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Abstract

Forest disturbances are accelerating biodiversity loss and altering tree productiv-

ity worldwide. Post-disturbance recovery time, a component of resilience, is

critical for identifying vulnerable areas and targeting conservation but varies

with environmental conditions. Monitoring recovery at scale requires tracking

tree dynamics, yet traditional ground-based approaches are resource-intensive.

We present a pipeline to parameterize integral projection models (IPMs) using

LiDAR data and hyperspectral-based species maps to assess post-fire recovery

across large, forested areas. Focusing on the fire-adapted Picea mariana, we

model passage times to reproductive heights and life expectancy under different

fire regimes as indicators of recovery time. To do this, we combined

hyperspectral-based species maps and LiDAR-based crown heights to track indi-

vidual tree survival and growth at the Caribou-Poker Creek Research Watershed

(BONA) from 2017 to 2023. We incorporated fire history, aspect, slope, eleva-

tion and surrounding canopy height into our models and found partial support

for their expected effects on survival and growth. Once accounting for topogra-

phy and competition, we estimated passage times to reproductive maturity

(11–22 years). Life expectancy in the absence of fire is shortest on North-facing

slopes with recent fire (581 years). Sensitivity analyses highlight fire history and

aspect as key modulators of population resilience, with elevation exerting strong

influence on life expectancy across all conditions. Our results demonstrate that

remotely sensed IPMs can effectively quantify forest recovery at scale, revealing

that in some contexts, stands of P. mariana may not recover between fire dis-

turbances. We discuss the implications of these findings for advancing model-

ling of resilience and highlight both the challenges and opportunities of using

LiDAR and hyperspectral data to build demographic models for forecasting for-

est dynamics.

Introduction

Forest disturbances, such as pests, drought and fires affect

the composition and function of forests (Canelles

et al., 2021; Hammond et al., 2022; Roces-Dı́az

et al., 2022). Predicting resilience, the ability for tree

populations to absorb and respond to such disturbances

(Holling, 1973; Pimm, 1984), however, is challenging.

The characteristics of resilience, including resistance to

the disturbance, potential recovery time and potential dis-

placement to an alternative stable state (sensu May, 1977),

can be specific to a species and given environmental con-

ditions. Demographic analyses offer a robust way to

translate the vital rates (e.g., survival, growth) of individ-

ual trees in particular conditions into estimates of demo-

graphic resilience to disturbances (Capdevila et al., 2020).

However, demographic data on individuals are difficult to

acquire over large spatial domains, further challenging
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our ability to link disturbances that can span regions to

projections emerging from the collective response of indi-

vidual trees (Battison et al., 2024; Ma et al., 2023; Rosen

et al., 2025; Stovall et al., 2019).

Remote sensing technology, including hyperspectral imag-

ery and light detection and ranging (LiDAR), has accelerated

the monitoring of forest disturbances (Cavendar-Bares

et al., 2020; Fassnacht et al., 2024). Indeed, repeat airborne

LiDAR acquisitions can now be used to track changes in tree

canopies over thousands of hectares at a very high spatial res-

olution (1–4m2) (Jucker, 2022). While aerial laser scanning

has been previously utilized to understand canopy-level

effects of disturbances (Choi et al., 2023; Cushman

et al., 2021), improvements in individual tree detection

methods (Cao et al., 2023; Dalponte & Coomes, 2016) have

opened the opportunity to track trees through time (Battison

et al., 2024; Beese et al., 2022; Duncanson & Dubayah, 2018).

The advances in LiDAR technology, uptake and availability

have led to greater repeatability and increased spatial cover-

age, which overcomes the major time and labour constraints

of classical approaches to collecting field data (Fischer

et al., 2025; Salguero-Gómez & Gamelon, 2021). Further-

more, the differences in the reflectance spectra of different

tree species can be used to identify specific populations, espe-

cially in low-diversity landscapes (Dalponte & Coomes, 2016;

Scholl et al., 2020; Weinstein et al., 2024). The large sample

sizes resulting from remote sensing approaches (e.g., combin-

ing laser scanning for tree measurements and hyperspectral

for species mapping) offer data for analyses at the spatial

scales of many disturbance events.

Structured population models parametrized with demo-

graphic LiDAR data can estimate how disturbances affect

vital rates like survival, growth and reproduction. Indeed,

ecologists use these models to examine the effects of habitat

fragmentation (Zambrano & Salguero-Gómez, 2014), patho-

gens (Needham et al., 2016), or climate change (Kunstler

et al., 2021) on forest dynamics. In their standard version,

integral projection models (IPMs hereafter; Easterling

et al., 2000; Ellner & Rees, 2006), a form of structured popu-

lation model, describe the temporal changes in population

distribution of individuals as a function of a continuous trait

that predicts vital rates (Merow et al., 2014). Historically,

tree-structured population models (including IPMs) have

used diameter at breast height (DBH) to predict vital rates

(Metcalf et al., 2009; Needham et al., 2016, 2018; Ohse

et al., 2023; Salguero-Gómez et al., 2015). However,

LiDAR-derived traits, like tree height, can also predict pro-

ductivity, competition and mortality (Jucker et al., 2017;

Maynard et al., 2022; Zuleta et al., 2022). Additionally, as

IPMs can incorporate a/biotic factors in their

regression-based vital rate models (Ellner & Rees, 2006;

Merow et al., 2014), they can estimate population responses

to disturbances. Still, the fields of remote sensing, using

hyperspectral and LiDAR data, and population ecology,

using IPMs, have independently investigated the effect of

disturbances on forests. Combining these approaches offers

a way to parameterize the detail of a population model with

the spatial extent of remote sensing (Rosen et al., 2025).

In boreal forests, the increasing frequency of the histor-

ically regular wildfires (Chapin et al., 2006; MacDonald

et al., 1991) is compromising their ecological integrity

(Palm et al., 2022; Tollefson, 2024), even among

fire-adapted tree species (Whitman et al., 2019). Here, we

focus on black spruce, Picea mariana (Mill.) B. S. P.,

which dominates North American boreal forests. The

conifer species’ dominance is mainly attributed to high

post-fire replacement, as P. mariana has semi-serotinous

cones (Fryer, 2014). However, shorter fire intervals limit

time to reproductive maturity, limiting recruitment

(Brown & Johnstone, 2012; Johnstone et al., 2020). Inte-

rior Alaska’s historical fire interval was every 100–-
150 years (Fryer, 2014), aligning with peak P. mariana

cone production at 100–200 years (Splawinski

et al., 2022). Now, intervals can be as short as 50 years

(Buma et al., 2022). When P. mariana recruitment is low,

wind-dispersing species, like white spruce (Picea glauca)

and Alaskan birch (Betula neoalaska) establish instead

(Johnstone et al., 2020), altering carbon and nutrient

cycling (Melvin et al., 2015) and understory vegetation

(Hart & Chen, 2006). The regeneration of P. mariana is

related to its height, as taller individuals produce more

cones (Simpson & Powell, 1981). In the absence of fire,

mortality mainly results from windthrow and

permafrost-related waterlogging, both reducing height

(Dearborn et al., 2021; Elie & Ruel, 2005). These traits

make P. mariana ideal to model its vital rates as a func-

tion of height in IPMs (Easterling et al., 2000).

Here, we quantify the impacts of fire on the survival and

growth of black spruce, Picea mariana, via IPMs parameter-

ized with LiDAR data and a hyperspectral-based species map

(Fig. 1). Across 26 km2 of Alaskan boreal forest, we examine

how forest patches with different fire history inform which

fire intervals are in/compatible with post-disturbance recov-

ery. We test the following hypotheses:

H1

Lower surrounding canopy height (SCH), lower elevation

and less steep slopes will be favourable for individual sur-

vival and growth. Such conditions may support survival

and growth because of the decrease in competition

(Carleton & Wannamaker, 1987), increase in temperature

(Fryer, 2014), and increase in ground stability (Nicoll

et al., 2005), respectively. To test H1, we constructed

regression models of survival and growth, using height

and environmental variables as predictors.
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H2

The longest passage time will occur in stands without

recent fire history on North-facing slopes, since trees in

these patches likely experience higher density dependent

competition combined with limited light availability

(Carleton & Wannamaker, 1987; Nath & Ni-Meister, 2021;

Van Cleve et al., 1986). To test H2, after integrating the

IPMs with the regression models chosen from testing H1,

we calculated passage time, a proxy of resilience that

relates to the speed of recovery of a population

post-disturbance (Capdevila et al., 2022).

H3

Life expectancy should be longest on slopes with recent fire

history because the recent fire likely cleared the canopy (P.

mariana is highly flammable; Cronan et al., 2012), replaced

by new recruits. To test H3, we used the same IPMs from

testing H2 to also calculate life expectancy, another proxy of

resilience that relates to the speed of recovery of a population

post-disturbance (Capdevila et al., 2022).

H4

Passage time and life expectancy will be most sensitive to

elevation where there is increased light availability at

higher elevations. Taller P. mariana individuals have been

found at higher elevations on South-facing slopes (Nath

& Ni-Meister, 2021). To test H4, we performed a sensitiv-

ity analysis of passage time and life expectancy in relation

to elevation, slope steepness and SCH.

Materials and Methods

Site selection with remote sensing data

To understand the resilience of Picea mariana in different

environmental conditions, we built IPMs parameterized with

LiDAR-based height change and hyperspectral-based species

Figure 1. An overview of the integration of RGB, hyperspectral, and LiDAR (light detection and ranging) data acquisition implemented here to

estimate the time to a target height and life expectancy in a forest population of Picea mariana. (A) Here, to model the time required for boreal

forests to recover from fire, we located P. mariana using Weinstein et al.’s (2024) species map, which used RGB imagery and hyperspectral

imagery to train a machine learning model to detect individual trees in the upper canopy and identify them to species level. Next, we quantified

the survival and growth of 42,816 individuals of P. mariana using LiDAR censuses between 2017 and 2023. (B) We then integrated the models of

survival and growth into integral projection models (IPMs), explicitly including environmental descriptors of fire history and terrain aspects. We

estimated (C) passage time, defined as the time to grow from 4m to 5.78 m, which is equivalent to a 10-fold increase in cone count (Simpson &

Powell, 1981), and mean life expectancy. The faster P. mariana can increase cone count, the more likely the stand will recover and recruit new

individuals post-fire. For both passage time and life expectancy, we examined how sensitive the life history traits are to small perturbations in key

environmental drivers for each of the three IPMs: elevation, slope steepness, and surrounding canopy height.
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maps. We used National Ecological Observatory Network

data (NEON, 2025a, 2025b, 2025c) at the Caribou-Poker

Creek Research Watershed (BONA site, Alaska, USA)

acquired in 2017 and 2023 (See Table S1 in Supplementary

Materials for LiDAR scan characteristics). By remotely detect-

ing survival and growth of individuals we parameterized IPMs

(Section 1) and estimated passage time and life expectancy

(Section 2). To select areas within the 26 km2 scan overlap

(Fig. 2B and C), we aimed to include patches with different

fire history (either within the FROSTFIRE 1999 experimental

fire patch, or the last fire occurred before 1940; Bureau of

Land Management, n.d., Hinzman et al., 2003), elevations

and aspect that are dominated by P. mariana (Fig. 2 tiles 1–6,
totalling 5.5 km2). See Section 1 in the Supplementary Mate-

rials for full details about the tile selection criteria.

To locate P. mariana-dominated areas to track survival

and growth in, we utilized a hyperspectral-based species

map. The upper canopy of the BONA site includes Alaskan

birch (Betula neoalaskana), white spruce (Picea glauca) and

trembling aspen (Populus tremuloides). The former two spe-

cies are wind-dispersing species that have previously out-

competed P. mariana when given inadequate recovery time

(Johnstone et al., 2020). Briefly, Weinstein and colleagues

used 1 m2 resolution hyperspectral reflectance and geolo-

cated field data to build a machine learning model that

assigned species-IDs to tree crowns segmented with 10 cm2

resolution RGB imagery (Weinstein et al., 2020, 2024). The

BONA site had an 82% ‘micro-accuracy’ (indication of per-

formance in labelling the more common species), which is

the third highest site score out of 23 NEON sites (see tab. 2

of Weinstein et al., 2024).

Building IPMs with LiDAR data

Estimating survival and growth from individual
tree height

To estimate survival and growth, we measured height

change between 2017 and 2023 using crown polygons

segmented from a 2017 canopy height model (CHM)

within P. mariana-dominated areas of the

hyperspectral-based species map. From the Weinstein

et al. (2024) hyperspectral-based species map, we aggre-

gated tiles to 50 m2 grid cells labelled by species domi-

nance (Fig. 2E), overlaid the 2017 CHM crown

segmentation (see below), and retained trees within P.

mariana-dominated cells (Fig. 2F). We included only

crowns ≥3 m2, ensuring height estimates were informed

by at least four CHM pixels and minimizing errors due

to CHM misalignment. We set the minimum individual

tree height to 4 m because the ability to accurately detect

the crowns of smaller trees is limited in general with

LiDAR, as these are occluded by larger neighbours (Batti-

son et al., 2024; Dalponte & Coomes, 2016; Cao

et al., 2023; see Table S1 for LiDAR scan statistics). The

final dataset contained 42,816 individuals over 4 m tall in

2017 (mean height= 6.93 m, mean crown

area= 8.01 m2).

To delineate individual tree crowns, we used the Dal-

ponte and Coomes (2016) segmentation algorithm, which

operates faster than other options (Cao et al., 2023). The

algorithm identifies local maxima, expands the crowns

based on a given window size, and segments crown

boundaries. We used a 1 m resolution CHM generated

with the ‘highest’ algorithm, a data product from Fischer

et al. (2024), which is designed to reveal upper canopy

treetops. See Section 2 of the Supplementary Materials for

full details about the algorithm fine tuning and how accu-

racy was assessed. Briefly, we found 24.4% of autoseg-

mented trees with a crown area of at least 3 m2

overlapped with manually segmented trees (211 out of

the 863 manually segmented trees in a 150 m × 500 m

strip).

To measure tree height as a proxy for survival and

growth, we extracted the maximum CHM height within

each tree polygon. We classified an individual as dead if

its height decreased by ≥50% between 2017 and 2023.

While past studies applied a 30% threshold, we used a

Figure 2. We brought together data from multiple sources, including a machine learning-based species map reliant on RGB and hyperspectral

data, and satellite fire history, to locate Picea mariana individuals across a topographic gradient for model parameterization. Maps of the LiDAR

scan perimeter (dark blue) in 2017 and 2023 over different maps. In the (A) Alaska map, the LiDAR scan location is marked with an ‘X’ at the

Caribou-Poker Creek Research Watershed (BONA), near Fairbanks. (B) The species map shows the upper canopy species predictions (Weinstein

et al., 2024) and (C) the elevation map shows the topography (Fischer et al., 2024) at the BONA site. The six tiles (numbered in B) within the

scan perimeter indicate the selected areas that were examined in 2017 and 2023. Note: tile 5 was experimentally burnt in 1999 (FROSTFIRE;

Hinzman et al., 2003) and was cropped to only include trees within the fire patch (300m � 400m) while the other five remained 1 km � 1 km.

The blue rectangle shows the overlapping LiDAR scans in 2017 and 2023. The 1999 fire perimeter (red polygon) is derived from satellite imagery

(Alaskan Wildland Fire Information Map Series). Zooming in on tile 6, we illustrate the individual species labelled tree crowns over (D) RGB

imagery based on analyses by Weinstein et al. (2024). From the species labelled tree crown map, we then (E) aggregated to a 50 m2 resolution

with each grid cell labelled by species dominance, and (F) overlayed the LiDAR-based tree crown segmentation and filtered for trees only in P.

mariana-dominated grid cells (pink).

ª 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 581

J. McLean et al. Forest Population Models Using Repeat LiDAR



more conservative threshold to account for inter-census

variability in CHM-derived height (Battison et al., 2024;

Duncanson & Dubayah, 2018; Ma et al., 2023). We used

CHMs calculated from the ‘spikefreel’ algorithm from

Fischer et al.’s (2024) data products, designed to make

CHMs acquired at different pulse densities ([ 2 pulses

per m2; See Fig. 2 of Fischer et al., 2024) directly compa-

rable (See Table S1). The CHMs were produced based on

the Digital Terrain Model of the same year (DTM; Fischer

et al., 2024). See Section 3 of the Supplementary Materials

for full details about the height change, mortality rate

observed, comparison to NEON ground data and canopy

height maps.

We carried out spatial analyses and statistical modelling

on R version 4.3.2 (R Core Team, 2023). We implemen-

ted the spatial data processing using the lidR (Rous-

sel, 2025; Roussel et al., 2020), sf (Pebesma, 2018) and

terra R packages (Hijmans et al., 2024) for individual tree

crown segmentation, vector data (tree crowns) and raster

data (CHMs and DTMs), respectively.

Quantifying environmental drivers

We quantified each environmental driver to investigate

(H1–H3) their effect on survival and growth. Recent fire

was a binary factor, with ‘no’ for individuals outside of

the 1999 fire patch. From the 2017 DTM (Fischer

et al., 2024), we extracted the mean elevation for each

tree and derived aspect and slope maps using the R terra

package (Hijmans et al., 2024). For aspect, we

cosine-transformed the map from a 360° scale to �1 to 1

scale to focus on North and South aspect, respectively

(Beese et al., 2022). Lastly, we measured the Surround

Canopy Height (SCH; Battison et al., 2024; Krause &

Lemay, 2023), which is the average height within a 15 m

buffer around each tree. Our findings were robust to the

choice of SCH radius (see Section 4 of the Supplementary

Materials).

To also consider if height changes may be due to dif-

ferences between the point density of the scans in 2017

and 2023, we determined the Relative Change in Point

density (RCP, Eq. 1) for each individual tree. The average

point density in 2023 was approximately fourfold higher

than in 2017 (20.1 pts/m2 in 2023, 5.12/m2 in 2017;

Fischer et al., 2024). To measure RCP, we used a relative

metric because higher point densities plateau to a stable

height measurement (Hawryło et al., 2024). A description

of all environmental covariates derived from remote sens-

ing data is found in Table S2.

RCP=
point density 2023�point density 2017ð Þ

point density 2017
(1)

Selecting and integrating vital rate models into
IPMs

To estimate passage time and life expectancy, we parame-

terized IPMs (see Coulson, 2012; Rees et al., 2014; Ellner

et al., 2016 for an introduction). IPMs are demographic

models that describe changes in the structure of a popula-

tion along a continuous trait (here, tree height) in dis-

crete time. The integration of survival and growth models

into the IPM framework produces a two-dimensional P

kernel (Ellner et al., 2016). IPMs often contain an F ker-

nel, which describes the recruitment of new individuals to

the population (Easterling et al., 2000; Ellner &

Rees, 2006). However, only survival and growth are nec-

essary to test our hypotheses (but see Discussion; Merow

et al., 2014; Metcalf et al., 2013). Our P kernel tracks pro-

gression of the structure of a P. mariana population, n,

between a range of possible heights, from the lower (L) to

upper (U) bounds of the integral defined by Equation 2,

to the next time step in the censused data (here

t+ 6 years):

n y, t þ 6ð Þ=
Z U

L

P y, xð Þn x, tð Þ dx (2)

The P kernel (Eq. 3) is composed of the s survival func-

tion (probability of survival for a given height x in time

t) and the g growth function (the probability that a tree

of a given height x in time t will grow to a given height y

in t+ 6). For more details about IPM midpoint integra-

tion, including determination of the bounds of the P ker-

nel integral (Eq. 2) and choice of meshpoints, see Section

5 of the Supplementary Materials.

P y, xð Þ= s xð Þg y, xð Þ (3)

Before model construction, we checked for multicolli-

nearity in the model predictors. We calculated Pearson’s

correlation coefficient (ρ) between all model predictors to

exclude one of the two variables involved in pair-wise

correlations raising |ρ| [ 0.6, following Beese

et al. (2022). The highest correlation coefficient was below

this threshold though: between slope steepness and eleva-

tion (ρ=�0.56) and SCH and height (ρ= 0.58) (See

Fig. S7).

To test H1 on the effects of environmental drivers on

survival and growth and to select the models for the IPMs

(H2–H4), we started with the most complex additive

models given our hypotheses. We modelled survival prob-

ability in the examined period as a binomial logistic

regression of height (x, log-transformed; Eq. 4) and we

modelled growth as the change in height of surviving

individuals (Eq. 5). The final models were polynomial

(logistic, for survival) regressions, including a quadratic
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term for height, an intercept shift for individuals on

North-facing slopes (North) or individuals inside a stand

burnt in 1999 (Fire) and four environmental covariates

(Elevation, Steepness, RCP and SCH). For each environ-

mental covariate, we used the mean value across the data-

set (e.g., Elevations; See Section 8 of the Supplementary

Materials) multiplied by its slope estimate, indicated by

the hat (e.g., bes). Full summaries of the selection process

and model estimates can be found in the Supplementary

Material (Sections 9–11). To account for uncertainty in

LiDAR-derived height, we quantified the error in the

mean growth function (ε) following Clark (2003), as

detailed in Section 11 of the Supplementary Materials.

We conducted ANOVA analyses and the results of the

F-test for the environmental drivers of growth were sum-

marized using the library ‘report’ (Makowski et al., 2025).

logit s xð Þ½ �= aþ bsx þ csx
2 þ Norths þ Fires þ Elevationsbes

þSteepnesssbss þ RCPs
dRCPs þ SCHs

dSCHs (4)

g y, xð Þ= ag þ bgx þ Northþ Fireþ Elevationgbeg þ
bsg þ RCPg

dRCPg þ SCHg
dSCHg þ ε (5)

We altered the recent fire history and aspect conditions

in the survival and growth models when we integrated

the IPMs to compare their outputs. The same survival

and growth functions were used to build all three IPMs

(Eqs 4 and 5 integrated as in Eq. 3) but differed in inter-

cepts for fire history and aspect. The resulting three IPMs

were two North-facing (1) with or (2) without recent fire

history, and one additional IPM with (3) South-facing

without recent fire history. We did not parameterize an

IPM with recent fire and South-facing slope, as this com-

bination of conditions does not exist at the BONA site

during the monitored period. The final integrated IPM

kernels are also presented in the Supplementary Material

in Section 12. Because of the 6-year interval between cen-

suses, the outputs of passage time and mean life expec-

tancy were multiplied by six, so the final outputs are in

the units of years.

Calculating passage time and life expectancy from
IPMs

To test our hypothesis (H2) that the longest passage times

occur on North-facing slopes without recent fire history,

we compared the IPM-derived passage times, that is, the

time elapsed for individuals of a given height to achieve a

target height (Merow et al., 2014). Our passage time of

interest was between 4 m, the shortest tree height in our

dataset extracted from the 2017 CHM, to 5.78 m, the tar-

get height corresponding to a 10-fold increase in cone

production compared with a 4 m tall individual tree,

according to the height to cone count regression mod-

elled by Simpson and Powell (1981). Taller trees may

have a higher chance at self-replacement (Simpson &

Powell, 1981; Viglas et al., 2013). Using 5.78 m as the tar-

get height also prevents extrapolation outside the maxi-

mum height observed in the fire patch (See Section 13 of

the Supplementary Materials). To estimate passage time,

we initialized a population vector with 1,000 individuals

in the starting height class and applied the P kernel itera-

tively until the population mean reached the target

height, allowing for linear interpolation. We performed

1,000 bootstraps, each sampling 95% of the data, to esti-

mate standard deviation.

To test the hypothesis (H3) that life expectancy is high-

est on slopes with no recent fire history, regardless of

aspect, we used the Rage R package (Barks et al., 2023;

Jones et al., 2022). Life expectancy was defined as the

mean age at death for individuals, conditional on having

reached 4 m tall, the shortest height observed with LiDAR

in this study. Because no fires occurred between censuses,

these estimates reflect life expectancy in the absence of

fire. To understand the variance of mean life expectancy

between environmental conditions, we bootstrapped 95%

of the individual trajectories 1,000 times. We calculated

standard errors from these bootstraps to detect significant

differences in mean life expectancy and performed a

one-way ANOVA followed by a post hoc HSD Tukey test.

For both life expectancy and passage time, we con-

ducted a sensitivity analysis to test (H4) that these traits

are most sensitive to elevation, with higher sensitivity on

North-facing slopes. For each of the three IPMs, we per-

turbed the three environmental drivers (elevation, slope

steepness and SCH) using the ‘brute force’ method (sensu

Morris & Doak, 2002). We increased each parameter’s

slope coefficient by 1% individually and recalculated pas-

sage time and life expectancy. We then quantified sensi-

tivity by comparing the new estimates with the original

mean values of passage time and life expectancy.

Results

Environmental drivers of survival and
growth

We found support for our hypothesis (H1) that certain

environmental conditions would influence the survival

and growth of individuals of P. mariana, but not always

in the direction we expected (Table 1). It is worth noting

that, in both models of survival and growth, the slope

estimates are quite small for the overall regression slope,

but that their significant differences and the Aikaike

Information Criterion (AIC) comparison support their

importance to the model in improving population
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forecasts (Tables S3-S9; Tables S4 and S7 for coefficient

values for survival and growth, respectively). Regarding

the odds ratio and ANOVA analyses, lower slope steep-

ness (i.e., flatter terrain) has a positive effect on both sur-

vival (OR= 0.816, 95% CI= [0.726, 0.918]) and growth

(F1,42463= 141.412, P\ 0.001; Eta2 (partial)= 0.0003,

[0.0002, 1.00]). Contrary to our hypothesis, though,

increases in elevation and SCH have a positive effect on

both survival (Elevation: (OR= 1.296, 95% CI= [1.137,

0.918]; SCH: OR= 4.680, 95% CI= [3.786, 5.838])) and

growth (Elevation: (F1,42463= 11.679, P\ 0.001; Eta2

(partial)\ 0.001, [0.000, 1.000]); SCH:

(F1,42463= 3823.953, P\ 0.001; Eta2 (partial)= 0.08,

[0.080, 1.000])). Full odds ratio and ANOVA analyses for

all parameters of the survival and growth models are

available in the Supplementary Online Materials in Sec-

tions 9 and 10, respectively.

Passage time and sensitivity analysis

As we had expected (H2), the longest passage time occurs

in stands without recent fire history on North-facing

slopes. In Figure 3, the passage time from 4m to the tar-

get height is the starting point of each line, with passage

time decreasing as the starting height approaches the tar-

get height. Specifically, stands located on North-facing

slopes without recent fire history have a passage time of

22.21 years (� 0.15 SD) from 4m to the target height.

The passage times from 4m to the target height in other

conditions are lower, with a passage time of 16.22 years

(� 0.14) on South-facing slopes without recent fire his-

tory and 11.65 years (� 0.08) for sites with recent fire his-

tory on a North-facing slope.

We did not find support for our hypothesis (H4) that

passage time would be most sensitive to elevation. Indeed,

across all combinations of environmental conditions,

increases in the elevation slope parameter correspond to

shorter passage time, as mediated by its effects on survival

and growth (Fig. 5A–C). However, passage time is most

negatively sensitive to SCH, as mediated by its effect on

growth (Fig. 5B). The negative sensitivity of passage time

to perturbations across all environmental drivers is most

extreme for the no recent fire and North-facing combina-

tion, followed by no recent fire, South-facing, and the

least sensitivity in the recent fire and North-facing

conditions.

Life expectancy and sensitivity analysis

Contrary to our third hypothesis (H3), life expectancy is

estimated to be much longer in stands located on slopes

without recent fire history, rather than with recent fire

history. The conditions of recent fire on a North-facing

slope result in a mean life expectancy of 581 years

(� 1.80 S.E.), while no recent fire history stands on

North- and South-facing slopes raise a mean life expec-

tancy of 1,192 years (� 1.37) and 1,556 years (� 1.92),

respectively (Fig. 4). The one-way ANOVA confirms a

significant difference in the mean life expectancies

between at least two of the groups (F2,2997= 82747.95,

P\ 0.001; 95% CI [0.980, 1.000]). Furthermore, in the

post hoc Tukey test, all possible comparisons between

two groups are significantly different (adjusted p-values

for each comparison \ 0.050).

We found support for our fourth hypothesis (H4) that

life expectancy should be highly sensitive to elevation.

Indeed, elevation was the primary driver of life expec-

tancy via its effects on growth across all environmental

conditions (Fig. 5D–F). The negative sensitivity of life

expectancy to perturbations across all environmental

drivers is most extreme for the no recent fire and

Table 1. All five environmental drivers examined in this study predict

the survival and growth of Picea mariana individuals between 2017

and 2023, as shown by Odds Ratio calculations for survival (A) and by

ANOVA analysis (B) for growth.

A

Environmental driver Std Ratio 95% CI

Aspect 0.431 [0.294, 0.622]

Slope steepness 0.816 [0.726, 0.918]

Elevation 1.296 [1.137, 1.477]

Recent fire 2.443 [1.227, 5.791]

Surround Canopy Height 4.680 [3.786, 5.838]

B

Environmental

driver Df F value P value 95% CI

Aspect 1 3733.624 <0.001*** [0.08, 1.00]

Slope steepness 1 141.412 <0.001*** [2.47e-03, 1.00]

Elevation 1 11.679 <0.001*** [7.40e-05, 1.00]

Recent fire 1 194.488 <0.001*** [3.55e-03, 1.00]

Surround Canopy

Height

1 3823.953 <0.001*** [0.08, 1.00]

Note: We calculated the environmental drivers in the same way for

both models: elevation is the high above sea level (m) which we

derived from the 2017 digital terrain model (DTM); slope steepness is

the percentage change in the DTM, aspect is a binary variable of

either North- or South-facing, again derived from the 2017 DTM; sur-

round canopy height (SCH) is the average height of the canopy within

a 15m radius of the tree, which we derived from the 2017 canopy

height model (CHM); and recent fire history was assigned to trees

growing inside the 1999 fire patch, as provided by an Alaska Wildland

Fire Information Map Series shapefile. Full model summaries including

all model parameters and associated analyses can be found in the

Supplementary Online Materials in Sections 9–11.
***P< 0.001.
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South-facing combination, followed by no recent fire,

North-facing and the least sensitivity in the recent fire

and North-facing conditions.

Discussion

Anthropogenic disturbances, including pests, drought and

fires, threaten tree longevity (Cobb et al., 2017) and

global forest productivity (Hogan et al., 2024; Morin

et al., 2018). To maintain forest biodiversity and ecosys-

tem services (Brockerhoff et al., 2017; Mo et al., 2023),

we urgently need to identify which forests are least resil-

ient – and to what disturbances – to inform management

strategies (Ibáñez et al., 2019; Thorogood et al., 2023).

However, the survival and growth rates of trees can vary

greatly among and within species (Bialic-Murphy

et al., 2024; Drobyshev et al., 2013) and across environ-

mental conditions (McMahon et al., 2010; Ohse

et al., 2023). To overcome this challenge, we parameter-

ized LiDAR-based integral projection models (IPMs; East-

erling et al., 2000) to examine the drivers of passage time

and life expectancy of Picea mariana, a species vulnerable

Figure 3. Trees with recent fire history on North-facing slopes have the fastest recovery time to heights of higher chances of self-replacement.

The passage times of an individual of Picea mariana from 4m tall to the target height of 5.78 m (black vertical line) informs the time required for

the boreal forest to recover before fire returns as ten times increase in cone count. The target height is represented as the black vertical line on

the right of the graph, as well as the horizontal line above each tree at the bottom of the figure. Across all combinations of fire history and

aspect conditions, as the starting tree height gets closer to the target height, the years to reach the target height decrease. The shaded areas

correspond to 2 S.D. around the mean passage time.

ª 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 585

J. McLean et al. Forest Population Models Using Repeat LiDAR



to increasing fire frequency (Brown & Johnstone, 2012;

Johnstone et al., 2020).

The stands modelled on North-facing slopes recently

affected by fire produced the shortest passage time and

life expectancy, suggesting a trade-off in resilience charac-

teristics. Such conditions may expect to increase their

cone production 10-fold (i.e., from 4m to 5.8 m height;

Simpson & Powell, 1981) in less time than stands without

recent fire history. This aligns with the finding that a site

burnt in 2004 in interior Alaska, stands of P. mariana

grew faster on burnt than unburnt sites (Tsuyuzaki

et al., 2014). While we had hypothesized that such condi-

tions would also support longer life expectancy, we found

the opposite. Instead, the finding aligns with the general

life history pattern of the fast-slow trade-off, which is well

documented in trees (Rüger et al., 2020), and more

broadly the Plant Kingdom (Salguero-Gómez

et al., 2016). Slower growth may support higher wood

density and the mechanical strength to resist breakage/

mortality by snowfall or wind (Chave et al., 2009; Elie &

Ruel, 2005). Mature stands were found to have greater

viable seed rain after fire in Canada’s Northwest Terri-

tories (Reid et al., 2023), so understanding what condi-

tions support life expectancy in a trade-off with passage

time is important. Shorter life expectancy in recently

burnt stands may also be explained by phenomena of

self-thinning (Reineke, 1933), as has been observed in

stands of P. mariana in Ontario, Canada (Carleton &

Wannamaker, 1987).

In using remote sensing data for ecological monitoring,

we must interpret our results in the context of potential

data limitations. In our case, tree crowns smaller than 3

m2 were not included, and the segmentation algorithm

struggled to detect small crowns generally. Even so,

crowns smaller than 3m2 are not reliable for LiDAR

height tracking with a 1 m2 resolution CHM because

pixel-level noise may obscure height changes relative to

larger crowns informed by more pixels. In forests domi-

nated by small crowns, higher resolution CHMs, like

LiDAR acquired from drones flown closer to the canopy

with high pulse densities, could help overcome this chal-

lenge (Savinelli et al., 2024). Also, plot data could be uti-

lized to ground truth crown detection, height change and

mortality. Our dataset and subsequent analyses are biased

to larger crown trees, meaning that our findings reflect

the biology of trees that perhaps have faster passage times

or longer life expectancies. Future work to capture more

heterogeneity within the population could produce more

accurate estimates of passage time and life expectancy,

but our findings still reflect the relative impact of envi-

ronmental conditions on proxies of resilience. Lastly,

though we only track a subset of trees (n � 42,800 in

5.5 km2), utilizing LiDAR allows for replication and spa-

tial coverage to examine the role of multiple environmen-

tal variables at a scale that would not be possible with

field plot data alone.

Incorporating recruitment data into our

LiDAR-parameterized IPMs will further inform our

Figure 4. Life expectancy of Picea mariana varies significantly across patches exposed to different aspects (South vs. North) and fire history.

Specifically, in more recently burnt stands, individuals do not live as long as those in a not recently burnt stand of the same height. Letters

correspond to a post hoc Tukey test, where groups not sharing the same letter are statistically significantly different at P< 0.05.
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understanding of long-term indicators of resilience of for-

ests. To do so, one would need to estimate reproduction

of established individuals as well as the survival and

growth of seedlings to the threshold of 4 m height, where

LiDAR products can better detect canopy trees (Cao

et al., 2023; Dalponte & Coomes, 2016). Importantly

though, being taller is not required for black spruce to

produce cones, though taller individuals bear more cones

(Simpson & Powell, 1981). With fecundity well parame-

terized in IPMs, one can then also quantify resistance

(the lowest the population density reaches post-

disturbance) and amplification (the largest the population

density reaches post-disturbance), key components,

together with recovery time, of demographic resilience

(Capdevila et al., 2020). The integration of multi-sensed,

multiplatform data acquisition techniques and pertinent

in situ validation paints an exciting future at the interface

of novel technologies and ecological monitoring in forests

(Qi et al., 2025; Rosen et al., 2025).

The resilience of forests to anthropogenic disturbances

depends on the environmental conditions to which popu-

lations have become adapted for survival and growth

(Ibáñez et al., 2019). Our analyses reveal that life history

traits that aid disturbance recovery, including shorter pas-

sage time to heights of higher reproductive viability and

longer life expectancy, are mediated by elevation, SCH

and slope steepness. Our pipeline integrates

hyperspectral-based species maps and LiDAR-derived tree

heights, increasing the power of population dynamics

models to observe across environmental variation. In

combining demographic and environmental data, includ-

ing LiDAR-derived estimates for larger individual trees,

we can better understand global forest trends. We encour-

age the research community to apply our pipeline to

Figure 5. Passage time and life expectancy of Picea mariana under the three considered environmental conditions vary in sensitivity to the three

environmental drivers: elevation, surrounding canopy height (SCH), and steepness, in both the vital rates of survival and growth. The

environmental conditions modelled are: No recent fire, South-facing (A and D); No recent fire, North-facing (B and E); Recent fire, North-facing (C

and F). All three environmental conditions have a negative sensitivity to all environmental drivers via contributions of both survival and growth for

both passage time and life expectancy. The environmental conditions with the highest sensitivity to any perturbation in environmental drivers for

passage time are no recent fire on a North-facing slope (Panel B), while the environmental conditions with the highest sensitivity to any

perturbation in environmental drivers for life expectancy are no recent fire on a South-facing slope (Panel D). Negative sensitivity means that

when the environmental driver (elevation, SCH, steepness) is increased by a small amount, the passage time/life expectancy decreases. Shorter

passage times could result from an increase in survival and an increase in growth. For example, in the case of passage time, a negative sensitivity

to an environmental parameter via the contribution of growth refers to a faster growth rate as that would reduce passage time. In the case of

life expectancy, a negative sensitivity to an environmental parameter via the contribution of survival refers to lower survival probability as that

would reduce life expectancy.

ª 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 587

J. McLean et al. Forest Population Models Using Repeat LiDAR



understand other environmental threats where appropri-

ate remote sensing data are available.
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fragmentation alters the population dynamics of a late-

successional tropical tree. Biotropica, 46(5), 556–564. https://
doi.org/10.1111/btp.12144

Zuleta, D., Arellano, G., Muller-Landau, H.C., McMahon,

S.M., Aguilar, S., Bunyavejchewin, S. et al. (2022) Individual

tree damage dominates mortality risk factors across six

tropical forests. New Phytologist, 233(2), 705–721. https://
doi.org/10.1111/nph.17832

Supporting Information

Additional supporting information may be found online

in the Supporting Information section at the end of the

article.

Data S1.

Data S2.

592 ª 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.

Forest Population Models Using Repeat LiDAR J. McLean et al.

https://doi.org/10.1111/1365-2745.12334
https://doi.org/10.1111/1365-2745.12334
https://doi.org/10.1111/1365-2745.12334
https://doi.org/10.1111/1365-2745.12334
https://doi.org/10.1073/pnas.1506215112
https://doi.org/10.1073/pnas.1506215112
https://doi.org/10.3390/drones8120744
https://doi.org/10.3390/rs12091414
https://doi.org/10.5558/tfc57267-6
https://doi.org/10.5558/tfc57267-6
https://doi.org/10.5558/tfc57267-6
https://doi.org/10.5558/tfc57267-6
https://doi.org/10.1139/cjfr-2022-0092
https://doi.org/10.1139/cjfr-2022-0092
https://doi.org/10.1139/cjfr-2022-0092
https://doi.org/10.1139/cjfr-2022-0092
https://doi.org/10.1139/cjfr-2022-0092
https://doi.org/10.1038/s41467-019-12380-6
https://doi.org/10.1038/s41467-019-12380-6
https://doi.org/10.1038/s41467-019-12380-6
https://doi.org/10.1038/s41467-019-12380-6
https://doi.org/10.1038/s41467-019-12380-6
https://doi.org/10.1038/s41467-019-12380-6
https://doi.org/10.1038/s41467-019-12380-6
https://doi.org/10.1038/s41467-019-12380-6
https://doi.org/10.1038/s44185-023-00022-6
https://doi.org/10.1038/s44185-023-00022-6
https://doi.org/10.1038/s44185-023-00022-6
https://doi.org/10.1038/s44185-023-00022-6
https://doi.org/10.1038/s44185-023-00022-6
https://doi.org/10.1038/s44185-023-00022-6
https://doi.org/10.1038/s44185-023-00022-6
https://doi.org/10.1038/s44185-023-00022-6
https://doi.org/10.1038/d41586-024-02071-8
https://doi.org/10.1038/d41586-024-02071-8
https://doi.org/10.1038/d41586-024-02071-8
https://doi.org/10.1038/d41586-024-02071-8
https://doi.org/10.1038/d41586-024-02071-8
https://doi.org/10.1038/d41586-024-02071-8
https://doi.org/10.1038/d41586-024-02071-8
https://doi.org/10.1038/d41586-024-02071-8
https://doi.org/10.1007/s11258-014-0303-5
https://doi.org/10.1007/s11258-014-0303-5
https://doi.org/10.1007/s11258-014-0303-5
https://doi.org/10.1007/s11258-014-0303-5
https://doi.org/10.1007/s11258-014-0303-5
https://doi.org/10.1007/s11258-014-0303-5
https://doi.org/10.1007/s11258-014-0303-5
https://doi.org/10.1007/s11258-014-0303-5
https://doi.org/10.1007/978-1-4612-4902-3
https://doi.org/10.1007/978-1-4612-4902-3
https://doi.org/10.1007/978-1-4612-4902-3
https://doi.org/10.1007/978-1-4612-4902-3
https://doi.org/10.1007/978-1-4612-4902-3
https://doi.org/10.1007/978-1-4612-4902-3
https://doi.org/10.1007/978-1-4612-4902-3
https://doi.org/10.1007/978-1-4612-4902-3
https://doi.org/10.1007/978-1-4612-4902-3
https://doi.org/10.1139/cjfr-2013-0022
https://doi.org/10.1139/cjfr-2013-0022
https://doi.org/10.1139/cjfr-2013-0022
https://doi.org/10.1139/cjfr-2013-0022
https://doi.org/10.1139/cjfr-2013-0022
https://doi.org/10.1139/cjfr-2013-0022
https://doi.org/10.5281/zenodo.3765872
https://doi.org/10.5281/zenodo.3765872
https://doi.org/10.1101/2023.10.25.563626
https://doi.org/10.1101/2023.10.25.563626
https://doi.org/10.1038/s41598-019-55036-7
https://doi.org/10.1111/btp.12144
https://doi.org/10.1111/btp.12144
https://doi.org/10.1111/nph.17832
https://doi.org/10.1111/nph.17832

	Hyperspectral species maps and LiDAR-based structured population models show future forest fire frequency may compromise forest resilience
	 Abstract
	1. Introduction
	 H1
	 H2
	 H3
	 H4
	2. Materials and Methods
	2.1. Site selection with remote sensing data
	2.2. Building IPMs with LiDAR data
	2.2.1. Estimating survival and growth from individual tree height
	2.2.2. Quantifying environmental drivers
	2.2.3. Selecting and integrating vital rate models into IPMs
	2.2.4. Calculating passage time and life expectancy from IPMs


	3. Results
	3.1. Environmental drivers of survival and growth
	3.2. Passage time and sensitivity analysis
	3.3. Life expectancy and sensitivity analysis

	4. Discussion
	 Acknowledgements
	 Author Contributions
	 Authors´ Contribution Statement
	 Data Accessibility
	 Data Availability Statement
	 References
	Supporting Information


