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A B S T R A C T

Forest wind damage models are typically based on the assumption that windstorm damage results from the 
interaction between horizontal wind forces and forest stand properties. In complex terrain, mountain waves 
caused by stably stratified air flowing over mountains can generate standing waves and severe downslope 
windstorms on the leeward side. Using the windstorm of 19 November 2021 in a mountain valley in southeastern 
Norway as a case study, we tested two hypotheses:

1. Forest stand properties do not significantly contribute to explaining forest damage during a mountain wave 
event.

2. Meteorological variables related to atmospheric stratification, turbulence, and non-horizontal airflow 
significantly contribute to explaining forest damage during a mountain wave event.

To test these hypotheses, we combined forest damage observations with a high-resolution numerical weather 
prediction model and Random Forest modeling. We used SHapley Additive exPlanations (SHAP) values to 
quantify the contributions of individual model features. Incorporating forest stand variables did not significantly 
improve predictive performance, whereas potential temperature gradient, vertical airflow velocity, and wind 
gust speed, capturing turbulence, did. SHAP analysis showed that although wind gust speed helped explain 
damage, its influence was secondary to that of potential temperature gradient, which had the strongest 
explanatory power. The model demonstrated good discriminative power between damage and no damage in the 
test set. Our findings underscore the limitations of conventional models reliant on horizontal wind speed, 
highlighting the need for high-resolution numerical weather prediction models that resolve three-dimensional 
flow in complex terrain, especially during mountain wave events.

1. Introduction

In 1950–2000, wind was a major natural disturbance agent in Eu
ropean forests, responsible for 53 % of the damage in terms of wood 
volume, followed by fire, bark beetles, and snow (Gardiner et al., 2010; 
Schelhaas et al., 2003). As reported in Patacca et al. (2023), the average 
forest damage caused by wind in 1950–2019 was 23 million m3 y-1, 
peaking at 48 and 38 million m3 y-1 in the 1990s and 2000s, respec
tively. Windstorms cause a variety of negative impacts on forests, 
extending beyond reduced timber quality and value, to include 
increased harvesting costs, disruptions to timber supply chains, and 
secondary biotic damage, such as bark beetle outbreaks (Blennow and 

Persson, 2013; Hanewinkel and Peyron, 2013; Komonen et al., 2011; 
Økland and Berryman, 2004; Romagnoli et al., 2023; Schwarzbauer and 
Rauch, 2013).

Extreme winds in Northern Europe are mainly associated with 
extratropical cyclones during the winter months (Feser et al., 2015) and 
convective weather such as thunderstorms during summer (Pettit et al., 
2021). In winter, climate warming-related changes in the intensity, 
frequency, or cyclone tracks of low-pressure systems, such as tropical 
cyclones transforming into increasingly more destructive extratropical 
cyclones (Cheung and Chu, 2023; Jung and Lackmann, 2023), could 
influence future windiness. In summer, changes in humidity caused by a 
warmer climate may alter the frequency and intensity of thunderstorms, 
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which are convective weather systems driven by atmospheric instability. 
While Patacca et al. (2023) found only a weak trend in wind distur
bances over the past 70 years, an increased risk of wind damage asso
ciated with a warming climate cannot be ruled out. The effect of climate 
change on future windiness in northern Europe is considered uncertain 
(Gregow et al., 2020; Groenemeijer et al., 2016; Kjellström et al., 2018; 
Ruosteenoja et al., 2019). Feser et al. (2015) note that while the number 
of storms in northwestern Europe may remain unchanged, their in
tensities may increase. Despite the uncertainties surrounding future 
extratropical cyclone activity in Europe under changing climatic con
ditions (Intergovernmental Panel on Climate Change (IPCC), 2023), 
simulation studies suggest that forest vulnerability to wind damage may 
increase in a changing climate, even without intensification of wind 
speeds, if current management regimes remain unchanged (Blennow 
et al., 2010; Díaz-Yáñez et al., 2019; Ikonen et al., 2017; Venäläinen 
et al., 2004).

Over the years, research has provided valuable insight into the fac
tors predisposing forests to wind damage. Among these, tree height has 
been consistently identified as the primary factor, while tree species, soil 
properties, and landscape characteristics also play significant roles 
(Gardiner, 2021; Gardiner et al., 2010). Knowledge of factors that in
crease the likelihood of forest wind damage enables forest managers and 
planners to mitigate wind damage through tree species selection, man
agement, and planning measures.

Various methodologies have been employed to explain wind damage 
to forests, including analysis of spatially distributed forest growth and 
yield plots (Albrecht et al., 2012; Valinger and Fridman, 2011), wind 
tunnel experiments (Gardiner et al., 2005; Poëtte et al., 2017), mecha
nistic modelling (Blennow and Sallnäs, 2004; Peltola et al., 1999), and 
statistical and machine learning approaches (Albrecht et al., 2012; 
Blennow and Olofsson, 2008; Hale et al., 2015; Hanewinkel, 2005; 
Hanewinkel et al., 2004; Hart et al., 2019; Pawlik and Harrison, 2022).

Statistical modeling and machine learning modeling of wind damage 
utilize observed wind damage and input variables, including meteoro
logical, topographical, surface, soil, and forest stand variables 
(Díaz-Yáñez et al., 2019; Hanewinkel et al., 2014; Pawlik and Harrison, 
2022; Saarinen et al., 2016; Schindler et al., 2016; Suvanto et al., 2019). 
These approaches require a large amount of wind damage observations 
and high-resolution weather models accurately representing the atmo
spheric situation.

Modelling approaches to forest wind damage have so far focused on 
wind, i.e. the horizontal component of the airflow, acting on the trees 
(Chen et al., 2018; Dupont et al., 2015; Hart et al., 2019; Kamimura 
et al., 2022; Peltola et al., 1999). However, in mountainous terrain, 
mountain wave events are known to occur when stably stratified air 
flows over mountains (Durran, 1990), characterized not only by strong 
wind, but also by air being forced to rise and cool as it follows constant 
lines of potential temperature which is affected by the orography, 
typically lifted upward on the windward side and downward on the 
leeward slopes (Lilly and Klemp, 1979; Queney et al., 1960). This 
airflow pattern can lead to the formation of atmospheric gravity waves, 
characterized by alternating bands of rising and sinking air, both above 
and, in some situations, on the lee side of the mountains. These waves 
are often associated with intense and turbulent air movement on the 
leeward side, with speeds that can reach 60 m s-1, two to three times 
higher than the summit wind speed. Known as downslope windstorms 
(Jackson et al., 2013), these phenomena can cause severe turbulence, 
downdrafts, and abrupt changes in airflow direction and speed on the lee 
side of the mountains, resulting in damage to forests and infrastructure.

Reports exist of local mountain wave events in western North 
America causing substantial forest damage (Meyers et al., 2003). Similar 
weather phenomena have been routinely observed in Norway, though 
not specifically linked to forest damage – in part, because the affected 
areas lacked any significant productive forest cover (Harstveit et al., 
1995; Sandvik and Harstveit, 2005). Increased resolution of numerical 
weather prediction (NWP) models in recent years has enabled the 

realistic simulation of weather phenomena influenced by orography, 
such as mountain waves (Samuelsen and Kvist, 2024) and channeled 
flows in valleys (Valkonen et al., 2020). To the best of our knowledge, no 
previous studies have attempted to explain forest damage caused by a 
mountain wave event, through either mechanistic modelling, statistical 
techniques, or machine learning approaches.

Because orographic features impose systematic spatial patterns on 
the airflow, wind disturbance processes in neighboring forest stands are 
often correlated. This introduces the broader problem of spatial auto
correlation, a well-known issue in geostatistics (Moran, 1950). Spatial 
autocorrelation arises when predictor variables vary systematically in 
space, reducing the independence of observations and potentially 
biasing model performance. For example, when specific combinations of 
predictor variables are overrepresented due to dense sampling at small 
spatial intervals, this can inflate both predictive accuracy and explana
tory power of statistical or machine learning models. Despite its po
tential importance, no systematic efforts have, to the best of our 
knowledge, been made to account for spatial autocorrelation in empir
ical wind damage studies aimed at identifying factors that predispose 
forests to disturbance. Therefore, models that explicitly account for 
spatial autocorrelation could provide more accurate insights into the 
factors contributing to forest wind damage.

In this study, we tested two hypotheses as follows: 

1. Forest stand properties do not significantly contribute to explaining 
forest damage during a mountain wave event.

2. Meteorological variables related to atmospheric stratification, tur
bulence, and non-horizontal airflow significantly contribute to 
explaining forest damage during a mountain wave event.

Our analysis assumes that high resolution NWP models can give a 
realistic representation of the airflow during mountain wave events 
(Samuelsen and Kvist, 2024; Valkonen et al., 2020). We proceed from 
the premise that in mechanistic forest wind damage models, the main 
drivers of variance in the critical wind speed (CWS) exceeding which 
causes a tree to overturn or breakage are tree height and stem diameter 
(Locatelli et al., 2017). We further assume that when a forest stand is 
exposed to non-horizontal airflow, a dense canopy, with a larger surface 
to intercept the airflow, makes the stand more susceptible to wind 
damage (Quine et al., 2021). Using data from the 19 November 2021 
windstorm in southeastern Norway, we utilize input data comprising 
field observations of wind damage and forest inventories based on 
airborne Light Detection And Ranging (LiDAR) surveys. Our analysis 
employs the Random Forest modeling method (Breiman, 2001), inter
preting variable importance using the SHapley Additive exPlanations 
(SHAP) approach (Lundberg and Lee, 2017; Lundberg et al., 2018; 
Shapley, 1953), while accounting for spatial autocorrelation (Anselin, 
1995) in model formulation and accuracy assessment.

2. Materials and methods

2.1. Mountain wave event, study area, and forest damage observations

On 19 November 2021, a deep low-pressure system brought westerly 
flow with relatively warm air aloft over southern Norway (Fig. 1(a) and 
(b)), creating favorable conditions for the formation of mountain waves 
and potentially downslope windstorms on the lee side of the Scandina
vian Mountains. Weather stations at Geilo (772 m a.s.l.), Nesbyen (166 
m a.s.l.), and Veggli (275 m a.s.l.), all located in valleys at a range of 
elevations (Fig. 1(a)), recorded increasing wind from early morning with 
maximum gusts of 32.0 m s-1, 25.3 m s-1, and 24.9 m s-1 respectively 
during the afternoon (Skattør et al., 2021). Although the weather situ
ation was well predicted on a synoptic scale and weather alerts were 
issued, some areas experienced stronger winds than forecasted.

The strong gusts observed in the mountain valleys in southern Nor
way are likely to have been brought by downslope windstorms 
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associated with mountain wave formation and further downward mix
ing of momentum to the ground surface. Mass et al. (2019) report that 
strong wind shear and a low temperature inversion base, close to the 
height of the upstream terrain, favor localized downslope winds and 
irregular flow pattern on the lee side. Fig. 2 illustrates the necessary 
conditions for mountain waves to form, as described in Durran (1990)— 

the main wind direction is across the mountain range and there is a 
stable layer aloft giving buoyant oscillations and hence air descending 
over the valley on the lee side, where the downslope windstorm mani
fests itself as gusty wind extending down to the valley bottom, as indi
cated by the high values of turbulent kinetic energy (TKE) on the 
leeward side of the mountains in Fig. 2.

Wind damage from the 19 November 2021 windstorm was wide
spread in south-eastern Norway (Skattør et al., 2021), affecting build
ings, utility and telecommunications infrastructure, as well as forests. 
There were reports of broken Scots pine trees aged over 100 years (Viken 
Skog, 2021). Forest damage was highly localized, with multiple clusters 
of severe impact. The total extent of forest damage was estimated at 2.4 
to 2.6 million m3, primarily due to uprooting (Skogbrand For
sikringsselskap Gjensidig, 2022b). Among the hardest-hit areas was the 
Hedalen valley in Sør-Aurdal municipality (Fig. 1(a)). Covering 105 
km2, the valley lies in the boreal forest zone at elevations ranging from 
290 to 1130 m a.s.l. The valley is characterized by a steep east-facing 
slope (up to 66◦ steep) in the west and undulating hilly terrain in the 
east, with west-facing slopes approximately 25◦ steep and steeper 
south-facing ones (up to 45◦). The forests are dominated by Norway 
spruce (Picea abies (L.) H. Karst, 74 %) with an admixture of birch (Betula 
pubescens Ehrh. and B. pendula Roth., 8 %) in the valley bottom and sides 
at elevations below 450–500 m a.s.l., with Norway spruce gradually 
overtaken by Scots pine (Pinus sylvestris L., 19 %) at higher elevations.

Hedalen is a glacial U-shaped valley with the bottom covered by 
thick (1 m to >10 m) poorly sorted moraine sediment with some fluvial 
sediment bodies and eskers in the northern and southern ends; peat and 
bog are also present in the northern half of the valley bottom. At higher 
elevations, thin moraine sediment interspersed with bedrock outcrops 
and patches of peat and bog are typical. In terms of land-use types, 

Fig. 1. (a) Location map of the study area (red dot symbol), including locations of the three weather stations at Geilo (WIGOS ID 0–20,000–0–01,359), Nesbyen 
(WIGOS ID 0–20,000–0–01,373), and Veggli (WIGOS ID 0–20,000–0–01,471) (blue star symbols) and the main wind direction (black arrow); (b) mean sea level 
pressure (MSLP) analysis valid 19 November 2021 0600 UTC showing the deep low-pressure system approaching eastern Norway. MSLP isobars in hPa are shown in 
blue. F5 indicates 5 hPa decrease in MSLP in the past 3 h that can be associated with the development or strengthening of a severe weather system.

Fig. 2. Conceptual diagram of flow over mountain leading to the formation of 
mountain waves and downslope windstorms. The stable layer aloft, indicated 
by tightly spaced isentropes (in blue) starting at approximately 850 hPa with a 
strong vertical increase in potential temperature, is necessary for the waves to 
form, while the mountain wave manifests itself in the sinking air over the lee 
side of the mountain (high absolute values of upward air velocity indicated by 
red shading), giving rise to a downslope windstorm characterized by high TKE 
values. Orange shading shows areas where the square root of TKE exceeds 5 m 
s-1.

P. Zubkov et al.                                                                                                                                                                                                                                 Agricultural and Forest Meteorology 377 (2026) 110951 

3 



agriculture, forestry, and rural settlements prevail in the northern half of 
the valley, while the southern half is dominated by forestry land use. At 
elevations above 500 m a.s.l., production spruce-pine forest transitions 
into sparse high-elevation pine forest wilderness.

We used a ground reference dataset containing observations of 
windthrow damage collected during the winter of 2021/2022. The 
ground reference was a combination of visual interpretation of drone 
orthomosaics and field observations. Windthrow damage was mapped 
as vector polygons by the Norwegian forestry insurance company 
Skogbrand with the goal to identify areas eligible for insurance 
compensation where the eligibility criteria were overturning and 
breakage due to strong wind in at least 25 % of the pre-storm tree count, 
excluding patches smaller than 0.2 ha and stands with fewer than 200 
stems ha-1 (Skogbrand Forsikringsselskap Gjensidig, 2022a). One third 
of the damage polygons were reported as partially damaged, i.e., with 
less than 50 % of the pre-storm tree count felled by wind. Because of the 
observed inconsistencies in the application of the damage level criterion 
in the field data, we chose to merge the two damage classes (i.e., total 
and partial damage) together.

No-damage areas were identified by combining the areas repre
senting forest estates covered by a wind damage insurance, a forest mask 
derived from the Norwegian forest resource map SR16 (NIBIO, 2024), 
and the damage polygons, assuming forest areas covered by insurance 

and not reported as damaged to be free of windthrow damage. The 
resulting damage and no-damage polygons were rasterized on a 16 × 16 
m grid aligned with the SR16 map grid for a total of 40,000 damage and 
42,000 no-damage cells. The number of no-damage cells was selected to 
achieve a prevalence of close to 0.5 for the entire dataset. The reference 
dataset covered 29 % of the forest area. The reference data collection, 
processing, and subsetting procedure is described in more detail in 
Zubkov et al. (2023).

Fig. 3 presents a map of the windthrow damage areas used in this 
study together with maximum wind (Fig. 3(a)) and wind gust (Fig. 3(b)) 
speed values at 10 m altitude during the entire observation period on 19 
November 2021. Hourly wind speed in the valley bottom, where most of 
the wind damage occurred, did not exceed 20 m s-1; higher estimated 
wind loads can only be found at elevations above 1000 m a.s.l., i.e. 
mostly above the tree line, in the west of the study area. Basic statistics 
of the valley’s forests derived from the SR16 forest resource map are 
presented in Fig. 4 for damage and no-damage class separately.

Finally, we used the Norwegian forest resource map SR16 to extract 
three forest structure variables (Table 1) as follows aggregated on a 16 ×
16 m grid: (1) mean tree diameter at breast height (DBH), estimated for 
trees with a DBH ≥ 8 cm (DBH8), (2) tree crown coverage as a per
centage of the SR16 cell area (CC), (3) dominant tree height in dm (OH). 
SR16 forest structure estimates are derived from recent airborne LiDAR 

Fig. 3. Map of damage and no-damage areas and hourly (a) wind and (b) wind gust speed at 10 m altitude in the study area aggregated to the maximum value over 
the observation period of 19 November 2021 0000 to 2300 UTC. Wind and wind gust speed data were extracted from the 500 m HARMONIE-AROME NWP model 
used in this study. Black arrow shows the main wind direction.
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surveys augmented with multispectral aerial and satellite imagery used 
for stratification into tree species. While multiple forest structure vari
ables are available from the SR16 map, we chose OH and DBH8 as these 
were previously reported as the main drivers of variance in predicted 
CWS (Locatelli et al., 2017), while OH and CC are both derived from 
direct measurements of forests using, respectively, LiDAR and multi
spectral optical remote sensing. CC was chosen to represent the sail area 
of a forest canopy when exposed to non-horizontal airflow.

Considering the spatial distribution of wind damage in the study area 
(Fig. 3), which could be found in flat and steep terrain at lower and 
higher elevations alike, we chose not to include topographical variables, 

such as slope, slope aspect, and elevation, into the dataset. The decision 
was guided by an observation that the wind damage pattern across 
eastern Norway after the 19 November 2021 windstorm appeared to be 
driven by large-scale landscape forms, such as mountain ridges, valleys, 
and lee-side slopes, rather than local-scale variations in topography in 
forested areas.

2.2. High-resolution weather model

Modern weather forecasting relies to a large degree on the use of 
NWP models. In an NWP model, a short-term forecast is combined with 

Fig. 4. Density plots of the main forest structure variables in the study area stratified by observed wind damage: (a) dominant height in dm, (b) tree diameter at 
breast height in cm (for trees with stem diameter ≥ 8 cm), and (c) crown coverage percentage.
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data from meteorological stations, weather satellites, radiosondes, and 
other available observations to characterize the present condition of the 
atmosphere in a process called data assimilation, and from the initial 
state, a forecast is calculated by numerically solving the equations rep
resenting the atmosphere’s physical and dynamical processes.

The national weather services in Scandinavia have adopted for 

operational forecasting purposes the MetCoOp Ensemble Prediction 
System (MEPS) model, an implementation of an ensemble prediction 
system (EPS) version of the HARMONIE-AROME model (Bengtsson 
et al., 2017; Frogner et al., 2019). MEPS has a 2.5 km horizontal grid 
spacing and 65 vertical layers, extending from 12 m above the surface of 
the model terrain to a height of 33 km (Müller et al., 2017). The model’s 
lower levels follow the terrain, with a hybrid coordinate system 
approximating pressure coordinates at higher levels. The dynamical 
core of HARMONIE-AROME (Bénard et al., 2010) solves the Eulerian 
equations describing atmospheric motion on a 2.5 km grid, while at
mospheric processes such as radiation, cloud microphysics, and turbu
lence are parametrized and handled by the model physics (Bengtsson 
et al., 2017). The handling of turbulence is mainly based on Lenderink 
and Holtslag (2004) with some modifications as described in Bengtsson 
et al. (2017). The calculation of TKE is specifically based on a parame
terization of shear, buoyancy, transport, and dissipation as explained in 
Lenderink and Holtslag (2004), while the physical processes in the 
surface and the interaction between surface and atmosphere is treated 
by SURFEX (Masson et al., 2013), which is a surface model including 
land cover from ECOCLIMAP (Rieutord et al., 2024).

Following Valkonen et al. (2020), who demonstrated that increasing 
model resolution from a 2.5 km to 500 m grid spacing in Adventdalen, 
Svalbard, significantly reduced modeled wind error and produced a 
more realistic wind pattern, we were motivated to rerun 
HARMONIE-AROME for 19 November 2021 with a 10 s time step at a 
500 m cubic grid spacing with 90 vertical layers, starting at 5 m above 
the surface of the model terrain. The rerun suggested that downslope 
winds occurred on the lee side of the mountains in southeastern Norway. 

Table 1 
Forest structure (SR16) variables and aggregated atmospheric variables used as 
predictive features.

Notation Unit Variable description

Forest structure variables aggregated over the SR16 grid
DBH8 cm mean tree DBH for DBH ≥ 8 cm
CC % tree crown coverage as a fraction of a 16 × 16 m cell 

area
OH dm dominant tree height
Atmospheric variables aggregated over the observation period of 10 to 18 UTC on 19 

November 2021
FG10_max m s-1 maximum FG10

w_max m s-1 maximum absolute w
θ_diff_ml10_max K maximum θ gradient between 30 m and 220 m above 

the model terrain
θ_diff_ml10_min K minimum θ gradient between 30 m and 220 m above 

the model terrain
θ_diff_850hpa_max K maximum θ gradient between the pressure levels 850 

and 900 hPa
θ_diff_850hpa_min K minimum θ gradient between the pressure levels 850 

and 900 hPa
TKEdiff_min m2 s- 

2
minimum difference in TKE between 30 m and 220 m 
above the model terrain

Fig. 5. (a) Hillshade map of the Hedalen valley showing the study area and the location of the cross section in (b). See Fig. 3 for the map legend. (b) Cross section of 
potential temperature (in blue) in kelvins (K) and square root of turbulent kinetic energy (

̅̅̅̅̅̅̅̅̅
TKE

√
) in m s-1 (values in black; shaded gray < 3.5 m s-1, orange 3.5–5 m s- 

1, purple ≥ 5 m s-1), valid 19 November 2021 1500 UTC when the high TKE pattern on the lee side of the mountain was most expressed. Altitudes 30 m and 220 m 
referred to in this study are just above the model ground surface (shown in black) and just below the lowest 286 K isentrope.
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A cross-section of potential temperature, square root of TKE, and 
tangential wind velocity across the valley of Hedalen (Fig. 5) reveals 
relatively high TKE values, indicating strong turbulence on the lee side.

The model outputs hourly variables, and a selection of these were 
aggregated over the time interval of 10 to 18 UTC on 19 November 2021 
to maximum and/or minimum values per grid cell (Table 1): 

(1) hourly wind gust speed at 10 m altitude (FG10) in m s-1, which is 
the conventional observation height for wind and gust at meteoro
logical stations. In the HARMONIE-AROME model, gust is calculated 
as follows (Kurbatova et al., 2018): 

FG10 = FF10 + a
̅̅̅̅̅̅̅̅̅̅̅̅̅
TKE20

√
, (1) 

where FF10 is 10-minute average wind speed at 10 m altitude in m s-1, 
TKE20 is turbulent kinetic energy at 20 m altitude in m2 s-2, while a is a 
constant of 3.5 which was statistically adjusted to fit the observations of 
wind gust speeds in Norway. TKE is, in turn, defined as: 

TKE =
1
2
(
σ2

u + σ2
v + σ2

w
)
, (2) 

where σ2
u , σ2

v , and σ2
w represent the variances of the latitudinal (u), lon

gitudinal (v), and vertical (w) airflow velocities in m s-1. 

(2) Upward air velocity in m s-1 representing w at an altitude of 220 
m above the surface of the model terrain. We used w in combination 
with potential temperature (θ), FF10, FG10, and TKE to identify areas 
where mountain waves were present. The absolute value of w was 
used for analysis, representing both the downward airflow and the 
upward flow generated by mountain waves (Jackson et al., 2013).
(3) Potential temperature gradients in K close to the ground and 
higher in the atmosphere, namely approx. 30 m and 220 m above the 
model terrain, θ_diff_ml10 and θ_diff_ml10) and between the pressure 
levels 850 and 900 hPa (θ_diff_850hpa and θ_diff_850hpa). A steep 
vertical gradient in potential temperature is an indicator of potential 
temperature isosurfaces (isentropes) pressed together and stable 
layering in the atmosphere, which can be conductive to gravity wave 
formation (Jackson et al., 2013). Mountain waves would be expected 
to form in areas with a steep vertical potential temperature gradient 
aloft, while when close to the ground, a steep gradient can prevent 
the strong wind from reaching the ground surface.
(4) Difference in TKE in m2 s-2 (TKEdiff) at 30 m and 220 m above the 
model terrain. Under neutral stratification, TKE is expected to 
exhibit a negative vertical gradient, meaning higher values near the 
ground compared to higher altitudes. This pattern is primarily 
attributable to surface roughness or friction. In contrast, a positive 
vertical gradient in TKE, identified by strongly negative values of 
TKEdiff, indicates abnormally high turbulence aloft, as shown in 
Fig. 5(b). The specific altitudes 30 m and 220 m were selected based 
on the orography of the study area and the vertical stratification of 
the atmosphere, as shown in Fig. 5, where the former captures TKE 
near the ground surface, while the latter contains the high TKE zone 
on the lee side of the mountain and in the downstream area across 
the valley.

2.3. Data sampling and model training

The spatial distribution of forest damage observations showed a clear 
predominance of no-damage cells in the north-eastern part of the study 
area. This part of the study area is characterized by hilly terrain at el
evations up to 800 m a.s.l., sparse forest cover, and little variation in the 
atmospheric variables selected for further analysis. The central and 
south-western parts of the study area had a heterogeneous mix of 
damage and no-damage cells, with locally dominant damage 

observations and a greater variation in elevations, forest structure, and 
atmospheric conditions. To address the spatial patterns and varying 
levels of spatial autocorrelation, we applied two different minimum 
sampling intervals: 500 m for the north-eastern part (sparse coverage) 
and 200 m for the rest of the area (dense coverage). Spatially con
strained sampling and geostatistical analysis were performed in ArcGIS 
Pro 3.2 (ESRI, 2024).

The pseudo-random sampling procedure using a random number 
stream from a random number generator and seed was repeated 20 
times for the purpose of subsequent cross-validation of the models, 
resulting in 512 data points in each fold, with approximately equal 
representation of the damage and no-damage classes, for a total of 
10,000 data points. For each resulting fold, we split the data into 
training and test subsets using an 80/20 ratio and trained a Random 
Forest classifier with the default hyperparameters as implemented in the 
scikit-learn package for Python (Pedregosa et al., 2011), followed by 
hyperparameter optimization using randomized search. For model per
formance assessment, we recorded the out-of-bag (OOB) area under the 
receiver operating characteristic curve (ROC AUC) for the training 
subset and the ROC AUC for the test subset in each fold. We then 
averaged these values over the 20 folds. ROC AUC is a metric commonly 
used to measure a model’s ability to discriminate between binary classes 
and does not require a pre-defined threshold value to separate the 
classes. The metric can have values between 0.5 (discrimination ability 
no better than by random chance) and 1 (perfect discrimination, 
equivalent to a true positive rate of 1 and a false positive rate of 0).

To minimize the effect of information leakage on our assessment of 
the individual input variables’ impact on model performance, we used 
hierarchical clustering based on how interchangeable the variables are 
in explaining the outcome, as implemented in the Python SHAP package 
(Lundberg and Lee, 2017). We iteratively applied a clustering cut-off 
threshold of dmin = 0.5 with single linkage and the SHAP values of the 
model variables in each successive iteration to reduce the number of 
features from the initial set listed in Section 2.2. SHAP values (ϕ), 
derived from Shapley values in cooperative game theory and introduced 
in Lundberg and Lee (2017), help in interpreting a machine learning 
model’s predictions by quantifying the effect of each feature on the 
overall prediction. Shapley values (Shapley, 1953) account for how each 
feature affects the prediction by averaging its impact across all possible 
combinations with other features. If a feature, based on its mean ϕ and 
dmin, was identified as a candidate for being excluded from the feature 
set, a permutation test with 1000 permutations (smallest resolvable 
pseudo p value 1/(1000 + 1) ≈ 0.001, corresponding to >99.9 % con
fidence) was carried out. The mean pseudo p value for the test ROC AUC 
values was then calculated across the folds. We repeated this procedure 
iteratively, removing one feature at a time, until no features were left 
having both low mean ϕ and dmin relative to other features and pseudo p 
> 0.05 (i.e. applying a 95 % confidence threshold).

2.4. Spatial autocorrelation analysis and model interpretation

One of the optimized models was randomly selected for interpreta
tion to explain the observed forest damage and the main predisposing 
factors. First, we calculated the model’s residuals, defined as the dif
ference between the observed binary class value and the estimated 
probability of damage. Model residuals were examined for spatial 
autocorrelation by calculating the Anselin Local Moran’s I using the 
Cluster and Outlier Analysis tool in ArcGIS Pro 3.2. The method iden
tifies statistically significant clusters of high (“hot”) and low (“cold”) 
values as well as outliers, i.e. highs surrounded by lows and vice versa 
(Anselin, 1995). The Anselin Local Moran’s I statistic is a localized 
version of the global Moran’s I requiring that a neighborhood be defined 
using methods such as a fixed distance, number of neighbors, or spatial 
weights. In this study, we chose to define neighborhoods using a 
threshold distance of 1 km with inverse distance squared weighting. We 
then applied a false discovery rate (FDR) correction and performed 999 
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permutations (confidence level >99.9 %) to calculate a pseudo p value 
for each of the identified clusters and outliers.

Second, for the interpretable machine learning approach, we used 
the SHAP values calculated for the final model’s features to explain the 
effect of individual features on the model’s prediction for each obser
vation. SHAP values describe both the direction (positive or negative) 
and magnitude of the feature’s effect, and are additive, i.e. they add up 
to the difference between the predicted outcome and the baseline pre
diction without any of the model’s features.

3. Results

To test our hypotheses regarding the relationships between atmo
spheric and forest variables and observed wind damage, we employed a 
Random Forest classification model. The model outputs were inter
preted using SHAP values to identify the most influential predictors, and 
the resulting spatial patterns of predicted and observed damage were 
further examined using Anselin Local Moran’s I analysis.

3.1. Model features and feature importance

We first trained a baseline Random Forest model using the entire set 
of 10 input features to predict forest storm damage. The model exhibited 
a reasonable ability to discriminate between the damage and no-damage 
classes with a mean ROC AUC across the 20 folds of 0.86 (SD = 0.02) on 
the OOB train subset and 0.83 (SD = 0.03) on the test subset. Minimum 
potential temperature gradient aloft (θ_diff_850hpa_min) had the highest 
SHAP value of 0.13, indicating the strongest impact on the model’s 
predictions. In contrast, all forest features had a mean SHAP value below 
0.03 and strong hierarchical clustering was found between DBH8 and 
OH (Fig. 6), with dmin < 0.4, suggesting limited contribution to the 
model and high redundancy.

In an iterative model refinement process, we successively excluded 
the forest structure features CC (pseudo p = 0.44) and OH (pseudo p =
0.28) and the meteorological features θ_diff_ml10_min (pseudo p = 0.18), 
TKEdiff_min (pseudo p = 0.22), θ_diff_ml10_max (pseudo p = 0.16), and 
θ_diff_850hpa_max (pseudo p = 0.22), guided by their low dmin and ϕmean 
and statistically insignificant permutation pseudo p values. The 

resulting four-feature model combining meteorological variables with 
DBH8 achieved a mean ROC AUC of 0.81 (SD = 0.02) and 0.82 (SD =
0.04) on the OOB and test subsets, respectively. The potential temper
ature gradient θ_diff_850hpa_min remained the single most important 
feature, with its ϕmean value of 0.19 close to that of the other features 
combined.

After excluding DBH8 (pseudo p = 0.15), the final three-feature 
model trained on meteorological features alone achieved a ROC AUC 
of 0.80 (SD = 0.03) and 0.81 (SD = 0.04) on the OOB and test subsets, 
respectively (Table 2). The decrease in the model’s ROC AUC on the test 
subset was not found to be statistically significant (pseudo p = 0.15, 
Table 2). After hyperparameter optimization, the resulting model 
showed mean performance comparable to that of the baseline ten- 
feature model.

False negative predictions in the three-feature model were mostly 
found in the transition zones between areas dominated by either damage 
or no-damage observations, while false positives were present either 
scattered among dominant true positives in the southern part of the area 
or in the north-eastern corner where few observations of wind damage 

Fig. 6. Hierarchical feature clustering dendrogram of the baseline Random Forest model trained on the full set of ten meteorological and forest structure features. 
Branch colors in the dendrogram denote clusters formed by the model features in predictive similarity space, with distances (on the x-axis) defined as d = 1 − R2, 
where R2 quantifies the similarity of feature-specific XGBoost models in explaining the outcome (Lundberg and Lee, 2017).

Table 2 
Mean SHAP values (ϕmean), hierarchical clustering distances (dmin), mean pseudo 
p values of permutation tests (1000 permutations) of the meteorological features 
in the three-feature model and the resulting mean ROC AUC across 20 folds, incl. 
mean ROC AUC after hyperparameter optimization and cross-validated mean 
ROC AUC.

Feature ϕmean dmin Mean 
pseudo p 
(SD)

θ_diff_850hpa_min 0.20 0.87 < 0.001 (<
0.001)

FG10_max 0.08 0.87 0.03 (0.05)
w_max 0.07 0.87 0.05 (0.06)
Mean ROC AUC OOB/test (SD) 0.8 (0.03) / 

0.81 (0.04)
​ ​

Mean ROC AUC (SD) on the test subset after 
hyperparameter optimization / Mean 
cross validated ROC AUC, k = 20

0.83 (0.03) / 
0.84

​ ​
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exist (Fig. 7).

3.2. Spatial autocorrelation

Anselin Local Moran’s I analysis of the model residuals revealed a 
minor residual autocorrelation in the model residuals, specifically in the 
low-low (LL) clusters, i.e. datapoints with a low residual error showing a 
statistically significant (pseudo p < 0.001) spatial clustering pattern. We 
found two such LL clusters—one in the south-central part of the area, 
coincident with a large continuous area of wind damage, and another 
one on the steep mountainside in the west-central part of the area 
(Fig. 8). Smaller high-high (HH) clusters were mainly observed in those 
areas where wind damage observations are interspersed with no- 
damage observations, such as in the north-west and south-east of the 
study area. Across all folds, the majority of the residuals had no statis
tically significant spatial pattern, with LL clustering being the most 
common pattern, where observed (Table 3).

3.3. Model interpretation

The potential temperature gradient (θ_diff_850hpa_min) had the 
strongest impact on the model predictions, with high minimum values of 
the gradient increasing the probability of wind damage (Fig. 9(a)). High 
absolute vertical air velocity (w_max) was associated with strongly 
negative SHAP values, suggesting it reduces storm damage probability, 
contrary to the intuitive expectation that strong non-horizontal airflow 
causes severe forest damage. The impact of wind gust (FG10_max) was 
more in line with an intuitive understanding, with high feature values 
increasing the probability of wind damage. The decision plot in Fig. 9(b) 
demonstrates that it is mainly θ_diff_850hpa_min and FG10_max that 
control the discrimination between the damage and no-damage class.

The two features contributing strongly to false negatives by shifting 
probabilities towards lower values are θ_diff_850hpa_min and FG10_max, 
while false positive predictions are mostly driven by θ_diff_850hpa_min 

and w_max, shifting the model output towards higher damage proba
bility. Considering its high mean SHAP values, θ_diff_850hpa_min had the 
strongest contribution to the model’s misclassifications.

3.4. Hypothesis testing

We tested H.1, stating that forest stand properties do not significantly 
contribute to explaining forest damage during a mountain wave event, 
by incorporating the forest stand variables diameter at breast height 
(DBH8), dominant tree height (OH) and crown coverage (CC) as features 
in the Random Forest model. The inclusion of these forest stand vari
ables did not bring a significant improvement in the model’s predictive 
performance (pseudo p = 0.15 for DBH8 as the last to be excluded from 
the four-feature model).

We further tested H.2, stating that meteorological variables related 
to stratification, turbulence, and non-horizontal airflow significantly 
contribute to explaining forest damage during a mountain wave event, 
as features in the Random Forest model. The variables minimum po
tential temperature gradient (θ_diff_850hpa_min) emerged as the most 
significant model feature explaining the observed damage patterns 
(pseudo p < 0.001, Table 2), followed by wind gust speed (FG10_max; 
pseudo p = 0.03), incorporating the TKE20 term (Eq. (1)) characterizing 
turbulent flow (Eq. (2)), and maximum absolute vertical air velocity 
(w_max; pseudo p = 0.05). SHAP analysis further indicated that these 
meteorological variables had high explanatory power, with a particu
larly strong contribution from θ_diff_850hpa_min (Table 2 and Fig. 9).

4. Discussion

4.1. Wind damage predictions and key model features

In this study, we aimed to examine the widely accepted premise that 
forest wind damage is primarily explained by horizontal wind speed and 
its interactions with the forest stand properties (Gardiner et al., 2000; 

Fig. 7. (a) Wind damage predictions when the three-feature model is applied to the fold k = 0 with a probability threshold of 0.5, and (b) the corresponding 
confusion matrix showing area percentages.
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Hart et al., 2019; Peltola et al., 1999). Using a case study of a windstorm 
in southeastern Norway, we tested two hypotheses related to the 
applicability of this premise in complex mountainous terrain: (1) that 
forest stand properties do not significantly contribute to explaining 
forest damage during a mountain wave event, and (2) that meteoro
logical variables related to atmospheric stratification, turbulence, and 
non-horizontal airflow, significantly contribute to explaining forest 
damage during a mountain wave event. Our results corroborate both 
H.1, as evidenced by the lack of a significant improvement in the pre
dictive performance of the model setup that included forest stand 
properties (pseudo p = 0.15 for DBH8), and H.2, as indicated by the high 
significance (pseudo p ≤ 0.05) and high mean SHAP values of 
θ_diff_850hpa_min, FG10_max, and w_max (Table 2).

The approach taken in current mechanistic forest wind damage 
models, such as ForestGALES (Hart et al., 2019), consists in, first, esti
mating CWS for a single tree or forest stand and, second, comparing it to 
a recorded wind speed or a wind speed distribution. Our findings indi
cate that under certain conditions involving strong vertical airflow due 
to downward mixing of momentum, such as mountain wave events, 
horizontal wind speed alone may be insufficient (Fig. 3 and Fig. 4) to 
explain the wind damage observed on the ground because vertical 
airflow may significantly increase the magnitude of the total wind 
vector. Until conventional mechanistic wind damage models have been 
further developed to take into account three-dimensional forces applied 
to trees when exposed to turbulent non-horizontal airflow, this study 
advises caution when applying such models under the described 

mountain wave conditions as underestimation of forest damage is 
possible. While horizontal wind speed and forest stand properties 
remain part of the equation, our results indicate that the most significant 
explanatory factors for wind damage in mountainous terrain during a 
mountain wave event are meteorological variables describing atmo
spheric stratification, turbulence, and non-horizontal airflow. This finds 
support in Fig. 4 suggesting that the differences in OH and DBH8 dis
tributions between damaged and undamaged forest can explain some, 
but far from all observed damage. Instead, the minimum potential 
temperature gradient between the 850 and 900 hPa pressure levels 
(θ_diff_850hpa_min) had the greatest impact on the model’s ability to 
predict forest damage and can be seen as the most direct expression of 
the downward mixing of momentum exposing the trees to severe wind 
loads.

Further, the need for a reference wind speed value or distribution 
that predicted CWS can be compared to can make conventional mech
anistic wind damage models difficult to apply under conditions where 
wind speed may have been underestimated by an NWP model. In
consistencies between modeled wind speed and observed wind damage 
in Fig. 3, on the one hand, and forest structure properties in Fig. 4 are an 
indication that the 19 November 2021 windstorm may be an illustration 
of such situation. Applying data-driven, machine learning methods like 
the one proposed in this study may reduce the dependency on accurate 
horizontal wind speed data.

In our study, horizontal wind speed does play a role in estimating the 
probability of wind damage under mountain wave conditions, but its 

Fig. 8. Anselin Local Moran’s I analysis of the three-feature model residuals for a single fold k = 0 showing clusters and outliers. Datapoints are sized by the 
magnitude of the model residuals.

Table 3 
Anselin Local Moran’s I analysis results across 20 folds on the three-feature model residuals.

Cluster/outlier pattern

​ High-high clusters High-low outliers Low-high outliers Low-low clusters Not significant (confidence level 99.9 %) No neighbors Total
Count 482 76 132 1561 7866 9 10,126
Percentage 4.76 0.75 1.3 15.42 77.68 0.09 100
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influence is indirect, primarily contributing as a component of wind gust 
speed amplified by the TKE term (Eq. (1)). While hourly wind speed 
alone does not fully account for the observed wind damage pattern 
(Fig. 3(a)), especially in the severely damaged southern part of the 
valley bottom, wind gust speed (Fig. 3(b)) has a better correlation with 
the wind damage map, suggesting that the windthrow damage observed 
on the ground may have been driven by gusty, turbulent airflow on the 
mountain’s lee side.

Despite this, wind gust speed showed low explanatory power, with 
SHAP values two to three times lower than that of the potential tem
perature gradient (θ_diff_850hpa) (Table 2 and Fig. 9), and was found to 
be a strong driver of false negative predictions. The low explanatory 
power of wind gust speed could explain the exclusion of the TKE 
gradient in the process of model refinement (see Section 3.1). Notably, 
during the iterative feature selection process, we aggregated the indi
vidual datapoints into mean SHAP values, rather than directly exam
ining their distributions, which may have provided further insights into 
the effect of extreme SHAP values.

The effect of the upstream terrain on the downstream turbulence is 
clearly illustrated by Fig. 5 and raises the question of whether the 
selected model features representing potential temperature and TKE 
gradients would capture the stable layer and mountain-wave amplifi
cation in a different orographic setting. The role of complex upstream 
orography is also stressed in the existing research on known mountain 
wave events in Norway, such as Harstveit et al. (1995) and Sandvik and 
Harstveit (2005), suggesting that the most severe wind damage in 
Norway is believed to be caused by rotor circulations on the lee side of 
steep mountains (Grønås and Sandvik, 1999).

Though reports exist of wind gust speed in known downslope 
windstorm events in Norway potentially reaching 40–60 m s-1 (Harstveit 
et al., 1995; Sandvik and Harstveit, 2005), these are indirect, anecdotal 
evidence not supported by wind speed records. Still, given the possibility 
of wind gusts that strong, it is unsurprising that excluding the forest 
variables had no significant effect on the model’s discrimination ability. 
The critical wind speed values for both Norway spruce and Scots pine are 
generally reported to be below 30 m s-1 (Gardiner et al., 2000), even 
before accounting for the additional loading from the vertical airflow 
component.

Our finding of the minimum, rather than maximum, potential tem
perature gradient θ_diff_850hpa_min having the greatest impact on the 
model’s estimated probabilities of damage appears counterintuitive as a 
strong gradient would be indicative of the presence of a stable layer 
aloft. This result might, however, need to be interpreted in the context of 
feature value contrast where the minimum aggregate value allowed for a 
better separability of damage and no-damage cells. In other words, while 
a stable layer aloft, characterized by mountain waves with strong 
downslope wind leading to a steep TKE gradient at a height of 850–900 
hPa, persisted through most of the observation period on 19 November 
2021, a neutral layer underlying the stable layer leading to downward 
mixing of momentum was indicative of high turbulence and gustiness, as 
shown in Fig. 2. Prolonged wind loading and repeated exposure to 
strong wind loading over a short period can lead to tree failure by 
gradually weakening root structures and reducing their attachment to 
the soil. The failure of a single tree can create gaps in the forest canopy, 
triggering cascading effects that increase the susceptibility of neigh
boring trees (Dupont et al., 2015; Kamimura et al., 2022).

Known reports (Aune and Harstveit, 1992; Grønås and Sandvik, 
1999; Harstveit et al., 1995; Sandvik and Harstveit, 2005; Skattør et al., 
2021) of mountain wave events in Norway suggest that downslope 
windstorms are a violent, though relatively infrequent event, especially 
in Norway’s south-east. Given our finding (Section 3.1 and Table 2) of 
forest variables having little impact on the probability of forest damage 
under such events, a potential risk mitigation strategy might consist in 
identifying areas prone due to the upstream orography to strong 
downslope winds and adjusting forest management regimes, e.g. 
shortening the rotation length to account for the increased probability of 
wind damage (Reed, 1984; Zimová et al., 2020).

4.2. Weather model

The present study of the Hedalen downslope windstorm event in
dicates that NWP models run at a hectometric grid spacing provide a 
realistic representation of mountain waves in a terrain that is typical for 
eastern Norway and hence have the potential to improve forecasts of 
strong and gusty winds in these areas, which is in accordance with 
previous studies by, e.g., Samuelsen and Kvist (2024) and Wagner et al. 

Fig. 9. (a) Bee swarm plot of the SHAP values showing the direction and magnitude of the features’ impact on the model predictions in relationship to the feature 
values, (b) SHAP decision plot for a sample of 50 datapoints, with the bottom x-axis showing the expected probability and the top x-axis indicating the actual 
predicted probability value; line color denotes the datapoint’s predicted outcome.
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(2017). The spatial distribution of false model predictions in Fig. 7(a) 
and the clustering pattern of the model residuals in Fig. 8(a) both 
indicate that using a higher-resolution digital terrain representation in 
the NWP model may improve the predictive model’s performance as 
false predictions and HH clusters tend to occur in areas with steep slopes 
or heterogenous fine-scale orography, e.g. along the valley sides.

The low SHAP values of the TKE gradient in the model iterations and 
the strongly negative impact of high w_max values on the final model’s 
predicted probabilities of damage (Fig. 9(a)) may be an additional in
direct indicator of the need for a smaller grid spacing in the NWP model 
which, with the current 500 m grid, lacks the level of detail required to 
resolve for the local orography effects on turbulent airflow in the valley 
sides. Indeed, Mass et al. (2019) found that even a grid spacing of 148 m 
was too coarse to capture the detailed structure of the downslope 
windstorm and suggested large-eddy simulations (LES) at a grid spacing 
of 10 to 20 m.

4.3. Further work

In this study, we examined a specific combination of weather situ
ation and orography. An important next step would be to validate the 
findings of this study in a different area that was also affected by the 19 
November 2021 windstorm in order to assess whether the model 
formulation and our findings are generalizable to orographic settings 
other than in the valley of Hedalen and the described stratification 
conditions in the lower atmosphere conductive to the development of 
downslope windstorms in forested terrain. Specifically, we expect the 
choice of pressure levels and altitudes above model terrain used in 
deriving the potential temperature gradients to be influenced by the 
local and upstream orography which are known to have a major role in 
the formation of gravity waves (Jackson et al., 2013).

Validating our findings using a higher-resolution NWP model is 
another important direction of further research. While 500 m grids offer 
a considerable improvement when predicting wind and snow damage 
(Zubkov et al., 2024) compared to operational NWP models using 
coarser grids, this level of resolution may still be insufficient to capture 
vertical airflow driven by steep local orography features.

A potential direction for further study is to examine whether the 
insights into in the role of vertical airflow and atmospheric stratification 
in predicting and explaining forest wind damage may also be applicable 
to complex terrain in the absence of mountain waves, when orography 
effects, such as wind funneling, warrant using high-resolution numerical 
simulation methods to obtain reliable estimates of airflow in three- 
dimensional space (Armi and Mayr, 2007). Further, one might want to 
consider implementing support for modeling applied force in 
three-dimensional space, including both wind vector magnitude and 
direction, in the existing mechanistic forest wind damage models, such 
as ForestGALES (Hart et al., 2019; Quine et al., 2021), HWIND (Gardiner 
et al., 2000; Peltola et al., 1999), and WINDA (Blennow and Sallnäs, 
2004). Considering that such approach is computationally expensive 
and that high-resolution NWP data accurately representing 
three-dimensional airflow is scarce, the applicability of conventional 
mechanistic models to windstorms caused by mountain waves presently 
appears limited. Pending the development of advanced and 
cost-effective mechanistic modeling techniques that explicitly account 
for non-horizontal airflow, progress in understanding and predicting 
forest wind damage under such conditions is likely to come from 
data-driven frameworks, specifically robust statistical or machine 
learning models trained on high-resolution meteorological and forest 
data.

5. Conclusion

Using the November 2021 mountain wave event in southeastern 
Norway as a case study, this research highlights the critical role of 
meteorological variables related to atmospheric stratification, 

turbulence, and non-horizontal airflow in explaining forest wind dam
age during mountain wave events. While wind gust speed remains 
relevant, its explanatory power is limited compared to atmospheric 
variables, such as the potential temperature gradient and vertical air 
velocity. We found that forest stand properties, including dominant 
height (OH), diameter at breast height (DBH8), and crown coverage 
(CC), did not significantly contribute to explaining the observed damage 
patterns.

These findings suggest that, in mountain wave events, damage pat
terns are primarily influenced by localized turbulence and variations in 
vertical airflow, factors not accounted for by conventional mechanistic 
wind damage models. Although the November 2021 case study offers 
strong empirical support, further research is needed to examine whether 
these processes dominate in other windstorms in complex terrain.

Future studies should apply similar methodologies to windstorm 
events to validate our findings and explore whether high-resolution at
mospheric modelling can improve the representation of wind damage 
probability in mountain landscapes, including windstorms unrelated to 
mountain waves.
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