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Abstract

Estimating tree life histories and population dynamics is key to predicting how
forests respond to climate change and disturbance. However, linking individual
tree trajectories to whole-forest outcomes (e.g. structural, compositional, and
functional health) remains challenging. Stage-structured demographic models
offer a promising solution, but they typically require extensive field data on
individual-level vital rates (e.g. survival and growth), limiting their application
at scale. Here, we demonstrate an approach that integrates repeat airborne lidar
data with a structured demographic model (an integral projection model, IPM)
to examine forest-wide demography in response to environmental drivers.
Using Australia’s Great Western Woodlands as a case study, we model the sur-
vival, growth, and life expectancy of ~ 40000 eucalypt trees over a decade.
Vital rates were modelled using height for small trees and crown area for large
trees, reflecting a shift in growth strategy with size. Our results indicate distinct
responses of small and large trees to proxies for competition and soil moisture
(local canopy density and topographic wetness index, respectively). A reduction
in topographic wetness index—reflecting drier conditions—led to lower life
expectancy, particularly for larger trees, which may be more vulnerable to
drought. This framework enables demographic analysis at scale, using widely
available lidar data, offering a scalable tool for forest monitoring, modelling,
and management. We identify three priorities for broader application, including
(1) mixed species stands and multilayered canopies, (2) full life cycle modelling
including reproduction and early life stages, and (3) long-term or comparative
studies using high-quality repeat lidar. By combining remote sensing data with
detailed insights from field-based studies, our study provides a scalable
approach for guiding forest management and conservation decisions.
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Demographic modelling with repeat lidar

Introduction

The world’s forests are facing growing pressure from cli-
mate change and land-use intensification, with major
implications for carbon and water cycling, biodiversity,
and people (McDowell et al., 2020; Seidl & Turner, 2022).
However, projecting how forests will respond to these
changes is inherently challenging due to the vast spatial
and temporal scales at which forests operate. In response,
a wide range of modelling approaches have been applied
to understand and predict the impact of these threats
(Decocq et al., 2023). Models that incorporate demogra-
phy have become of particular importance due to the
advantage of including individual dynamics in the assess-
ment of community, landscape, or biome-scale properties
(Merow et al., 2014).

Demographic models, which parameterize and simulate
vital rate processes such as survival, growth, and repro-
duction, allow us to quantify the varied life history strate-
gies of trees and produce metrics that capture long term
or large-scale features of populations, such as generation
time, mean life expectancy, and time to size (Clark &
Clark, 1992; Needham et al., 2022). These models there-
fore allow us to examine how specific threats may dispro-
portionately impact certain size classes or stages. For
example, drought strongly impacts the growth of the larg-
est trees (Bennett et al., 2015; Trouillier et al.,, 2019),
while selective logging of mature trees may lead to regen-
eration failure (Bartholomew et al., 2024).

Demographic approaches are, however, data hungry
(Doak et al., 2005; Ramula et al., 2009), requiring data on
the vital rates for hundreds—if not thousands—of indi-
viduals in the population of interest. For long-lived trees,
it is rarely possible to observe an individual across the
potential lifespan. Instead, vital rates can be estimated by
monitoring individuals in a population at two or more
time points. Still, producing robust estimates of vital rates
is easier said than done. In particular, obtaining data on
tree vital rates at the beginning (i.e. reproduction/recruit-
ment; Bogdziewicz et al., 2024) and end of their life cycle
(i.e. adult mortality; McMahon et al., 2019) is challenging
(Ruiz-Benito et al., 2020).

Growth data are most commonly estimated from
repeated measurements of diameter at breast height
(DBH) of the tree stem (Lines et al., 2022). This change
in diameter can be related to other features of productiv-
ity, such as basal area change or change in aboveground
biomass, using allometric equations designed for these
applications (e.g. Chave et al., 2014). These allometries,
however, are known to be gross simplifications of how
trees actually invest in structure and how those structures
might change over time (e.g. investment in vertical and
lateral crown expansion; Pretzsch et al., 2013). Moreover,
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most tree demographic data come from plots that repre-
sent relatively small samples of the forests in which they
are established. Remote sensing offers ways of inferring
features of forest demography over much larger spatial
scales.

Light detection and ranging (lidar) in particular has
improved how forest structure and change are observed
over landscapes, regions and now globally (Dubayah
et al., 2022). Lidar sensors emit high frequency laser
pulses and measure the time it takes for those pulses to
return to the sensor. Mounted on an airplane or unoccu-
pied aerial vehicle (UAV), lidar therefore allows us to
capture the 3D structure of forest canopies at scale, in the
form of a detailed point cloud model (Camarretta
et al., 2020). From a point cloud, many of the features of
structure formerly estimated with bias and error from
DBH allometries can be inferred in more detail. This
technology also provides a change in perspective towards
the canopy, where biologically relevant processes and
dynamics take place (Lines et al., 2022). Furthermore,
lidar data are becoming more widely and freely available
(Beland et al., 2019; Fischer et al, 2025), offering the
opportunity to extend the application of demographic
modelling approaches across broader scales and forest
types. Despite the quantity of remote sensing data now
being generated, and an uptake in the use of lidar data by
ecologists in recent years, these datasets
under-utilized in demographic modelling.

remain

Here, we introduce a pipeline for combining remote-
sensing data with a structured demographic model to dem-
onstrate their potential for elucidating forest dynamics at
scale. As a case study, we model the demographic changes
of ~ 40000 eucalypt trees in a fast-drying region of south-
western Australia (CSIRO, 2022). We assess how the sur-
vival, growth, and remaining life expectancy of individuals
in this population are affected by different biotic (canopy
density) and abiotic conditions (soil moisture). Then, we
discuss the advantages and limitations of a remote-sensing
approach to forest demographic modelling. Finally, we
highlight three areas of future research that are key to
broadening the application of this framework: to more
complex systems (e.g. mixed species stands and dense,
multilayered canopies), across complete life histories (e.g.
to include reproduction and early life stages), and for
long-term or comparative studies (e.g. through improved
availability of high-quality, repeat lidar surveys and integra-
tion with field data).

Materials and Methods

Here, we use a case study to demonstrate the pipeline for
parameterizing an integral projection model (IPM) using
remotely sensed data (Fig. 1). The pipeline broadly
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Figure 1. Pipeline for integrating lidar data with structured demographic models for ecological inference. (a) Forest populations are surveyed at
appropriate time intervals with a lidar scanner to produce high-resolution 3D point clouds. Point clouds are processed into canopy height models
(CHMs) and digital terrain models (DTMs). (b) Individual tree segmentation is performed using a CHM-based algorithm (e.g. Dalponte &
Coomes, 2016). (c) Relevant environmental variables are derived. For example, TWI is an indicator of soil moisture accumulation (Kopecky
et al., 2021) and is calculated from the DTM. Local competition is inferred from the canopy density surrounding each tree, using the CHM. (d)
Trees are matched across time points using a crown-matching algorithm (Battison et al., 2024; Olsoy et al., 2024), before measuring changes in
size and classifying mortalities. (e) Continuous traits (e.g. height and crown area) are evaluated for their ability to predict survival and growth
across the life cycle. (f) Selected traits and environmental parameters are used to model the vital rates using regressions. (g) The integral
projection model (IPM) is constructed based on the selected vital rate models and key life history traits (e.g. mean life expectancy, longevity,
generation time) are calculated. (h) Finally, IPM outputs are analysed to test ecological hypotheses.

involves five key steps: (1) using repeat lidar data to track modelling vital rates from the selected traits, as well as
individuals through time; (2) selecting relevant traits (e.g. relevant lidar-derived environmental drivers; (4) building
tree height and crown area) for predicting vital rates; (3) a multistage IPM that captures the primary (height) and
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secondary (crown expansion) growth of these trees and
(5) analysing the IPM to understand the relative influence
of biotic (e.g. density dependence) and abiotic drivers
(e.g. soil moisture) on key emerging properties of the
population model, such as life expectancy.

Case study: Eucalypt woodlands of
southwestern Australia

Study site and species

The Great Western Woodlands Terrestrial Ecosystem
Research Network (TERN) SuperSite is in southwestern
Australia (30°11'S, 120°39'E, 430-475m a.s.l). The Great
Western Woodlands is a semi-arid region, comprising
one of the largest intact temperate woodlands in the
world (Watson et al., 2008). Increasingly warm, dry con-
ditions in the region are driving more frequent droughts
and wildfires (CSIRO, 2022; Peters et al., 2021; Prober
et al., 2012). The 25km? study site at the core of the
SuperSite is predominantly old-growth woodland that has
remained undisturbed by fire for centuries. The site is
largely dominated by four obligate-seeding eucalyptus
species: Eucalyptus salmonophloia (the most abundant), as
well as E. salubris, E. transcontinentalis, and E. clelan-
diorum (Gosper et al., 2018). In its old-growth phase, the
woodland features a relatively sparse, open canopy of
large, single-stemmed trees. The dominant species can
reach 10-25m in height and can live to over 400 years
(Jucker et al., 2023). Mulga scrub (Acacia sp.) and heath-
land occur in small mosaics with the eucalypt woodlands,
but cover <0.1% of the study site and were excluded
from our analyses.

Lidar data

Airborne lidar data were acquired in May 2012 and May
2021 across our 5x5km? study site, producing a 3D
‘point cloud’ of the woodland. The 2012 lidar survey was
conducted by Airborne Research Australia (https://www.
airborneresearch.org.au) using a motorized glider (Dia-
mond Aircraft, HK36 TTC-ECO) flown at 300 m altitude
and mounted with a RIEGL LMS-Q560 scanner. The
2021 data were collected by Aerometrex (https://
aerometrex.com.au) using a fixed wing aircraft (Cessna
404 Titan), flown at 1100 m altitude and mounted with a
REIGL VQ-780ii scanner. Both surveys achieved similar
high pulse densities, despite differences in the acquisition
parameters and instrumentation (21.4 and 23.6m™2 for
the 2012 and 2021 surveys, respectively).

From these high-quality 3D point clouds, we generated
2D maps of canopy height, known as canopy height
models (CHMs; Fischer et al., 2024). The georeferenced
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point clouds for both lidar surveys were processed using
a combination of CloudCompare (https://danielgm.net/
cc), QGIS (https://qgis.org) and R version 4.1.0 (R Core
Team, 2021). See Supporting Information for details. We
used the pit-free algorithm in the lidR R package (Khos-
ravipour et al., 2014) to produce a 0.5 m resolution nor-
malized CHM and a 5m resolution digital terrain model
(DTM). We selected this algorithm to optimize compara-
bility between the two surveys, as it is robust when
applied to high-quality point clouds (Fischer et al., 2024;
Zhang et al., 2024). All subsequent data processing and
analyses were conducted in R version 4.1.0.

Using lidar to track individuals through time
Individual tree segmentation and crown matching

To estimate individual tree survival and growth, we seg-
mented tree crowns from the CHMs using the widely
applied  dalponte2016  algorithm  (Dalponte &
Coomes, 2016), following the process outlined by Battison
et al. (2024). Briefly, this algorithm applies a local maxi-
mum filter within a moving window to locate treetops
and delineate crowns based on height-crown area allome-
tries. We calibrated window size using a manually delin-
eated subset of trees (n=797). For this subset, Battison
et al. (2024) reported an overall segmentation accuracy of
82% and an over-segmentation rate of 5%. Alternatively,
databases such as Tallo (Jucker et al.,, 2022) can inform
allometric relationships. CHM-based algorithms (in con-
trast to those that work on the underlying point cloud)
are computationally cheaper and generally more robust to
differences in how the data are acquired (Fischer
et al., 2024; Mielcarek et al., 2018).

To track individuals across time, we matched crowns
between the 2012 and 2021 surveys using the approach
developed by Battison et al. (2024). Crowns were retained
if a single 2021 centroid fell within the 2012 crown
boundary. This  step aimed  to minimize
over-segmentation and spurious size changes between the
two time points. To exclude small shrubs from our analy-
sis we removed crowns <3 m in height or <9m?” area.
The outcome of this filtering process was a subset of
time-matched eucalypt tree crowns (n=39286) that we
used to model tree growth in the construction of
the IPM.

Local environment drivers

We used two lidar-derived variables to assess the biotic
and abiotic drivers of tree vital rates. Neighbourhood can-
opy density (a proxy for competition; Vanderwel
et al., 2020) was calculated as the mean CHM height
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(in 2012) within a 25 m radius of the perimeter of each
tree crown (Battison et al.,, 2024; Zhao et al., 2006).
Topographic wetness index (TWI; Kopecky et al., 2021),
a proxy for local soil moisture and nutrient availability,
was calculated from the 5m DTM using the dynatopmodel
R package (Metcalfe et al., 2015) and assigned to trees
based on their coordinates. The 5 m raster resolution cap-
tures hillslope water convergence while reducing noise
from microtopographic variation.

Estimating vital rates from lidar
Selecting relevant traits for vital rate modelling

We assessed which lidar-derived size metrics best cap-
tured tree vital rates (survival and growth): tree height,
crown area, and their product (‘tree size’). Tree height
was calculated as the mean canopy height within each
delineated tree crown, which is less sensitive to outliers
(e.g. clouds, birds) than the maximum value. In our data,
mean and maximum height were highly correlated

Demographic modelling with repeat lidar

(R*=0.87; P < 0.001). Crown area was defined as the
area of the tree crown polygon. Both traits were calcu-
lated using the ferra package in R (Hijmans, 2024).
Growth patterns varied with tree size: smaller trees priori-
tized height growth, while larger trees expanded their
crowns, a common strategy among trees (Fig. SI;
King, 2011, Franceschini et al., 2016).

To capture the two growth strategies, we modelled vital
rates separately for small and large trees. We used a
7.27 m height threshold—where relative height and crown
growth were equal (Fig. S2)—to distinguish between
small (‘minor class’) and large (‘major class’) individuals.
This threshold was close to the 2012 median tree height
(7.06 m). Trees below this threshold in both years were
assigned to the minor class, whereas trees above the
threshold in both years were assigned to the major class
(Fig. 2a). Additionally, we modelled the growth of trees
that transitioned over the threshold between surveys
(‘promotion’) and those that fell below it (‘demotion’).
Vital rates were modelled using log-transformed height

(a)

—
O
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=727m
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Figure 2. Two-stage integral projection model (IPM) for eucalypt population dynamics. (a) Trees were assigned to a class based on their size at
time t and t+ 1, relative to a height threshold of 7.27 m. (b) The P-kernel (survival [Equation 1] and growth [Equation 2] component of an IPM)
shows the probability of a tree of size x at time t surviving and growing to be size y at t+ 1, with colour intensity indicating probability. Cell P; 4
(blue) represents minor class trees (height-based), P,, (pink) represents major class trees (crown area) and P, and P;, (purple) represent
transitions between the two main classes—promotion (minor to major) and demotion (major to minor). The clockwise arrows represent the
theoretical transition of a tree through its lifetime as it grows, surpasses the height cut-off and then shrinks again—perhaps due to dieback or

damage from storms.
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for minor class trees and log-transformed crown area for
major class trees.

Modelling survival and growth

To predict vital rates across size classes, we compared a
set of ecologically meaningful models. Selection of the
best-supported model was based on a combination of the
Akaike information criterion and our biological knowl-
edge of the system (Table SI).

To model the survival of individual trees, we first clas-
sified mortality events via a two-step process. First, for
matched crowns (n =39 286; Using lidar to track individ-
uals through time Section), trees with > 30% reductions
in height and/or crown area were classified as dead, fol-
lowing Duncanson and Dubayah (2018) and Ma
et al. (2023). Second, to capture mortality events where
crowns could no longer be detected in the second survey,
we overlaid 2012 crowns onto the 2021 CHM and applied
the same > 30% reduction threshold for height loss. We
performed a sensitivity analysis to examine how the
choice of percentage threshold shapes mortality rates
(Fig. S5).

We modelled the probability that an individual tree
survives from time t (2012) to t+ 1 (2021), given its size
at time f, using logistic regressions. The selected model
for both minor and major classes was

logit(s(z)) = B, + B, X 2+ 2 X 2 + frwr X log (TWI)
+ Bcp % log (CD),
(D)

where z is the log-transformed size of an individual at
time ¢, TWI is topographic wetness index, CD is canopy
density, and the /s are the fitted coefficients. The proba-
bility of survival (s(z)) only depends on size at time f,
regardless of whether individuals remain in the same class
or promote/demote to another (Fig. 2).

Growth was modelled as the change in tree height or
crown area between 2012 and 2021 using the 39286
matched tree crowns (Fig. 1). For each size class, we
modelled the expected tree size distribution at time #+ 1
for an individual of size z at time f, conditional on having
survived from time ¢ to t+ 1. All growth models included
quadratic terms (except for demotion, which used a linear
function; Table S1):

2= f,+ B, xz+ o X2+ frw x log (TWI) + fcp,
x log (CD),
(2)

where Z' is the log-transformed size at t+ 1, and all other
variables are as previously defined. To account for
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variation in individual growth trajectories, we estimated
the size dependence of this variance by regressing the
residuals in the growth model against size at time t
(Table S1).

We assessed model accuracy using discrimination and
calibration metrics for survival models (AUC, Brier score,
and Tjurs R*) and R* and RMSE for growth models
(Table S2), with residual diagnostics shown in Fig. S4.

Building the IPM

IPMs (Coulson, 2012; Easterling et al, 2000; Merow
et al., 2014) examine how continuous traits of individuals
(e.g. size) relate to vital rates of survival, growth, and
reproduction. By using one or more continuous traits
(Zambrano & Salguero-Goémez, 2014), an IPM allows us
to create population projections that identify the individ-
uals most at risk from threats such as climate change and
the impact on populations as a whole (Laurans
et al., 2024; Ohse et al., 2023).

We parameterized an IPM using the vital rate equa-
tions described above. In this case study, we focus on the
survival and growth of the existing population under dif-
ferent conditions of canopy density and soil moisture.
The component of an IPM that captures the survival and
growth transitions of an existing population (without
reproduction) is known as the P-kernel:

P(Z,2) =s(2)g(7, 2), (3)

where s(z) is the survival probability for an individual of
size z at time t (Equation 1), and g(Z,z) is the growth
function describing the probability density of size z' at
time ¢+ 1, given an individual’s size z at time f, condi-
tional on having survived (Equation 2). We note that to
model the reproductive component (typically referred to
as the F(y,x) kernel), one would also need data on fecun-
dity rates and establishment probabilities (e.g. Easterling
et al., 2000). See applications of our framework to sys-
tems with reproductive data in Completing the life cycle
section.

Constructing a two-stage IPM

To account for the changing growth trajectory of eucalypt
individuals—from height growth to crown expansion—
we constructed a two-stage P-kernel using a 2X2
mega-matrix M (Goodman, 1968; Zambrano &
Salguero-Gomez, 2014). Each of the four blocks in the
mega-matrix (Fig. 2) contains vital rates as functions of
continuous traits (height and/or crown area): P, sur-
vival and growth of minor class individuals (based on
height) remaining in the minor class; P,;, promotion
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from the minor class (height) to the major class (crown
area); P, ,, survival and growth of major class individuals
(crown area) remaining in the major class, and P ,, die-
back from major (crown area) to minor (height) class.

Reproduction (the F-kernel described above) can also
be accommodated in the cell M, ,, together with P, ,. We
modified the above P-kernel to include the probability
that an individual of size z at time t remains in the same
class at t+1 (rather than being promoted or demoted
from the current size class):

P(Z,2) =s(2)3(2, 2)r(2), (4)

where r(z) is the probability of remaining in the same size
class. We modelled this probability using a generalized
linear model with logit link function:

1Ogit(r(z)) = ﬁo +ﬁz Xz +ﬁzz X Zz +/}TWI X log (TWI)
+ Pep x log (CD).
(5)

IPMs require careful handling of survival and growth
predictions to avoid issues such as ‘eviction’, where indi-
viduals are artificially removed from the model (see Sup-
porting Information; Merow et al, 2014). Here, we
corrected for eviction in all but the major class kernel,
where we instead retained the natural reduction in sur-
vival of the largest trees to avoid unrealistic population
projections.

Analysing the IPM

A variety of life history traits that inform on the vitality
and trajectory of a population can be easily calculated
from IPMs (Salguero-Gémez et al., 2016). Some of these
traits can be directly derived with only survival and
growth information from the P-kernel (Zambrano &
Salguero-Gomez, 2014). Here, we used the Rage package
(Jones et al., 2022) to estimate remaining life expectancy
—the average number of additional years an individual of
a given size is expected to live. Life expectancy has a
direct impact on population biomass (Needham
et al., 2022) as well as being a proxy for carbon capture
and storage because large, long-lived trees will capture
and retain more carbon over their lifetimes than
shorter-lived species.

We calculated life expectancy across the full size distri-
bution, from the smallest trees—3 m height or 9 m?’
crown area—up to the largest observed individuals. To
explore how a/biotic drivers shape demographic
responses, we perturbed canopy density and TWI values
by £50% of their standard deviation, relative to the site
mean. We then fit a linear model that included interac-
tions between size class (minor or major), perturbation
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level (mean value, +50%), and the perturbed variable
(TWI or canopy density). We also visually compared
model predictions to the full range of possible life expec-
tancy outcomes under different conditions of TWI and
canopy density, up to the most extreme values observed
for this population (Fig. 3).

Finally, we provide an example of an elasticity analysis
(Griffith, 2017), which assesses the relative contribution
of vital rate parameters (Equations 1 and 2) to a life his-
tory trait of interest—in this case, mean life expectancy of
the smallest individuals. The elasticity analysis reveals the
demographic pathways through which TWI and canopy
density may be driving a change in life expectancy (East-
erling et al.,, 2000). For example, a decline in life expec-
tancy could result from reduced survival of small trees, or
an absolute reduction in growth across size classes
(Fig. 4).

Results

We modelled the demographic changes of 42213 euca-
lypt trees using an IPM parameterized with repeat lidar
data. The survival, growth and remain-in-class models
used to construct the IPM showed reasonable predictive
accuracy (Table S2). Calibration and residual diagnostics
indicate generally good model fit, with no major viola-
tion of assumptions; the main exception being some
miscalibration at probability extremes for major class
survival, likely due to large tree mortality being a rare
event (Fig. S4).

We assessed the contribution of TWI and canopy den-
sity to the life expectancy of trees across size classes. Life
expectancy was strongly linked to tree size, with trees at
intermediate sizes (5.5-7.4 m in height and 8.9-220 m” in
crown area) predicted to have the highest number of
additional years left to live (118 years on average; Fig. 3).
Overall, large trees (those in the major class; Fig. 2a) had
a higher life expectancy (105 years) compared to smaller
trees (minor class; 73 years), under average conditions of
TWI and canopy density.

Changes in TWI (£50% of sp) had a greater impact on
life expectancy than changes in canopy density. A 50%
increase in TWI extended life expectancy by 26 years for
major class trees (P < 0.001; Fig. 3a) and by 18 years for
minor class trees (P =0.235). Conversely, a 50% decrease
in TWI led to a pronounced reduction in life expectancy,
particularly for major class trees (—25years; P < 0.001),
while the reduction for minor class trees (—17 years) was
not statistically significant (P=0.265). In contrast,
changes in canopy density had a smaller effect. A 50%
reduction in canopy density had a slight positive impact
(Fig. 3b), increasing life expectancy by 7 years for both
major class (P =0.036) and minor class trees (P = 0.585).
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Figure 3. Effect of topographic wetness index (TWI) and canopy density on remaining life expectancy across tree sizes. The vertical dashed line
separates minor (left) and major (right) size classes. The black line represents life expectancy under mean conditions of TWI and canopy density
observed in the 25 km? study site. Blue and red lines show life expectancy changes when TWI (a) or canopy density (b) are increased (blue) or
decreased (red) by +50% of the variable’s SD. The perturbations are therefore scaled to reflect typical variability in TWI and canopy density.
Shaded regions show the range of possible life expectancies under different conditions of TWil/canopy density, with upper and lower bounds

representing the most extreme observed values in the study site. Life expectancy increased with TWI, particularly for large trees, but declined

slightly as canopy density increased.

The elasticity analysis (Fig. 4) confirmed that the life
expectancy of small trees is more sensitive to changes in
TWI than to changes in canopy density. The same pattern
was observed for large trees (Fig. S7). Increasing TWI had
a generally positive impact on life expectancy, primarily
by improving the survival probability of minor class trees
(Fig. 4c)—the most ‘elastic’ vital rate parameter (Fig. 4b).
In contrast, increasing canopy density had a weaker nega-
tive effect by lowering the survival of minor class trees
over 5.15m tall (Fig. 4d).

Discussion

While field-based monitoring campaigns provide detailed
insights into tree demography (Needham et al., 2018),
they are limited to relatively small spatial scales. To
improve predictive models, policy initiatives, and
ecosystem-scale understanding, forest change must be
quantified at broader landscape and regional scales. In
this study, we introduced a scalable pipeline that uses
repeat lidar to parameterize a demographic model,
applied here to Australia’s Great Western Woodlands.

Our analysis of over 40000 trees revealed clear size-
and environment-driven patterns in life expectancy. On
average, large trees had a higher life expectancy than small
trees. This pattern arises because IPMs estimate the mean
fate of individuals. Since mortality is high at small sizes
(e.g. due to clustering and potential thinning; Fig. S6),
the average life expectancy of smaller trees is lower—even
though a subset will survive and grow into large,
long-lived individuals. TWI emerged as a much stronger
driver of life expectancy than canopy density, indicating
that soil moisture availability governs both growth and
survival more than crowding in this semi-arid eucalypt
woodland. Large trees were particularly sensitive to TWI
(Fig. 3); while their deeper root systems and higher
carbon reserves may support survival in typical years,
larger trees of many species are more vulnerable to
drought due to greater inherent hydraulic stress (Bennett
et al.,, 2015; Trouillier et al., 2019). Yates et al. (2000)
found that mature E. salmonophloia (the most abundant
species in the study site) strongly competes for limited
soil water, suppressing seedling growth. Higher TWI likely
reduces this size-asymmetric competition for water,

Figure 4. Elasticity analysis showing the proportional change in life expectancy resulting from proportional changes in each of the vital rate
parameters. (a) MLE, represents the mean life expectancy of the smallest individuals (3-3.6 m in height), corresponding to individuals in the first
10% of bins with equal weighting. (b) Relative contributions of vital rate parameters to MLE,. Parameters relating to topographic wetness index
(TWI; green) and canopy density (purple) for each of the minor class and major class vital rate functions are shown. Letters inside the bars
correspond to panels (c-f). Panels (c-f) show how the parameter perturbations from b impact the shape of the vital rate functions. Higher TWI
generally increased life expectancy, driven primarily by higher survival probabilities in the minor class.
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thereby improving small tree survival—the pathway
through which life expectancy was most responsive in our
elasticity analysis (Fig. 4).

Challenges and opportunities in complex
forests

Tree segmentation algorithms now enable individual-level
modelling over large areas with reasonable accuracy (Bat-
tison et al, 2024; Wang et al., 2016). In this study, we
modelled survival and growth for over 42 000 trees—sub-
stantially exceeding the sample sizes used in most demo-
graphic models (Levin et al., 2022; Salguero-Gémez
et al.,, 2015). The moderately sparse, open canopy of the
eucalypt woodland lends itself to more accurate segmen-
tation (Wang et al, 2016; Yang et al, 2019). The next
major challenge is in applying these pipelines to more
structurally complex systems, such as species-diverse for-
ests with dense or multi-layered canopies. Algorithms cal-
ibrated to a wide variety of forest types or capable of
handling diverse forest structures and data acquisition
platforms (e.g. airborne, spaceborne, or ground-based)
are promising solutions (e.g. deep-learning-based models;
Henrich & van Delden, 2024; Wielgosz et al, 2024).
However, achieving more generalizable and user-friendly
tree segmentation methods—requiring minimal tuning
for specific use cases—will depend on access to publicly
available, high-quality, labelled forest datasets.

Species classification is essential for building species-
specific models that account for varying life histories.
While our study focused on a functionally similar euca-
lypt community, the species do differ in natural height
ranges (Eucalyptus salubris: 9-13m, E. salmonophloia:
10-20 m; Prober & Macfarlane, 2022) and may have dif-
ferent thresholds for switching from a dominance of
height to crown growth. In more complex systems, hyper-
spectral remote sensing has been used for continent-scale
tree species classification by leveraging species-specific
spectral properties (Marconi et al., 2022). In a subtropical
broadleaf forest, a combination of structural, spectral and
textural features (derived from lidar, hyperspectral and
RGB data) has been used to further enhance species clas-
sification accuracy (Qin et al., 2022). While such
approaches are not always viable due to cost or data
availability, the development of hyperspectral-lidar sys-
tems could make this type of sensor fusion more feasible
(Fassnacht et al., 2016; Weinstein et al., 2024). Incorpo-
rating ground-based survey data will also be critical in
addressing these challenges—for instance, by providing
training data for species classification (Jia & Pang, 2023),
or capturing important understory species that may be
missed with airborne methods (Fassnacht et al., 2016).

A. Rosen et al.

Completing the life cycle

Capturing tree vital rates across their full life cycle
remains a long-standing challenge in forest demography
(Ohse et al., 2023; Ruiz-Benito et al., 2020). Here, we
used repeat lidar to track individual-level survival/mortal-
ity, growth, and dieback processes. A key advantage of
lidar is its ability to capture changes in 3D. Our results
indicated distinct responses of small trees, which priori-
tize height growth, and large trees, which prioritize crown
expansion, to biotic and abiotic factors such as canopy
density and TWI. However, by excluding trees under 3 m
to filter out small shrubs, we missed the smallest and
youngest trees in the population, which likely have dis-
tinct patterns of growth and survival (Canham & Mur-
phy, 2017; Metcalf et al, 2009). Future demographic
studies should aim to better capture these early life stages
and shifting growth patterns across a wide range of tree
species. This could be achieved by integrating lidar (both
airborne and terrestrial) with the extensive archive of field
inventory data available through permanent forest plot
networks that exist all over the world.

Mortality is particularly difficult to detect at the spatial
scales and time intervals of most field surveys (McMahon
et al.,, 2019). Here, we inferred mortality from threshold
reductions in tree size or the disappearance of tree
crowns, greatly improving our ability to detect tree
deaths. However, lidar may miss mortality and dieback
events in smaller trees, those obscured by dense canopies,
or those at the early stages of decline. Our method may
also misclassify severe dieback as mortality, even if trees
later recover. Additional information, such as structural
or spectral changes that precede death, could be used to
improve mortality detection (Brodrick & Asner, 2017).
Addressing these challenges is essential, as even small
changes in mortality rates can have significant impacts on
carbon cycling and ecosystem function (McMahon
et al., 2019).

To model long-term population trajectories, including
extinction risk and carbon cycling, it is necessary to com-
plete the life cycle by modelling reproductive output or
recruitment into a detectable size class (Ohse et al., 2023).
In open canopy forests, lidar could help track these new
recruits, offering a way to estimate the number of recruits
produced by mature trees over time (Zambrano &
Salguero-Gomez, 2014). To improve how recruits are
attributed to mature trees, UAV or satellite imagery has
been used to calculate flowering or fruiting probabilities
at large spatial scales (Dixon et al., 2023), while field
studies remain the best option for quantifying seed pro-
duction, germination, and seedling survival probabilities
(Ohse et al., 2023).
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The future of forest demographic modelling

While this pipeline is not an out-of-the-box solution for
all forest systems and contexts, it provides a foundation
for scaling demographic models with under-utilized lidar
data. Its value will grow with the availability of standard-
ized, repeat lidar surveys and through integration with
complementary data types. Beyond scale, remote sensing
offers new opportunities for forest demography. Repeat
surveys enable near-term forecasting, where predictions of
demographic rates are updated with new observations
(Itter & Finley, 2025), and inverse modelling, where vital
rates are reconstructed from population-level time series
(Gonzdlez et al., 2016). Together, these capabilities steer
forest demography towards continuous, broad-scale
modelling and prediction of population trajectories.

A key consideration is the choice of appropriate survey
intervals. Short time intervals cannot adequately capture
the growth of slow-growing trees, while long gaps
between surveys risk missing events such as recruits that
establish and die between observations. The ideal
approach involves a greater number of surveys conducted
at frequent intervals. Open data initiatives, such as NEON
(Kampe et al., 2010), and more affordable platforms, like
UAVs (Araujo et al.,, 2021), are making this more feasible.
The additional context gained from more frequent sur-
veys (e.g. leaf-on and leaf-off conditions) can further
improve segmentation or species classification algorithms
(Chen et al., 2022).

The comparability of lidar surveys is equally important.
Differences in data acquisition (e.g. pulse density, flight
elevation; Neesset, 2009), or in the way the data are pro-
cessed (e.g. to produce CHMs) can introduce measure-
ment error that compounds across time series. Errors in
crown segmentation and cross-date matching can misrep-
resent true size changes or misclassify survival. Applying a
standardized processing pipeline to lidar point clouds
(Fischer et al., 2024) and propagating uncertainty through
the modelling framework can help mitigate these issues.

Models that account for imperfect detection can
improve inference by reducing bias. For example,
multi-method occupancy models have been used to
account for measurement error in tree mortality by com-
bining information from field and remotely sensed mea-
sures (Barber et al, 2025). Bayesian state-space models
similarly partition process uncertainty (e.g. changes in
tree size or state) from measurement uncertainty (e.g. the
ability of sensors to observe that state) (Pletcher & Shri-
ver, 2025; Schultz et al., 2023). Both approaches reduce
bias in vital rate estimation and carry observation uncer-
tainty forward, rather than confounding it with the bio-
logical process (Louthan & Doak, 2018). In our pipeline,
these modelling frameworks could estimate size- or

Demographic modelling with repeat lidar

context-dependent detectability (e.g. small or crowded
crowns are harder to detect; Dalponte & Coomes, 2016)
and propagate uncertainty end-to-end—from segmenta-
tion and crown matching through to vital rate modelling
and IPM construction.

High-quality, standardized data from more frequent
lidar surveys will greatly benefit our ability to build eco-
logically informative demographic models. While field
surveys excel at species identification, understanding
reproductive strategies, and capturing understory dynam-
ics (Ohse et al., 2023), remote sensing offers the scalabil-
ity needed to track forest responses to climate and
disturbance at broad spatial and temporal scales. By
leveraging the strengths of both approaches, we can build
models that are better equipped to inform conservation
and management strategies in a rapidly changing world.
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