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RESEARCH ART ICLE

Demography with drones: detecting growth and
survival of shrubs with unoccupied aerial systems
Peter J. Olsoy1,2 , Andrii Zaiats3, Donna M. Delparte4, Matthew J. Germino5 ,
Bryce A. Richardson6, Anna V. Roser3, Jennifer S. Forbey3, Megan E. Cattau7, T. Trevor Caughlin3

Large-scale disturbances, such as megafires, motivate restoration at equally large extents. Measuring the survival and growth
of individual plants plays a key role in current efforts to monitor restoration success. However, the scale of modern restoration
(e.g., >10,000 ha) challenges measurements of demographic rates with field data. In this study, we demonstrate how unoccupied
aerial system (UAS) flights can provide an efficient solution to the tradeoff of precision and spatial extent in detecting demo-
graphic rates from the air.We flew two, sequential UAS flights at two sagebrush (Artemisia tridentata) common gardens to mea-
sure the survival and growth of individual plants. The accuracy of Bayesian-optimized segmentation of individual shrub
canopies was high (73–95%, depending on the year and site), and remotely sensed survival estimates were within 10% of
ground-truthed survival censuses. Stand age structure affected remotely sensed estimates of growth; growth was overestimated
relative to field-based estimates by 57% in the first garden with older stands, but agreement was high in the second garden with
younger stands. Further, younger stands (similar to those just after disturbance) with shorter, smaller plants were sometimes
confused with other shrub species and bunchgrasses, demonstrating a need for integrating spectral classification approaches
that are increasingly available on affordable UAS platforms. The older stand had several merged canopies, which led to an
underestimation of abundance but did not bias remotely sensed survival estimates. Advances in segmentation and UAS struc-
ture from motion photogrammetry will enable demographic rate measurements at management-relevant extents.

Keywords: drones, plant demography, sagebrush, segmentation, stand age structure, structure frommotion photogrammetry

Implications for Practice

• Monitoring is vital for successful restoration. Remote
sensing is needed to monitor restoration outcomes across
broad scales, and unoccupied aerial systems (UAS) pro-
vide a valuable tool for individual plant-level measure-
ments relevant to long-term restoration success.

• Stand age structure impacted our ability to accurately esti-
mate demography, including crown-to-crown matching.
Stand age and integration of multispectral sensors should
be considered when implementing this workflow for res-
toration applications.

• Monitoring restoration with UAS is feasible for perform-
ing a complete census, but not yet for growth. There is a
startup cost for equipment ($1000–$25,000) and training
that needs to be overcome before time-savings and effi-
ciency can make UAS cost-effective as a monitoring tool.

Introduction

As anthropogenic change leads to habitat loss and degradation
over increasingly larger areas, predicting ecosystem recovery
after disturbance is crucial. Spatial variation in plant demographic
rates is a fundamental reason some ecosystems recover while
others remain degraded (Albrecht & McCue 2010; Caughlin
et al. 2016; Shriver et al. 2019). Bottlenecks that prevent plant
population recovery can occur across multiple demographic rates,

including growth, survival, and reproduction (Holl 1999).
Demographic bottlenecks are particularly important for small
populations, where demographic stochasticity can exacerbate
impacts of the environment on population growth rates
(Godefroid et al. 2011). Identifying and mitigating these demo-
graphic bottlenecks by monitoring plant performance can allow
for spatially explicit predictions of recovery potential and aid
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adaptive management, including resource allocation to maxi-
mize project success and avoid repeating ineffective restoration
techniques (James et al. 2011; Caughlin et al. 2019). The most
informative scale to measure demographic rates is at the scale
of individual plants, as individual-level differences, including
size, genotype, and physiological and health status, underlie
long-term population trajectories (Merow et al. 2014). However,
measuring individual plant demography presents a challenge at
spatial extents that match areas impacted by large disturbances.
Insufficient monitoring of large-scale restoration projects is a
consequence of this challenge, resulting in uncertain and
unknown outcomes for many planting initiatives (Holl &
Brancalion 2020).

Remote sensing could provide a solution to the scale mis-
match between landscape-level disturbance and individual plant
measurements. High-resolution remotely sensed data can now
detect individual plants over areas that far exceed the scale of
field plots (e.g., >1 ha). For medium to large-sized trees, satellite
imagery provides sufficient resolution to detect individuals at
continental scales (Brandt et al. 2020). For smaller plants, such
as shrubs or bunchgrasses, the increasing availability of unoccu-
pied aerial systems (UAS) is enabling maps of species abun-
dance at landscape scales (Rominger & Meyer 2019; Gillan
et al. 2020). UAS structure from motion photogrammetry pro-
vides a low-cost solution to capture canopy structure of individ-
ual plants, previously only available with high-cost LiDAR data
collections, unlocking the potential to accurately measure plants
across the landscape (Anderson & Gaston 2013). The capacity
to detect plant species at management-relevant extents has the
potential to transform restoration efforts, from mapping early-
successional species indicative of restoration success (Williams
et al. 2022) to measuring the abundance of rare species in hetero-
geneous landscapes (Rominger&Meyer 2019). Beyondmapping
plants at a single time step, advances in remote sensing raise the
question of whether plant demographic rates could be estimated
from time series of remotely sensed data.

Several studies have demonstrated the feasibility of estimat-
ing plant growth and survival using remote sensing. The most
straightforward approach to estimating plant demography is to
overlay hand-digitized outlines of plant crowns across time
periods (Stears et al. 2022). However, manual digitization is
not feasible across large scales that encompass >100,000 of indi-
vidual plants. An alternate solution is the application of struc-
tural measurements, such as aerial LiDAR, that enable
automated segmentation of individual crowns (Tompalski
et al. 2021). For example, Beese et al. (2022) applied repeat air-
borne LiDAR to map oil palm growth, enabling growth esti-
mates for >500,000 individual plants that encompassed
landscape-level environmental gradients. Despite the promise
of repeat airborne data for quantifying demographic rates, sev-
eral obstacles remain in linking remote sensing measurements
of crowns across time periods.

Unlike field measurements, where individual plants can be
tagged and re-measured, remote measurements of growth and
survival rely on matching crowns from the same individual
across different time steps. Crown-to-crown matching often
results in error, due to spatial uncertainty in remote sensing data

compounded by demographic changes that alter the spatial posi-
tion and structure of crowns across time periods (Zhao
et al. 2018; Marconi et al. 2022). For example, individual trees
scattered over predominantly treeless landscapes may be easier
to detect and match, compared to densely populated forested
areas. Segmentation algorithms, which automatically delineate
individual crowns, are the first step in crown-to-crown match-
ing. Overlapping crowns and disjunct branches of the same plant
provide examples where segmentation could result in either
under or over-segmentation. Optimizing segmentation involves
tradeoffs between accurate counts of plant crowns and accurate
measurements of individual crown size (Williams et al. 2020;
Qin et al. 2022). Furthermore, matching crowns through time
raises the issue of error propagation, as inaccuracies at single
time steps compound over multiple time steps (Peter &
Messina 2019), particularly if the wrong pair of crowns are
continually misidentified as the same plant. Exploring these
tradeoffs, including quantifying error in linking remote sens-
ing products across time periods, will be essential to operatio-
nalize remote measurements of growth and survival for
restoration applications.

Along with the inherent challenges of crown-to-crown
matching, changing environmental context poses a particular
challenge for remote measurements of plant demography during
ecosystem recovery. Changing biotic factors, such as plant suc-
cession, affect remote sensing via structural and spectral differ-
ences over time (Kalacska et al. 2007). These changes can
confuse the classification of plants with similar structures
(Osi�nska-Skotak et al. 2019). For example, herbivory can
reduce vegetative biomass relative to plant growth (Sankey
et al. 2016), potentially resulting in errors when monitoring
demography with remote sensing. The utility of remote sensing
for monitoring plant populations during ecosystem restoration
will depend on whether crown-to-crown matching algorithms
are robust across different successional stages. Nevertheless,
few studies have explored how differences in stand development
influence the accuracy of remote sensing algorithms.

Efforts to measure demography with remote sensing, includ-
ing improving crown-to-crown matching algorithms and devel-
oping transferable techniques for change detection across
successional environments, have largely focused on trees. For
other functional groups, including shrubs in dryland ecosystems
that represent 40% of the earth’s landmass (Hoover et al. 2020),
and have critical importance for restoration efforts, aerial
demography remains underdeveloped.We aim to explore the fea-
sibility of UAS-derived estimates of growth and survival for
sagebrush (Artemisia tridentata), a semi-arid shrub that is cen-
tral to ecosystem restoration efforts in the North AmericanWest.
Sagebrush is a foundational species in the vast sagebrush-steppe
ecosystem, which once covered�8% of the continental U.S. but
is increasingly threatened by changing fire regimes, invasive
species, and land development (Requena-Mullor et al. 2023).
These disturbances have prompted equally vast restoration
efforts, including the purchase of >$100 million in sagebrush
seed for restoration efforts by the U.S. government during
the last century (Pilliod et al. 2017; Simler-Williamson &
Germino 2022). High variability in restoration outcomes is the

Restoration Ecology May 20242 of 12

Shrub demography with drones

See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



norm across sagebrush steppe, motivating the need for scalable
monitoring techniques (Germino et al. 2022). While medium-
resolution satellite products are increasingly used to forecast
trajectories of sagebrush cover after disturbance (Simler-
Williamson & Germino 2022; Zaiats et al. 2023), the
�30-m resolution of these products cannot represent individ-
ual sagebrush plants. For sagebrush, individual-level measure-
ments are key, given high levels of between-plant genetic
variation with relevance for local adaptation (Richardson &
Chaney 2018; Davidson & Germino 2020), differences in recov-
ery trajectories depending on individual plant sizes (Shriver
et al. 2019), and reliance on individual species, patch, and plant
traits by vertebrate herbivore species of conservation concern
(Frye et al. 2013; Ulappa et al. 2014; Fremgen-Tarantino
et al. 2020).

In this study, we applied structural measurements from UAS
platforms to detect individual sagebrush plants and measure
their growth and survival. Our study took place in sagebrush
common gardens, where individual plants represent genetic
diversity from source populations across sagebrush ecosystems,
and where complete field censuses provide an ideal ground-
truthed comparison with remotely sensed data. The sagebrush
common gardens parallel active restoration projects that rely
upon planting seedlings, resulting in relatively simple and
homogenous stand structure, compared to naturally regenerating
landscapes. We first determined the accuracy of crown detection

algorithms, including tradeoffs between the accuracy of total
counts and crown area. We then used data from repeat flights
to develop crown-to-crown matching algorithms, which we
applied to measure growth and survival between two censuses.
Finally, we asked how the accuracy of our algorithms changed
across stand development by replicating our efforts across com-
mon gardens that varied in planting date, including a garden in
the early stages of stand development with small outplants and a
garden in the later stages of stand development where outplants
experienced a decade of growth and mortality. Altogether, our
study represents a step toward building the capacity to monitor
plant demography with remotely sensed data.

Methods

Overview

We investigated how UAS technologies and structure from
motion photogrammetry can be used to monitor the growth
and survival of individual sagebrush plants at two experimental
field sites in Southwest Idaho, USA (Fig. 1). After we acquired
temporal UAS data at two time steps from each site, we pro-
cessed the raw imagery using structure from motion algorithms
and generated canopy height models (CHMs) for each site
and census date. Each CHM was independently used to
detect individual plants using canopy detection algorithms

Figure 1. Workflow diagram showing the data collection, image processing, and structure from motion photogrammetry, segmentation, survival, and growth
estimations with unoccupied aerial system (UAS) structural data.
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(Young et al. 2022). We then used a crown-to-crown matching
algorithm to identify the same plant across multiple time steps.
We measured growth by comparing crown size from year to year
for surviving individual plants. To validate our products, we com-
pared the automatically detected plants to field-validated plant loca-
tions and hand-digitized plant crowns from each census.

Study Sites and Field Data Collection

Our study areas represent two big sagebrush (A. tridentata) field
experiments, that is, common gardens, located in the Great
Basin cold-desert ecosystem with plants representing three sub-
species (A. t. tridentata, A. t. vaseyana, A. t. wyomingensis).
Each common garden is a field plot with A. tridentata plants
organized in a grid with regular spacing along the x and
y dimensions. Besides the focal A. tridentata plants, the com-
mon gardens included small shrub recruits, perennial and annual
grasses and forbs, and bare ground. The first common garden
is the Orchard common garden (43.322� N, 115.998� W,
26 m � 26 m, hereafter Orchard garden) established in 2010
and originally contained 468 plants, with the rows separated
by 1 and 1.5 m along x and y, respectively (Fig. 2). During the
first field census in 2015, there were 313 plants, with a subse-
quent mortality decline to 219 plants by the time of the second
field census in 2019. The Soda common garden (43.300� N,
116.991� W, 38 m � 42 m, hereafter Soda garden) was a larger
experiment established in 2015 (Davidson & Germino 2020).
The Soda garden included 1365 plants with minimal subsequent
mortality during 2019 and 2021 field censuses, containing 1217

and 1209 live plants, respectively. Plants were separated by
1.5 m. Field measurements entailed standardized surveys of
each plant in the common gardens, where a plant was recorded
as either dead or alive, and size measured as the maximum
crown height (not including flowering stalks), longest width,
and crown width perpendicular to the longest axis.

UAS Data Collection and Processing

We collected UAS data on two dates at each garden using a rotor
copter UAS equipped with a true color (i.e., Red-Green-Blue
[RGB]) camera and pre-programmed flight missions (Table 1).
Flights coincided with field censuses in 2015 and 2019 for the
Orchard garden, and 2019 and 2021 for the Soda garden. To
improve the geopositioning accuracy of the final products and the
quality of the structure from motion reconstruction, each flight
included a set of ground control points (GCPs) that were mapped
with a survey-grade global positioning system (GPS) unit (HiPer-
V, Topcon Positioning System, Inc). The points were registered
for 30 seconds and later post-processed using Online Positioning
User Service (OPUS, https://geodesy.noaa.gov/OPUS/) and Top-
con Magnet Tools. We established 5–10 GCP for each UAS flight
using a series of targets, including small circular targets, tarp tar-
gets, and scale bars.

Each flight mission produced a set of RGB images we processed
using the structure from motion algorithm and georeferenced using
ground control points following the protocol from Roser et al.
(2022). The output products included a dense point cloud and a Dig-
ital Surface Model (DSM) for each common garden. To create a
CHM, we generated a digital terrain model (DTM = DSM � vege-
tation) and then subtracted DTM from DSM to obtain the CHM. To
generate a DTM from the dense cloud, we applied a Cloth Sim-
ulation Filter (CSF) algorithm with subsequent point filtering
curvature statistics to classify each point as ground or vegeta-
tion (CloudCompare version 2.13; https://github.com/andriizayac/
uas_data_preprocess/). We used the surface interpolated from the
ground points that remained after filtering out vegetation as a
DTM and the normalized DSM to obtain the canopy heights. We
note that our study sites were flat, which likely increased the accu-
racy of our CHMs, relative to more topographically complex land-
scapes where hillslopes and micro-topography can lead to errors in
plant height or, in rare cases, entirely conceal plant crowns.

Individual Plant Detection

We applied a two-step plant detection routine using the “lidR”R
package (version 4.0.3; Roussel et al. 2020; Roussel &
Auty 2023) to find individual plants and their size in a CHM:
plant detection (i.e., individual tree detection) and plant crown
delineation (i.e., segmentation). In Step 1, we used the “local
maximum filter” function to detect individual plant locations
based on the topography of the CHM and local height maxima
using a variable window search size. To determine the search
size for each pixel height, we used a linear function that approx-
imated the allometric relationship between sagebrush height and
width (width = a + b � height), where a and b were linear
regression parameters fit from an independent dataset. In Step

Figure 2. UAS true color (RGB) orthomosaic and CHM for the Orchard
common garden in Idaho, USA during two census time steps in 2015 and
2019. This common garden represented a more established (2010) big
sagebrush (Artemisia tridentata) population with larger individuals and had
experienced a large dieoff of >100 plants between censuses.
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2, we delineated the crowns of individual plants using the
“silva2016” region-growing algorithm and the detected points of
plant locations from Step 1 (Roussel et al. 2020). We chose the
input parameters for Step 1 and Step 2 using a Bayesian optimiza-
tion algorithm that maximized detection and segmentation accu-
racy (details below). We set the minimum height threshold for
the detection at 10 cm, based on the field height measurements
for the plants (all plants exceeded that height except six in the Soda
garden during 2019). A lower threshold would lead to a greater
potential to segment spurious plants due to noise in the CHM.

The accuracy of individual plant detection and delineation is
sensitive to the set of user-defined parameters in the algorithms
(Ma et al. 2022; Young et al. 2022). Because individual plant
detection and segmentation are computationally expensive, grid
optimization becomes prohibitive as the number and range of
unknown parameters increase. We implemented a Bayesian opti-
mization algorithm from the “ParBayesianOptimization” package
in R that efficiently searches for optimal parameter combinations
(Frazier 2018) to minimize missed detection and over(under) seg-
mentation of plants in the common gardens.We ran the optimiza-
tion for 90 iterations, which was sufficient for the Bayesian
algorithm to explore the parameter space, indicated by the error
score reaching a plateau. To minimize computation time, we
implemented the optimization on an area approximately 10% of
the Soda garden (237 m2) and extrapolated the optimal parame-
ters to the entire garden for accuracy assessment and validation.
The Orchard garden (675 m2) was processed entirely, as the area
was smaller compared to the Soda garden. We used field data,
including total canopy cover and the number of plants in the com-
mon garden, as optimization criteria for three parameters: inter-
cept of the allometric equation (described above), maximum
cropping factor, and exclusion. The latter two are the arguments
to the “silva2016” algorithm and define the crown delineation
process based on the height-width allometric relationship and
plant height, respectively. For each iteration of the optimization
routine, the optimization used a cumulative score of the error cal-
culated as (1) the absolute difference between the observed and
modeled total canopy cover, and (2) the absolute difference
between the number of observed and modeled plants in the com-
mon gardens.We ran the optimization for each dataset, to obtain a
set of parameters for each year-common garden combination.

Crown-to-Crown Matching

To match crowns across time periods, we used the Jaccard
Index, which calculates the percent overlap of each segmented
crown (A) with each digitized crown (B) (Dalponte et al. 2019):

J A,Bð Þ¼ A\Bj j
Aj jþ Bj j� A\Bj j , ðEq:1Þ

where jA\Bj is the area of overlap between crowns A and B. For
each digitized crown, if there is one or more segmented crown
that overlap across time periods, the crown with the highest Jac-
card Index is assumed to be a match to the initial crown.

Survival

To estimate survival with the UAS-derived dataset, the crown-
to-crown matching function was used between the two sets of
segmented crowns. For remotely sensed survival, plants that
were detected in both years were assumed to be alive, while
plants detected in the first flight but not the second were assumed
to be mortalities, and new plants only detected in the second
flight were new recruits. We did not consider recruitment further
in this study. Survival was calculated from field censuses that
were conducted the same years as the flights. We also manually
compared each set of segmented crowns and the hand-digitized
crowns to assess whether they represented living sagebrush
plants, dead sagebrush plants, split sagebrush crowns, merged
sagebrush crowns, non-sagebrush shrubs, or bunchgrasses. Split
crowns occurred when a single crown was represented by more
than one segmented crown (i.e., over-segmentation). Merged
crowns occurred when multiple crowns were represented as a
single segmented crown (i.e., under-segmentation). These errors
are captured in comparing the number of field-validated shrubs
with drone-detected shrubs.

Growth

For plants that survived between the two flights, and that were
segmented in both years, we compared change in crown area.
Growth was assessed by subtracting the digitized crown area
of the first flight from the digitized crown area of the second
flight.We elected to use the digitized crown area as the reference
size metric, rather than field measurements, as using hand-
measured length and width to calculate area is a rougher approx-
imation of plant canopy area than the whole-plant measurements
possible with aerial imagery (Olsoy et al. 2015; Howell
et al. 2020). We then compared that estimate of growth with
the differenced area that was segmented during the two flights.
We also report the change in maximum height between each
matched pair of segmented crowns. We evaluated error for
growth, a continuous variable, using Mean Absolute Error
(MAE) and R2 metrics.

Table 1. Unoccupied aerial system (UAS) flight details for each site and time step. CHM, canopy height model.

Site Year UAS + Payload
Flight
pattern

Side/
Front overlap (%)

Flight
altitude (m)

Camera
angle (�)

CHM
resolution (m)

Orchard 2015 senseFly eBee + Canon S110 Parallel 70/70 110 90 0.03
Orchard 2019 DJI Phantom 4 Pro + C4K 100 CMOS sensor Grid 75/75 20 90 + 75 0.01
Soda 2019 DJI Matrice 600 Pro + Ricoh GRII Grid 75/75 45 90 0.01

Soda 2021 DJI Mavic 2 Pro + Hasselblad L1D-20c Grid 92/58 28 90 + 75 0.01
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Results

Plant Detection and Segmentation

The Bayesian optimization process tested a wide range of
parameter space for the intercept of the allometric function and
for the two segmentation parameters, with the final optimized
segmentation selected by minimizing the difference between
segmented and observed plant count and total canopy area. Dur-
ing the plant detection step, the optimal value for the intercept in
the allometric equation (i.e., search window parameter) was 0.58
and 1.06 m for 2015 and 2019, respectively. In the Soda garden,
the intercept values had a smaller difference between censuses,
with estimated optima of 0.71 and 0.73 m for 2019 and 2021,
respectively. From the full tested parameter space, the range of
explored plant counts with the Bayesian optimization was
60–9827 plants (320 observed, 309 segmented) in the Orchard
garden in 2015; 53–1561 plants (219 observed, 211 segmented)
in the Orchard garden in 2019; 85–145 plants (114 observed,
112 segmented) in the Soda garden in 2019; and 76–257 plants
(113 observed, 111 segmented) in the Soda garden in 2021. The
parameter space for cover estimates during optimization simi-
larly encompassed the field measurements, which for Orchard
2015 was 0.29–477.42 (210.9 m2 observed area [i.e., the sum
of all hand-digitized crown areas], 208.9 m2 segmented) for
Orchard 2015, 0.29–453.73 (185.36 m2 observed area,
180.0 m2 segmented) for Orchard 2019, 0.17–41.37 m2 total
canopy area (27.39 m2 observed area, 26.8 m2 segmented) for
Soda 2019, and 0.05–54.92 (35.37 m2 observed area, 35.5 m2

segmented) for Soda 2021. The Pearson correlations between
the number of detected plants and segmented canopy area across
the four datasets was weak (r2 = �0.13 to 0.20), revealing the
importance of incorporating both cover- and count-based met-
rics when optimizing canopy segmentation from high-resolution
imagery. At the Orchard garden, segmentation accuracy was
78.0% in 2015 (F-score = 0.785) and 73.3% in 2019
(F-score = 0.731; Table 2). At the Soda garden, segmentation
accuracy was 95.3% in 2019 (F-score = 0.960) and 89.7% in
2021 (F-score = 0.898; Table 2).

The primary source of segmentation error at each site was dif-
ferent. At Orchard garden, the older, more established stand,
error was due to merged plant crowns. At Soda garden, the
newly established stand, plants were still evenly spaced with
minimal overlap between distinct crowns, but also included
small plants with heights below the minimum height threshold
for detection. Out of 309 segmented shrubs, Orchard 2015 had
40 segmented crowns with multiple living shrubs within them
(i.e., merged crowns), while 42 segmented crowns were of dead

shrubs and 16 were split crowns (Table 3). Similarly, out of
211 segmented shrubs, Orchard 2019 had 36 crowns with
merged crowns, but slightly more dead shrubs (48) with 39 of
those being shrubs that died between the 2015 and 2019 flights.
An additional nine segmented crowns were split crowns
(Table 3). For the younger Soda garden, fewer sagebrush plants
had died, so most of the error was due to non-sagebrush species
that invaded the common garden (Fig. 3). Soda 2019 had 37 seg-
mented crowns that were bunchgrasses or other non-sagebrush
shrubs, with only two dead shrubs and eight merged crowns
(Table 3). Soda 2021 had 118 bunchgrasses or non-sagebrush
shrubs, and no split or merged crowns (Table 3).

Survival

In the Orchard garden, remotely sensed survival was 61%, with
188 individual shrubs detected in 2015 that survived to 2019,
and 121 individuals shrubs in 2015 that were not detected in
2019 (Table 4). Survival from the field censuses was 70%, with
313 shrubs in 2015 and 219 shrubs in 2019 (94 mortalities).
Remotely sensed survival was slightly lower than field-
measured survival, but abundance was more severely underesti-
mated with only 144 of the shrubs detected in both years that
were alive in 2019 (i.e., true positive detections), and 39 detec-
tions representing dead shrubs (i.e., false positive detections;
Fig. 3 and Table 3). Thirty-four of the dead shrubs had recently
died (i.e., between the two UAS flights) but were already
5–8 years old and therefore well-established plants. Most of
the undetected living shrubs were contained within merged
crowns, with 42 crowns containing two or more living shrubs
in 2019 (Table 3). In the Soda garden, remotely sensed survival
was 90%, with 1082 matched crowns between years and
118 shrubs in 2019 that were not detected in 2021 (Table 4). Sur-
vival from the field censuses in the Soda garden was 99% with
1217 in 2019 and 1209 shrubs in 2021 (eight mortalities). While
there were fewer errors in the Soda garden than the Orchard gar-
den, for 2019 there were 37 segmented crowns that represented
bunchgrasses or other non-target shrub species. In 2021, that
increased to 118 segmented crowns that were not sagebrush
(10% error; Table 3).

Growth

The shrubs in the Orchard garden grew, based on hand-digitized
crowns, by an average of 0.14 m2 (range: �0.99 to 2.10 m2).
Estimates obtained by differencing segmented crowns overes-
timated growth by 57% with an average 0.22 m2 growth

Table 2. Segmentation accuracy results compared to digitized crowns for each site and time step. The plants that were digitized but not segmented are given in
the third column (producer’s accuracy), while the plants that were segmented but not digitized are given in the fourth column (user’s accuracy), and an F-Score
representing overall predictive performance.

Flight Plants detected Not segmented (producer’s accuracy) Not digitized (user’s accuracy) F-Score

Orchard 2015 244 69 (78.0%) 65 (79.0%) 0.785
Orchard 2019 154 56 (73.3%) 57 (73.0%) 0.731
Soda 2019 1160 57 (95.3%) 40 (96.7%) 0.960

Soda 2021 1084 125 (89.7%) 120 (90.0%) 0.898
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(range:�1.90 to 2.10 m2; Fig. 4). Individual-level growth esti-
mates between digitized and segmentation methods were mod-
erately correlated (MAE = 0.41 m2, R2 = 0.25). Shrubs that
grew together and merged crowns, which were in some cases

segmented as a single, much larger plant, led to high overesti-
mation errors in growth (Fig. 3A) and is linked to the underes-
timation of survival. Removing segmented crowns with
merged crowns decreased the MAE to 0.35 m2 and slightly

Table 3. Survival and crown-to-crown matching accuracy confirmed with common garden census and visual inspection of high-resolution unoccupied aerial
systems (UAS) imagery. Numbers refer to counts of segmented plants and percentages in parentheses represent the percent of total plants segmented in that cat-
egory. The recent die-off category is for the Orchard garden because a large number of shrubs died between the 2015 and 2019 flights. Bunchgrass/Other Shrub
only occurred at the Soda garden where extra crowns that were not a living shrub were often crested wheatgrass or other non-target shrub species that colonized
spots where big sagebrush plants had previously died.Merged crowns occurred more frequently at the Orchard garden, where large shrub canopies combined and
were more likely to be segmented as a single crown. The “matched” columns refer to crowns that were successfully paired between years with crown-to-crown
matching.

Orchard 2015 Orchard 2019 Orchard Matched Soda 2019 Soda 2021 Soda Matched

Alive 246 (80%) 151 (72%) 144 (77%) 1161 (97%) 1085 (90%) 1053 (97%)
Dead 42 (14%) 9 (4%) 5 (3%) 2 (0%) 1 (0%) 1 (0%)
Recent Die-off - 39 (18%) 34 (18%) - - -
Split Crown 16 (5%) 9 (4%) 3 (2%) 0 0 0
Bunchgrass/Other Shrub - - - 37 (3%) 118 (10%) 28 (3%)
Border Shrub 5 (2%) 3 (1%) 2 (1%) - - -
Total Crowns 309 211 188 1200 1204 1082

Merged Crowns 40 36 42 8 0 0

Figure 3. Examples of types of errors in segmentation and survival. UAS color (RGB) imagery (left) and CHM (right). Segmentation and survival analysis errors
include merged crowns (A, B), split crowns (C, D), dead shrubs that were segmented (C, D), and bunchgrasses on non-sagebrush shrubs that were segmented
(E, F). FN, false negative; FP, false positive; TN, true negative; TP, true positive. Colored points represent locations of planted sagebrush, with blue points indicating living
plants, orange points for plants that died between the census surveys (recent), and red points indicating plants that were dead before the first survey.
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improved agreement with hand-digitized growth estimates
(R2 = 0.31). Maximum shrub height in the Orchard garden
increased by an estimated 0.10 m between the two sampling
dates (range: �0.46 to 0.75 m). Growth in maximum height

at the Soda garden was minimal, with digitized crowns show-
ing an average increase of 0.04 m2 crown area (range: �0.29
to 0.39 m2; Fig. 4). Estimated growth from the segmented
crowns was 0.05 m2 (range: �0.39 to 0.45 m2) with MAE of
0.09 m2 (R2 = 0.10). Maximum height in the Soda garden
decreased by 0.03 m (range: �0.40 to 0.25 m).

Discussion

Our work demonstrates the feasibility and errors of measuring
plant demographic rates with high-resolution remotely sensed
data, starting with a simplified system of shrub gardens on flat
landscapes where the soils had been tilled, and background veg-
etation was still recovering from garden establishment. Results
suggest that remote sensing that strategically reduces segmenta-
tion and classification errors canmeet the demand for large-scale
monitoring with relevance for restoration, from evaluating out-
planting success to quantifying potential natural regeneration.
Estimates of canopy structure were essential to our approach,
with CHMs derived from structure from motion. The increasing
availability of remotely sensed data capable of mapping
3-dimensional structure, from low-cost UAS to aerial and
satellite-based LiDAR (Anderson & Gaston 2013; Olsoy
et al. 2018; Ilangakoon et al. 2021), will enable similar estimates
across many systems.

We found tradeoffs in optimizing segmentation for estimating
the number of individual plants versus total crown area. Given
the importance of accurate estimates of both plant abundance
and size for demographic rates (Shriver et al. 2019), careful opti-
mization of segmentation parameters is necessary to achieve
more accurate results. The next, and most important, step for
estimating growth and survival is to match segmented crowns
from the same individual across time steps. We found that errors
in crown-to-crown matching depended largely on the age struc-
ture of the stand. In the older stand at Orchard garden, we found
that overall survival estimates were similar, but abundance esti-
mates of matched plants were lower, largely due to crowns
merging together into single segmented crowns, and potentially
impacted by coarser pixel resolution (3 cm) in the 2015 flight.
For the younger stand at Soda garden, survival and abundance

Table 4. Remotely sensed survival estimates at each garden from direct crown-to-crown matching of segmented plants between time steps. Plants detected in
both time steps are assumed to have survived, while missing plants from the first time step are assumed to have died, and new plants from the second time step are
assumed to be new recruits. Validation of each year and the crown-to-crown matched subset is given in Table 3, which assesses individual-level survival
accuracy.

Orchard Garden Segmented 2015 Recruit estimate Count 2019

Segmented 2019 188 23 211
Dead estimate 121

Survival estimate 188/309 = 60.8%

Soda Garden Segmented 2019 Recruit estimate Count 2021

Segmented 2021 1082 122 1204
Dead estimate 118

Survival estimate 1082/1200 = 90.2%

Figure 4. Area growth in segmented plants versus digitized for the Orchard
(A) and Soda (B) common gardens in Idaho, USA. MAE, mean absolute
error; black dashed line represents a 1:1 relationship, while the blue line
represents a best-fit line to the data.
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estimates were very close, and the errors were driven by seg-
mentation of non-target plants. Monitoring the extent and timing
of merged plants through multiple time steps and classification
of species is needed to assess how mixed-age stands along the
edges of disturbance (e.g., wildfire boundaries) impact segmen-
tation accuracy and demographic rate estimates.

For a single time step, we found that segmentation performed
well, including fairly accurate estimates of cover and plant abun-
dance. Counts of individual plants and cover estimates are
essential for many ecological applications, from predicting
future population growth to measuring potential forage for
threatened herbivores (Olsoy et al. 2020; Barber et al. 2022).
Estimating plant population dynamics with remote sensing,
including forecasting cover trajectories and population growth
rate, will require integrating measurements across years. We
found that crown-to-crown matching across time steps was a
considerably more difficult challenge than single-year estima-
tion of sagebrush crown segments. Misclassifications or merged
crowns upstream in the workflow were compounded by crown-
to-crown matching. At Orchard, 1 year had more individual
crowns merged together, and our crown-to-crown matching
algorithm only matches the crown with the most overlap leading
to an underestimation in abundance, possible overestimation of
mortalities, and increased errors in growth estimates. While our
study was part of a common garden experiment, natural systems
closer to carrying capacity that contain older plants will likely
also have this problem, as canopies expand and eventually over-
lap. Other studies have adjusted for over- and under-
segmentation with spectral approaches (Zhang et al. 2012).
Stands recovering from fire or other disturbances are likely to
begin more sparsely distributed with small seedlings that are
harder to detect with remote sensing than larger plants. Segmen-
tation parameters can be optimized to detect smaller plants, but
in our case that led to false positives with bunchgrasses and
other small, non-target plants being segmented. Spectral infor-
mation could be used to classify segmented crowns to species
and reduce misidentification errors, particularly multispectral
and hyperspectral sensors that are becoming more common on
UAS platforms (van Blerk et al. 2022; Slade et al. 2023).

Despite the challenges of crown-to-crown matching, we were
able to achieve fairly accurate estimates of stand-level survival
with remotely sensed estimates within 10% of observed sur-
vival. Mortality of outplants can lead to failure of active restora-
tion projects (Davidson et al. 2019). For large-scale restoration
projects, such as mass tree planting efforts, insufficient monitor-
ing of outplant survival is common and poses a major impedi-
ment to improving the success of subsequent plantings through
adaptive management (Brancalion & Holl 2020). Remotely
sensed data, including UAS imagery, could provide a low-cost
and scalable solution to the challenge of monitoring outplant
survival across large areas. We anticipate that estimating the sur-
vival of naturally regenerating plants with UAS imagery will be
more difficult than our case study, which involved regularly
spaced outplants in a common garden. Continued improvement
of segmentation algorithms will potentially improve crown-
to-crown matching. However, in other cases, models that com-
bine field measurements of mortality for a subsample of plants

with large-scale remotely sensed estimates may be necessary
for best performance (Barber 2021).

In contrast to survival, we found growth more challenging to
estimate with UAS imagery. Growth rates in older gardens may
be overestimated due to merged canopies, and growth rates in
younger gardens may require longer time steps. Despite these
challenges, we were able to detect a significant relationship
between remotely estimated growth and hand-digitized growth
of tagged shrubs. This overall positive relationship points to
the potential capacity to improve estimates of growth for out-
plants with improved segmentation algorithms. Alternately, if
accurate estimates of growth are needed from remotely sensed
imagery, hand-digitization and subsequent pairing of digitized
crowns is a feasible, albeit time-consuming, solution (Stears
et al. 2022). Estimating growth may also be easier for plants with
simpler canopy structure than sagebrush shrubs, where irregular,
asymmetric, and disjoint canopies are the norm, particularly for
older plants.

Across our entire workflow, we anticipate that multispectral
or hyperspectral data could be leveraged to reduce errors (Qin
et al. 2022). Additional spectral resolution improves the ability
to classify plant crowns to species, potentially removing errors
in crown-to-crown matching due to confusion between focal
species and others. Species classification will be particularly
important in natural settings, where plant diversity is higher than
our common garden case study. Another way that multispectral
sensors could aid the detection of growth and survival is by mea-
suring spectral changes in plant crowns that can predict demo-
graphic changes (Caughlin et al. 2016). For example, plants
that are likely to die may have less spectral reflectance in photo-
synthetically active bands. Other potential examples of within-
crown spectral variability with relevance for demography could
include reproductive seed heads or leaf stress. Moreover, align-
ment of UAS imagery with the timing of leaf emergence and
senescence may also help classify species. Multispectral sensors
are becoming cheaper and more available on UAS, and offer the
opportunity to assist with species classification and plant physi-
ology and disease (Tu et al. 2019).

Models for imperfect detection present another possible ave-
nue to improve remotely sensed estimates of plant demography.
Hierarchical models that partition noisy data into measurement
error and process variability are common in wildlife studies
and have enabled inference on animal demography from camera
trap data, which poses similar detectability challenges to UAS
imagery. Adapting these hierarchical models for plant detection
from UAS imagery is feasible, including simultaneously esti-
mating the probability of false negatives (failure to detect a focal
plant, when one is present) and false positives (incorrect detec-
tion due to species misclassification, split crowns, or error in
the CHM) (Zaiats et al. 2023), and explicitly modeling detection
probabilities is likely to improve demographic estimates, partic-
ularly for smaller plants.

The technical expertise required to acquire and process
remotely sensed data raises the question of when remote sensing
estimates will sufficiently decrease monitoring cost to become
feasible, relative to field data. We anticipate that the answer to
this question will depend in part on the scale of monitoring
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needed. For large-scale restoration treatments, such as many
post-fire efforts in the Great Basin (Simler-Williamson & Ger-
mino 2022), full censuses are logistically infeasible. Subsam-
pling large areas with field plots is one solution, but the lack of
spatially extensive measurements presents an impediment to
efforts to spatially-target subsequent restoration treatments
to areas that are underperforming. An additional benefit of
remotely sensed imagery is the capacity for flexible deployment
and image acquisition, in response to disturbance and phenolog-
ical events (Bogdan et al. 2021; Gonzales et al. 2022). For arid
or semi-arid systems where plants are only visible for brief phe-
nological windows, field surveys may underrepresent counts of
crucial functional groups (Endress et al. 2022). An alternative
approach to our workflow that could potentially reduce the tech-
nical costs of segmentation and crown-to-crown matching
would be to produce data products that represent aggregate
cover and count metrics, rather than survival and growth of indi-
viduals. In some cases, time series of plant cover can provide
more accurate forecasts of future population dynamics
(Tredennick et al. 2017). We found that stand-level estimates
of plant cover or counts were more accurate than products that
required crown-to-crown matching. Additionally, cover esti-
mates are now possible with satellite imagery leading to oppor-
tunities for long-term and historic estimates of population
dynamics that are not possible with UAS imagery alone
(Zaiats et al. 2023). However, in other cases, estimates of indi-
vidual demography may be required. For example, experimental
outplants designed to test the performance of different geno-
types or functional traits, such as the common garden data ana-
lyzed in this paper, require analysis at an individual level
(Rincent et al. 2018).

Ultimately, as the cost and accessibility of UAS technology
continue to decline, we anticipate that high-resolution UAS will
increasingly bridge the gap in scale between field-based mea-
surements of individual plants and satellite-based fractional
cover estimates. Our semi-automated segmentation provides
an example of low-cost drone mapping that can enable the
detection and mapping of thousands to hundreds of thousands
of individual plants in a single flight. Land managers could use
UAS to capture multiple time steps (e.g., annual or after multiple
years) to monitor growth and survival of targeted species and
assess restoration outcomes at broad scales. Initial segmentation
and classification algorithms require an upfront cost, but as
workflows become more automated, the cost decreases and
UAS data collection can often be cheaper and easier than time-
intensive fieldwork.
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