating the susceptibility 

to disturbances from wildfire and wind (33, 34). Third, individual agents of disturbance do not occur in 

isolation but often interact (35). Windthrown conifers, for instance, are the preferred breeding 

material for aggressive bark beetles in Europe (36). This often leads to eruptions of tree-killing bark 

beetle populations in the wake of large-scale storm events (37). Quantifying future trajectories of 

disturbance in isolation for individual agents (29, 30) is thus likely to lead to biased outcomes. As a 

consequence of these complex interactions and feedbacks we still lack robust projections of future 

disturbance regimes at large spatial scale and high resolution.  

Here, we projected 21st century forest disturbance regimes under climate change in Europe, explicitly 

accounting for disturbance interactions and vegetation feedbacks. Two recent developments enable 

these high resolution forest disturbance projections: First, recent advances in remote sensing allow 

the consistent quantification of disturbances from space across large spatiotemporal scales (38, 39). 

We here used these advances in the form of annual disturbance rates inferred from Landsat time series 

for building robust, climate-sensitive models of disturbance from wildfire, bark beetles and storms for 

Europe. We developed a disturbance modeling framework that builds on fundamental process 



understanding of the individual disturbance agents (e.g., by explicitly considering underlying processes 

such as fire ignition, spread, and vegetation impacts) and trained it with remotely sensed data. Second, 

advances in deep learning now enable the simulation of climate-driven forest development at high 

spatial resolution (i.e., 100 x 100 m for the spatial domain of 187 million ha of Europe’s forests), with 

disturbance-vegetation feedbacks as an emerging property of the simulation, and processes such as 

spatial contagion explicitly considered (e.g., wildfires and bark beetles spreading from one affected 

cell to the next). Specifically, we harnessed the wealth of detailed local forest simulations available in 

Europe (a total of 135 million data points generated from 17 locally parametrized forest models 

distributed throughout Europe (40)) to train a deep neural network of forest development using a feed-

forward network architecture with 22 layers and three blocks with residual connections. We 

subsequently used this network to simulate climate- and disturbance-driven vegetation changes in the 

integrated meta-modeling framework SVD (41), which tracks transitions between a large number of 

vegetation states, defined by tree species composition, canopy height, and leaf area index. We 

quantified future disturbance regimes by calculating disturbance rate (i.e., the percent of forest area 

that is disturbed annually, with higher values indicating increasing disturbance activity), disturbance 

rotation (i.e., an indicator of disturbance frequency, giving the mean time needed to disturb an area 

equivalent to the size of the focal area, with lower values indicating increasing disturbance activity), 

and annual area disturbed (i.e., the absolute area affected by disturbances per year, with higher values 

indicating increasing disturbance activity). Spatial hotspots were assessed at the level of 25 km 

hexagons (area: 541.3 km2), and disturbance change was quantified at continental and biome level 

relative to observed disturbances for the period 1986 – 2020. Demographic effects were assessed at 

the end point of the analysis (year 2100), specifically focusing on young forests (i.e., those affected by 

high-severity disturbance in the past 10 years) and old forests (i.e. forests not disturbed throughout 

the simulation and hence >80 years old). All simulations assumed a continuation of business-as-usual 

forest management. Prior to addressing our objectives, we conducted a thorough model evaluation. 

Specifically, we compared simulated annual harvest levels as well as simulated wind, bark beetle, and 

wildfire disturbances to observations (see Supplementary Text section Disturbance modules for 

details). Subsequently, we addressed our specific objectives, i.e. to (i) quantify stand-replacing 

disturbance change in Europe at the continental scale until the end of the 21st century for three 

different future emissions pathways (RCP2.6, RCP4.5 and RCP8.5); (ii) identify the location of potential 

hotspots of future disturbance in Europe; (iii) assess the specific contribution of individual disturbance 

agents to overall disturbance change; and (iv) evaluate the impact of changing disturbances on the 

demographic structure of Europe’s forests. 

Results 

Future disturbance rates and hotspots 

Disturbance rates across Europe increased throughout the 21st century under all climate scenarios. At 

the end of the century (2081-2100), disturbance rates (summed across all disturbance agents) were 

substantially higher than in recent decades (1986-2020), increasing by up to +122% under RCP8.5 

(+61% under RCP4.5 and +31% under RCP2.6) (Fig. 1a). Disturbance rotation decreased nearly by a 

factor of three under RCP8.5, dropping from an average of 1485 [± 756] years to 510 years [± 36] (708 

years [± 31] under RCP4.5, 869 [± 51] years under RCP2.6) (Fig. S1). The temporal progression of 

disturbance change throughout the 21st century differed distinctly between climate scenarios: Under 

a continuation of unabated climate change (RCP8.5), disturbance rates increased throughout the 

century, peaking at values around 0.2 % yr-1 in the last decades of the century (Fig. 1a). Conversely, 

under RCP2.6 and RCP4.5, peak disturbance rates occurred in the 2030s and 2050s, respectively, with 

declining rates towards the end of the century. Nonetheless, disturbance rates remained above the 

average values observed in recent decades (i.e., 0.09 % yr-1 from 1986 – 2020) throughout the century 



under all climate scenarios, underlining that disturbance activity will remain high regardless of 

emissions pathway. Analyzing the climate sensitivity of disturbance regimes in more detail, we found 

that temperature and summer aridity were main drivers of 21st century disturbance change (Fig. 1b). 

Across all climate scenarios, years with strong positive anomalies in temperature and summer aridity 

were also highly likely to be strong disturbance years (with disturbance rates >0.2 % yr-1). Vegetation 

feedbacks considerably dampened disturbance rates. To assess the strength of vegetation feedbacks, 

we contrasted simulations incorporating these feedbacks (the default in our model) to simulations 

disregarding vegetation feedbacks. This analysis showed that the probability of a cell being disturbed 

more than once decreased by a factor of between 2.6 (RCP2.6) to 3.9 (RCP8.5) (see Supplementary 

Text section Vegetation feedback effect) as a result of vegetation feedbacks, highlighting their 

importance for future disturbance trajectories. 

 

 

Fig. 1: Climate-mediated disturbance change in Europe’s forests. a Simulated disturbance rates until 

the end of the 21st century for three different representative concentration pathway (RCP) scenarios 

across all considered disturbance agents. Lines show the mean annual disturbance rate across all 

simulations for Europe, with the 95% confidence interval area shaded. For reference, grey boxes 

indicate observed annual disturbance rates derived from remote sensing (1990: 1986 – 2000, 2010: 

2001 – 2020) with whiskers extending to 1.5 times the interquartile range. See Fig. S1 for simulated 

disturbance rotations for the three RCPs. b Climate sensitivity of disturbance rate. Climate anomalies 

were calculated relative to the climate of 1986-2020 for mean annual temperature and summer (i.e., 

June, July, August) vapor pressure deficit (VPD). All climate scenarios and simulation years were 

aggregated and their mean disturbance rate visualized. Marginal density plots indicate the distribution 

of simulation years over anomalies by RCP scenario. The climate sensitivity of each individual 

disturbance agent is shown in Figs. S2 – S4. 

 

Disturbance rates increased in 76% of the forested hexagons of Europe under RCP8.5 (59% under 

RCP4.5, 45% under RCP2.6) during the simulation period. Aggregated at the level of biomes, 

disturbance rates increased in large parts of the Mediterranean biome (89% of the area under RCP8.5; 

69% under RCP4.5; 52% under RCP2.6) (Fig. 2a). In the Temperate Broadleaved biome (78%; 62%; 45%) 

and the Temperate Coniferous biome (80%; 55%; 45%), disturbance rates increased under RCP8.5 and 



RCP4.5 but decreased moderately under RCP2.6. In the boreal forest (63%; 50%; 46%) and Tundra 

(57%; 47%; 36%), disturbance rates only increased throughout the majority of the biome under RCP8.5. 

The spatial distribution of disturbance rates showed that hotspot areas with particularly high 

disturbance rates (i.e., >0.3 % yr-1, which is more than three times the average disturbance rate 

observed at continental scale for past decades) emerged in all major biomes, from southern Finland to 

Germany and Greece (Fig. 2b, see Fig. S5 & S6 for the other RCP scenarios). The main hotspots of 

disturbance change relative to 1986-2020 were along the coastline of the Mediterranean Sea, in 

western France and the British Isles, as well as in the Carpathian mountains (Fig. S7 – S9). 

 

 

Fig. 2: Spatial patterns of future forest disturbance. a Percent of area (expressed as the share of 25 

km hexagons within a biome) for which disturbances increase under scenario RCP8.5 (biome 

information was obtained from Olsen et al. (42)). The whiskers extend to 1.5 times the interquartile 

range across all simulations conducted under RCP8.5 (n = 30). b Simulated 21st century disturbance 

rates under scenario RCP8.5 (see Fig. S5 & S6 for other scenarios). Values show the mean disturbance 

rate across all simulation years (2021 – 2100) (see Fig. S7 – S9 for spatial patterns of disturbance change 

between 2021-2030 and 2091-2100). The size of the points corresponds to the share of forest area in 

each 25 km hexagon. For the sake of visualization, we capped disturbance rates at 0.5 % yr-1 (i.e., the 

83rd percentile of the data). Grey areas mark non-forested hexagons. 

 

Agents of disturbance change 

Increasing wildfires contributed most strongly to 21st century disturbance change in Europe. Mean 

annual area burned increased from 82,016 ha yr-1 (1986 – 2020 ) to 232,061, ± 9,924 ha yr-1 (95% CI) 

under RCP8.5 until the end of the 21st century (2081-2100) (RCP4.5: 145,856 ± 5,870 ha yr-1, RCP2.6: 

108,580 ± 4,907 ha yr-1) (Fig. 3a). The level of burning that historically constituted an extreme fire year 

(i.e., above the 90th percentile of observations for 1986-2020, 144,779 ha yr-1) was exceeded every 

year at the end of the century (i.e., 2081 – 2100) under scenario RCP8.5 (return period 1.01 ± 0.00 

years) (Fig. 3b). Under RCP4.5, historical extreme fire years occurred on average every other year at 



the end of the century (2.14 ± 0.03 years). Bark beetle disturbances also contributed distinctly to 

increasing 21st century forest disturbances. The annual area disturbed by bark beetles increased from 

32,251 ha yr-1 observed between 1986 – 2020 to 58,923 ± 1,599 ha yr-1 at the end of the century 

(RCP8.5), and still reached 40,714 ± 1,052 ha yr-1 under scenario RCP4.5. Under scenario RCP2.6 bark 

beetle disturbances increased in the first decades of the simulation, peaking at 46,424 ± ,2,899 ha yr-1 

in the period 2021 – 2040, and then decreased to 33,512 ± 1,539 ha yr-1 at the end of the century. 

Historical extreme bark beetle disturbances (48,396 ha yr-1) occurred every other year by mid-century 

in all climate scenarios (return periods of between 1.42 ± 0.03 years and 2.50 ± 0.04 years across all 

scenarios) (Fig. 3c). At the end of the century, scenarios diverged, with historical extreme values 

occurring every year under scenario RCP8.5 (1.10 ± 0.01) and return periods between six and 11 years 

for the other climate scenarios. Bark beetle disturbances were highly sensitive to interactions with 

windthrows. These interactions were responsible for 31% of the total simulated area disturbed by bark 

beetles across all scenarios (see Supplementary Text, section Disturbance interaction effect). However, 

wind disturbances themselves remained relatively stable throughout the 21st century, resulting from a 

lack of robust future wind projections and the assumption of unchanged wind climate. Wind 

disturbances nonetheless increased slightly in all scenarios as a result of changing forest structure, to 

between 74,485 ± 2,417 ha yr-1 and 76,920 ± 2,843 ha yr-1 at the end of the century (relative to 1986-

2020: 68,537 ha). The return periods of historical extreme values (208,738 ha yr-1) decreased slightly 

under all climate change scenarios, with values ranging from 12.86 ± 0.15 years (RCP4.5, 2061-2080) 

to 21.00 ± 0.00 years (RCP8.5, 2081-2100) (Fig. 3d).  

 

Fig 3: Agents of disturbance change. a Annual area disturbed by agent and climate scenario. Historical 

records (shaded), including attribution to the three disturbance agents, are observed values and were 

obtained from Senf & Seidl (43) and Seidl & Senf (44). Error bars give the standard error across all years 

of the time period. b, c and d Density distributions of annual area disturbed 2021-2100 by agent and 

climate scenario. Each distribution contains all simulation years for the given RCP. The range between 

the 10th and 90th percentile of historical values (1986 – 2020) is shown as shaded rectangle (derived 



from Senf & Seidl (43) and Seidl & Senf (44)). Note that we used data from Patacca et al.(2) to calculate 

the proportional contribution of bark beetles and wind, enabling us to disentangle the disturbance 

shares of the two agents per year. As no data were available for the year 2020, disturbed area for bark 

beetle and wind were omitted for 2020 in this analysis. See also Fig. S10 – S15 for disturbance rate 

maps of the individual agents and Fig. S16 – S18 for timeseries of annual disturbed area per agent. 

Impacts on forest demography 

Climate-mediated increases in disturbance activity distinctly altered Europe’s forest demography. At 

the end of the century, the proportion of young forests (i.e., forests disturbed or harvested in the last 

10 years) compared to baseline simulations (i.e., 80 years simulated under historical climate and 

disturbance regimes), increased by between 0.4% (RCP2.6) and 14.2% (RCP8.5). Generally, with 

warmer climate the amount of young forests increased (Fig. 4a). This effect was strongest in the 

Mediterranean biome, where warming beyond 2°C non-linearly increased the amount of young forests 

by up to 34% at a warming level of 4°C compared to baseline simulations. In the temperate and tundra 

biomes young forests increased linearly with warming, while no climate response was found in the 

boreal biome. As the amount of young forests increased, old forests (i.e., forests not disturbed or 

managed for at least 80 years) decreased with warming, by between 0.8% (RCP2.6) and 2.9% (RCP8.5) 

at the end of the century compared to baseline simulations. Particularly Mediterranean and temperate 

biomes lost old forests with warming, with accelerating losses beyond warming levels of 2°C. In 

contrast, the amount of old forests increased moderately in the boreal biome up to a warming level of 

approximately 3°C (Fig. 4b).  

 

Fig. 4: Changes in Europe’s forest demography under altered climate and disturbance regimes. a, 

Changes in young forests with warming. Young forests were here defined as forests < 10 years of age. 

b, Changes in old forests with warming. Old forests were here defined as forests not disturbed or 

harvested after the year 2020, i.e. forests > 80 years of age. See also Fig. S19 – S21. For a sensitivity 

analysis of different definitions of young forests see Fig. S22 and Table S2. Each point represents the 

value of a unique simulation and 10-year time step. Change values were calculated relative to 

simulations under historical climate and disturbance regimes. Model fits are plotted with 95% 

confidence interval (shaded). For demographic responses to changes in VPD see Supplementary 

Material Fig. S23.  

  



Discussion and conclusions 

We here presented a high-resolution analysis on future forest disturbance change at continental-scale, 

harnessing a simulation framework that explicitly considers disturbance interactions and vegetation 

feedbacks. Our results show that forest disturbances in Europe will continue to increase over the 

coming decades under all climate scenarios. Moreover, disturbances are likely to reach unprecedented 

levels in the second half of the century if climate change continues unabated. To contextualize the 

future disturbance levels reported here it is important to note that our baseline period for calculating 

change (1986 – 2020) already saw the highest level of disturbances in at least 170 years (45). Our 

findings are in line with general expectations of increased disturbance activity under climate change 

(4) and with previous modeling studies that projected such increases under climate change for wildfire 

and bark beetles (28, 30, 46). Specifically, we show that wildfire is the agent most strongly driving 

future disturbance change, particularly in Mediterranean Europe (28, 47). However, our analyses 

indicate that wildfires will also increase in the temperate and boreal biomes (48, 49), indicating the 

emergence of novel disturbance regimes in areas where fire was less prevalent previously. The second 

agent contributing strongly to disturbance change, particularly in the temperate biome, was bark 

beetles. The high climate sensitivity of bark beetles found here is well in line with observations, with 

bark beetle infestations erupting across Central Europe (13) in recent years in response to warmer 

temperatures and prolonged periods of drought, accelerating the life cycle of the beetle (50) and 

decreasing the ability of trees to defend against bark beetle attacks (51). A particularly interesting 

finding is that under moderate warming negative vegetation feedbacks could eventually dampen 

disturbances from bark beetles (46, 52), while they continue to increase under unabated climate 

change (RCP8.5).   

Important limitations need to be considered when interpreting our findings. First, as our focus was 

solely on the effects of climate on disturbances, we assumed a continuation of business-as-usual 

management in our simulations. Consequently, management approaches such as changing forest 

structure and composition to reduce disturbance risks (53, 54) were not considered here. Furthermore, 

we note that high uncertainties remain regarding the development of future wind extremes (55). 

Owing to these uncertainties we here assumed no directional change in the occurrence of future wind 

climate. The moderate increase in wind disturbance rates reported here thus results from an indirect 

effect of a changing forest structure on the susceptibility to wind. As wind was historically the most 

important disturbance agent in Europe (2), and wind disturbances strongly interact with bark beetles 

(37), even small changes in future wind extremes could have a large impact on Europe’s disturbance 

regime. We also note that we here only consider stand-replacing disturbances (i.e., disturbances with 

high severity) while disregarding low-severity disturbance events. Low-severity disturbances are 

ecologically important in many forest ecosystems (56), yet they remain difficult to detect via remote 

sensing (39). Lastly, we here focused on the single most important biotic disturbance agent in Europe, 

the European spruce bark beetle Ips typographus L., and disregard other herbivores that can cause 

tree mortality (57). Notably, we also did not consider the potential spread of non-native pest species, 

which could be facilitated by climate change (58, 59). Thus, the estimates reported here are likely 

conservative. Notwithstanding these limitations, the extensive evaluations conducted show that our 

approach was well able to reproduce recent disturbance regimes in Europe (see Supplementary Text, 

section Disturbance modules), lending support to our results. 

Our findings have important implications for forest policy and management. First, they highlight that 

a further increase in forest disturbances in the coming decades is highly likely, underscoring the 

imperative of adapting to disturbance change. This could be done, for instance, by fostering mixed 

forests of climate-adapted tree species (60, 61), as such forests have increased resilience to high 

severity disturbances. Furthermore, managing for structurally complex and uneven-aged stands has 



proven effective to buffer the impacts of wind and bark beetle disturbances (53, 62). The fact that 

disturbance hotspots emerge throughout the continent in our simulations highlights that disturbance 

change is a pan-European issue that requires attention at supra-national scale (63), but also highlights 

the importance of regionally adapted strategies and policies for addressing this challenge (64). Our 

fine-grained analysis of spatial disturbance patterns also indicates that some areas might serve as 

future disturbance refugia (65), e.g. the forests of Europe’s high North and the Mediterranean 

mountain ranges (e.g., Pyrenees, Apennine). Highlighting demographic effects as one important 

impact of disturbance change, we here show that Europe’s forests could become younger and more 

open in the future. This is in line with general expectations (6, 15, 16) and highlights that increasing 

disturbance activity could distinctly alter the face of Europe’s forests. These changes could, for 

instance, impact forest carbon storage (66, 67) and reduce the carbon sink strength of Europe’s forests 

(68), disrupt timber markets (23, 69) and challenge the transition to a forest-based bioeconomy (70). 

They furthermore have important implications for biodiversity, potentially increasing overall species 

richness (as recently disturbed forests harbor very high levels of biodiversity (17, 71, 72)), while 

negatively affecting species that are particularly adapted to old forests (73). Forest-related policies 

should take these findings into account, e.g., when considering the contribution of forest carbon sinks 

to the European Union’s climate ambition (74), or when setting aside protected areas to fight 

biodiversity loss (75). We conclude that changing forest disturbance regimes are a major challenge for 

forests in the 21st century. Disturbance change needs to be explicitly considered in forest policy and 

planning in order to safeguard important ecosystem functions and services. Finally, effective mitigation 

of anthropogenic climate change is key for preventing unprecedented forest disturbances and their 

negative impacts. 

  



Materials and Methods 

To project future trajectories of forest disturbance accounting for agent interactions and vegetation 

feedbacks, we developed an integrated simulation framework consisting of two major components: 

(1) simulations of undisturbed forest development via a deep learning-based model trained on a large 

dataset of harmonized, local-scale forest process model simulations, and (2) disturbance modules for 

the agents wildfire, bark beetle outbreaks, and wind, combining process understanding and empirical 

data from remote sensing to model the occurrence and impact of disturbances contingent on climate 

and vegetation conditions. As a framework for integrating these two components, we used the meta-

model SVD (Scaling Vegetation Dynamics (41)), which is able to track forest development, disturbances 

as well as their interactions and feedbacks at high spatio-temporal resolution (100 x 100 m, annual 

time step) at continental scale. In the following, we describe all the components of our simulation 

framework in more detail. An overview of our conceptual approach and analysis steps is given in the 

Supplementary Text, Fig. S25. 

SVD framework 

At its core, SVD follows a state and transition approach (76) to simulate vegetation and disturbance 

dynamics, where vegetation is classified into discrete states, and transitions between states are 

probabilistic. However, SVD differs from classical state and transition models in at least two 

fundamental ways: the consideration of a very large number of vegetation states and the estimation 

of transition probabilities via artificial intelligence, based on a large body of underlying simulation data. 

This data-driven approach is a key innovation of the framework: instead of relying on transition rules 

defined by human experts, SVD `learns` the probabilities of vegetation transitions directly from a large 

database of simulated forest data, creating a representation of complex ecosystem dynamics that is 

scalable across large spatial domains. The SVD framework thus acts as a meta-model, integrating the 

complex response of ecosystems to environmental drivers from underlying process models. 

In SVD, vegetation states in a given cell are characterized as unique combinations of three dimensions: 

tree species composition, canopy height, and leaf area index (LAI). These three variables were chosen 

as state variables of the model because they broadly represent different dimensions of forest 

ecosystems (i.e., their composition, structure, and functioning (77)) and because they can be 

consistently derived from remote sensing across large spatial scales (see below). To create the discrete 

state space used in this study, canopy height was categorized into 2m bins of dominant canopy height 

(from zero to 50 m) and leaf area index into three classes (LAI <2, 2 ≤ LAI ≤ 4, LAI > 4 m2m-2). Species 

composition was discretized by dominant species (representing more than 66% of stand basal area) 

and/ or up to four co-occurring species (with a proportion of basal area of at least 20%). For the current 

application of the model, 5,445 unique forest states were defined to represent the forest ecosystems 

of Europe in SVD.  

Transitions between states can happen through two conceptually distinct pathways. Slow transitions 

occur regularly and result in gradual changes, such as those from tree growth and regeneration. These 

are simulated using a dedicated deep neural network (DNN) trained to predict the next state and the 

timing of the transition based on the current state and environmental drivers such as climate and soil 

conditions. In contrast, fast transitions are discrete in space and time and have the potential for abrupt 

changes that reset stand development, such as tree mortality from disturbance or harvesting. These 

events are simulated by dedicated process-oriented modules of disturbance (considering wildfire, the 

European spruce bark beetle Ips typographus L., and wind) and forest management. The approaches 

to modeling slow and fast transitions are described in more detail in the following sections. For a more 

detailed description of SVD, we refer to Rammer & Seidl (41) and Grünig et al. (78). 

Slow transitions: A Deep Neural Network of forest development 



To simulate slow transitions of forest development in the absence of disturbance and management, 

we trained a deep neural network on simulation data from local process models. The empirical 

foundation for the DNN was a harmonized dataset of local process-model simulations throughout 

Europe. Specifically, the dataset comprised 1.1 million harmonized forest simulations from 17 locally 

validated models for 13,600 locations across Europe (a total of 135·106 simulation years (40, 79)). 

Continuous simulation outputs were transformed into the discrete forest states considered in SVD and 

the transitions between them. 

The DNN was designed to predict two outputs for each grid cell: the target state (i.e., which state the 

cell will transition to next), and the target time (i.e., the number of years until this transition occurs, 

focusing on a 10-year forecasting window). Both predictions are contingent on the current state and 

its residence time (i.e., the time elapsed since the last transition) as well as the prevailing soil 

conditions (i.e., water holding capacity, soil texture, soil depth and plant-available nitrogen) and 

climate conditions (i.e., temperature, precipitation, radiation and vapor pressure deficit; see 

Supplementary Text, section Climate data for more details). In addition, the DNN includes a dynamic 

memory of the three previous state transitions and respective residence times, allowing the model to 

account for the influence of a forest stand’s past trajectory on its future development. 

The chosen DNN architecture was a feed-forward neural network comprising 6.6 million trainable 

parameters, structured in 22 layers and 3 blocks with residual connections, implemented using the 

TensorFlow (80) and Keras (81). It considered 5,445 discrete forest states and ten classes of target 

times (10-year forecasting window). The trained DNN demonstrated strong predictive capabilities in 

the model tests undertaken. For the validation dataset, it correctly predicted the target state after 

transition with an accuracy of 86.9%. Predicting the exact timing of a transition was more challenging 

(61.1% accuracy). However, the true time to transition fell within the top two classes predicted in 

79.3% of cases, and the true target state was within the top two most probable predictions in 95.4% 

of cases (see Supplementary Text, section Meta-model DNN for more details on model evaluation).  

Fast transitions: Disturbance and management modules 

We developed disturbance modules for simulating the major European disturbance agents wildfire, 

bark beetles and wind, together accounting for 87% of all disturbances that occurred over the past 70 

years (2). Our disturbance modules combine process understanding with the latest continental-scale 

remote sensing information, allowing us to capture the climate sensitivity of disturbances as well as 

their complex interactions with vegetation. The modules are briefly described below, for additional 

information on algorithms, data sets, and evaluation exercises we refer to the Supplementary Text, 

section Disturbance modules.  

The wildfire module simulates the processes of ignition and spread of wildfires using a two-step 

approach. First, a time series of fire events (i.e. ignition, locations and the maximum size of a fire) was 

generated statistically, and second, those events were dynamically simulated within SVD. The 

statistical modeling step links historical fire events from remote sensing (43, 82) with environmental 

information. To create a robust training data set from the remotely sensed disturbance maps, we first 

aggregated individual fire disturbance patches into larger fire complexes by combining patches from 

the same year < 150m apart, following the methodology of Grünig et al. (2023) (30). We then modeled 

the number of fire complexes per year on a 100 x 100 km grid. Specifically, we calibrated a linear mixed-

effects model with negative binomial error distribution (to account for overdispersion in count data) 

to quantify the relationship between fire frequency and vapor pressure deficit (VPD). For each ignition 

generated by the frequency model, a spatial location was then determined using a separate spatial 

probability model that incorporated factors influencing ignition, such as population density (83), 

lightning density (84), topography (i.e. elevation, slope and aspect derived from a global digital 



elevation model (85) ), distance to waterbodies (derived from Copernicus CORINE landcover data (86)), 

and climate (i.e. mean temperature, precipitation and temperature seasonality from the 1981-2010 

period (87)). Further, for each ignition, maximum fire size was estimated based on a relationship 

between observed fire sizes and local VPD (30). This series of statistically predicted fire events was 

then used to drive dynamic fire spread in SVD. The spread mechanism is a probabilistic cellular 

automaton (88) where the probability of fire spreading from a burning cell to its neighbors is calculated 

based on fuel availability (derived from the current vegetation state), wind conditions, and topography. 

Fires stop burning when they run out of fuel, or when they reach the statistically determined maximum 

fire size, thus explicitly accounting for the dampening feedback of fuel limitation. See the 

Supplementary Text section Fire module for more details.  

The bark beetle module models outbreaks of tree-killing insects based on climate-mediated beetle 

population growth, spread of beetles from an initial outbreak spot, and vegetation predisposition to 

beetle attack. We here focus solely on the European spruce bark beetle (Ips typographus L.), which is 

the single most important biotic disturbance agent in Europe (2). Beetle pressure was modeled 

mechanistically by first calculating the number of potential beetle generations completed per year 

using an approach based on the PHENIPS model (89). This phenology model uses daily data on 

minimum and maximum temperature and radiation, as well as latitude, to determine voltinism. Higher 

generation numbers under warmer conditions lead to higher beetle pressure, which in turn determines 

the size of dispersal kernels used for spread (90) . Winter mortality was also explicitly modeled as a 

function of the number of days with minimum temperatures below a critical threshold of -15°C. A key 

feature of the module is that outbreaks are not pre-determined events but emerge dynamically from 

the interaction of beetle pressure and forest conditions. Infestations are initiated probabilistically, 

driven by a combination of a regional background infestation probability, host tree presence (with 

Picea abies (L.) Karst of at least 10 m in height being the sole host tree of the insect), and climate-

dependent drought stress, which is approximated by summer vapor pressure deficit (91). Moreover, 

the presence of windthrown trees increases the probability of bark beetle infestation (because they 

have low defense capacity against beetles). To initiate bark beetle activity, we calculated a background 

outbreak probability, defined as the annual likelihood of a bark beetle outbreak occurring in a given 

cell in the absence of a local outbreak. This probability was constrained to the current distribution 

range of Norway spruce (according to Brus et al. (92)) and approximated based on data derived from 

the European disturbance map (39). Since bark beetle and wind disturbances could not be separated 

in the remotely sensed data, we used data from Patacca et al. (2) to calculate the proportional 

contribution of bark beetles and wind to reported damages, enabling us to disentangle the disturbance 

proportion of the two agents per year. Once an outbreak is established, beetles spread from infested 

cells based on generation-dependent dispersal kernels and host susceptibility. The specific shape of 

the symmetric dispersal kernels was derived from empirical data (93), with an exponentially decreasing 

spread probability with increasing distance from the source cell. Each forest state has a specific 

susceptibility to bark beetle attack, derived mainly from the proportion of the host tree species on the 

cell as well as canopy height as a proxy for tree size (94). Moreover, interactions between wind 

disturbances and bark beetle outbreaks are considered explicitly: Cells of the host tree Norway spruce 

affected by wind events in the previous year exhibit increased susceptibility to bark beetle attacks. The 

impact of bark beetles on infested cells is influenced by a combination of a base mortality rate, cold 

spells, and the elapsed time since the initiation of the local outbreak. This approach represents the 

effect of density-dependent feedbacks in the bark beetle population as well as the effect of antagonists 

on population development, and results in realistically pulsed outbreak dynamics. See Supplementary 

Text section Bark beetle module for more details and model evaluation.  

The wind module simulates the effects of storm occurrence and disturbance spread. Similar to the 

wildfire module described above, a series of storm events (i.e. number, location, and extent) 



throughout Europe were determined statistically based on historical windthrow data (39). We first 

identified discrete storm events from the raw disturbance maps by connecting neighboring disturbed 

cells (i.e. 10km grid cells where at least one disturbed 30m pixel was included) using a queen-contiguity 

algorithm. The annual number of storms, their extent (i.e. the number of 10km grid cells) and severity 

(defined as the relative area affected by disturbance) were then determined by sampling from the 

statistical distribution of historical events. To determine the location for each storm event, we 

modelled the spatial probability of occurrence using a binomial generalized additive model (GAM). Key 

predictors for this GAM, 5-year wind speed return intervals and maximum storm gusts, were obtained 

from a comprehensive pan-European storm reanalysis database (95), which represents historical storm 

conditions across Europe. Once a storm event occurs in SVD, the spread of wind disturbance is 

simulated dynamically. The simulation starts by identifying the most susceptible 100m cells as starting 

points for the disturbance within the storm’s footprint (i.e. of one or more 10km cells). Stand 

susceptibility to wind was defined as a function of species composition and tree height (27). From 

these initial points the disturbance spreads using a neighborhood-based approach. The probability of 

a neighboring cell being affected is influenced by its own susceptibility, but also by its proximity to 

edges created by already affected cells (96), thus explicitly accounting for spatial contagion in 

windthrow events. See Supplementary Text section Wind module for more details.  

The disturbance modules were integrated into the SVD framework and operate on annual time step 

and 100 x 100m spatial resolution. We here only considered high severity disturbances from all agents; 

if a cell was affected, the impact of the disturbance was simulated as a reset of the vegetation to an 

early seral state (i.e., lowest tree height and leaf area index values within the state space considered) 

with the same tree species composition as the pre-disturbance state. The exception to this rule was 

the host-specific effects of bark beetles, where in mixed stands only the host tree species Norway 

spruce was affected, altering the post-disturbance species composition. 

The majority of Europe’s forests are managed (97), and management distinctly influences forest 

structure, which in turn determines susceptibility to disturbance. It was thus important to also simulate 

forest management to derive realistic future disturbance projections for Europe. To that end we 

implemented a forest management module into SVD. The intention was not to capture the nuances of 

forest management across Europe, nor to simulate innovative management approaches aimed at 

climate change adaptation. Rather, the management implemented here provides a counterfactual 

basis for the assessment of disturbance change, serving as a baseline for disturbance analyses by 

keeping management constant at the historical default. As even-aged management remains the most 

prevailing silvicultural system in Europe (97) we simulated a stand level management system. We 

focused on final harvesting only; tending and thinning operations were not considered. To mimic 

decision-making in timber-oriented forestry, we determined the time of final harvesting based on 

stand-level principles of growth and yield. A stand became a potential candidate for harvesting once 

its height increment (i.e., broadly speaking, its return on investment, here expressed in terms of height 

growth) fell below a pre-defined threshold of 0.5% per year, a value derived from an analysis of yield 

tables for major European tree species. Following this identification of candidate cells for harvesting, 

interventions were implemented probabilistically with a base probability of 0.33 assigned to candidate 

stands. Stands with trees taller than 30 meters received priority for harvesting (expressed as increased 

probabilities), mimicking risk reduction behavior of forest managers particularly in the context of wind 

and bark beetle disturbances (27). To avoid unrealistically large pulses of management at the start of 

the simulation, a burn-in period gradually scaled management probabilities, and a regional cap limited 

harvested area to 1.25 times the observed maximum from remote sensing data at regional scale (100 

x 100 km). Stands scheduled for harvesting were also determined at a regional scale to account for 

local variations in tree growth across different regions, such as the lower growth rates typical for the 

Mediterranean region compared to other parts of Europe. As our management regime was designed 



to broadly represent the business-as-usual of current management, we assumed no management-

related changes in tree species composition over the current status quo. Furthermore, forest area was 

time-invariant in our simulations, i.e., we did not simulate transitions to non-forest states. To ensure 

that the forest structures emerging from the thus simulated management were realistic, we compared 

simulations to independent estimates of harvested area from remote sensing data (44). We found 

good agreement between simulation and observation; the median annual harvested area from 

historical records (1.037 mio ha) was well represented in our historical simulation runs (median 1.056 

mio ha). See Supplementary Text section Management module for further details. 

Model initialization and drivers 

High-resolution simulations of future forest and disturbance regimes require wall-to-wall information 

on both the initial state of the vegetation and its drivers (i.e., climate and soil data). Our simulations 

were initialized with the state of the vegetation in the year 2020. Forest area was defined by a forest 

mask derived from Copernicus Land Monitoring Service data (98). To determine SVD states for each 

100 x 100m cell, we combined multiple data sources. For canopy height, we used a high-resolution 

canopy height map derived from a deep-learning based fusion of Sentinel-2 and Global Ecosystem 

Dynamics Investigation (GEDI) space-borne LiDAR (99), which we then aggregated from the native 10m 

resolution to 100m using the 80th percentile to approximate dominant stand height. For leaf area index 

(LAI), we calculated the yearly maximum from MODIS data (100) over three years (2019-2021) and 

downscaled to 100m resolution using bilinear interpolation. For species composition, we combined 

tree species maps (92) with high-resolution species distribution models (101) to assign proportions of 

23 tree species, which were then downscaled from 1km to 100m using a sampling algorithm informed 

by local potential species diversity. Finally, these three layers were combined to assign a discrete forest 

state to each grid cell. Whenever a state created this way was not contained in the state space of the 

DNN training data, we assigned it to the most similar state available using a dedicated mapping 

algorithm. For more details see Supplementary Text section Initialization of forest vegetation.  

EURO-CORDEX climate data (87) were used to characterize climate conditions until the end of the 

century in different climate scenarios. Daily climate data for temperature, precipitation, relative 

humidity, and solar radiation were compiled for three Representative Concentration Pathway (RCP) 

scenarios (RCP2.6, RCP4.5, and RCP8.5, representing increasing severity of climate change), as well as 

for historical climate, used for model evaluation and as counterfactual scenario to determine climate 

change effects on forest demography (years 1981-2010, sampled with replacement). Across Europe 

the three RCP scenarios project increasing mean annual temperature (+4.25°C under RCP8.5, +2.18°C 

under RCP4.5 and +1.35°C under RCP2.6) and increasing VPD (+0.29 kPa under RCP8.5, +0.11 kPa under 

RCP4.5 and +0.06 kPa under RCP2.6) until the end of the century (2081 – 2100) compared to the 

historical baseline period (1986 – 2020) (Table S3). Each RCP scenario was simulated with three global 

circulation models (GCMs: MPI-M-MPI-ESM-LR (102), ICHEC-EC-EARTH (103), NCC-NorESM1-M (104), 

all downscaled with the RCM SMHI-RCA4 (105)), resulting in nine climate change scenarios and three 

historical scenarios. GCMs were selected based on the GCMeval tool (106) and represent rather 

conservative change in temperature and precipitation (see Supplementary Text, section Climate data 

for more details). Vapor pressure deficit (VPD) was calculated from relative humidity and air 

temperature. All climate data were aggregated to monthly and yearly averages for subsequent use in 

SVD. Soil conditions were quantified via effective soil depth, soil texture (sand, silt, and clay content), 

water holding capacity (WHC), and soil fertility, with the latter approximated by plant-available 

nitrogen. Data on soil depth, texture, and WHC were obtained from the European Soil Data Centre 

(ESDAC) (107). Plant-available nitrogen was derived from nitrogen stocks and a pseudo-mineralization 

rate, determined via inverse modeling (see (40) and Supplementary Text section Soil conditions for 

details). All soil variables were kept time-invariant throughout the simulations. 



Analyses 

We ran 10 replicated simulations for each of the four forcing scenarios (three RCP scenarios + historical 

climate) and three GCM scenarios, resulting in a total of 120 simulated future trajectories. Scenario 

simulations were run for 80 years from 2021 to 2100. Disturbance rates were calculated as the 

percentage of forest area disturbed, based on simulated area disturbed at 100 x 100m grid cell level. 

Disturbance return period was calculated by dividing the forest area by the annual area disturbed, i.e., 

describing the amount of time needed until the cumulative area disturbed equals forest area. All 

calculations were done at the level of individual disturbance agents which were subsequently summed 

to derive metrics for overall disturbances. As reference values for assessing disturbance change we 

used remotely sensed observations for the period 1986-2020 (39). Changes in disturbance rates were 

assessed at continental and biome level (42).  

To evaluate the performance of the integrated simulation framework, we adopted a consistent 

strategy across all modules: we ran the full SVD model under historical climate conditions (sampling 

from the 1981-2010 period with replacement) and compared the distributions of simulated annual 

disturbed area against historical remote sensing records. This approach confirmed that simulations 

corresponded well with observations. For instance, the simulated time series of fire events showed 

good agreement with observations for both the number of fires (r = 0.95) and burned area (r = 0.71). 

For bark beetles, the simulations correctly reproduced the elevated disturbance levels of the early 21st 

century, with the simulated median annual area disturbed of 33,871 ha corresponding well with the 

observed outbreak activity in 2001-2020 (observed median 29,046 ha). 

We conducted specific experiments to quantify the effects of key feedbacks and interactions within 

the model. To quantify the impact of vegetation feedbacks on simulated disturbance regimes, we 

compared simulations with dynamic vegetation (i.e., where vegetation states changed in response to 

disturbance) against simulations where the initial forest state was kept static (i.e., with no feedback 

from disturbances on vegetation state). To quantify the effect of disturbance interactions, we focused 

on the link between windthrow and subsequent beetle outbreaks. We ran simulations where this 

interaction was experimentally turned off in the model and compared them to the full model. (see 

Supplementary Text, sections Vegetation feedback effect and Disturbance interaction effect for more 

details). 

For the analyses of disturbance hotspots and demographic impacts, results were aggregated to 25 km 

hexagons (area: 541.3 km2). We excluded hexagons with less than 5% forest area from the analyses. 

Demographic impacts were analyzed at the end of the simulation (year 2100). Reference values to 

determine the effects of changing climate and disturbance regimes on forest demography were 

derived from simulations under historical climate and disturbance (i.e. baseline simulations). 

Specifically, we focused on two age classes of particular interest in the context of disturbances in our 

analyses of demographic effects, young forests (i.e., disturbed or harvested within the past 10 years) 

and old forests (i.e., cells that were neither disturbed nor harvested throughout the entire 80-year 

simulation period and are thus more than 80 years old). A sensitivity analysis on other thresholds for 

defining young forests can be found in the Supplementary Material, Fig. S23 and Table S2. All data 

were analyzed at the level of RCP scenarios, averaging over GCMs and replicates. All statistical analyses 

were performed in R (108) primarily using the packages terra (109), sf (110) and tidyverse (111).  
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