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Abstract Increasingly, dry conifer forest restoration
has focused on reestablishing horizontal and vertical
complexity and ecological functions associated with
frequent, low-intensity fires that characterize these
systems. However, most forest inventory approaches
lack the resolution, extent, or spatial explicitness for
describing tree-level spatial aggregation and open-
ings that were characteristic of historical forests.
Uncrewed aerial system (UAS) structure from motion
(SfM) remote sensing has potential for creating spa-
tially explicit forest inventory data. This study evalu-
ates the accuracy of SfM-estimated tree, clump, and
stand structural attributes across 11 ponderosa pine-
dominated stands treated with four different silvi-
cultural prescriptions. Specifically, UAS-estimated
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tree height and diameter-at-breast-height (DBH) and
stand-level canopy cover, density, and metrics of
individual trees, tree clumps, and canopy openings
were compared to forest survey data. Overall, tree
detection success was high in all stands (F-scores
of 0.64 to 0.89), with average F-scores>0.81 for all
size classes except understory trees (<5.0 m tall).
We observed average height and DBH errors of
0.34 m and—0.04 cm, respectively. The UAS stand
density was overestimated by 53 trees ha™!' (27.9%)
on average, with most errors associated with under-
story trees. Focusing on trees>5.0 m tall, reduced
error to an underestimation of 10 trees ha™! (5.7%).
Mean absolute errors of bole basal area, bole quad-
ratic mean diameter, and canopy cover were 11.4%,
16.6%, and 13.8%, respectively. While no differences
were found between stem-mapped and UAS-derived
metrics of individual trees, clumps of trees, canopy
openings, and inter-clump tree characteristics, the
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UAS method overestimated crown area in two of the
five comparisons. Results indicate that in ponderosa
pine forests, UAS can reliably describe large- and
small-grained forest structures to effectively inform
spatially explicit management objectives.

Keywords Drone - Groups - Variable density -
Silviculture - Spatial pattern

Introduction

Urban encroachment, shifting climates, and altera-
tions to historical disturbance regimes in dry conifer
ecosystems are accelerating changes to forest man-
agement approaches (Larson et al., 2012). Histori-
cally, forest management prioritized production and
predictability, resulting in management practices
designed to limit natural disturbance as well as struc-
tural and biological complexity (Fahey et al., 2018).
This type of management largely resulted in expanses
of dense, homogenous forests, making them more
susceptible to severe biotic and abiotic disturbances
(Allen et al., 2002). As disturbances have increased in
frequency and severity, societal and managerial pri-
orities have shifted toward restoring historical struc-
tural and biological diversity to promote ecosystem
services, reduce the risk of large stand replacing fires,
and promote resistance and resilience to a wide range
of stressors (Franklin, 1993; Puettmann et al., 2010;
Stephens et al., 2021). As a result, silvicultural pre-
scriptions are increasingly focused on reestablishing
the horizontal and vertical variability at both the tree-
neighborhood and stand scale (Tinkham et al., 2017),
while simultaneously calling for more frequent and
widespread monitoring to facilitate adaptive manage-
ment (Addington et al., 2018). However, the planning
and design of effective heterogeneous prescriptions
requires detailed quantification of the distribution and
spatial arrangement of the forest overstory (Cannon
etal., 2018).

Numerous methods of describing tree spatial
arrangement have been explored for their ability to
inform management decision-making. Through a
comprehensive review of spatial patterns in forests
that have frequent low-intensity fires of the Western
United States, Larson and Churchill (2012) found
that most (56 of 60 reviewed papers) studies employ
global pattern analysis—or analysis strategies
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designed to describe spatial patterns through a sin-
gular stand-level metric. Given that horizontal het-
erogeneity in tree density, or groups and clusters,
are a defining characteristic of these forests (Lar-
son & Churchill, 2012), many studies employ spa-
tial aggregation analyses such as Ripley’s K and
Moran’s 1. These strategies connect ecological pro-
cesses like the facilitation and repulsion of species-
specific regeneration to established tree patterns
(Kuehne et al., 2015; Ziegler et al., 2017). Mean-
while, some studies focus on quantifying meadows
and open space within stands as a function of the
percent of stand area in open space (Matonis &
Binkley, 2018), while others described the area of
open space scaled by the Euclidean distance from
trees (Churchill et al., 2013) or as a distribution of
opening sizes (Cannon et al., 2018). Although these
methods can provide some general idea of spatial
patterns within stands, they often neglect open-
grown trees and fail to describe vertical heterogene-
ity entirely. The lack of fine-scale characterization
of the fuels complex associated with most stand-
level approaches limits the ability to develop three-
dimensional fuel representations at the stand scale
required to inform silvicultural prescription devel-
opment or the assessment of heterogeneous treat-
ment effectiveness and longevity.

Analysis of local patterns is used to better describe
stand structure and inform management actions.
For instance, some studies have taken steps to iden-
tify and quantify local patterns of tree groups (Can-
non et al., 2019; Tinkham et al., 2017). Other stud-
ies described tree arrangement as the distribution of
clump sizes and characterizing tree size class vari-
ability within clumps (Larson & Churchill, 2012).
These local pattern analyses often provide nuanced
insights into stand structure and are easily integrated
with silvicultural prescriptions or translated for treat-
ment marking plans. One approach to describing and
reintroducing mosaic patterns in dry conifer forests is
the ICO (individuals, clumps, and openings) method
initially developed by Larson and Churchill (2012).
Such approaches require intensive stem map datasets
to develop historical guidelines of clump size distri-
butions for silviculture prescription development.
However, because of high data collection costs, such
comprehensive data are limited in both extent and
temporal depth across dry conifer forests, limiting the
implementation of such strategies.
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Forest monitoring efforts now routinely augment
field measurements with satellite sensor data (e.g.,
Landsat-9 or Sentinel-2 [Manfreda et al., 2018]).
Even cutting-edge satellite sensors are currently una-
ble to achieve the ultra-high spatial resolution (cm
level) with multiple view angles that would be neces-
sary to characterize individual tree size metrics other
than crown area, especially in vertically heterogene-
ous forests (Freudenberg et al., 2022). Currently, sat-
ellite monitoring of forest structure lacks the range
and versatility to meet the increasing demand for fre-
quent ultra-high-resolution monitoring of forest struc-
ture (Manfreda et al., 2018). However, the increased
focus on the spatial arrangement of tree groups in
ecological restoration-based projects has led to a
demand for data describing the current and dynamic
arrangements of individual trees, clumps of trees, and
canopy openings within heterogeneous forested land-
scapes (Camarretta et al., 2020; Castro et al., 2021).

In response, uncrewed aerial systems (UAS) have
quickly risen as versatile alternative data collection
platforms with the potential to bridge these spatial
and temporal divides (Manfreda et al., 2018). Spe-
cifically, individual tree detection methods have been
able to identify greater than 90% of trees in ponderosa
pine (Pinus ponderosa var. scopulorum Dougl. Ex
Laws.) forests, facilitating high-resolution tree-to-tree
spatial arrangement analysis (Creasy et al., 2021).
Additionally, the integration of diameter-at-breast-
height (DBH) extraction and modeling strategies
in UAS monitoring has made it possible to generate
diameter distributions and stand basal area estimates
within 10% of stem map observations (Swayze et al.,
2021; Tinkham et al., 2022). Having near census-
level forest inventories would enable managers to
map explicit locations for tree retention and planned
openings for use by marking crews or directly in the
cabs of forest operations machinery (Keefe et al.,
2022), eliminating potential subjectivity or second-
hand interpretation of silvicultural prescriptions.
Similarly, having tree-oriented continuous maps of
forest structure holds the future of unlocking the use
of next-generation fire behavior models in compar-
ing treatment alternatives or planning prescribed fires
(Moran et al., 2020; Pimont et al., 2016). However,
the quality of individual tree remote sensing methods
sometimes relies on offsetting tree detection errors,
where trees that are missed (i.e., false negatives) are
balanced against trees that are incorrectly added (i.e.,

false positives [Jeronimo et al., 2018]). Ideally, both
errors are close to zero and equal to each other across
size classes, resulting in a dependable representa-
tion of tree size distributions (Li et al., 2012). It is
unknown how these tree-level errors will impact the
data’s reliability in describing the local vertical and
horizontal complexity.

This study evaluates the accuracy of UAS-esti-
mated horizontal and vertical forest structural het-
erogeneity across a range of post-treatment forest
structures in ponderosa pine-dominated forests. Spe-
cifically, we compare the spatial pattern of UAS sin-
gle tree detection estimates against 11 stem-mapped
1-ha sites exhibiting a gradient of horizontal and ver-
tical heterogeneity. Metrics are evaluated as tree-level
DBH and height accuracy, distributions of clump
sizes and vertical complexity, and stand-level density
metrics.

Methods
Study site description

In 2017, eleven 100 mx 100 m (1 ha) ponderosa
pine-dominated plots were inventoried within the
Black Hills Experimental Forest, a part of the Black
Hills National Forest in western South Dakota, USA
(Fig. 1). Study sites were selected to provide a wide
range of local tree densities and height complexity
for testing if these unique structures could be iden-
tified and characterized. The plots were randomly
located within stand interiors (> 50 m from the stand
edge) that had received one of four unique treat-
ments designed to promote variation in forest struc-
ture horizontal and vertical complexity (Ritter et al.,
2022). Ground plot mapping included observations of
tree location, species, DBH, height, and crown width
along the major and minor axis of each tree greater
than 1.37 m tall. The crown area of each tree was esti-
mated from its average crown width observation, and
assuming the area of a circle, the crown areas were
dissolved to eliminate crown overlap during stand
and cluster analysis. Stem mapping was completed by
establishing a 25 mx25 m grid of survey locations
in each stand with a Pentax PCS-515 (TI Asahi Co.,
Saitama, Japan) laser total station and then recording
the northing and easting of each tree to a point in the
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Fig.1 Study area showing the location of the eleven 1-ha study plots on the Black Hills National Forest in western South Dakota,
United States. The red star in the inset map represents the general area within South Dakota that the study plots are located

survey grid with distance tapes. Further details of plot
establishment can be found in Ritter et al. (2022).
Study plots were in mechanically thinned for-
est treatments designed to capture a range of forest
structure metrics (Fig. 2). The thinning treatments
occurred between 2012 and 2014. These mechani-
cal treatments consisted of small group retention
(SGR), commercial-grade thinning (CT), and two
free selection treatments. The SGR treatments called
for the retention of ~4.6 m? ha! of basal area (BA)
with half of this in~20 tree groups and half in scat-
tered individuals. The retained groups emphasized
large trees but also included trees of different sizes.
In addition, pre-commercial sapling (0.1 to 12.4 cm
DBH) and pole (12.4 to 22.6 cm DBH) sized trees
were retained in large patches, resulting in both high
vertical and horizontal heterogeneity (Fig. 2). The CT
plots were thinned from below to a basal area of 9.2
to 13.8 m? ha™!, and trees were spaced a minimum
of~4.9 m apart, resulting in both low vertical and
horizontal heterogeneity (Fig. 2). Both free selection
prescriptions (FS-On and FS-Off) called for thinning
the commercial-sized trees (>22.6 cm DBH) to 9.2
to 13.8 m? ha~! where ponderosa pine was favored
for retention. These two free selection prescriptions
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used a crown vigor selection criterion (Graham &
Jain, 2005; Hornibrook, 1939) to leave commercial-
sized trees. However, they differed in their treatment
of pre-commercial-sized trees (<22.6 cm DBH) with
the FS-On treatment ignoring the overstory when
thinning pre-commercial stems to a fixed~4.3 m
spacing. In contrast, the FS-Off treatments thinned
pre-commercial stems to an~4.3 m spacing when
considering both overstory and other pre-commercial
stems. On FS-On sites, foresters were told to think
of commercial stems as “ghosts” or to imagine that
they were not there when considering tree spacing,
whereas FS-Off sites included commercial stems
in their tree spacing considerations. Overall, this
resulted in greater vertical heterogeneity in the FS-On
plots. Although each of the sites received one of these
four treatments, these stands were selected to provide
a gradient of tree size and group-level variation in
structural complexity.

UAS data collection and processing
In the summer of 2020, we planned and executed 11

flights over the 1-ha sites using a DJI Phantom 4 Pro
to acquire very high-resolution (<2.0 cm) imagery
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Fig. 2 Stem map and aerial photo of representative plots for
each of the treatment types. Sites are placed along relative
scales from more homogeneous to more heterogeneous hori-

of each study site (Fig. 3). The Phantom 4 Pro was
equipped with a 20-megapixel (54723648 pixels)
metal oxide semiconductor (CMOS) red—green—blue
sensor with a fixed 8.8-mm focal length. Altizure
(version 4.6.8.193; Shenzhen, China) for Apple i0S
was used to pre-program and conduct automated UAS
crosshatch flight paths at an 80 m altitude, 90% for-
ward and 85% side overlap at 4.0 m s~! flight speed
using a nadir (perpendicular to the ground) cam-
era orientation. Flight boundaries were extended
past the study boundaries to ensure constant image
overlap throughout the 1-ha study site. Flights aver-
age approximately 3 min per hectare in the field.
To improve georectification and image alignment,
ground control points were established using an
Emlid Reach-2 real-time kinetic GPS at approxi-
mately the center and four corners of each plot but
shifted to ensure visibility in the UAS imagery when
a tree canopy was present. The GPS base station
never exceeded 2.5 km from the recorded points with
PDOP ranging from 1.1 to 3.1, achieving an average
reported horizontal root mean squared error (RMSE)

. Heterogeneous
Horizontal

zontal and vertical heterogeneity. Stem map trees are scaled
according to their crown diameter

of 0.41 m. The ground control points for two of the
sites had large vertical errors (0.48 to 4.01 m RMSE)
compared to the other sites (0.01 to 0.62 m RMSE)
resulting in skewed height depth maps that overes-
timated tree heights by 5.0-7.0 m. These two sites
were subsequently reprocessed without ground con-
trol points but still maintained a relative horizontal
accuracy of less than 2.00 m RMSE when compar-
ing UAS-detected tree locations with matched stem-
mapped tree coordinates.

Images were processed using Agisoft Metashape
Version 1.6.4 to generate structure from motion (SfM)
point clouds following the methodology outlined by
Tinkham and Swayze (2021). Study-specific processing
parameters for Agisoft Metashape are reported in Sup-
plemental Table A1. Point cloud generation through the
structure from motion software required approximately
90 min for each study site, with larger acquisitions com-
monly averaging 30 to 40 min per hectare. The result-
ing SfM point clouds underwent processing in the lidR
package (Roussel et al., 2020) for the R statistical pro-
gram (R Core Team, 2022), including ground filtering,

@ Springer
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and Processing
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Fig. 3 Workflow diagram showing the integration of UAS
data collection, raw image processing through the structure
from motion algorithm, extraction of individual tree height
and DBH, filtering of DBH values with regional height to

height normalization, and canopy height model (CHM)
generation at a resolution of 0.10 m. Because the point
cloud data density exceeded 2000 points m~2 for each
study area, the point-to-raster function was used to
generate the CHM from the height normalized point
clouds. From the CHMs, individual trees were detected
using a variable window function that reports tree
location and height, following Creasy et al. (2021).
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DBH model, prediction of missing DBH values from UAS
modeled height to DBH relationship, and matching of UAS
and stem-mapped trees for analysis of tree, stand, and clump
level accuracy

The variable window function scales the search radius
around each focal cell of the CHM using Eq. 1 to evalu-
ate if the focal cell was the local maximum, where the
focal cell needs to be the greatest value in the search
radius to be retained as a tree location that is assigned
the cells height value.

Variable Window Radius = CHM Focal Cell Value x 0.2
(D
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Table 1 Summary of stand estimates of tree density, size, and canopy cover for the field stem-mapped and UAS-extracted trees

Plot name QMD (cm) Trees ha™! Trees ha™! (>5 m) Basal area (m” ha™') Canopy cover (%)
Stem map UAS Stem map UAS Stem map UAS Stem map UAS Stem map UAS
SGR-1 16.2 17.2 307 195 84 78 6.4 4.5 12.8 10.4
SGR-2 11.2 15.5 658 362 151 146 6.5 6.9 12.6 12.9
FS-Off-1 23.7 18.2 251 387 206 221 11.1 10.1 17.8 21.7
FS-Off-2 24.0 19.4 254 420 168 196 11.5 12.5 22.8 21.5
FS-Off-3 224 20.9 263 323 225 239 10.3 11.0 15.7 19.2
FS-On-1 23.8 17.6 244 516 158 193 10.8 12.6 22.0 23.1
FS-On-2 20.3 17.1 348 540 288 284 11.3 12.3 20.3 28.7
FS-On-3 18.9 16.3 225 321 70 71 6.3 6.7 12.2 13.5
CT-1 28.4 26.0 171 196 158 163 10.9 10.4 24.1 19.0
CT-2 334 32.5 159 167 149 156 13.9 13.9 26.8 27.5
CT-3 28.2 22.0 189 222 179 202 11.8 8.4 24.7 24.6

The DBH for each tree was modeled by adapting
the workflow of Swayze et al. (2021). This approach
uses the TreeLS package (Conto, 2019) to extract a
slice of the height-normalized point cloud at 1.32 to
1.42 m, compresses the points to a flat plane, and then
iteratively fits an ordinary least squares circle algo-
rithm to each tree location to estimate DBH. How-
ever, this process can mistakenly fit circles across
branches and is only expected to extract 10-20% of
DBH values in ponderosa pine forests (Tinkham

A
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Fig. 4 Modeled relationships of height predicting DBH for the
A regional model using Forest Inventory and Analysis (FIA)
data and B the 11 models fit to filtered UAS observations. The
shaded area in both plots represents the regional FIA model’s
90% prediction bound used to filter UAS-extracted DBH val-

et al., 2022). To account for missing DBH values,
regional United States Forest Service Forest Inven-
tory and Analysis (FIA; Tinkham et al., 2018) data
from the Black Hills National Forest were used to
create a regional model of height predicting DBH
(Fig. 4). The regional model was fit using a power
function, achieving a residual standard error of 6.2 cm
using the nls function in the stats package for the R
statistical program. The successfully extracted UAS
height and DBH pairs were filtered against the 90%

B)

DBH = B x Height®?

60 4

WL

SR RRAL

N
<)
L

| R

UAS DBH (cm)

N
o
1

SRR R

10 20 30
UAS Height (m)

ues. The different colors in panel B represent the 11 stands
being assessed, and only UAS height and DBH pairs that fell
inside the prediction bound were used to fit a local height to
DBH function and predict missing DBH values (2-column)
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prediction bounds of the regional model that was gen-
erated using the propagate package (Spiess, 2018) for
the R statistical program. Only UAS DBH values fall-
ing inside the prediction bound were retained. Using
the filtered UAS height and DBH pairs, site-specific
power functions of height predicting DBH were cre-
ated for each site to predict the missing DBH values
for the remaining UAS-extracted heights (Fig. 4).
These site-specific models had a mean pseudo-R? of
0.51 (SE=0.04) and mean residual standard error
of 1.20 cm (SE=0.01 cm), with a mean B, of 4.29
(SE=0.40) and mean B, of 0.68 (SE=0.04). Finally,
individual tree crown areas were estimated from the
UAS CHM using the marker-controlled watershed
method of the ForestTools package (Plowright &
Roussel, 2021), providing a UAS dataset contain-
ing the location, DBH, height, and crown area of
extracted trees. The processing from raw point cloud
to UAS-derived inventory with location, height, and
DBH for each tree requires approximately 80 min per
hectare.

Tree matching and error assessment

Extracted and modeled UAS tree observations were
spatially matched with individual stem-mapped trees
following Silva et al. (2016) to provide an evaluation
of true positive, false positive, and false negative rates
and to compare tree and stand-level structural attrib-
utes. These spatially aligned datasets were further
used to evaluate the ability of the UAS inventory to
describe horizontal and vertical structural complexity
by comparing the distribution of UAS-detected tree
clusters and openings against distributions derived
from the stem-mapped trees.

Matching of UAS trees with field stem map trees
was conducted by selecting a target UAS tree and
identifying all candidate stem map trees within 4.0 m.
If one or more candidate stem map tree was found
to have less than a 2.0-m height error, the candidate
with the smallest error was assigned as a true posi-
tive match and removed from the process. If a match
could not be found for the target tree, the target was
considered a false positive. The process consid-
ered each UAS tree iteratively until all UAS trees
were classified as true positive or false positive. All
remaining stem map trees that could not be matched
were considered false negatives. Based on the calcu-
lated true positive, false positive, and false negative
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rates, F-score was calculated as an overall metric of
tree extraction success using Eq. 2. Our F-score, true
positive, false positive, and false negative rates were
then summarized across understory (<5.0 m tall),
intermediate (5.0-15.0 m), and overstory (>15.0 m)
dominance classes.

( True Positive True Positive )

True Positive + False Negative True Positive + False Positive
F-score =2 x

( True Positive

True Positive
True Positive + False Negative

True Positive + False Positive
@)

Using the matched field stem map and UAS-
extracted trees, the mean error (ME) and root-mean-
squared error (RMSE) of tree height and DBH were
calculated for each study site. To evaluate how tree
height and DBH errors vary across tree size, obser-
vations were summarized across 5-m tree height size
classes. Finally, to evaluate the efficacy of UAS meas-
urements for stand-wide data collection and analysis,
we compared estimates of stand basal area and trees
per hectare (TPH), quadratic mean diameter (QMD),
and percent canopy cover between the stem-mapped
and UAS-extracted trees for each site. Remotely
sensed canopy cover was defined as the proportion
of CHM pixels identified as crown within each site,
while the elliptical area of stem-mapped tree crowns
was spatially intersected to eliminate canopy overlap
before determining canopy cover.

To evaluate the ability of UAS-extracted trees
to characterize horizontal and vertical heterogene-
ity tree arrangement, clusters of trees were identified
within the stem-mapped and UAS trees. A cluster of
trees was defined as two or more trees with the poten-
tial for interlocking crowns. Overstory trees on the
stem maps generally had a crown radius of ~3.0 m, so
stems within 6 m of one another were considered to
have the potential for developing interlocking crowns.
Density-based spatial clustering of applications with
noise (DBSCAN) from the fpr package (Hahsler et al.,
2019) in R was used to assign trees to unique clusters,
including individual trees that were assigned by them-
selves if they did not have the potential to develop
interlocking crowns (> 6 m from another tree).

To analyze the effect of tree aggregation on tree
attributes, the identified trees and clusters were des-
ignated as an “individual” or as a cluster consisting
of 2-4, 5-9, 10-15, and>15 trees. We then cal-
culated the number of clusters, the percent of stand
basal area, the height coefficient of variation, and the
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canopy area within the cluster size classes for each
site. Differences in the mean UAS and stem-mapped
datasets of these metrics were compared through a
series of one-way analyses of variance (ANOVA).
All analyses of variance used a Bonferroni correction
to determine adjusted p-values (Eq. 3) for identify-
ing significant differences (a <0.05). The Bonferroni
correction was included to account for the increased
type 1 error rate associated with running the ANOVA
across multiple levels. Comparisons of the number
of clusters and canopy area were summarized at the
study site level providing n=11 for the five compari-
sons across clump sizes. Comparisons of the cluster
basal area and height coefficient of variation were
done using the individual clusters, providing a mini-
mum of n=35 and five clump size comparisons for
basal area and four clump size comparisons for height
coefficient of variation.

Bonf-adj p-value = # of comparisons X p-value (3)

Finally, to assess the efficacy of UAS for describ-
ing openings within each plot, distributions of
inter-tree distances to every location in a 1.0-m grid
were determined for each dataset. Distance distri-
butions were used to calculate the proportion of
the total plot area within 3-m intervals of distance
away from a tree. The total plot area detected within
each distance interval was compared between the
UAS and stem map datasets (n=11) using a series
of one-way ANOVAs with a Bonferroni correction
for the five comparisons (0-3, 3-6, 6-9, 9—12, and
12-15 m).

Results
Tree and stand summarization

UAS tree detection resulted in F-scores from 0.64
to 0.89 across the 11 sites, with the F-score decreas-
ing from the tallest to shortest height dominance
classes (Fig. 5). For the intermediate and overstory
classes, the average F-score exceeded 0.80, and the
maximum exceeded 0.95. Within the understory
class, F-score ranged from 0.31 to 0.80. Similar
trends occurred for true positive rates, with perfor-
mance maximizing in the tallest class and decreas-
ing to the shortest class (Fig. 5). At the stand level,
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Fig. 5 Summary of UAS tree extraction across understory
(<5.0 m), intermediate (5.0—-15.0 m), and overstory (> 15.0 m)
tree dominance classes. Each violin and nested boxplot repre-
sents the 11 observations from the different study sites, where
each violin represents the complete distribution, and the nested
boxplot shows the median and interquartile range

false positive and false negative detection rates were
partially balanced and resulted in average values of
29.5 and 16.8%, respectively (Fig. 5). However, the
smallest size class had greater false positive rates
with an average of 61.4%.

@ Springer



530 Page 10 of 20

Environ Monit Assess (2024) 196:530

Stand-level UAS tree height estimates tended to
be slightly taller than the stem-mapped values with
an average mean error of 0.36 m and average RMSE
of 1.32 m (Fig. 6). Though mean error tended to
increase as tree height increased, the RMSE was sim-
ilar across the tree size classes. The tree-level DBH
mean error across the stand averaged~0.0 cm with
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Fig. 6 Summary of UAS-extracted tree height and DBH. Each
violin and nested boxplot represents the 11 observations from
the different study sites, where each violin represents the com-
plete distribution, and the boxplot shows the median and inter-
quartile range

@ Springer

the UAS DBHs tending to be overestimated for the
smaller tree size classes and underestimated for the
largest size classes (Fig. 6). Prediction of the miss-
ing DBH values using the UAS height to DBH model
resulted in an average RMSE of 4.8 cm. When sum-
marized across the 11 sites, the UAS-estimated QMD
was on average underestimated by 2.5 cm (Table 1).
Only the SGR treatments resulted in overestimated
QMD values.

The 11 sites had an average TPH of 332, with val-
ues ranging from 159 to 658 TPH. The UAS observa-
tions overestimated TPH compared to the stem maps
by an average of 53 TPH (27.9%), but this varied
across the sites and treatments (Table 1). The larg-
est overestimations in TPH were in the FS-On and
FS-Off treatments at 187 and 121 TPH on average,
respectively. Conversely, the small-group retention
treatments underestimated TPH on average by 204,
while the commercial thinning treatments were on
average overestimated by 22 TPH. The free selection
sites where TPH was overestimated had the great-
est false positive rates in the understory size class
(<5.0 m tall), while the underestimated SGR sites
had the largest false negative rates in the same size
classes (Fig. 5). When only evaluating the TPH of
trees greater than 5.0 m in height (Table 1), the UAS
errors improved to an average underestimation of 10
TPH (5.7%) and RMSE of 17 TPH (10.1%).

Stand basal area estimates across all trees were
similar between the UAS and stem maps with a
mean underprediction error of 0.1 m? ha™ or—1.7%
(Table 1) and a mean absolute error of 1.1 m? ha™'
or 11.4%. Although two stands showed greater under-
prediction errors at about—29% and another overpre-
dicted by ~ 16% for stand basal area, these errors were
inconsistent with the errors seen for other sites with
the same treatment type. The other nine sites all had
errors of <10%. Stand-level canopy cover estimates
from the UAS ranged between underestimating by
5.1% and overestimating by 8.4% with a mean abso-
lute error of 2.6% (Table 1).

Characterization of horizontal and vertical
heterogeneity

When evaluating the horizontal arrangement of trees,
no significant differences were found between the
stem maps and UAS data for the number of clumps
within each of the clump size classes (Table 2,
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Table 2 Summary of one-

. Metric and class Data source F Bonf-adj
way ANOVAs comparing p-value
the distribution from the n Stem map UAS
UAS and stem map datasets
for the number of clumps Number of clumps
by size, the proportion of Individual trees 11 28 (17) 25 (21) 0.126 1.000
stand basal area within 24 trees 1 18 (10) 15 (7) 0.435 1.000
clumps, height coefficient
of variation within clumps, 5-9 trees 11 52) 4(3) 1.248 1.000
and the proportion of stand 10-15 trees 11 2(1) 3 (2) 0.301 1.000
area at different distances > 15 trees 11 3(22) 4(2) 0.402 1.000
from th? nearest tree. . Height coefficient of variation (%)

Analysis used a Bonferroni

correction to determine 24 trees 330 38.3 (18.1) 343 (17.4) 0.077 1.000

adjusted p-values, with 5-9 trees 93 48.3 (24.3) 52.0 (26.9) 0.735 1.000

significant differences 10-15 trees 26 50.4 (28.5) 88.3 (40.1) 5.832 0.084

(2 <0.05) indicated in bold. > 15 trees 56 63.2 (26.3) 73.4 (22.7) 0.896 1.000

Values are reported as . ¢ d basal 9

mean (standard deviation) Proportion of stand basal area (%)

in the stem map and UAS Individual 597 0.5(0.2) 0.5 (0.1) 0.215 1.000

columns 24 trees 330 1.3(0.3) 1.1(0.3) 0.111 0.555
5-9 trees 93 2.8(0.7) 24(1.1) 0.779 1.000
10-15 trees 26 4.4 (2.0 3.2(0.7) 0.053 0.265
> 15 trees 56 15.5(7.2) 14.3 (6.9) 0.941 1.000

Crown area (m?)
Individual 11 11.2 (10.0) 13.2 (10.2) 5.721 0.085
2-4 trees 11 29.0 (18.9) 23.5 (18.5) 7.755 0.030
5-9 trees 11 52.4 (29.1) 51.5 (30.9) 0.025 1.000
10-15 trees 11 99.9 (46.1) 57.2 (35.4) 10.955 0.010
> 15 trees 11 246.5 (250.9) 290.6 (426.8) 0.250 1.000
Proportion of stand at distance to a tree (%)

<3m 11 50.3 (9.7) 53.5(12.3) 0.471 1.000
3-6m 11 40.9 (6.4) 38.3(8.3) 0.679 1.000
6-9 m 11 7.3 (5.6) 6.8 (6.5) 0.029 1.000
9-12m 11 1.3 (1.6) 1.3 2.1) 0.000 1.000
>12m 11 0.2 (0.4) 0.2 (0.5) 0.037 1.000

Fig. 7). Additionally, although close in one clump
size class (p=0.080), there were no significant dif-
ferences in the coefficient of variation of tree heights
within the different clump sizes (Table 2, Fig. 7). In
describing the proportion of stand basal area within
each clump size class, there were no significant dif-
ferences between the UAS and stem map datasets
(Table 2, Fig. 7). However, comparing the crown
area in each clump size class between the datasets
showed that the UAS method significantly underes-
timated the crown area in the 2—4 trees (p=0.030)
and 10-15 trees clump sizes (p=0.010; Table 2).
Across all intra-clump metrics, the 10-15 tree clump
size consistently provided the largest differences
between the datasets, although only significant for

crown area (Table 2). Visual inspection of the data
demonstrated that the observed differences (both
significant and non-significant) can mostly be attrib-
uted to the 3-year delay between stem mapping and
UAS data collection. This delay allowed a cohort
of small trees to grow past 1.37 m tall, changing
the number of trees in a clump in a way that either
shifted them between clump classes or increased the
clump’s height coefficient of variation.

Assessment of stand openings showed no significant
differences in the proportion of stand area at different
distance intervals from the nearest tree between the
stem map and UAS datasets (Fig. 8, Table 2). The larg-
est shift occurred in the <3.0 m and 3.0-6.0 m distance
intervals of ~6% over and underestimation, respectively.
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Discussion

Results demonstrate that UAS-based observations
of ponderosa pine forest structural heterogene-
ity can be consistently achieved for a broad range
of forest structures. Specifically, we evaluated tree
detection rates and extracted height and DBH errors
across tree size classes, finding that height and DBH
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estimates were well captured, with mean errors of
0.36 m and ~0.0 cm, respectively. Then we compared
UAS-derived stand-level TPH, basal area, QMD, and
canopy cover estimates against stem-mapped esti-
mates. Tree detection was within 6% of tree ha™! for
stems> 5.0 m tall, with larger errors for sites with a
greater density of shorter trees. These accuracies
translated to mean absolute errors of 11.4% for stand
basal area and 16% for QMD. Finally, we demon-
strated that UAS methods can successfully charac-
terize the distributions of individuals, clumps, and
openings as well as the inter-clump characteristics of
percent of stand basal area and height CV associated
with clump size classes.

Tree detection performance

Overall, the UAS-detected trees strongly agreed with
the stem-mapped trees across the 11 sites, producing
F-scores ranging from 0.64 to 0.89. Our tree detection
success is comparable to findings from recent studies
extracting individual trees from point clouds in pine-
dominated forests that have produced F-scores rang-
ing from 0.71 to 0.94 (Creasy et al., 2021; Mohan
et al.,, 2017; Silva et al., 2016). This study differed
from past studies, in that it was designed to assess if
the wide range of forest structures and local aggre-
gation levels produced through treatments in pon-
derosa pine forests could be characterized by UAS.
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We assessed the accuracy of data collection for trees
of all size classes within both even and uneven-aged
stand structures across densities ranging from 159
to 658 TPH. In our study, only trees detected within
2.0 m of height and 4.0 m of horizontal distance to
a stem-mapped tree were considered true positive
matches. Mohan et al. (2017) achieved an overall
F-score of 0.86 in an open-canopy lodgepole pine-
dominated (Pinus contorta) stand through a visual
assessment of UAS-detected trees versus UAS-
derived orthomosaics, point clouds, and crown height
models. This approach may have had a higher like-
lihood of introducing human error as only trees that
were visible in the orthomosaic could be assessed.
Creasy et al. (2021) and Silva et al. (2016) both took
similar approaches to this study’s tree matching
method and achieved F-scores of 0.69-0.79 and 0.83,
respectively. The Creasy et al. (2021) study occurred
in untreated uneven-aged ponderosa pine stands and
included all trees>1.37 m tall, while the Silva et al.
(2016) study occurred in longleaf pine (Pinus palus-
tris) stands and only included trees > 6.0 m tall and at
a lower stand density. The ability for this study and
Creasy et al. (2021) to achieve similar results to other
studies only including larger trees is attributed to the
use of a fine resolution (0.10 m) CHM that facilitated
the use of the variable window function during tree
detection.

UAS-extracted height and DBH

Extracted tree heights saw similar success as other
UAS studies, with an overall RMSE of 1.32 m for
extracting tree heights. This precision is in line with
results from recent studies producing RMSE rang-
ing from 1.30 to 3.94 m in dry eucalypt, ponderosa
pine, and northern European mixed-conifer forests
(Belmonte et al., 2020; Panagiotidis et al., 2017; Wal-
lace et al., 2016). However, our study had an overes-
timation bias of 0.36 m which is double the 0.15 m
seen by Swayze et al. (2021) and 0.13 m by Krause
et al. (2019) in ponderosa pine and Scots pine (Pinus
sylvestris L.) stands, respectively. Both of these stud-
ies acquired their UAS data within 1 year of their
field data, whereas our increased overestimation bias
is attributed to the 3 years between field stem map-
ping and UAS acquisitions, with a recent study in
adjacent stands finding that ponderosa pine regen-
eration height growth averages 0.60 m every 3 years

(Tinkham et al., 2021). Along with this, during plot
stem mapping, it was noted that some sites had many
trees between 1.00 and 1.30 m tall, but shorter than
the 1.37 m threshold for inventorying at the time. As
a result, many trees that were too short to be inven-
toried initially could have grown to be over 1.37 m
by the time the UAS inventory occurred 3 years later.
Additionally, any growth over these 3 years would
lead to the consistent positive bias across all size
classes that we observed.

The implemented flight, processing, extraction,
and filtering procedure for DBH extraction correctly
identified 26.3% of all tree DBHs on average across
the 11 sites that corresponded with the regional
height to DBH model’s prediction bounds. This
extraction rate is more than three times greater than
that achieved by Swayze et al. (2021) in untreated and
overstocked ponderosa pine forests. However, look-
ing at Fig. 4b, the importance of DBH filtering with
the regional prediction bound is highlighted by the
many erroneous DBH values that were eliminated in
alignment with short tree heights that visual inspec-
tions showed to be patches of regeneration. After
predicting these erroneous and missing DBH values,
our 4.8 cm RMSE is on-par with past UAS studies
conducted in coniferous systems with RMSE ranging
from 3.5 to 4.2 cm (Brede et al., 2017; Dalla Corte
et al., 2020). Similar trials have been conducted in
broadleaf systems to varying results with RMSE
ranging from 15.0 to 42.0 cm depending on scan
angle and leaf presence (Neuville et al., 2021). All of
the referenced studies, except Swayze et al. (2021),
employed airborne LiDAR sensors, indicating that
aerially acquired SfM point clouds are a comparably
effective approach for DBH estimation. In dissect-
ing our DBH errors, the shift toward underpredicting
diameters for the tallest trees (Fig. 6) is attributed to
many of these trees representing mature ponderosa
pine with characteristic flat-topped crowns that had
stopped accumulating height while still adding stem
diameter. Similar error structures were observed by
Tinkham et al. (2022) who suggested that moving
beyond the power function model of height predicting
DBH by including covariates of local stem density or
crown structural attributes might improve the DBH
prediction accuracy. Unfortunately, the current study
only acquired post-treatment UAS imagery and thus
could not explore how including local density met-
rics might improve DBH modeling, but future studies
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could track this through pre- and post-treatment mon-
itoring to potentially enhance DBH modeling.

UAS-estimated stand metrics

Overall, UAS monitoring successfully described
stand-wide metrics of forest density, tree size, and
cover (Table 1). However, we observed fluctuating
error levels for TPH across treatments from 5 to 112%
absolute error. The UAS method overestimated TPH
in every plot except the SGR treatments, where UAS
underestimated TPH by a wide margin. After exclud-
ing all trees <5 m in height from TPH estimates, UAS
absolute errors were reduced to < 8%—indicating that
small stems were the primary source of error. The
resulting under- and overestimation suggests two dif-
ferent error sources. Underestimation of TPH in the
SGR treatments is likely due to limitations in identi-
fying individual small stems in CHMs due to issues
with separating the interlocking crowns in the high-
density groups produced in this treatment (Creasy
et al., 2021). Only area-based point cloud modeling
techniques (Swayze et al., 2022) may be possible of
characterizing these high regeneration density areas.
The overestimation of TPH in the other treatments
is attributed to the ingrowth of small trees past the
1.37 m tall threshold during the 3 years between stem
mapping and UAS acquisitions.

Despite errors concerning understory TPH esti-
mates, it seemed to only negligibly impact our abil-
ity to describe other stand-level metrics. Our mean
absolute error in basal area of 11.4% is in line with
results reported in pre-treatment ponderosa pine
forests where stand-level basal area estimates were
within 4.1 to 24.7% of field observed values (Swayze
et al.,, 2021) and outperforms results from complex
pre-treatment mixed hardwood and conifer forests
where basal area was overestimated by 14.6 to 42.1%
(Fraser & Congalton, 2021). Additionally, UAS esti-
mates of QMD varied from 0.9 to 6.2 cm absolute
error. Stand QMD was overestimated in the SGR
treatments where some smaller trees were missed by
the UAS and QMD was underestimated in treatments
with larger proportions of mature trees where DBH
values tended to be underestimated.

Stand-level canopy cover estimates were in line
with field observations providing a mean abso-
lute error of 2.6%. This follows other UAS-based
approaches that have found LiDAR estimates of
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canopy cover to fall within 5% of field observations
(Ahmed et al., 2015). Overall, remote sensing strat-
egies have consistently been shown to effectively
assess crown cover, as across different methods, stud-
ies have found strong relationships to field observa-
tions with 7> values ranging from 0.78 to 0.91 (Dick-
inson et al., 2016; Giilci, 2019; Tang et al., 2019).
The relatively larger error in the UAS-estimated can-
opy area of the 1015 tree class is at least partially
attributed to ingrowth shifting groups between cluster
classes. This shifted some groups into the 10-15 tree
class with small canopy area values and shifted some
groups into the > 15 tree class, ultimately causing the
distribution of canopy area values in the 10-15 tree
class to shift toward smaller values. Similarly, while it
was not significant at the a=0.05 level, it can be seen
in Table 2 that the UAS derived a greater amount of
height variation in the 10-15 tree class. Inspection of
these group structures showed a number of trees that
likely grew past the 1.37 m height threshold during
the 3 years between stem mapping and UAS acquisi-
tion. Because these trees were excluded at the time of
the field inventory but included by the UAS, they are
attributed with increasing the group variation.

Implications for management

This study demonstrated a UAS method for extracting
spatially explicit tree lists across a range of treatments
designed to create variation in horizontal and vertical
heterogeneity. While this study was not able to assess
the method’s performance in both pre- and post-treat-
ment conditions, previous work using similar UAS
strategies has demonstrated comparable, but slightly
lower pre-treatment tree and stand structural attrib-
ute accuracies (Creasy et al., 2021; Swayze et al.,
2021). Although not representing a complete census,
such tree lists represent a valuable resource for land
managers in planning, implementing, and evaluating
spatially explicit silvicultural prescriptions (Add-
ington et al., 2018). This level of data would enable
managers to map explicit locations for tree retention
and planned openings for use by marking crews or
directly in the cabs of forest operations machinery
(Keefe et al., 2022). The benefits of this type of spa-
tially explicit data for treatment implementation are
also highlighted in the individuals, clumps, and open-
ings implementation guide for dry conifer restoration
(Churchill et al., 2016) and the UAS approach used
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here provides a more flexible strategy for project level
monitoring than landscape level airborne LiDAR
acquisitions. This flexibility can facilitate greater use
of pre- and post-treatment data collection to evaluate
treatment implementation and improve future pre-
scriptions. While not successfully extracting all trees
from the UAS data, the presented methods captured
the relative local trends and stand-level metrics that
are necessary for informing a broad range of thinning
and restoration (Almeida et al., 2019) actions in low
to moderate canopy cover (e.g.,<60%) pine-domi-
nated or mixed-conifer systems. The achieved pre-
cisions for basal area and trees per hectare fall well
inside the common US public land forest inventory
design standard of+20% allowable error at a 95%
confidence level (USDA Forest Service, 2015).

While UAS understory stem density precision
is flawed due to interlocking crowns in small tree
groups, the methods tested in this study accurately
reflect relative understory densities across the stand.
Characterization of relative understory density across
a stand has been proposed as sufficient to guide thin-
ning objectives that target understory trees (Allen
et al., 2002), especially as traditional field plot sam-
pling only provides estimates of average stem density
in a stand but not the stem locations.

The level of inventory information available from
the approach we implemented can act as a critical
first step to developing spatially explicit canopy
and surface fuel maps for silvicultural prescription
development and evaluation using next-generation
three-dimensional fire behavior and effects models.
The identification of individual tree locations and
properties needs to be linked with estimates of bio-
mass and other intrinsic fuel properties to develop
these maps. Such linkages to crown biomass could
be made through existing allometric relationships
(Campbell et al., 2023). Such an advance in char-
acterizing the spatial distribution of canopy fuels
can also help with surface fuel modeling by link-
ing canopy position with empirical and mechanis-
tic models of surface fuels (McDanold et al., 2023;
Sénchez-Lopez et al., 2023). As newer fuel mod-
eling approaches become able to utilize individual
tree identification approaches to build three-dimen-
sional representations of the fuels complex for
next-generation fire behavior and effects modeling,
land managers will be able to increasingly under-
stand and account for spatial heterogeneity while

designing and evaluating heterogeneous silvicul-
tural prescriptions.

In addition to providing spatially explicit data for
treatment design, and implementation, the data pro-
duced by UAS could also inform wildlife habitat
management. In the past, LIDAR observations have
been proposed for similar purposes in monitoring
habitat distributions for species of conservation inter-
est (Vogeler & Cohen, 2016). Across many ponder-
osa pine-dominated forests, species like the northern
goshawk are of particular forest management con-
cern, with forest structure characteristics considered
to be a primary limiting factor. Northern goshawks
preferentially select centrally located nesting sites
in areas with dense patches of old growth and high
canopy cover with lifted crowns for sub-canopy flight
within the range of the principal prey habitat (Reyn-
olds et al., 1992, 2006). In ponderosa-dominated eco-
systems, the principal prey habitat occurs in mosaics
of tree clumps of varying maturities and large grass/
forb-dominated meadows and interspaces (Reynolds
et al.,, 1992). As a result, habitat management rec-
ommendations for the northern goshawk (Reynolds
et al., 1992) promote a shifting mosaic of interspersed
tree groups in different vegetative structural stages
(Reynolds et al., 1992, 2006). However, adequate
implementation of these recommendations requires
a spatially explicit understanding of horizontal and
vertical forest structure. The methods outlined in this
study could be reliably scaled, with most consumer-
grade UAS capable of capturing 10-20 ha of remote
sensing observations in a single flight of 10-20 min
(Tinkham et al., 2021). Broader testing of these meth-
ods across larger extents could provide the neces-
sary information for guiding treatment implementa-
tion landscapes. Should these methods prove able to
provide reliable tree-level observations across forest
gradients, their potential for augmenting the train-
ing data used by satellite-based sensors for mapping
forest structure across entire landscapes is immense.
Such UAS strategies could provide an order of mag-
nitude increase in the amount of training data availa-
ble for tuning satellite models compared to traditional
ground-based forest inventories.

Limitations and potential sources of error

As with all inventory strategies, the accuracy of our
results needs to be interpreted within the context of
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their application and the dataset used to validate
them. Our use of 1-ha stem maps located within
treated stands likely increased the false positive rate
within larger tree sizes as the crowns of these trees
were observed to overlap into the study area and
were extracted as actual trees. However, scaling these
methods to full management units and utilizing com-
mon stand boundaries like roads should reduce this
effect during operational monitoring. Additionally,
studies have also found that field observations tend
to underestimate tree heights by about 5% and can
vary in precision by 10% (Vastaranta et al., 2009).
Similarly, Krause et al. (2019) found that field meas-
urements generally misestimated tree heights with a
RMSE of 0.30 m and a systematic error of 0.14 m.
Such a bias could be a consistent source of error in
accuracy assessments and potentially lead to the mis-
interpretation of results. These types of errors are
likely compounded by the 3 years separating the stem
map and UAS data acquisitions and contribute to the
high overestimation of understory tree density.

The study’s use of ANOVA for comparing the stand-
level metrics (e.g., number of clumps, crown area, and
distance to a tree) is potentially problematic for only hav-
ing a sample size of 11. While ANOVA is considered
a robust test against deviations from normality when
sample sizes are small but equal (Sullivan et al., 2016),
it is possible that the small sample size for these met-
rics may have masked potential significant differences.
The Bonferroni adjusted p-values for number of clumps
and distance to a tree likely indicate the small sample
size was not a problem for these metrics. However, the
relatively small p-values for the crown area comparisons
could indicate that there is more departure between the
UAS estimates of crown area in each clump class from
the field observations than the ANOVA indicates.

Conclusion

As management objectives in dry conifer forests shift
toward promoting horizontal and vertical complex-
ity, there is a growing need for forest inventory tech-
niques capable of capturing the resolution, extent, and
spatial explicitness required to inform management
decisions. This study found that in relatively open-
canopy forests, UAS SfM can successfully detect
individual trees from most size classes and estimate
tree-level height and DBH across all size classes. This
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data could be reliably summarized to estimate stand-
level density and cover, with the largest errors in the
estimation of understory TPH due to issues separat-
ing interlocking small tree crowns from each other.
Additionally, the data could be summarized to char-
acterize and describe individuals, clumps, and open-
ings as well as inter-clump characteristics like the
percent of stand basal area and height CV through all
clump size classes. These findings indicate that aer-
ial SfM photogrammetry can effectively characterize
large- and small-scale forest structure metrics within
ponderosa pine-dominated stands to a level likely
adequate for monitoring and implementing spatially
explicit management objectives. This approach could
also be easily integrated into management processes
to inform approaches like the individuals, clumps,
and openings method of stand prescription develop-
ment. However, further work is needed to evaluate if
incorporating site-specific drivers of height to DBH
relationships can improve DBH modeling and how
these techniques will transfer to sites with more com-
plex species compositions.

Acknowledgements We would like to thank Ms. Sophie
Bonner and Mr. Neal Swayze for their assistance with data col-
lection, along with Mr. Swayze’s consultation in the uncrewed
aerial system data processing. The findings and conclusions in
this publication are those of the authors and should not be con-
strued to represent any official USDA or US government deter-
mination or policy. This paper was written and prepared by a
US government employee on official time, and therefore, it is in
the public domain and not subject to copyright.

Author contributions Conceptualization by Laura Hanna
and Wade T. Tinkham; methodology Laura Hanna, Wade T.
Tinkham, Jody C. Vogeler, and Mike A. Battaglia; data col-
lection Laura Hanna, Wade T. Tinkham, and Scott M. Ritter;
data processing Laura Hanna; formal analysis Laura Hanna and
Wade T. Tinkham; resources Wade T. Tinkham, Mike A. Batt-
aglia, Chad M. Hoffman; writing — original draft preparation
Laura Hanna; writing — review and editing Wade T. Tinkham,
Mike A. Battaglia, Jody C. Vogeler, Scott M. Ritter, and Chad
M. Hoffman; funding acquisition Mike A. Battaglia, Wade T.
Tinkham, and Chad M. Hoffman. All authors reviewed and
agreed to the published version of the manuscript.

Funding This work was supported by the United States
Department of Agriculture (USDA) Forest Service Rocky
Mountain Research Station Joint Venture Agreement
[20-JV-11221633-140].

Data availability Datasets generated during the current
study are available from the corresponding author on reason-
able request.



Environ Monit Assess (2024) 196:530

Page 170f20 530

Declarations

Ethics approval All authors have read, understood, and have
complied as applicable with the statement on “Ethical responsi-
bilities of Authors” as found in the Instructions for Authors. No
specific ethical approval was necessary for this study.

Competing interests The authors declare no competing inter-
ests.

Open Access This article is licensed under a Creative Com-
mons Attribution 4.0 International License, which permits
use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the
original author(s) and the source, provide a link to the Crea-
tive Commons licence, and indicate if changes were made. The
images or other third party material in this article are included
in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds
the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit
http://creativecommons.org/licenses/by/4.0/.

References

Addington, R. N., Aplet, G. H., Battaglia, M. A., Briggs, J. S.,
Brown, P. M., Cheng, A. S., Dickinson, Y. A., Feinstein,
J. A, Pelz, K. A., Regan, C. M., Thinnes, J. W., Truex,
R. L., Fornwalt, P. J., Gannon, B., Julian, C. W., Under-
hill, J. L., & Wolk, B. (2018). Principles and practices for
the restoration of ponderosa pine and dry mixed-conifer
forests of the Colorado Front Range. (121 p.). General
Technical Report RMRS-GTR-37. USDA Forest Service,
Rocky Mountain Research Station. https://doi.org/10.
2737/RMRS-GTR-373

Ahmed, O. S., Franklin, S. E., Wulder, M. A., & White, J. C.
(2015). Characterizing stand-level forest canopy cover
and height using Landsat time series, samples of airborne
lidar, and the random forest algorithm. ISPRS Journal
of Photogrammetry and Remote Sensing, 101, 89-101.
https://doi.org/10.1016/j.isprsjprs.2014.11.007

Allen, C. D., Savage, M., Falk, D. A., Suckling, K. F., Swet-
nam, T. W., Schulke, T., Stacey, P. B., Morgan, P., Hoft-
man, M., & Klingel, J. T. (2002). Ecological restoration
of southwestern ponderosa pine ecosystems: A broad
perspective. Ecological Applications, 12(5), 1418-1433.
https://doi.org/10.1890/1051-0761(2002)012[1418:ero-
spp]2.0.co;2

Almeida, D. R. A., Broadbent, E. N., Zambrano, A. M. A,,
Wilkinson, B. E., Ferreira, M. E., Chazdon, R., Meli, P,
Gorgens, E. B, Silva, C. A,, Stark, S. C., & Valbuena, R.
(2019). Monitoring the structure of forest restoration plan-
tations with a drone-lidar system. International Journal
of Applied Earth Observations and Geoinformation, 79,
192-198. https://doi.org/10.1016/j.jag.2019.03.014

Belmonte, A., Sankey, T., Biederman, J. A., Bradford, J.,
Goetz, S. J., Kolb, T., & Woolley, T. (2020). UAV-derived
estimates of forest structure to inform ponderosa pine for-
est restoration. Remote Sensing, 6(2), 181-197. https://doi.
org/10.1002/rse2.137

Brede, B., Lau, A., Bartholomeus, H. M., & Kooistra, L.
(2017). Comparing RIEGLE RiCOPTER UAV lidar
derived canopy height and DBH with terrestrial lidar. Sen-
sors, 17,2371. https://doi.org/10.3390/s17102371

Camarretta, N., Harrison, P. A., Bailey, T., Potts, B., Lucieer,
A., Davidson, N., & Hunt, M. (2020). Monitoring for-
est structure to guide adaptive management of forest
restoration: A review of remote sensing applications.
New Forests, 51, 573-596. https://doi.org/10.1007/
s11056-019-09754-5

Campbell, M. J., Eastburn, J. F., Mistick, K. A., Smith, A.
M., & Stovall, A. E. L. (2023). Mapping individual tree
and plot-level biomass using airborne and mobile lidar
in pinon-juniper woodlands. International Journal of
Applied Earth Observations and Geoinformation, 118,
103232. https://doi.org/10.1016/j.jag.2023.103232

Cannon, J. B., Barrett, K. J., Gannon, B. M., Addington,
R. N., Battaglia, M. A., Fornwalt, P. J., Aplet, G. H.,
Cheng, A. S., Underhill, J. L., Briggs, J. S., & Brown,
P. M. (2018). Collaborative restoration effects on forest
structure in ponderosa pine-dominated forests of Colo-
rado. Forest Ecology and Management, 424, 191-204.
https://doi.org/10.1016/j.foreco.2018.04.026

Cannon, J. B., Tinkham, W. T., DeAngelis, R. K., Hill, E. M.,
& Battaglia, M. A. (2019). Variability in mixed conifer
spatial structure changes understory light environments.
Forests, 10(11), 1015. https://doi.org/10.3390/f1011
1015

Castro, J., Morales-Rueda, F., Navarro, F. B., Lof, M., Vac-
chiano, G., & Alcaraz-Segura, D. (2021). Precision res-
toration: A necessary approach to foster forest recovery
in the 21% century. Restoration Ecology, 29(7), e13421.
https://doi.org/10.1111/rec.13421

Churchill, D. J., Larson, A. J., Dahlgreen, M. C., Franklin, J.
F., Hessburg, P. F., & Lutz, J. A. (2013). Restoring forest
resilience: From reference spatial patterns to silvicultural
prescriptions and monitoring. Forest Ecology and Man-
agement, 291, 442—-457. https://doi.org/10.1016/j.foreco.
2012.11.007

Churchill, D. J., Jeronimo, S. M. A., Larson, A. J., Ficher,
P., Dalhgreen M. C., & Franklin, J. F. (2016). The ICO
approach to quantifying and restoring forest spatial pat-
tern: Implementation guide. Version 3.0. Stewardship For-
estry and Science. https://scholarworks.umt.edu/cgi/viewc
ontent.cgi?article=1002&context=ico

Conto, T. (2019). TreeLS: Terrestrial point cloud processing of
forest data. R package version 1.0. Retrieved January 10,
2021, from https://CRAN.Rproject.org/package=TreeLS

Creasy, M. B., Tinkham, W. T., Hoffman, C. M., & Vogeler, J.
C. (2021). Potential for individual tree monitoring in pon-
derosa pine-dominated forests using unmanned aerial sys-
tem structure from motion point clouds. Canadian Jour-
nal of Forest Research, 51, 1093—1105. https://doi.org/10.
1139/cjfr-2020-0433

Dalla Corte, A. P. D., Rex, F. E., de Almeida, D. R. A., San-
quetta, C. R., Silva, C. A., Moura, M. M., Wilkinson, B.,

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.2737/RMRS-GTR-373
https://doi.org/10.2737/RMRS-GTR-373
https://doi.org/10.1016/j.isprsjprs.2014.11.007
https://doi.org/10.1890/1051-0761(2002)012[1418:erospp]2.0.co;2
https://doi.org/10.1890/1051-0761(2002)012[1418:erospp]2.0.co;2
https://doi.org/10.1016/j.jag.2019.03.014
https://doi.org/10.1002/rse2.137
https://doi.org/10.1002/rse2.137
https://doi.org/10.3390/s17102371
https://doi.org/10.1007/s11056-019-09754-5
https://doi.org/10.1007/s11056-019-09754-5
https://doi.org/10.1016/j.jag.2023.103232
https://doi.org/10.1016/j.foreco.2018.04.026
https://doi.org/10.3390/f10111015
https://doi.org/10.3390/f10111015
https://doi.org/10.1111/rec.13421
https://doi.org/10.1016/j.foreco.2012.11.007
https://doi.org/10.1016/j.foreco.2012.11.007
https://scholarworks.umt.edu/cgi/viewcontent.cgi?article=1002&context=ico
https://scholarworks.umt.edu/cgi/viewcontent.cgi?article=1002&context=ico
https://CRAN.Rproject.org/package=TreeLS
https://doi.org/10.1139/cjfr-2020-0433
https://doi.org/10.1139/cjfr-2020-0433

530 Page 18 of 20

Environ Monit Assess (2024) 196:530

Zambrano, A. M. A., da Cunha Neto, E. M., Veras, H. F.
P., de Moraes, A., Klauberg, C., Mohan, M., Cardil, A., &
Broadbent, E. N. (2020). Measuring individual tree diam-
eter and height using GatorEye high-density UAV-lidar in
an integrated crop-livestock-forest system. Remote Sens-
ing, 12, 863. https://doi.org/10.3390/rs12050863

Dickinson, Y., Pelz, K., Giles, E., & Howie, J. (2016). Have we
been successful? Monitoring horizontal forest complexity
for forest restoration projects. Restoration Ecology, 24(1),
8-17. https://doi.org/10.1111/rec.12291

Fahey, R. T., Alveshere, B. C., Burton, J. I., D’Amato, A. W.,
Dickinson, Y. L., Keeton, W. S., Kern, C. C., Larson, A.
J., Palik, B. J., Puettmann, K. J., Saunders, M. R., Web-
ster, C. R., Atkins, J. W., Gough, C. M., & Hardiman, B.
S. (2018). Shifting conceptions of complexity in forest
management and silviculture. Forest Ecology and Man-
agement, 421, 59-71.

Franklin, J. (1993). Preserving biodiversity: Species, ecosys-
tems, or landscapes? Ecological Applications, 3(2), 202—
205. https://doi.org/10.2307/1941820

Fraser, B. T., & Congalton, R. G. (2021). Estimating primary
forest attributes and rare community characteristics using
unmanned aerial systems (UAS): An enrichment of con-
ventional forest inventories. Remote Sensing, 13(15),
2971. https://doi.org/10.3390/rs13152971

Freudenberg, M., Magdon, P., & Nolke, N. (2022). Indi-
vidual tree crown delineation in high-resolution remote
sensing images based on u-net. Neural Computing and
Applications, 34, 22197-22207. https://doi.org/10.1007/
s00521-022-07640-4

Graham, R. T., & Jain, T. B. (2005). Application of free selec-
tion in mixed forests of the inland northwestern United
States. Forest Ecology and Management, 209(1-2),
131-145.

Giilci, S. (2019). The determination of some stand param-
eters using SfM-based spatial 3D point cloud in forestry
studies: An analysis of data production in pure conif-
erous young forest stands. Environmental Monitoring
and Assessment, 191(8), 495. https://doi.org/10.1007/
s10661-019-7628-4

Habhsler, M., Piekenbrock, M., Doran, D. (2019). dbscan: Fast
density-based clustering with R. Journal of Statistical
Software, 91(1). https://doi.org/10.18637/jss.v091.i01

Hornibrook, E. M. (1939). A modified tree classification for
use in growth studies and timber marking in Black Hills
ponderosa pine. Journal of Forestry, 37(6), 483-488.

Jeronimo, S. M. A., Kane, V. R., Churchill, D. J., McGaughey,
R. J., & Franklin, J. F. (2018). Applying LiDAR individ-
ual tree detection to management of structurally diverse
forest landscapes. Journal of Forestry, 116(4), 336-346.
https://doi.org/10.1093/jofore/fvy023

Keefe, R. F., Zimbelman, E. G., & Picchi, G. (2022). Use of
individual tree and product level data to improve opera-
tional forestry. Current Forestry Reports, 8, 148-165.
https://doi.org/10.1007/340725-022-00160-3

Krause, S., Sanders, T. G., Mund, J.-P., & Greve, K. (2019).
UAV-based photogrammetric tree height measurement for
intensive forest monitoring. Remote Sensing, 11(7), 758.
https://doi.org/10.3390/rs11070758

Kuehne, C., Weiskittel, A. R., Fraver, S., & Puettmann, K. J.
(2015). Effects of thinning induced changes in structural

@ Springer

heterogeneity on growth, ingrowth, and mortality in sec-
ondary coastal Douglas-fir forests. Canadian Journal of
Forest Research, 1461, 150713143458001. https://doi.org/
10.1139/cjfr-2015-0113

Larson, A. J., & Churchill, D. (2012). Tree spatial patterns in
fire-frequent forests of western North America, includ-
ing mechanisms of pattern formation and implications for
designing fuel reduction and restoration treatments. Forest
Ecology and Management, 267, 74-92. https://doi.org/10.
1016/j.foreco.2011.11.038

Larson, A. J., Stover, K. C., & Keyes, C. R. (2012). Effects of
restoration thinning on spatial heterogeneity in mixed-
conifer forest. Canadian Journal of Forest Research,
42(8), 1505-1517. https://doi.org/10.1139/x2012-100

Li, W.,, Gau, Q., Jakubowski, M. K., & Kelly, M. (2012). A
new method for segmenting individual trees from the lidar
point cloud. Photogrammetric Engineering & Remote
Sensing, 78(1), 75-84. https://doi.org/10.14358/PERS.
78.1.75

Manfreda, S., McCabe, M., Miller, P., Lucas, R., Pajuelo Mad-
rigal, V., Mallinis, G., Ben Dor, E., Helman, D., Estes,
L., Ciraolo, G., Miillerova, J., Tauro, F., de Lima, M., de
Lima, J., Maltese, A., Frances, F., Caylor, K., Kohv, M.,
Perks, M., ..., Toth, B. (2018). On the use of unmanned
aerial systems for environmental monitoring. Remote
Sensing, 10(4), 641. https://doi.org/10.3390/rs10040641

Matonis, M. S., & Binkley, D. (2018). Not just about the trees:
Key role of mosaic-meadows in restoration of ponderosa
pine ecosystems. Forest Ecology and Management, 411,
120-131. https://doi.org/10.1016/j.foreco.2018.01.019

McDanold, J. S., Linn, R. R., Jonko, A. K., Atchley, A. L.,
Goodrick, S. L., Hiers, J. K., Hoffman, C. M., Louder-
milk, E. L., O’Brien, J. J., Parsons, R. A., Sieg, C. H., &
Oliveto, J. A. (2023). DUET-Distribution of Understory
using Elliptical Transport: A mechanistic model of leaf
litter and herbaceous spatial distribution based on tree
canopy structure. Ecological Modelling, 483, 110425.
https://doi.org/10.1016/j.ecolmodel.2023.110425

Mohan, M., Silva, C., Klauberg, C., Jat, P., Catts, G., Cardil,
A., Hudak, A., & Dia, M. (2017). Individual tree detec-
tion from unmanned aerial vehicle (UAV) derived canopy
height model in an open canopy mixed conifer forest. For-
ests, 8(9), 340. https://doi.org/10.3390/f8090340

Moran, C. J., Kane, V. R., & Seielstad, C. A. (2020). Map-
ping forest canopy fuels in the Western United States
with LiDAR-Landsat covariance. Remote Sensing, 12(6),
1000.

Neuville, R., Bates, J. S., & Jonard, F. (2021). Estimating for-
est structure from UAV-mounted lidar point cloud using
machine learning. Remote Sensing, 13, 352. https://doi.
org/10.3390/res 13030352

Panagiotidis, D., Abdollahnejad, A., Surovy, P., & Chiteculo,
V. (2017). Determining tree height and crown diameter
from high-resolution UAV imagery. International Journal
of Remote Sensing, 38(8-10), 2392-2410. https://doi.org/
10.1080/01431161.2016.1264028

Pimont, F., Parsons, R., Rigolot, E., de Coligny, F., Dupuy, J.
L., Dreyfus, P., & Linn, R. R. (2016). Modeling fuels and
fire effects in 3D: Model description and applications.
Environmental Modelling & Software, 80, 225-244.


https://doi.org/10.3390/rs12050863
https://doi.org/10.1111/rec.12291
https://doi.org/10.2307/1941820
https://doi.org/10.3390/rs13152971
https://doi.org/10.1007/s00521-022-07640-4
https://doi.org/10.1007/s00521-022-07640-4
https://doi.org/10.1007/s10661-019-7628-4
https://doi.org/10.1007/s10661-019-7628-4
https://doi.org/10.18637/jss.v091.i01
https://doi.org/10.1093/jofore/fvy023
https://doi.org/10.1007/s40725-022-00160-3
https://doi.org/10.3390/rs11070758
https://doi.org/10.1139/cjfr-2015-0113
https://doi.org/10.1139/cjfr-2015-0113
https://doi.org/10.1016/j.foreco.2011.11.038
https://doi.org/10.1016/j.foreco.2011.11.038
https://doi.org/10.1139/x2012-100
https://doi.org/10.14358/PERS.78.1.75
https://doi.org/10.14358/PERS.78.1.75
https://doi.org/10.3390/rs10040641
https://doi.org/10.1016/j.foreco.2018.01.019
https://doi.org/10.1016/j.ecolmodel.2023.110425
https://doi.org/10.3390/f8090340
https://doi.org/10.3390/res13030352
https://doi.org/10.3390/res13030352
https://doi.org/10.1080/01431161.2016.1264028
https://doi.org/10.1080/01431161.2016.1264028

Environ Monit Assess (2024) 196:530

Page 190f20 530

Plowright, A., & Roussel J. R. (2021). ForestTools: Analyz-
ing remotely sensed forest data. R package version 0.2.5.
Retrieved on January 10, 2021, from https://CRAN.R-
project.org/package=ForestTools

Puettmann, K. J., Coates, K. D., & Messier, C. C. (2010). A
critique of silviculture: Managing for complexity. (206 p.).
Island Press.

R Core Team (2022). R: A language and environment for sta-
tistical computing. R foundation for statistical computing.
Retrieved January 10, 2021, from https://www.R-project.
org/

Reynolds, R. T., Wiens, J. D., & Salafsky, S. R. (2006). A review
and evaluation of factors limiting northern goshawk popula-
tions. Studies in Avian Biology, 31, 260-273.

Reynolds, R. T., Graham, R. T., & Reiser, M. (1992). Manage-
ment recommendations for the northern goshawk in the
southwestern United States. (90 p.). General Technical
Report RM-GTR-217. USDA Forest Service, Rocky Moun-
tain Forest and Range Experiment Station. https://doi.org/
10.2737/RM-GTR-217

Ritter, S. M., Hoffman, C. M., Battaglia, M. A., & Jain, T. B.
(2022). Restoration and fuel hazard reduction treatments
result in equivalent reductions in potential crown fire behav-
ior in ponderosa pine forests. Ecological Applications,
32(7), €2682. https://doi.org/10.1002/eap2682

Roussel, J. R., Auty, D., Coops, N. C., Tompalski, P., Goodbody,
T. R. H., Sanchez Meador, A., Bourdon, J. F., De Boissieu,
F., & Achim, A. (2020). lidR: An R package for analysis
of airborne laser scanning (ALS) data. Remote Sensing of
Environment, 251, 112061. https://doi.org/10.1016/j.rse.
2020.112061

Sanchez-Lopez, N., Hudak, A. T., Boschetti, L., Silva, C. A.,
Robertson, K., Loudermilk, E. L., Bright, B. C., Calla-
ham, M. A., Jr., & Taylor, M. K. (2023). A spatially explicit
model of tree leaf litter accumulation in fire maintained lon-
gleaf pine forests of the southeastern US. Ecological Model-
ling, 481, 110369. https://doi.org/10.1016/j.ecolmodel.2023.
110369

Silva, C. A., Hudak, A. T., Vierling, L. A., Loudermilk, E. L.,
O’Brien, J. J., Hiers, J. K., Jack, S. B., Gonzalez-Benecke,
C., Lee, H., Falkowski, J. M., & Khosravipour, A. (2016).
Imputation of individual longleaf pine (Pinus palustris
Mill.) tree attributes from field and LiDAR data. Canadian
Journal of Remote Sensing, 42(5), 554-573. https://doi.org/
10.1080/07038992.2016.1196582

Spiess, A. (2018). Propagate: Propagation of uncertainty. R
package version 1.0-6. Retrieved January 10, 2021, from-
https://CRAN.R-project.org/package=propagate

Stephens, S. L., Battaglia, M. A., Churchill, D. J., Collins, B. M.,
Coppoletta, M., Hoffman, C. M., Lydersen, J. M., North, M.
P., Parsons, R. A., Ritter, S. M., & Stevens, J. T. (2021). For-
est restoration and fuels reduction: Convergent or divergent?
BioScience, 71(1), 85-101. https://doi.org/10.1093/biosci/
biaal34

Sullivan, L. M., Weinberg, J., Keaney, J. F. (2016). Common
statistical pitfalls in basic science research. Journal of the
American Heart Association, e004142. https://doi.org/10.
1161/JAHA.116.004142

Swayze, N. C., Tinkham, W. T., Vogeler, J. C., & Hudak, A. T.
(2021). Influence of flight parameters on UAS-based moni-
toring of tree height, diameter, and density. Remote Sensing

of Environment, 263, 112540. https://doi.org/10.1016/j.rse.
2021.112540

Swayze, N. P., Tinkham, W. T., Creasy, M. B., Vogeler, J. C,,
Hudak, A. T., & Hoffman, C. M. (2022). Influence of UAS
flight altitude and speed on aboveground biomass predic-
tion. Remote Sensing, 14(9), 1989. https://doi.org/10.3390/
rs14091989

Tang, H., Song, X.-P.,, Zhao, F. A., Strahler, A. H., Schaaf, C.
L., Goetz, S., Huang, C., Hansen, M. C., & Dubayah, R.
(2019). Definition and measurement of tree cover: A com-
parative analysis of field-, lidar- and landsat-based tree cover
estimations in the Sierra national forests, USA. Agricultural
and Forest Meteorology, 268, 258-268. https://doi.org/10.
1016/j.agrformet.2019.01.024

Tinkham, W. T., & Swayze, N. C. (2021). Influence of Agisoft
Metashape parameters on individual tree detection using
structure from motion canopy height models. Forests, 12(2),
250. https://doi.org/10.3390/f12020250

Tinkham, W. T., Mahoney, P. R., Hudak, A. T., Domke, G. M.,
Falkowski, M. J., Woodall, C. W., & Smith, A. M. S. (2018).
Applications of the United States Forest Service Forest
Inventory and Analysis dataset: A review and future direc-
tions. Canadian Journal of Forest Research, 48, 1251-1268.
https://doi.org/10.1139/cjfr-2018-0196

Tinkham, W. T., Battaglia, M. A., & Hoffman, C. M. (2021).
Evaluating long-term seedling growth across densities using
Nelder plots and the forest vegetation simulator (FVS) in the
Black Hills, South Dakota. UAS. Forest Science, 67(4), 1-9.
https://doi.org/10.1093/forsci/fxab009

Tinkham, W. T., Swayze, N. C., Hoffman, C. M., Lad, L. E., &
Battaglia, M. A. (2022). Modeling the missing DBHs: Influ-
ence of model form on UAV DBH characterization. Forests,
13(12), 2077. https://doi.org/10.3390/f13122077

Tinkham, W. T., Dickinson, Y., Hoffman, C. M., Battaglia, M. A.,
Ex, S., & Underhill, J. (2017). Visualization guide to hetero-
geneous forest structures following treatment in the south-
ern Rocky Mountains. (72 p.). General Technical Report,
RMRS-GTR-365. USDA Forest Service Rocky Mountain
Research Station. https://doi.org/10.2737/RMRS-GTR-365

USDA Forest Service. (2015). FSVeg common stand exam users
guide; Chapter 2: Preparation and Design. Version 2.12.6.
Available online at https://www.fs.fed.us/nrm/documents/
fsveg/cse_user_guides/userguide_fsveg_ch2_prep-design.
docx. Date accessed 27 August 2022.

Vastaranta, M., Melkas, T., Holopainen, M., Kaartinen, H.,
Hyyppa, J., & Hyyppa, H. (2009). Laser-based field meas-
urements in tree-level forest data acquisition. Photogramme-
try Journal of Finland, 21(2), 51-61.

Vogeler, J. C., & Cohen, W. B. (2016). A review of the role of
active remote sensing and data fusion for characterizing for-
est in wildlife habitat models. Revista De Teledeteccion, 45,
1. https://doi.org/10.4995/raet.2016.3981

Wallace, L., Lucieer, A., Malenovsky, Z., Turner, D., & Vopénka,
P. (2016). Assessment of forest structure using two UAV
techniques: A comparison of airborne laser scanning and
structure from motion (SfM) point clouds. Forests, 7(12),
62. https://doi.org/10.3390/7030062

Ziegler, J. P., Hoffman, C. M., Fornwalt, P. J., Sieg, C. H., Batt-
aglia, M. A., Chambers, M. E., & Iniguez, J. M. (2017).
Tree regeneration spatial patterns in ponderosa pine forests
following stand-replacing fire: Influence of topography

@ Springer


https://CRAN.R-project.org/package=ForestTools
https://CRAN.R-project.org/package=ForestTools
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.2737/RM-GTR-217
https://doi.org/10.2737/RM-GTR-217
https://doi.org/10.1002/eap2682
https://doi.org/10.1016/j.rse.2020.112061
https://doi.org/10.1016/j.rse.2020.112061
https://doi.org/10.1016/j.ecolmodel.2023.110369
https://doi.org/10.1016/j.ecolmodel.2023.110369
https://doi.org/10.1080/07038992.2016.1196582
https://doi.org/10.1080/07038992.2016.1196582
https://CRAN.R-project.org/package=propagate
https://doi.org/10.1093/biosci/biaa134
https://doi.org/10.1093/biosci/biaa134
https://doi.org/10.1161/JAHA.116.004142
https://doi.org/10.1161/JAHA.116.004142
https://doi.org/10.1016/j.rse.2021.112540
https://doi.org/10.1016/j.rse.2021.112540
https://doi.org/10.3390/rs14091989
https://doi.org/10.3390/rs14091989
https://doi.org/10.1016/j.agrformet.2019.01.024
https://doi.org/10.1016/j.agrformet.2019.01.024
https://doi.org/10.3390/f12020250
https://doi.org/10.1139/cjfr-2018-0196
https://doi.org/10.1093/forsci/fxab009
https://doi.org/10.3390/f13122077
https://doi.org/10.2737/RMRS-GTR-365
https://www.fs.fed.us/nrm/documents/fsveg/cse_user_guides/userguide_fsveg_ch2_prep-design.docx
https://www.fs.fed.us/nrm/documents/fsveg/cse_user_guides/userguide_fsveg_ch2_prep-design.docx
https://www.fs.fed.us/nrm/documents/fsveg/cse_user_guides/userguide_fsveg_ch2_prep-design.docx
https://doi.org/10.4995/raet.2016.3981
https://doi.org/10.3390/f7030062

530 Page 20 of 20 Environ Monit Assess (2024) 196:530

and neighbors. Forests, 8(10), 391. https://doi.org/10.3390/
8100391

Publisher’s Note Springer Nature remains neutral with regard
to jurisdictional claims in published maps and institutional
affiliations.

@ Springer


https://doi.org/10.3390/f8100391
https://doi.org/10.3390/f8100391

	Characterizing heterogeneous forest structure in ponderosa pine forests via UAS-derived structure from motion
	Abstract 
	Introduction
	Methods
	Study site description
	UAS data collection and processing
	Tree matching and error assessment

	Results
	Tree and stand summarization
	Characterization of horizontal and vertical heterogeneity

	Discussion
	Tree detection performance
	UAS-extracted height and DBH
	UAS-estimated stand metrics
	Implications for management
	Limitations and potential sources of error

	Conclusion
	Acknowledgements 
	References


