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Abstract.  

Tree falls along linear infrastructures and in particular powerlines pose a significant economic, safety and environmental 

challenge for the companies and institutions managing these infrastructures. The quick progression and affordability of 

remote sensing technologies such as drone-based inventories offers the opportunity to quickly and efficiently map individual 

trees along these infrastructures, enabling precise vegetation management to reduce risks. Here, we show how the hybrid 15 

empirical and mechanistic wind risk model ForestGALES can be applied to assess the vulnerability of individual trees to 

windfalls along selected powerlines in southern Norway. The validation dataset contained 180 recorded individual tree falls 

along powerlines from the winter 2020-2021. There was no major wind event recorded that winter. However, still, the 

ForestGALES model performed adequately, with an AUC (area under the curve) of 0.67. Combining the vulnerability index 

from ForestGALES with all other available tree and environmental variables in a machine learning model (extreme gradient 20 

boost algorithm) did however significantly improve the prediction performance. These results highlight how a combination 

of high-quality remote sensing data at the individual tree level can be utilized with ForestGALES and machine learning to 

provide managers with high-resolution vulnerability information for vegetation management. 

1 Introduction 

Linear infrastructures such as roads, railways and powerlines are vital to our societies bringing important social and 25 

economic benefits. However, they often intersect with managed and unmanaged forested and other vegetated areas. Coupled 

with extreme weather events, vegetation-related damage on linear infrastructures poses important safety, social and 

economic risks. Tree monitoring and management to identify high-risk locations along linear infrastructures is key and a 

priority for proactive natural hazard and vegetation management (Gardiner et al., 2024; Poulos and Camp, 2010; Szymczak 

et al., 2022) also minimizing the footprint of these infrastructures on vegetation. Regarding power infrastructures and 30 

powerlines, global electricity demand has nearly doubled over the last two decades across the world and is set to continue 
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growing. The powerline grids are likely by 16 million new kilometres for the 2020-2030 period to connect all new sources of 

electricity across the world (IEA, 2020). This creates increasing pressure on forested lands and increased deforestation and 

fragmentation when new lines are laid out. In addition, a general aging of forests in Europe and more climatic disturbance 

increase the problems (Patacca et al., 2022). Tree management is a significant growing need and expense for power 35 

transmission and distribution companies, for which traditional methods are rapidly becoming obsolete. The electricity 

distributors have a much larger area to manage the vegetation along the powerlines’ right-of-way (ROW). They need to 

reduce tree fall risks while maintaining biodiversity, carbon sink strength, timber production and access for forest 

management among other ecosystem services. 

The advent of new remote-based technologies paired with machine learning models is rapidly changing the methods for risk 40 

assessment and management planning for power suppliers (and for other linear infrastructures). Historically, utilities used a 

fixed cycle of ground-based patrols visually inspecting powerlines, a time-consuming and expensive routine task. The rapid 

development and dissemination of optical and LiDAR surveys of the powerlines with airplanes and drones has significantly 

upgraded the potential for extensive remote monitoring of the vegetation along powerlines (Walker and Dahle, 2023). 

Combined with new AI models and tools, these new technologies can provide the identification of individual trees and a 45 

detailed 3D representation of their characteristics such as species and size (Jain et al., 2021). The acquisition and processing 

of LiDAR data is however expensive and can be time-consuming, especially for large regions or countries with extensive 

network of distribution lines. Developing and applying existing and new models utilizing these datasets to quickly calculate 

vulnerability indices across large areas are therefore key for the electricity providers. This helps to move towards cost-

effective precise and individual-based tree management in the powerline ROW by targeting sections with high vulnerability. 50 

It also offers the opportunity to increase the safety of ground crews, better comply with local regulations and policies, and 

optimize the planning process for new powerlines. 

In this study, we applied the well-established forest wind damage risk model ForestGALES recently parameterized for 

Norwegian forests (Merlin et al., 2025). This is a hybrid empirical and mechanistic model for calculating the threshold 

(Critical Wind Speed CWS) for wind damage for forest stands and individual trees (Gardiner et al., 2008; Hale et al., 2012, 55 

2015), to a compiled drone-based dataset of individual trees along powerlines across southern and western Norway. The 

ForestGALES model provides a semi-mechanistic alternative to statistical damage models which have limited operational 

use, by incorporating the physical process of wind loading on individual trees in forests. In Norway, forests cover 38 % of 

the land and the high-voltage power grid stretches over 130,000 km. Power outages are in general scarce and short in 

Norway (e.g. in 2024 an end-user experienced an average of 1.7 power outages lasting more than 3 minutes, with one long-60 

term power outage for an average of 3.5 hours (Avbrotsstatistikk fra Reguleringsmyndigheita for energi - NVE, 2025)), with 

75% of them attributable to snow, ice, lightning, precipitation, wind and vegetation. However, stronger storms and heavier 

wet-snow events in recent years have directly and indirectly, via tree fall, impacted electricity delivery and financially 

burdened utilities and other involved parties (NVE, 2012). This includes severe cases of long-lasting outages for some 

consumers and indirect effects on other electricity-based facilities such as emergency networks. Widening of powerline gates 65 
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have been routinely carried out to secure powerlines against tree fall but may compromise forest cover, continuity and 

biodiversity. The utilities are therefore keen on implementing an operational solution collecting relevant data for predicting 

damage probability and design preventive and precise management. The objective of this study was thus to evaluate the 

performance of a Norwegian-parameterized version of ForestGALES for identifying trees at risk for wind damage along a 

given powerline. 70 

2 Materials and Methods 

In our study, we calculated CWS with ForestGALES for individual trees along selected powerline sections in southern 

Norway. To best represent the individual tree characteristics and the immediate forested environment, different seasonal 

(presence of snow on tree crowns) scenarios and definitions of tree variables (crown asymmetry, immediate tree 

neighbourhood definition) were used in the input dataset prior to the calculation of CWS by the ForestGALES model. This 75 

was to assess how to best define individual tree characteristics and local environment in order to obtain the most accurate 

damage predictions. Additionally, three alternative sources describing the wind climate were used when calculating the 

probability of damage. All options were evaluated for their performance in predicting tree damage against a validation 

dataset of recorded tree damage during the winter 2020-2021 and the best model selected. 

2.1 Individual tree data 80 

We used a single tree dataset from southern Norway (Figure 1), i.e. mainly in the boreonemoral and south, boreal bioclimatic 

zones (Bakkestuen et al., 2008). It was compiled by eSmart Systems (https://www.esmartsystems.com/), a company 

providing AI-based services for the inspection and maintenance of energy infrastructures. The dataset contained single tree 

data along 25 forested powerline sections of 200 - 500 m in length and approximately 50 to 65 m in width, i.e. ~25 m on 

each side of the powerline gate. Out of the 25 locations, 17 were south of Oslo, and 8 were in the more northern and western 85 

region. Observations of individual tree damage in and around the 25 powerline locations (and a few observations in new 

locations – see Figure 1) during the winter 2020-2021 (assumed due to wind damages; no heavy snow event were recorded 

for that period for the locations considered) were gathered early in summer 2021 and included both uprooted and broken 

trees. A total of 180 damaged trees were recorded, including 76 Norway spruce, 56 Scots pine and 48 broadleaved trees.  

https://www.esmartsystems.com/
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Figure 1. Maps showing the location of the study sites (black dots) within the larger study area in southern Norway (black rectangle) 

across the five bioclimatic regions of Norway. 

The single tree data contained 18,689 trees, including 180 damaged trees (~1% of the full dataset). The acquisition of this 

dataset followed two main steps: first the acquisition of UAV laser scanning data and its pre-processing (for the 25 

powerline strip locations), second the post-processing of this data to obtain all the required tree characteristics variables. A 95 

short description of both steps follows. 

2.1.1 UAV laser scanning dataset 

The field data collection took place across the summers 2020 and 2021. UAV laser scanning data were collected for the 

powerline strips. A base station with known GPS coordinates was used for accurate geocoding of the laser returns. The 

collection was planned based on a 4 or 5 double line pattern along the powerline, at a flight altitude of ~60 m above ground 100 

and with a flight line spacing of ~10 m – 15 m, resulting in an overlap of the flight lines of ~85 % in front and ~75 % side 

and a scan angle of 0° from nadir, resulting in a ground sampling distance of near 1,41 cm/pixel. Several postprocessing 

engines were used but Pix4D (© 2025 Pix4D SA) and DroneDeploy (© 2025 DroneDeploy) were the major tools for this 

(details not shown). The pre-processing of the UAV-LS data yielded a dataset containing the coordinates, species, height and 

the bounding box of each tree within 25 m of each side of the powerline gate. This pre-processed dataset underwent further 105 

processing to calculate the following “landscape” variables: the shortest distance from each tree to the powerline, the 

distance from each tree to the nearest forest edge (towards and away from the powerline or in the direction parallel to the 

powerline when an edge existed), the associated size of non-forested gaps (when present). The diameter at breast height 

(DBH) was estimated using species-specific equations pairing UAV-LS-derived height data and field-based measurements 

of DBH (see Appendix A Table A 1). The crown radii in the eight cardinal directions were measured to calculate the offset 110 

of the crown gravity centre relative to the top of the tree (see below). 
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2.1.2 Tree data processing and final input dataset 

The input dataset was then further processed to obtain all necessary variables required to calculate the CWS using 

ForestGALES. The stem volume and crown depth of each tree was estimated using Norwegian and species-specific 

equations derived from the National Forest Inventory and described in the Appendix of Merlin et al. (2025) (the stem volume 115 

equation are reiterated here in the Appendix A.1.1 Table A 2). A measure of the crown asymmetry for each tree was done 

using the 8 crown radii measured in the previous step by estimating the displacement of the centre of gravity between a right 

circular cone shape and an irregular cone. Details about the calculation of the displacement of the crown centre of gravity are 

shown in Appendix A.1.2 Figure A 1. The crown offset was then added in the calculation of the deflection loading factor 

(DLF) as an additional displacement of the crown weight – thereby increasing the DLF compared to a tree with a 120 

symmetrical crown, decreasing the CWS thereby increasing the tree’s vulnerability to wind damage (see Eq 2 and Eq 3 for 

the DLF in the CWS calculations, (Locatelli et al., 2022)). 

For each tree, the characteristics of the surrounding trees were aggregated to represent the neighbourhood of each tree using 

Voronoi diagrams. We considered both the first order and second order neighbouring Voronoi cells – trees – when defining 

the neighbouring trees (hereafter named “tier 1 & tier 2”). We calculated the mean tree height, DBH, crown depth and width, 125 

and distance for the neighbourhood trees and labelled this as stand variables. We calculated two competition indices , i.e. the 

Hegyi (distance-dependent, (Hegyi, 1974)) and the BAL (distance independent, (Stage, 1973)) . Both indices are 

implemented in the single-tree version of ForestGALES. 

The distance to the edge of the forest and the associated forest gap size were calculated in four directions – to and from the 

powerline, and along the powerline direction – using individual tree positions. Three alternatives were retained when 130 

calculating the critical wind speed: i. the “closest largest gap” was defined using the linear optimizer function of the lpSolve 

package in R (Berkelaar, 2024), ii. the “minimum” was simply the closest forest edge and iii. the “mean” the average of the 

distances to and size of the non-forested gaps in the four considered directions). 

We derived soil type and rooting depth from the Geological Survey of Norway (NGU; 

https://geo.ngu.no/kart/losmasse_mobil/) and the ForestGALES classification (Kennedy, 2002) as detailed in the Appendix 135 

of Merlin et al. (2025). Finally, we derived the topographic exposure index Topex (Chapman, 2000) from Norwegian 

elevation models at 10 m resolution across Norway for a horizon distance of 200, 500, and 1000 m averaged across the eight 

compass directions, hereafter referred to as Topex 200, Topex 500 and Topex 1000. Topex has been successfully used in 

forest wind damage assessments and modelling in complex terrain (Costa et al., 2023). 

2.1.3 Characteristics of damaged and standing trees 140 

A simple summary of the differences between the standing and damaged trees was performed for tree height, DBH, D/H 

ratio, the ratio of the estimated crown depth to tree height, species mix (whether the tree of interest was in a stand of the 

same species (coded 0), of a different species and a conifer species (coded 1), or of a different species and broadleaf (coded 

https://geo.ngu.no/kart/losmasse_mobil/
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2)), tree status (whether the tree of interest was taller or thinner than the neighbouring trees). Considering the large 

imbalance in the sample sizes between the damaged and standing trees, we used a repeated random subsampling approach 145 

for N = 100 simulations. In each of the simulations, all 180 damaged trees were combined with a randomly selected subset of 

180 standing trees drawn without replacement to produce balanced datasets. The differences in the characteristics between 

the standing and damaged trees were evaluated in each simulation, and the results were summarized across the 100 

simulations. This approach assumes independence among trees and treats each random subsample of standing trees as an 

equally plausible representation of the undamaged population. Similar results were obtained when performing the analysis 150 

on the complete unbalanced dataset.. The significance of the difference was tested using the Mann-Whitney-Wilcoxon 

(MWW) test foregoing assumptions about the underlying distribution. The statistics of the test were then averaged across the 

100 repeated assessments. Similarly, a 2-sample test for equality of proportions was used to test whether damaged trees were 

different from standing trees in the type of trees in their surroundings (same species, different species with conifers or 

broadleaves). 155 

2.2 Wind climate and models 

A probability of wind damage can be calculated when combining calculated CWS from ForestGALES and information on 

extreme wind events. Three different descriptions of the wind climate were assessed in this study for their predictive power: 

the use of the maximum observed wind speed during the winter (October to April), the use of the Weibull distribution 

describing the mean wind climate assuming its convergence to a Gumbel distribution (as described in the ForestGALES 160 

default model), and the use of the Generalized Extreme Value (GEV) distribution describing the extreme – maximum wind 

speed climate.  

2.2.1 Maximum observed wind speed during the winter 2020-2021 

The maximum wind speed at 10m above ground was obtained from the hourly meteorological data from the long-term stable 

post-processed products of the Norwegian Meteorological Institute MET (available for download here: 165 

https://thredds.met.no/thredds/metno.html) on a 1 km x 1 km spatial grid across Norway. Since all damage was recorded 

during the winter of 2020-2021, corresponding to the period when tree falls occur most frequently in Norway, the search for 

the maximum observed wind speed was restricted between October 2020 and April 2021. The maximum wind speed for the 

winter 2020-2021 in the centroid of each of the 25 powerline strips and for each location of the 180 damaged trees was 

extracted. Some of the sites belonged to the same 1 km raster cell from the meteorological data, hence the final 2020-2021 170 

maximum wind speed dataset contained 97 different locations for the 205 sites (25 powerline strips and 180 recorded 

individual tree damage events). The wind climate during this period (winter 2020-2021) was relatively mild, with a mean 

wind speed of approximately 3 to 4 m.s-1 and a 95th percentile between 4 and 5 m.s-1. The maximum observed wind speed 

itself reflected a mild winter, with values around 10 m.s-1 for all locations considered here (see Appendix Figure A 2). 

https://thredds.met.no/thredds/metno.html
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2.2.2 Weibull distribution – mean wind speed climate 175 

The Global Wind Atlas (https://globalwindatlas.info/en) provides a worldwide description of the mean wind climate via the 

two Weibull distribution parameters A and k. Both parameters are available at a 250 m resolution (at the equator) and were 

downloaded for Norway. The value of the two parameters in the centroid of each of the 25 powerline strips and for each 

location of the 180 damaged trees were extracted. The maximum wind speeds described by a Weibull distribution converge 

to a Gumbel (GEV type I distribution – see below) distribution. The A and k parameters of the Weibull mean wind 180 

distribution can then be transformed into the two Gumbel parameters following Quine (2000) to describe the extreme wind 

climate based on information from the mean wind climate. 

2.2.3 Generalized extreme value distribution – maximum wind speed climate 

Since the extreme (maximum) wind speed climate is theoretically more relevant for assessing the probability of damage than 

the mean wind climate, it would be logical to use a model describing the extreme wind climate across Norway. Generalized 185 

Extreme Value (GEV) distribution models are well-established and widely used in extreme value statistics (Palutikof et al., 

1999). The GEV distribution was first introduced by (Jenkinson, 1955), describing three possible types of extreme value 

distributions for the block maxima of a given variable: type I – Gumbel, type II – Fréchet and type III – Weibull (Beirlant et 

al., 2004). The GEV distribution is a three-parameter distribution of the form: 

𝐺(𝑋 ≤ 𝑥) = {𝑒
−[1+𝜉×(

𝑧−𝜇
𝜎
)]

1
𝜉

, 𝑓𝑜𝑟 𝜉 ≠ 0

𝑒−𝑒
−
𝑧−𝜇
𝜎 , 𝑓𝑜𝑟 𝜉 = 0

 190 

(1) 

Where 𝜇 is the location, 𝜎 is the scale, and 𝜉 is the shape parameter. The shape parameter determines one of the three 

previously mentioned types: type I is when 𝜉 = 0, type II is when 𝜉 > 0 and type III when 𝜉 < 0. For an accurate parameter 

estimation of the GEV distribution at each site, the time series sample must be sufficiently long; a minimum of ten years of 

observations is recommended, but the longer the more accurate the estimates of wind extremes will be (Palutikof et al., 195 

1999). There is however no published map of the three GEV parameters for Norway, therefore a GEV model was fitted on a 

long-term dataset of yearly maximum wind speed for each of the sites. The long-term extreme wind speed dataset contained 

the yearly maximum wind speed for 47 years (1975-2021) extracted from the same data source as for the maximum wind 

speed observed in the winter 2020-2021 (i.e. the long-term stable post-processed products of the Norwegian Meteorological 

Institute MET). Similarly to this other dataset, it contained the time series of maximum wind speed for the 97 locations 200 

corresponding to the 205 sites.  

For each of the 97 time-series, the GEV fitting procedure was as follows: (1) the Augmented Dickey-Fuller (ADF) and the 

Kwiatkowski-Phillips-Schmidt-Shin (KPSS) stationary tests were performed and stationarity of the time series was ensured 

(for α = 0.05); (2) the GEV distribution was fitted using the Maximum Likelihood Estimation (MLE); (3) each model fit was 

checked using two diagnostic plots: i) the empirical versus model quantiles plot with confidence bands, ii) the model density 205 

https://globalwindatlas.info/en
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compared with the histogram of the empirical data; (4) both the Kolmogorov-Smirnov and Anderson-Darling tests were 

performed to confirm the empirical data and a randomly generated sample from a GEV model with the estimated parameters 

originated from the same distribution. During step (2), initial estimates were supplied, in the form of the mean observed 

maximum wind speed across the time series for the location parameter, a scale value of 1 and a shape value of 0.1. The use 

of good initial estimates – especially for the location parameter – was important in ensuring convergence of the model. The 210 

final parameter estimates for the 97 fitted models were on average 10.5 (sd = 1.96) for the location parameter, 0.894 (sd = 

0.241) for the scale parameter and -0.213 (sd = 0.130) for the shape parameter. The majority (94 out of 97) of the models 

showed a negative shape parameter, indicating a GEV model of type III. Traditionally, extreme wind speeds in temperate 

latitudes have been fitted to a Type I (Gumbel) distribution, as was done when using the Weibull distribution parameters in 

this study. However several published studies (Li et al., 2022; Palutikof et al., 1999; Soukissian and Tsalis, 2015) have 215 

shown that the Type III distribution is appropriate. 

Note that the wind direction or seasonality of the extreme wind speed were not accounted for in this study. 

2.3 ForestGALES, Critical Wind Speed and probability of damage 

The ForestGALES model is a hybrid empirical and mechanistic wind risk model for forest stands and individual trees, 

initially developed in the United Kingdom (Hale et al., 2012, 2015) and now used in several European and non-European 220 

forest contexts (Duperat et al., 2021; Kamimura et al., 2016; Locatelli et al., 2016) and in Norway (Merlin et al., 2025). We 

used the individual tree version (Turning Moment Coefficient – TMC – version). It uses input variables of tree 

characteristics, the surrounding forest stand, and soil class and rooting depth to calculate the Critical Wind Speed (CWS) for 

breaking and overturning damage. We used the R (fgr) package (Locatelli et al., 2022), which we recently parametrized for 

Norway (Merlin et al., 2025) and included an upgrade on crown asymmetry (details in section 2.2 and Appendix A). 225 

2.3.1 Critical Wind Speed calculations 

The CWS equations for breakage (Eq. (2)) and overturning (Eq. (3)) are shown below (Hale et al., 2015; Locatelli et al., 

2022):  

𝐶𝑊𝑆𝑏𝑟𝑒𝑎𝑘𝑎𝑔𝑒 = √
𝜋 ∙ 𝑀𝑂𝑅 ∙ 𝐷0

3 ∙ 𝑓𝑘𝑛𝑜𝑡
32 ∙ 𝑇𝐶 ∙ 𝑇𝑀𝐶_𝑅𝑎𝑡𝑖𝑜 ∙ 𝑓𝐸𝑑𝑔𝑒+𝐺𝑎𝑝 ∙ 𝐷𝐿𝐹

 

(2) 230 

𝐶𝑊𝑆𝑜𝑣𝑒𝑟𝑡𝑢𝑟𝑛𝑖𝑛𝑔 = √
𝐶𝑟𝑒𝑔 ∙ 𝑊𝑠𝑡𝑒𝑚

𝑇𝐶 ∙ 𝑇𝑀𝐶_𝑅𝑎𝑡𝑖𝑜 ∙ 𝑓𝐸𝑑𝑔𝑒+𝐺𝑎𝑝 ∙ 𝐷𝐿𝐹
 

(3) 
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where 𝜋: pi mathematical constant. The 𝑊𝑠𝑡𝑒𝑚 is the total stem weight defined as the total stem volume multiplied by the 

stem density. The stem volume was estimated using species-specific models defined and routinely used by the Norwegian 

National Forest Inventory (kg). The equations are detailed in the Appendix A Table A 2. 𝑇𝐶  is the turning moment 235 

coefficient, a dimensionless parameter representing the wind-induced turning moment acting on an individual tree, 

accounting for tree size and competitive environment. Further details on the calculation of 𝑇𝐶  can be found in the fgr R 

package (Locatelli et al., 2022). The 𝑇𝐶  can be further modified following recent (less than 5 years) thinning operations via 

the 𝑇𝑀𝐶_𝑅𝑎𝑡𝑖𝑜 accounting for differences in the spacing between trees before and after thinning operations. Since the 

model was run at a single point in time with no thinning operations conducted in the 5 years prior, the 𝑇𝑀𝐶_𝑅𝑎𝑡𝑖𝑜 was set to 240 

1.0. The diameter at base 𝐷0 was derived from DBH, tree height and crown depth using the ForestGALES default equation 

(m). The wood parameters 𝑀𝑂𝑅: modulus of rupture (MPa), 𝑀𝑂𝐸: modulus of elasticity (Pa) were extracted from Fischer et 

al. (2016) and Høibø and Vestøl (2010) for spruce and pine growing in Norway and from Peltola et al. (2000) for birch. The 

spruce and pine values were obtained from dry boards (spruce) and logs (pine) at 12 % moisture content. The conversion to 

green wood values used in the ForestGALES model was made following the method of Unterwieser and Schickhofer (2011) 245 

used by Locatelli et al. (2016). The new values are summarized in the Appendix A Table A 3, along with the equations for 

the dry to greenwood conversion. The parameter 𝑓𝑘𝑛𝑜𝑡  is a species-specific factor accounting for the reduction in wood 

strength due to the presence of knots. The default value from the ForestGALES model for each of the species considered was 

used here, namely 0.9 for Norway spruce, 0.85 for Scots pine and 1.0 for birch. The parameter 𝑓𝐸𝑑𝑔𝑒+𝐺𝑎𝑝: the combined 

effect of the tree position relative to the upwind stand edge and the size of the upwind gap, and 𝐷𝐿𝐹 is the deflection loading 250 

factor accounting for the added bending moment due to the displaced crown and stem (Locatelli et al., 2022). Finally, the 

𝐶𝑟𝑒𝑔 is the species-specific overturning coefficient empirically describing the root anchorage for different soil and rooting 

depth combinations (Nm/kg) (Nicoll et al., 2006). See Hale et al. (2012, 2015) and Locatelli et al. (2022) among others for 

more in-depth information and definitions of the different parts of the ForestGALES model for the individual tree version. 

The CWS for damage – the minimum between the CWS for breakage and overturning – was calculated for each tree under 255 

three different seasonal scenarios: 

- A “summer” scenario, where birch trees have a full crown and without any snow loading  

- A “fall” scenario, where birch trees have lost their leaves without any snow loading  

- A “winter” scenario, where birch trees are without leaves and tree crowns of all tree species are loaded with the 

local (1 km resolution) maximum snow load for the winter 2020-2021. Briefly, the maximum snow load on 260 

individual tree crowns for the winter 2020-2021 was extracted from the 2013-2023 timeseries of hourly crown snow 

load calculated  following Lehtonen et al. (2014) on the climate data from the same long-term stable post-processed 

products of the Norwegian Meteorological Institute MET.  Note that this method does not account for species’ 

differences in crown shape and probably overestimates crown snow load for birch trees. The frequency distribution 
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of the crown snow load values for the 2020-2021 winter for the 97 MET locations (corresponding to the 205 sites) 265 

is shown in Appendix A Figure A 3. 

Finally, the CWS is elevated to a reference height of 10 m. The reference height of 10 m was chosen to i) ensure consistency 

with standard meteorological wind products and ii. to avoid integrating the increasing influence of forest and other ground 

cover further wat from the site of interest tied with calculating the CWS at higher heights. 

2.3.2 Probability of damage 270 

The CWS values on their own offer a broad view into which trees are structurally more vulnerable to damage than others, 

but this does not account for the wind climate of the area. The probability of damage can be calculated in different ways 

depending on the wind data and model(s) available and chosen. In this study, we tested three methods based on the 

probability of exceeding the CWS: 

- Using a logistic function (Gardiner et al., 2024): the maximum wind speed observed during the actual winter 2020-275 

2021 (𝑤𝑠20.21) at each location was compared with the calculated CWS. The wind speed was either kept as is or 

further adjusted by the local 𝑇𝑜𝑝𝑒𝑥 value. The equation for predicting the probability of damage is below: 

𝑃𝑟𝑜𝑏𝑊𝑆2021 =
1

1 + 𝑒𝑥𝑝

(

 
 
−

(𝑤𝑠20.21 × (1 −
𝑇𝑜𝑝𝑒𝑥

𝑇𝑜𝑝𝑒𝑥𝑚𝑎𝑥
)) − 𝐶𝑊𝑆

𝑆

)

 
 

−
1

1 + 𝑒𝑥𝑝 (
𝐶𝑊𝑆
𝑆
)
 

(4) 

The factor S is a slope factor, and set to 6 as in (Chen et al., 2018; Gardiner et al., 2024). The value 𝑇𝑜𝑝𝑒𝑥𝑚𝑎𝑥 is 280 

taken as the maximum 𝑇𝑜𝑝𝑒𝑥 value across all considered locations and for the horizon chosen (i.e. 200, 500 or 

1000 m). 

- Using the annual probability of damage using a 30-year time period of wind data and a Generalized Extreme Value 

Distribution model describing the maximum wind climate at each location. The probability of damage can therefore 

be calculated as: 𝑃𝑟𝑜𝑏𝐺𝐸𝑉 = 1 − 𝐺(𝑋 ≤ 𝐶𝑊𝑆) where 𝐺(𝑋 ≤ 𝑥) is defined in Eq. (1). 285 

- Using the annual exceedance probability function default in the ForestGALES model and fgr package. Using the 

Weibull A and k parameters describing the mean wind climate, the probability of exceeding the CWS is given using 

the Fischer-Tippett (i.e. GEV) Type I distribution since the extremes of a dataset following a Weibull distribution 

(the mean hourly wind speeds) converge towards a Gumbel (GEV type I) distribution. The probability of damage is 

then given by the function for the annual exceedance probability in fgr (which is a slightly modified type I GEV 290 

from Eq. (1): 
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𝑃𝑟𝑜𝑏𝑊𝑒𝑖𝑏 = 1 − exp(−𝑒𝑥𝑝 (
−(𝐶𝑊𝑆2 − 𝑈)

𝑈
5⁄

))
 

(5) 

 Where the parameters 𝑐𝑖 for 𝑖 𝑖𝑛 {1: 5} are constants and equal to (Quine, 2000):  

𝑐1 = −0.5903; 𝑐2 = 4.4345; 𝑐3 = −11.8633; 𝑐4 = −13.569. 295 

2.4 Validation 

In total, we considered the damage predictions from several models covering the different definitions of tree characteristics, 

seasonal scenarios, forest gap and edge definition and method for calculating the probability of damage (Figure 2). 

We confronted the damage probability predictions to the observed damage for all models considered. We created 

contingency tables identifying the true positives (TP), true negatives (TN) and false positives and negatives (FP and FN) for 300 

a probability cutpoint varying from 0 to 1 with a step of 0.1. The cutpoint was used to convert the continuous damage 

probability to a binary prediction of Damage/Standing. We then calculated the sensitivity (TP/(TP+FN)) and specificity 

(TN/(TN+FP)) of the models and ranked the discrimination power of the models using the AUC (Area under the curve) of 

the Receiver Operating Characteristic (ROC). The AUC is commonly used to summarize the accuracy of the model, taking 

values between 0 and 1. In general, an AUC value of 0.5 suggests no discrimination –the model discrimination ability is no 305 

different from random – while values between 0.7 and 0.8 indicates acceptable discrimination, between 0.8 and 0.9 is 

considered excellent and above 0.9 outstanding (Hosmer et al., 2013).  

Given that the data is unbalanced in terms of the ratio of damaged/standing trees as described in section 2.1.3, the assessment 

of the models’ performance (AUC from the ROC) was done on 100 repetitions of balanced damaged/undamaged (N = 180 

for each) datasets. For each of the N = 100 repeated assessments, all 180 damaged trees were combined with a randomly 310 

selected subset of 180 standing trees drawn without replacement to produce balanced datasets. The model performance was 

evaluated in each assessment using ROC analysis, and the results (AUC and other performance metrics) were summarized 

across the 100 repeated assessments. This approach did not involve cross-validation, instead using a repeated random 

subsampling (Monte Carlo resampling). It treats each random subsample of standing trees as an equally plausible 

representation of the undamaged population. Similar results were obtained when performing the analysis on the complete 315 

unbalanced dataset. 

2.5 Machine learning for improving discrimination 

2.5.1 Choice of the eXtreme Gradient Boost machine learning algorithm 

Machine learning (ML) methods can provide a complementary approach to mechanistic models such as ForestGALES. The 

ML models are purely data-driven and can provide predictive power based on complex multivariate relationships that may 320 
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not captured in the models or not yet discovered. By combining ForestGALES with an ML model on a multivariate dataset, 

the calculated CWS and characteristics from the wind climate and landscape exposure to wind may prove to generate better 

predictions of individual tree fall (Hart et al., 2019). Moreover, ML models can be used as proxy models, approximating the 

behaviour of a mechanistic model while speeding up the computation time. An ML surrogate using all tree, soil, landscape 

and wind data bypassing the calculation of CWS could provide a quicker wind risk assessment in decision-support systems 325 

for individual tree management for forest stakeholders (e.g. powerline and railway companies). The training of ML 

algorithms requires however large datasets. The sample of 180 damaged trees in this study is at the low end of sample sizes 

for fitting ML algorithms. We explored this method nonetheless to assess its potential and set up a precedent for future 

studies combining ML and ForestGALES. For this reason, no distinction was made between species when running the ML 

algorithms; only the best global model previously selected was used in determining the CWS used in the input dataset for the 330 

ML algorithm. 

The ML algorithm used in this study was the eXtreme Gradient Boosting algorithm (XGBoost), an efficient and reliable 

method for regression and classification (Chen and Guestrin, 2016). The algorithm is a tree-based incremental learning 

process. At each iteration, a new weak learner is trained based on the error of the decision tree previously learned. Gradient 

boosting iteratively adjusts the predictions of the decision trees by minimizing the loss function (based on the error between 335 

the predicted and observed values), splitting and removing less significant tree nodes. Then, all decision trees are combined, 

and the predictions from each tree are weighted based on their importance. The iterative process is repeated until either a 

specific number of iterations are completed, or a predefined criterion is met. Many of the hyperparameters of the XGBoost 

algorithm can be modified and tuned. To keep it simple, we did not tune the hyperparameters and we used a set of default 

hyperparameters following the documentation of the xgboost R package. The values used for the main hyperparameters of 340 

the XGBoost algorithm are summarised in the Appendix A Table A 4. 

2.5.2 Input datasets to the XGBoost algorithm 

Two types of datasets were used in the XGBoost algorithm. The first dataset – hereafter referred to as the “ForestGALES-

ML” dataset – contained the individual tree CWS value calculated by ForestGALES, the exposure index Topex at 200 m, 

and a variable describing the local wind climate: either the maximum observed wind speed during the winter 2020-2021 345 

(“max_ws”), the 1-year return level (i.e. the location parameter) of either the GEV model (“return_gev”) or the Weibull 

model (“return_weib”). By using this first dataset, we assessed the potential in combining a mechanistic model 

(ForestGALES) to obtain a vulnerability index (CWS) and then a ML algorithm to obtain better damage predictions. The 

second dataset – hereafter referred to as the “TreeChar-ML” dataset – contained the same individual tree information used as 

input to the ForestGALES model (tree height, DBH, crown width and depth, crown offset, stand mean DBH, crown width 350 

and depth, and stand top height) as well as the ForestGALES soil and rooting depth classes, the exposure index Topex at 200 

m and one of the three available variables describing the local wind as in the “ForestGALES-ML” dataset. 
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2.5.3 Training of the XGBoost algorithm and assessment 

We trained the XGBoost algorithm in the same way for both datasets. The input dataset was biased towards a uniform class 

distribution as described in section 2.5, selecting an equal number of damaged and standing trees, N=180, 100 times. For 355 

each of the 100 datasets, the XGBoost algorithm was trained and tested using a 10-folds cross-validation procedure. The data 

was randomly partitioned into 10 subsamples (folds) of equal size. Nine folds are combined to train the algorithm, and the 

last fold is used to test the algorithm. The procedure was repeated by leaving out each of the 10 folds in turn. The AUC 

value, accuracy and feature (variable) importance (measured with the gain – the fractional contribution of each variable to 

the model) were measured as the mean from their respective values for each of the 10 repetitions from the cross-validation 360 

procedure. The AUC, accuracy and feature importance reported hereafter are their mean (and standard deviation “sd”) values 

across the 100 repetitions.  

The XGBoost algorithm returned a probability of damage. The discrimination threshold between damaged and standing trees 

used was 0.5, such that a probability equal or greater than 0.5 resulted in the damaged classification. 

 365 

A summary figure of the methodological approach and entire process is described in Figure 2. 
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Figure 2. Methodological approach used in the study. Box A: The input data (Soil data, Seasonal data, Tree data and Wind + Exposure) 

are processed and fed into ForestGales to obtain the Critical Wind Speed and subsequently the Probability of Damage. In addition, the 

input datasets and the Critical Wind Speed datasets are used in a machine learning (ML) algorithm (XGBoost). The ForestGales calculated 370 
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probability of damage and the machine learning datasets are evaluated against a validation dataset - the recorded tree falls along 

powerlines during the winter 2020-2021 to assess the performance of the two methods. Box B: Graphical representation of the different 

model options considered in the study split into three categories: 1. the Seasonal Scenario used (section 2.3.1 in the text), 2. the Tree Data 

processing (section 2.1.2 in the text) and 3. the use of the Wind and Exposure data (section 2.2 & 2.3.2 in the text). 

2.6 Software 375 

We accessed and processed the meteorological data using GDAL/OGR 3.4.3 (Rouault et al., 2022), and CDO version 

1.9.9rcl (Climate Data Operators, https://mpimet.mpg.de/cdo). All analyses were done using the statistical software R 4.3.3 

(R Core Team, 2024). The GEV model fitting was performed with the extRemes package (Gilleland and Katz, 2016). The fgr 

R library (Locatelli et al., 2022) and its extension in a C++ version (Merlin et al., 2025) implemented in R with the Rcpp 

package version 1.0.11 (Eddelbuettel et al., 2023) were used to calculate the individual CWSs. The XGBoost algorithm was 380 

fitted with the xgboost package (Chen et al., 2024). Maps were generated using the terra and tidyterra packages 

(Hernangómez, 2023; Hijmans, 2024) and all other figures with the packages ggplot2 and ggpubr (Kassambara, 2023; 

Wickham, 2016). 

3 Results 

3.1 Characteristics of damaged and undamaged trees 385 

Basic information on the tree height and DBH of the damaged versus standing trees is presented in Table 1. The damaged 

trees tended to be smaller in both height and diameter than the standing trees, whether considering all species together or 

individually. No significant difference in the H/d ratio was found between the damaged and standing trees for any of the 

three species. The damaged trees were typically not the tallest trees in their surroundings and were similar to the standing 

trees in their relative height to the surroundings’ top tree. The damaged trees tended to have a smaller ratio of crown depth  to 390 

tree height (meaning that they had a shorter crown for a given height) than the standing trees, but this result was mostly 

driven by Scots pine and birch trees to a lesser extent (results not shown). There was no difference in the tree type (same 

species, different species and conifer or different species and broadleaf) of the surrounding trees between damaged and 

standing trees. 

Table 1. Mean (standard deviation) values statistics between the damaged and undamaged (standing) trees for tree height (in meters), tree 395 
DBH (in centimetres), the ratio of tree height to DBH (“d/H ratio”) between the damaged and undamaged (standing) trees. The U statistic 

(Mann-Whitney-Wilcoxon test) are shown, along with the p-value associated with those statistics. *, p < 0.05; **, p < 0.01; ***, p < 0.001, 

ns: not significant ( p > 0.05). 

Variable Species Damaged Standing U value p-value Comment 

Number of 

trees 

all 180 18189    

Birch 48 8106    

Norway spruce 76 4873    

Scots pine 56 5210    

https://mpimet.mpg.de/cdo
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Tree height 

all 14.05 (5.09) 18.36 (4.79) 8803.6 *** 

Damaged trees are 

smaller 

Birch 13.89 (5.07) 18.77 (4.44) 844.2 *** 

Norway spruce 15.85 (5.39) 18.41 (4.88) 1519.4 * 

Scots pine 12.62 (4.25) 17.95 (5.01) 580.1 *** 

Tree DBH 

all 20.93 (9.96) 27.23 (11.56) 8940.3 * 

Damaged trees are 

thinner 

Birch 20.79 (13.15) 31.12 (17.87) 792.3 * 

Norway spruce 18.58 (5.09) 21.74 (4.72) 1338.7 ** 

Scots pine 23.33 (6.52) 31.35 (7.74) 579.6 *** 

H/d ratio 

all 0.71 (0.17) 0.69 (0.16) 15375 ns 

No difference 
Birch 0.66 (0.12) 0.69 (0.15) 2027.1 ns 

Norway spruce 0.84 (0.12) 0.84 (0.11) 1952.6 ns 

Scots pine 0.58 (0.11) 0.54 (0.09) 1011.4 ns 

3.2 Damage probability during the winter 2020-2021 

3.2.1 Performance of all tested models 400 

Several options were tested for calculating the CWS and probability of damage: the use of a crown offset, neighbour level, 

competition index, seasonal scenarios, type of CWS in terms of gap and edge definition, wind data/model type and the use of 

multipliers for CWS and the wind speeds (summarized in Figure 2). All models were assessed for their discrimination power 

– defined by the AUC – based on the calculated probability of damage using 100 repeated assessments with a balanced 

sample of damaged and standing trees (see Sect. 2.5). Only 20% (global models) and 23% (species-specific models) of all 405 

tested models yielded an AUC above 0.6. The mean AUC across the different alternatives for all the tested models an AUC 

above 0.6 are presented in Appendix B Figure B 1. Among the models with an AUC above 0.6, the models with the BAL 

competition index significantly outperformed the alternative for the global and species-specific models except for Norway 

spruce. The models using the tier 1 & tier 2 or tier 2 neighbour levels had higher AUC values than the alternative neighbour 

level. There were no clear differences in performance among the alternatives for the inclusion of the crown offset and CWS 410 

type across all the tested global and the species-specific models. The different seasonal scenarios performed similarly for the 

global models, but the AUC values for the winter scenario were lower for birch (significant difference) and Norway spruce 

(non-significant difference) and higher for Scots pine than the fall and summer scenarios. Surprisingly, the use of the GEV 

wind model performed the worst: only 9% of all models using the GEV wind model yielded an AUC value above 0.6. 

Despite representing the extreme wind climate at each location, it performed worse than the Weibull model which described 415 

the mean wind climate (Appendix B Figure B 2). Using a logistic probability function with the actual observed maximum 

wind speed for the winter 2020-2021 (“Actual WS”, Eq. (4)) yielded the highest AUC across the different wind data/model 

options for the global and species-specific models except for Norway spruce where the use of the Weibull model 
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outperformed it (by 0.05 AUC units, Appendix B Figure B 2). Overall, including a Topex correction did not improve the 

performance of the models under the “Actual WS” alternative (Appendix B Figure B 2). 420 

3.2.2 Best global and species-specific models 

The best global and species-specific models – the ones achieving the highest AUC values under the 100 repeated 

assessments – were selected and presented in Table 2. None of the global models achieved an AUC value above 0.7. The 

best global model yielded an AUC of 0.676. The best species-specific models all achieved AUC values at or above 0.7. The 

cutpoint (for converting the damage probability predictions to binary Damaged/Standing predictions) was generally quite 425 

low across the selected best global and species-specific models, indicating that the ForestGALES model overestimates the 

CWS, therefore overestimating of the damage probability. 

Table 2. Description and performance assessment of the best models for predicting the observed tree damages during the winter 2020-

2021. The best models across species (“All”) and for each of the species were the models which yielded the highest AUC values across the 

100 repeated assessments of model performance using a balanced sample of damaged and standing trees (𝑁𝑑𝑎𝑚𝑎𝑔𝑒𝑑 = 180 =  𝑁𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔). 430 

When the symbol “-” is used for one of the model options, this indicates that all of the option’s alternatives yielded a similar AUC value. 

Accuracy of the model is calculated at the cutpoint, i.e the probability threshold where model Sensitivity and Specificity are equal. CLG: 

Critical Wind Speed from the closest largest gap when available. 

  
Global model 

Species-specific models 

  Birch Norway spruce Scots pine 

Model options 

Seasonal scenario Winter Fall Fall Winter 

Competition index BAL BAL BAL BAL 

Crown offset no no yes yes 

Neighbour level tier 1 & tier 2 tier 1 & tier 2 tier 1 & tier 2 tier 1 & tier 2 

CWS type - CLG CWSmin CWSmin - 

Wind data Actual wind speed Actual wind speed Weibull model 
Actual wind 

speed 

Model 

performance 

AUC 0.676 0.727 0.698 0.734 

Accuracy (%) 62.2 62.5 68.4 62.5 

Cutpoint 0.221 0.191 8 10-5 0.216 

The ROC curve for the best global and species-specific models selected is presented in Figure 3, using all samples. The 

overall accuracy of the best global and species-specific models was ~64%, meaning that about 64% of the damaged and 435 

standing trees were correctly identified by the models. 
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Figure 3. Receiver Operator Characteristic (ROC) curve and performance metrics for the prediction of the probability of tree damage 

during the winter 2020-2021 using the best global and species-specific model options (see Table 2). The average of the 100 repeated 

assessments using balanced sample of 𝑁𝑑𝑎𝑚𝑎𝑔𝑒𝑑  =  𝑁𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔  =  180 was used for the figure. The AUC is shown in the table, along with 440 

the summary of the average performance metrics (Accuracy in percentage, Bias, and Profit scores) for the cutpoint at which Sensitivity = 

Specificity. 

3.3 Improved damaged predictions with machine learning 

A simple implementation of an extreme gradient boosting algorithm was used to improve the predictions of individual tree 

damage, building on the selected best global model previously identified. The XGBoost algorithm output a probability of 445 

damage, which was then transformed into a binary prediction of Damaged/Standing using an arbitrary threshold of 0.5. The 

algorithm yielded outstanding classification results with both the “ForestGALES-ML” and “TreeChar” datasets, with a mean 

AUC of or above 0.9 for all three wind variables used across the 100 repetitions. The results with the ForestGALES-ML 

dataset slightly outperformed the ones with the TreeChar-ML dataset (Figure 4). 
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 450 

Figure 4. Summary of the XGBoost algorithms performance (ROC curve; left) and feature importance for the top three contributing 

variables (right) when using the “ForestGALES-ML” dataset (panels a) and the “TreeChar-ML” dataset (panels b) for the 100 repetitions 

across the three alternatives for the wind variables. The three alternatives are: Max WS (in orange), the 1-yr return GEV (blue) and the 1-

yr return Weibull (green). The mean (and sd) AUC and accuracy across the 100 repetitions of the 10-folds cross-validation procedure for 

each alternative of the wind variables are shown as a table in the two left panels. 455 

Across both the “ForestGALES-ML” and “TreeChar” datasets, the wind variable and Topex at 200 m were the two variables 

with the highest mean gain (Figure 4). The CWS came in third and last for the XGBoost algorithm applied to the 

“ForestGALES-ML” dataset, while a mix of stand and tree variables shared the lower ranks of feature importance for the 

“TreeChar-ML” dataset (see the Appendix B Table B 1for the full list and feature importance metrics for both datasets). 

Considering the large importance of the Topex200 variable in the XGBoost algorithms, we removed it and ran the XGBoost 460 

algorithms on both datasets once more to assess the ability of the ML algorithm to predict wind damage without this 

variable. The removal of Topex200 slightly accentuated the differences in performance between the three alternative wind 
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variables used in the XGBoost algorithms. For both datasets, the use of the 1-yr return GEV outperformed the other two 

alternatives (results not shown). On average, the removal of Topex200 decreased the mean AUC by 0.04 points for both the 

ForestGALES-ML and TreeChar-ML datasets. Similarly, the accuracy dropped by an average of 4% across the three 465 

alternative wind variables. The wind variable was then further removed from the XGBoost algorithm input for the TreeChar-

ML dataset to assess its performance when considering only tree characteristics variables. The AUC was then significantly 

reduced, down to 0.763 for an accuracy of ~70%. 

4 Discussion 

This study used the hybrid mechanistic wind risk model ForestGALES to predict individual tree fall during winter 2020-470 

2021 along powerline strips in southern and western Norway. This is the first study using ForestGALES at the individual 

tree level considering both wind and snow load in predicting tree fall. The model performed reasonably well. Its performance 

varied across species, and across how tree characteristics, environment and the probability of damage were defined. The 

machine learning results performed excellently and painted the familiar picture of Risk = Vulnerability x Exposure. It 

highlights the importance of the background wind, local shelter modulating the background wind in the landscape, and by 475 

tree vulnerability when predicting wind damage. These results reaffirm the potential of using ForestGALES operationally in 

designing precision vegetation management along linear infrastructure (Gardiner et al., 2024). 

4.1 Remote sensing methods for mapping vulnerable trees along linear infrastructures 

Remote sensing techniques have proven invaluable both for informing precision forest management and rapid damage 

assessment. Precise and individual tree-based vegetation management along linear infrastructures requires detailed data at 480 

the individual tree level (Sey et al., 2023). Here, the UAV-LS method provided accurate positioning of individual trees along 

powerlines and in their immediate environment. It allowed for a better characterization of the individual tree crown 

characteristics important in the calculation of the CWS. The use of a higher point cloud density in the UAV-LS system could 

provide a direct estimation of the trees’ diameter and crown length (Straker et al., 2023), two critical variables in the CWS 

calculation (Locatelli et al., 2017). This however comes at a higher cost and a more intensive post-processing task, which 485 

may be impractical for operational vegetation management currently. After a storm event, remote sensing can quickly, 

efficiently and safely map windblown trees, especially in complex and difficult terrain (Dalponte et al., 2020; Reder et al., 

2025). This is critical for a rapid assessment of the damage for forest owners, managers, insurance companies and other 

institutions but also may provide a rapid expansion of available damaged datasets to test and validate models such as 

ForestGALES. Validation data remain scarce for storm events especially in complex landscapes such as in Norway, and 490 

when the threat of secondary mortality from insects and pathogens benefitting from windblown trees (e.g. spruce bark beetle 

in spruce-dominated stands) requires rapid salvage logging operations. Remote sensing methods can be deployed quickly 

and contribute to filling this data gap. 



 

21 

 

4.2 Fair performance of ForestGALES in identifying vulnerable trees 

Compared to the traditionally used H/d ratio which showed no difference between damaged and standing trees here, the 495 

performance of ForestGALES in identifying vulnerable trees was adequate across all model specifications considered (see 

Figure 2 and Appendix B Figure B 1 and Figure B 2). In general, the differences in AUC across all the model specifications 

were rather small, on average less than 0.05 points in AUC (Appendix B Figure B 2) but up to 0.2 points for the wind data 

type used. Not all model specifications performed similarly across the three tree species – e.g. the conifer models showed 

improved performance when accounting for the crown offset but not the birch model nor the global model. This may stem 500 

from species differences in the role of the different variables in the determination of their vulnerability against wind – the 

example of the crown offset may come from the difference in crown shape and contribution to wind vulnerability between 

the tree species considered , from unexplained bias in the dataset emerging in the results (e.g. the better performance of the 

Weibull model for the Norway spruce model) or from the rather simple crown shape used in ForestGALES. In summary, the 

best model across species for predicting damage in the winter 2020-2021 season considered the addition of crown snow load, 505 

with a basal-area based competition index between trees (BAL) but without considering the crown offset, accounting for the 

larger immediate environment (tier 1 & tier 2 neighbour level) and using the actual observed wind speed for the calculation 

of the probability of damage.  

The middling performance of ForestGALES highlights some of this study’s limitation and opportunities for future work. The 

discrimination between standing and damaged trees was adequate but failed to reach the commonly accepted threshold of 0.7 510 

of good discrimination power across almost all the tested models. ForestGALES was soft-parametrized for the Norwegian 

forest conditions (from Merlin et al. (2025)) therefore may fail to capture local and more complex variations in wood, root 

anchorage properties, and crown structure observed across the study area. Statistical parametrization and further 

development to the model could be considered (Lorenz et al., 2024; Stadelmann et al., 2025) but requires extensive damaged 

datasets. In general, the model’s damage predictions were too conservative – as seen with the rather low cutpoint for damage 515 

in the ROC analysis (Table 2). Overestimation of the critical wind speed may stem from unaccounted factors at the tree level 

such as tree age and health. Importantly, decay and root rot caused by Heterobasidion sp. in Norwegian forests and more 

specifically in spruce-dominated forests – is a major disturbance agent which targets the root system and progresses up the 

stem, significantly weaking the anchorage and resistance of the tree against wind (Krisans et al., 2020; Žemaitis et al., 2024). 

This is also the first time the snow load module of ForestGALES was used in assessing wind damage risk at the individual 520 

tree level. The snow module has yet to be validated in the field and uncertainties around the crown snow load calculations 

can further bias the estimate of CWS under snow load. Note that a derivation of this snow module in ForestGALES was used 

and successfully tested in (Zubkov et al., 2024). However, this study’s results are the first step towards validation, and brings 

forth the importance of seasonal conditions when considering wind damage in trees. Beyond the CWS estimation, we’ve 

seen that the type of wind data used influences the results. The choice between using the mean maximum historically 525 

observed wind speed, Weibull model parameters of mean wind climate or the extreme value model for extreme wind climate 
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should be made according to the scenario in line with this study. No extreme wind speeds were observed during the 2020-

2021 winter season – hence the relatively poor performance of the GEV models. We are also operating at the limit the 

ForestGALES model, developed for estimating damage vulnerability during storm events, and had a limited number of 

damaged trees. Therefore, we cannot exclude that some of the recorded tree falls may have occurred due to other factors than 530 

wind (for example root rot damage for Norway spruce trees). 

4.3 Improving damage predictions with Machine Learning 

Combinating machine learning algorithms with the vulnerability index from ForestGALES significantly improved the 

damage predictions at the individual tree level. The machine learning model applied solely to the tree characteristics dataset 

(called “TreeChar-ML” in this study) showed much better performance than the ForestGALES model alone. More 535 

importantly, the machine learning model integrating the CWS as one of the predictors performed even better. It highlights 

the possibility to rely on both our understanding of the mechanics of wind damage on trees and forests with machine learning 

for accounting for yet unknown factors or processes that affect the risk of damage. Several recent studies have already seen 

the potential for machine learning to identify trees vulnerable to wind damage (Jahani and Saffariha, 2022; Morimoto et al., 

2021; Pawlik and Harrison, 2022). Combined with remotely sensed data, it can provide a powerful tool to accurately map 540 

scattered and sparse damage areas in complex terrain to manage efficient and safe salvage logging operations. Nonetheless, 

one critical aspect of using machine learning models is their reliance on large input datasets. The performance of ML 

algorithms and their subsequent use depends on the quantity and quality of the data supplied to train the models, which can 

be limited in the case of forest ecology (Liu et al., 2018) and even more for scattered forest damage. Our study had a very 

limited number of fallen trees (N = 180), nearing the lower limit for applying ML algorithms thus interpretation should be 545 

made cautiously. An effort to routinely collect comprehensive wind-driven damage data should be a priority to improve the 

ML algorithm training, necessary for using the model for damage predictions in other locations in Norway. 

4.4 Risk mapping for single-tree management along linear infrastructures 

The identification of vulnerable sections based on individual tree surveys could be the most practical goal for implementing 

a routine vulnerability assessment in vegetation management plans along linear infrastructures. Our study and a previous 550 

study along railway lines in Germany (Gardiner et al., 2024) showed that prediction at the individual tree level using 

ForestGALES alone is adequate or even good. In practice, utilities and other companies or institutions managing linear 

infrastructures are unlikely to design management plans based on individual tree predictions. Rather, the identification of 

vulnerable or priority sections can provide a solution mitigating costs while targeting vulnerability issues and designing 

smart vegetation management plans. The calculation of the CWS with ForestGALES (or a similar damage threshold index) 555 

at the individual tree level could be translated into vulnerability along forest sections and integrated in the management 

assessment process. Unfortunately, this option could not be investigated in this study due to the sampling design. It can be 

tied together with modules exploring economic consequences and scenario preparation, finally assigning a wind and 
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economic vulnerability score later used in drafting vegetation management plans. The powerline companies have a strong 

interest in developing and implementing such processes – from remotely sensed individual tree data to a vulnerability score 560 

along forest sections to prioritise their management efforts and reduce damage risks. 

Routes for the new linear infrastructures could therefore be evaluated in terms of potential wind damage risk with 

ForestGALES, along with other measures of impacts (biodiversity, timber production, slope stability etc...) using remote 

sensing for surveying the available landscape or with existing high-resolution forest resource maps. Such a comprehensive 

assessment can help balancing risk mitigation with provisioning of ecosystem services and minimize the footprint of linear 565 

infrastructures expansion in forests (Dupras et al., 2016; Garfinkel et al., 2023). Different management strategies can also be 

explored for these new routes but also for existing routes when combining ForestGALES with forest stand and tree dynamics 

models over time, thereby informing the managers of the range of options, trade-offs and potential feedbacks that different 

management options offer (Öhman et al., 2025). 

5 Conclusions 570 

Mathematical modelling based on high-resolution remote sensing data has a potential for estimating the probability of wind-

throw for individual trees along linear infrastructures under different seasonal and climate scenarios. The ForestGALES 

model performed adequately, while an extension of this into an ML approach performed better. We believe this represents a 

possible support for managing trees along linear infrastructures in the forest. It can be integrated in a process evaluating and 

optimizing different vegetation management strategies to balance economic and safety aspects, wind risk, and other forest 575 

ecosystem services. 
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Appendices 

Appendix A Supplementary Methods 

A.1 Processing of the individual tree dataset  

A.1.1 Species specific equations for estimating diameter at breast height and stem volume 580 

Table A 1. Species-specific dendrometric equations for estimating diameter at breast height (DBH, cm) from UAV-LS (unmanned aerial 

vehicle – drone – Laser scanning) derived mean height and crown dimensions (area and diameter) basedon a field survey conducted by 

eSmart Systems in summer 2021. 

Species Equation N R2 

Norway spruce 𝐷𝐵𝐻𝑠𝑝𝑟𝑢𝑐𝑒 = (2.40343 + 0.07609 × ℎ𝑒𝑖𝑔ℎ𝑡 + 0.35885 × 𝑐𝑟𝑜𝑤𝑛𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟)
2 74 0.67 

Scots pine 
𝐷𝐵𝐻𝑝𝑖𝑛𝑒 = (2.679883 + 0.117317 × ℎ𝑒𝑖𝑔ℎ𝑡 + 0.088388 × 𝑐𝑟𝑜𝑤𝑛𝑎𝑟𝑒𝑎

− 0.001929 × 𝑐𝑟𝑜𝑤𝑛𝑎𝑟𝑒𝑎
2 )2 

71 0.43 

Broadleaves 𝐷𝐵𝐻𝑏𝑟𝑜𝑎𝑑𝑙𝑒𝑎𝑣𝑒𝑠 = exp(1.988877 + 0.048793 × ℎ𝑒𝑖𝑔ℎ𝑡 + 0.025854 × 𝑐𝑟𝑜𝑤𝑛𝑎𝑟𝑒𝑎) 32 0.74 
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Table A 2. Norwegian specific allometric and dendrometric equations for estimating mean stem volume and crown depth – taken from (Merlin et al., 2025). Stem volume is calculated following the 585 
equations used in the Norwegian National Forest Inventory (Braastad, 1966; Brantseg, 1969; Vestjordet, 1967). The crown depth equations were based on the latest available complete NFI dataset (2016-

2020 period). 

Tree variable Species Region DBH class Equations Parameter values 

Stem volume 

(m3) 

Norway 

spruce 

West 

 
𝑉𝑠𝑡𝑒𝑚 =

1

1000
(𝑎0 ∙ ℎ

𝑎1 ∙ 𝐷𝐵𝐻𝑎2 ∙ (ℎ − 1.3)𝑎3 ∙ (𝐷𝐵𝐻 + 40)𝑝𝑎4)  
𝑎0 = 0.6844; 𝑎1 = 3.0296; 𝑎2 =

2.056; 𝑎3 = −1.7377; 𝑎4 =

−0.9756 

Other 

Small ( < 10.1 cm in 

DBH) 

𝑉𝑠𝑡𝑒𝑚 =
1

1000
(𝑎0 + 𝑎1 ∙ 𝐷𝐵𝐻

2 ∙ ℎ + 𝑎2 ∙ 𝐷𝐵𝐻 ∙ ℎ
2 + 𝑎3 ∙ ℎ

2 + 𝑎4 ∙ ℎ ∙ 𝐷𝐵𝐻) 
𝑎0 = 0.52; 𝑎1 = 0.02403; 𝑎2 =

0.01463; 𝑎3 = −0.10983; 𝑎4 =

0.15195 

Medium 
𝑉𝑠𝑡𝑒𝑚 =

1

1000
(𝑎0 + 𝑎1 ∙ 𝐷𝐵𝐻 ∙ ℎ

2 + 𝑎2 ∙ ℎ
2 + 𝑎3 ∙ 𝐷𝐵𝐻 ∙ ℎ + 𝑎4 ∙ ℎ +  𝑎5

∙ 𝐷𝐵𝐻) 

𝑎0 = −31.57; 𝑎1 = 0.0016; 

𝑎2 = 0.0186; 𝑎3 = 0.63; 𝑎4 =

−2.34; 𝑎5 = 3.2 

Large ( ≥ 12.9 cm in 

DBH) 

𝑉𝑠𝑡𝑒𝑚 =
1

1000
(𝑎0 + 𝑎1 ∙ 𝐷𝐵𝐻

2 ∙ ℎ + 𝑎2 ∙ 𝐷𝐵𝐻 ∙ ℎ
2 + 𝑎3 ∙ ℎ

2 + 𝑎4 ∙ ℎ ∙ 𝐷𝐵𝐻) 
𝑎0 = 10.14; 𝑎1 = 0.0124; 𝑎2 =

0.03117; 𝑎3 = −0.36381; 𝑎4 =

0.28578 

Scots pine 

West 

 
𝑉𝑠𝑡𝑒𝑚 =

1

1000
(𝑎0 ∙ ℎ

𝑎1 ∙ 𝐷𝐵𝐻𝑎2 ∙ (ℎ − 1.3)𝑎3 ∙ (𝐷𝐵𝐻 + 100)𝑎4) 
𝑎0 = 0.1424; 𝑎1 = 2.0786; 𝑎2 =

1.9028; 𝑎3 = −1.0259; 𝑎4 =

−0.264 

Other 

Small ( < 11.1 cm in 

DBH) 
𝑉𝑠𝑡𝑒𝑚 =

1

1000
(𝑎0 + 𝑎1 ∙ 𝐷𝐵𝐻

2 + 𝑎2 ∙ 𝐷𝐵𝐻
2 ∙ ℎ + 𝑎3 ∙ 𝐷𝐵𝐻 ∙ ℎ

2) 
𝑎0 = 0.6716; 𝑎1 = 0.075708; 

𝑎2 = 0.029679; 𝑎3 = 0.004341; 

Large ( ≥ 11.1 cm in 

DBH) 

𝑉𝑠𝑡𝑒𝑚 =
1

1000
(𝑎0 + 𝑎1 ∙ 𝐷𝐵𝐻

2 + 𝑎2 ∙ 𝐷𝐵𝐻
2 ∙ ℎ + 𝑎3 ∙ 𝐷𝐵𝐻

2

∙ (3.17935 + 1.0289 ∙ 𝐷𝐵𝐻 − 0.27023 ∙
𝐷𝐵𝐻

ℎ
)) 

𝑎0 = −6.3954; 𝑎1 = 0.178053; 

𝑎2 = 0.03317; 𝑎3 =

−0.003008; 

Birch  

 𝑉𝑠𝑡𝑒𝑚 =
𝑎0
1000

(𝑎1 + 𝑎2 ∙ 𝐷𝐵𝐻
2 + 𝑎3 ∙ 𝐷𝐵𝐻

2 ∙ ℎ + 𝑎4 ∙ 𝐷𝐵𝐻 ∙ ℎ
2 + 𝑎5 ∙ ℎ 

2) 𝑎0 = 0.1; 𝑎1 = −18.6827; 𝑎2 =

2.1461; 𝑎3 = 0.1283; 𝑎4 =

0.138; 𝑎5 = −0.6311 

Crown depth 

(m) 

Norway 

spruce 
 

 
𝑙 =

1

10
(𝑏0 + 𝑏1 ∙ 𝐷𝐵𝐻 + 𝑏2 ∙ ℎ + 𝑏3 ∙ 𝐷𝐵𝐻

2 + 𝑏4 ∙ ℎ 
2)2 

Note that 𝑙 = ℎ if 
1

10
(𝑏0 + 𝑏1 ∙ 𝐷𝐵𝐻 + 𝑏2 ∙ ℎ + 𝑏3 ∙ 𝐷𝐵𝐻

2 + 𝑏4 ∙ ℎ 
2)2 > ℎ 

𝑏0 = 6.747673534; 𝑏1 =

0.009887979; 𝑏2 =

0.013019764; 𝑏3 = 0 
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Scots pine  

 𝑏0 = 5.202627248; 𝑏1 =

0.003258464; 𝑏2 =

0.026770534; 𝑏3 = 0; 𝑏4 =

−3.27 ∙ 10−5 

Birch  

 𝑏0 = 3.825279667; 𝑏1 =

0.021639414; 𝑏2 =

0.018076998; 𝑏3 = −2.44 ∙

10−5 
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A.1.2 Displacement of the crown centre of gravity under asymmetry 

A measure of the crown asymmetry for each tree was done using the 8 crown radii available in the single tree dataset. We 

estimated the displacement of the centre of gravity between a right circular cone shape and an irregular cone. The centre of 590 

mass is assumed to be at ¼ height of the crown depth above the crown base under both scenarios. The calculation went as 

follows: first each of the 8 radii and their direction (expressed as an angle from 0 to 315 degrees) were positioned on the xy 

plane (centred on the positioning of the top of the tree) (Eq. (A1a)) where 𝑖 is one of the 8 cardinal directions. Second, the 

position (𝑥𝑔;  𝑦𝑔) of the centre of gravity was calculated as the mean of the 8 pairs (𝑥𝑖;  𝑦𝑖) (Eq. (A1b)). Finally, the crown 

asymmetry was calculated as the distance between the theoretical crown centre of gravity – taken as the position of the top of 595 

the tree, i.e. the origin of the xy plane – and the calculated new position of the centre of gravity (Eq. (A1c)). 

{
 

 
𝑥𝑖 = 𝑟𝑎𝑑𝑖𝑢𝑠𝑖 ∙ cos(𝑎𝑛𝑔𝑙𝑒𝑖) ;  𝑦𝑖 = 𝑟𝑎𝑑𝑖𝑢𝑠𝑖 ∙ sin(𝑎𝑛𝑔𝑙𝑒𝑖) , (𝑎)

𝑥𝑔 = 𝑥𝑖  ;  𝑦𝑔 = 𝑦𝑖 , (𝑏)

𝑐𝑟𝑜𝑤𝑛 𝑜𝑓𝑓𝑠𝑒𝑡 = √𝑥𝑔
2 + 𝑦𝑔

2, (𝑐)

 

(A1) 
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Figure A 1. Description of the changes made in the assumed crown shape in the ForestGALES model to implement a crown center of 600 
gravity offset. A: the default crown shape in ForestGALES, a right circular cone. B: the new crown shape to account for an offset in the 

crown center of gravity – an irregular cone, where the new position of the crown center of gravity is derived from the positions of 8 points 

at the edge of the crown perimeter. These points were used to obtain the crown radius / diameter measurements from the LiDAR data in 

the 8 cardinal directions. Under the new crown shape scenario, the assumption that the crown center of mass is at ¼ height of the crown 

depth still holds. 605 
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A.1.3 Modulus of Rupture and Modulus of Elasticity values 

Table A 3. Modulus of Rupture (MOR) and Modulus of Elasticity (MOE) values used in the Norwegian (NO) parametrization of 

ForestGALES. 

Species 
MOR (kN/mm2) MOE (N/mm2) 

default new value default new value 

Norway spruce 36 41.2 (Fischer et al., 2016) 6.3 11.8 (Fischer et al., 2016) 

Scots pine 46 
55.0 (Høibø and Vestøl, 

2010) 
7.3 

12.1 (Høibø and Vestøl, 

2010) 

Birch 63 53.6 (Peltola et al., 2000) 9.9 11.06 (Peltola et al., 2000) 

The conversion to green wood values used in the ForestGALES model was made following the method of (Unterwieser and 

Schickhofer, 2011) used by (Locatelli et al., 2016) and the equations A2 presented below: 610 

𝑀𝑂𝐸𝑔𝑟𝑒𝑒𝑛𝑤𝑜𝑜𝑑 =
𝑀𝑂𝐸𝑀𝐶𝑡𝑒𝑠𝑡

1 − 0.00825 ∙ ( 𝑀𝐶𝑡𝑒𝑠𝑡 − 𝐹𝑆𝑃)
 

𝑀𝑂𝑅𝑔𝑟𝑒𝑒𝑛𝑤𝑜𝑜𝑑 = 𝑀𝑂𝑅𝑀𝐶𝑡𝑒𝑠𝑡 − (𝑀𝑂𝑅𝑀𝐶𝑡𝑒𝑠𝑡
𝐹𝑆𝑃 −𝑀𝐶𝑡𝑒𝑠𝑡

100
) 

(A2) 
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A.2 Wind Speed statistics for the winter 2020-2021 

 615 

Figure A 2. Statistics of the wind speed at 10m during the winter 2020-2021 (Sept. 2020 to April 2021) at the studied locations. The 

statistics represented are the minimum wind speed (“Min.”), the mean and median, the 95th percentile (“P95”) and the maximum wind 

speed (“Max.”). Individual locations are shown in the faded points, while the average over all locations is displayed with the boxplots. 
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A.3 Maximum crown snow load for the winter 2020-2021 

 620 

Figure A 3. Frequency distribution of the maximum calculated crown snow load (kg) for the winter 2020-2021 for the 25 individual 

powerline strips and 180 recorded damaged trees. Briefly, crown snow load was calculated hourly for the 2013-2023 timeseries using 

(Lehtonen et al., 2014) on the hourly meteorological data from the long-term stable post-processed products of the Norwegian 

Meteorological Institute MET (https://thredds.met.no/thredds/metno.html) at a 1km resolution. The maximum for the winter season 2020-

2021 was then extracted for the grid cells corresponding to each of the 205 locations (25 powerline strips and 180 fallen trees). 625 

  

https://thredds.met.no/thredds/metno.html
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A.4 Machine Learning parameters 

Table A 4 Description and value of the main hyperparameters used for the XGBoost (eXtreme Gradient Boosting) algorithm with a 10-

fold cross-validation procedure. 

Hyperparameter Description Value 

eta 
step size shrinkage of the weights associated with features used to 

prevent overfitting after each round 
0.3 

gamma 
specifies the minimum loss reduction required to make a split – the 

larger gamma is the more conservative the algorithm is 
0 

max.depth maximum depth (number of nodes) of a tree 
3 for the ForestGALES_ML 

dataset; 6 otherwise 

subsample 
fraction of observations used to train individual trees – controls the 

randomisation of the algorithm 
1 

colsample_bytree 
fraction of features used to train individual trees – controls the 

randomisation of the algorithm 
1 

min_child_weight minimum weight required to create a new node in the tree 1 

nrounds maximum number of iterations 500 

objective 
learning objective of the algorithm – here logistic regression for 

binary classification, with a probability as output. 
binary:logisitc 

metrics 
evaluation metric to be used in the cross-validation procedure – 

here the binary classification rate 
error 

 630 
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Appendix B Supplementary Results 

 

Figure B 1. Mean AUC values of all tested global (panel a) and species-specific (panel b) models for each class of the displayed tested 

options. Note that the mean AUC were restricted to 0.6 and above – thus only about 20% of all tested models are included. The options are 

the seasonal scenario, the definition of the neighbouring trees, the type of competition index, the inclusion of a crown offset, the type of 635 
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Critical Wind Speed used (in relation to the choice of forest edge and gap – CLG: closest largest gap when available, Mean: mean CWS 

across all gap directions, Min: minimum CWS across all gap directions). The mean AUC was calculated based on 100 repeated 

assessments using all damaged trees with an equal number of randomly selected undamaged trees. The horizontal dotted red line shows 

AUC = 0.7, often taken as a threshold to represent a model with satisfactory discriminatory power. The species are further differentiated 

by colour: Birch in dark grey, Norway spruce in grey, and Scots pine in light grey..   640 
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Figure B 2. Mean AUC values for the tested global (panel a) and species-specific (panel b) models for each class of the Wind data/model 

options when calculating the probability of damage. The three main alternatives were: the use of a logistic probability function with the 

actual maximum wind speed during the winter 2020-2021 (“Actual WS”) without (“None”) or with a Topex correction with different 

Topex distances; the use of the Generalized Extreme Value (GEV) model fitted on the 1975-2021 time series of maximum wind speed at 645 
each of the considered locations; or the use of the Weibull model describing the mean wind climate using the Weibull A and k parameters 

extracted from the Global Wind Atlas at each of the considered locations. The mean AUC was calculated based on 100 repeated 
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assessments using all damaged trees with an equal number of randomly selected undamaged trees. The horizontal dotted red line shows 

AUC = 0.7, often taken as a threshold to represent a model with satisfactory discriminatory power. The species are further differentiated 

by colour: Birch in dark grey, Norway spruce in grey, and Scots pine in light grey.   650 
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Table B 1. Feature importance metrics (Gain, Cover and Frequency – Freq.) of the XGBoost algorithms applied to the two alternative 

input datasets – ForestGALES-ML and TreeChar-ML – for each of the three wind variable alternatives. Note that the metrics presented are 

mean (sd) averaged across the 100 repetitions of balanced damaged/standing datasets. Abbreviations: CWS: critical wind speed; WS: wind 

speed; GEV: generalized extreme value. See the Materials and Methods for more information about the methods. 

  Gain Cover Freq. (%) 

ForestGALES-ML dataset Actual WS    

Wind variable  0.409 (0.033) 0.393 (0.025) 38.2 (2.3) 

Topex 200  0.396 (0.03) 0.453 (0.025) 45.6 (2.2) 

CWS  0.195 (0.035) 0.155 (0.023) 16.1 (2.1) 

 1-yr return GEV    

Wind variable  0.558 (0.04) 0.44 (0.03) 40.5 (2.6) 

Topex 200  0.324 (0.029) 0.422 (0.028) 43.4 (2.4) 

CWS  0.118 (0.036) 0.138 (0.025) 16.1 (2.4) 

 1-yr return Weibull    

Wind variable  0.397 (0.037) 0.398 (0.03) 39.2 (2.4) 

Topex 200  0.395 (0.036) 0.441 (0.029) 44.6 (2.5) 

CWS  0.208 (0.033) 0.162 (0.023) 16.2 (2.2) 

TreeChar-ML dataset Actual WS    

Wind variable  0.245 (0.033) 0.207 (0.025) 18.2 (1.9) 

Topex 200  0.184 (0.028) 0.203 (0.026) 17.1 (2.2) 

Stand crown depth  0.126 (0.045) 0.068 (0.018) 6.3 (1.4) 

Crown width  0.088 (0.028) 0.086 (0.018) 6.5 (1.4) 

Stand top height  0.081 (0.041) 0.071 (0.021) 6.8 (1.5) 

DBH  0.041 (0.022) 0.048 (0.02) 4.8 (1.4) 

Crown depth  0.039 (0.024) 0.035 (0.014) 4.5 (1.3) 

Competition index  0.038 (0.014) 0.056 (0.019) 7 (1.5) 

Stand mean DBH  0.036 (0.012) 0.049 (0.013) 6.2 (1.3) 

Height  0.028 (0.021) 0.038 (0.018) 3.9 (1.3) 

Crown offset  0.026 (0.011) 0.042 (0.016) 5.5 (1.4) 

Stand crown width  0.026 (0.012) 0.043 (0.018) 5.1 (1.4) 

Spacing  0.025 (0.01) 0.036 (0.014) 5.7 (1.5) 

Soil class  0.014 (0.008) 0.01 (0.005) 1.8 (0.6) 

Rooting class  0.004 (0.004) 0.01 (0.008) 0.8 (0.5) 

 1-yr return GEV    

Wind variable  0.424 (0.049) 0.269 (0.024) 21.1 (1.8) 

Topex 200  0.166 (0.027) 0.189 (0.026) 16.6 (2.2) 

Stand crown depth  0.08 (0.044) 0.065 (0.02) 6.2 (1.4) 

Crown width  0.062 (0.024) 0.076 (0.019) 5.9 (1.4) 

Stand top height  0.053 (0.031) 0.058 (0.021) 6 (1.5) 

DBH  0.042 (0.023) 0.048 (0.019) 5 (1.4) 

Competition index  0.031 (0.012) 0.056 (0.019) 7.3 (1.7) 
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Stand mean DBH  0.026 (0.011) 0.04 (0.014) 5.5 (1.4) 

Crown depth  0.026 (0.02) 0.03 (0.013) 3.9 (1.2) 

Stand crown width  0.022 (0.012) 0.042 (0.019) 5.1 (1.6) 

Crown offset  0.02 (0.009) 0.042 (0.015) 5.5 (1.4) 

Height  0.018 (0.014) 0.032 (0.014) 3.9 (1.2) 

Spacing  0.018 (0.007) 0.036 (0.013) 5.6 (1.5) 

Soil class  0.008 (0.005) 0.007 (0.004) 1.5 (0.7) 

Rooting class  0.005 (0.004) 0.013 (0.009) 0.9 (0.6) 

 1-yr return Weibull    

Wind variable  0.193 (0.032) 0.161 (0.027) 15.7 (2.1) 

Topex 200  0.177 (0.028) 0.214 (0.028) 17.6 (2.3) 

Stand crown depth  0.144 (0.045) 0.085 (0.018) 7.4 (1.4) 

Stand top height  0.091 (0.038) 0.077 (0.021) 7 (1.6) 

Crown width  0.088 (0.029) 0.081 (0.018) 6.1 (1.4) 

Stand mean DBH  0.05 (0.015) 0.068 (0.015) 7.5 (1.5) 

Competition index  0.041 (0.015) 0.051 (0.017) 6.8 (1.5) 

Crown depth  0.041 (0.026) 0.037 (0.015) 4.2 (1.3) 

DBH  0.037 (0.02) 0.038 (0.017) 4.3 (1.3) 

Height  0.033 (0.022) 0.041 (0.017) 4.2 (1.2) 

Stand crown width  0.029 (0.013) 0.045 (0.018) 5.3 (1.5) 

Crown offset  0.025 (0.011) 0.04 (0.015) 5.2 (1.3) 

Spacing  0.023 (0.01) 0.035 (0.015) 5.1 (1.4) 

Soil class  0.019 (0.01) 0.013 (0.005) 2.3 (0.7) 

Rooting class  0.009 (0.007) 0.017 (0.011) 1.4 (0.7) 

 655 
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