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b Swedish University of Agricultural Sciences (SLU), Department of Crop Production Ecology, Skogmarksgränd 17, Umeå 907 36, Sweden
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A B S T R A C T

In this study we created national vulnerability models for wind and snow damage based on a combination of 
remote sensing and Swedish National Forest Inventory (NFI) data and compared the performance of airborne 
laser scanning (ALS) driven versus field-measured information in the modeling of damage vulnerability. The 
empirical training data consisted of circa 42,000 field plots, containing information about recent wind and snow 
damage, monitored between 2010 and 2022 in the Swedish NFI. Occurrence of damage was predicted using 
variables calculated from national ALS data (2009–2023), other mapped products including forest attributes, soil 
and terrain related data and spatial variables on stand neighborhood, and weather data. In contrast to earlier 
large-scale damage models, we used direct ALS metrics to fully exploit ALS-derived forest structural information. 
Logistic regression was used for modeling, and separate models were created for southern and northern Sweden 
to consider the geographical differences in forest structure and climate conditions. Field data-based models 
performed slightly better than remote sensing (RS) -based models, resulting in an AUC of 0.8 for northern and 
0.73 for southern Sweden. Corresponding results for RS-based models were 0.77 and 0.69. Best models included 
both forest structural variables (ALS or field-based), tree species, terrain, and weather information. We suc
cessfully demonstrated the combination of ALS and NFI data to map forest vulnerability to wind and snow 
damage, enabling evaluation of damage vulnerability from stand to national level. By locating areas with high 
damage vulnerability, forest owners can more easily adapt forest management to increasing climate impacts.

1. Introduction

Wind and snow are the most important abiotic causes of forest 
damage in Northern Europe (Skogsdata, 2007; Korhonen et al., 2021). In 
Sweden, 2.3% of productive forest land has been affected by wind and 
snow damage over the last five years (Skogsdata, 2025). While these 
damages in boreal forests are part of the natural disturbance dynamics of 
the ecosystem, they also have considerable negative consequences. 
Damaged trees lead to direct losses in wood value, and falling and 
breaking trees may cause substantial disruption to infrastructure, such 
as power lines, roads, and railway networks (Groenemeijer et al., 2015; 
Räisänen et al., 2023; Gardiner et al., 2024). Furthermore, abiotic forest 
damage may lead to subsequent infestations by insects or infections by 
fungi (Nykänen et al., 1997; Komonen et al., 2011), and in large-scale 
events, salvage logging of the damaged wood can impact wood 

markets and prices (Asada et al., 2023). To account for damage risks in 
forest management decisions, it is essential to quantify vulnerability to 
damage in different types of forests and under different site conditions. 
This becomes increasingly important as climate change is altering forest 
disturbance regimes, creating an urgent need to adapt forest manage
ment to increase the resilience of boreal forests.

The processes involved both wind and snow damage are somewhat 
similar with the force of wind and/or snow load exceeding the me
chanical resistance of trees, leading to stem or branch breakage or 
uprooting (Peltola et al., 1999). The factors influencing the probability 
of wind and snow damage relate to specific meteorological conditions, 
such as wind speed and gustiness (Gardiner, 2021) or snow load in the 
tree crowns (Lehtonen et al., 2016). However, other factors are also 
crucial in understanding when and where damage occurs, including the 
structure and composition of the forest, recent forest management 
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operations, and site properties such as soil and topography (Nykänen 
et al., 1997; Mitchell, 2013). In the case of wind damage, vulnerability 
typically increases with tree height and slenderness, and several studies 
have found Norway spruce to be more susceptible to wind compared to 
Scots pine and broadleaved trees (Peltola et al., 1999; Valinger and 
Fridman, 2011; Suvanto et al., 2019). Typical cases of high wind risk are 
trees along new stand edges and recently thinned forests, where previ
ously sheltered trees are exposed to stronger wind conditions (Peltola 
et al., 1999; Valinger and Fridman, 2011; Wallentin and Nilsson, 2014; 
Suvanto et al., 2019). Damage caused by snow is typically found in 
young and dense stands and it is observed to occur more often in Scots 
pine compared to Norway spruce stands, and more commonly in conifer 
stands than in broadleaved stands (Nykänen et al., 1997; Suvanto et al., 
2021).

The most optimal modeling and mapping of damage vulnerability 
demands different approaches, where field-based models (using forest 
attributes) are most suitable for simulation studies (e.g., Öhman et al., 
2025), while remote sensing (RS)-based models can take into account 
the spatial variation in forest landscapes and apply direct remote sensing 
variables, such as lidar or spectral metrics (Torresani et al., 2024). A 
range of models have been developed for quantifying wind and snow 
damage vulnerability, including both mechanistic models (e.g., Peltola 
et al., 1999; Gardiner et al., 2008; Zubkov et al., 2024) and empirical 
models fitted to large datasets (e.g., Valinger and Fridman, 1997, 2011; 
Díaz-Yáñez et al., 2019; Hart et al., 2019; Suvanto et al., 2019, 2021). 
Recently, forest wind and snow damage models have been combined 
with spatial datasets describing the factors contributing to damage 
vulnerability and developed into wall-to-wall maps presenting the 
spatial variation in damage probability at regional or national scales 
(Suvanto et al., 2019, 2021; Pawlik and Harrison, 2022; Costa et al., 
2023; Merlin et al., 2025). These maps provide a valuable and easily 
interpretable estimation of damage vulnerability in individual forest 
stands, supporting the consideration of damage vulnerability when 
planning forest management operations. While mapping damage 
vulnerability has recently been conducted with different types of 
models, National Forest Inventory (NFI) damage observations provide a 
valuable data source for this purpose, as they systematically cover large 
areas with varying meteorological and site conditions, thus reducing the 
need to extrapolate to conditions outside the training data of the models.

National ALS campaigns in many European countries, including 
Sweden, provide an improved data source for detailed quantification of 
forest structure with continuous coverage across large areas (Maltamo 
et al., 2014; Nilsson et al., 2017). ALS-based forest structure information 
has also been shown to be useful in the quantification of forest vulner
ability to wind damage. Recently, Merlin et al. (2025) mapped wind 
damage vulnerability in Norway with the ForestGALES model and used 
partly ALS-based forest resource maps as inputs. These maps are based 
on the modeled relationship between ALS metrics and field-measured 
reference data, e.g., tree height, volume, or tree species (e.g., Maltamo 
et al., 2014; Nilsson et al., 2017). ALS metrics have also been used 
directly in forest damage modeling studies. For example, Torresani et al. 
(2024) showed in a case-study region in Italy that ALS-derived metrics 
for pre-damage forest height and density were important for quantifying 
the vulnerability of forests to damage in a storm. Similarly, Saarinen 
et al. (2016) found ALS-based forest height to be useful for modeling 
forest predisposition to wind disturbances in a case study area in 
Finland. ALS data has also been utilized for deriving inputs for mecha
nistic wind damage models (Gopalakrishnan et al., 2020; Costa et al., 
2023).

While the use of ALS data can improve the estimates of commonly 
used forest attributes, the ALS point cloud also contains more detailed 
information about the three-dimensional structure of the forest canopy 
(Lefsky et al., 1999; Maltamo et al., 2014). This is important for 
modeling abiotic forest damage, as canopy structure and tree shape 
impact both the sensitivity of trees to wind (Jackson et al., 2019) and the 
wind conditions within the forest (Boudreault et al., 2014) in more 

detail than what can be described by forest attributes typically consid
ered in forest damage models, such as tree height or gap size (e.g., 
Suvanto et al., 2019, 2021; Pawlik and Harrison, 2022, Costa et al., 
2023, Merlin et al., 2025). ALS metrics that quantify different aspects 
of the canopy structure have the potential to represent more complex 
features of the canopy structure that affect the vulnerability of a forest to 
damage. Furthermore, ALS can quantify canopy structure in more detail 
than traditional field measurements of trees. Therefore, to reach the full 
capacity of ALS in forest damage modeling one needs to utilize direct 
ALS metrics that describe the canopy structure in detail, instead of only 
traditionally used ALS-based forest attributes. In addition, this approach 
can eliminate one modeling step and its associated prediction errors. 
However, exploration of different ALS metrics relevant for modeling 
damage vulnerability and their performance compared to commonly 
used field-measured forest variables is still missing.

The purpose of this study is to improve the prediction of forest 
vulnerability for wind and snow damage by using a combination of 
national data sources, including ALS data, to support decision making in 
forest management. More specifically, we aimed to 

1) identify useful ALS metrics and combinations of RS variables in 
modeling wind and snow damage,

2) compare the performance of ALS driven versus field-measured in
formation in modeling wind and snow damage vulnerability, and 
thereby

3) create the first national vulnerability models for wind and snow 
damage based on a combination of ALS and NFI data in Sweden.

For these goals, we used the Swedish National Forest Inventory (NFI) 
together with national airborne laser scanning (ALS) data, other forest 
map products including forest attributes, soil and terrain related data 
and spatial variables on stand neighborhood, and weather data covering 
the whole of Sweden.

2. Material and methods

2.1. National Forest Inventory data

In the Swedish NFI, the locations of the field plots follow a regionally 
dedicated sampling design, where permanent plots are visited every fifth 
year and temporary plots only once (Fridman et al., 2014). In this study, 
we used both permanent and temporary plots monitored between 2010 
and 2022 for model training. The center coordinates of each NFI plot are 
recorded with GPS according to the NFI instructions (National Forest 
Inventory, 2022). We used only plots that were measured after the na
tional laser scanning campaign (first scanning started in 2009) at the 
same locations, to ensure that the forest structure was captured in the 
ALS data before any possible damage occurred. Here, only plots in 
productive forest land were included, since they have higher economic 
value for forest owners and higher vulnerability to wind and snow 
damage. The dataset consisted of both undivided plots (majority) and 
divided plots (plot is divided based on different developing stages or soil 
conditions inside the plot), but on divided plots, only the sub-plot 
covering the largest area inside the plot was included.

In the Swedish NFI, forest damage is measured at different scales (e. 
g., stand, sample trees, browsing inventory) (National Forest Inventory, 
2022). In this study, we used the “stand-level” damage observations of 
wind and snow damage, which means that the presence (yes/no) and 
estimated time of damage to living trees is evaluated within the 20 m 
radius circular plot. Wind and snow damage are recorded together as a 
combined category, since they are part of the same damage process 
(Peltola et al., 1999). Separate damage agents are recorded if damage 
has occurred in the last five years and when the damage grade is higher 
than 10%. We included plots with damage occurring after the closest 
laser scanning time point. The time difference between the laser scan
ning year and the damage year (damaged plots) or inventory year 
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(non-damaged plots) varied between 1 and 13 years, and the same 
permanent plot was included only once in the dataset. In addition, all 
NFI plots that were harvested between the ALS data acquisition and the 
field data collection were excluded from the dataset.

In this study, we excluded the most severe storm events within the 
study period because, in very strong storm conditions, the damage is less 
dependent on forest structure and composition (the strength of wind 
dominates where the damage occurs) (e.g., Peltola et al., 1999), which 
could have unpredictable impacts on model development. We used 
severity maps by SMHI that indicated the calculated return times (years) 
for gusty wind speed during the storm. We removed NFI plots in the most 
affected counties of storms Gudrun (2005), Hilde (2013), and Ivar 
(2013) showing return time more than circa 20 years (SMHI, 2025), in 
cases where the inventory fieldwork had been carried out within five 
years after the storm. The five-year window was needed, as we are using 
NFI plots where damage could have occurred up to five years before the 
inventory year. In total, 5148 NFI plots (1034 damaged plots) were 
removed from the data in this step. After that, the total number of plots 
was 42,313, and stand-level wind and/or snow damage was observed in 
615 of these plots (i.e., approximately 1.5% of the plots were damaged; 
Fig. 1).

Several forest variables were extracted to train the NFI-based models 
including plot related volume, basal area, mean height, species specific 

basal areas and volumes of Scots pine (Pinus sylvestris), Norway spruce 
(Picea abies), birch (Betula spp.), Lodgepole pine (Pinus contorta) and 
deciduous trees other than birch, stand age, site index, soil moisture, soil 
type, soil texture, soil depth, field layer type describing dominating 
surface vegetation (dwarf-shrubs, herbs, grasses), time since thinning, 
distance to neighboring stand or land use class (max 25 m distance from 
plot center) and stand height of the closest stand (max 25 m distance). 
Site characteristics were measured from a 10 m radius plot and tree 
characteristics from a 10 m (permanent plots) or 7 m (temporary plots) 
radius plot. The variables selected in this study have been identified as 
being critical for vulnerability of wind or snow damage from previous 
studies (e.g., Nykänen et al., 1997; Peltola et al., 1999; Valinger and 
Fridman, 2011; Mitchell, 2013; Suvanto et al., 2019), i.e. not all avail
able NFI variables were tested here. From some of the variables 
extracted from the NFI we derived new variables: proportion and 
dominant tree species (pine, spruce, lodgepole, deciduous/other), 
reclassified site-index (0–20,20–25,25 +), soil wetness (wet/dry) and 
time since thinning (less/more than 10 years), and the height difference 
with the closest stand. The descriptive statistics of predictor variables for 
damaged, non-damaged, and all plots in the field-based models are 
presented in Table 1.

2.2. ALS data

The ALS data includes two national scanning campaigns (2009–2019 
and 2018–2022) with point densities of 0.5 and 1–2 points/m² 
(Lantmäteriet, 2022, 2024), and data from different scanners, including 
both leaf-on and leaf-off conditions. We used the lidR package (Roussel 
et al., 2020, 2025) in R (version 4.4.0, R Core Team, 2024) to calculate 
height-normalized ALS metrics from all returns inside a 20 m circular 
plot. These metrics were used as predictor variables in our RS-based 
models. They describe the height and density distribution of laser 
returns and are commonly used for predicting forest structure. Metrics 
were: metrics_basic, which describes simple statistics of the height of 
laser returns (e.g., zmin, zmean, zkurt); metrics_percentiles, which de
scribes the height of returns when a certain proportion of returns have 
accumulated (zq1, zq5, zq10, …, zq90, zq95, zq99); metrics_percabove, 
which describes the proportion of returns above a defined threshold (e. 
g., pzabovemean); metrics_dispersion, which describes the vertical 
structure (e.g., ziqr, CRR, VCI); metrics_canopydensity, which describes 
the cumulative point density (zpcum1, zpcum2, …, zpcum9); metri
c_Lmoments, which describes L-moments, i.e. the shape of the height 
distribution of returns (e.g., L1, Lskew); metrics_lad, which describes 
leaf area density (e.g., lad_max, lad_sum); metrics_interval, which de
scribes the proportion of returns between specified elevation intervals 
(e.g., pz_below_0, pz_5_10, pz_above_30); and metrics_voxels, which 
describes metrics calculated in voxel space (vn, vFRcanopy, OpenGap
Space). See the full list of metrics and their description in Tompalski and 
Goodbody (2025).

2.3. Other map products

We employed national forest attribute maps for forest related vari
ables (10 ×10 m grid-cells) including volume, basal area, mean diam
eter, and mean height metrics (Nilsson et al., 2017). These maps are 
derived from a combination of national ALS and NFI data. Similarly, the 
tree species-specific volume maps (12.5 ×12.5 m grid-cells) for pine, 
spruce, lodgepole, and deciduous trees are based on ALS points clouds 
and Sentinel− 2 satellite images (SLU, 2018). The vegetation type maps 
(10 ×10 m grid-cells), based on Sentinel− 2 images, include various 
land-use classes and vegetation types (Naturvårdsverket, 2023). Either 
the mean value of the raster cells (continuous variables) within each NFI 
plot or the value at the plot center (categorical variables) within each 
20 m radius circle plot was extracted.

For soil and terrain related variables, we used three different data
sets. The soil moisture map (2 ×2 m grid-cells) is based on ALS data, NFI 

Fig. 1. Distribution of damaged and non-damaged NFI plots used in the 
modeling dataset across the northern and southern regions of Sweden, and an 
example of an NFI cluster in the North region. Each dot indicates the location of 
a plot or cluster, which may include multiple plots.
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data, and other map products (Ågren and Lindberg, 2020Ågren and 
Lindberg, 2020). The soil type (vector data) and soil depth (10 ×10 m 
grid-cells) maps are coarse-scale products provided by the Swedish 
Geological Survey (SGU, 2025a, 2025b). Finally, the digital terrain 
model (DTM, height above sea, 2 ×2 m grid-cells), based on laser data 
(Lantmäteriet, 2022), was used as a basemap for terrain variables such 
as mean elevation, slope, slope direction, and elevation difference 
within 1 km. Here, the maximum or mean value of raster cells within 
each plot was extracted.

Spatial variables describing height variation in the plot neighbor
hood were also calculated from other mapped products. They were: 
distance to closest clearcut (based on reported harvesting locations by 
Swedish Forest Agency from 2000 to 2023) (Skogsstyrelsen, 2024), 
distance to closest open area (based on the land use classification), and 
height variation inside 20 m and 50 m circular plots based on an existing 
raster derived from the point cloud metric zq95 (95th percentile of the 
height of the laser points i.e. canopy height) with 10x10m pixel size. A 
detailed list of variables based on RS data and other map products can be 
found in Appendix A. The descriptive statistics of predictor variables of 
damaged, non-damaged and all plots in RS-based models are presented 
in Table 1.

2.4. Weather data

The weather data from the Swedish meteorological institute (smhi. 
se) included daily mean values of temperature, wind speed and wind 
direction, snow depth and snow load between 2007 and 2023 (SMHI, 
2023). These data are predicted for the whole country on a raster with 
a 11 × 11 km grid cells within the time range 2007–2014, and 
2.5 × 2.5 km grid cells within the time range 2015–2023, covering the 
whole of Sweden. From the rasterized weather data, pixel values from 
the center of the NFI plots were extracted. Different predictor variables, 
identified to be useful for predicting damage vulnerability, were calcu
lated from the weather dataset including mean number of days above 
0 ◦C, mean of maximum wind speed (m/s), mean of maximum wind 
speed from different directions (e.g., north, west), most common wind 
direction, mode of max wind direction, and mean of maximum wind 
speed from opposite to mode of wind directions, mean of max wind 
speed to upslope direction, and mean of maximum snow depth (cm) and 
snow load (kN/m2).

2.5. Statistical modeling and prediction to test areas

Field-based models were first developed using predictor variables 
from NFI data (see 2.1), weather data (2.4) and elevation (height above 
sea), a total of 53 variables were tested. RS-based models were devel
oped using predictor variables from ALS data (2.2), other mapped 
products (2.3) and weather data (2.4), and a total of 123 different RS 
variables were tested (Appendix A). Field-based models were used to 
inform variable selection for the RS-based models i.e. we made sure that 
we also tested RS variables that were similar to best variables selected 
into field-based models, and both modeling cases used the same training 
data of damaged and non-damaged plots from NFI. Subsequently, the 
RS- and field-based models were compared to assess differences in 
predictive performance and the influence of the independent variables.

We chose to use logistic regression as the final modeling approach, as 
this is a frequently used method in forest damage modeling (e.g., 
Valinger and Fridman, 1997, 2001; Saarinen et al., 2016; Suvanto et al., 

Table 1 
The descriptive statistics (mean and standard deviation (in parenthesis) or 
proportion of the observation) of predictor variables of damaged, non-damaged 
and all plots in RS- and field-based (NFI) models in the North and the South 
regions.

Variables Unit Damaged Non- 
damaged

ALL

RS North

Number of plots ​ 287 14,779 15,066
zpcum6 % 74.8 (12.4) 82.3 (12.1) 82.1 (12.1)
VolumeSpruce m3/ 

ha
92.0 (88.7) 85.2 (77.4) 85.3 (77.6)

VolumeLodgepole m3/ 
ha

18.6 (27.3) 6.7 (14.6) 6.9 (15.0)

Elevation m 329.5 
(129.6)

313.1 
(160.6)

313.4 
(160.0)

Snowdepth cm 227.1 
(72.4)

205.1 (64.5) 205.5 
(64.7)

MaxWindWest m/s 9.9 (1.2) 10.4 (1.3) 10.3 (1.3)
Leaf-on data (1) ​ 0 = 26% 

1 = 74%
0 = 18% 
1 = 82%

0 = 19% 
1 = 81%

RS South ​ ​ ​ ​
Number of plots ​ 328 26,154 26,482
zq15 m 0.2 (1) 0.1 (0.5) 0.1 (0.5)
zq30 m 1.1 (2.3) 0.8 (2) 0.8 (2)
Pz_5.10 % 18.1 (12.6) 14.0 (11.2) 14.1 (11.2)
zpcum4 % 49.0 (17.3) 57.2 (20.6) 57.1 (20.6)
VolumeSpruce m3/ 

ha
166.8 
(123.1)

142.9 
(107.9)

143.2 
(108.1)

VolumePine m3/ 
ha

131.8 
(71.7)

114.0 (73) 114.2 (73)

VolumeLodgepole m3/ 
ha

3.2 (10.9) 1.4 (7.1) 1.5 (7.1)

Diff_zq95_50m m 130.1 
(76.6)

120.5 (73.1) 120.6 
(73.2)

Elevation1kmDiff m 36.4 (40.7) 30.0 (31.3) 30.1 (31.4)
MaXWindNorth ​ 8.1 (1.3) 7.9 (1.2) 7.9 (1.2)
NFI North ​ ​ ​ ​
Number of plots ​ 286 15,055 15,341
Mean height m 15.1 (4.9) 11.7 (6.4) 11.8 (6.4)
Prop. lodgepole % 24.3 (40.5) 3.2 (16.3) 3.5 (17.3)
Prop. deciduous/other % 7.7 (14.2) 13.1 (21.4) 13.0 (21.3)
Time since thinning > 10 

years (1)
​ 0 = 15% 

1 = 85%
0 = 6% 
1 = 94%

0 = 6% 
1 = 94%

Snowload kN/ 
m2

1.6 (0.4) 1.5 (0.4) 1.5 (0.4)

MaxWindWest m/s 9.9 (1.2) 10.4 (1.3) 10.3 (1.3)
NFI South ​ ​ ​ ​
Number of plots ​ 328 26,030 26,358
Mean height m 18.5 (5.7) 14.5 (8.1) 14.5 (8.1)
Prop. spruce % 48.2 (39.9) 38.8 (38) 38.9 (38)
Prop. lodgepole % 2.4 (13.5) 0.4 (5.6) 0.4 (5.8)
Time since thinning > 10 

years (1)
​ 0 = 30% 

1 = 70%
0 = 20% 
1 = 80%

0 = 20% 
1 = 80%

Height dif. closest stand m 6.2 (8.8) 2.2 (5.5) 2.3 (5.6)
Elevation m 185.0 

(146.1)
168.4 (122) 168.6 

(122.4)
MaxWindNorth m/s 8.1 (1.3) 7.9 (1.2) 7.9 (1.2)

Note:
RS variables: zpcum6 = cumulative percentage of laser returns located in the 
lower 60% of maximum elevation, VolumeSpruce = stem volume of Norway 
spruce, VolumeLodgepole = stem volume of Lodgepole pine, Elevation = height 
above sea, Snowdepth = mean of maximum snow depth 2007–2023, Max
WindWest = mean of maximum wind speed from West 2007–2023, Leaf-on data 
= if laser data is collected with leaf-on or leaf-of conditions, zq15 = 15th per
centiles of laser return heights, zq30 = 30th percentiles of laser return heights, 
Pz_5.10 = proportion of laser returns between 5 and 10 m, 
zpcum4 = cumulative percentage of laser returns located in the lower 40% of 
maximum elevation, VolumePine = Stem volume of Scots pine, Diff_zq95_50m 
= height difference inside a 50 m radius plot, Elevation1kmDiff = difference 
between mean height above sea in the plot and mean height above sea in 1 km 
radius circular plot, MaXWindNorth = mean of maximum wind speed from 
North 2007–2023.
NFI variables: Mean height = basal area weighted mean height of forest, Prop. 
lodgepole = proportion of Lodgepole pine from stem volume, Prop. deciduous/ 
other = proportion of deciduous trees and other (not pine, spruce, lodgepole) 

from stem volume, Time since thinning > 10 years = if time since last thinning 
of stand is shorter or longer than 10 years, Snowload = mean of maximum snow 
load 2007–2023, MaxWindWest = mean of maximum wind speed from West 
2007–2023, Prop. spruce = Proportion of Norway spruce from stem volume, 
Height dif. closest stand = height difference of forest with closest stand within 
25 m, Elevation = height above sea, MaxWindNorth = mean of maximum wind 
speed from North 2007–2023.
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2021) and has been shown to provide comparable results to more 
complex non-parametric methods (e.g., Suvanto et al., 2019) such as 
generalized additive models (GAM, Hastie and Tibshirani, 1990) and 
boosted regression trees (Elith et al., 2008). Compared to 
non-parametric methods, logistic regression also benefits from more 
straightforward interpretation of the results, which is advantageous for 
future applications of the model.

After exploring the dataset and when the preliminary models for 
whole of Sweden performed less accurately, we decided to divide Swe
den into two regions and create separate models for those (the North and 
the South region; Fig. 1). This was done to better account for the 
country’s climatic and forest structural differences (Skogsstyrelsen, 
2020), also observed in the data. In addition, as wind and snow dam
age are combined into one category in the Swedish NFI (wind/snow), 
dividing the country into two regions also helps to account for the dif
ference in the primary damaging agents. In the South region, wind is the 
primary damage agent, whereas in the North, both wind and snow 
contribute more equally. The regions were defined based on the distri
bution of snow depth and load (mean of the maximum values) between 
2007 and 2023 in Sweden (See 2.3 Weather data) and the borders of the 
sampling regions within the NFI, but also knowledge on differences in 
forest structure. Limits for dividing regions for the snow depth were 
circa 160 cm and snow load 0.95 kN/m2. The number of plots was 15, 
066 in the North and 26,482 in the South for RS models and 15,341 and 
26,358 for field-based models (Table 2), respectively, including 1.9% 
and 1.2% damaged plots. The number of plots used in NFI- and RS-based 
models differed slightly, which depended on RS/mapped data 

availability (missing pixels) or other detected errors in predictor vari
ables in the modeling phase.

The following steps were employed for variable and model selection: 
First, a Simulated Annealing (SA) algorithm (Kirkpatrick et al., 1983) 
was used to identify the best-performing combinations of continuous 
variables (up to a maximum of 12) that explained vulnerability to wind 
and snow damage. Variables were first scaled and centered. GLM models 
(“MASS” v.7.3.65, Venables and Ripley, 2002; R Core Team, 2024) were 
applied to the North and the South regions. After obtaining the most 
suitable combinations of continuous predictors, the several variations of 
best fitting models were further refined, integrating available categori
cal variables. To do so, a stepwise regression (“MASS” v.7.3.65, 
Venables and Ripley, 2002; R Core Team, 2024) was applied to each 
candidate model to automatically identify the relevant categorical var
iables. Further, we supplemented automatic variable selection by 
manually introducing single candidate variables. During this phase, we 
often kept the variables with statistical and logical importance within 
the models and tested further attributes that we thought might improve 
model performance.

Categorical variables were excluded from the SA-procedure because 
their incorporation was not straightforward within this automated 
variable-selection framework. This was because the rare-event nature of 
the response (only 1.2–1.9% of plots are damaged): dummy expansion of 
multi-level factors frequently induced quasi-complete separation in the 
logistic GLM (Albert and Anderson, 1984) therefore isolating a handful 
of damaged individual indicator variables within the damaged plots. 
However, further we performed also a test combining categorical and 

Table 2 
Model results, including AUC values and explained deviation for RS- and field-based (NFI) models for the North and the South regions. Variables are descending order 
based on their importance in the model. * = Categorical variable, where the first class representing the reference class, is not listed in this table. See note in Table 1 for 
variable description.

Variables Estimate Std. error Z value Pr(>z) AUC Exp. Dev.
RS North 0.77 0.11

Intercept − 4.467 0.086 − 51.86 < 0.001 ​
VolumeLodgepole 0.361 0.036 10.006 < 0.001 ​
zpcum6 − 0.578 0.061 − 9.486 < 0.001 ​
Snowdepth 0.603 0.065 9.240 < 0.001 ​
MaxWindWest − 0.537 0.094 − 5.707 < 0.001 ​
Elevation 0.491 0.090 5.447 < 0.001 ​
Leaf-on data 0.205 0.055 3.740 < 0.001 *
VolumeSpruce 0.156 0.060 2.580 0.009 ​
RS South ​ 0.69 0.04
Intercept − 4.614 0.068 − 67.469 < 0.001 ​
Pz_5.10 0.400 0.060 6.670 < 0.001 ​
Elevation1kmDiff 0.177 0.044 4.039 < 0.001 ​
VolumeSpruce 0.250 0.063 3.990 < 0.001 ​
zpcum4 − 0.321 0.082 − 3.891 < 0.001 ​
MaXWindNorth 0.175 0.052 3.378 < 0.001 ​
Diff_zq95_50m 0.201 0.063 3.198 0.001 ​
zq15 0.119 0.039 3.080 0.002 ​
zq30 − 0.192 0.070 − 2.758 0.006 ​
VolumePine 0.163 0.052 2.580 0.009 ​
VolumeLodgepole 0.085 0.034 2.543 0.011 ​
NFI ​ 0.80 0.16
Intercept − 4.673 0.096 − 48.527 < 0.001 ​
Mean height 0.846 0.083 10.242 < 0.001 ​
Prop. lodgepole 0.537 0.031 17.524 < 0.001 ​
Snowload 0.500 0.063 7.877 < 0.001 ​
MaxWindWest − 0.519 0.071 − 7.302 < 0.001 ​
Time since thinning > 10 years − 0.157 0.044 − 3.539 < 0.001 *
Prop. deciduous/other − 0.248 0.089 − 2.770 0.006 ​
NFI South ​ 0.73 0.07
Intercept − 4.701 0.071 − 65.884 < 0.001 ​
Height dif. closest stand 0.333 0.039 8.476 < 0.001 ​
Prop. lodgepole 0.139 0.024 5.775 < 0.001 ​
Time since thinning > 10 years − 0.264 0.046 − 5.681 < 0.001 *
MaxWindNorth 0.280 0.053 5.276 < 0.001 ​
Mean height 0.381 0.075 5.069 < 0.001 ​
Prop. spruce 0.251 0.058 4.364 < 0.001 ​
Elevation 0.191 0.052 3.659 < 0.001 ​
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continuous variables. There the resulting problem of quasi-complete 
separation was overcome by merging rare and zero-event factor levels 
into an "Other" category and by fitting all candidate models with Firth's 
bias-reduced logistic regression (Firth, 1993) (“brglm2” v.1.1.0, 
Kosmidis and Firth, 2021; R Core Team, 2024). This did not lead to 
improvements in model performance, which retained us continuing with 
models from original variable selection.

Across all selection phases, multiple diagnostic metrics were applied 
to evaluate model performance. Variable selection was guided using the 
Akaike Information Criterion (AIC, “stats” 4.4.1, R Core Team, 2024) 
and the Area Under the Curve (AUC, “pROC” v.1.18.5, Robin et al., 
2011; “caret” v.7.0.1, Kuhn, 2008; R Core Team, 2024): models with 
higher AUC and lower AIC were preferred, in order to limit overfitting 
(Akaike, 1981) and maintain an appropriate level of model complexity. 
Collinearity among the selected covariates was also assessed for every 
model using Pearson’s correlation (“stats” v.4.4.1, R Core Team, 2024) 
and variance inflation factors (VIF, “car” 3.1.3, Fox and Weisberg, 2019; 
R Core Team, 2024). Variable pairs with correlation coefficients above 
0.7 or a combination of variables showing a VIF value exceeding 3 (Zuur 
et al., 2010) were avoided in the final models. Furthermore, to evaluate 
how well the models captured variation in the response variables, we 
considered explained deviance, which quantifies the proportion of total 
deviance accounted for by the fitted model relative to a null model 
containing only an intercept (Ligges and Crawley, 2007). Higher 
explained deviance indicates better model fit and was used as an addi
tional goodness-of-fit metric. Finally, the contribution of individual 
variables was assessed by examining their statistical significance 
(p < 0.05), variable importance (“caret” v7.0.1, Kuhn, 2008; R Core 
Team, 2024), and their logical coherence within the model.

The best candidate models were subsequently validated using a 10- 
fold cross-validation procedure with 10 repetitions, implemented via 
the ‘repeatedCV’ method (“caret” v7.0.1; Kuhn, 2008; R Core Team, 
2024). This validation step allowed assessment of changes in variable 
significance and re-evaluation of all diagnostic metrics, including mean 
AUC, explained deviance, AIC, and VIF, while maintaining a constant 
proportion of damaged plots across folds. Through this process, we 
selected final best-fitting models for the two regions of interest (Table 2).

The application potential of the RS-based models was demonstrated 
by using the best-performing models to predict damage vulnerability 
across three study areas: two in the South and one in the North. Prior to 
prediction, each RS variable was collected from national maps or 
extracted from LiDAR data and resampled to a 30 × 30 m raster grid 
(“lidR” v.4.2.1, Roussel et al., 2020; “terra” v.1.8.17, Hijmans et al., 
2025; R Core Team, 2024). Damage vulnerability maps were then 
generated by applying models over each study area, using RS metrics as 
spatial predictors (Fig. 7).

3. Results

The best RS model in the North region achieved an AUC value of 0.77 
with 10-fold cross-validation, which was somewhat higher than that of 
the best RS model in the South region (AUC = 0.69). Both models 
included a combination of ALS point cloud metrics (zpcum6, zq15, zq30, 
Pz_5.10, zpcum4), terrain (Elevation, Elevation1kmDiff), tree species 
(VolumeSpruce, VolumePine, VolumeLodgepole) and weather infor
mation (Snowdepth, MaxWindWest, MaxWindNorth). The southern 
model had more ALS point cloud metrics and more tree species variables 
compared to the northern model, as well as information on the vegeta
tion height difference within a 50 m radius (Diff_zq95_50m), whereas 
the northern model included “Snow depth” instead. All the best model 
candidates got very similar accuracies with just slightly different vari
able combination, i.e. the key elements in all best models were the same. 
This shows that similar results can be achieved using variant of similar 
metric as long it describes the same forest characteristics.

The best field-based models performed slightly better than the RS- 
based models and followed the same trend with better accuracy for 

the North compared to the South. The AUC value for the North was 0.80 
and for the South 0.73. Variables such as “Mean tree height”, “Propor
tion of lodgepole” and “Time since thinning” were included for both the 
northern and the southern field-based models. Separately, the best 
model for the North region included a “Proportion of deciduous species/ 
other”, “Snow load” and “Maximum wind from the west”, while the best 
model for the South region accounted for “Proportion of lodgepole”, 
“Height difference to neighboring stands”, “Elevation” and “Maximum 
wind speed from the North direction”. Surprisingly, the field-based 
model for the North did not include terrain information, while the RS- 
based model did. Time since thinning is the only variable that is not 
currently available as a country-wide dataset in Sweden.

Our results for all the models are presented in Table 2, where vari
ables are ordered based on their influence, evaluated using the function 
VarImp() (“MASS” v.7.3.65, Venables and Ripley, 2002; R Core Team, 
2024). The estimated coefficients shown in Table 2 are on the logit 
scale and therefore represent the log-odds of damage occurring given a 
one-unit change in the predictor, holding all other variables constant. In 
logistic regression, the model estimates the natural logarithm of the odds 
of the event (i.e., log[p/(1 − p)]), rather than the probability itself. 
However, positive log-odds coefficients indicate an increase in the 
probability of damage, whereas negative coefficient values indicate a 
decreasing probability of damage (Norton and Dowd, 2018). The density 
plots showing the distribution of predicted values for damaged and 
non-damaged plots are shown in Fig. 2.

The Marginal effects of key variables on damage probability are 
shown in Figs. 3–6, demonstrating the effects of different variables in the 
models. Damage probability rose with forest height in all four models, 
even if different metrics (ALS- or field-based) characterize this attribute 
in slightly different ways. In the RS-based northern model (Fig. 3), 
damage probability was governed by two opposing effects: it rose 
steeply with the lodgepole volume and declined steeply as the Zpcum6 
increased, indicating lower damage where more returns originated low 
in the canopy. The elevation and the snow depth had moderate positive 
effects and the spruce volume a weak one. The maximum wind from the 
west showed a counterintuitive negative association with damage 
(interpreted in the Discussion). In the RS-based southern model (Fig. 4), 
the height percentile zq15 produced by far the steepest response, while 
the zq30 was essentially flat. Damage probability also increased mark
edly with the proportion of returns between 5 and 10 m (Pz_5.10) and 
with terrain ruggedness (Elevation1kmDiff) but declined as the Zpcum4 
increased. The lodgepole volume had a moderate positive effect, and the 
spruce volume, the pine volume, the height difference within 50 m 
radius (Diff_zq95_50m) and the maximum wind from the north weaker 
positive ones.

In the field-based northern model (Fig. 5), damage probability 
increased steeply with the mean tree height, the proportion of lodgepole 
pine, and the snow load, which identified strong effect of the snow 
weight in the northern area during the wintertime. Stands that were 
thinned more than ten years ago were less likely to be damaged than 
recently thinned ones, and the proportion of deciduous/other species 
had a weak negative effect. Similarly to the RS northern model, the 
maximum wind from the west was negatively associated with damage. 
In the field-based southern model (Fig. 6), the proportion of lodgepole 
pine showed the strongest effect, followed by moderate positive effects 
of the height difference to the closest stand and the maximum wind from 
the north. The mean tree height, the proportion of spruce, and the 
elevation had weaker positive associations, and stands thinned more 
than ten years ago were again less susceptible than recently thinned 
ones.

To demonstrate the use of the models we created a damage vulner
ability map for a test area using the northern model. In Fig. 7a-b, damage 
vulnerability is shown as a continuous range at the regional level, while 
Fig. 7c-d presents vulnerability classified into five classes at the local 
level.
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Fig. 2. Density distribution of the predicted damage probability of the damaged (D) and non-damaged (N) plots from RS-based and field-based (NFI) models in the 
North and the South regions.

Fig. 3. Marginal effects of selected variables on damage probability for the RS-based model in the North region. Each panel shows the predicted damage probability 
as a function of one variable, while all other variables are held at their mean values (for continuous variables) or set to their reference category (for categorical 
variables). Solid lines represent the predicted mean, points indicate class-specific probabilities, and shaded areas or error bars denote the 95% prediction intervals. 
Rug plots along the x-axes illustrate the distribution of observed data.
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4. Discussion

In this study we identified useful ALS metrics and combination of RS 
variables in modeling of wind and snow damage, compared the per
formance of ALS driven versus field-measured information in modeling 
damage vulnerability, and successfully created the first national 
vulnerability models for wind and snow damage based on a combination 
of ALS data, other mapped products, weather data and NFI data in 
Sweden. Unlike previous large-scale forest damage models, our 
approach used direct ALS metrics in the prediction models, allowing us 
to fully utilize the capacity of ALS to derive information about pre- 
damaged forest structure – a critical component in determining wind 
and snow damage vulnerability. This is because ALS point cloud con
tains more detailed information about the three-dimensional structure 
of the forest canopy compared to standard forest attributes (Lefsky et al., 
1999; Maltamo et al., 2014). Earlier works on empirical forest wind and 
snow damage vulnerability models (e.g., Valinger and Fridman, 1997, 
2011; Schmidt et al., 2010; Díaz-Yáñez et al., 2019) have largely used 
field-measured forest attributes. Whereas spatial vulnerability assess
ments “risk maps” have relied on already available maps of the forest 
variables included in the models (Suvanto et al., 2019, 2021; Merlin 
et al., 2025), not direct RS metrics.

The best RS-based vulnerability models included a combination of 
ALS-derived metrics, terrain height, dominant tree species information, 
and weather variables in both the northern and southern models. All 

selected variables were consistent with expectations and supported 
findings from earlier spatial studies (Suarez et al., 2008; Suvanto et al., 
2019, 2021, Gopalakrishnan et al., 2020; Costa et al., 2023; Merlin et al., 
2025). Direct ALS metrics used in the models included height percentiles 
“zq15” and “zq30” (15th and 30th percentiles of point heights) 
capturing vertical forest structure and stand slenderness, identified as 
primary vulnerability determinants (e.g., Peltola et al., 1999); the can
opy density metrics “zpcum4” and “zpcum6” (cumulative percentage of 
returns located in the lower 40% or 60% of maximum elevation) 
capturing lower-canopy return density, a proxy for how exposed the 
sub-canopy is to wind loading (Russell et al., 2018); the interval metric 
“Pz_5.10” (proportion of returns between 5 and 10 m) also capturing 
information about density and vertical structure of the forest; finally 
“Diff_zq95_50m” (height difference inside a 50 m radius plot), which 
captures local height differentials to identify vulnerable forest edges 
where tall trees are exposed to wind damages (e.g., Gardiner, 2021). It is 
noteworthy that many candidate variables were excluded due to sub
stantial overlap in the information they conveyed. As a result, variable 
retention was influenced, to some extent, by their redundancy rather 
than unique explanatory value (Dormann et al., 2013). Therefore, it is 
likely that alternative variable subsets could have been selected under 
slightly different conditions.

These ALS metrics represent complex features of the canopy struc
ture which reflect not only tree height and stand density distribution 
(Maltamo et al., 2014) but also canopy and stand neighborhood 

Fig. 4. Marginal effects of selected variables on damage probability for the RS-based model in the South region. Each panel shows the predicted damage probability 
as a function of one variable, while all other variables are held at their mean values (for continuous variables) or set to their reference category (for categorical 
variables). Solid lines represent the predicted mean, points indicate class-specific probabilities, and shaded areas or error bars denote the 95% prediction intervals. 
Rug plots along the x-axes illustrate the distribution of observed data.
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openness (e.g., Sasaki et al., 2008; Gopalakrishnan et al., 2020), and 
even tree species (crown structure), especially when combined with 
spectral data (e.g., Packalén and Maltamo, 2007; Ørka et al., 2009), 
which are key structural determinant of damage vulnerability based on 
previous findings (e.g., Nykänen et al., 1997; Peltola et al., 1999; 

Valinger and Fridman, 2011; Mitchell, 2013; Boudreault et al., 2014, 
Jackson et al., 2019; Suvanto et al., 2019; Gardiner, 2021). Therefore, 
they can serve as substitutes for mapped forest attribute data and have 
potential to bring more detailed information about the canopy and forest 
structure into the model, which are not necessarily captured by the 

Fig. 5. Marginal effects of selected variables on damage probability for the field-based model in the North region. Each panel shows the predicted damage prob
ability as a function of one variable, while all other variables are held at their mean values (for continuous variables) or set to their reference category (for categorical 
variables). Solid lines represent the predicted mean, points indicate class-specific probabilities, and shaded areas or error bars denote the 95% prediction intervals. 
Rug plots along the x-axes illustrate the distribution of observed data.

Fig. 6. Marginal effects of selected variables on damage probability for the field-based model in the South region. Each panel shows the predicted damage probability 
as a function of one variable, while all other variables are held at their mean values (for continuous variables) or set to their reference category (for categorical 
variables). Solid lines represent the predicted mean, points indicate class-specific probabilities, and shaded areas or error bars denote the 95% prediction intervals. 
Rug plots along the x-axes illustrate the distribution of observed data.
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traditional field measurements.
In earlier studies, ALS data were first used to predict forest attributes, 

such as diameter at breast height, tree height, and stem density, based on 
the relationship between ALS metrics and field measurements (Suarez 
et al., 2008; Gopalakrishnan et al., 2020; Costa et al., 2023; Merlin et al., 
2025), and later for forest vulnerability modeling. In addition, Saarinen 
et al. (2016) used ALS-based surface models (terrain and canopy height) 
when mapping the probability of wind-induced forest disturbances, and 
Gopalakrishnan et al. (2020) used ALS data to derive predictor vari
ables, such as distance to edge and gap size, similarly to our height 
difference metrics. However, as said ALS data contains more informa
tion about forest structure, for example the detailed structure of the 
canopy and height differences, which are not described by variables 
such as tree height or gap size derived from ALS data in previous studies. 
Instead, by using a large range of direct ALS metrics, as we have done 
here, it is possible to more comprehensively utilize the potential of ALS 
data in identifying metrics that are linked to forest damage 
vulnerability.

As expected, the field-based vulnerability models had slightly better 
overall accuracies, likely due to the more accurate forest information 
from the field (direct measurement, forest attributes measured at same 
time with damage, spatial accuracy not being an issue etc. compared to 
RS data). Similar variables were selected for both field-based and RS- 
based models. However, the key difference was that field-derived 
structural variables were replaced with ALS-based metrics, which also 
included measures of height differences in the stand neighborhood. One 
important variable used in the field-based models was the “time since 
last thinning”, which we could not include in the RS-based models since 
it is not currently available as an open wall-to-wall dataset in Sweden. 
The variables used in the field-based models have been included in 
several earlier studies (e.g., Nykänen et al., 1997; Peltola et al., 1999; 
Valinger and Fridman, 2011; Mitchell, 2013; Suvanto et al., 2019; 
Gardiner, 2021) and are therefore not discussed in detail here. It is worth 
mentioning the importance of the variable representing Lodgepole pine 
(Pinus contorta) due to its positive effect on damage vulnerability in both 
field- and RS-based models, a tree species that is seldom considered in 

forestry research in Fennoscandia. Earlier also Nicoll et al. (2006) found 
Lodgepole pine to be more susceptibility wind damage than other spe
cies when anchorage of different coniferous trees was studied. Lodge
pole pine is a non-native species in Fennoscandia and is most commonly 
present in Sweden, where it covers around 1.6% of the growing stock 
(Skogsdata, 2025).

In this study, we divided Sweden into two modeling regions to take 
better account the large geographical variation in both climate and 
forest structure (Skogsstyrelsen, 2020). This was done after observing 
differences in the data and when preliminary models for whole Sweden 
performed less accurately. Variation in climate and forest conditions 
also affects the occurrence of different types of damage; for example, 
wind damage is most common in southern Sweden, while in northern 
Sweden both wind and snow damage occur frequently, often with 
combined effects, which was accounted using the regional models.

Both RS- and field-based vulnerability models showed higher 
modeling accuracy for the North region compared to the South region. 
Forest structure and tree species composition are more heterogeneous in 
southern Sweden, which may be one of the reasons. Similar results have 
been reported earlier by Valinger and Fridman (1997), where two 
counties in Sweden were compared. The Scandinavian Mountains also 
reach the northern part of southern Sweden, increasing variation in 
terrain and forest structure. Most of the predictors included in the 
models were similar in both regions, but differences were also identified. 
For example, snow variables were only included in the northern models, 
while height difference metrics in the stand neighborhood were only 
included in the southern models. In addition, the RS-based models for 
southern Sweden included more ALS-derived metrics and tree species 
variables i.e. more variables were needed to describe damage vulnera
bility indicating more complex system. Here, more research on combi
nation of factors affecting damage processes across the region is needed. 
In the northern models (NFI and RS), maximum western wind speed 
(MaxWindWest) was unexpectedly negatively associated with damage 
probability. The variable was retained because it was not collinear with 
other predictors and contributed to model performance. This relation
ship should be interpreted cautiously. In snow-dominated northern 

Fig. 7. Map demonstration for a case-study area in the North at the regional level using continuous scale (a-b) and at the local level using five vulnerability classes (c- 
d). Upper maps (a and c) are showing the original prediction map, while lower maps (b and d) are showing the smoothed version of maps to better indicate the 
hotspots of damage risk.
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forests, stronger winds may reduce crown snow load by shedding 
intercepted snow and rime, thereby lowering the risk of snow-induced 
stem breakage (Nykänen et al., 1997; Lehtonen et al., 2014). In addi
tion, long-term wind exposure may promote structural acclimation, 
increasing resistance to prevailing winds (Bonnesoeur et al., 2016). 
However, because observations were concentrated at low wind speeds, 
the negative effect may be weakly constrained at higher wind speeds and 
should not be overinterpreted.

4.1. Model limitations and further development

One challenge for our modeling approach was the combination of 
wind and snow damage in a single categorical variable within the 
Swedish NFI, while, for example, the Finnish NFI presents the two types 
of damage separately. This may impact on the results, as wind and snow 
can affect somewhat different types of forests in terms of forest structure 
and species composition. For example, previous research has shown that 
the probability of wind damage increases strongly with tree height and 
especially affects Norway spruce dominated forests (Suvanto et al., 
2019), whereas snow damage typically impacts smaller trees, and 
Scots pine was found to be at higher risk (Nykänen et al., 1997; Suvanto 
et al., 2021; but see also Zubkov et al. 2024 who found more damage in 
Norway spruce compared to Scots pine in a study area in southern 
Norway). However, since wind and snow are part of same damage 
process (Peltola et al., 1999) the correct identification of wind and snow 
damage in the field can be challenging in regions where both damage 
types occur and can have a combined effect.

Another source of error in our models is the time difference between 
the laser scanning and the field inventory time point, which varies be
tween 1–13 years. To account for differences in forest characteristics 
between the time of laser scanning and the time of damage, we removed 
plots that had been clearcut between the scanning and the field in
ventory, but forest growth during this time window was not considered. 
Furthermore, by using more advanced modeling methods, minor im
provements in the models might have been achieved, even if earlier 
research did not find considerable improvements in model performance 
(Suvanto et al., 2019). We decided to use logistic regression due to its 
straightforward interpretation and its ease of use in future applications.

Creating a good model for damage probability is more challenging 
when the number of damaged plots is small. In this study, we included 
both temporary and permanent plots that had been inventoried in the 
field after the first and second national laser scanning of Sweden, but in 
the future more data will be available and can be used to improve the 
models, as the third scanning of Sweden started in 2025 (if the laser 
scanning data are not radically different between campaigns).

Finally, improvements in the nationally available datasets describing 
the predictor variables would improve the quality of the damage 
vulnerability maps. This is demonstrated in our results by the higher 
performance of models where the predictors are based on field mea
surements of the NFI plots, compared to RS-based models where the 
forest structure predictors are derived from national RS-based datasets. 
For example, improved change detection from satellite images would 
enable the mapping of forest thinnings (an important variable in field- 
based models) at the national level. In addition, development of 
improved forest information at the single-tree level, as well as improved 
soil type or tree species maps, may enable higher accuracy of damage 
probability maps in the future.

4.2. Application of the models

The application of these models to create wall-to-wall damage 
vulnerability maps can be a powerful tool for integrating risk informa
tion into forest management decisions. However, the models focus on 
damage from smaller-scale events and do not account for the most 
extreme storms. By visualizing vulnerability across the landscape, the 
maps reveal regional and stand-level variation in risk, supporting 

decisions on the timing and intensity of final felling or thinning in 
vulnerable areas. For practical use, they could be complemented by 
uncertainty maps showing prediction errors (Wadoux and Heuvelink, 
2023). Ultimately, the implications of vulnerability information 
depend on each forest owner's risk tolerance and management objec
tives. Therefore, rather than defining a universal threshold for ‘high-
risk’ or ‘low-risk’ stands, risk classifications should remain 
context-specific and adaptable (Fig. 7).

The maps also have applications beyond forest management. Snow- 
or wind-damaged trees can cause substantial harm to infrastructure, 
including power lines, roads, and buildings. In Finland, forest snow 
damage probability maps (Suvanto et al., 2021) have proven useful for 
identifying sections of power line networks at risk from snow-damaged 
trees (Räisänen et al., 2023). They can also support the rapid identifi
cation of forests requiring salvage logging after major disturbance 
events. For example, Laapas et al. (2023) showed that combining the 
Finnish wind damage probability map (Suvanto et al., 2019) with storm 
impact data effectively mapped likely storm-damaged areas. Such in
formation supports authorities in coordinating damage management 
and helps forest owners identify when on-site inspections are needed, 
particularly when they live far from their properties.

Damage probability models can also be integrated with forest 
simulation models to assess how management strategies influence forest 
sensitivity to damage over time (e.g., Potterf et al., 2022; Öhman et al., 
2025). These simulations commonly rely on field-based models, 
including the NFI-based model developed in this study. Our improved 
field-based vulnerability model could be implemented in the Heureka 
decision support system (Lämås et al., 2023), replacing or com
plementing its current wind damage risk model (Lagergren et al., 2012). 
In the future, RS-based models may also be incorporated into 
next-generation of Heureka, enabling more detailed spatial planning of 
forest landscapes.

5. Conclusions

In this study, we successfully demonstrated how vulnerability to 
wind and snow damage can be predicted using a combination of ALS, 
weather and other mapped data and NFI field measurements in Sweden. 
In contrast to earlier large-scale forest damage models, we used direct 
ALS metrics in the prediction models, allowing us to fully utilize the 
capacity of ALS to derive information on complex features of forest 
structure reflecting tree height, slenderness, stand density, canopy and 
stand neighborhood openness, and tree species, which are the key 
structural determinant of damage vulnerability. Both RS- and field- 
based models combined forest structural variables (ALS- or field- 
based), tree species, terrain, and weather information, showing that 
damage vulnerability is governed by multiple interacting biophysical 
factors. We observed clear regional differences in model performance 
and selected variables between North and South regions, highlighting 
spatial variation in underlying damage processes. Overall, we provide a 
practical approach for mapping forest damage risk from local to national 
levels, supporting both operational forest management and strategic 
planning. These models represent a first step towards national-wide 
damage vulnerability maps for Sweden, planned for production during 
2026.
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Holopainen, M., Hyyppä, J., 2016. Using multi-source data to map and model the 
predisposition of forests to wind disturbance. Scand. J. For. Res. 31 (1), 66–79. 
https://doi.org/10.1080/02827581.2015.1056751.

Sasaki, T., Imanishi, J., Ioki, K., Morimoto, Y., Kitada, K., 2008. Estimation of leaf area 
index and canopy openness in broad-leaved forest using an airborne laser scanner in 
comparison with high-resolution near-infrared digital photography. Landsc. Ecol. 
Eng. 4, 47–55. https://doi.org/10.1007/s11355-008-0041-8.
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