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Abstract: As the frequency of strong storms and cyclones increases, understanding wind
risk in both existing and newly established plantation forests is becoming increasingly
important. Recent advances in the quality and availability of remotely sensed data have
significantly improved our capability to make large-scale wind risk predictions. This study
models the loss of radiata pine (Pinus radiata D.Don) plantations following a severe cyclone
within the Gisborne Region of New Zealand through leveraging repeat regional LIDAR
acquisitions, optical imagery, and various surfaces describing key climatic, topographic, and
storm-specific conditions. A random forest model was trained on 9713 plots classified as
windthrow or no-windthrow. Model validation using 50 iterations of 80/20 train/test splits
achieved robust accuracy (accuracy = 0.835; F1 score = 0.841; AUC = 0.913). In comparison
to most European empirical models (AUC = 0.51-0.90), our framework demonstrated
superior discrimination, underscoring its value for regions prone to cyclones. Among the
14 predictor variables, the most influential were mean windspeed during February, the
wind exposition index, site drainage, and stand age. Model predictions closely aligned with
the estimated 3705 hectares of cyclone-induced forest damage and indicated that 20.9%
of unplanted areas in the region would be at risk of windthrow at age 30 if established in
radiata pine. The resulting wind risk surface serves as a valuable decision-support tool
for forest managers, helping to mitigate wind risk in existing forests and guide adaptive
afforestation strategies. Although developed for radiata pine plantations in New Zealand,
the approach and findings have broader relevance for forest management in cyclone-prone
regions worldwide, particularly where plantation forestry is widely practised.

Keywords: airborne laser scanning; Gisborne Region; plantation risk mapping; Pinus radiata;
random forest; stand density; taper; wind damage

1. Introduction

Hurricanes, cyclones, and large storms are complex meteorological events, charac-
terized by largely unpredictable behaviour and often extreme impacts on the affected
environments [1]. In recent decades, the frequency and intensity of extreme wind events
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have increased globally [2—4]. Extreme winds are estimated to cause 80% of the global
economic losses caused by natural disasters [5].

These events often impose significant direct economic losses on forestry plantations.
Documented effects include tree uprooting, stem breakages, impacts on timber quality, and
the creation of reaction wood [6]. In Europe, the average forest wind damage between
1950 and 2019 was estimated to be 24 million m?/year of wood, with peaks of 47.8 and
38.3 million m3/year in the 1990s and 2000s, respectively [7]. Beyond economic impacts,
extreme winds play a key role in the dynamics of forest ecosystems [8,9]. Wind-induced
disturbances can affect forest structure and species composition [10], resulting in changes in
biodiversity and vegetation regeneration cycles [10,11]. Although natural disturbances play
a critical role in forest dynamics, the expected rise in their frequency and intensity driven
by climate change presents novel challenges. These issues include heightened vulnerability
to insect and disease outbreaks [12-14] and invasive species, increased wildfire risk [15],
and greater overall forest degradation and loss [6].

The Asia—Pacific region, regarded as the most disaster-prone area of the world, expe-
rienced more than 1200 natural disaster events from 2000 to 2016 [16]. Tropical cyclones
have been found to migrate poleward [17], with increases in frequency and severity [18]
leading to widespread disturbances in sub-tropical and temperate forests [19]. In New
Zealand, the frequency of tropical cyclones and severe storm events is expected to rise [20],
resulting in greater disturbances to the forest estate. Thus, the detection and mapping of
wind-damaged areas, together with the spatial modelling of future wind risk, is crucial to
minimize economic losses, support recovery and salvage efforts, and guide future forest
management and planning [21].

The nature of plantation forestry often predisposes trees to wind risk. Historically,
plantation forestry management has promoted slender tree forms, prioritizing height over
diameter, resulting in unfavourable tapers that significantly increase susceptibility to wind
damage [22]. This not only negatively impacts within stand wind risk, but when a stand
is harvested, wind risk in the surrounding stands can increase as a result of the exposure
of unacclimated forest edges [23]. Furthermore, the height heterogeneity found between
adjacent forest stands can also locally increase wind risk [24].

The use of remotely sensed optical imagery from a range of platforms has been exten-
sively explored for wind damage assessment [25-27]. Multispectral imagery obtained from
unmanned aerial vehicles (UAVs) and satellites has proven particularly useful for mapping
windthrow and disturbance at different scales [25,28-30]. Change detection approaches
using satellite imagery have also achieved high accuracy in identifying windthrown areas,
such as a two-step method that classified areas larger than 0.5 ha with 90% accuracy [25].
Time series Sentinel-2 imagery obtained over a three-year period has been utilized to map
damage from the catastrophic Vaia storm in Northern Italy [28].

Active sensors, and, in particular, light detection and ranging (LiDAR), have also been
useful for detecting wind damage, due to their ability to capture detailed structural changes
in forests. Single-date LiIDAR acquisitions have been used to assess windthrow severity [31]
while multi-date airborne laser scanning (ALS) acquisitions enable comparisons of pre- and
post-windthrow event data to detect changes [32,33]. Multi-year ALS measurements have
been used to calculate the difference in tree height between canopy height models (CHMs)
in the aftermath of Hurricane Maria [34].

Predicting forest wind damage is a challenge that has driven the development of both
mechanistic and empirical modelling approaches. Mechanistic models aim to determine
critical wind speeds (CWS) at which damage occurs, distinguishing between thresholds for
stem breakage and uprooting. Models such as ForestGALES and HWIND [35] calculate the
probability of exceeding such wind speeds given the localized wind climate at a specific site.
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These models rely on extensive calibration for each tree species based on their mechanical
properties and laboratory and fieldwork experiments. These process-based models also
require the characterization of the interactions between the wind and the trees in a forest
stand [36,37].

Different forms and sources of wind data have been used to calculate the probability of
exceeding the CWS. These sources include data from nearby met stations, approaches based
on the degree of topographical exposure [38], and parameters derived from the Weibull
distribution of mean wind speeds. Additionally, wind energy industry airflow models like
WASP [39] and climate model projections providing wind speed and direction data [40] have
also been employed to determine the probability of exceeding the CWS [40]. The physics
underlying wind-induced tree failure can be divided into three primary components. The
first component is the wind climate, which encompasses mean wind and gust speed, storm
duration, landscape characteristics such as topography and aerodynamic roughness, and
the wind interactions within trees in a stand. The second component involves the wind
resistance of individual trees and stands, determined by factors including tree height, stem
diameter distributions, stand porosity, wood strength, and tree anchorage as influenced by
soil type and rooting depth. The third component accounts for the history of silvicultural
interventions within the forest and adjacent stands [41].

While the latest version of ForestGALES [42] can be used to predict wind risk at the
individual tree level [43], the most widely adopted and tested version of the model operates
at the stand level, based on mean stand characteristics [36]. The stand-level version was
designed for applications in homogeneous, even-aged monospecific stands [35]. As such,
this model is not always the most appropriate choice for large-scale wind risk assessments
of heterogeneous forest landscapes. These assessments are often better suited to machine
learning methods such as random forest because of their flexibility and trainability with
large datasets [44] and their intrinsic ability to accommodate spatial data from multiple
sources [45,46]. In addition to this, studies that aim to understand the underlying drivers
of the impact of natural disturbances on trees and forests often benefit from the adoption
of statistical methods rather than mechanistic ones, especially during the earlier stages of
investigation [47].

In contrast to mechanistic approaches, empirical models take a data-driven approach
to model wind risk. These models analyze the statistical association between observed
wind damage and environmental conditions [48]. Predictor variables used in empirical
models typically include topographic exposure, soil characteristics, wind climate, and stand
attributes [49,50]. Machine learning has played a significant role in refining these methods.
Using national forest inventory (NFI) data collected after storm events, researchers have
employed a range of different methods (e.g., linear regression, random forest models, and
artificial neural networks) to predict windthrow occurrences [44—46,51]. In these studies,
random forest typically compares well to other modelling methods [44-46] and mechanistic
methods such as ForestGALES [44].

Despite these advances, very few studies have used spatial surfaces incorporating a
comprehensive range of important predictors as inputs into empirical wind risk models.
A significant benefit of this approach is that fitted models can generate spatially explicit
predictions across extensive areas. For example, a study conducted in Sweden integrated
multiple data sources, including soil characteristics, forest management practices, and
long-term wind exposure, to predict wind damage documented by the National Forest
Inventory (NFI) over four years [52]. Using these empirical model predictions, damage
vulnerability maps were developed for the entire extent of Sweden [52].

The recent proliferation of high-density regional LiDAR data, along with the
widespread adoption of advanced modelling methods such as deep learning, has sig-
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nificantly advanced wind risk assessments. These technologies now enable the precise
identification of forest locations and the detailed characterization of stand age and critical
structural attributes linked to wind risk. Although these rich data sources—supplemented
with more traditional ancillary data (climate, soils, and topography)—can be linked to
estimates of windthrow from LiDAR, we are unaware of any research that has assembled
such a dataset to predict wind risk.

This study, conducted in the Gisborne Region on the east coast of New Zealand’s
North Island, integrated a comprehensive set of predictor variables to estimate windthrow
damage caused by Cyclone Gabrielle in February 2023. The region’s plantation forests are
dominated by radiata pine (Pinus radiata D.Don), a commercially important species known
for its rapid growth, tall and slender stems, and typically shallow rooting systems [53].
These structural characteristics have previously been identified as key contributors to
windthrow risk in saturated soils [54], helping to contextualize the widespread damage
observed during Cyclone Gabrielle and similar events such as ex-tropical Cyclone Bola
in 1988 [55].

The regional forest extent prior to Cyclone Gabrielle had been accurately characterized
using a deep learning model from regional imagery. LIDAR data collected both before and
after the cyclone facilitated the precise mapping of windthrown forest areas. A diverse
set of predictor variables that were likely to influence windthrow incidence was compiled
from remotely sensed and spatial datasets. These variables included stand age, stand
dimensions, site productivity, critical topographic factors, distance to the nearest clearcut,
essential climatic and soil characteristics, and cyclone attributes. Using these assembled
predictor variables, the study aims were to (i) identify the most influential predictors of
windthrow and determine their functional relationships; (ii) develop a random forest model
to predict windthrow damage in existing radiata pine plantation forests; and (iii) simulate
wind risk across the region at different stand ages, for both existing forests and unplanted
areas to identify regions most at risk from future cyclones. This study presents one of
the first applications of multi-temporal regional LIDAR combined with extensive spatial
predictors and random forest classification to map cyclone-induced windthrow risk in
plantation forests.

2. Materials and Methods
2.1. Study Region

The Gisborne Region was selected for this study because it has a substantial plantation
resource that was severely affected by Cyclone Gabrielle, which impacted the North Island
of New Zealand from 11 to 15 February 2023. This region covers a wide range in elevation,
from the sea level along the eastern and northern coastlines to 1700 metres within western
inland regions, with forests covering an elevation range of 1-1222 m (Figure 1). Among
the affected North Island regions, rainfall was most intense within the Gisborne Region,
which received a total of 531 mm during the event [56]. This is a high proportion of
the mean annual rainfall of the region, which ranges from 987 mm in the southeast to
2355 mm/year in the west [57]. Rainfall rates steadily increased over 13 February, reaching
a peak of 20-30 mm/h during the night of 13/14 February [56]. The average two-day
rainfall accumulation of 230 mm within the Gisborne Region has only been matched once
in the past forty years, during the passage of stalled ex-tropical cyclone Bola [55]. This high
rainfall was accompanied by strong wind gusts of up to 93 km/h, which, in combination
with the rain, caused substantial windthrow, the toppling of trees, and soil erosion. Cyclone
Gabrielle was preceded by Cyclone Hale on 10/11 January 2023, with much of the North
Island experiencing the wettest January on record [56].
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Figure 1. Overview of study area showing (left) the region’s boundary within New Zealand and
variation in (middle) elevation and (right) soil order within the study region. Shown soil orders are
Brown (B), Recent (R), Gley (G), Allophanic (L), Pumice (M), Pallic (P), Raw (W), and Podzol (Z).

2.2. Overview of Method

The overall modelling workflow followed four main stages, as illustrated in Figure 2.
The first stage involved the identification of windthrow areas by differencing pre- and post-
cyclone LiDAR-derived canopy height models. Polygons representing areas of canopy loss
were manually verified against high-resolution aerial imagery and classified into natural
(storm-related), anthropogenic (harvest-related), and landslide features. These verified
windthrow polygons were then used to extract plot-level data by randomly allocating points
within both windthrown and unaffected forest areas, ensuring the balanced representation
of both classes for model training.

In the second stage, a comprehensive set of predictor variables was assembled from
remote sensing and ancillary spatial datasets. These included LiDAR-derived stand struc-
ture metrics, topography, climate, soils, and stand-level attributes such as age, height, and
stand density. In the third stage, a random forest classification model of windthrow was
developed using the selected predictors. The final stage involved applying the trained
model across the Gisborne Region to generate high-resolution windthrow risk maps under
current and simulated stand age scenarios. This structured approach facilitated both robust
statistical analysis and operationally useful spatial predictions.
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Figure 2. Overview of method used to spatially predict wind risk, showing the four stages, which
include (i) identification of windthrow, followed by random allocation and extraction of plots for
both windthrow classes; (ii) assembly of predictor variables; (iii) model development; and (iv) spatial

predictions of wind risk.

2.3. LiDAR Data

New Zealand initiated a nationally funded program to capture ALS data at a regional
scale in 2018. All data are published by Land Information New Zealand (LINZ) and
available in a public data repository (https://nz-elevation.s3-ap-southeast-2.amazonaws.
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com/catalog.json, accessed on 2 February 2025). The initial capture for the Gisborne Region
occurred from 31 December 2018 to 9 September 2020, while a subsequent capture was
undertaken from 11 September to 16 December 2023 to understand the impact of Cyclone
Gabrielle. The specifications for the two captures included a minimum of 4 pulses/m?,
a vertical accuracy (95%) of <20 cm in non-vegetated areas, and a horizontal accuracy
(95%) of <1 m. The 2018 to 2020 dataset was captured with an Optech Orion H300
LiDAR system (Teledyne Optech, Toronto, ON, Canada), with a scan angle of 30 degrees,
achieving 10.07 pts/m?, while the later 2023 capture used a Leica Terrain Mapper (Leica
Geosystems AG, St. Gallen, Switzerland), with a scan angle of £20 degrees, which achieved
30.25 pts/m?.

The earlier Gisborne tiles were processed using LAStools version 241106 (rapidlasso
GmbH, Gilching, Germany). An automated pre-processing pipeline was applied to the
pre-classified point clouds, consisting of the following steps: (i) denoising the raw point
clouds using lasnoise; (ii) normalizing the ground of the point clouds with lasheight; and
(iii) performing an additional denoising step to remove any remaining extreme points or
small isolated clusters. Forest plot point clouds were extracted from the processed data at
the end of step (iii) and were later used for individual tree detection and metric extraction.

The module lasnoise employs a noise detection algorithm based on point distribution,
identifying points with few neighbours within a specified moving window size, centring
the analysis on the respective point’s cell. The two key options were “-isolated”, which
controls the number of neighbouring points (set to 5 for this study area), and “-step_size”,
which defines the size of the moving window (set to 1 m). This process classified isolated
points and small clusters with fewer than 5 points within the 1 m? area as ASPRS class 7 (low
or high noise). The module lasheight utilized ground points (ASPRS class 2) to construct a
ground Triangulated Irregular Network (TIN), which was then used to normalize point
heights by replacing Z-values with ground-normalized heights. For this region, the height
range was constrained to 0-80 m. The initial parameters were chosen based on domain
knowledge of the forest types and characteristics in the study area, as well as point cloud
specifications such as point density and minimum point distance. These parameters were
then refined through trial and error by testing different settings in our previous study [58].

Standard LiDAR height metrics were calculated from the normalized point cloud using
LAStools at a 10 m resolution. These included the total number of points (all), minimum
(min), maximum (max), and mean (avg) heights, along with height distribution metrics such
as skewness (skew), kurtosis (kur), and standard deviation (std.dev) within the specified
grid. Percentile heights were also computed at the 10th (p10), 25th (p25), 50th (p50), 75th
(p75), 90th (p90), 95th (p95), and 99th (p99) percentiles. Additionally, commonly used
canopy gap metrics were derived. These included a gap in canopy cover > 2 m (cov.gap),
which was calculated as the percentage of first returns above 2 m relative to all first returns.
The gap in canopy density > 2 m (dns.gap) was also determined as the percentage of all
points above 2 m relative to all returns.

Several LiDAR-derived surfaces describing terrain metrics, including aspect, slope,
topographic position index (TPI), and terrain ruggedness index (TRI), were also produced
using GDAL at a 10 m resolution. The variables TPI and TRI are measures of neighbourhood
variability in elevation. TPI was determined as the difference between a cell value and
the average elevation of the eight surrounding cells, with positive and negative values
indicating a location is, respectively, higher and lower than its surroundings. TRI was
determined as the mean absolute difference between a cell value and its eight surrounding
cells, with higher values indicating more rugged terrain. A list of all the LIDAR metrics
and variables derived from LiDAR metrics is given in the Appendix A as Table Al.
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2.4. Plantation Identification and Windthrow Characterization

The base plantation area was identified using an existing forest boundary dataset
derived from the earlier regional aerial capture and delineated using a deep learning
model [58] (Figure 3A). These forest boundaries were obtained through training a deep
learning model using two classes—radiata pine and juvenile plantations—that were pooled
together in the final dataset. Although the juvenile plantation class likely comprised
other exotic plantation species, the area of these exotic species in the current analysis was
negligible, as (i) in total, 97% of plantation species in the Gisborne Region are radiata
pine [59] and (ii) the juvenile plantation class represented a small percentage of stands,
ranging from 2 to 4 years old [58]. The total identified forest area in the Gisborne Region
was 139,336 ha.

I
/]
|:| Forest boundaries Plots Difference in canopy Prediction
[] change polygons Windthrow hisight (&) B Windthrow
20

|| No windthrow No windthrow
I -20

Figure 3. (A) Pre-event aerial capture, 2017-2019, and (B) post-event aerial capture, 2023-2024,

showing an area of wind loss. The difference between the pre- and post-event canopy height is shown
in (C), with darker and lighter colours symbolizing a loss and gain in canopy height, respectively.
The derived change polygons are shown in red, with smaller features removed by filtering with an
inverse buffer. Plots for windthrow and no windthrow are yellow and green, respectively. The final
model prediction is shown in (D), with the plots overlain. Regional high-resolution (30 cm) aerial
imagery of the region was provided by LINZ, captured in similar pre- and post-event date windows
(2017-2019 and 2023-2024, respectively) to the LiDAR captures.

Estimates of windthrow were determined using CHMs that were generated prior to
and after the cyclone from the LiDAR data at a 1 m resolution. Windthrow was determined
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by subtracting the CHM of the earlier LIDAR capture from that of the later LIDAR capture
using the ArcGIS Pro 3.4.0 raster calculator (ESRI, Redlands, CA, USA). In the resulting
difference surface, positive values indicated growth, and negative values indicated a loss
in forest height between the two captures, on either side of the cyclone (Figure 3C). By
reviewing this difference surface against the post-storm aerial basemap, a loss of 7 m was
used to denote windthrow. While the misclassification of windthrow due to using a fixed
height loss threshold may occur, this value was considered conservative, as radiata pine
stands under 7 m were considered unlikely to suffer from losses related to storms [52].
Additionally, the detected windthrow was reviewed in the later RGB imagery collection for
moderate to large areas and appeared to capture windthrow locations well.

The difference surface was filtered in ArcGIS Pro 3.4.0 (majority filter, three rounds,
4 connected) and sieved in QGIS 3.28.6 (40 pixels, 4 connected) to remove noise. It was
then converted to a vector, smoothed (PAEK, 8 m), and clipped by the forest boundaries
(Figure 3C). Small features were iteratively absorbed into neighbours until a minimum
feature size of 0.02 ha was reached. Remaining features were then reviewed by descending
size against a subsequent regional aerial capture (2023-2024) (Figure 3B). Features were
classed manually into natural (likely storm damage), anthropogenic (harvest activity, road
cutting, etc.), and slips (features with no visible stems post-event and attached to existing,
i.e., pre-2018-2020 slip features) to a minimum area of 0.6 ha, with the assumption that
features below this size were unlikely to be the result of harvesting processes. A total of
3705 ha was identified as windthrown across the forest estate, representing 2.66% of the total
forested area of 139,336 ha. Examples of windthrown areas and the resulting classification,
showing stems lying on the ground, are shown in the Appendix A as Figures A1-A3.

The natural change features were then related back to the original forest bound-
aries, giving a combined dataset split into windthrow and no-windthrow classes. Follow-
ing inverse buffering to ensure plots would remain entirely within the feature bounds,
5000 points were randomly distributed within both windthrow and no-windthrow classes
(i.e., 10,000 plots in total). As the buffered areas were often quite narrow for areas affected
by windthrow (Figure 3C), plots that were 400 m? in size were installed, which allowed
a relatively large number to be placed across the region. As areas without windthrow
were larger and more contiguous, the plot size was increased to 1000 m?, which allowed
more precise plot-level estimates to be made. An appropriate minimum spacing between
points was used to prevent overlapping plots. After a number of plots were removed from
the dataset due to the absence of data from predictive spatial layers, the total number of
plots available for the modelling was 4994 plots with windthrow and 4719 plots without
windthrow (Figure 4).

2.5. Assembly of Predictor Variables
2.5.1. Site Characterization

In addition to LiDAR metrics, data from a range of surfaces that characterized the site
were extracted for all plot locations. Site quality was described using the radiata pine site
index and the 300 Index. Site index is defined as the mean top height (MTH) at age 20,
with MTH defined as the mean height of the 100 largest trees per hectare by diameter. The
300 Index is the mean annual increment in stem volume at age 30 years, for a stand density
of 300 stems/ha [60]. Using methods fully described in [60], surfaces for both productivity
metrics were developed using a dataset of 3676 nationally distributed permanent sample
plots. The two models, which were developed from environmental covariates, had high
accuracy on the 30% withheld test dataset for both site index (RMSE of 2.08 m and R? of
0.80) and 300 Index (RMSE of 3.45 m3/ha/yr and R? of 0.68).
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Figure 4. Distribution of plots with windthrow (red points) and no windthrow (blue points) extracted
from within the radiata pine forested areas (grey area) of the Gisborne Region.

Long-term climatic data were extracted from geospatial surfaces that described total
rainfall [61], windspeed [61] and drainage [62]. Annual averages for these climatic variables
were calculated, along with separate averages specifically for the summer period and
individual summer months. Long-term monthly averages were focused on summer to link
to the timing of Cyclone Gabrielle, which occurred in late summer.

Erosion susceptibility classification (ESC) is a national dataset that classifies land
units into low, moderate, high, and very high risk for erosion and is used in consenting
assessments for plantation forestry activities. This dataset was rasterized into a 10 m
surface to match the origin and extent of the LiDAR surfaces [63]. Soil orders and potential
rooting depth (PRD), derived from the Fundamental Soil Layers [64] were also rasterized.
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Potential rooting depth describes the depth to a layer that may impede root extension.
This threshold layer may be defined by penetration resistance, poor aeration, or very low
available water capacity, as described in [65]. Key soil orders within the study area were
Brown (B), Gley (G), Allophanic (L), Pumice (M), Pallic (P), Recent (R), Raw (W), and
Podzol (Z), with Recent and Brown underlaying 71% of the region area (Figure 1).

The Euclidean distance to harvest was calculated using a 10 m resolution raster
distance surface, generated with the QGIS Proximity (raster distance) tool. This surface was
derived from harvest features identified during the change detection feature review. The
wind exposition index (WEI)—which is a dimensionless metric indicating wind sheltering
(values < 1) or exposure (values > 1)—was calculated in SAGA GIS 7.8.2 [66]. A step size of
15 degrees and acceleration of 1.5 were held constant while the search distance was run at
1,2,5, and 10 km. Smaller step sizes were tested, but these had very little impact on values
of WEI, and for instance, the mean absolute difference between step sizes of 5% and 15%
was 0.002207. Comparisons of model performance using the four different search distances
for WEI were made in the final two classification models.

2.5.2. Stand Age

Stand age was estimated at the time of the earlier LiDAR capture using a 10 m resolu-
tion version of the 2018-2020 CHM, segmented into patches of similar canopy height using
the ArcGIS Pro Segment Mean Shift tool. After clipping to forest boundaries, percentile
canopy heights (p5, p10, p15, p85, p90, and p95) were calculated per segment. The same
height statistics were derived for internal stand data with known establishment years, and
a random forest model was trained to predict establishment year for the LIDAR-derived
segments based on percentile canopy heights. Using a withheld test dataset comprising
10% of all observations, the establishment year was accurately predicted with an R? value
of 0.89 and a root mean square error (RMSE) of 2.88 years. To enhance prediction accuracy,
the Hansen Global Forest Change dataset was incorporated where available, as it provides
annual forest loss detections from 2001 onward based on loss detections via Landsat time se-
ries analysis [67]. The final combined dataset was rasterized to a 10 m resolution, with pixel
values representing the estimated year of establishment. Accuracy for the final predictions
was assessed by comparing establishment year predictions against the plot data described
in Section 2.5.3. This comparison showed 66.7% of intersecting points were within 1 year
of the true value, 89.5% within 2 years and 95.8% within 3 years. The stand age at the
time of the cyclone (February 2023) was determined from the predicted establishment year
for analyses. The method used to develop this spatially explicit age surface is novel and
provides a valuable high-resolution input for wind risk modelling.

2.5.3. Stand Dimensions

Forest inventory data from a network of 560 plots, dispersed across the Gisborne
Region, were provided by New Zealand Carbon Farming (Auckland, New Zealand) and
Ngati Porou Forests Ltd. (Ruatoria, New Zealand) and used to develop models of important
stand dimensions. The field data comprised plot locations, plot area, establishment year
(used to calculate stand age at the time of analysis), and tree counts. Diameter at breast
height (DBH) was recorded for all trees within the plots, and height was measured for a
subset of trees in each plot. Measurements were made between 2015 and 2019. The plot
data were interpolated into the industry standard software YTGen 3.12.4.0 (Silmetra Ltd.,
Putaruru, New Zealand) and grown forward in time, at the plot level, to immediately before
the cyclone in February 2023, using the 300 Index growth model [68]. Among the generated
outputs, variables that were useful for this study included stand density (density), mean
diameter at breast height (DBH), and mean top height (MTH).
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The dependent variables MTH, DBH, and stand density were predicted using pre-
viously described LiDAR and topographic data that were extracted to match the plot
locations. All models were developed using R version 4.2.3 [69]. Variable selection was
undertaken through randomly splitting the dataset, with 85% used for model fitting and
15% set aside and used for model testing. Multiple regression was used to create the
three models from the training dataset using 1st- and 2nd-order polynomial forms for the
predictor variables, using a ten-fold cross-validation, with five repeats.

Using an automated selection process, predictor variables were introduced one at a
time into each model, starting with the variable that was most strongly related to the stand
attribute. Following this initial step, residual values were extracted from the model, and
the process was repeated to find the next most strongly correlated variable, with this step
repeated until included variables were not significant or improvements in the R? were <0.01.
The variance inflation factor (VIF) was used to assess multicollinearity between variables,
with values of VIF < 5 indicating an acceptable level [70]. Model accuracy and fit was
determined on the test dataset from the root mean square error (RMSE) and R?.

Once the key predictor variables were identified, models for the tree dimensions were
created using the full dataset. The model for DBH was refined at this stage through using a
non-linear regression form to account for changes in DBH with increases in the LIDAR 95th
percentile of height (p95) to ensure that DBH approached an asymptote as height increased
(DBH =1/(a +b (p95~°)). Model statistics for this revised model were determined from
the withheld test dataset before fitting the model using the full dataset. The final model
formulations were used to estimate MTH, DBH, and stand density for the extracted dataset
using the relevant extracted LiDAR and topographic variables. The variables that were
included in the models and final model statistics are given in Table 1. Stem slenderness
was defined in units of m/m from these predictions as MTH/(DBH/100).

Table 1. Variation in statistics for multiple regression models describing the three target variables,
which include mean top height (MTH), diameter at breast height (DBH), and stand density (SD).
Statistics were derived from predictions made on the test dataset and include the coefficient of
determination (R2), root mean square error (RMSE), percentage RMSE (RMSE %), and mean bias
error (MBE). The units for the RMSE and MBE follow those of the target variable. Also shown are the
predictor variables included in each model, which are ranked in order of importance. The full names
of these variables are given in Tables 2 and A1l. The variable DSMgp, is the stand density derived from
a raster that predicts this variable from a digital surface model (DSM).

Target Model Statistics
Model Variables
Variable RMSE RMSE% MBE
MTH (m) 0.918 2.65 8.02 0.414 p90
DBH (cm) 0.867 4.21 10.1 —0.506 p95, cov.gap, WEl 1, TRI, skew, TPI
SD (stems/ha) 0.640 179 37.3 —4.09 std.dev, dns.gap, DSMgp, min

2.5.4. Tree Dimensions

The LiDAR-derived 1 m CHM was smoothed by applying a 3 x 3-pixel moving
window. Individual tree peaks were detected on the smoothed CHM using a local maxima
algorithm with a variable window size and a minimum height threshold of 2 m using
the lidR package version 4.1.2 [71]. The variable window size was applied to account for
varying tree spacing resulting from silvicultural operations, such as thinning, which occur
as stands mature. The spacing was initially set to 3 m for points with a height of 2 m and
increased by 0.05 times the tree height as the point height exceeded 2 m. This approach was
determined through trial and error, starting with a multiplier of 0.01 times the tree height
and visually inspecting tree peak detection results across randomly selected sample forest
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areas of different age classes. These tree peaks were then used as markers for delineating
individual tree crowns.

Table 2. Variation in key site, stand, and LiDAR variables for plots with windthrow and no windthrow.
The mean and standard deviation (in brackets) and range are shown for plots with no windthrow
(n =4719) and windthrow (n = 4994). Also shown are Kruskal-Wallis ANOVA results, which show
the H value followed by the significance category and eta squared (n2). Asterisks, *** and **, represent
significance at p = 0.001 and 0.01, respectively. Variables were sorted in order of descending H index
for each of the three categories.

No Windthrow Windthrow ANOVA
Label Variabl
abe ariable Mean (SD) Range Mean (SD) Range H Value n?
Site variables
Wind exposition -
WELjm index 1 km 1.04 (0.077) 0.807-1.29  0.99 (0.064) 0.797-1.28 1081 0.1110
SI Site index (m) 31.5(2.75) 16.3-39.5 32.7 (1.87) 17.6-40.1 520 *** 0.0535
300 Index 300 Index (m3/ha/yr) 324 (3.17)  8.84-40.8  33.8(2.34) 122-409  408**  (.0419
. 18.0- 13.2- s
HD Harvest distance (m) 2124 (1919) 14330 1561 (1295) 13,991 135 0.0138
. Mean annual o
Wind pnn wind (km/h) 154 (2.57) 7.80-25.6 14.8 (1.37) 7.79-24.0 67.3 0.0068
Aspect Aspect (degrees) 179 (88.4) 4.7-352 168 (98.2) 2.09-358 39.1 *** 0.0039
Slope Slope (degrees) 21.8(7.73)  0.637-49.5  22.6 (8.28) 0.85-50.4 15.6 *** 0.0015
PRD Polential ¥00fIng  127(0157) 023135 122(0171) 035135  869%  0.0008
epth (m)
Stand dimensions
CA Crown area (m?) 61.4 (19) 25-191  748(25.1)  29.3-536 880 **  0.0905
Age Age (years) 22.1 (7.01) 13,971 25.8 (6.11) 14,336 780 *** 0.0802
SD Stand density 490 (234)  20-1456 384 (189)  20-1534 760 **  0.0782
(stems/ha)
MTH Mean top height (m) ~ 33.7 (8.56) 854459  37.9(573)  18-46.1 643+ 0.0661
Slend. Stem éf}‘i‘;mess 791(8.19)  30-108  827(598)  632-110  517**  0.0532
DBH Tree diameter (cm) 42.4 (9.5) 17-56.2 45.9 (6.86) 17.9-61 315 **+* 0.0324
Key LiDAR metrics
99th percentile of . . -~
P99 height (m) 27.7 (10.7) 0.896-52.3  33.2(8.15) 9.28-52.9 673 0.0692
50th percentile of .
p50 height (m) 20 (8.8) 0.596—-40.4 24.1(7) 5.45-41.9 541 0.0556
std.dev Sta“dﬁr‘?l deviationof 470360 0.083-159 572 (22) 1.52-16 532+ (.0547
eight (m)
10th percentile of .
pl10 hei-ght (m) 12.9 (7.14) 0.485-33.3 15.6 (6.7) 2.34-34.5 366 0.0375
cov.gap Gap in canopy 10.9 (14.4) 0-99.1 11.4 (9.77) 0-86.8 176*+  0.0181

cover > 2 m (%)

Crown delineation was performed on the smoothed CHM using the “mcws” function
within the ForestTools package version 1.0.2 in R [72], which utilizes a watershed algorithm.
From the delineated tree crowns, tree height metrics (maximum, mean, and standard
deviation) were calculated based on CHM pixels within each crown polygon. Additionally,
the 2D crown area (CA) for each polygon was estimated. These metrics were computed for
each individual tree polygon on the non-smoothed CHM using the terra package version
1.7-83 in R [73]. A tree stand density raster (DSMgp) was also created by summing local-
maxima-detected tree peaks within a 20 m grid and assigning the total as the pixel value.
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Predicted values of tree stand density (DSMgp) and crown area (CA) were extracted for all
plots from the layers described above.

2.5.5. Cyclone Characterization

Weather data used in this analysis were sourced from the Virtual Climate Station
Network (VCSN), provided by the National Institute of Water and Atmospheric Research
(NIWA). The VCSN provides nationwide coverage on a 5 km grid for various weather
variables, estimated from data collected by 150 automatic climate stations managed by
NIWA and the MetService. For this study, the relevant VCSN variables included daily
rainfall, mean relative humidity, and mean windspeed, which have been estimated on a
daily basis throughout the Gisborne Region for the duration of the cyclone (11-15 February
2023). As these data were available as points with 5 km spacing, Inverse Distance Weighting
was applied in ArcGIS Pro 3.2.1 to create a continuous 10 m spatial surface for each variable
for each of the five days of the cyclone (i.e., 15 surfaces). Values for each variable were
subsequently extracted from these surfaces for plots with and without windthrow.

2.6. Data Analysis
2.6.1. Influence of Individual Variables on Windthrow Classes

Analyses described in this section were undertaken using R version 4.2.3. [69]. Analysis
of variance (ANOVA) was used to determine if key site and stand variables differed
significantly between the two windthrow classes. As ANOVA relies on the assumptions
of normality and homogeneity of variance, diagnostic tests were performed to evaluate
the robustness of these assumptions. Specifically, the Shapiro-Wilk test [74] was applied to
assess departures from normality, while Levene’s test [75] was used to evaluate the equality
of variances across groups. Since all tested variables violated one or both assumptions, the
Kruskal-Wallis test [76] was used. The Kruskal-Wallis test is a non-parametric method used
to determine whether there are statistically significant differences between the medians
of two or more independent groups, making it a robust alternative to ANOVA when the
assumptions of normality or homogeneity of variances are violated. The output included
the H value, which offers a measure of the overall group differences, and eta squared (nz),
which quantifies the effect size, indicating the proportion of variance explained by the
windthrow class.

Using chi-square, tests of significance were undertaken to assess whether windthrow
class was impacted by the categorical variables soil order and the erosion susceptibil-
ity classification. Since a significant overall association does not indicate which specific
groups differ from one another, a post hoc test was performed using the Bonferroni adjust-
ment. This multiple range testing method controls for the increased risk of Type I errors
when making several pairwise comparisons, ensuring that any detected differences are
truly significant.

Histograms were used to visualize the distribution of all important variables. The
distributions were plotted by windthrow class (windthrow and no-windthrow) and facetted
by variable. For key variables, the relationship between each variable and the proportion
of windthrow was explored to identify patterns or thresholds associated with increased
windthrow risk. Most continuous variables were divided into 10 equal-sized groups
(deciles) to facilitate comparison, while for categorical variables, groupings were created
based on their respective classes. For each group, the mean percentage of windthrow plots
and the average value of each variable were plotted to identify changes in windthrow with
variation in the variable.
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2.6.2. Classification Model

Random forest was used to classify the two windthrow classes (windthrow and no-
windthrow) using scikit learn, version 0.23.2 [77], which was implemented in Python
version 3.9.18. Random forest is an ensemble learning technique that constructs a collection
of decision trees during the training process. Each tree is built using a bootstrap sample—a
randomly selected subset of the training data with a replacement—and at each node, splits
are determined based on a randomly chosen subset of features. This methodology promotes
diversity among the trees, which helps mitigate overfitting and improves the model’s ability
to generalize to new, unseen data. The final classification is determined by majority voting,
where the class label predicted by the most trees is selected as the output. This process
enhances both the accuracy and robustness of the model.

Two classification models were constructed. The first model included all site and stand
dimensions. A number of relevant long-term climatic variables were also introduced into
this first model, including windspeed, rainfall, and site drainage averaged at an annual level
and over the summer period. The second model included all variables in the first model
and the key characteristics of the cyclone. Given that the first model did not include specific
weather information from the cyclone, this model was developed as a generalized method
of estimating future potential wind risk in current forests and areas not afforested. The
second model was developed to determine how much additional variance cyclone-related
variables explained within the current forests.

Recursive feature elimination (RFE) was used for feature selection for both models,
utilizing a random forest classifier with a stratified 10-fold cross-validation. The RFE
process began with all variables in each dataset and iteratively reduced the feature set
down to two variables. At each step, RFE retained the most important variables based
on their importance scores while progressively excluding less relevant ones. To mitigate
overfitting, pairwise correlations among predictor variables were evaluated, and variables
with an absolute correlation coefficient (|R| > 0.9) were flagged. Among highly correlated
pairs, the variable with the lower importance score was excluded. Following this process,
the variable subset with the highest mean accuracy was output as the optimal starting
feature set for subsequent modelling.

After selecting features for the two models, the data were split into a training/test
dataset. This division allocated 80% of the observations (3995 windthrown plots and
3775 no-windthrow plots) to a training dataset, while the remaining 20% (999 windthrown
plots and 944 no-windthrow plots) were reserved for a test dataset. The random forest
model was trained on the training dataset using five-fold cross-validation, and predictions
from the trained model were evaluated on the independent test dataset. This procedure
was repeated 49 additional times, each with a different train/test split, resulting in a total
of 50 iterations. Performance metrics were averaged across all test datasets. This iterative
process minimized potential bias from relying on a single train/test split, enabling a more
robust assessment of the model’s true performance.

Three hyperparameter grids were evaluated for model fitting that varied in complexity,
with the simplest using default parameters and the most complex optimizing model
performance across a range of five hyperparameters (i.e., the number of estimators, max
depth, min samples split, min samples leaf, and max features). The default hyperparameter
grid was selected for the final models, as this had an identical or better accuracy than the
models with the more complex hyperparameter grids for both classification models. This
grid used 100 estimators, max depth = none, min samples split = 2, min samples leaf = 1,
max features = |/ (number of predictors), and Gini impurity; all other parameters remained
at their default settings.
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Using the mean predictions made on all 50 independent test datasets, a confusion
matrix was constructed for the two models. The windthrown plots were designated positive,
and values in the confusion matrix quantified the percentage of true positives (TPs), true
negatives (TNs), false positives (FPs), and false negatives (FNs). Model performance was
assessed on the test dataset using precision, recall, F1 score, and accuracy, which were
calculated as follows:

Precision = 7TPTFP 1)
Recall = 7TPP£—PFN 2)

F e 2 o< el >
Accuracy = 7 " IZII’) i_:rrll\\: TEN 4)

Precision quantifies the fraction of correct positive predictions, whereas recall identifies
the fraction of true positives that were accurately detected. High values of precision mean
there are few false positives, while high values of recall indicate low numbers of false
negatives. The F1 score represents the harmonic mean of precision and recall, serving as a
balanced measure of the model’s discriminatory power. F1 scores span a continuum from
0 to 1, with categorizations from 0.5 to 0.7, 0.7 to 0.8, 0.8 to 0.9, and >0.9 signifying poor,
acceptable, excellent, and outstanding levels of discrimination, respectively. Accuracy was
defined as the percentage of correctly predicted observations of the total observations.

The area under the receiving operating characteristic (AUC-ROC) curve was also used
to evaluate model performance. The ROC curve plots the true positive rate (sensitivity)
against the true negative rate (specificity) of the model with all possible classification
thresholds. The AUC values represent the area under the ROC curve and measure the
model’s ability to discriminate between the two classes. AUC values of 0.5 correspond to a
situation where the classifier is no better than random (ROC curve along the diagonal), and
a value of 1 corresponds to a situation where the model perfectly discriminates between
windthrow and no windthrow. As a rule of thumb, AUC values over 0.7 are considered
acceptable discrimination between classes, values over 0.8 are excellent, and values > 0.9
represent outstanding classification [78].

2.6.3. Spatial Prediction of Windthrow

Classification model 1 was used to make spatial predictions of windthrow for the
entire region. As age was a significant variable within the model, predictions were made
under three contrasting ages that included 5, 20, and 30 years. Maps were developed
showing variation in wind risk for these three ages. Areas classified as windthrown were
identified within the plantation estate, unplanted areas, and the entire region. Summary
statistics of these areas were determined for each of the three simulated ages for these three
areas and for the actual ages within the plantation estate.

3. Results
3.1. Variation in Site Characteristics Between Windthrow Classes

All site characteristics significantly varied between the two windthrow classes (Table 2).
As evidenced by the n? value, differences were most marked for wind exposition index
to 1 km (WEl;y,). There was a marked left shift in the distribution for windthrown sites,
indicating these areas more frequently occurred within sheltered sites (Figure A4). As
WEIy, increased from 0.88 to 1.15, the percentage of windthrown plots declined from 73%
to 16% (Figure 5). The two indices (i.e., site index and 300 Index) were the next strongest
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site variables. Windthrown plots more frequently occurred at higher values for both indices,
with the percentages increasing from 20 to 72% across the 300 Index range and 15% to 61%
across the site index range (Figure 5).
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Figure 5. Relationship between windthrow percentage and site-related variables. The variables have
been sorted in order of importance from left to right and top to bottom. The number of sampled
plots is given above each of the points for the two categorical variables. Soil orders are Brown (B),
Gley (G), Allophanic (L), Pumice (M), Pallic (P), Recent (R), Raw (W), and Podzol (Z). Multiple range
testing results are shown for the two categorical variables (Erosion Susceptibility Classification and
Soil Order). Groups that do not share a letter differ significantly at p < 0.05. Values above the red
dashed line have a higher-than-expected windthrow percentage.

Harvest distance also strongly and significantly varied between windthrow classes.
Mean harvest distances were 1561 and 2124 m, respectively, for plots with and without
windthrow (Table 2). The percentage of windthrown plots mostly ranged from 53 to
60% across harvest distances ranging from 99 to 2638 m, above which this percentage
dropped markedly to 27% as harvest distances further increased to 5511 m (Figure 5).
Windthrow was significantly affected by mean annual windspeed, and the percentage
of windthrown plots increased from 33% at low windspeed to broad maxima of 62-68%
between windspeeds of 14.6-15.7 km/h before declining at windspeeds above this point
(Figure 5). Windthrow was relatively invariant to slope across most of the range but
increased markedly at very high slopes. The windthrow percentage reached a peak on
north/northwest-facing aspects (Figure 5).

The two soil-related variables also significantly (p < 0.001) influenced windthrow per-
centage. There was a consistent increase in windthrow percentage as erosion susceptibility
classification (ESC) increased (Figure 5). There was no significant difference in windthrow
between lower-moderate-ESC groups, which had windthrow percentages ranging from
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30 to 32%. However, windthrow percentage increased sharply to 45% for high-ESC sites
and 60% for very high-ESC sites, with this latter class constituting the majority of the four
classes (n = 6461 plots). Windthrow in both high- and very high-ESC sites was significantly
higher than in lower-moderate-ESC sites, and very high-ESC sites were significantly higher
than all other classes (Figure 5)

Among the eight soil orders present within the sampled plots, there were six that
had more than 100 plots within the order (Figure 5). The largest departures from the
expected class split of 51.4% (dashed red line, Figure 6) for these six soil orders were
noted for the Podzols (19.3% windthrow), Allophanic (32.7% windthrow), and Pumice
(45.3% windthrow) soil orders, which all had lower-than-expected windthrow. Multiple
comparison testing showed windthrow percentage on Podzols to be significantly lower
than that for the other soil orders (Figure 5). Conversely, more subtle increases above the
expected windthrow percentage (51.4%) were noted for the Brown (56.9%) and Raw (59.7%
windthrow) soil orders (Figure 5).
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Figure 6. Relationship between windthrow percentage and stand-related variables. The variables
have been sorted in order of importance from left to right and top to bottom. Values above the red
dashed line have a higher-than-expected windthrow percentage.

3.2. Variation in Stand Characteristics Between Windthrow Classes

All stand dimensions had a significant impact on windthrow (Table 2). Compared to
the site characteristics, stand variables and LiDAR-derived proxies for stand characteristics
were generally quite important, constituting 7 of the 10 variables that differed most between
the two plot classes (Table 2, Figure A4). According to the n? value, crown area was the
most important stand attribute (Table 2). Windthrown plots had a crown area that was
on average 22% higher than plots without windthrow (74.8 vs. 61.4 m?) (Table 2). The
windthrow percentage increased almost linearly across the range in crown area from 25%
to 78% (Figure 6). The percentage of windthrow increased markedly with age from <20% at
ages up to 10 years to >74% for stands with ages > 38 years (Figure 6). There were marked
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reductions in windthrow percentage with stand density, which may largely reflect the
increases in windthrow with stand age, as stand density declines markedly with stand age.

Of the standard tree dimensions, MTH was the strongest determinant of windthrow,
followed by stem slenderness and then tree diameter (Table 2). Generally, windthrow per-
centage increased across the range of all three variables (Figure 6). Windthrow percentage
reached a threshold of 60-65% at MTH > 40 m and similarly reached a peak of 57-59% at
DBH values > 46 cm (Figure 6). However, windthrow percentage increased continuously
from 20 to 65% across the entire 68-93 m/m range in stem slenderness (Figure 4). A plot
of age against stem slenderness shows very little windthrow below ages of 10 years and
stem slenderness values of 63 m/m (Figure 7). Similarly, the maximum data density for
windthrown plots is located at higher values of age and stem slenderness than plots without
windthrow (Figure 7, red contour lines).
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Figure 7. Relationship between stand age and stem slenderness by the two windthrow classes. The
red contours indicate areas of similar data density. Data density decreases with increasing distance
from the centre of a contour cluster.

3.3. Classification Models

Classification model 1, which included site- and stand-level characteristics, had excel-
lent performance. Using mean values from 50 iterations on the test dataset, the accuracy
and F1 score were, respectively, 0.835 and 0.841 (Table 3). The precision and recall were
0.832 and 0.851, respectively, indicating that false positives were slightly more common
than false negatives. Furthermore, the model achieved an AUC-ROC of 0.913, underscoring
its exceptional ability to discriminate between classes (Table 3). A total of 10 continuous
variables were included in the model (Appendix A, Table A2). The erosion susceptibility
class was also included, as were categories for three of the soil orders.

Mean windspeed in February was the most important variable, followed by the wind
exposition index and then mean drainage during summer (Table A2). Age was the fourth
most important variable and the only stand variable in the model. The productivity surfaces,
300 Index, and site index were the next most important, followed by harvest distance, aspect
and slope, erosion susceptibility classification, and potential rooting depth. The Recent,
Brown, and Allophanic soil orders were of the least importance in the model (Table A2).



Remote Sens. 2025,17,1777

20 of 40

Table 3. Confusion matrix and classification statistics for models 1 and 2. Abbreviations for the
confusion matrix are as follows: true negative (TN), false positive (FP), false negative (FN), and true
positive (TP). The classification statistics included accuracy, precision, recall, F1 score, and the area
under the receiving operating characteristic curve (AUC).

Model Confusion Matrix (%) Classification Statistics
ode
TN FP FN TP Accuracy Precision Recall  F1 Score AUC
1 39.8 8.8 7.7 437 0.835 0.832 0.851 0.841 0.913
2 40.1 8.5 7.3 441 0.841 0.838 0.857 0.847 0.917

Classification model 2, which included data from spatial layers describing the cyclone,
provided very little additional explanatory power over the first classification model. There
were increases of less than 0.01 between these two models in accuracy (0.841 vs. 0.835), F1
score (0.847 vs. 0.841), and AUC-ROC scores (0.917 vs. 0.913) (Table 3). Model 2 included all
variables in model 1 and three variables of moderate importance, describing total rainfall
on 13 February 2023 (importance: 0.056), mean relative humidity (importance: 0.078), and
mean windspeed (importance: 0.060) on 14 February 2023. With a few minor changes, the
variable importance scores for all other variables in model 2 were very similar to those of
model 1 (Table A2). For both classification models, the use of a 1 km search radius for wind
exposition index (i.e., WEl ) generally yielded comparable or superior performance to
other search distances. For instance, values of AUC-ROC for model 2 were, respectively,
0.917,0.917, 0.916, and 0.916 for search distances of 1, 2, 5, and 10 km.

3.4. Predictions of Windthrow

As shown by the representative forest area in Figure 8, predictions from model 1 aligned
closely with the plot data. The agreement between plot data and predictions was very high for
both windthrow classes (Figure 8). Predictions for the windthrow class did extend beyond the
areas that were windthrown in many areas, as can be seen by a comparison of the unaffected
areas (Figure 8A) with model predictions (Figure 8B). This aligns with the higher number of
false positives than false negatives found within the model, suggesting that model predictions
are likely representative of areas that are subject to moderate to high wind risk.

Predictions of windthrow are shown as a percentage in Table 4 and spatially in Figure 9
for the current regional radiata pine estate (Figure 9A) and for the entire region, assuming
plantation ages of 5 (Figure 9B), 20 (Figure 9C), and 30 (Figure 9D) years. Predictions of
windthrow within the current plantation estate comprised 23.9% of the area. Predictions of
windthrow for a given age showed a marked increase from 1.5% of the plantation estate at
age 5 to 20.2% and 34.3%, respectively, at ages 20 and 30 years (Table 4, Figure 9).

In contrast, predictions of windthrow within the unplanted area were markedly lower
for a given age than those within the plantation estate, increasing from 0.4% at age 5 to
9.5% and 20.9%, respectively, at ages 20 and 30 years (Table 4; Figure 9). Predicted values of
windthrow for the entire region were intermediate between those for the current estate and
unplanted area at the three ages examined (Table 4). However, it is worth noting that not
all of these unplanted areas will be suitable for afforestation.

As a point of reference, predictions of windthrow were compared to the percentage
of area covered by the very high-ESC category, which has been used to identify areas at
risk of erosion within the region (Table 4). Model predictions of windthrow risk within the
current estate were markedly lower than the percentage area covered by the very high-ESC
category (23.9% vs. 55.4%). This was also the case for predictions simulated at age 30 for
the current estate (34.3% vs. 55.4%), unplanted area (20.9% vs. 35.1%), or the entire region
(23.1% vs. 38.3%).
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Figure 8. Comparison of LiDAR difference-derived polygons (black outlines) with plot data for
both windthrow classes, overlaid on (A) post-event aerial images captured from 2023 to 2024 and
(B) predicted model results.

Table 4. Percentage of predicted windthrow within the plantation estate using the current age
structure. Also shown are predictions within the current estate, unplanted area, and entire region, by
simulated age classes of 5, 20, and 30 years. Shown for reference is the percentage area in the very
high category of the erosion susceptibility classification (ESC) for each area.

Category Current Estate  Unplanted Area Entire Region
Age within current estate 23.9%
Simulated age
Age5 1.5% 0.4% 0.6%
Age 20 20.2% 9.5% 11.2%
Age 30 34.3% 20.9% 23.1%

ESC very high category 55.4% 35.1% 38.3%




Remote Sens. 2025,17,1777

22 of 40

A

25 km

Prediction
B Windthrow

No windthrow

Figure 9. Model predictions using the (A) current plantation age structure. Also shown are predictions
with age held constant at (B) 5 years, (C) 20 years, and (D) 30 years.

4. Discussion
4.1. Use of Repeat LiDAR Captures to Identify Windthrow

This study demonstrates the effectiveness of repeat LIDAR coverage for identifying
and characterizing windthrow at regional scales. Advances in LIDAR technology, including
higher pulse densities and improved horizontal and vertical accuracy, have enabled the
capture of more reliable, high-resolution data across large areas. By integrating pre- and
post-windthrow LiDAR captures, this study provides a detailed assessment that accounts
for baseline conditions, offering a significant advantage over single-capture approaches.
Windthrow predictions were rigorously validated using post-cyclone aerial imagery, yield-
ing an objective assessment of cyclone damage. The analysis conservatively estimated
there to be at least 3705 hectares of windthrow, representing 2.66% of the total forested
area. This spatial information is critical for insurance claims, policy decisions, and the
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strategic allocation of resources, particularly for the timely salvage of windthrown timber
before sapstain reduces its value [79]. Importantly, this dataset establishes the first spatial
baseline in New Zealand against which damage from future cyclones can be compared.
The methodological framework presented here, leveraging multi-temporal LiDAR data, is
applicable beyond New Zealand, providing a robust, scalable approach for assessing storm
damage in forestry sectors internationally.

Remotely sensed data, extracted across broad spatial scales, was found to be a very
valuable data source for the wind risk model developed in this study. Compared to
traditional plot-based measurements, the use of remote sensing considerably reduces time,
cost, and labour whilst improving the spatial description of affected areas. The method used
here was particularly effective, as the pre-cyclone plantation boundaries were accurately
delineated using deep learning [58], which reduced the volume of LiDAR that needed to
be analyzed to detect windthrow.

Remotely sensed windthrow detection is both scalable and repeatable, making it
well suited for comparing disturbance events over time. Regular LIDAR acquisitions are
relatively unlikely at a regional scale within New Zealand due to cost constraints. However,
the impacts of further cyclones could be determined by the height differencing approach
through the acquisition of imagery, from either satellite or fixed-wing aircraft. These data
can be used to determine tree height directly from the imagery [80] or through using
photogrammetric point clouds [81]. The application of this method across regions and
events could be readily used to assemble post-event data from a range of cyclones for the
development of a meta-model of wind risk, which could establish a generalized framework
for risk assessment. The regional retrieval of disturbance information has application
beyond cyclone damage and has, for instance, been recently used to identify disease risk in
the Gisborne Region [14].

Although this study successfully identifies the presence or absence of windthrow,
distinguishing between different intensities or severities remains technically challenging.
Current mechanistic wind risk models, such as ForestGALES using the Turning Moment
Coefficient (IMC) method, have been used to quantify damage intensity [38] and damage
to infrastructure [82]. Integrated frameworks like iLand, which incorporate ForestGALES,
have also demonstrated this capability [83]. Despite this technical feasibility, widespread
application is constrained primarily by difficulties in acquiring the necessary detailed
input data. These input data include individual tree attributes, precise wind climate
measurements [38,83], and, importantly, wind storm data, including wind speed and
direction [82]. Future research could address these limitations by combining mechanistic
modelling with multi-scale remote sensing methods, including LiDAR and high-resolution
optical or multispectral imagery and detailed wind storm data, to improve the accuracy
with which windthrow intensity can be detected.

4.2. Wind Risk Model

The wind risk model developed in this study demonstrated excellent performance,
underscoring its reliability for practical applications. It is difficult to directly compare
the accuracy of our model with previous empirical models due to variations in reported
statistics, the types of forests and spatial scale, and the resolution of predictions. However,
the accuracy of our modelling approach (0.84) was relatively high compared to previous
approaches, which report accuracies ranging from 0.73 to 0.81 [44,51]. Similarly, the
AUC scores for both random forest models (0.913-0.917) generally exceeded those of
previous studies that mostly range from 0.51 to 0.90 [44,46,52,84] but were less than in one
study where the AUC reached values of 0.99 [45]. Our results aligned with other studies
comparing modelling methods that show random forest provides robust and accurate
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predictions of storm damage [44—46]. An innovative element within this study was the
use of 50 random train/test splits, which provided an unbiased evaluation of model
performance and an uncommon level of rigour for empirical wind risk modelling.

The approach used here has a number of advantages. Even if the specific model
that was developed is not generalizable, the procedures for data source identification,
data gathering and processing, and interpretation are of great value and are themselves
applicable to other situations. Through the compilation of these datasets, the second
strength of this approach is that it allows the identification and estimation of the importance
of key variables. Further research should use the framework developed here during future
storm events to compare the relative contribution of different predictors and therefore
assess the generalizability of the model. At the very least, it is likely that the accumulation
of data from many storm events will provide the opportunity to develop a more generally
applicable meta-model. The strong model performance in this study highlights the value
of combining machine learning with spatially explicit remotely sensed data to support
regional-scale wind risk assessments worldwide. The identified influential variables—such
as wind exposure, stand age, and site productivity—are commonly available across global
plantation forestry systems. This widespread availability suggests that similar predictor
frameworks could be effectively employed in other regions susceptible to cyclones or severe
wind events.

4.3. Important Factors Influencing Wind Risk

The variables highlighted by the model have been found to be useful predictors of
wind risk. Of greatest importance were the long-term mean February windspeed and the
site topographic exposure, as characterized by the WEIL The increasing levels of damage
up to medium windspeeds were expected. The reductions in damage that occurred from
medium to high windspeeds may reflect adaptation by trees to high windspeeds, which
has been shown to reduce stem slenderness [85-88] and stabilize root systems [89]. This
observation was consistent with the response of windthrow to topographic exposure as
characterized by WEI;yy,. There was a significant negative relationship between WEIjy,,
and stem slenderness (p < 0.001; R? = 0.18), which agreed with previous research [90],
indicating that trees in sheltered areas had significantly higher slenderness and were
therefore less adapted to high windspeeds than those located in areas with high WEI, such
as ridges.

The windthrow patterns from Cyclone Gabrielle align with established stand-level
wind risk factors, e.g., [47]. Among the stand-level metrics, canopy area emerged as the
best predictor of damage, most probably as it integrates the key factors of tree height,
diameter, and stand density. This finding highlights the utility of individual tree canopy
metrics derived from LiDAR for regional wind risk assessments. Stand age, the second
most important factor, is a convenient risk metric, often available from forest inventories.
Stands younger than 10 years rarely experienced windthrow (Figure 6), reinforcing the link
between stand age and height, a well-known wind risk factor [91]. Tree height influences
wind damage both directly and indirectly through related metrics like stem slenderness,
which was a strong risk indicator—trees with lower height-DBH ratios were at reduced
risk, which is consistent with the literature [92-94].

Stand density also played a significant role, with denser stands exhibiting lower
windthrow risk. This relationship is complex, depending on stand age, silvicultural history,
and prior disturbances. Denser stands have been found to reduce wind penetration and
lower wind loading and subsequent risk [95]. Previous studies have found that heavy
or late thinning increases the short-term susceptibility of a stand to wind damage [96,97].
The initial increase in tree vulnerability after thinning declines with time as the crown
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recovers [98] and the stem and roots respond to the new wind environments and changes
in soil moisture [99].

Aspect, slope, and erosion risk were also significant but less important predictors of
wind damage. Most damage was noted for trees on NNW aspects, which is the direction of
the prevailing wind in the Gisborne Region. Trees facing this aspect had likely acclimated to
that wind direction through developing root systems in windward and leeward directions
to maximize anchorage to withstand NNW winds, which is a previously noted response [89].
Consequently, the predominant ESE direction of the storm would have caused significant
strain to these trees, resulting in higher rates of windthrow. The risk was further increased
on steep slopes and sites with high soil erosion, where limited rooting depth most likely
compromised tree stability.

Soil characteristics had a significant influence on wind damage. Windthrow severity
varied by soil type, with the most damage observed on Raw, Brown, Pallic, Recent, and
Pumice soils, decreasing in that order. In this study, we were unable to differentiate between
the two modes of whole-tree damage (stem breakage or tree uprooting), which might intro-
duce some uncertainty in the interpretation of the impact of soil type when discriminating
between damaged and undamaged areas. This is because when tree anchorage is poor
(e.g., in waterlogged soils or soils with low shear strength), uprooting is typically observed
as the type of damage [100]. Conversely, stem breakage is observed more frequently where
soils of high shear strength provide better tree stability [101].

Raw soils, often shallow and found on slopes with high water tables, with advanced
erosion and rocks at shallow depths, often limit stable root development. When character-
ized by high water tables, e.g., near rivers, they easily become fluid and consequently have
very low soil shear strength, affecting tree stability. One of the early phases of windthrow
is related to the slippage of the root-soil plate when soil shear strength is low [100]. Pallic
soils pose similar constraints with regard to rooting depth, as they are prone to erosion
and waterlogging. Brown and Recent soils, which are both highly fertile, support vigorous
growth, increasing windthrow risk. Tree anchorage in brown earth soils is typically solid,
due to the high shear strength [102]. In a static tree-pulling study of radiata pine grown on
various soil types, Moore [54] reported that trees established on yellow-brown earths exhib-
ited superior anchorage compared to those on other soils. The experiments in Moore [54]
were performed in dry conditions, when the shear strength of brown earth soils is not
reduced. During Cyclone Gabrielle and the weeks preceding the event, extremely high
precipitation was recorded in the Gisborne Region, likely reducing the shear strength of
cohesive soils such as brown earths. Similarly, Pumice soils, characterized by low strength,
may weaken further under heavy rainfall.

Windthrow was less prevalent on Gley, Allophanic, and Podzol soils (Figure 5). These
soils typically do not support vigorous growth, reducing vulnerability to wind damage.
Allophanic soils, in particular, allow deep rooting and experience lower erosion, enhancing
stability. Surprisingly, Gley soils, which often have high water tables and restrict rooting
depth, and whose shear strength is reduced under waterlogged conditions, exhibited less
damage—but the low damage on these soils was most likely due to an insufficient sample
size (n = 12 plots) to characterize the response.

Edge effects are known to influence wind damage dynamics in forest stands. This
occurs both through changes in wind speed profiles at transitions between land use types
with differing surface roughness [103] and through the acclimation of edge trees to the
harsher wind conditions typically found along upwind stand boundaries [104]. When a
stand edge is exposed following the removal of an adjacent stand (e.g., from harvesting
or a natural disturbance), wind damage risk to the retained stand increases significantly
while the newly exposed edge trees acclimate to their new wind climate [91]. We did not
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include the impact of edge effects in our wind damage models because of the considerable
additional complexity of mapping recent harvests across the landscape. This omission
might have impacted the predictive power of our random forest modelling, and future
modelling efforts should seek to incorporate edge and acclimation effects [103].

4.4. Planning and Management Implications

From a forest planning perspective, the model and risk maps developed here enhance
climate resilience by providing a tool to mitigate the impacts of severe storm events, which
are likely to become more frequent [20]. By identifying areas most prone to windthrow, the
research informs future planting decisions and plantation layout guidelines. In high-risk
zones, alternative windfirm species such as redwood [105] or more robust silvicultural
regimes such as continuous cover forestry [106] could be considered as a way to reduce the
risk of future forest area losses. The approach used here refines the current erosion suscep-
tibility classification (ESC) red zone class, designated as high risk for future afforestation.
This red zone class is improved by incorporating more than just topographic and soil data,
reducing the overall risk area while maintaining spatial agreement with existing layers.
Predictions of wind risk shown here could support the development of a more targeted
planting risk surface beyond ESC and are complementary to the Landslide Susceptibility
and Connectivity surface recently commissioned to guide future planting locations.

Management interventions are crucial to mitigating risks, as findings indicate that
rotation lengths exceeding 30 years significantly increase vulnerability. This has impli-
cations for long-rotation forests and stranded assets, such as those identified within the
Gisborne Region in [58], which are likely to be at high risk of windthrow. The creation of
detailed risk maps can help identify areas requiring targeted management strategies. For
example, coordinating harvest schedules across multiple forest growers and strategically
opening harvest areas adjacent to older stands can help reduce exposure. Additionally,
implementing early thinning reduces overall risk as younger stands are less vulnerable
and have time to readjust to the environment before reaching a more vulnerable stand
age. As younger stands have lower value, this strategy also avoids exposure of older,
higher-value stands to significant risk. In high-risk areas, reducing rotation lengths and
incorporating riparian plantings could further strengthen resilience against windthrow.
The management strategies and interventions discussed here, such as rotation shortening
and targeted thinning, are universally applicable strategies for forest managers aiming to
mitigate windthrow risks in plantation forests. These approaches are particularly valu-
able in areas across the globe undergoing rapid plantation expansion or facing increasing
climatic uncertainties.

Our approach could be made more repeatable, scalable, and useful to managers
through the development of methods to continuously monitor changes in forest dynamics
and windthrow. NASA'’s Global Ecosystem Dynamics Investigation (GEDI) is a LIDAR
sensor, attached to the International Space Station, based on the principles of LiDAR that
acquires discontinuous data along tracks with a footprint size of 25 m [107]. Through fusing
GEDI data with information from other earth observation satellites (e.g., Landsat 8 OLI),
global wall-to-wall maps of canopy height at fine spatial resolution have been produced,
and similar maps for aboveground biomass density (AGBD) are underway that will pro-
vide a global benchmark with well-characterized uncertainty [108,109]. GEDI data are
freely available, and if estimates of height could be calibrated using regional LiDAR, then
predictions from GEDI could form part of a regular monitoring programme.

While GEDI provides valuable canopy height and structure data at ~25 m resolution,
it may not capture small-scale windthrow events. However, it remains a useful tool for
detecting larger windthrow-affected areas that may warrant further investigation using
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higher-resolution data sources or targeted field assessments. Integrating satellite LIDAR
with targeted airborne or UAV-based LiDAR could help bridge scale gaps and significantly
enhance long-term assessments of biomass change, windthrow impact, and forest recovery.
However, the relatively low sampling densities of current spaceborne LiDAR systems—and
the resulting need for hybrid approaches—are likely to persist even with recently launched
or upcoming platforms such as China’s Gao Fen-7 and Japan’s MOLI [108,110]. Look-
ing ahead, future LIDAR missions may offer improved resolution and revisit frequency,
enabling finer-scale change detection and more comprehensive monitoring.

Digital aerial photogrammetry (DAP), from overlapping images, has also been high-
lighted as a promising technique for large-scale forest inventory [111,112]. When combined
with ALS-derived digital terrain models, DAP point clouds have been shown to produce
comparable results to ALS at substantially reduced costs, even when scaled to large ar-
eas [113,114]. DAP has the added advantage that it can be generated from appropriately
designed aerial imagery campaigns [114], potentially providing both high-resolution im-
agery and 3D data. Photogrammetric point clouds from satellites such as Pléiades have
also been used to predict both height and volume in radiata pine with an accuracy similar
to that of ALS [81], which showcases the potential value of this method for large-scale
regular monitoring. Alternatively, a monocular depth estimation foundation model trained
on imagery—called depth anything—has been developed recently, allowing predictions
of height from single RGB images [115]. Using this method, a deep learning model could
be developed to infer canopy height from either aerial or satellite imagery using regional
LiDAR as a ground truth reference. This method could provide a scalable and inexpensive
solution for regular regional canopy height estimation.

The development and implementation of these methods for characterizing changes
in tree height and biomass would facilitate the continuous monitoring of forest dynamics
and wind damage over time. With consistent monitoring using calibrated satellite remote
sensing, insights could be obtained quickly for early damage assessments, allowing for
mitigation of further damage in areas at risk and faster responses to windthrown areas.
This type of real-time information is critical after events such as Cyclone Gabrielle, where
road blockages and health and safety issues delayed access to many stands.

4.5. Study Limitations and Further Research

There were a number of limitations within this study. The complex nature of wind
damage can make it difficult to automate the identification of windthrow within discrete
polygons. Consequently, our predictions of actual wind damage, which amounted to 2.66%
of the plantation estate, may be an underestimate as they most likely omitted very small
areas of damage. In contrast, the predictions of wind damage from the random forest model,
which constituted 23.9% of the estate, were an overestimate, and the model predictions
of windthrow often extended beyond the observed damage (Figure 8B). While many of
these false positives did not correspond to actual windthrow, they may still reflect areas of
moderate to high future windthrow risk.

The reliance on LiDAR captures that were scheduled 3-5 years apart may omit some of
the finer resolution temporal dynamics of windthrow. Although most damage captured by the
LiDAR differencing was likely attributable to the cyclone ( see Appendix AFigures A1-A3),
it is possible that there were smaller windthrow events outside of the cyclone that were
also included in analyses. Additionally, this time difference also required several years of
simulated tree growth to reconstruct the pre-cyclone condition, which increased the error
around predictions of stand dimensions. A possible improvement to the study would be an
assessment of windthrow severity and the development of a corresponding continuous surface.
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This would likely require field observation to verify the LIDAR predictions, particularly for
smaller areas where such verification is difficult using optical aerial imagery.

A number of variables were not well characterized, which may have limited the
predictive power of the model. Potential rooting depth is not that well characterized in
New Zealand, while the model’s reliance on average daily weather data did fully capture
the finer temporal dynamics of the cyclone, such as maximum windspeed, gust duration,
or turbulence effects. We made assumptions surrounding the factors not included in
the model, and the impacts of genetics, silvicultural practices, and micro-environmental
variation were not explicitly included. Despite this, the high predictive accuracy of the
developed model does suggest that the key explanatory variables were included, and that
the refinement of existing variables or the inclusion of new variables would not greatly
improve model performance.

Predictions from this empirical model are likely to be most closely linked to the
impacts of Cyclone Gabrielle. However, it is worth noting the high accuracy of the base
model, which did not include cyclone-specific weather variables. In addition, predictions of
damage were not that affected by the inclusion of aspect in the model, which is important
as wind direction, and, therefore, the most affected aspect, is likely to change between
cyclones. The low impact of these cyclone-specific variables strongly suggests that this
model would provide a reasonable indication of likely damage from further cyclones.

We did not include gap metrics in our analysis. A universally recognized key driver
of wind damage is the presence and length of upwind gaps, especially when recently
established [116,117]. The presence of upwind gaps has been found to facilitate the pene-
tration of wind gusts in forest stands, increasing wind loading and therefore windthrow
risk [103]. Identifying upwind gaps from remote sensing data and determining their length
is a complex task, and current efforts in the wind risk modelling community are seeking to
address this and automate the procedure.

During future research, it would be useful to define the volume, biomass, and car-
bon loss from windthrow events such as Cyclone Gabrielle. Although this would require
additional analyses, it would be technically feasible. For instance, previous research has
shown that stem volume can be predicted accurately at regional scales from relatively
simple LiDAR metrics [118]. The application of these equations to sequential LiDAR cap-
tures where windthrow has been delineated could be used to provide estimates of stem
volume losses. These estimates of stem volume in combination with spatial predictions
of wood density—determined from growth predictions and mean annual air tempera-
ture [119,120]—provide inputs for models developed in New Zealand that can predict
radiata pine biomass and carbon [121,122]. This methodology could be applied to sequen-
tial LiDAR captures to predict losses in biomass and carbon for radiata pine.

Further research should use the predictor variables outlined in this study to run
process-based models such as ForestGALES [36,42] and compare the results with the
empirical modelling approach used in this study. The refinements described above should
also be included, where possible, in future modelling, including potentially the use of
more accurate cyclone simulations. Future research should explore the integration of
gap detection techniques derived from remote sensing data to enhance the accuracy and
comprehensiveness of these models. Field measurements should be undertaken at a
smaller scale to provide mechanistic explanations for increased windthrow in trees that
are acclimated to a wind direction different from that of storms. These studies should also
investigate how different radiata pine genotypes influence wind risk to determine the likely
impact of this factor on regional predictions.
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5. Conclusions

Using an extensive regional dataset that combined LiDAR-derived observations of
windthrow from Cyclone Gabrielle with a diverse set of primarily remote sensing-based
predictors, this study developed a highly accurate random forest model to assess wind risk.
The model had an accuracy of 0.835, an F1 score of 0.841, and an AUC of 0.913, identifying
windspeed, exposure, site drainage, stand age, two productivity indices, harvest distance,
aspect, and slope as the most influential factors. Notably, incorporating weather conditions
during the cyclone had minimal impact on model accuracy. Predictions from the model
agreed well with observed windthrow and showed a marked increase in wind risk with
stand age. Atage 30, a larger proportion of currently afforested areas (34.3%) were predicted
to be at greater risk from cyclones than unplanted areas (20.9%). Although the model
performed well for this single cyclone, further validation across multiple storm events is
needed to assess its transferability to varying wind directions and intensities. Nonetheless,
the findings and associated risk maps offer forest planners a practical framework for
evaluating management interventions aimed at enhancing resilience to windthrow. While
the current findings directly inform risk management practices for radiata pine plantations
in New Zealand, the predictive modelling approach and derived insights have broad
international applicability, providing a valuable framework for global forestry sectors
confronting similar storm risks. This study contributes several innovations to the field
of forest disturbance modelling, including the fusion of multi-temporal LiDAR, spatial
predictors, and ensemble machine learning to produce fine-scale windthrow risk surfaces
with practical relevance for forest planning.
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Abbreviations

The following abbreviations are used in this manuscript:

ALS Airborne laser scanning
CHM  Canopy height model
DBH Diameter at breast height
DAP

DSM Digital surface model

ESC Erosion susceptibility class
LiDAR

MTH Mean top height
Appendix A

Digital aerial photogrammetry

Light detection and ranging

Table Al. Variation in LiDAR variables and variables derived from LiDAR metrics for plots with
windthrow and no windthrow. The mean and standard deviation (in brackets) and range are shown
for plots with no windthrow (n = 4719) and windthrow (n = 4994). Also shown are Kruskal-Wallis
ANOVA results, which show the H value followed by the significance category and eta squared (1n?).

Asterisks *** represent significance at p = 0.001; ns is not significant at p = 0.05. Variables were sorted

in descending order of H index for each of the two categories.

No Windthrow Windthrow ANOVA
Label Variable
Mean (SD) Range Mean (SD) Range H Val. n?
LiDAR variables
abv Number of pixels > 2 m 1145 (669) 3.5-6387 1144 (636) 236-5136 0.080 s —9.5x 107
all Total number of points 1409 (742) 355-7192 1433 (754) 387-6312 1.4 42 %1075
cov.gap Cg’izr‘: Zarr;o(ﬁ/y) 10.9 (14.4) 0-99.1 11.4 (9.77) 0-86.8 176 *** 0.0181
Gap in canopy g g ok
dns.gap density > 2 m (%) 20.7 (14.0) 0.078-99.2 21.2 (9.59) 0.35-82.0 113 0.0115
min Minimum height 5.65(4.78)  0.448-25.2 5.95 (4.74) 2.0-25.4 24.8 %% 0.00245
value (m)
max Maximum height 28.9 (11.0) 0.909-53.8 34.4 (8.24) 9.86-54.3 669 *** 0.0688
value (m)
avg Average height value (m) 19.4 (8.43) 0.695-39.9 23.4 (6.7) 5.52-40.4 5471 *** 0.0556
10th percentile of -
p10 helght (m) 12.9(7.14)  0.485-333 15.6 (6.7) 2.34-345 366 0.0375
25th percentile of -
p25 height (m) 16.5 (7.92) 0.531-36.6 20.0 (6.75) 3.14-38.6 455 0.0468
50th percentile of . .
p50 height (m) 20.0 (8.8) 0.596-40.4 24.1(7) 5.45-41.9 541 0.0556
75th percentile of .
p75 height (m) 22.8 (9.54) 0.680-44.6 27.5(7.38) 6.91-45.8 604 0.0621
90th percentile of -
p90 height (m) 249 (10.1) 0.815-48.2 30.0 (7.72) 7.97-49.3 643 0.0661
95th percentile of _ - .
p95 height (m) 26 (10.3) 0.851-49.9 31.3(7.9) 8.52-50.9 656 0.0675
99th percentile of .
p99 height (m) 27.7 (10.7) 0.896-52.3 33.2 (8.15) 9.28-52.9 673 0.0692
skew  Skewness of height values ~ —0.50 (0.54) —2.56-1.22 —0.68 (0.512) —2.9-1.31 279 *** 0.0286
kur Kurtosis of height values 3.67 (1.54) 0.421-14.7 4.07 (1.86) 1.26-19.7 131 *** 0.0134
std.dev Standard deviation, 476 (236)  0.083-15.9 572 (2.2) 1.52-16 532 *** 0.0547
height (m)
LiDAR-derived variables
Aspect Aspect (degrees) 179 (88.4) 4.7-352 168 (98.2) 2.09-358 39.1 *** 0.00392
Slope Slope (degrees) 21.8(7.73)  0.637-49.5 22.6 (8.28) 0.85-50.4 15.6 *** 0.00151
TPI Topographic 0.035(0.59)  —2.52-2.75 —0.082(0.678)  —3.97-333  64.4** 0.00653
position index
TRI Terrain ruggedness index 11 (4.12) 0.386-30.1 11.2 (4.4) 0.528-30 0351 —6.6 X 1072
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No windthrow

Figure Al. (A) Pre-event aerial capture, 2017-2019, and (B) post-event aerial capture, 2023-2024,
showing an area of wind loss. The difference between the pre- and post-event canopy height is shown
in (C), with darker and lighter colours symbolizing a loss and gain in canopy height, respectively.
The derived change polygons are shown in red, with smaller features removed by filtering with an
inverse buffer. Plots with windthrow are yellow. The final model prediction is shown in (D), with the
plots overlain. Regional high-resolution (30 cm) aerial imagery of the region was provided by LINZ,
captured in similar pre- and post-event date windows (2017-2019 and 2023-2024, respectively) to the
LiDAR captures.
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Figure A2. (A) Pre-event aerial capture, 2017-2019, and (B) post-event aerial capture, 2023-2024,
showing an area of wind loss. The difference between the pre- and post-event canopy height is shown
in (C), with darker and lighter colours symbolizing a loss and gain in canopy height, respectively.
The derived change polygons are shown in red, with smaller features removed by filtering with an
inverse buffer. Plots with windthrow are yellow. The final model prediction is shown in (D), with the
plots overlain. Regional high-resolution (30 cm) aerial imagery of the region was provided by LINZ,
captured in similar pre- and post-event date windows (2017-2019 and 2023-2024, respectively) to the
LiDAR captures.
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Figure A3. (A) Pre-event aerial capture, 2017-2019, and (B) post-event aerial capture, 2023-2024,
showing an area of wind loss. The difference between the pre- and post-event canopy height is shown
in (C), with darker and lighter colours symbolizing a loss and gain in canopy height, respectively.
The derived change polygons are shown in red, with smaller features removed by filtering with an
inverse buffer. Plots with windthrow are yellow. The final model prediction is shown in (D), with the
plots overlain. Regional high-resolution (30 cm) aerial imagery of the region was provided by LINZ,
captured in similar pre- and post-event date windows (2017-2019 and 2023-2024, respectively) to the
LiDAR captures.
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Figure A4. Histograms showing the normalized density of important site and stand variables for
plots with windthrow (red) and no windthrow (dark grey). The histograms have been sorted in
descending order of ANOVA n? value (see Table 2) from left to right and top to bottom.

Table A2. Variable importance scores for models 1 and 2. Model 1 included site- and stand-level vari-
ables, mean windspeed in February (Windgp,), and drainage during summer (Draing,,). Variables
are sorted in descending order of variable importance, according to model 1.

Variables Model 1 Model 2
Windgep, 0.154 0.103
WEl 1 m 0.143 0.135

Draing,m 0.106 0.078

Age 0.098 0.084

300 Index 0.097 0.076
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Table A2. Cont.

Variables Model 1 Model 2
Site index 0.090 0.068
Harvest distance 0.087 0.070
Aspect 0.079 0.070
Slope 0.072 0.065
Erosion susceptibility classification 0.034 0.028
Potential rooting depth 0.020 0.015
Recent soil order 0.0082 0.0060
Brown soil order 0.0078 0.0052
Allophanic soil order 0.0031 0.0025
14 February relative humidity 0.078
14 February windspeed 0.060
13 February rainfall 0.056
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