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A B S T R A C T

Characterizing the extent, severity, and persistence of natural disturbances in forests is crucial in areas as large 
and heterogeneous as the Canadian boreal forest. Non-stand replacing (NSR) disturbances, in particular, can 
produce subtle and lagged impacts to forest canopy and structure with mechanisms that remain elusive, and they 
are challenging to discern using typical remote sensing approaches including aerial photointerpretation and 
spectral analysis of satellite imagery. Consequently, there is a need for timely and accurate information on the 
structural modifications due to NSR disturbances to inform proactive forest management practices. To address 
these needs, we leveraged a unique bitemporal airborne laser scanning (ALS) dataset to characterize changes in 
the forest structure caused by eastern spruce budworm (ESB, Choristoneura fumiferana (Clem.)), responsible for 
one of the greatest tree mortality in Canada. A range of infestation severity with varying impacts to forest 
structure are examined in a mixedwood boreal forest in Lac-Saint Jean, Quebec, Canada. We derived 14 ALS 
structural change metrics at 10 m spatial resolution, including height, cover, and gappiness 7 years apart 
(2014–2020). Six distinct structural responses to cumulative ESB infestations severity were identified using 
cluster analysis from the combination of the 14 change metrics, with canopy cover, the 75th and 25th height 
percentiles (p75-25) driving cluster separability. Canopy cover and p25 consistently decreased as cumulative 
infestation severity increased, whereas p75 showed greater variability across the landscape. Photointerpretation 
of aerial imagery over the same period confirmed the validity of the structural characterization. Further, we 
studied the role of initial forest structures in modulating the severity of the infestation and found that sparser 
canopies with cover <65% and shorter trees (p75 < 7.5 m, p25 < 2.5 m) were associated with less severe ESB 
infestations after 7 years, and controlling for underlying environmental factors. These findings showed the po-
tential of bitemporal ALS data in characterizing structural changes due to ESB infestations at fine scale based on 
canopy cover and height, relevant for forest management strategies to better target current and future 
infestations.

1. Introduction

Natural disturbances play a major role in shaping forest dynamics, 
including species successional pathways and shifting dominance (Cohen 
et al., 2016), nutrient cycling and tree growth (Maynard et al., 2014), 
and forest structural complexity development (Turner, 2010). These 
disturbances exhibit idiosyncratic regimes defined by frequency, size, 
severity, and are sensitive to climate change (Seidl et al., 2017). As a 
result, disturbances such as wildfires, insect outbreaks, and windthrows 
manifest across varying spatial and temporal scales, affecting entire 

stands, tree patches, or individual trees. Stand-replacing (SR) distur-
bances are characterized by large and abrupt modifications in the forest 
structure (Turner, 2010). Conversely, small-to-moderate severity 
non-stand replacing (NSR) disturbances exhibit more complex and ad-
ditive ecological responses on the forest structure (Buma, 2015; Klein-
man et al., 2019; Piggott et al., 2015; Turner, 2010). Forest structure is 
the forest’s physical geography, that is the 3-dimensional (3D) distri-
bution and arrangement of trees and other plants over a range of spatial 
scales, and includes characteristics like vertical species stratification, 
canopy continuity and geometry, species patchiness, and age 
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distribution (Seidler and Bawa, 2001).
NSR disturbances including surface fires, insect defoliations, local-

ized windthrows, and droughts may render subtle yet widespread tree 
mortality that is often challenging to observe due to incomplete and 
protracted losses in canopy structural properties across varying spatial 
and temporal scales (Peng et al., 2011). NSR disturbances may reorga-
nize tree spatial arrangements by creating canopy gaps (Hart and 
Kleinman, 2018), alter within-canopy complexity and tree height, and 
result in mixed responses on tree growth (Atkins et al., 2020; Coops 
et al., 2020) depending on the specific disturbance agent involved. One 
such example is eastern spruce budworm (ESB – Choristoneura fumifer-
ana (Clem.)), a native defoliator in eastern North America. It naturally 
inhabits all spruce and fir forests, with balsam fir (Abies balsamea L. 
(Mill)) being particularly vulnerable as primary host species. As in-
festations become more severe, attacks extend to secondary host species 
including white spruce (Picea glauca, (Moench) Voss) and black spruce 
(Picea mariana Mill.) (Bognounou et al., 2017; Nealis and Régnière, 
2004).

Repeated ESB attacks lead to changes in the forest structure and 
composition, as well as understory recruitment by favoring a mixture of 
host and non-host species (e.g. Betula spp.), similarly to gap dynamics 
(Bouchard et al., 2006a, 2006b; Bouchard and Pothier, 2010; Kneeshaw 
et al., 2022). These patterns are influenced by geographic gradients, 
stand characteristics such as species mixtures (Bouchard and Pothier, 
2010), initial stand conditions (Choi et al., 2023), and climate factors 
(Gray, 2008; MacLean, 1984). ESB infestations can reduce canopy cover 
(Bouchard et al., 2006a), impact tree height (Goodbody et al., 2018), 
result in incomplete loss of foliage (Virgin and MacLean, 2017), and 
present varying degree of spatial aggregation depending on the severity 
of the infestation, with more severe infestations showing a more clum-
ped organizations within a matrix of lighter infestations (Bouchard and 
Pothier, 2010). Moreover, the transition from endemic to epidemic 
population density has been attributed to complex within and between 
population dynamics; however, the persistence of endemic populations 
has highlighted the susceptibility of any spruce-fir forest to ESB popu-
lation escalation to an epidemic level (Mattson et al., 1988). Conse-
quently, currently undisturbed areas simply have not yet developed 
environmental and biological conditions favorable for ESB population 
growth to reach epidemic levels (Mattson et al., 1988).

Traditionally, our understanding of ESB infestations come from 
dendrochronological data and aerial surveys which are periodically 
interpreted, along with field records to validate the accuracy of the 
interpretation (Goodbody et al., 2018). Photointerpretation results in 
the delineation of defoliation classes including severe, intermediate, and 
light (Goodbody et al., 2018; Ministère des Ressources naturelles et des 
Forêts, 2023a). However, the distribution and size of the attacks may be 
approximate, the interpretation of the aerial photos may potentially 
provide limited temporal and spatial information on disturbance dis-
tribution (Lepš and Hadincová, 1992; Lunetta et al., 1991; Thompson 
et al., 2007), and they are more inclined to capture larger scale distur-
bances across broad areas. These limitations make detection and char-
acterization or light and intermediate attacks challenging, especially at 
fine scale (Coops et al., 2020).

There has been growing attention to the use of multi-source remote 
sensing tools for insect disturbance characterization at broad and fine 
scales (Achim et al., 2022; Coops et al., 2023; Senf et al., 2017; Trum-
bore et al., 2015). In particular, the widespread adoption of lidar tech-
nologies such aerial laser scanning systems (ALS) has expanded the 
availability of 3D data capturing the spatial and temporal distribution of 
forest structural attributes (i.e. point cloud), with higher accuracies 
compared to traditional approaches based on field measurements. The 
increasing availability of bitemporal and multitemporal ALS point 
clouds allows for wall-to-wall, fine-scale structural change character-
ization by leveraging small acquisition footprints and high number of 
returns for discrete sensors, thereby offering additional insights into 
structural alterations resulting from insect attacks of varying severity. 

For instance, Choi et al. (2023) investigated the impact of insect attacks, 
along with other NSR disturbances such as diseases small wildfires, on 
changes in the forest structure using multitemporal ALS data. Their re-
sults revealed that structural responses were contingent upon the spe-
cific disturbance agent, time since disturbance, initial canopy 
complexity, and the structural attribute under analysis derived from ALS 
(hereafter ALS metrics). Tompalski et al. (2021) synthesized numerous 
studies that adopted multitemporal ALS datasets for change detection in 
forestry, demonstrating the feasibility of ALS in characterizing changes 
in forest attributes at varying spatial and temporal scales under different 
forest types.

However, few studies have examined changes in forest structural 
attributes as derived from ALS due to ESB infestations in a sensitive 
ecosystem such as the eastern Canadian mixed boreal forest. Repeated 
ALS acquisitions in these regions are rare and present challenges. As a 
result of rapid technological advancements, ALS sensors are designed 
with differing specifications in terms of point density, pulse frequency, 
scanning angle, type (e.g. single photon lidar), and varying vertical and 
horizontal accuracy (White et al., 2016). Consequently, data harmoni-
zation across acquisitions may be necessary to minimize inconsistencies, 
ensuring that detected change represents true change and not systematic 
data differences (Lague et al., 2013; Riofrío et al., 2022), for example 
resulting from georeferencing errors (Zhang and Shen, 2013). Common 
approaches for data harmonization include pairwise point cloud regis-
tration, density thinning, and normalization using the same digital 
terrain model (DTM). Mathematical frameworks have been proposed to 
remove bias attributable to variation in point density, footprint size and 
beam incidence angle (Roussel et al., 2017, 2018) and studies reported 
statistically significant differences in tree height increment estimates for 
tree growth modeling purposes between harmonized and 
non-harmonized data (Riofrío et al., 2022). Following harmonization, 
change detection and characterization may be performed directly on the 
point cloud (Kharroubi et al., 2022; Lague et al., 2013; Xu et al., 2015). 
These approaches are sensitive to variations in intra- and inter-cloud 
point density and distribution and may be more challenging to apply 
in a forestry context due to the naturally high variability in the forest 
structures over time and varying scanning positions along flightlines for 
airborne lidar systems. Alternatively, raster differencing entails the 
repeated rasterizations of ALS metrics from point clouds, such as height, 
canopy cover, or eigen-based metrics describing canopy shape (Lucas 
et al., 2019), which are subtracted over time. This approach is particu-
larly suitable in a forestry context where inherent differences in point 
clouds over time are expected, and consists of regularizing 3D point 
cloud information onto a 2-dimensional (2D) grid. Raster differencing 
reduces the change detection error associated with systematic and 
random changes in point distribution over time and simplifies change 
characterization and interpretation by comparing changes at the pixel 
level instead of relying on point data (Choi et al., 2023; Marinelli et al., 
2018; Vastaranta et al., 2013).

In this study, we focused on the characterization of structural 
changes resulting from extensive ESB infestations of varying severity 
given the availability of a bitemporal ALS dataset in the mixed boreal 
forests of Lac Saint-Jean (LSJ), Quebec, Canada acquired 7 years apart 
(2014–2020). Since ESB infestations mostly result in foliage changes in 
the early stages of an attack, which are expected to negatively affect tree 
growth and biomass by influencing tree height, canopy cover, leaf area, 
and canopy shape, our characterization of structural changes largely 
pertained to changes in these biomass-related structural attributes. In 
particular, our objective was twofold. First, we characterized these 
structural changes using a raster differencing approach and cluster 
analysis on a number of ALS metrics suited for describing the subtle 
impact of insect infestations (Atkins et al., 2020; Bouchard and Pothier, 
2010), and we validated the results via photointerpretation. Second, we 
investigated the role of initial forest structures in modulating the 
severity of ESB infestations. We described this modulating effect as 
forest structures typified by lower infestation severity at the end of the 
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analyzed period. To do so, we compared initial structures that resulted 
in low versus high infestation severity while controlling for local envi-
ronmental conditions.

2. Study area and data

2.1. Study area description

The study was conducted in Lac Saint-Jean, Quebec, Canada (Fig. 1), 
a boreal mixedwood forested region extending over approximately 
20,355 km2. It encompasses two bioclimatic domains. The Balsam Fir – 
Yellow Birch (Abies balsamea (L.) Mill. – Betula alleghaniensis Britt.) 
domain and the Spruce – Feathermoss domain. The Balsam Fir – Yellow 
Birch domain presents a mixed stand composition of balsam fir, yellow 
birch, Eastern cedar (Thuja occidentalis L.), and white spruce. The 
Spruce – Feathermoss domain extends to the northernmost part of LSJ, 
with forest land mostly dominated by balsam fir and black spruce, along 
with hardwood species such as trembling aspen (Populus tremuloides 
Michx.) and white birch (Betula papyrifera Marshall). Forest types cover 
an area of approximately 11,500 km2 of conifers, 1800 km2 of 

mixedwood species, and 400 km2 of deciduous according to the pro-
vincial forest resource inventory (FRI). LSJ is surrounded by the Lau-
rentian highlands and is located between approximately 60 m and 215 m 
above the surface of the southern lowland (Clibbon and Bergeron, 
1962).

Historical climate data indicates a mean annual temperature of 
− 0.8 ◦C (− 17.4 ◦C – 13.8 ◦C) and mean annual precipitation of 928 mm. 
Climate projections produced using ClimateNA (Wang et al., 2016) show 
a likely increase of 23% in precipitation, as well as an increase in min-
imum temperature of +5.9 ◦C and maximum temperature of 4.7 ◦C by 
the end of the century. These values are averaged across all four shared 
socioeconomic pathway scenarios of a 13 general circulation model 
ensemble (Wotherspoon et al., 2022, 2024).

2.2. Data sources

To characterize changes in the forest structure associated to ESB 
infestations and understand how initial forest structure modulate the 
severity of ESB infestations, we utilized three data sources: (i) Landsat 
time series for SR disturbances masking, (ii) FRI data which contain 

Fig. 1. Map of Lac Saint-Jean, Quebec, Canada. In the inset, black polygons demarcate Canadian provincial boundaries.
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photointerpreted information on disturbance type, distribution, and 
year of occurrence, and (iii) a bitemporal ALS dataset consisting of two 
acquisitions in 2014 and 2020, all of which are described below.

2.2.1. Disturbance mapping
We utilized the National Terrestrial Ecosystem Monitoring System 

(NTEMS), which provides a Canada-wide inventory database built from 
Landsat time series to detect changes in spectral reflectance and char-
acterize annual disturbances at a 30 m spatial resolution (White et al., 
2014) based on the Composite2Change approach (Hermosilla et al., 

2015). In particular, best available pixel images are produced from 
Landsat time series using a set of preprocessing functions such as at-
mospheric correction and cloud masking (White et al., 2014) and a 
breakpoint detection algorithm (Keogh et al., 2001) detects changes in 
the Normalized Burn Ratio (Key and Benson, 2006) to characterize 
disturbances. These annual disturbance layers were used to mask SR fire 
occurrences (high and low confidence) from 2014 to 2020 and har-
vesting (high and low confidence) from 1999 to 2020, according to 
NTEMS nomenclature (Hermosilla et al., 2015).

The second data source we utilized was the provincial FRI from the 

Fig. 2. Map of the distribution of disturbance severity categories as reported by the provincial FRI in the form of polygon layers between 2014 and 2020. Light ESB 
infestations indicate that the upper 1/3 canopy of few trees is defoliated within a given interpreted polygon. Intermediate indicates upper 1/2 canopy of many trees is 
defoliated. Severe indicates full canopy defoliation of many trees. NSR fires indicate between 25% and 75% tree removal. SR fire indicates full tree removal.
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Quebec Ministère des Ressources naturelles et des Forêts, which pro-
vides more granular disturbance information than NTEMS, allowing us 
to distinguish varying ESB infestation severity. The provincial FRI 
compiles annual occurrences of forest disturbances and interventions, 
including harvesting and planting in the form of vector layers at a 
minimum mapping unit (MMU) of 0.1 ha. The FRI uses a combination of 
interpreted aerial photos, satellite imagery, and annual reports, whereas 
other inventory information are updated at 10-year cycles through 
photointerpretation and sampling plots. The major disturbances mapped 
in the FRI include, ordered by area, ESB outbreaks, wildfires, diseases, 
windthrows, and frost damages. In particular, wildfires and ESB out-
breaks are further categorized based on the disturbance extent and 
severity (Fig. 2). The total area affected by SR and NSR wildfires from 
2014 to 2020 amounted to approximately 20,000 ha and 30,000 ha, 
respectively (Ministère des Ressources naturelles et des Forêts, 2023b), 
while ESB defoliations amounted to approximately 2.55 million ha 
(Ministère des Ressources naturelles et des Forêts, 2023a).

A cumulative severity map integrating annual disturbance informa-
tion from 2014 to 2020 was developed by first rasterizing the annual 
vector layers of ESB infestations from the provincial FRI to 10 m with 
each severity class labelled as 1–3 and then summing the annual 
disturbance raster products. Harvesting and planting activities were 
masked as were roads and water bodies with a 20 m buffer using 
downsampled NTEMS to 10 m and provincial layers. Upon masking, 
only areas infested by cumulative ESB infestations remained. Lastly, 
isolated cumulative severity pixels were removed using a MMU of 1 ha 
and a perimeter-area ratio of 0.5 filters.

2.2.2. Aerial laser scanning dataset
We obtained two discrete return ALS acquisitions in 2014 and 2020 

in the southernmost portion of the LSJ region over an area of approxi-
mately 2893 km2. Table 1 details the acquisition specifications for the 
two datasets. The 2014 acquisition was scanned between June 22nd and 
September 27th with an Optech ALTM Gemini at 1200 m above ground 
level (AGL) with an effective average point density of 3.4 points m− 2. 

The 2020 Riegl VQ-1560i acquisition was scanned at 1600 m AGL be-
tween August, 14th and September 25th and had an effective point 
density of 13.6 points m− 2.

3. Methods

The methodology applied in this research is summarized in Fig. 3 and 
described in detail in the following sections.

3.1. Aerial laser scanning data processing

3.1.1. Georeferencing
Point cloud data is subject to georeferencing errors due to geomet-

rical distortions associated with the coordinate reference systems used 
(Zhang and Shen, 2013), inaccurate system calibration, and measure-
ment errors of the laser itself (White et al., 2013). Therefore, it is 
important to verify the correct registration of overlapping point clouds 
to perform accurate change detection and characterization. To do so, the 

point clouds were first harmonized by applying the same coordinate 
scale and offset to match the lower precision acquisition in 2014 and 
projecting both datasets to a common coordinate reference system 
(EPSG:2949). Point cloud vertical and horizontal registration, as well as 
classification, were performed by the data providers. However, we 
checked the quality of the registration using an iterative closest point 
algorithm (Besl and McKay, 1992) on 1000 tiles covered by the road 
network, and we randomly sampled 100,000 ground points on the roads 
for each tile. The use of ground returns on the road network allowed us 
to remove the effect of canopy cover from the results of the registration. 
We observed marginal vertical and horizontal offsets between the two 
point clouds with a root mean square error (RMSE) of 8.5 ± 7 cm for the 
vertical alignment, 10.2 ± 4 cm for the horizontal alignment along the x 
axis, and 10.8 ± 4.8 cm along the y axis.

3.1.2. Normalization
Point cloud normalization is fundamental to remove the effect of 

topography from change detection and characterization. Prior to 
normalization, we removed duplicate points with identical GPS loca-
tions along the x, y, and z axes due to flight line overlaps and multi- 
return sensors used (Isenburg, 2024). Noise points in clusters of 10 or 
fewer within a 3 m voxel were also filtered using a distance-based noise 
filtering algorithm (Isenburg, 2024). Point cloud normalization was 
conducted using a DTM generated from the higher-density 2020 ALS 
acquisition via a Triangulated Irregular Network interpolation (TIN) at a 
1 m spatial resolution. A TIN algorithm was selected for its robust terrain 
approximation capabilities with buffered ALS tiles to avoid edge arti-
facts and high processing speed even with large data volumes. Flight line 
overlaps were removed after normalization at a 0.5 m step. All ALS 
processing steps were carried out via a combination of LAStools 
(Isenburg, 2024) and lidR (Roussel et al., 2020).

3.2. Metrics extraction and quantification of change

We computed 14 ALS metrics rasterized at 10 m spatial resolution for 
both point clouds with a MMU of 500 m2, which were then subtracted 
over time (t2 – t1) (hereafter delta metrics) (Table 2). Collinearity 
analysis of the delta metrics revealed no correlation using a Pearson’s 
correlation coefficient of 0.8, which is considered to be indicative of 
very strong correlations in various disciplines (Akoglu, 2018). The delta 
metrics were estimated under disturbed conditions only as the focus is 
on the characterization of structural changes resulting from ESB in-
festations. The delta metric selection was cognizant of the expected 
variations in the forest structure caused by ESB attacks, typified by 
variations in mid-to-upper tree height, canopy cover, canopy perme-
ability, and canopy structural complexity (Atkins et al., 2020). For 
instance, it is expected that insect defoliations target the mid-upper 
canopy, decrease canopy cover and increases light penetration 
depending on the severity and time since the attack (Bouchard and 
Pothier, 2010). In summary, the 14 selected delta metrics can be divided 
into three categories. The first category includes changes in height 
metrics as height percentiles and cumulative height. Tree top informa-
tion were excluded as they are not expected to vary significantly as a 
direct result of ESB attacks. The second category includes changes in 
canopy metrics such as canopy cover above 2 m (White et al., 2013), gap 
fraction at 5 m as a measure of light penetration, and LAI above 2 m 
(Bouvier et al., 2015). These metrics capture canopy permeability and 
light reception useful to describe insect defoliations (Bouchard and 
Pothier, 2010). The selection of the height cut-off thresholds allowed us 
to exclude the effect of ground and below-canopy returns in the char-
acterization of structural changes (White et al., 2013). In particular, we 
experimented with the gap fraction profile threshold and selected a 5 m 
cut-off value corresponding to the height at which we could capture the 
greatest pixel-level variability in light penetrability across the study 
area. Ultimately, experimenting with height thresholds would permit to 
better capture a larger portion of variability in site conditions and derive 

Table 1 
Summary of the bitemporal ALS acquisition specifications.

Specifications ALS – 2014 ALS – 2020

Sensor type Optech ALTM Gemini Riegl VQ-1560i
Pulse repetition frequency 100 kHz 700 kHz
Scan angle ±15◦ ±20◦

Wavelength 1064 nm 1550 nm
Average flight altitude (AGL) 1200 m 1600 m
Nominal average point density 2.3 points m− 2 2.5 points m− 2

Effective average point density 3.4 points m− 2 13.6 points m− 2

Spatial extent 11,230 km2 3401 km2

Overlapping area 2916 km2

T. Trotto et al.                                                                                                                                                                                                                                   Science of Remote Sensing 10 (2024) 100160 

5 



more representative structural metrics (Nyström et al., 2012; White 
et al., 2013). The third category are changes in eigen-based metrics 
calculated from covariance matrix eigendecomposition of the point 
cloud within a pixel (Lucas et al., 2019). Eigendecomposition refers to 
the factorization of a matrix into eigenvalues and eigenvectors which 
may be used to describe the spatial configuration of ALS returns (Lucas 
et al., 2019). In this study, the local structure tensor, defined by the x, y, 
and z coordinates of points within a pixel was used to build a covariance 
matrix and rank the three corresponding eigenvalues (λ1 > λ2 > λ3) for 

all points above 2 m. The magnitude of the eigenvalues describes the 
variance of points along perpendicular eigenvectors. Hence, they are 
informative in that they can detect 3D shapes or estimate temporal 
changes in spatial configuration of points (Hackel et al., 2016; Lucas 
et al., 2019; Mezey and Houle, 2003; Milocco and Salazar-Ciudad, 2022; 
Steppan et al., 2002). Previous studies have addressed the use of 
eigen-based features for the segmentation of linear and regular features 
at sub-meter level (Hackel et al., 2016; Lucas et al., 2019). However, 
these studies have mostly worked with well-defined geometries or aimed 
to segment features into broad categories (e.g. vegetation/non vegeta-
tion). We opted for a larger point neighborhood to better capture 
changes in the spatial configuration of small groups of trees that would 
otherwise be more challenging to observe in sub-meter neighborhoods, 
and evaluate if sacrificing these small-scale variations may still offer 
novel insights into structural changes related to ESB infestations.

3.3. Structural change characterization

We applied a two-stage clustering approach consisting of an initial 
kmeans pass (Lloyd, 1982; MacQueen, 1967) to partition the 14 delta 
metrics into 100 pre-clusters, followed by multivariate agglomerative 
clustering (Murtagh and Contreras, 2012). Multivariate agglomerative 
clustering is one of the most commonly used methods to derive clusters 
representing ecological regionalizations (Snelder et al., 2010) and has 
been successfully applied in previous literature exploring cluster anal-
ysis on metrics of ecological importance (Coops et al., 2009, 2020; Guo 
et al., 2017; Hargrove and Hoffman, 2004). Furthermore, delta metrics 
were scaled to their 5–95 interquartile range and median-centered to 
provide a more robust standardization measure to data outliers. To 
remove multivariate noise, a Principal Component Analysis (Jolliggr, 

Fig. 3. Illustration of the methodological flow of the study.

Table 2 
Overview of the ALS metrics extracted in this study.

Category Notation Definition

Height p25 – 50–75 
(m)

25th – 50th – 75th height percentile

pcum40 – 60 
(%)

Cumulative height at p40 – 60

Canopy Cover (%) Canopy cover above 2 m (z) using all returns (R) 
Rz/Rtot × 100

Gap Gap fraction profile at 5 m (z) at 1 m intervals (dz)a 
∑n

i=0
R[0;z] /

(
Rtot − R[0;z+dz]

)

LAI LAI above 2 m with extinction coefficient (k) of 0.5 a 
∑n

i=0
− log (Gapi)/k

Eigen λ1, 3 Largest and smallest eigenvalues
Eccentricity Eccentricity of the covariance matrixc log(λ1 /λ2)

Planarity Plane-like shape of a point groupc 
(λ2 − λ3)/λ1

Sphericity Sphere-like shape of a point groupc λ3/λ1

Anisotropy Variance spread between eigenvectors for a point 
groupc (λ3 − λ1)/λ3

a(Bouvier et al., 2015), b(Mallet et al., 2011), c(West et al., 2004)
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2002) with three components explaining 99% of variance was fit to the 
data. We observed that 99.8% of data was within the interquartile range 
of both principal components and we removed observations that were 
outside that range.

The kmeans pre-clusters were initialized 1000 times with a 
kmeans++ initializer (Arthur and Vassilvitskii, 2007) and the multi-
variate agglomerative clustering with a Ward’s linkage function (Ward, 
1963) was run on the pre-clusters to focus on a smaller number of 
numerically-representative and hierarchically-organized response pat-
terns. A logical dendrogram cut-off at a 30% scaled distance resulted in a 
final selection of 6 clusters. The Manhattan distance was selected for 
clustering because it is more robust in higher dimensional spaces where 
other distance metrics (e.g. Euclidean) become less informative due to 
sparser data distribution (Aggarwal et al., 2001). To address residual 
variability in the resulting clusters, a 3 × 3 modal filter was applied to 
retain only the majority cluster. A fraction of cluster regions smaller 
than 500 m2 were either merged with neighboring cluster or removed if 
isolated.

Cluster separability in relation to the delta metrics and cumulative 
disturbance severity was assessed using a Kruskal-Wallis rank sum test 
(Acar and Sun, 2013) and a two-sided Dunn’s post-hoc multiple pairwise 
comparison test (Dunn, 1964) with a Sidak correction to control for 
error among multiple comparisons (Sidak, 1967) on a randomly shuffled 
data subsample of 5000 pixels per cluster, similarly to previous research 
conducting cluster analysis on variables of ecological importance (Guo 
et al., 2017; Smith-Tripp et al., 2024). To further examine clustering 
separability based on the delta metrics and assess variable importance 
from a modeling perspective (Guo et al., 2017), a random forest classi-
fier (Breiman, 2001) was trained and tuned with a 70-30 split and a 
5-fold cross-validation based on the area under the receiver operating 
characteristic curve (ROC AUC) (Bradley, 1997) on the same subsample. 
In particular, this step allowed us to treat a subset of the clustered data as 
truth and compare it to the remaining data points in the subsample after 
the split, similarly to the methodology proposed by Guo et al. (2017). 
Parameter tuning was run via a random search in a parameter space of 
20,000 elements. In conclusion, a permutation feature importance 
routine was run on the random forest classifier to determine feature 
importance with 1000 shuffles based on ROC AUC scores. The cluster 
analysis was conducted in Python environment.

3.4. Validation of clustered data

To validate our structural change characterization, we looked at how 
well clusters representing varying cumulative severity matched the 
severity of ESB attacks on the ground. To do so, we used two available 
aerial imagery acquired by the Ministère des Ressources naturelles et des 
Forêts of Quebec in 2012 and 2020 at 20 cm and 30 cm spatial resolu-
tion, respectively. The aerial imagery were interpreted by an indepen-
dent trained photointerpreter across a network of 415 randomly 
stratified locations based on the final clusters using sgsR (Goodbody 
et al., 2023). Plot design consisted of two overlapping squared polygons 
at 100 m2 and 900 m2 to capture multiscale variability in forest struc-
tural attributes and remove spatial autocorrelation by sampling at a 
minimum distance of 500 m. The interpretation evaluated the amount of 
decoloration, defoliation, and gaps in both imagery by assigning an in-
cremental value from 0 (no impact) to 5 (high impact) for each indica-
tor. Ultimately, higher severity clusters are expected to match higher 
levels of defoliation, decoloration, and gaps on the ground as in-
festations become more severe over time. However, gaps are not ex-
pected to vary as much due to more localized gap-scale mortality 
dynamics (Bouchard et al., 2006a; Bouchard and Pothier, 2010; D’Aoust 
et al., 2004).

3.5. Initial forest structure and infestation severity

To understand the role of initial forest structures in modulating the 

severity of the infestation, we compared forest structures that lead to 
lower infestation severity to structures that lead to higher infestation 
severity. The comparison was stratified by areas experiencing similar 
local environmental conditions (hereafter domains). The use of domains 
allowed us to disentangle the effect of top-down control factors such as 
climate, elevation, and forest type from the comparison. Domains were 
extracted at a 10 m resolution using a kmeans classification with 4 
arbitrary clusters on the basis of climate normals between 2000 and 
2020 for mean annual temperature and precipitation (Wang et al., 
2016), elevation as derived from the 2020 DTM, stand-level site index at 
50 years from the FRI, and stand-level forest type (conifer, mixedwood) 
from the FRI.

The separate distributions of each ALS metrics were extracted for 
each cluster and compared across all cluster pairs under each domain. 
For example, canopy cover values were extracted for each cluster that 
belonged to the same domain, and pairwise comparison were conducted 
among those clusters. This was done separately for each domain. Com-
parisons were conducted using a Kruskal-Wallis test (Acar and Sun, 
2013) on a randomly selected subset of 1000 pixels per cluster. In 
particular, we considered that a statistically significant differences be-
tween a low and high severity cluster comparison would signify that the 
compared structural attribute (e.g. canopy cover) had a role in modu-
lating the severity of the infestation under that specific domain.

4. Results

Structural changes due to ESB were characterized broadly, with 
spatial aggregations observed throughout the region for clusters repre-
senting low and high cumulative severity. The mapped location of the 
clusters is shown in Fig. 4. Cluster 1 represented the lowest cumulative 
severity and was predominant in southern LSJ extending for some 1000 
ha. Clusters 2 and 4 were mostly present in southern regions covering 
the approximately 22,000 ha and 14,500 ha, respectively and repre-
sented areas with low cumulative severity. Cluster 3 representing in-
termediate cumulative severity had a widespread distribution and 
covered the largest extent of 85,000 ha. Clusters 5 and 6 captured high 
cumulative severity and presented spatial aggregations in the north-
ernmost part of LSJ, as well as south-eastern regions. These clusters were 
small in extent each covering approximately 2000 ha. Low severity 
clusters mostly occurred under conifer forests, whereas mid-to-high 
severity clusters 4–6 were mostly located under mixed forests. Fig. 5
illustrates the distribution of the clusters in relation to cumulative 
disturbance severity. The statistical tests ran to check overall and pair-
wise cluster separability returned significant differences (p-value 
<0.001) for both the Kruskal-Wallis and Dunn’s tests.

4.1. Structural change characterization

The structural changes associated with the clusters returned statis-
tical significance for all ALS metrics (p-value <0.001) based on a 
Kruskal-Wallis followed by a Dunn’s post-hoc test. Non-significant sta-
tistical differences were observed for only 5 pairwise comparisons out of 
209 (2.4%, p-value ≥0.05) (Fig. 6). Non-significant pairwise compari-
sons occurred mostly between clusters 3 and 4 for the delta largest and 
smallest eigenvalues, and sphericity. Canopy cover decreased as cumu-
lative severity increased in clusters 4–6 (− 15%, − 12%, − 6%). Likewise, 
LAI decreased by approximately 0.5–1 within the same clusters. Gap 
fraction at 5 m had the largest increase in cluster 6 (+4%) given the loss 
in canopy cover, followed by cluster 5 (+3%), while it reduced by 5% in 
cluster 1. Sphericity and anisotropy increased in clusters 1 and 6, 
whereas decreased from clusters 2–6. We observed growth in upper 
canopy strata represented by p75 across all clusters, particularly cluster 
1, of 0.6 m on average, yet the growth reduces as cumulative severity 
increases. Conversely, p25 and p50 decreased as cumulative severity 
increased. Delta p25 decreased by 1.5 m in cluster 6, while changes in 
p50 were smaller and increased by 1.5 m in cluster 1. Cumulative height 
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at p40 and p60 decreased in low severity clusters 1 and 2, while 
increased as cumulative severity increased, up to +15% for p40 under 
cluster 5.

4.2. Cluster separability assessment

We found that the three most important features for the identifica-
tion of the 6 clusters based on cumulative severity were the canopy 
cover, p75, and p25, with a scaled importance of 100%, 74%, and 66% 
(Fig. A1). It follows the largest eigenvalue with a scaled importance of 
59%. Canopy cover showed a distinct response pattern to increasing 
cumulative disturbance severity, whereas we observed smaller changes 
in p75 and greater changes in p25 across all clusters.

The confusion matrix of the random forest model used to assess 
cluster separability and extract variable importance from a modeling 
perspective is reported in Table A1 and illustrated in Fig. A2. Recall and 

precision are also reported. Recall indicates the proportion of correctly 
assigned pixels out of the number of pixels that belong to the positive 
class. Precision indicates the proportion of correctly assigned pixels out 
of the total number of pixels labelled as belonging to the positive class. 
The first most importance source of confusion was between clusters 4 
and 5, because they characterize areas with similar cumulative severity 
levels and have small extents compared to the other clusters. Confusion 
was also noticed between clusters 3 and 2 for similar reasons. Cluster 1 
was the cluster best separated by the random forest classifier followed by 
clusters 6 and 5.

4.3. Photointerpretation of structural clusters

The aerial photointerpretation conducted at a 100 m2 plot size to 
validate the structural characteristics of the six clusters revealed no 
change in any indicator for cluster 1, representing the lowest cumulative 

Fig. 4. Wall-to-wall distribution of the six structural clusters derived from the bitemporal ALS acquisition (2014–2020) available in the LSJ region, with a detailed 
view on A and B for better visualization.
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severity. Clusters 2 had a small increase of 0.5 points in decoloration, 
while defoliation and gaps remained unaltered. Decoloration, defolia-
tion, and gaps continuously increased in clusters representing higher 
cumulative severity, with cluster 6 having the greatest change in 
decoloration and defoliation (+2 points, +1 point). Gaps remained 
relatively stable over time compared to the other indicators. Denser 
canopies were observed more frequently in high severity clusters than 
lower severity clusters. Similar findings were observed for the 900 m2 

plots. In general, smaller changes in defoliation and gaps were found in 
each cluster compared to decoloration. Results of the interpretation for 
the 100 m2 plots, along with the relative change of the three most 
important structural metrics are shown in Fig. 7. In conclusion, the 
unique cumulative severity, structural, and photointerpreted charac-
teristics associated to each cluster are summarized in Table 3.

4.4. Assessment of initial forest structures

The four domains used to assess the role of initial forest structures in 
modulating the severity of the infestation are shown in Fig. 8. Within 
each domain, low and high cumulative severity clusters, represented by 
clusters 1 and 2, and 5 and 6, respectively, had significantly different 
distributions (p-value ≤0.05) for all three structural metrics (Fig. 9). 
Clusters 1–3 were characterized by an average canopy cover lower than 
65% under domains at lower elevation with warmer and dryer climates. 
Conversely, clusters 5–7 had initial canopy cover higher than 75% 
across all domains. Tree height at p75 was shorter for low severity 
clusters with an average of 3.7 m for cluster 1 and 7.5 m for cluster 2, 
and taller for high severity clusters at 10.2 m for cluster 5 and 6.6 m for 
cluster 6, across domains. The value of p25 was lower for clusters 1–3 
under domains 2 and 4 with an average of about 1 m compared to 2.3 m 
for the same clusters under domains 1 and 3. High severity clusters were 
characterized by an average p25 of 4.5 m across domains.

5. Discussion

Characterizing disturbance events is essential for forest management 
practices focused on topics such as reporting forest change (White et al., 
2017), shifts in forest dynamics towards alternate or novel states 
(Seastedt et al., 2008), carbon sequestration, or sustainability. While SR 
disturbances have been previously detected and attributed in Canadian 

forests (Hermosilla et al., 2015), NSR disturbance are more challenging 
to characterize, and the mechanisms involved in influencing the forest 
structure remain elusive (Kneeshaw et al., 2021). In particular, changes 
resulting from ESB attacks impact the forest structure in more subtle 
ways than other disturbances such as wildfires. Recognizing these limits, 
we took an exploratory and data-driven approach, whereby we char-
acterized changes in the forest structure associated to ESB attacks based 
on changes in a bitemporal ALS dataset. This paper offers new insights 
into ESB infestation dynamics by synthesizing the changes in structural 
characteristics associated to attacks of varying severity and assessing the 
role of initial structures in modulating the severity of the infestation.

5.1. Initial forest structures modulate infestation severity

Canopy cover, p75, and p25 were the three most important metrics 
in separating the clusters and revealed a consistent response pattern to 
increasing infestation severity. In particular, canopy cover was the most 
important structural metric to characterize ESB attacks, in line with 
previous research (Bouchard et al., 2006a; Bouchard and Pothier, 2010; 
D’Aoust et al., 2004). Canopy cover and tree height are some of the most 
readily observable metrics from lidar. Consequently, it is logical that 
these metrics were the most sensitive to separating the clusters. These 
are also directly interpretable metrics of change, making them suitable 
indicators for inclusion in silvicultural strategies aimed at NSR distur-
bance management (Senf et al., 2017).

We evaluated these metrics at the beginning of the ALS acquisition 
period to assess which structures had the greatest role in modulating ESB 
infestation severity. We observed that the initial canopy cover, associ-
ated to larger canopy gaps, was lower in low severity clusters with an 
average < 65% across all domains compared to denser higher severity 
clusters above 75%. The distribution of cover values in clusters 1–3 was 
also significantly different to the distributions in clusters 4–6 for all 
domains. The association between initial lower canopy cover and higher 
canopy openness promotes more vigorous crowns which, in turn, result 
in a lower susceptibility to ESB infestations (Kneeshaw et al., 2021; 
Virgin and MacLean, 2017). Therefore, we suggest that the lower in-
festations severity at the end of the analyzed period is a joint result of an 
initial lower canopy cover and larger gaps which promoted more 
vigorous, less susceptible trees, irrespective of the domain. Similarly, 
p75 and p25 were shorter for clusters 1–3 than higher severity clusters 
4–6 across all domains. Smaller differences were observed for p75 than 
p25, especially for clusters 2–5 under domains 1 and 3. These were 
domains that occurred in southern areas and underwent severe in-
festations only before 2016. They were also characterized by higher 
elevation above 400 m, mean annual precipitation above 975 mm, lower 
mean annual temperature below 1 ◦C, and the lowest site index below 
14 m at 50 years. There, the structural influence on infestation severity 
seemed to be less a result of lower tree height at p75. Hence, a lower 
infestation severity in these clusters may be partially driven by envi-
ronmental conditions less favorable for the infestation, rather than dif-
ferences in forest structures (Robert et al., 2018; Royama, 1984). In 
domains where conditions were not as limiting for outbreaks to occur, 
shorter trees at p75 suggest lower ESB infestation severity. Distribution 
of p25 values indicate that, irrespective of the domain, shorter canopies 
at p25 rendered lesser severe infestations for similar reasons highlighted 
for canopy cover and p75.

In summary, we have observed that, where environmental condi-
tions were not limiting for an infestation to outbreak, sparser canopies 
with low initial canopy cover and shorter trees measured p75 and p25 
rendered less severe ESB infestations. In particular, the lowest infesta-
tion severity was achieved with canopy cover <65%, p75 < 2.5 m, and 
p25 < 7.5 m. Instead, the highest infestation severity was achieved with 
canopy cover >75%, p75 > 10 m, and p25 > 4.5 m. These results 
indicate the importance of initial canopy cover and tree height in 
modulating infestation severity, and provide further evidence that more 
open stands show lower susceptibility to ESB infestations (Kneeshaw 

Fig. 5. Distribution of cumulative disturbance severity values, obtained by 
summing annual ESB severity classes between 2014 and 2020, at the beginning 
(2014, left) and end (2020, right) of the analyzed period in relation to the six 
structural clusters derived from the bitemporal ALS acquisition. The total area 
occupied by cluster is reported in the top panel. Clusters are ordered by 
increasing mean cumulative severity.
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et al., 2021; Virgin and MacLean, 2017).

5.2. Forest structural changes are driven by canopy cover and height

Our structural change characterization was subject to a four-fold 
increase in point density from the first to the last ALS acquisition. Var-
iations in points density over time may affect a correct change charac-
terization if the metrics used for the characterization show great 
sensitivity to varying densities. To alleviate this issue, we used a raster 
differencing approach combined with a two-stage cluster analysis. We 
found that this approach was effective at characterizing changes asso-
ciated to ESB infestations at fine scale despite variations in point den-
sities between ALS acquisitions. Moreover, canopy cover estimates at 
high point densities have shown to be comparable to estimates derived 
at lower densities of around 1 point m− 2 (Ma et al., 2017). Conversely, 
height derivations are more sensitive to variations in point density. 
Therefore, we avoided tree top estimations in favor of mid-to-upper tree 
height estimates, which are expected to be as well representative of 
structural changes associated to ESB attacks (Atkins et al., 2020).

We observed increases in canopy cover and p75 associated with the 
low infestation severity. Light attacks affect only portions of the canopy 
and single events do not generally render tree mortality (Candau and 

Fleming, 2005; Virgin and MacLean, 2017). While repeated infestation 
cycles may subsequently kill host species or reduce growth (Bouchard 
et al., 2006a; Bouchard and Pothier, 2010), light attacks observed at the 
pixel level may be masked by neighboring non-host tree species growth 
(e.g. hardwood), or even stimulate growth due to canopy release. 
Similarly, canopy cover increased for low severity clusters yet decreased 
as expected in high severity clusters due to repeated high severity in-
festations which started between 2015 and 2016 in northern areas. 
Conversely, p25 showed a consistent decrease as infestation severity 
increased, except for clusters 1 and 2 where small increases were 
observed. ESB infestations are known to target mid-to-upper canopy 
strata, yet short canopies may be affected in the presence of high 
infestation severity (Ghent, 1958; Nie et al., 2018; Ruel and Huot, 1993; 
Virgin and MacLean, 2017). High recruitment rates of balsam fir and 
white spruce in LSJ may explain the decrease in p25 in areas where such 
regeneration was targeted and mortality occurred due to repeated in-
festations or competition (Nie et al., 2018; Virgin and MacLean, 2017).

There remain limitations associated with information loss during 3D 
data flattening in the raster differencing method. To address these lim-
itations, we explored the integration of shape metrics derived from 
covariance matrix eigendecomposition (Hackel et al., 2016; Lucas et al., 
2019; West et al., 2004) to transfer 3D geometrical canopy attributes, 

Fig. 6. Distribution of 14 delta metrics by structural cluster derived from the bitemporal ALS acquisition (2014–2020). Values larger than 1.5 times the interquartile 
range for each metric were removed. Clusters are order by increasing mean cumulative severity, obtained by summing annual ESB severity classes between 2014 
and 2020.
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specifically in the form of eigenvalues and eigenvectors, into a raster 
product, thereby optimizing computational efficiency. We did not find 
eigendecomposition metrics to be important in the separability of the 
clusters. However, we observed a distinctive response pattern associated 
to the largest eigenvalue. In particular, an increase in the largest 
eigenvalue associated with variance distribution along the dominant 

eigenvector, in this case normal to the ground, was linked to higher 
cumulative disturbance severity except for cluster 6. Opposite trends 
were observed for sphericity and anisotropy. The interpretation of these 
metrics remains challenging in a forestry context with complex forest 
dynamics, especially when averaged at the pixel level. Moreover, 
eigendecomposition metrics are subject to changes associated to the 
direction of the eigenvectors, which may vary in between acquisitions. 
Nevertheless, these metrics may be valuable to explore given the 
complexity of the structural responses associated to NSR disturbances 
(Atkins et al., 2020).

5.3. Synchronizing infestation severity and structural changes

We built a cumulative severity map to synchronize bitemporal 
structural changes with annual occurrences of ESB. Attacks of ESB do 
not render immediate changes in the forest structure. It generally takes 
some years for infestations to manifest (Régnière and Nealis, 2007; 
Royama, 1984; Virgin and MacLean, 2017) or repeated infestations to 
attain a severity that can be sensed using airborne lidar systems 
(Goodbody et al., 2018). The use of a cumulative severity map allowed 
us to synthesize disturbance information from the FRI into a unique data 
product detailing the location and severity of repeated infestations, 
which was a valuable alternative to work with given the lack of time 
series of ALS data associated to ESB infestations.

We observed that areas characterized by higher cumulative severity, 
as represented by clusters 5 and 6 were spatially clumped and in close 

Fig. 7. Temporal changes in structural metrics (cover, p75, and p25) and photointerpreted indicators (decoloration, defoliation, and gaps) by structural cluster 
derived from the bitemporal ALS acquisition (2014–2020). The left quadrants represent the absolute difference between T1 and T2 for the photointerpreted indicator 
by cluster. The right quadrants the relative difference for the structural metrics. Grey squares are indicative of the area covered by each cluster. Canopy cover values 
were divided by 10 for displaying purposes.

Table 3 
Summary of the characteristics associated with each cluster in terms of cumu-
lative disturbance severity, change in forest structure between 2014 and 2020, 
and initial gappiness as reported by the photointerpretation. Changes in forest 
structure are reported in terms of canopy cover and height (i.e. lower canopy – 
p25, upper canopy – p75).

Clusters Description

Cluster 
1

Lowest severity, greatest increase in canopy cover and height, 
moderately dense

Cluster 
2

Low severity, moderate increase in canopy cover and height, sparse

Cluster 
3

Intermediate severity, small changes in canopy cover and height, sparse

Cluster 
4

Intermediate severity, moderate decrease in canopy cover and p25, 
moderate increase in p75, moderately dense

Cluster 
5

High severity, great decrease in canopy cover and p25, small changes in 
p75, dense

Cluster 
6

Highest severity, greatest decrease in canopy cover and p25, small 
increase in p75, moderately dense

T. Trotto et al.                                                                                                                                                                                                                                   Science of Remote Sensing 10 (2024) 100160 

11 



proximity to each other. This observation is consistent with previous 
literature on the spatial pattern of budworm-related mortality, which is 
reported to manifest as highly infested trees in a matrix of lighter in-
festations (Bouchard and Pothier, 2010). These areas were also char-
acterized by closer canopies compared to areas of lower severity. Gaps 
among canopies were relatively stable between ALS acquisition, despite 
greater changes observed for high severity clusters, in line with 
gap-scale mortality as generally reported in the literature (Bouchard 
et al., 2006a; Bouchard and Pothier, 2010; D’Aoust et al., 2004). In 
contrast, more open canopies were observed in low severity clusters. 
Within canopy gaps, as derived from the ALS data, showed greater 
variability compared to photointerpreted gappiness, which may denote 
a greater ability of ALS data in informing within canopy dynamics 
resulting from ESB infestations. High cumulative severity clusters were 
characterized by repeatedly high severe infestations occurring mostly in 

northern areas, whereas low severity clusters, predominantly located in 
the south, were characterized by a few main severe attacks between 
2014 and 2016 and then an absence or light infestations in the following 
years. Moderate infestations were then reported in 2020 for these re-
gions, which may indicate the beginning of a new cycle or delayed 
canopy decoloration and defoliation observed during the acquisition of 
new aerial imagery for the FRI (Virgin and MacLean, 2017).

The presence of overlaps in the clusters when assessed against cu-
mulative infestation severity may be attributable to a delayed forest 
response to ESB attacks (Virgin and MacLean, 2017) or the greater 
ability of ALS in discriminating and characterizing changes in the forest 
structure resulting from ESB infestations compared to photointerpreta-
tion (Lepš and Hadincová, 1992; Lunetta et al., 1991; Sippel, 1983).

Fig. 8. Map of the distribution of the 4 domains (D) based on the kmeans clustering. On the right, radar plots describing the environmental characteristics of each. 
Values are scaled 0–1, with the blue dashed line equal to 0.5. D1 and D4 are conifers, D2 and D3 are broadleaves. ELEV = elevation, SI = site index, TEMP =
temperature, RAIN = precipitation.
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6. Conclusions

The characterization of structural changes at fine scale due to cu-
mulative ESB infestations has potential in regions where bitemporal ALS 
acquisitions are available. Our study provides a fine-scale wall-to-wall 
characterization of stands less susceptible to ESB infestation based on 
canopy cover and height. This information is timely to inform proactive 
management aimed at maintaining or improving the forest resistance 
and resilience to ESB infestations in Canadian boreal forests.

Future work on this topic should focus on (i) ground sampling in low 
severity stands to better understand the relationship between canopy 
openness, tree vigor, and ESB vulnerability, and (ii) investigating the 
landscape-level spatial organization of forest structural attributes to 
understand multiscale structural dynamics linked to ESB.
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indicating the role of the ALS metrics in modulating the severity of the infestations. Clusters are order by increasing mean cumulative severity, obtained by summing 
annual ESB severity classes between 2014 and 2020.
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https://doi.org/10.2980/1195-6860(2006)13[82:TRPALS]2.0.CO;2.

Bouchard, M., Pothier, D., 2010. Spatiotemporal variability in tree and stand mortality 
caused by spruce budworm outbreaks in eastern Quebec. Can. J. For. Res. 40 (1), 
86–94. https://doi.org/10.1139/X09-178.

Bouvier, M., Durrieu, S., Fournier, R.A., Renaud, J.-P., 2015. Generalizing predictive 
models of forest inventory attributes using an area-based approach with airborne 
LiDAR data. Rem. Sens. Environ. 156, 322–334. https://doi.org/10.1016/j. 
rse.2014.10.004.

Bradley, A.P., 1997. The use of the area under the ROC curve in the evaluation of 
machine learning algorithms. Pattern Recogn. 30 (7), 1145–1159. https://doi.org/ 
10.1016/S0031-3203(96)00142-2.

Breiman, L., 2001. Random forests. Mach. Learn. 45 (1), 5–32. https://doi.org/10.1023/ 
A:1010933404324.

Buma, B., 2015. Disturbance interactions: characterization, prediction, and the potential 
for cascading effects. Ecosphere 6 (4), art70. https://doi.org/10.1890/ES15- 
00058.1.

Candau, J.-N., Fleming, R.A., 2005. Landscape-scale spatial distribution of spruce 
budworm defoliation in relation to bioclimatic conditions. Can. J. For. Res. 35 (9), 
2218–2232. https://doi.org/10.1139/x05-078.

Choi, D.H., LaRue, E.A., Atkins, J.W., Foster, J.R., Matthes, J.H., Fahey, R.T., Thapa, B., 
Fei, S., Hardiman, B.S., 2023. Short-term effects of moderate severity disturbances 
on forest canopy structure. J. Ecol. 111 (9), 1866–1881. https://doi.org/10.1111/ 
1365-2745.14145.

Clibbon, P., Bergeron, R., 1962. Notes on the geology and physiography of the lake saint- 
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