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A B S T R A C T

Forests are increasingly influence by natural disturbance, which are intensifying under climate change, threat
ening the sustainability of natural resources. Resilience is a central component in these dynamics, defined as the 
ability of forests to recover from a disturbance and return to a pre-disturbed state. Recent conceptual frameworks 
describe resilience as a combination of disturbance impact and recovery rate offering a more unified and 
quantitative approach. However, these frameworks often do not consider how forest characteristics and their 
spatio-temporal variability shape resilience outcomes. In this study, we leveraged three decades of Landsat time 
series data to quantify forest resilience to spruce budworm (SBW) infestations, a major defoliator of fir and 
spruce forests in Quebec, Canada. We applied a two-stage clustering analysis to investigate how pre-disturbance 
forest structures, including canopy height, cover, basal area, cumulative defoliation severity, and age influence 
resilience. Resilience was quantified via impact and recovery rate of three key spectral indexes: Green 
Normalized Vegetation Index (GNDVI, greenness), Moisture Stress Index (MSI, vegetation water content), and 
Normalized Burn Ratio (NBR, structural characteristics) following the 2006 outbreak. Our results revealed that 
stands with lower basal area, sparser, and shorter canopies were more resilience to SBW over time. Greenness 
recovered most rapidly, followed by structural development and vegetation water content. Ultimately, stands 
showed greater resilient in greenness and structural development than vegetation water content throughout the 
infestation. These findings advance empirical understanding of forest resilience and can inform management 
strategies to maintain and enhance Canada’s boreal forest resilience to increasing SBW pressure.

1. Introduction

Natural disturbances are primary drivers of forest dynamics and 
succession. Under a changing climate, historical disturbance regimes are 
being altered, intensifying their severity and spatial extent. These 
changes threaten the sustainability and health of natural resources 
(Trumbore et al., 2015), as disturbances can trigger gradual or abrupt 
landscape reorganization, potentially leading to alternative ecological 
states with novel species compositions and dynamics (Scheffer et al., 
2001). Therefore, understanding how forests respond and adapt to dis
turbances is of paramount importance. However, forest responses to 
disturbances are often non-linear, scale-dependent, and influenced by 
stochasticity in disturbance events (Buma, 2015; Sturtevant & Fortin, 
2021). These complexities make it difficult to predict whether disturbed 
forests will revert to their original structure and function or transition to 

alternative states. Therefore, a key challenge in forest management 
today is determining how to mitigate disturbance impacts and foster 
recovery. To investigate this, researchers have increasingly focused on 
how to maintain and enhance forest resistance and resilience to distur
bances (Seidl et al., 2016; Standish et al., 2014).

Forest resistance can be defined as the ability of an ecological system 
to persist to an immediate disturbance, while resilience represents the 
ability of a system to recover from a disturbance and return to a pre- 
disturbed state (“engineering resilience”) (Hodgson et al., 2015; Hol
ling, 1973, 1996; Nimmo et al., 2015; Standish et al., 2014). Following 
this definition, a forest that has undergone a disturbance exhibits greater 
resistance if the disturbance has a lower impact, while greater resilience 
combines resistance with more rapid recovery. However, quantifying 
forest resistance and resilience to disturbances remains challenging, and 
those are often assessed through multiple components, including 
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recovery rate and disturbance impact (Yi & Jackson, 2021). While these 
components contribute to resilience, recovery rate is frequently priori
tized as the most direct indicator of resilience, as it reflects the capacity 
to rebound post-disturbances (Johnstone et al., 2016; Seidl et al., 2016). 
However, a forest with high recovery rate may still exhibit low resis
tance to disturbance (Hodgson et al., 2015). Thus, the most resilient 
forests are characterized primarily by lower initial impacts and 
secondarily by faster recovery rates (Hodgson et al., 2015; Nimmo et al., 
2015).

Building on the recommendation of Hodgson et al. (2015) and 
Nimmo et al. (2015), Ingrisch & Bahn (2018) proposed a framework to 
estimate engineering resilience (Holling, 1996), which represents resil
ience as a combination of both impact and recovery rate from a distur
bance, normalized to a baseline state for cross-study comparability. 
These two axes can be represented in a bivariate space. While this 
framework is novel as it offers a unified way to quantitatively estimate 
resilience based on both resistance and recovery (Scheffer et al., 2015), 
it remains largely conceptual. To operationalize it, further research is 
needed to identify the underlying mechanisms driving resilience to 
disturbances and to understand how their spatio-temporal variability 
influences resilience and its quantification, for example in landscapes 
affected by wildfires, insect outbreaks, and other disturbances.

In eastern Canada, landscape-level bioclimatic conditions drive the 
cyclical outbreaks of eastern spruce budworm (Choristoneura fumiferana, 
Clem, SBW), a native defoliator of spruce and fir forests (Candau and 
Fleming, 2005; Pureswaran et al., 2018b). SBW outbreaks typically 
recur every 30–40 years, affecting landscapes dominated by balsam fir 
(Abies balsamea L. (Mill.)), white spruce (Picea glauca (Moench) Voss), 
and black spruce (Picea mariana Mill.) under more severe infestations 
(Bognounou et al., 2017; Nealis & Régnière, 2004; Pothier et al., 2012). 
Recurring attacks have profound effects on forest health, for example 
resulting in delayed stand-level mortality, limited photosynthetic ca
pacity (Candau & Fleming, 2005; Navarro et al., 2018), reduction in 
height and canopy cover (Trotto et al., 2024), potentially increased 
carbon emissions (Gunn et al., 2020), as well as diverse effects on post- 
disturbance recovery (Bouchard et al., 2006; Spence & MacLean, 2012). 
Furthermore, recent studies have suggested that increased fragmenta
tion of host species stands may increase infestation risk and unpredict
ability (McNie et al., 2023, 2024; Trotto et al., 2025), while other 
research has instead shown that mixed species stands may reduce 
infestation severity (Zhang et al., 2018, 2020). Therefore, it is a priority 
to understand the potential implications of SBW infestations on forest 
resilience and investigate which forest attributes and their spatio- 
temporal variability modulate these responses. Doing so will help 
bridge the gap between conceptual frameworks and their practical 
application in forest management.

However, quantifying the effect of specific forest characteristics and 
their spatio-temporal variability on forest resistance and resilience to 
SBW presents significant challenges. SBW is highly mobile, and climatic 
changes may promote attacks through northward range expansion 
(Régnière et al., 2012), local adaptations to colder environments 
(Butterson et al., 2021), improved phenological synchronism between 
budburst and larval emergence (Pureswaran et al., 2018a), and poten
tially more severe and prolonged infestations (Bellemin-Noël et al., 
2021; Gray, 2008, 2013; Subedi et al., 2023). These factors introduce 
complex, multi-scale variability in forest resistance and resilience 
mechanisms. Sánchez-Pinillos et al. (2019) addressed this challenge by 
analyzing changes in forest structure and composition to estimate plot- 
level resistance and resilience to SBW infestation in southern Quebec. In 
addition, the authors used pathway analysis to track post-disturbance 
trajectories of forest conditions for each plot relative to a pre- 
disturbance state and determine the direction and magnitude of the 
change in forest conditions. Their findings revealed species-specific re
sponses, with pure balsam fir populations exhibiting lower resistance 
and resilience than secondary host species like black spruce. Moreover, 
infestation severity emerged as one of the most important drivers of 

these dynamics. However, this analysis was restricted to plot observa
tions, which constrains the ability to capture how the spatio-temporal 
variability in forest attributes affects resistance and recovery responses 
to infestations, which is crucial when considering the large habitat range 
of SBW populations.

To address this gap, remote sensing imagery provides a unique op
portunity to monitor forest responses to insect disturbances and their 
spatio-temporal variability, especially from long-term satellite missions 
(Rhodes et al., 2022; Senf et al., 2017; Wulder et al., 2022). In particular, 
spectral indexes derived from optical remote sensing have been previ
ously adopted to successfully characterize the presence of SBW in
festations on the landscape (Donovan et al., 2021), and have been 
utilized to detect regime shifts and changes in resilience in wetlands 
(Martinez et al., 2024). In their study, Martinez et al. (2024) reported on 
the usefulness of Normalized Difference Vegetation Index (NDVI), 
derived from Landsat, as early warning indicators of ecological transi
tions from forest to marsh environments. Their findings highlight the 
potential to employ spectral indexes to investigate resilience dynamics. 
Similarly, spectral indexes capturing forest structural and vegetation 
physiological characteristics have been widely employed to investigate 
recovery dynamics in complex ecosystems across Canada (Pickell et al., 
2016; White et al., 2017, 2022). Landsat spectral composites have also 
been proven particularly valuable for characterizing and tracking forest 
attributes and disturbances with a level of detail relevant for forest in
ventory purposes and operational forest management (Brosofske et al., 
2014; Hermosilla et al., 2015; White et al., 2014; Woodcock et al., 1994; 
Wulder et al., 2022). In parallel, the increasing availability of airborne 
laser scanning (ALS) data has significantly enhanced our capacity to 
characterize forest structure, complementing traditional spectral imag
ery (Wulder et al., 2012). While ALS acquisitions remain limited in 
spatial cover and temporal frequency compared to optical data, well- 
established approaches have facilitated the extrapolation of ALS- 
derived structural attributes beyond direct ALS coverage (Coops et al., 
2021). Notably, imputed structural layers combining Landsat surface 
reflectance composites (White et al., 2014) with environment de
scriptors (e.g. topography) have generated wall-to-wall estimates of 
canopy height, cover, aboveground biomass, stem volume, and more 
across Canada’s boreal forest since 1984 (Matasci et al., 2018).

Capitalizing on the availability of long time series data of forest 
conditions, structural layers, and disturbance dynamics, this study in
vestigates what pre-infestation structural forest attributes and their 
spatio-temporal variability led to greater resilience to SBW infestations 
in the eastern boreal forests of Quebec, Canada, since the beginning of 
the most recent outbreak in 2006. In doing so, we apply the framework 
of Ingrisch & Bahn (2018) to estimate forest resilience to SBW in
festations as a function of infestation impact and post-disturbance re
covery rate derived from Landsat surface reflectance time series data. In 
particular, we address two key questions. First, can spectral indexes 
derived from Landsat surface reflectance composites capture resilience 
patterns to SBW infestations? Secondly, what forest structural attributes, 
imputed from Landsat, are mostly involved in resilience mechanisms to 
SBW infestations?

2. Study area and data

2.1. Study area description

We focus on the closed-canopy boreal forest sub-ecozone of Quebec, 
Canada, extending over approximately 50 Mha between 48◦N and 52◦N 
latitude. This sub-ecozone is part of the boreal ecozone of Quebec and 
encompasses two bioclimatic domains. The Spruce – Feathermoss 
domain is dominated by a mixture of balsam fir and black spruce in the 
north, forming denser forests with closed canopies, and the Balsam Fir – 
White Birch (Betula papyrifera Marshall) in the southern part, charac
terized by larger balsam fir populations, intermixed with deciduous 
forest further south. Furthermore, the sub-ecozone is classified into four 
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sub-domains: the northern east–west Spruce – Feathermoss sub-domains 
(SF-E, SF-W), and the southern east–west Balsam Fir – White Birch sub- 
domains (BW-E, BW-W). Land cover type for the sub-ecozone is pre
dominantly coniferous (24 Mha – 47.5 %), followed by mixedwood 
forests (7.4 Mha – 14.8 %) and deciduous (1 Mha – 2 %) as of 2022 
(Hermosilla et al., 2022). In this research, we focused on the SF-E, BW-E, 
and BW-W areas, where most of the infestations occurred, and in 
particular, only in conifer-dominated land covers, which covered 
approximately 13 Mha.

Historical climate normals for the period 1991–2020 show mean 
annual precipitation ranging between 702 and 1417 mm and mean 
annual temperature between − 4.1 and 3.8 ◦C across the study area 
(Figs. S1A-B) (Wang et al., 2016). The elevation of the area ranged from 
23 – 846 m (Fig. S1C) as derived from the Advanced Spaceborne Ther
mal Emission and Reflection Radiometer (ASTER) Global Digital 
Elevation Model v3 (Abrams et al., 2022).

2.2. Data sources

In this analysis, we capitalized on three key datasets. First, we 
downloaded annual forest health sketch maps from the Forest Resources 
Inventory (FRI) from the Quebec Ministère des Ressources naturelles et 

des Forêts between 2006 and 2022. These maps are produced by trained 
professionals during regular aerial overview surveys (AOS) assessments 
in the region. The year 2006 was selected as the first year of the last 
outbreak based on the forest health maps. Secondly, we acquired 
Landsat best available surface reflectance composites (BAP) at annual 
time steps for the last 31 years (1991 – 2022) available from the National 
Terrestrial Ecosystem Monitoring System (NTEMS) (White et al., 2014) 
at 30 m spatial resolution. The year 1991 was selected as the year 
marking the end of the previous outbreak, which occurred approxi
mately between 1970 and 1990 in the study area according to the forest 
health maps. Thirdly, we acquired pre-disturbance structural layers 
from NTEMS at the beginning of the last outbreak in 2006. While AOS 
provide broad-scale information on SBW infestations and other distur
bances, BAP composites offer greater spatial resolution and geometric 
accuracy for spatially-explicit, temporal analysis of forest dynamics.

2.3. Landsat surface reflectance composites and pre-disturbance 
structural layers

Surface reflectance composites were derived from Landsat time se
ries via the Composite2Change (C2C) approach (Hermosilla et al., 2016) 
distributed as part of NTEMS data products. We downloaded layers 

Fig. 1. Illustration of the workflow adopted in this research. Consistent colors were used to indicate logical connections between related workflow stages.
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between 1991 and 2022. The C2C approach produces gap-free surface 
reflectance composites at annual time steps at a 30 m resolution 
(Hermosilla et al., 2016). We included land cover information derived 
from the Virtual Land Cover Engine (Hermosilla et al., 2022), as well as 
disturbance information related to the occurrence of wildfire and har
vesting to isolate the effect of SBW infestations on the landscape. In 
addition, to understand pre-disturbance forest structural responses to 
SBW infestations, we utilized forest structural layers imputed from BAP 
surface composites (Matasci et al., 2018) which included canopy cover, 
height, and basal area, as well as forest age (Maltman et al., 2023) 
(Figs. S2). Prior to use the forest structural layers, we screened for 
outliers by retaining the 5 – 95 interquartile range of the data.

2.4. Forest resources inventory

Forest health maps were acquired between 2006 and 2022 from the 
Quebec Ministère des Ressources naturelles et des Forêts. These are 
conducted annually, where trained professionals delineate regions of 
current defoliation, classified into three severity classes (light, moder
ate, severe) as a function of the amount of tree infested and the pro
portion of the crown defoliated (Ministère des Ressources Naturelles et 
des Forêts, 2024a). Light infestations represent a loss of foliage in the 
upper third canopy of a few trees. Moderate infestations represent a loss 
of foliage in the upper half canopy of most trees. Severe infestations 
represent a loss of foliage across the entire crown length of most trees. 
Further, we acquired vector layers mapping roads and water bodies, as 
well as wildfires and harvesting operations since 1991 at a minimum 
mapping unit (MMU) of 0.1 ha for masking purposes.

3. Methods

The overarching methodological steps applied in this research are 
summarized in Fig. 1 and explained in details in the following sections.

3.1. Disturbance mapping

We compiled a cumulative disturbance map for SBW infestations 
from the AOS for each year by rasterizing vector layers at 30 m to match 
the resolution of the Landsat products. To do so, we assigned an 
increasing integer value to moderate and severe classes only (moderate: 
2, severe: 3), then summed them over time. Light infestations were not 
included in the analysis as these may carry greater accuracy errors and 
detectability than higher severity classes (Donovan et al., 2021; 
Thompson et al., 2007). To isolate the presence of SBW on the landscape, 
a mask was produced by combining FRI information on wildfires, har
vesting, roads, and water bodies between 1991 and 2022 with a 30 m 
buffer. We also removed young, short stands with low basal area as these 
are typically not the primary host of SBW (Blais, 1958; MacLean, 1980; 
Virgin & MacLean, 2017). To do so, we used canopy cover and height 
structural layers, as well as forest age to remove stands with < 25 % of 
canopy cover (Trotto et al., 2024), less than 7 m in height according to 
the inventory standard of the Quebec Ministry (Ministère des Ressources 
Naturelles et des Forêts, 2024b), and younger than 20 years of age based 
on the age class distribution used in the regular inventory cycles 
(Ministère des Ressources Naturelles et des Forêts, 2024b). Finally, to 
avoid including pixels that exhibited high impact and low recovery rate 
due to unrelated land cover changes, we selected only infested pixels in 
areas consistently classified as coniferous forest cover from 1991 to 
2022, as per NTEMS, which represented approximately 85 % of the total 
infested pixels. Undisturbed areas represented non-masked coniferous 
land cover pixels that did not experience any disturbance from 15 years 
prior to the first year of the last infestation in 2006 and throughout the 
analysis period, post-disturbance to 2022. Areas meeting these selection 
criteria were mainly located in the northern part of the study area and 
covered approximately 3 Mha.

Outbreaks typically result in recurrent infestations across multiple 

years. To isolate post-infestation recovery rate, we first selected pixels 
that had an infestation starting in 2006. We then tracked the annual 
infestation severity of these pixels through time to 2022. We subset only 
stands where the infestation stopped at some point post 2006 and the 
stands remained infestation-free for another five years. As a result, the 
infestation length and cumulative severity will change on a pixel basis, 
yet all selected stands will have had at least five infestation-free years up 
to 2022. Most of the selected pixels were within the last seven years of 
the time series, corresponding with a decline of the SBW outbreak, 
which allowed previously-infested stands to recover. Finally, for each 
selected pixel we extracted the corresponding spectral values from the 
BAP composites.

3.2. Quantifying resilience

We calculated three spectral indexes (Table 1) that have been shown 
to be useful to characterize the presence of SBW infestation on the 
landscape (Donovan et al., 2021) and used them to quantify resilience. 
Each index targets a specific physiological process: canopy chlorophyll 
content, foliage moisture, and stand structure. These indexes were used 

Table 1 
Definition of selected spectral indexes. B − blue, G − green, R − red, NIR − near 
infrared, SWIR1 − shortwave infrared 1, SWIR2 − shortwave infrared 2. These 
indexes were used to quantify forest resilience to SBW infestations in greenness, 
vegetation water content, and structural development.

Index/ 
Process

Description Equation Rationale Reference

Greenness ​
GNDVI Green 

Normalized 
Difference 
Vegetation 
Index

(NIR-G)
(NIR + G)

Changes in 
greenness are a 
direct and early 
indicator of 
infestations, and 
are easily 
detectable via 
remote sensing

Gitelson 
et al. 
(1996)

Vegetation water content ​
MSI Moisture 

Stress Index
SWIR1/NIR Foliage loss and 

post-disturbance 
regrowth affect 
water content and 
MSI captures 
physiological 
stress responses to 
infestation

Hunt & 
Rock 
(1989)

Structure ​
NBR Normalized 

Burn Ratio
(NIR-SWIR2)
(NIR + SWIR2)

Structural changes 
occur gradually, 
but are key to 
informing forest 
management 
decisions

Key & 
Benson 
(2006)

Table 2 
Definition of impact, recovery rate, and perturbation used in the bivariate 
framework to estimate forest resilience to SBW infestations from spectral in
formation. ‘S’ is the spectral index value at time of impact ‘ti’ (e.g. 2017) and ‘B’ 
is the baseline level.

Definition Equation Reference

Spectral impact of moderate or 
severe infestations

Impact =

(S2006-Sti)/B
Modified from 
Ingrisch & Bahn 
(2018)

Spectral recovery rate over a 5-year 
period from moderate or severe 
infestations

Recovery rate =

(Sti+5-Sti)/5/B Ingrisch & Bahn 
(2018)

Cumulative reduction of spectral 
value as a function of impact and 
recovery rate

Perturbation =

Impact2

2⋅Recovery rate

Ingrisch & Bahn 
(2018)
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to examine how resilience varies across these different physiological 
dimensions. The normalized burn ratio (NBR, Key & Benson (2006)), 
capturing forest structural development, was also included as it is 
commonly used to detect changes in spectral trajectories associated with 
forest disturbances (Hermosilla et al., 2015).

To estimate forest resilience to SBW infestations, we followed 
Ingrisch & Bahn (2018). First, we estimated a baseline level for each 
spectral index, defined as the median spectral index value for undis
turbed forested pixels. We then estimated infestation impact and re
covery rate for each index (Table 2). To do so, we calculated the 
infestation impact in each pixel as the reduction in the index from the 
pre-disturbance conditions to the last year of infestation before recov
ery. We then calculated the recovery rate as the slope of the return in the 
spectral index from the last year of infestation to the end of five post- 
disturbance years. Next, we used the baselines to normalize the 
impact and recovery rate for each index. Finally, we quantified the cu
mulative effect of infestation (hereafter “perturbation”) by calculating 
the area under the curve of the spectral index between the disturbed 

conditions and recovery, therefore integrating both the magnitude of 
impact and the recovery rate. This resulted in three metrics of resilience 
for each index: impact, recovery rate, and perturbation, each normalized 
by the baselines (Table 2, Fig. 2) (Ingrisch & Bahn, 2018).

3.3. Linking resilience responses to forest structure via clustering

To investigate which pre-disturbance forest structural conditions 
were associated with changing responses to resilience, we conducted a 
series of clustering analyses separately for each spectral index (hereafter 
“resilience clusters”). To do so, for each spectral index, we built a dataset 
containing pre-disturbance structural information, cumulative in
festations up to the last year of impact, and the calculated impact, re
covery rate, and perturbation metrics. This resulted in a total of 8 
features for each of the spectral indexes (Table 3). Next, we applied an 
initial k-means partitioning (Lloyd, 1982; MacQueen, 1967) using 10 
pre-clusters, followed by multivariate agglomerative clustering 
(Murtagh & Contreras, 2012), which is commonly used for ecological 
regionalization representations (Coops et al., 2009, 2020; Guo et al., 
2017; Hargrove & Hoffman, 2004; Snelder et al., 2010; Trotto et al., 
2024). Prior to clustering, each input feature was scaled to the 5 – 95 
interquartile range, centered to the median, and forced to unit variance. 
Multivariate noise was removed using a PCA (Jollifee, 2002) with three 
components. This was done by removing pixels whose any of three 
principal components was greater than the 5 – 95 interquartile range of 
the transformed data.

The k-means pass consisted of 1000 initialization steps using a k- 
means++ initializer (Arthur & Vassilvitskii, 2006) based on the Man
hattan distance (Aggarwal et al., 2001), while the agglomerative clus
tering approach used a Ward’s linkage function (Ward, 1963) and an 
arbitrary 25% scaled Manhattan distance cut-off threshold. Separability 
in the final clustering result was assessed on a subset of 10,000 pixels per 
cluster using a non-parametric Kruskal-Wallis rank sum test (Acar & 
Sun, 2013) and a two-sided Dunn’s post-hoc multiple pairwise com
parison test (Dunn, 1964) with a Sidak correction to control for errors 
associated with multiple comparisons (Šidák, 1967).

Cluster ranking was determined based on the disturbance impact, 
recovery rate, and perturbation of each cluster. To do so, we examined 
the bivariate space of impact and recovery rate for each index. First, we 
determined the resilience target in the bivariate space that had the 
lowest impact and greatest recovery rate, thus having the maximum 

Fig. 2. Conceptual diagram illustrating how impact, recovery rate, and perturbation are quantified based on spectral values. Adapted from Ingrisch & Bahn (2018). 
SBW image obtained from Natural Resource Canada, licensed under the Open Government Licence – Canada, at https://natural-resources.canada.ca/forest-forestry/ 
insects-disturbances/spruce-budworm.

Table 3 
List of input variable in the two-stage clustering to quantify resilience to SBW 
infestations. ‘S’ is the spectral index value at time of impact ‘ti’ (e.g. 2017) and 
‘B’ is the baseline level.

Feature Definition Reference

Impact (S2006-Sti)/B Modified from 
Ingrisch & Bahn 
(2018)

Recovery rate (Sti+5-Sti)/5/B
Ingrisch & Bahn 
(2018)

Perturbation Impact2

2⋅Recovery rate
Ingrisch & Bahn 
(2018)

Pre-disturbance 
height (m)

95th percentile of first returns 
height

Matasci et al. (2018)

Pre-disturbance 
canopy cover (%)

Proportion of first returns above 2 
m

Matasci et al. (2018)

Pre-disturbance 
basal area (m2/ha)

Cross-sectional area of tree stems at 
1.3 m per hectare

Matasci et al. (2018)

Pre-disturbance age Age in 2006 Maltman et al. 
(2023)

Cumulative 
infestation

Cumulative infestation from annual 
disturbance layers at year of impact

This study
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resilience (Hodgson et al., 2015; Ingrisch & Bahn, 2018; Nimmo et al., 
2015). We then calculated the Euclidean distance from that point to 
each cluster centroid, weighted by their corresponding amount of 
perturbation. Clusters further away from that point of maximum resil
ience indicate clusters with higher impact, lower recovery rate, and 
higher amount of perturbation and were therefore ranked lower in 
resilience.

4. Results

Since 2006, cumulative moderate and severe SBW infestations had 
covered a total of approximately 6.5 Mha (13% of the study area) 
(Fig. 3), characterized by an annual northward movement of the in
festations until 2020, when the outbreak started to decline. Peaked in
festations were observed between 2014 and 2016.

4.1. Assessment of resilience cluster separability

The two-stage clustering resulted in six final clusters. Clusters were 
ranked from 1 to 6, with cluster 1 being the most resilient and cluster 6 
the least resilient. The results of the Kruskal-Wallis test applied to 
10,000 samples for each index showed that the clusters were statistically 
well differentiated in spectral and structural features (p-value < 0.05). 
We then tested a total of 360 pairwise comparisons among clusters for 
each spectral and structural feature based on Dunn’s post-hoc test, of 
which 17 (5%) were non-statistically significant and pertained to 
structural attributes. Overall, clusters 1 and 2 emerged as the most 
distinct clusters despite having similar cumulative infestations. Clusters 
3 and 6 had similar pre-disturbance basal area and age. Clusters 3 – 4, 
and 5 – 6 had similar pre-disturbance tree height. Clusters 5 and 6 also 
had similar pre-disturbance basal area and cumulative infestations. 
Notably, the results of the Kruskal-Wallis test differed depending on the 
spectral index. In particular, clusters were better differentiated in terms 

Fig. 3. Map of the study region showing the four sub-domains as classified by the Ministère des Ressources Naturelles et des Forêts of Quebec and the distribution of 
cumulative SBW infestation severity. SF: Spruce – Feathermoss; BF: Balsam Fir – White Birch; E: East; W: West.

Fig. 4. Median impact, recovery rate, and perturbation across all spectral indexes. Impact is the percentage of change from pre-disturbance spectral values, recovery 
rate is the 5-year percentage increment in spectral value since the year of impact, and perturbation is a product of impact and recovery rate. Clusters are ranked from 
1 to 6 based on decreasing resilience.
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of spectral and structural characteristics for NBR compared to the other 
indexes. Conversely, we found that GNDVI showed the most confusion 
among clusters for spectral and structural features.

4.2. Spectral impact, recovery rate, and perturbation responses

Results show that cluster 1 was the most resilient over time, char
acterized by the lowest impact and perturbation, and lower recovery 
rates than other clusters (Fig. 4). Cluster 2 was the second most resilient 
cluster, with a higher impact, recovery rate, and perturbation than 
cluster 1. Cluster 3 had the second highest impact and recovery rate and 
was characterized by a low perturbation. Cluster 4 was associated with 
the greatest impact and recovery rate of all clusters, and had a low 
perturbation, similar to clusters 1 – 3. Cluster 5 was the second lowest 
resilient cluster, with a lower impact than clusters 3 and 4 and a low 
recovery rate, and was associated with the second highest perturbation. 
Cluster 6 was the least resilient cluster, characterized by the lowest re
covery rate and the greatest perturbation.

We examined the effect of infestations on each index separately 
(Fig. 5), and found that greenness in general exhibited lower impact, 
lower perturbation, and fast recovery rates over time, indicating greater 
resilience in greenness than moisture or structure. Moisture showed the 
most variable resilience responses of all spectral indexes and was asso
ciated with a greater impact than greenness or structure, suggesting 
lower resilience in moisture. Structure typically recovered more slowly 
than greenness but faster than moisture, and it exhibited greater impact 
than greenness but lower than moisture. Overall, structure demon
strated intermediate levels of resilience between greenness and 
moisture.

4.3. Structural characterization of the clusters

We observed that distinct pre-disturbance structural patterns 
emerged for each cluster across all indexes. In general, we found that 
cluster 1 had the lowest pre-disturbance canopy height, cover, basal 
area, and cumulative infestations (Fig. 6). Cluster 2 had the highest pre- 
disturbance canopy height, cover, and basal area (Fig. 6A–C), but 
showed low cumulative infestations similar to cluster 1 (Fig. 6E). Cluster 
3 was associated with the second lowest pre-disturbance canopy height, 
cover, and basal area (Fig. 6A–C). Clusters 1 – 3 were older than clusters 
4 – 6 and cluster 3 was the oldest (Fig. 6D). Cluster 4 and 5 were 
characterized by intermediate pre-disturbance canopy height (Fig. 6A), 
and were associated with the youngest stands (Fig. 6D) and the longest 
cumulative infestations (Fig. 6E). Cluster 5 also had the second highest 
pre-disturbance canopy cover and basal area (Fig. 6B and C) Cluster 6, 
the least resilient cluster to infestations, showed similar pre-disturbance 
structural characteristics to cluster 5, although was associated with 
older stands (Fig. 6D).

In addition, we examined the structural characteristics of the clusters 
for each index separately (Fig. 7). Overall, greenness, moisture, and 
structure showed resilience responses that matched the general struc
tural characterization. However, greenness responses were more vari
able for clusters 2, 3, and 4, especially regarding pre-disturbance canopy 
height, cover, and cumulative infestations.

4.4. Clustering variability and its components

We examined the variance in the clustering using a PCA (Fig. 8). We 
found that spectral impact (68%) and pre-disturbance canopy cover 
(21%) explained 89% of the variance in greenness, followed by 

Fig. 5. Relations between impact, recovery rate, and perturbation for the six cluster centroids. Clusters are ranked 1 – 6 in decreasing order of resilience. Colors 
indicate the cluster rank, symbols indicate the spectral indexes, and the dashed arrows indicates the direction of increasing resilience.
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cumulative infestations (5%). Variance in moisture was also explained 
by spectral impact (49%) and canopy cover (31%), totally explaining 
80% of the variance between the first two principal components, fol
lowed by cumulative infestations (14%). Similarly, variance in struc
tural development was explained by spectral impact (60%) and canopy 
cover (20%), totally explaining 80% of the variance, followed by cu
mulative infestations (15%). Basal area and age explained smaller 
amounts of variance for each index (< 5%).

4.5. Spatial distribution of clusters and resilience metrics

The spatial distribution of the clusters varied by index (Fig. 9). Across 
the study area, clusters 1 and 2 were more spatially aggregated than 
other clusters for the structure-sensitive index NBR, and were primarily 
located closer to the epicenter of the outbreak. The epicenter of the 
infestation was located along the southern border of the BW-E sub- 
domain, where the cumulative infestation was the highest for the 
analyzed period (Fig. 3). Conversely, clusters 3 – 6 were more dispersed. 
Clusters 1 and 2 were also spatially aggregated for the water-sensitive 
index MSI, although more interspersed with other clusters than NBR. 
Similar to NBR, clusters 3 – 6 were spatially dispersed. We also found 
that the greenness-sensitive index GNDVI was dominated by cluster 1, 
and we observed some spatial aggregation of clusters 2 and 3.

The spatial extent of the clusters also varied by index across the study 
area (Table 4). Cluster 1 was among the most represented across all 
indexes, extending between 35 – 77% of the total clustered area. The 
area covered by cluster 2 was also variable across indexes, covering 
between 6 – 44% of the total clustered area. An exception was GNDVI, 
where clusters 1 and 2 occupied 77% and 6% of the area, respectively. 
Overall, we found that the area occupied by cluster 3 was more 
consistent across indexes, ranging between 11 – 12%. Clusters 4 – 6 
occupied a smaller extent compared to more resilient clusters 1 – 3. 

Cluster 4 occupied between 1 – 7% of the clustered area. Cluster 5 and 6 
also extended over a small area, ranging between 1 – 3% across all 
indexes.

5. Discussion

Quantifying and monitoring resilience to disturbances remains 
challenging, and a deeper understanding of the forest structural char
acteristics and their spatio-temporal variability responsible for modu
lating forest resilience is needed to translate research into practice 
(Nikinmaa et al., 2020, 2024). In this research, we combined spectral 
and structural information from time series data to reveal forest spectral 
and structural responses to SBW infestations linked to resilience, in a 
spatially-explicit fashion. We identified response patterns that were 
consistently ranked as more resilient based on their impact, recovery 
rate, and amount of perturbation due to SBW infestations. Moreover, 
using a combination of spectral indexes was essential to capture the 
contribution of different physiological processes to resilience. Therefore, 
to effectively monitor and manage resilience to SBW infestations, future 
efforts should prioritize the use of complementary spectral indexes, for 
example that capture greenness, moisture, and structural changes.

5.1. Remote sensing facilitates broad-scale resilience estimations

We utilized Landsat time series to investigate patterns of forest 
resilience associated to SBW infestations in a spatially-explicit fashion. 
We found that the spatial aggregation of clusters varied by spectral 
index. In particular, spatial aggregations of clusters 1 and 2 were pri
marily found closer to the outbreak epicenter. This suggests that these 
clusters effectively showed greater resilience to infestations (lower 
impact and faster recovery) compared to lower resilience clusters. In 
addition, it is possible that the variability in species distribution 

Fig. 6. Median pre-disturbance structural characteristics across all spectral indexes. Clusters are ranked from 1 to 6 based on decreasing resilience. To facilitate 
interpretation, two color palettes were used to differentiate structural characteristics (pre-disturbance height, cover, basal area, age) and cumulative infestations.
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influenced the spatial distribution of the clusters. For instance, areas 
characterized by a greater proportion of host species may also suffer 
from greater infestation severity (Kneeshaw et al., 2021; Zhang et al., 
2018, 2020), although this may depend on their spatial organization 
(McNie et al., 2023, 2024; Trotto et al., 2025).

The integration of diverse remote sensing products offers an oppor
tunity to capture the spatio-temporal variability of key forest properties, 
such as structure and physiological processes, including foliage pro
duction and vegetation water content. However, it is essential to assess 
the complementarity of these data sources and determine which pro
vides the most relevant insights. In our analysis, we used GNDVI to track 
changes in greenness and browning as infestations progressed across the 
landscape. This is important as infestations target foliage in the canopy 
and responses are readily observable from space (Donovan et al., 2021). 
MSI was included to assess vegetation water content, a known indicator 
for detecting and characterizing SBW infestations (Donovan et al., 
2021), as it is directly linked to the presence of foliage in the canopy. In 

contrast, NBR was used to capture structural recovery following 
infestations.

5.2. Diverse effects of post-infestation recovery associated with individual 
spectral indexes

Our first objective was to investigate whether spectral indexes 
derived from Landsat surface reflectance composites can capture resil
ience patterns to SBW infestations, recognizing that post-disturbance 
recovery varies in timing and rates depending on the structural and 
functional attributes disturbed (Gatica-Saavedra et al., 2017; Trumbore 
et al., 2015; White et al., 2017, 2022). To do so, we used a set of spectral 
indexes describing different pre-disturbance forest physiological re
sponses of greenness, moisture, and structural characteristics. We 
observed that impact and recovery in the greenness, captured by GNDVI, 
showed the lowest variability across all indexes, ranging between 4 – 
30% in impact and 1.1 – 6.4% recovery rate over five years (Fig. 5). This 

Fig. 7. Representative example of distribution of spectral and pre-disturbance structural characteristics for NBR. Clusters are ranked from 1 to 6 based on decreasing 
resilience. To facilitate interpretation, three color palettes were used to differentiate spectral (impact, recovery rate, perturbation) and structural characteristics (pre- 
disturbance height, cover, basal area, age) and cumulative infestations.
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low variability likely reflects similar growth responses following in
festations, which may accelerate greenness recovery as foliage amount 
and quality change post-infestations (De Grandpré et al., 2022; Piene & 
MacLean, 1999).

Water content in vegetation responded dynamically as the infesta
tion progressed. Short-term effects on water content in vegetation have 
been observed to vary during and after defoliations (Bouzidi et al., 2019) 
as a result of vegetation recruitment and foliage development 
(Deslauriers et al., 2023). Consequently, we may expect water content in 
vegetation to recover at lower rates than foliage production. In our 
analysis, we observed variability in the recovery rates associated with 
vegetation water content (Fig. 5). In particular, MSI showed faster post- 
infestation recovery for clusters 3 and 4 than for lower resilience 
clusters.

Structural recovery, as indicated by NBR, is expected to occur after 
greenness recovery (Smith-Tripp et al., 2024), since understory and 
lateral growth help compensate for tree mortality. In our analysis, we 
found structural recovery rates were generally faster than those for 
vegetation water content, but lower than greenness recovery. The faster 
recovery rates we observed may be due to SBW attacks primarily tar
geting foliage, with limited mortality and thus causing short-term im
pacts on stand structure as affected trees redevelop their crown after the 
attack. Therefore, structural development is suggested to be more 
resilient than vegetation water content, which in turn depends on post- 
infestation foliage production.

5.3. Forest structural characteristics drive resilience responses to 
infestations

Our second objective was to identify what forest structural attri
butes, imputed from Landsat, are mostly involved in resilience mecha
nisms to SBW infestations. We found that stands with lower basal area, 
sparser, and shorter canopies exhibited the greatest resilience to SBW 
infestations over time. Stands characterized by a lower basal area 
(minimum tree height of 7 m) may promote larger and more vigorous 
crowns by releasing competition for light and resources (Bauce & 
Fuentealba, 2013; Gauthier et al., 2015; Power et al., 2024), resulting in 
potentially reduced vulnerability to attacks and a shorter recovery time 
to ongoing defoliations (Brookes, 1985; Colford-Gilks et al., 2012). 
Additionally,

moderate and severe infestations in lower basal area stands may 
potentially result in faster recovery rates than stands with higher initial 
basal area (Colford-Gilks et al., 2012). Consistent with this, we found 
that lower resilience clusters 4 – 6 were characterized by greater cu
mulative infestations on average and lower recovery rates than higher 
resilience clusters.

Pre-disturbance tree height explained a smaller amount of variance 
in the clusters, indicating that height may be less involved in forest 
resilience to infestations over time than other features such as basal area 
and canopy cover (Trotto et al., 2024). Notably, we found that tree 
height varied among high resilience clusters, with cluster 1 associated 
with the shortest and cluster 2 with the tallest canopies. This variability 
may reflect differences in tree height responses to the disturbance 
severity, for example by promoting tree height growth due to reduced 

Fig. 8. Principal component space of spectral and pre-disturbance structural characteristics used in the NBR clustering showing the first two components based on a 
sample of 10,000 pixels per cluster. Red stars represent the centroids of each cluster, while colors represent the assigned resilience ranking. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.)
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competition, or facilitating increases in the complexity of the canopy 
cover over time (Choi et al., 2023; Trotto et al., 2024). Age responses 
also varied across resilience clusters. Mature stands, with a greater 
abundance of dominant and co-dominant balsam fir, may be more 
vulnerable to attacks than younger stands of intermediate host species 
strata (Blais, 1958). This may be due to mature stands showing larger, 
taller canopies that can host a larger SBW population, particularly 
during the early developmental stages (Blais, 1958). However, we found 

that all six clusters were associated with mature stands. Therefore, we 
would expect age responses to be linked with other structural charac
teristics, such as canopy cover and basal area. Thus, changes in canopy 
cover and basal area may have a greater effect on resilience to infesta
tion over time than age alone.

5.4. Study limitations and inclusion of additional explanatory variables of 
resilience

We utilized a two-stage clustering approach to estimate resilience 
from spectral and structural forest attributes. However, capturing 
changes in spectral information associated to SBW infestations remains 
challenging. Candidate pixels for the analysis were selected from the 
AOS, which are known to have accuracy limitations (Thompson et al., 
2007). Since AOS are designed to capture broad-scale patterns in forest 
health, aligning these data products with individual pixels may result in 
mixed spectral responses associated with SBW infestations. Addition
ally, we focused on temporally consistent land cover classes (Hermosilla 
et al., 2022) without incorporating individual species information, as 
these require more careful use (Hermosilla et al., 2024). However, by 
tracking stable coniferous land covers, we were able to identify broad- 
scale patterns of forest resilience to infestations using a combination 
of spectral and structural attributes in a more robust way. Climate data 
were not included in the research, as our objective was to isolate the 
influence of forest structure alone on resilience to SBW. Moreover, 

Fig. 9. View of three focus areas showing the distribution of (A – C) NBR clusters and (D – F) the corresponding impact, recovery rate, and perturbation values in 
2017. At the bottom, red/purple shades are typically associated with higher impact and lower recovery rate (lower resilience), whereas green/cyan shades are 
typically associated with lower impact and higher recovery rate. (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.)

Table 4 
Summary of the percentage of clustered area covered by each cluster by spectral 
index.

Cluster GNDVI ¡
Greenness

MSI ¡ Vegetation water 
content

NBR ¡
Structure

Cluster 
1

77 35 57

Cluster 
2

6 44 20

Cluster 
3

12 11 12

Cluster 
4

1 7 7

Cluster 
5

3 2 3

Cluster 
6

1 1 1
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Sánchez-Pinillos et al. (2019) did not find a statistically significant 
relationship between resilience to SBW infestations and temperature in 
their plot-level study conducted within the same bioclimatic domains. 
Nevertheless, future work should prioritize the inclusion of comple
mentary variables to understand more complex abiotic and biotic in
teractions occurring at eco-regional scales as these can potentially 
influence resilience outcomes over time (Sánchez-Pinillos et al., 2019).

6. Conclusions

This study provides a spatially explicit assessment of forest resilience 
to SBW infestations using three decades of Landsat surface reflectance 
data. By quantifying the impact and recovery of key spectral indexes, we 
demonstrate that forest resilience is influenced by pre-disturbance 
structural attributes, including canopy cover, height, basal area, and 
age. Notably, stands characterized by lower basal area with sparser and 
shorter canopies exhibited greater resilience over time. Impact and re
covery rates also varied by physiological process, with greater resilience 
observed in greenness, followed by structural development and vege
tation water content. These findings underscore the importance of 
integrating forest structure and spectral information into resilience as
sessments and offer valuable insights for the development of manage
ment strategies aimed at enhancing the resilience of boreal forests under 
increasing SBW pressure.
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