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ABSTRACT

ESTIMATING FOREST STRUCTURE AND SURFACE FUEL LOADS IN DRY CONIFER
FORESTS OF THE COLORADO FRONT RANGE WITH TERRESTRIAL LASER

SCANNING

Measurements of forest structure and surface fuel parameters are a fundamental
component of forest inventories in the Southwestern United States. Traditionally, these
parameters are estimated using manual field-based methods that can be time-consuming and
resource-intensive, thereby reducing the sampling intensity and accuracy of inventory
campaigns. Recently, active remote sensing approaches have emerged as an alternative to field-
based inventory methods. Terrestrial laser scanning (TLS) is one such approach that offers the
potential for an increased level of detail and accuracy in inventory data while requiring fewer
resources than traditional methods. Previous studies have demonstrated that TLS data can be
used to directly measure forest structure parameters and predict surface fuel loads using
statistical models. However, to date, no studies have evaluated the accuracy of TLS approaches
in the dry conifer forests of the Colorado Front Range.

In Chapter 1 of this thesis, I investigate the accuracy of single- and multi-scan TLS
estimates of five forest structure parameters (mean diameter at breast height (DBH), mean tree
height, canopy base height (CBH), tree density, and basal area) measured at 74 dry conifer-
dominated plots within the Colorado Front Range. At each plot, I collected four TLS scans, then
used single-scan (one scan) and multi-scan (four scans) data in an automated individual tree

segmentation algorithm to estimate structural parameters. To assess accuracy and bias, these

il



estimates were compared to measurements obtained from traditional field-based methods. My
results indicate that TLS approaches can accurately estimate forest structure, but accuracy levels
differ among parameters. In addition, I found that accuracy differences between scanning
approaches never exceeded 2.3% for any parameter, suggesting that the more complex multi-
scan approach is unnecessary in dry conifer forests of the Colorado Front Range. Median errors
from the single-scan approach were smallest for DBH and height (10.8%-12.3%) and largest for
CBH, tree density, and basal area (32.2%-38.7%). Bias estimates showed that DBH, tree density,
and basal area were systematically overestimated, whereas height and CBH were
underestimated. Additionally, errors were greatest in plots that had both low tree densities and
understory occlusion from high shrub/sapling abundance and low crown base heights. These
findings suggest that the single-scan approach can provide an accurate and parsimonious
inventory method in forests with high crown base heights and open understories and may enable
greater sampling intensities for lower resource inputs than other approaches.

Chapter 2 investigates the predictive accuracy of fine-scale surface fuel models built from
TLS metrics and destructively sampled surface fuel load measurements from 128 0.25 m?
volumetric clip-plots. At each clip-plot, I took a single TLS scan, then collected destructive
estimates of fuel load for the following five surface fuel components: fine dead surface fuels,
large-diameter down dead woody fuels, herbaceous fuels, live woody fuels, and total surface
fuels. Three predictive models (random forest, elastic net, and multiple linear regression via
leaps and bounds selection) were developed for each component using 166 TLS point cloud-
derived predictor variables and a 10-repeat 5-fold cross-validation scheme. My results showed
that predictions were relatively unbiased; however, normalized root mean square error (NRMSE;

60%-548%) and explanatory power (R? = -11.16-0.37) were variable across modeling
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approaches, fuel components, and cross-validation runs. In general, the elastic net model
produced the lowest errors, followed by random forest, then leaps and bounds models. Errors
across modeling approaches were smallest and most consistent for fine dead surface fuels
(NRMSE = 60%-62%), but large and highly variable for large-diameter down dead wood
(NRMSE = 315%-548%). These findings indicate that TLS-based models can be error-prone and
inconsistent when predicting fine-scale fuel loading in Colorado Front Range dry conifer forests

and highlight the need for additional research to improve accuracy.
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1. CHARACTERIZING FOREST STRUCTURE IN DRY CONIFER FORESTS OF THE

COLORADO FRONT RANGE WITH TERRESTRIAL LASER SCANNING

1.1 Introduction

Quantifying forest structure across scales is critical for land managers due to its direct
impact on ecosystem function, microclimates, biodiversity, and disturbance regimes. Forest
structure generally refers to the number, arrangement, and properties of various components
(e.g., trees, saplings, and snags) and is quantified using forest inventories. In Western United
States forests, inventory data are used for developing management strategies and guiding fuel
and restoration treatments across spatial and temporal scales (Parsons et al., 2011; Tinkham et
al., 2018; Allen et al., 2002; Keane, 2015). At landscape scales (100s to 1,000s of hectares),
satellite optical remote sensing is used to model forest cover, composition, post-disturbance
succession, biodiversity, and habitat quality (Wang et al., 2013; Tomppo et al., 2008). At stand-
scales (1 to 100 hectares), manual field-based inventories are used to measure species
composition, spatial distribution, and horizontal and vertical complexity using estimations of
structural parameters like diameter at breast height (DBH), tree height, tree density, and basal
area (Huang et al., 2003; Cannon et al., 2019; K6hl et al., 2006). Stand dynamics are then
assessed through monitoring campaigns, which quantify changes in recruitment, growth, and
mortality rates from disturbances and silvicultural treatments (McDowell et al., 2020; Lutz et al.,
2014). Ultimately, because natural and anthropogenic disturbances reshape forest structure over
spatial and temporal scales, effective management in Western forests depends on up-to-date

inventories of forest conditions (Hessburg et al., 2021).



Decades of fire suppression policies have reshaped dry conifer forest structure and
composition in the Colorado Front Range by increasing stand density and the proportion of fire-
intolerant species (Battaglia et al., 2018). This, along with prolonged drought, has contributed to
a rise in high-severity fires in forests that were previously associated with frequent low-severity
fire regimes (Schoennagel et al., 2004; Swetnam and Baisan, 1996). Such uncharacteristically
severe fires reduce ecosystem services such as water quality, timber production, wildlife habitat,
recreation, carbon sequestration, and cultural and spiritual experiences (Reynolds et al., 2013).
Restoration and fuel treatments (e.g., thinning or prescribed fire) can promote forests that are
resistant to severe fires by reducing fuel loading and encouraging a forest structure consistent
with historic conditions (Agee and Skinner, 2005; Moore et al., 1999; Reynolds et al., 2013). To
design and implement these treatments, managers generally rely on data from stand-scale forest
inventories.

Plot-level field surveys are the primary method for estimating stand-scale forest
structure, but can be error-prone, costly, and time-consuming (K&hl et al., 2006). The accuracy of
plot-scale estimates depends heavily on the sampling design (i.e., plot size, shape, and sampling
intensity), parameters of interest (e.g., DBH, tree height, tree density, basal area, etc.), and stand-
scale variability. Ideally, sampling designs are optimized to capture variability in target
parameters, but resource availabilities force a tradeoff between the need to sample multiple
parameters efficiently and accurately at a single plot (Kangas and Maltamo, 2006; Kohl et al.,
2006). These sampling design decisions have highlighted limitations with traditional field
methods. For example, fixed-area nested plots (used to measure small diameter trees) are
operationally efficient, but overpredict spatial structural diversity (Lin et al., 2020). When

reducing plot radii from 9 m to 7 m, Habel et al. (2019) reported a 5% increase in precision for



tree density but a 19% decrease for basal area, highlighting the sensitivity of forest structure
estimates to sampling design. Finally, when estimating stand dynamics, Wagner et al. (2010)
found that accurate regeneration estimates demanded 10x more 0.25-hectare biennial plot
surveys than were needed for DBH-growth estimates. Despite the range of optimal sampling
designs, cost and workforce capacity limitations require managers to compromise accuracy by
estimating multiple parameters within a limited number of plots (Keane, 2015; White et al.,
2016; Kohl et al., 2006).

Recent studies show that remote sensing tools can boost data accuracy and collection
efficiency, providing cost-effective characterization of different forest attributes across a variety
of spatial scales (White et al., 2016; Pokswinski et al., 2021; Lechner et al., 2020; Atkins et al.,
2023). Passive satellite imagery is the most common remote sensing approach and has been used
for decades to estimate landscape-scale metrics such as forest cover (Homer et al., 2020), area
burned (Parks et al., 2025), and fire severity (Parks et al., 2019), yet usually lacks the resolution
necessary for tree-level estimates (Lechner et al., 2020). Conversely, the three-dimensional (3D)
point clouds from airborne laser scanning and digital aerial photogrammetry have significantly
higher resolutions and are gaining popularity for stand- and tree-level estimates (Steel et al.,
2021; Francis et al., 2023; Levine et al., 2025; Swayze et al., 2021). However, point clouds
generated from above the forest canopy are best suited to measure top-of-canopy metrics like
tree height, with suppressed and intermediate tree sizes often underrepresented in these data
(Creasy et al., 2021). Improved characterization of subcanopy parameters and shorter stature
trees often requires below-canopy point cloud generation (Campbell et al., 2018; Donager et al.,

2021; but see Chamberlain et al., 2021).



Terrestrial laser scanning (TLS) methods (known for their fine spatial resolution and fast
scanning time) can provide rapid canopy and subcanopy forest structure estimates using a below-
canopy perspective (Donager et al., 2018; Liang et al., 2018; Alonso-Rego et al., 2021; Donager
etal., 2021). TLS is a ground-based active remote sensing tool that creates a 3D point cloud of a
survey area by tracking the time it takes an emitted laser pulse to travel to a surface, reflect off it,
and return to the device (Lemmens, 2011). Although covering less spatial extent than above-
canopy point cloud strategies, TLS point clouds typically have point densities that are an order of
magnitude greater than those from airborne laser scanning or digital aerial photogrammetry.
When surveying small spatial extents, single TLS scans can be used for rapid estimates, whereas
multiple scans can be combined to cover a larger area or provide more comprehensive coverage
of a small area. Both approaches have proven to be time- and resource-efficient, taking between
15 minutes (single-scan) and 60 minutes (multi-scan) of fieldwork, thus increasing labor
efficiency by up to 170% (Apostol et al., 2018). In addition, the fine-scale resolution (often
millimeters) in TLS point clouds can capture complex vegetation architecture (Loudermilk et al.,
2009) not available through other remote sensing strategies and not practical for hand
measurement collection. Previous studies have leveraged this precision to estimate DBH, tree
height, basal area, and tree density in a variety of forest types. For example, Martin-Ducup et al.
(2021) reported relative errors of 0% for tree density and 8% for basal area when using multi-
scan data and a human-assisted processing approach in an undisturbed tropical forest in Eastern
Cameroon. Similarly, Donager et al. (2021) reported mean absolute errors of 5.0 cm for DBH
and 2.2 m for tree height when using an automated processing approach with multi-scan data in

Arizona dry conifer forests.



Processing of TLS point clouds relies on individual tree segmentation (ITS) pipelines to
measure distinct trees within a plot area (Liang et al., 2018). TLS-based ITS leverages the
subcanopy perspective by using a bottom-up approach to first identify features most likely to be
tree boles, then reconstruct tree architecture from bole locations (Liang et al., 2018; Donager et
al., 2021; Fu et al., 2022). Automated processing pipelines significantly improve tree-based
processing efficiency, as they extract metrics like tree location, DBH, height, CBH, and above-
ground biomass without direct human input (de Conto et al., 2017; Molina-Valero et al., 2022;
Donager et al., 2021; Wilkes et al., 2023). From a logistical perspective, automated pipelines are
ideal for forest managers, as they require fewer resources and expertise than non-automated
methods, but the reliability of their forest structure estimates can be in question. For instance,
Martin-Ducup et al. (2021) found that automated pipelines are prone to overestimations and
produce errors that are 311% greater than human-assisted estimates for tree density and 873%
greater for basal area. Although these automated processing strategies are advancing rapidly, it is
critical to evaluate the accuracy of these methods in ecosystems of interest before
operationalizing them for management purposes.

Evaluating accuracy is especially important in forests with vegetation structures that
produce high or complex levels of occlusion (Liang et al., 2016; Liang et al., 2018; Donager et
al., 2018; White et al., 2016). Occlusion occurs when a laser pulse is intercepted by plant
material, obscuring areas further along the laser's path (Béland et al., 2014). Therefore, forest
complexity directly relates to the complexity and amount of occlusion in the scan area. For
example, in dense plots or plots with tall shrub cover, plot-level occlusion causes trees further
from the TLS scan location to have greater omission rates, thus underestimating tree density.

Although even relatively open plots can produce complex patterns of localized occlusion around



trees that cause segmentation errors (Liang et al., 2018; Donager et al., 2018). Multi-scan
approaches can reduce occlusion and improve accuracy in dense forests by providing multiple
perspectives of the plot area (Liang et al., 2018; Gollob et al., 2019). However, these methods
may not reduce localized occlusion within individual plants, such as when foliage obscures a
tree’s branch or stem. The multi-scan approach also requires additional field and lab work and
has been assessed in a relatively small number of forest ecosystems.

Accuracy differences between scanning approaches remain unknown in Colorado Front
Range dry conifer forests, which exhibit a variety of forest structures. These forests include pure
ponderosa pine (Pinus ponderosa Douglas ex C. Lawson) and dry mixed-conifer (DMC) stands,
which grow in a mosaic of groups and clumps with differing tree densities and age classes
(Addington et al., 2018). They can also be vertically and horizontally variable due to patches of
mid-successional stands and shrubs (Kaufmann et al., 2006). High variability creates complex
occlusion patterns, which can be challenging to overcome even with a multi-scan approach
(Yrttimaa et al., 2020) and an automated processing pipeline. Therefore, research is needed to
assess the accuracy of various TLS approaches across a range of dry conifer forest structures. In
the current study, I seek to address this need by assessing the accuracy of TLS inventories in
Colorado Front Range dry conifer forests using a fully automated segmentation approach. My
study objectives are to 1) evaluate the absolute errors and biases of single-scan and multi-scan
forest structure estimates, and 2) test the effect of occlusion levels on absolute error. Finally, I

discuss the forest structure characteristics that contribute to the largest plot-level errors.



1.2 Methods

1.2.1 Site description

To evaluate the accuracy of TLS forest structure estimation methods, I sampled a total of
74 circular 0.04-hectare (ha) plots from nine sites along the Colorado Front Range (hereafter,
Front Range) (Fig. 1.1). Sites were selected in consultation with Colorado State Forest Service
and US Forest Service personnel to reflect a wide range of untreated ponderosa pine and DMC
dominated forests that have mixed age classes and are strong candidates for fuel reduction or
restoration treatments. These sites spanned an elevational gradient of 2,117 to 2,763 m, and had a
cool and dry climate, with annual 25-year (2000-2025) average temperature normals ranging
from 5.8 to 7.7 °C and precipitation normals ranging from 346 to 698 mm (Prism, 2026).
Throughout the study region, the North American Monsoon produced heavy isolated
precipitation events in late spring and early summer, while precipitation in the fall and winter

came from snowfall (Veblen and Donnegan, 2006).
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Fig. 1.1. Map of study site locations within the Colorado Front Range.



Species composition included pure ponderosa pine and dry mixed-conifer (DMC) stands
with an understory dominated by graminoids and shrubs. Species in DMC stands were
dominated by ponderosa pine and Douglas-fir (Pseudotsuga menziesii var. glauca (Mirb. ex
Franco)), with a limited number of the following species present in some plots: limber pine
(Pinus flexilis James), lodgepole pine (Pinus contorta Douglas ex Loudon.), quaking aspen
(Populus tremuloides Michx.), Rocky Mountain juniper (Juniperus scopulorum Sarg.), and white
fir (Abies concolor (Gord. & Glend.) Lindl. ex Hildebr.). Graminoids and shrubs dominated the
understory plant communities with common species including bluebunch wheatgrass
(Pseudoroegneria spicata (Pursh) A. Love), spike fescue (Leucopoa kingii (S. Watson)),
common juniper (Juniperus communis L.), gambel oak (Quercus gambelii Nuttall), mountain
mahogany (Cercocarpus montanus Raf.), big sagebrush (Artemisia tridentata Nuttall), and three-
leaf sumac (Rhus trilobata Nutt. ex Torr. & A.Gray), with shrub presence and cover ranging
from negligible to nearly continuous cover.

1.2.2 Conventional data collection

Field data from the 74 plots were collected between May 2024 and August 2025. Plot
locations were randomly placed within each site, ensuring at least 30 m distances between
adjacent plots and the delineated site boundaries. If a plot fell on a structure or was too hazardous
to sample, a new plot location was established between 15 and 30 m from the replaced plot using
a random azimuth and distance. Pre-established backup plots were used if relocation was
impossible.

At each 0.04 ha plot (Fig. 1.2), I conducted a field-based forest structure survey by
recording the species, live/dead status, diameter at breast height (DBH), height, and crown base

height of all trees with a height above 1.4 m and a DBH of 12.7 cm or greater. DBH was



measured to the nearest 0.3 cm at 1.4 m above the ground on the uphill side of the tree. Height
and crown base height were measured to the nearest 30.5 cm using a laser range finder. Tree-
level parameters were averaged to the plot scale by calculating the mean DBH and height, then
calculating canopy base height (CBH) as the mean crown base height within a plot. Density
parameters were estimated by calculating tree density as the count of all trees in the plot scaled

to a per-hectare basis, and basal area as the sum of the cross-sectional area of each tree bole.

0.04 hectare plot =—

TLS scan location @

120°

Fig. 1.2. Diagram of the plot design (right) and terrestrial laser scanner (left). Within the 0.04-
hectare plot, all trees taller than 1.4 m with a diameter at breast height greater than or equal to
12.7 cm were measured. Four terrestrial laser scans were collected: one at the plot center and
three 10 m from the plot center at 0°, 120°, and 240° azimuths.

1.2.3 TLS data collection and processing

I collected TLS scans using the Leica BLK 360 G1 terrestrial laser scanner (Leica
Geosystems, Heerbrugg, Switzerland). The Leica BLK 360 G1 uses time-of-flight ranging, a
process that emits discrete light pulses and measures the time it takes for the pulse to return to
the sensor. The scanner has an 830 nm laser wavelength, a maximum range of 60 m, covers 360°
horizontally and 300° vertically, weighs 1 kg, and has three sampling densities: low, medium,
and high. I used the medium sampling density with non-HDR imaging, providing an image

resolution of 10 mm at 10 m, and a scan time of less than three minutes. This density has been



used in previous studies focused on quantifying forest structure and fuel loadings (Loudermilk et
al., 2023; Tenny et al., 2025).

To compare differences between single-scan (SS) and multi-scan (MS) approaches, |
collected four scans at each plot. For the SS approach, I collected one scan approximately 2 m
above the plot center. For the MS approach, I used the center scan and three surrounding scans
taken 10 m from the plot center at 0°, 120°, and 240° azimuths (Fig. 1.2). To reduce plot-level
occlusion, surrounding scans were moved 2 m east or west of the original azimuth if an object
significantly obstructed the scanner's view of the plot area.

After scanning, I developed a suite of LAS and PTX point clouds using Leica’s
Cyclone360 software (Leica Geosystems, Heerbrugg, Switzerland). For the SS approach, only
the center scan was used, while I manually co-registered each surrounding scan to the center scan
for the MS approach, with an error rate of 1 cm or less by selecting three common points
between two scans, then orienting the co-registered bundle to face 0°. If the registration error
exceeded the 1 cm threshold, the plot was excluded from my analysis.

All LAS point cloud processing, individual tree segmentation (ITS), and forest structure
calculations were performed in R (R Core Team 2025) using the /idR (v4.1.2; Roussel et al.,
2020) and spanner (Sanchez Meador and Donager, 2024) packages. Before ITS, point clouds
were pre-processed using the /idR package through a series of steps to standardize each point
cloud. First, each point cloud was randomly decimated to 2,500 points per m>. Next, ground
points were classified with the cloth simulation filter developed by Zhang et al. (2016). Then, to
remove the effect of terrain on height estimates, heights were normalized with a triangular
irregular network algorithm. Finally, using an isolated voxel filter, noise points were defined as

points with three or fewer neighbors in a 0.25 m radius and removed from the point cloud. After

10



pre-processing, I conducted an initial segmentation round using the spanner package to identity
tree locations, segment individual trees, and calculate individual tree metrics. The spanner
package provides an automated ITS pipeline using a bottom-up approach that identifies trees
using tree bole locations. This package was selected because it is simple to use and designed
with data from Arizona ponderosa pine ecosystems, making it the most relevant pipeline to the
ecosystem in this study. I estimated tree location and diameter using the

get raster_eigen_treelocs function by rasterizing the point cloud, then defining a tree bole as
raster cells with high point density (setting the dens_threshold parameter to 0.2) and verticality
(setting the eigen_threshold parameter to 0.67). Both parameters are dimensionless thresholds on
a 0-1 scale. The dens_threshold is a relative density metric, while the eigen_threshold is a
measure of local vertical structure derived from the point cloud geometry. The rasters that met
these parameter thresholds were used to create polygons, and the points that corresponded to
these polygons were extracted for cylinder fitting. A cylinder was fit to these points between 1.3
and 1.8 m using a random sample consensus (RANSAC) algorithm. Finally, I segmented each
tree using a nearest neighbor graph theory approach from the segment graph function. This
resulted in each point within the cloud being assigned to an individual tree. Additional
information on the get raster eigen treelocs and segment_graph functions can be found in
Donager et al. (2021).

Following ITS, I calculated DBH, height, and crown base height for each segmented tree
that fell within the plot boundary using the process_tree data function. DBH was calculated as
the diameter of the RANSAC cylinder, and height was calculated as the highest point in an
individually segmented tree. To estimate crown base height, each segmented tree’s assigned

points were sliced into 5% point-density quantiles, then, moving from the bottom of the tree up,
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crown base height was identified as the height of the first quantile where the gap between slices
was less than 5 cm (Sanchez Meador and Donager, 2024). Finally, to match the manual
inventory data, trees with a DBH below 12.7 cm or a height below 1.4 m were removed.

To minimize small-tree diameter overestimation and exclude shrubs or saplings from the
final segmented tree list, I implemented an iterative segmentation process based on comparison
of tree form ratios of the extracted tree height-to-DBH and crown width-to-DBH (CW-DBH) to
locally derived allometries (Fig. 1.3). These allometries (defined as the ratio of height or CW to
DBH) were calculated for both the segmented trees and a reference subset of Front Range
ponderosa pine and Douglas-fir trees from the US Forest Service Forest Inventory and Analysis
(FTA) National Forest Inventory dataset, downloaded from the FIA DataMart. Reference trees
were identified by querying FIA data to include only ponderosa pine and Douglas-fir trees
surveyed between 2015 and 2021 in the following Front Range counties: Boulder, Broomfield,
Clear Creek, Denver, Douglas, El Paso, Gilpin, Jefferson, Larimer, and Teller. This query
returned 3,072 total reference trees for allometry development. CW was calculated for the FIA
trees using species-specific equations from Bechtold (2004). For the segmented trees, CW was

calculated from the crown area (the area of each tree’s convex hull) using Equation (1):

Crown Area
CW = 2% \/T

Next, I assessed the validity of segmented trees by comparing their tree form ratios to an
empirical cumulative distribution function (ECDF) of ratios built from the FIA reference trees.
Segmented trees with ratios falling above the 90th or below the 10th percentile of the ECDF
were flagged for re-segmentation. Those within the central 80% of the ECDF data were retained
in a tree list. During re-segmentation, I re-processed points from flagged trees using the

get raster eigen_treelocs, segment graph, and process_tree data functions. To improve small
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tree bole identification, a smaller point density threshold (0.02) was applied over a larger area of
the point cloud (0.6 to 2.0 m) than in the initial round of segmentation. All other parameters
remained the same between the initial segmentation and re-segmentation rounds. The newly
segmented trees were reevaluated using the same ECDF thresholds, and any tree with a DBH
below 12.7 cm or height below 1.4 m was removed. This process continued until all remaining
trees were within the 80th percentile threshold, all segmented trees were flagged in two
consecutive re-segmentation attempts, or 10 attempts were completed, at which point any
remaining flagged trees were added to the tree list for analysis. Finally, I used the SS and MS
derived tree lists to estimate plot-level averages for DBH, height, and CBH, as well as tree

density and basal area, using the methods described in section 2.2.

Individual Tree ﬂl&segm&nt Flagged

Iy

Segmentation \ Trees
Y
Decimate point
cloud Identify tree Remove trees with
¢ = o —» DBH = 12.7 cm and/
Normalize point | | ‘ orHt<14m Calculate Empirical
cloud v Cumulative Distribution
Segment trees Calculate crown Function (ECDF)
width-DBH and Ht- ¥
: v . DBH allometry Build ECDF of crown
Identify trees in v width-DBH and Hi-DBH
the plot Compare to ECDF [ allometry from ponderosa
pine and Douglas fir FIA
\ 4 ¢ data
Calculate |— Flag trees that fall
DBH. Ht, and outside of the 80th
CBH ECDF percentile
|
\ ¥
Group unflagged trees Group
Final Tree and flagged trees flagged |-
List remaining after the re- rees
segmentation process

Fig. 1.3. Diagram of the workflow for terrestrial laser scan data processing, individual tree
segmentation, and iterative re-segmentation.
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1.2.4 Occlusion estimation

To estimate plot-scale occlusion levels, I followed the ray tracing and digital terrain raster
process outlined in Tenny et al. (2025). The ray tracing process was facilitated by using point
clouds from non-normalized PTX files, which organized laser pulses along vertical scan lines. I
started by voxelating SS and MS point clouds to a 10 cm resolution, then traced the rays emitted
from the TLS to determine the number of laser pulses directed at, intercepted within, and
transmitted through each voxel within the 0.04 ha plot extent. Occlusion was estimated as one
minus the number of pulses entering a voxel divided by the number of pulses directed at it. Then,
voxels were classified as occluded if internal occlusion was greater than 80%. All MS scans were
processed independently, and the minimum occlusion value for each voxel was used when
merging the MS data. To evaluate how occlusion levels near DBH affect error, I built a digital
terrain raster to determine the height above ground of each voxel, grouped voxels into 10 cm
height bins, summed the proportion of occlusion within each bin, and extracted the sum of all
bins and bins below 2 m. This produced plot-scale estimates of total occlusion and occlusion
below 2 m from SS and MS data.
1.2.5 Data analysis

To assess TLS performance and identify differences between SS and MS error structures,
I calculated median absolute error (MdAE), median absolute percent error (MdAPE), bias, and
relative bias (bias%) for each forest structure parameter. The median was assessed rather than the
mean, as several large outliers caused the data to be strongly right-skewed. Spearman’s rank
correlation test (R) was used to determine the strength and direction of the relationship between

TLS and field estimates for each parameter.
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Differences in absolute percent error (APE) and bias% between scanning approaches were
evaluated using one-way ANOVA tests when Gauss-Markov assumptions were met, and
Wilcoxon signed-rank tests when assumptions were strongly violated. ANOVA tests were based
on linear mixed-effect models from the /me4 package in R (Bates et al., 2015), with study site
and plot included as random effects to account for the paired sampling design. Assumptions were
verified using residual diagnostic plots from the DHARMa package (v0.4.7; Hartig, 2024). Due
to a lack of normality and equal variance, I applied a square root transformation to height APE
and DBH APE and a logarithmic transformation to basal area APE. Because assumptions were
significantly violated for tree density APE and bias%, and basal area bias%, I used the Wilcoxon
signed-rank test in place of ANOVA.

The effect of occlusion was investigated using linear mixed-effect models. Analysis was
exclusively focused on SS data, as the increased processing steps in the MS method did not
justify the marginal improvement in accuracy (see section 1.3). This reflects the opinion that
when performance is equal, the more efficient SS method is preferable (Liang et al., 2018). First,
I evaluated the effect of occlusion on accuracy using a linear-mixed effect model with the APE
of DBH, height, CBH, tree density, and basal area as response variables. The total amount of
occlusion and the amount of occlusion below 2 m served as predictor variables, with study site
included as a random effect. Assumptions were checked using the DHARMa package residual
diagnostic plots. To meet assumptions, I applied square root transformations to DBH APE and
tree density APE, and a logarithmic transformation to basal area APE. Finally, I applied square

root transformations to both occlusion variables for the DBH model.
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1.3 Results

In total, 846 trees were measured by hand across 74 sampling plots, with 47% of plots
being pure ponderosa pine overstory, and the remaining being DMC. These plots represented a
wide range of forest structures common in the Front Range. Across the plots, mean DBH and
height showed the lowest coefficient of variation (CV; 29-33%), with plot averages ranging from
16.0 to 81.8 cm for DBH and 5.6 to 21.9 m for height (Table 1.1). CBH and basal area were
more variable (CV = 52-56%) with CBH values ranging from 0.7 to 9.2 m and basal area ranging
from 2.0 to 42.5 m? ha™!. Tree density showed the greatest variability, with densities between 25
and 1,038 trees ha™! and a CV of 73%.
Table 1.1. Plot-level summary statistics describing the minimum (min), mean, maximum (max),
standard deviation (SD), and coefficient of variation (CV) for plot-level averages of diameter at
breast height (DBH), height, canopy base height (CBH), tree density, and basal area from the 74

plots used as validation data in this study. Measurements were performed with manual field-
based methods, and only included trees taller than 1.4 m with a DBH of 12.7 cm or greater.

Attributes Min Mean Max SD Cv

DBH (cm) 16.0 30.9 81.8 10.1 33%
Height (m) 5.6 12.1 21.9 3.5 29%

CBH (m) 0.7 3.5 9.2 2.0 56%

Tree density (trees ha™!) 25 283 1,038 207 73%
Basal area (m? ha'!) 2.0 19.0 42.5 9.9 52%

Comparisons of single-scan (SS) and multi-scan (MS) errors for DBH, height, and CBH
showed a significant difference in APE for DBH (p = 0.02) and in bias% for DBH (p = 0.003),
height (» =0.01) and CBH (p < 0.001) (Fig. 1.4). However, differences in APE between scan
approaches never exceeded 2.2% for any parameter. Both approaches marginally overpredicted
DBH, and MdAE was slightly larger using the SS approach (3.2 cm) compared to the MS
approach (2.8 cm) (Table 1.2). The SS approach also showed a weaker positive correlation with
field measurements for DBH (SS R = 0.63; MS R =0.77) (Table 1.2). Height and CBH were

both underestimated by the SS and MS approaches, with a corresponding median bias% of
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-11.8% and -4.7% for height and -32.5% and -30.5% for CBH (Fig. 1.4). The SS approach also
produced marginally larger MdAEs for both parameters, although the difference was never
greater than 0.1 m. While the SS approach showed greater errors, it had a slightly stronger
positive correlation with field measurements for height (SS R =0.77; MS R =0.76) and CBH
(SSR=10.68; MS R = 0.63).

When comparing SS and MS errors for density parameters, tree density showed a
significant difference in APE (p = 0.04) and %pbias (p < 0.001), but no significant difference was
found for basal area for either error metric (p > 0.05) (Fig. 1.4). In addition, differences in APE
between scan approaches never exceeded 2.3% for either parameter. Both scanning approaches
overpredicted tree density; however, when using the SS approach, median bias% was 6.9% lower
than the MS approach. In contrast, SS MdAE (74 trees ha™') was 12 trees ha'! greater than MS
MJAAE (62 trees ha'') (Fig. 1.4), although this represents a difference of less than 1 tree per plot.
The SS approach also showed the strongest correlation with tree density field measurements (SS
R =0.76; MS R =0.69) (Table 1.2). Basal area was the only parameter that did not show a
significant difference between scanning approaches for either APE or bias%. Like tree density,
both approaches produced overpredictions. Median bias% was 5.8% lower for the SS approach,
but MdAE was slightly larger (SS MdAE = 7.5 m? ha™'; MS MdAE = 6.7 m? ha™'). Similarly, the
SS approach had the stronger correlation with basal area field measurements (SS R = 0.48; MS R

=0.42).
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Fig. 1.4. Box and whisker plots comparing single- and multi-scan absolute percent error (left)
and relative bias (right) for plot-level estimates of diameter at breast height (DBH), height,
canopy base height (CBH), tree density, and basal area. Text lists the median absolute percent
error and median relative bias. Significant (alpha 0.05) one-way ANOVA or Wilcoxon signed-
rank tests evaluating differences between the scan approaches are denoted by an asterisk (*).

Table 1.2. Summary of correlation coefficient (R), absolute error, and bias for diameter at breast
height (DBH), height, canopy base height (CBH), tree density, and basal area for both scanning

approaches.

Tree Basal area

Approach Statistic DBH (cm) Height (m) CBH (m) density 2 11
1 (m“ ha™)

(trees ha™)

R 0.63 0.77 0.68 0.76 0.48

« 2. M 0.0 0.0 0.0 0 0.0

§ g £ Median 3.2 1.3 0.9 74 7.5

£y 2% Max 272 9.4 7.3 618 90.3

= . Min 272 9.4 7.3 271 9.8

& Median 2.4 -1.3 -0.9 25 6.8

Max 19.5 2.0 0.4 618 90.3

R 0.77 0.76 0.63 0.69 0.42

g £ _ Min 0.0 0.1 0.0 0 0.1

& S £ Median 2.8 1.2 0.8 62 6.7

£ 2% Max 36.5 11.2 6.0 2,224 233.0

= 2 Min -36.5 112 6.0 173 6.2

A Median 1.8 -0.6 -0.8 50 6.4
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Max 18.1 2.5 0.9 2,224 233.0

Fewer plots met the US Forest Service’s 10% maximum error threshold for plot-based
surveys when using the SS versus the MS approach. Approximately 40% of SS plots and 50% of
MS plots showed APEs that met the threshold for DBH and height (Table 1.3). The percentage
decreased to less than 30% for CBH and tree density across both approaches, and less than 5% of
plots met this threshold for all four parameters at once, regardless of scan approach.

Table 1.3. The percentage of single-scan and multi-scan plots with absolute percent errors that
met the 10% maximum error threshold outlined by the US Forest Service for plot-based field

surveys of diameter at breast height (DBH), height, canopy base height (CBH), tree density, and
the combination of all four parameters.

Percent of single-scan plots Percent of multi-scan plots
DBH 46% 53%
Height 41% 50%
CBH 18% 20%
Tree density 20% 26%
All four parameters 4% 3%

Differences in MAAPE between approaches were marginal (never exceeding 2.3%),
therefore occlusion analysis focused on the SS approach, which exhibited larger occlusion levels.
On average, the amount of occlusion in a plot (measured as the sum of the proportion of
occluded voxels in each 10 cm height bin) was over 15 times greater for the SS approach (mean
plot-level SS occlusion = 53.3) than the MS approach (mean plot-level MS occlusion = 3.5) and
10 times greater when assessing voxels below 2 m (mean SS occlusion below 2 m = 3.0; mean
MS occlusion below 2 m = 0.3). In addition, most occluded voxels were in the canopy (above the
2 m level) with an average of 6% and 7% of total occlusion being below 2 m for the SS and MS
approaches, respectively. Despite its smaller proportion, occlusion below 2 m had a significant
positive relationship with SS APE for all parameters (Table 1.4), whereas total plot-level
occlusion never produced a significant relationship. However, variance explained was low to

moderate, with R? never exceeding 0.34 for any parameter.
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Table 1.4. Results from linear mixed-effects models evaluating the relationship between each
occlusion metric (total occlusion; occlusion below 2 m) and the absolute percent error (APE) of
diameter at breast height (DBH), height, canopy base height (CBH), tree density, and basal area.
An asterisk (*) denotes a square root transformation, while a plus (+) denotes a logarithmic
transformation.

Res;.)onse Predictor Variable Estimate P-value R?
Variable
Total occlusion* 0.15 0.22 0.07
%

DBH APE Occlusion below 2 m*  1.50 0.002 0.24
. Total occlusion 0.02 0.73 0.13
Height APE () lusionbelow2m 2,10 0.003 0.21
Total occlusion 0.05 0.5 0.34
CBHAPE Occlusion below 2m  2.26 0.04 0.34
Tree density Total occlusion -0.003 0.86 0.13
APE* Occlusion below 2 m 0.69 0.003 0.11
Total Occlusion 0.01 0.45 0.09

Basalarea APEY () ) Gionbelow2m  0.34 <0.001 0.21

1.4 Discussion

The primary objective of this study was to assess the accuracy and bias of TLS forest
structure estimates in dry conifer forests of the Colorado Front Range. My findings show that, in
these forests, TLS methods can accurately estimate forest structure, although accuracy levels
differ among parameters. Median absolute errors were smallest for DBH and height (8.8-12.3%)
and larger for CBH, tree density, and basal area (30.3-38.7%). In addition, there were
overprediction biases for DBH, tree density, and basal area, and underprediction biases for height
and CBH.

My results showed broad agreement with prior studies in various pine-dominated
ecosystems, which reported relatively small errors for plot-level forest structure estimates.
Donager et al. (2021) reported mean absolute errors of 5.0 cm for mean DBH and 2.2 m for
mean height, and provides the closest comparison to the current study, as they investigated
ponderosa pine forests with mixed age classes and used the spanner package for tree

segmentation. Donager et al. (2018) investigated the same ponderosa pine forest as Donager et
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al. (2021) using different plot dimensions and scan processing techniques. They reported root
mean square errors (RMSEs) of 3.8 cm for mean DBH, 1.8 m for mean height, 1.0 m for CBH,
and 80 trees ha™! for tree density. Compared to these studies, my results showed smaller error
magnitudes for all parameters. Lower errors may have been a result of the larger sample size in
the current study, a smaller plot size than Donager et al. (2018), and the use of a newer version of
spanner than Donager et al. (2021). In contrast, my results showed larger errors for most
parameters than those reported by Yrttimaa et al. (2020), who reported RMSEs of 0.2 cm for
quadratic mean diameter, 1 m for Lorey’s height, 98 trees ha™ for tree density, and 1.7 m? ha™ for
basal area in mature even-aged Pinus sylvestris L. stands. Their more accurate DBH, height, and
basal area estimates likely reflect the homogeneous structure of mature even-aged Pinus
sylvestris forests, which Yrttimaa et al. (2020) reported as having lower variability in tree
diameter, height, and tree density, facilitating consistently small estimation errors across plots.
Their slightly larger tree density errors were likely a result of high mean stand densities, which
increased occlusion and contributed to systematic underestimations. Collectively, these studies
indicate that TLS methods are broadly applicable across pine-dominated ecosystems, but lower
accuracies should be expected in uneven-aged dry conifer forests like those found in the Front
Range.

The appropriateness of TLS estimations for management objectives is highly context
dependent, as there is no universally agreed upon accuracy standard for forest structure
parameters. In the United States, the US Forest Service provides some guidelines for plot-based
field surveys, outlining a 10% maximum error threshold for DBH, height, CBH, and tree density
(FSVeg Common Stand Exam User Guide 2015, appendix L). When using the SS method,

approximately 40% of plots met this threshold for DBH and height. That number dropped to near
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20% for CBH and tree density, and to 4% when assessing all four parameters. Despite many
plots being beyond this standard, TLS accuracies may be acceptable in some cases, depending on
the management objective. For instance, the direction of bias from TLS estimates may be
acceptable for fire behavior modeling because they are likely to overpredict fuel load and
connectivity (via underestimating CBH and overestimating basal area and tree density) and cause
subsequent overpredictions for rate-of-spread and fire-line intensity (Scott and Reinhardt, 2001),
which present a lower safety risk than underpredictions (Alexander and Cruz, 2006). At the
stand-scale, TLS approaches may also provide reasonable assessments of treatment effectiveness
through pre- and post-treatment comparisons, as averaging multiple plots reduces the impact of
plot-level errors. They may be especially useful if treatments involve thinning/removal of
understory vegetation that contributes to occlusion below 2 m. Similarly, TLS accuracies may be
acceptable in cases where rapid inventories are needed, and resources are scarce (like large-scale
post-disturbance surveys), as they require fewer resources than field crews. However, the TLS
methods used in this study are an inadequate substitute for field-based surveys in situations that
demand high stand- or plot-level accuracy for all parameters, such as long-term monitoring
studies or national forest inventory campaigns. Ultimately, given the range of errors reported in
this study, it is up to the manager to decide whether accuracy levels are sufficient for their
management objective.

TLS estimates from this study were generally accurate; however, in some cases,
subcanopy occlusion caused extreme overestimates in stand density and basal area (sometimes
exceeding 1000%), along with systematic errors for DBH, height, and CBH. Visual assessments
of the SS point clouds from plots with tree density errors > 100% showed that tall shrubs,

saplings, and trees with low crown base heights produced errors in tree segmentation (Fig. 1.5).
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These segmentation errors typically resulted in commission errors, or extra trees being created by
the segmentation process that were not actually present on the plot. Segmentation errors
propagated into tree density overestimates when shrubs or saplings were identified as trees and
received diameter estimates that exceeded the 12.7 cm inventory threshold. Errors were
especially severe in plots with low tree densities, where erroneously segmented trees represented
a larger proportion of the TLS tree list. For instance, APE reached 100% when field
measurements recorded only one tree, but TLS methods oversegmented the tree into two
individuals. In some low tree density plots, DBH and tree density errors compounded into basal
area overestimations exceeding 1000%. In plots with dense understory conditions, foliage and
branches also obscured tree stems and caused the RANSAC cylinders to be fit to portions of the
lower crown rather than the bole, causing DBH overestimation by more than 100% in some plots
and producing inaccurate tree segmentation. Additionally, in plots where shrubs and saplings
were included as trees, plot-level height and CBH were underestimated by up to 47% and 72%,
respectively. These findings indicate that TLS inventories should be applied cautiously in
low-density stands or areas with abundant understory vegetation. However, it is worth noting that
errors in low-density stands were greatest when assessing APE, which penalizes overpredictions
more strongly than underpredictions. When assessing absolute error, low-density plots were less
problematic. Nonetheless, plots with high proportions of gambel oak or Rocky Mountain juniper
can be prone to large errors, whereas stands with high crown base heights and open understories
facilitate more accurate TLS estimates even when tree density is relatively high (Fig. 1.5). Thus,

forests with open understories should be prioritized when selecting plots for TLS inventories.
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(d)

Fig. 1.5. Single-scan plot-level point clouds representing the structural attributes that caused the
largest and smallest tree density absolute percent errors (APE). (a) 100% tree density APE from
over-segmentation of a single low crown base height tree in a low-density plot (tree density = 25
trees ha!). (b) 850% tree density APE, from low canopy base height (CBH) and high shrub and
sapling abundance in a low-density plot (tree density = 50 trees ha). (c) 0% tree density APE,
from low shrub and sapling abundance in a low-density plot (tree density = 100 trees ha™!). (d)
0% tree density APE, from high CBH and low shrub and sapling abundance in a high-density
plot (tree density = 450 trees ha™').

When comparing accuracy between scanning approaches, I found that MAAPE
improvements from the MS approach never exceeded 2.3% for any parameters. Similar
accuracies between approaches were likely due to errors being driven by understory occlusion
and tree density overestimates. Although previous studies reported accuracy improvements
between 10% and 30% for individual tree detection when using multiple scans, improvements
generally came from reducing omission errors (underpredictions), rather than commission errors
(overpredictions) (Bauwens et al., 2016; Gollob et al., 2019; Liang et al., 2018). However, these
studies used larger plot sizes than mine, which may have increased the amount of occlusion and

subsequent accuracy gains from collecting additional scans. In my study, many plots were
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relatively open with low plot-level occlusion and omission errors, leaving fewer opportunities for
the MS approach to improve stem detection. In some plots, the MS approach even contributed to
overpredictions by including extra laser returns from shrubs and saplings, causing segmentation
of more non-tree objects. Collecting and processing MS data also requires additional effort
compared to SS data. For instance, field notes indicated that the SS approach required
approximately 5 minutes to set up and collect a scan in the field, whereas the MS approach
regularly took 15-20 minutes. Co-registering MS data was also time-consuming, taking between
20 minutes and a full workday per plot. Even with considerable effort, three plots were excluded
from the analysis because co-registration errors less than or equal to 1 cm could not be achieved.
Therefore, the SS approach is likely more relevant to Front Range dry conifer forests as it
provides near equivalent accuracy while enabling increased sampling intensities for the same
resource inputs as the MS approach.

This study was likely limited by the parameters selected for individual tree segmentation.
A single set of tree segmentation parameters was used across all plots to reduce variability from
parameterization. To improve stem detection, I chose aggressive parameters that applied
relatively low point density and verticality thresholds across a large slice of the tree bole. In
some plots, this contributed to overestimates by segmenting shrub and sapling crowns. Improved
segmentation may be achieved by using different parameters depending on forest structure. For
example, in stands with low tree densities and high shrub cover, more conservative parameters
may be less likely to segment shrubs and saplings. Conversely, my aggressive parameters
worked well in dense stands with a small understory component, as they were able to segment
multiple diameter classes even if the tree bole was partially occluded. These limitations suggest a

need for parameterization strategies that adjust to forest structure. A dynamic approach that
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selects parameters based on point- or voxel-level descriptive statistics could help align them with
plot-level understory and tree density conditions. Benchmark datasets like those used by Liang et
al. (2018) may be useful for developing such methods, as they provide a standardized dataset
covering a variety of forest structures and understory densities.

Future research should also expand on the current study by investigating a broader range
of Front Range forest types, inventory parameters, and sampling designs. Additional inventory
data may be especially useful in Front Range forests in the upper montane and subalpine zones.
These forests (dominated by lodgepole pine and spruce-fir stands) serve essential ecosystem
services such as mitigating snowpack sublimation and facilitating water storage (Harpold et al.,
2013). However, they are experiencing elevated rates of mortality from warming temperatures,
bark-beetle outbreaks, and high-severity fires (Andrus et al., 2021; Pelz and Smith, 2012). If TLS
inventories prove accurate here, they could help managers anticipate and respond to elevated tree
mortality, as they seek to safeguard water resources. Future research should also consider
investigating TLS methods to predict fuel loads. The majority of Front Range forest management
involves hazardous fuel reduction and restoration treatments, which require extensive fuel
inventories. Previous studies have used TLS data to build predictive models for fuel monitoring
(Tenny et al., 2025; Hudak et al., 2020; Loudermilk et al., 2023); however, accuracies in Front
Range forests have yet to be assessed. Future work should build on these studies to develop
regionally specific fuel load models that account for the high spatial variability in Front Range
fuels (Vakili et al., 2016). Finally, future studies should investigate the effect of plot size on TLS
accuracy. Although we used an 11.3 m radius plot (as it is standard in field-based inventories),
there is no evidence that this radius is optimal for TLS inventories. Gollob et al. (2019) showed

that SS accuracy declines rapidly beyond 10 m radius plots and that 5 m radius plots produced
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the lowest DBH and commission errors. Although smaller plots generally require more samples
to achieve comparable stand-level accuracy, the speed of TLS scans may make it feasible to

collect a larger number of plots without increasing operational costs. To optimize TLS methods,
comparisons of plot size and sampling intensity should be performed in Front Range dry conifer

forests.
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2. PREDICTING FINE-SCALE SURFACE FUEL LOADING WITH TERRESTRIAL LASER

SCAN METRICS IN DRY CONIFER FORESTS OF THE COLORADO FRONT RANGE

2.1 Introduction

Surface fuels strongly influence fire behavior and effects by affecting fire intensity, rate
of spread, and the transition of surface fire into the canopy (Rothermel, 1972; Scott and
Reinhardt, 2001). Fuels are also the only factor in fire behavior that managers can directly
manipulate (Agee, 1996). Thus, modifying surface fuels through hazardous fuel reduction
treatments remains the most direct way for managers to mitigate the number of high-intensity
fires on a landscape (Agee and Skinner, 2005). Accordingly, estimates of surface fuel load (kg m
2) are foundational for forest management as they inform fuel hazard reduction and forest
restoration treatments, fire behavior and effects models, forecasts of smoke and emissions, and
prescribed fire planning (Ziegler et al., 2025; Keane, 2013; Hessburg et al., 2007; Drury et al.,
2014; Francos and Ubeda, 2021).

The surface fuelbed, defined as all biomass <2 m above the duff layer, consists of diverse
living and dead vegetation particles with unique physical properties (e.g., size, shape, moisture
content, and surface-area-to-volume ratio) that govern combustion processes (Keane, 2015;
Rothermel, 1972). To simplify the surface fuelbed, particles can be grouped into the following
four fuel types based on common physical properties: litter, downed dead woody (DDW) fuels,
herbaceous fuels, and live woody fuels. The DDW fuels are further divided into their respective
time-lag categories (1-h (0-0.64 cm), 10-h (0.64-2.54 cm), 100-h (2.54—7.62 cm), and 1000-h

(>7.62 cm)) because smaller diameter particles equilibrate with ambient moisture more quickly
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than large diameter particles (Fosberg, 1970). Similarly, live fuels are separated from dead fuels
because their moisture content is controlled by plant physiology and seasonality, and herbaceous
fuels are distinguished from live woody fuels due to differences in particle size and
surface-area-to-volume ratio (Keane, 2015). These differences provide the logic used to define
the seven surface fuel components (litter, 1-h fuels, 10-h fuels, 100-h fuels, 1000-h fuels,
herbaceous fuels, and live woody fuels) used in fuel inventories and fire behavior models
throughout most of North America.

Dissimilarities in properties like particle size and live/dead status influence the
distribution of each component across the surface fuelbed and create patterns of high spatial and
temporal variability (Keane et al., 2012; Keane, 2016). Spatial variability arises from differences
in the amount and rate of fuel deposition and decomposition within an ecosystem (Keane, 2015).
This creates spatially aggregated patches of litter and DDW that are associated with variables
like proximity to vegetation, overstory cover, aspect, and slope (Keane, 2012; Hall et al., 2006;
Prichard et al., 2025). Temporal variation stems from seasonal changes in plant growth and
senescence as well as disturbance events (e.g., fire and windthrow), which can rapidly alter the
fuelbed (Keane et al., 2002; Cannon et al., 2014; Keane, 2015). In the dry conifer forests of the
Western United States, each surface fuel component varies at unique spatial and temporal scales.
For example, fine dead surface fuels (litter and 1-h fuels) vary at 1-15 m scales and have
consistent deposition rates over time, whereas 1000-h fuels vary at 10-150 m scales and show
highly inconsistent deposition rates (Vakili et al., 2016; Keane et al., 2012; Keane, 2016).
Therefore, to maintain accurate load estimates, fuel inventory methods should be expeditious and

collected at scales optimized to capture variability in each component (Keane, 2013).
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Historically, direct and indirect on-site field sampling methods have been the standard
approach for estimating surface fuel loads (Keane, 2015). Destructive sampling provides the
greatest accuracy because fuels are directly sampled by cutting, drying, and weighing all biomass
in a plot. However, these samples are labor-intensive to collect and generally used to validate or
calibrate less costly methods (Keane and Gray, 2013; Keane, 2015; Tinkham et al., 2016). The
planar-intercept method was designed to efficiently measure DDW fuel load by calculating the
number of fuel particles that intersect a vertical sampling plane (Brown, 1974) and is commonly
used in field inventories. This approach is more time-efficient than destructive methods but still
demands substantial effort, requiring at least 1.5 km of transect to provide comparable estimates
to destructive samples (Sikkink and Keane, 2008). Common indirect methods include photo
series (Ottmar, 2000) and photoloads (Keane and Dickenson, 2007), which use ocular estimates
of fuel loading based on calibrated reference photos. These methods are fast and efficient,
providing estimates of DDW, herbaceous, and live woody fuels in approximately 10 minutes, but
can be limited by high user bias (Sikkink and Keane, 2008; Keane and Gray, 2013).

Recently, mapping and remote sensing techniques have been investigated as approaches
to improve the sampling efficiency and data accuracy of surface fuel load estimates (Keane et al.,
2001; Abdollahi and Yebra, 2025). Fuel maps use a combination of field estimates, passive
remote sensing, and statistical modeling to provide wall-to-wall estimates of fuel loads at various
scales (McKenzie et al., 2007; Keane et al., 2001; Hoffman et al., 2023). These methods greatly
improve sampling efficiency as they can facilitate fuel load estimates across large regions
without direct field measurements. However, their accuracy is limited by the spatial variability in
surface fuels and the inability of passive remote sensing methods to penetrate the canopy layer or

measure vegetation height (Arroyo et al., 2008; Keane et al., 2001).
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Active remote sensing methods avoid the limitations of passive approaches by commonly
using Light Detection and Ranging (LiDAR) data to generate three-dimensional point clouds of
the surface fuelbed. Surface fuel loads are then predicted by building statistical models that
correlate the spatial distribution of points in the point cloud with in-situ estimates (Prichard et al.,
2022). Terrestrial laser scanners (TLS) show especially strong operational potential, as they are
ground-based (providing a subcanopy perspective of the surface fuelbed) and simple to operate
(Pokswinski et al., 2021). However, using TLS to develop accurate predictive models can be
challenging because LiDAR data are often high-dimensional and can suffer from
multicollinearity. Various modeling approaches address these challenges in different ways. For
instance, low-complexity modeling approaches (i.e., multiple linear regressions) provide the
greatest interpretability but require significant reductions in the predictor set to avoid overfitting
(Kuhn and Johnson, 2013). Medium-complexity models (e.g., least absolute shrinkage and
selection operator (lasso), elastic net regression, and multivariate adaptive regression splines)
offer an extension of linear models that automatically select the most useful predictor sets.
Finally, high-complexity modeling approaches (such as random forest) can model non-linear
relationships and handle high dimensionality and multicollinearity by evaluating a subset of
predictors at each tree (Breiman, 2001). Previous studies have reported a range of accuracies
when predicting surface fuel loads for various fuel components from TLS data across multiple
modeling approaches. Batista et al. (2025) reported normalized root mean square errors
(NRMSEs) between 84% and 190% when using random forest regression, Alonso-Rego et al.
(2021) reported NRMSEs between 12% and 97% when using multivariate adaptive regression
splines, and Loudermilk et al. (2023) found NRMSEs between 22% and 83% when using linear

regression models with leaps and bounds variable selection. Despite differences in accuracy, few
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studies have compared accuracies across a gradient of model complexities using the same
dataset.

The accuracy of LiDAR-based models can also be influenced by spatial heterogeneity
and occlusion in the surface fuel bed (Batista et al., 2025; Abdollahi and Yebra, 2025; Tenny et
al., 2025; Alonso-Rego et al., 2021). In general, TLS studies reporting NRMSEs below 100%
have been conducted in managed ecosystems with relatively homogenous fuel loads (Alonso-
Rego et al., 2021; Loudermilk et al., 2023; Rowell et al., 2020). In contrast, the heterogeneity in
fire-excluded fuelbeds (like those in many dry conifer forests) can make it challenging to collect
adequate reference samples at appropriate scales to capture spatial variability (Keane et al., 2001;
Bright et al., 2022), which increases the risk of overfitting large outliers or underfitting training
datasets and can result in large errors. Occlusion (areas obscured by vegetation between the
scanner and the target) can also introduce error, but the magnitude of error is ecosystem
dependent. For example, when predicting surface fuels in Arizona forests, ponderosa pine—oak
stands showed the lowest predictive accuracy and the highest levels of occlusion, relative to both
pinyon—juniper and chaparral forests (Tenny et al., 2025). Collecting multiple TLS scans or
using mobile laser scanning (MLS) data reduces occlusion, but accuracy improvements have
been marginal (Batista et al., 2025; Tenny et al., 2025). Therefore, TLS models should be
validated across ecosystems, as spatial variability and occlusion will likely have ecosystem-
dependent effects on predictive accuracy.

Despite the growing interest in TLS for fuel inventories, to my knowledge, no studies
have developed predictive models for surface fuels in dry conifer forests of the Colorado Front
Range (hereafter, Front Range). Surface fuel loads in these forests tend to exhibit high spatial

variability and will likely require region-specific models. To address this need, my study, (a)
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develops and assesses the accuracy of single-scan TLS-based predictive models for five surface
fuel components (fine dead surface fuels, large-diameter DDW, herbaceous fuels, live woody
fuels, and total surface fuels) and (b) compares the predictive performance of three different
statistical approaches: random forest, elastic net, and multiple linear regression via leaps and

bounds selection.

2.2 Methods

2.2.1 Study design

To assess the accuracy of TLS surface fuel predictions, I sampled 128 0.25 m?
volumetric clip-plots from nine sites along the Front Range (Fig. 2.1). Sites were selected with
consultation from Colorado State Forest Service and US Forest Service personnel to represent
current forest conditions in ponderosa pine (Pinus ponderosa Douglas ex C. Lawson) and dry
mixed-conifer (DMC) dominated forests. All sites were long unburned and had not received any
silvicultural treatments in at least 12 years. These sites spanned an elevational gradient of 2,117
to 2,763 m and had a cool, dry climate, with 25 year (2000-2025) average annual temperature
normals ranging from 6.3 to 8.2° C and precipitation normals ranging from 326 to 711 mm
(Prism, 2026). In the summer months, the North American Monsoon can produce heavy isolated
pockets of precipitation, while precipitation between October and May is primarily associated
with snowfall (Veblen and Donnegan, 2006). Across all sites, ponderosa pine and Douglas-fir
(Pseudotsuga menziesii var. glauca (Mirb. ex Franco)) dominated the overstory, and graminoids
and shrubs dominated the understory. Common understory species included bluebunch
wheatgrass (Pseudoroegneria spicata (Pursh) A. Love), spike fescue (Leucopoa kingii (S.

Watson)), common juniper (Juniperus communis L.), gambel oak (Quercus gambelii Nuttall),
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mountain mahogany (Cercocarpus montanus Rat.), three-leaf sumac (Rhus trilobata Nutt. ex

Torr. & A.Gray), and big sagebrush (Artemisia tridentata Nutt.).
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Fig. 2.1. Map of study site locations within the Colorado Front Range.

2.2.2 Surface fuel load measurements

Surface fuel load data was collected between June 2024 and August 2025 at each of the
128 0.25 m? volumetric clip-plots. Clip-plot locations were aligned with 0.04-hectare long-term
monitoring plots (11.3 m radius) designated by the Colorado State Forest Service Forest
Restoration and Wildfire Risk Mitigation program. These plots were randomly placed within
each site, ensuring at least 30 m distances between adjacent plots and the delineated site
boundaries. To avoid disturbing the long-term monitoring plot, clip-plots were placed 12 m from
the plot center at 0°, 120°, and 240° azimuths (Fig. 2.2). Clip-plots measured 0.5 m in length by

0.5 m in width by 2 m in height and were marked for TLS scanning using a 1 m tall reflective

42



post in each corner (Fig. 2.3). A single TLS scan of each clip-plot was collected using the Leica
BLK 360 G1 LiDAR scanner (Leica Geosystems, Heerbrugg, Switzerland). The TLS was
positioned 2 m away from the clip-plot to visualize surface fuels with the highest possible

resolution. Additional details on the TLS device are provided in section 2.2.4.
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Fig. 2.2. Diagram of the 0.04-hectare plot with clip-plots located 12 m from the plot center and 2
m from the terrestrial laser scanning locations.
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Fig. 2.3. Depiction of a 0.25 m? volumetric clip-plot marked by a reflector in each corner.

After scanning, I recorded the presence and absence of each surface fuel class, then
destructively sampled all fuels within the clip-plot area. Surface fuel classes were defined as
follows: fine dead surface fuels (litter and 1-h fuels), 10-h fuels, 100-h fuels, 1000-h fuels,
herbaceous fuels, and live woody fuels. The litter component included all downed needles and
leaves, bark flakes less than 5 cm in length, unrooted forbs and graminoids, male cones, and
detached cone scales above the duff layer. Litter and 1-h fuels were combined into a single
component as they exhibit similar fire behavior and are often grouped into the same category
(Rothermel, 1972). Next, at the Colorado State University Fire and Fuels Laboratory, Fort
Collins, CO, USA, I sorted the fuels into their respective classes, dried them in an oven at 60° C
until the mass change was less than 1% over 24 hours, and recorded the dry masses. 1000-h fuels

were often too large to destructively sample and weigh, so their dimensions within the clip-plot
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(i.e., small end, large end, and middle diameters, and length) were recorded, and mass was
estimated following Simpson (1993) using Equation (1)

Equation 1: Dry weight = p,, * G, *V
where p,, = the density of water in grams cm™, G, = the specific gravity of ponderosa pine
wood, and V = the volume of the 1000-h fuel in cm® calculated using length and diameter
measurements. Only four of my 128 clip-plots had 1000-h fuels present. Finally, I converted dry
fuel masses to kg m™ and grouped them into the following components: fine dead surface fuels,
large-diameter DDW fuels, herbaceous fuels, live woody fuels, and total surface fuels. The
definition of each component is provided in Table 2.1.

Table 2.1. Definitions of the fuel components analyzed with predictive modeling.

Surface fuel component Definition
Fine dead surface fuels The dry mass of all litter and 1-h fuels.
Large-diameter DDW fuels The sum of 10-h, 100-h, and 1000-h dry masses.
Herbaceous fuels The dry mass of all rooted graminoids and forbs.
Live woody fuels The dry mass of all rooted live woody vegetation.
Total surface fuels The dry mass of all surface fuels.

2.2.3 TLS data processing and variable extraction

I used the Leica BLK360 G1 TLS scanner in this study, as it is lightweight, fast, and has
been used in previous fuel load prediction studies (Loudermilk et al., 2023; Tenny et al., 2025;
Batista et al., 2025). This single-return scanner uses time-of-flight ranging to visualize the scan
area by emitting discrete light pulses and measuring the time it takes for the pulse to hit a target,
reflect off, and return to the sensor (Stovall and Atkins, 2021). The unit has an 830 nm laser
wavelength, a maximum range of 60 m, covers 360° horizontally and 300° vertically, weighs 1
kg, and has three sampling densities: low, medium, and high. I used the medium sampling
density with non-HDR imaging, which has an image resolution of 10 mm at 10 m, and a scan

time of less than three minutes.
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Scans were pre-processed using Leica’s Cyclone 360 software by orienting them to face
North, downloading them as both PTX and LAS point cloud files, and then clipping them to a
3.5 m radius. Next, [ developed two distinct workflows to extract predictor variables. Variables
were chosen based on previous literature (Atkins et al., 2025; Loudermilk et al., 2023) and
grouped into three categories: occupied space, which includes occlusion, empty space, and plant
area density variables; point distribution, which includes point height, volume, and orientation
variables; and eigenfeatures, which summarize eigen decomposition variables for point cloud
data. Occupied space variables were calculated in workflow 1 (Fig. 2.4) using Python (Python
Software Foundation, https://www.python.org) and PTX files. Point distribution and eigenfeature
variables were calculated in workflow 2 (Fig. 2.4) using R (R Core Team 2025) and LAS files.
Descriptions of all 166 predictor variables and the packages used to extract them are available in

Appendix 1.
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Fig. 2.4. Diagrams of the processing chains for: (a) extracting occupied space metrics with the
Voxelmon package using workflow 1; and (b) extracting point distribution and eigenfeature
variables using workflow 2.

Workflow 1 utilized the Voxelmon package (Tenny et al., 2025) to estimate occlusion,

empty space, and plant area density (PAD) using ray tracing and a digital terrain raster. The ray
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tracing process was facilitated by using point clouds from non-normalized PTX files, which
maintain the organization of laser pulses along vertical scan lines. First, I voxelated the point
cloud to a 5 cm resolution, then traced rays to determine the number of pulses directed at,
intercepted by, and transmitted through each voxel in a 3.5 m radius around the scan location.
Occlusion was calculated as 1 minus the number of pulses entering a voxel divided by the
number of pulses directed at it (Tenny et al., 2025). Then, voxels with internal occlusion greater
than 80% were classified as occluded. PAD was calculated for each voxel using the Beer—
Lambert Law and the ratio of the number of pulses entering the voxel to the number transmitted
through the voxel (Tenny et al., 2025). Empty space was calculated as voxels where no rays were
intercepted. After quantifying occupied space variables, I created two distinct CSV files: one
containing the XYZ coordinates of each point in the point cloud, and another containing
occlusion, empty space, PAD, and voxel coordinates. Next, the area bounded by the reflective
posts was extracted from the XYZ coordinate files using CloudCompare and saved as a LAS file.
To isolate occupied-space variables within the clip-plot, I matched the clip-plot LAS file
coordinates to the voxel coordinates from the occlusion and PAD CSV files and removed all
voxels above 2 m. Due to the nature of the PTX files and the Voxelmon process, lingering points
from reflective posts could not be removed. Their impact on occupied space metrics was likely
marginal, as the reflective post diameter (0.6 cm) was small relative to the 5 cm voxel size.
Finally, I divided the clip-plot into four height bins (0-25 cm, 25-50 cm, 50-100 cm, and 100-200
cm) and calculated the mean, standard deviation, kurtosis, and skew of occlusion, empty space,
and PAD for each height bin and for the entire clip-plot area.

In workflow 2, clip-plots were isolated using the /idR (v4.1.2; Roussel et al., 2020) and

spanner packages (Sanchez Meador and Donager, 2024). LAS files were pre-processed by first
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classifying ground points using the cloth-simulation filter developed by Zhang et al. (2016), then
heights were normalized with a triangular irregular network algorithm. Next, noise points were
classified as those with fewer than 1 neighbor within a 0.05 m radius. Finally, all noise points
and points above 2 m were removed from the point cloud. After pre-processing, the clip-plot area
was isolated by extracting the region bounded by the reflective posts using CloudCompare. To
avoid skewed point height metrics, lingering reflector points were removed with an automated
filter using eigenfeatures from the spanner package. Based on visual inspections, the product of
PCA1, Verticality, and Planarity exceeded 0.90 for reflector points but remained lower for
biomass points. All points above this threshold were removed, leaving a point cloud only
representing the in-situ clip-plot area (Fig. 2.5). After cleaning, the point cloud was decimated to
5 points per 5 cm? and used to calculate point distribution and eigenfeature metrics with the
following packages: lidR, alphashape3d (Lafarge and Pateiro-Lopez, 2023), rLiDAR (Silva et al.,
2025), and spanner. Any variables with NA values or zero variance were removed from the

predictor list.

Fig. 2.5. Example of a fully processed point cloud depicting the clip-plot area before destructive
sampling.
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2.2.4 Variable selection and model development

To predict surface fuel loads, I used random forest (Breiman, 2001), elastic net (Zou and
Hastie, 2005), and multiple linear regression via leaps and bounds selection (Furnival and
Wilson, 1974). In total, I developed 15 models, one for each fuel component (Table 2.1), using
each modeling approach. All models used 10-repeat 5-fold cross-validation to achieve an 80/20
split, with 80% of the data used for training and 20% for testing.

Random forest regression modeling is a common non-parametric machine learning
approach that uses decision trees trained on random subsets of the data to identify the best-
predicting subset of variables (Breiman, 2001). I selected this approach because it can find
statistical relationships in datasets with high multicollinearity, a small number of observations,
and a large number of predictors, making it well-suited for LIDAR data. To reduce the risk of
overfitting, I performed variable selection using the Boruta feature selection tool from the boruta
package (Witolda and Rudnicki, 2010). Boruta performs variable selection by developing
“shadows” of the original variable with randomly mixed values, thus removing any correlation
with the response variable while maintaining the original distribution. It then compares each
original variable with its shadow using a z-score and retains the variable only when it shows a
stronger relationship with the response (Witolda and Rudnicki, 2010), effectively removing
irrelevant predictors. Boruta selection was implemented before cross-validation. Only the
variables that were selected by Boruta were used to construct the training and testing datasets
within the cross-validation scheme. After variable selection, I tuned the mtry parameter (which
controls the number of predictors assessed at each tree) on training data using a 3-fold cross-
validation scheme nested within the 10-repeat 5-fold scheme. I selected the mtry that yielded the

lowest root-mean-square error (RMSE) and ran the final training model using the tuned mtry and
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the randomForest function from the randomForest package (Liaw and Wiener, 2024). Model
performance was assessed for each cross-validation run using the testing dataset and the predict
function from the stats package (R Core Team, 2025).

Elastic net regression is a penalization model that combines attributes from lasso (L1-
penalization) and ridge regression (L2-penalization) through regularization. Both L1- and L2-
penalization punish model complexity by applying a penalization parameter (1) to each
coefficient. L1-penalization applies A to the sum of the absolute values of the coefficients, which
can shrink some coefficients exactly to zero and therefore performs variable selection
(Tibshirani, 1996). L2-penalization applies A to the sum of squared coefficient values, shrinking
coefficients toward zero but never eliminating them (Hoerl and Kennard, 1970). By including
both penalization approaches via the a parameter (the ratio of L1- to L2-penalization), Elastic net
regression can produce a parsimonious model that is robust to multicollinearity and useful in
high-dimensional datasets (Zou and Hastie, 2005). To implement elastic net regression, I first
identified the optimal o and A for each repeat using a 3-fold cross-validation scheme nested
within the 10-repeat 5-fold scheme. I assessed 11 potential a values between 0 and 1 (where 0
uses only L2-penalization and 1 uses only L1-penalization) and 100 potential A values between
0.01 and 300. The best parameter combination was identified as the one that produced the lowest
RMSE for each repeat. Then, I applied the optimal o and A parameters to a final training model
using the glmnet function from the glmnet package (Friedman et al., 2010). Finally, model
performance was assessed for each cross-validation run using the testing dataset and the predict
function from the stats package.

Leaps and bounds is a variable selection method designed to build linear regression

models from datasets with relatively high dimensionality. This method was originally developed
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for forestry and has been used in previous surface fuel prediction studies (Loudermilk et al.,
2023). Leaps and bounds uses a branch-and-bound algorithm to search for all possible predictor
subsets, then prunes combinations that will not outperform the current best model. The user can
improve parsimony by choosing the maximum subset of predictors considered in a model.
Because computation time increases substantially with the number of predictors, I reduced the
predictor set before cross-validation by selecting the 30 variables that exhibited the strongest
correlations with each fuel component. Then, at each cross-validation repeat, exhaustive variable
selection was performed using the regsubset function from the leaps package (Miller, 2024) with
a maximum subset size of 6. This subset size has been shown to produce accurate predictions and
maintain computational efficiency (Loudermilk et al., 2023). Next, I selected the model with the
lowest Schwarz information criterion (Schwarz, 1978) and applied it to a linear regression model
using the training data and the Im function from the stats package. Finally, model performance
was assessed for each cross-validation run using the testing dataset and the predict function from
the stats package.
2.2.5 Data analysis

The predictive performance of each model was assessed using the mean cross-validated
coefficient of determination (R?), root mean square error (RMSE), normalized root mean square
error (NRMSE), and bias, calculated with testing data from each cross-validation run using
equations 2-5

Residual Sum of Squares

Equation 2: R? = 1 —
quation Total Sum of Squares

Equation 3: RMSE =

n N2
\/Zi=1(yl YL)
n

RMSE
Equation 4: NRMSE = T
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Equation 5: Bias = mean(y; — ¥;)
where y; = observed mass, ¥ = mean observed mass, §; = predicted mass, and n = the number of
observations. Residuals were calculated using the testing dataset and the predict function from
the stats package. Predictive performance was compared across modeling approaches, with the
lowest NRMSE indicating the best model. Finally, variable importance and coefficient
magnitude were evaluated at each cross-validation run. Since random forest and elastic net can
theoretically select the entire predictor set, only the 10 most important or largest coefficient
magnitude variables were extracted from each run. Since leaps and bounds can only select a
maximum of 6 variables, all variables in each model were extracted. I then summarized the

selected variables and reported those used in at least 75% of cross-validation runs.

2.3 Results

2.3.1 Surface fuel characteristics

On average, fine dead surface fuels comprised the largest percent of total loading (57%),
followed by large-diameter DDW fuels (22%), live woody fuels (17%), and herbaceous fuels
(4%). All surface fuel components exhibited high inter- and intra-site variability with large
standard deviations (SD) and coefficients of variation (CV) ranging from 59% to 457% (Table
2.2). The large-diameter DDW component exhibited the greatest variability and had outliers that
exceeded the mean by nearly 10 standard deviations. The fine dead surface fuel component
showed the smallest variability and was the only component with a CV less than 100%.
Table 2.2. Summary statistics describing the minimum (min), mean, median, maximum (max),

standard deviation (SD), and coefficient of variation (CV) of destructively sampled surface fuel
loads.

Fine dead Large-
Statistic surface diameter
fuels DDW fuels
Min (kg m?) 0.05 0.00 0.00 0.00 0.12

Herbaceous Live woody Total surface
fuels fuels fuels
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Mean (kg m?) 0.82 1.08 0.03 0.43 2.38

Median (kg m?)  0.73 0.17 0.01 0.08 1.38

Max (kg m) 2.15 46.71 0.22 8.29 47.17
SD (kg m?) 0.49 4.95 0.05 1.11 5.06
CV (%) 59 457 144 260 213

2.3.2 Predictive performance

I found large errors (NRMSE = 60%-548%) and low variance explained (R*> =-11.16-
0.37) across modeling approaches and fuel components, but the best-performing models (lowest
NRMSE) for each component produced unbiased predictions (Table 2.3). Fine dead surface fuel
predictions had the smallest NRMSE (60%-62%), followed by herbaceous fuels (110%-125%),
total surface fuels (155%-202%), live woody fuels (205%-292%), and large-diameter DDW fuels
(315%-548%). Predictive accuracy was inconsistent between cross-validation runs, with
NRMSE standard deviations ranging from 7% for fine dead surface fuels to 410% for large-
diameter DDW. Negative R? values were observed for fine dead surface fuels, large-diameter
DDW fuels, live woody fuels, and total surface fuel models (R? = -11.16 to -0.05), whereas the
herbaceous fuel models showed moderate positive R? values between 0.20 and 0.37.

The elastic net model produced the lowest NRMSEs for fine dead surface fuels, large-
diameter DDW fuels, live woody fuels, and total surface fuels and showed a smaller range of
standard deviations across these components (7%-99%) than random forest (8%-287%) or leaps
and bounds (8%-410%). Depending on the component, elastic net models achieved NRMSEs
that were 0.4% to 95% lower than random forest models and 2% to 233% lower than leaps and
bounds models. However, for herbaceous fuels, the random forest model produced NRMSEs that
were 14% and 15% lower than the elastic net and leaps and bounds models, respectively.

Table 2.3. Performance metrics for predictions of fine dead surface fuels, large-diameter DDW
fuels, herbaceous fuels, live woody fuels, and total surface fuels using random forest, elastic net,

and leaps and bounds models. Metrics include the mean + standard deviation for R?, root mean
square error (RMSE), normalized root mean square error (NRMSE), and bias calculated from
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each cross-validation run using 20% of data withheld from model development. A bolded
NRMSE denotes the best-performing model.

Random forest

R? RMSE (kg m™) NRMSE (%) Bias (kg m?)
Fine dead surface
fuels -0.08 £0.23 0.49 +0.05 60.2 +£8.3 0.00+0.10
Large-diameter DDW  -4.98 + 12.59 3.89 £2.51 409.8 +287.3 0.06 + 0.88
Herbaceous 0.37+£0.23 0.04 £0.01 110.3 + 25.7 0.00 £ 0.01
Live woody -2.37+7.76 0.98 + 0.46 2499 + 124.2 -0.02 +0.30
Total -1.63 +3.73 4.20 +2.48 169.4 +75.1 0.02 +0.96
Elastic net
R? RMSE (kg m?) NRMSE (%) Bias kg m™)
Fine dead surface
fuels -0.05 £0.09 0.49 +0.05 59.8 £6.9 0.00+0.10
Large-diameter DDW  -1.08 + 2.53 3.75+£3.27 314.7 £ 99.2 -0.01 £0.95
Herbaceous 0.22+£0.23 0.04 £0.01 124.0 + 28.58 0.00 £ 0.01
Live woody -0.61 £2.75 0.89 +0.56 204.9 £ 71.7 0.00 £0.28
Total -0.44 +0.90 4.10+2.97 154.6 + 66.6 0.00 +1.02
Leaps and bounds
R? RMSE (kgm?)  NRMSE (%)  Bias (kg m?)
Fine dead surface
fuels -0.12+0.18 0.50 = 0.06 61.6+£8.2 0.01 £0.10
Large-diameter DDW  -11.16 £ 31.48 4.75+2.70 548.1 £410.0 -0.13 £ 1.11
Herbaceous 0.20 = 0.26 0.04 £0.01 125.1 £29.2 0.00 £ 0.01
Live woody -3.58 £9.18 1.11 £0.45 2924+ 131.2 -0.02 +£0.33
Total -3.28 £8.79 4.88 +£2.66 201.6 £97.8 -0.15+1.15

2.3.3 Variable selection

The three modeling approaches used similar predictor categories but selected different

variables for each surface fuel component. Variables from the point distribution category were

commonly selected for all components; however, eigenfeatures were also used in the herbaceous

and fine dead surface fuel models, and occupied space metrics were used in some live woody

fuel models. The herbaceous models showed the greatest consistency in variable selection, as this

was the only fuel component for which all three models identified the same predictor (mean

intensity) as important. Random forest models tended to select uniform predictor sets across

repeats and selected more eigenfeatures, whereas elastic net and leaps and bounds preferred point

54



distribution variables and sometimes failed to select the same predictors across 75% of cross-

validation runs (Fig. 2.6).
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Fig. 2.6. Box and whisker plots displaying the cross-validated variable importance for random
forest models and coefficient magnitudes for elastic net and leaps and bounds models when
predicting fine dead surface fuels, large-diameter DDW fuels, herbaceous fuels, live woody
fuels, and total surface fuels. Only variables selected in at least 75% of cross-validation runs
were included. Empty plots for elastic net and leaps and bounds show that no variable was
selected in at least 75% of runs.

2.4 Discussion

The objective of this study was to develop single-scan TLS-based predictive models for
fine-scale surface fuel loads in Front Range dry conifer forests, then assess their accuracy, bias,
and explanatory power. My results indicate that TLS-based models developed using high-,

medium-, and low-complexity approaches can produce unbiased predictions; however, predictive
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accuracy (NRMSE = 60%-548%) and explanatory power (R? = -11.16-0.37) varied across fuel
components, modeling approaches, and cross-validation runs. Overall, TLS-based models
produced relatively large errors (> 60%) when predicting fine-scale fuel loading in Front Range
dry conifer forests, highlighting the need for additional methods to improve accuracy.

My best-performing models (NRMSE = 60%-315%) showed errors that resemble those
from other Southwestern United States TLS studies examining a mixture of forest structures, but
are larger than the errors observed in managed or even-aged ecosystems. Compared to my
results, Batista et al. (2025) observed similarly large errors in a variety of mixed-conifer forests
in Utah and Arizona, reporting NRMSEs ranging from 122-157% for fine dead surface fuels, 84-
148% for large-diameter DDW, and 190-132% for live fuels. However, Loudermilk et al. (2023)
observed smaller errors in longleaf pine (Pinus palustris Mill.) forests managed with prescribed
fire every 3-5 years, reporting NRMSEs of 22% for fine fuels and 83% for large-diameter DDW
fuels. Likewise, when investigating pure, even-aged radiata pine (Pinus radiata D. Don) and
maritime pine (Pinus pinaster Aid.) forests, Alonso-Rego et al. (2021) observed 11% and 97%
NRMSE:s for litter/duff and DDW fuels, respectively. The larger errors observed in Southwestern
forests may stem from the high surface fuel spatial heterogeneity (Vakili et al., 2016) produced
by fire exclusion and diverse stand structures, especially when compared with the more
homogeneous fine dead surface fuels found in even-aged or frequently burned forests (Prichard
etal., 2025). Such heterogeneity can introduce noise into the reference datasets, leading to
overfitting and less stable predictions. For example, when comparing fine-fuels, I observed a
coefficient of variation (CV) and NRMSE approximately two times greater than those reported
by Loudermilk et al. (2023) and four times greater than those from Alonso-Rego et al. (2021).

Additionally, both these studies and mine reported the largest CVs and NRMSEs when
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examining large-diameter DDW components. However, I observed CV and NRMSE magnitudes
that were three times greater than those from Loudermilk et al. (2023) or Alonso-Rego et al.
(2021). This indicates that variability in surface fuel loads can frustrate single-scan TLS
predictions and suggests that current single-scan TLS methods may provide the greatest accuracy
in forests with relatively homogeneous surface fuel loads.

Other attempts to predict fine-scale surface fuel loads in Southwestern forests using
spatial interpolation models, aerial laser scanning (ALS), and mobile laser scanning (MLS)
reported similar errors to TLS methods. Relative to my models, spatial interpolation models
developed for Front Range dry conifer forests showed only marginal improvements for fine dead
surface fuels and large-diameter DDW fuels (MAPE = 45%-143%), despite having 429 field
samples (Hoffman et al., 2023). Similarly, Bright et al. (2017) reported NRMSEs of 39% for
litter and duff and 80%-99% for DDW when assessing ALS methods in Front Range lodgepole
pine-dominated (Pinus contorta Douglas ex Loudon) forests affected by bark beetles. When
assessing MLS methods, Batista et al. (2025) reported larger errors than my study for fine dead
surface fuels and herbaceous fuels (NRMSE = 126%-197%) but smaller errors for large-diameter
DDW and live woody fuels (NRMSE = 94%-150%). Taken as a whole, these studies suggest that
error magnitude is influenced by spatial variability, complexity in fuel component size, and the
proximity of surface fuels to the ground. They also indicated that future research should include
repeat measurements, combine remote sensing approaches, and assess more diverse predictor
sets. Although these are not an exhaustive list of studies seeking to predict fine-scale surface fuel
loads, their comparison demonstrates that surface fuels are challenging to predict with high

levels of accuracy across ecosystems and methodologies.
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When comparing predictions across a gradient of model complexities, I found that more
complex models produced the lowest errors and were more stable in variable selection during
cross-validation, although predictive relationships between TLS data and surface fuel loads were
weak (R? =-11.16-0.37) for all models. Negative R? values arose when the sum of squared errors
for each testing set exceeded the total sum of squares. In these cases, model predictions were
worse than simply using the mean. This, along with large NRMSE standard deviations (7%-
410%), highlights the variability in predictive performance across cross-validation runs and
indicates high sensitivity of predictions to the specific train/test split. Under these conditions, the
lowest errors were observed in the elastic net approach, because their regularization techniques
produced “null” (intercept-only) models when no meaningful relationship existed. Null models
are indicative of weak relationships between predictor and response variables but help avoid
overfitting (a common problem for random forest and leaps and bounds models) and improve
overall accuracy. For example, when predicting large-diameter DDW fuels, 58% of elastic net
models were null, and NRMSE was 95% smaller than that of random forest. However, when
predicting fine dead surface fuels, only 4% of elastic net models were null, and differences in
NRMSE between approaches were less than 2%. When models had meaningful explanatory
power (i.e., R > 0.0), random forest produced the lowest errors. In addition, random forest
models were only slightly less accurate than elastic net for most fuel components and offer
greater potential for transferability to other ecosystems because it always produces a full model
(though transferability requires empirical validation). Given the low accuracy of the modeling
approaches assessed in this study, future work should investigate deep learning models such as
convolutional neural networks. These models can make predictions using raw point cloud data

rather than aggregated metrics or summary statistics and have been shown to produce more
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accurate aboveground biomass predictions than random forest or linear modeling approaches
when the sample size is sufficiently large (Schéfer et al., 2024). However, they can be
computationally intensive, difficult to train on small datasets, and have yet to be investigated for
fine-scale surface fuel predictions. Therefore, future work should evaluate a suite of complex
modeling approaches and consider deep learning models when adequate sample sizes can be
obtained.

This study may have been limited by spatial variability, plot size, sampling intensity,
occlusion, and the absence of spectral or environmental predictors. Previous studies have
indicated that high spatial variability in surface fuel loads contributes to estimation errors
(Batista et al., 2025; Bright et al., 2017; Sikkink and Keane, 2008). To reduce variability, I
selected a small plot size (0.25 m?) for the three-dimensional clip-plots. However, this may have
contributed to variance in the reference dataset because samples were collected at too fine a scale
to effectively capture the variability in highly spatially aggregated fuels like large-diameter
DDW. Considering the small plot size, accuracy may also be improved by increasing the
sampling intensity and thus assessing a greater range of fuel loads and fuel component
arrangements within the plots. Three-dimensional clip-plots were also prone to occlusion, which
obscured substantial portions of biomass and caused plots with distinct fuel loads to appear
similar in TLS data. For example, live woody stems were easily occluded by their own foliage,
and litter beds with varying depths often appeared identical in point cloud data (Fig. 2.7).
Occlusion may have been especially problematic for the plot size used in this study because
small vegetation structures could obscure a significant proportion of the surface fuelbed, skewing
structural point cloud metrics. Although multiple TLS scans or MLS approaches can reduce

occlusion, accuracy improvements are not guaranteed. For example, Tenny et al. (2025) reported
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a 19% reduction in occlusion using multiple scans but only small improvements in predictive
accuracy, and Batista et al. (2025) found no meaningful difference between MLS and single-scan
TLS predictions. Because occlusion will likely remain a persistent challenge, future studies
should explore non-structural parameters (like intensity and spectral variables) more thoroughly
and include environmental predictors. Incorporating spectral data may increase accuracy by
explaining vegetation properties unique to each fuel component, like morphology, functional
groups, and live/dead status (Atkins et al., 2025; de Almeida et al., 2019). For instance, when
using ALS data, Estornell et al. (2012) reported the greatest accuracy predictions for shrub
biomass using a combination of structural and spectral data rather than structural data alone, and
Swayze et al. (2022) found similar improvements when predicting above ground biomass with a
combination of spectral and structural variables from UAS structure from motion point clouds.
Additionally, environmental covariates like canopy cover, proximity to tree bole, basal area,
aspect, and slope have been shown to predict surface fuels (Hall et al., 2006; Prichard et al.,
2025; Hoffman et al., 2023). These variables can all be derived from LiDAR data and may be
more resilient to occlusion as they do not require fine-scale visualizations of the surface fuelbed.
Finally, future research should investigate the correlation between TLS data and fuel loads from
other sampling methods (e.g., planar-intercepts or photoloads). These methods are less accurate
than destructive sampling, but may be more easily predicted with TLS data, as they generally use

a larger plot size and are more convenient to sample at high intensities.
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Fig. 2.7. Comparison of visually similar clip-plot point clouds with different fuel loads. Clip-
plots (a) and (b) both depict live woody fuels, but clip plot (b) has a fuel load 5x greater than that
of (a). Clip-plots (c) and (d) both depict fine dead surface fuels, but clip plot (d) has a fuel load
5x greater than that of (¢).

Although my results showed low predictive accuracy in Front Range dry conifer forests,
in other regions, ground-based LiDAR data have high potential for reconstructing the fine-scale
architecture of surface fuelbeds (Loudermilk et al., 2009) and should continue to be evaluated in
predictive models. Future studies in the Southwestern United States should investigate TLS-
based surface fuel predictions in ecosystems like lodgepole pine forests or sagebrush steppe,
which have increasingly active fire regimes and surface fuel beds that are distinct from dry
conifer forests (Keane et al., 2012). Additionally, studies should investigate the potential benefits
of including spectral and environmental predictor variables and using machine learning models.
Finally, future research should continue testing TLS-based assessments of ecological metrics

beyond fuel loads. For example, previous studies have shown TLS to be a versatile inventory
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tool capable of accurately estimating wildlife habitat quality metrics like understory cover and
plant volume (Batchelor et al., 2023; Olsoy et al., 2017). Therefore, continued research across a
broad range of ecosystems and ecological metrics is needed to identify the conditions that

facilitate accurate TLS-based predictions.

2.5 Conclusions

In this study, I developed and evaluated the accuracy, bias, and explanatory power of
single-scan TLS-based predictive models for fine-scale surface fuel loads in Front Range dry
conifer forests. Predictions from random forest, elastic net, and leaps and bounds models were
relatively unbiased but showed large errors (NRMSE = 60%—-548%) and low explanatory power
(R? =-11.16-0.37) for all surface fuel components. Despite these limitations, current TLS
methods may still serve as a useful inventory tool in Front Range forests. Previous research in
Southwestern forests has shown that TLS can accurately estimate overstory structure and canopy
fuel parameters such as diameter at breast height, height, canopy base height, tree density,
canopy fuel load, and canopy bulk density (Donager et al., 2018; Donager et al., 2021; Tenny et
al., 2025; Batista et al., 2025). This may support a two-pronged inventory approach in which
time-intensive canopy measurements are obtained with TLS data, while traditional field methods
are used for less intensive surface fuel sampling. Such an approach would provide a bridge
between traditional and TLS-based inventories until a time when TLS methods can accurately
estimate surface fuel loads. Improvements in predictive accuracy may come from incorporating
additional environmental or spectral predictors, evaluating larger plot sizes and sampling
intensities, and investigating more advanced modeling approaches such as deep learning

methods.
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APPENDIX

Appendix 1. Information regarding the functions that were used to extract the 166 TLS metrics
for surface fuel load predictive models.

Metric . Clip plot . oo
identifier Description extent Language | Package | Function Citation
PC Density m Pomt C.IOUd Full clip Custom | Custom
- - Density R . . NA
3 (m?) plot area function | function
Convex Full clip . chullLiD | Silva et al.
cHull_vol | 1y 11 volume | plot area R TLDAR |\ p3pg | 2021
Lafarge and
Alpha shape | Full clip alphasha | volume a Pateiro-
Alpha_Vol_m3 volume plot area R pe3d shape3d Lopez
(2023)
horizontalRum Surface Full clip lidRmetr | metrics r | Tompalski
pel roughness plot area R ics umple(_) (2025)
(horizontal)
Mean voxel | Full clip . stdmetric | Roussel et
mean_vox_ht height plot area R lidR s() al. (2020)
Standard . :
sd_vox_ht deviation of Fluol tl ;ig; R lidR Stdt;l(f):tl‘l(: 1:10 125063(;3;
voxel height P :
Highest Full clip . stdmetric | Roussel et
Zmax point plot area R lidR s() al. (2020)
Meap of Full clip . stdmetric | Roussel et
Zmean point lot area R lidR s() al. (2020)
heights P ]
Standard
deviation of | Full clip . stdmetric | Roussel et
zsd point plot area R lidR s() al. (2020)
heights
SkeW of Full clip . stdmetric | Roussel et
zskew point lot area R lidR s() al. (2020)
heights P ]
Kruto'51s of Full clip . stdmetric | Roussel et
Zkurt point lot area R lidR s() al. (2020)
heights P ]
Proportion
of points . .
pzabovezmean | above the Full clip R lidR stdmetric | Roussel et
. plot area s() al. (2020)
mean point
height
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Sth quantile

2q5 of height Fluoltl :rlg; lidR Stdrfgm" Ia{logj)ezloe)t
distribution | P '
10th
quantile of | Full clip . stdmetric | Roussel et
2q10 height | plot arca lidR $0) al. (2020)
distribution
15th
quantile of | Full clip . stdmetric | Roussel et
zq15 height | plot arca lidR $0) al. (2020)
distribution
20th
quantile of | Full clip . stdmetric | Roussel et
2420 height plot area lidR s() al. (2020)
distribution
25th
quantile of | Full clip . stdmetric | Roussel et
2425 height plot area lidR s() al. (2020)
distribution
30th
quantile of | Full clip . stdmetric | Roussel et
2430 height plot area lidR s() al. (2020)
distribution
35th
quantile of | Full clip . stdmetric | Roussel et
7433 height plot area lidR s() al. (2020)
distribution
40th
quantile of | Full clip . stdmetric | Roussel et
2q40 height plot area lidR s() al. (2020)
distribution
45th
quantile of | Full clip . stdmetric | Roussel et
2445 height plot area lidR s() al. (2020)
distribution
50th
quantile of | Full clip . stdmetric | Roussel et
2430 height plot area lidR s() al. (2020)
distribution
55th
quantile of | Full clip . stdmetric | Roussel et
2433 height plot area lidR s() al. (2020)
distribution
60th Full clip . stdmetric | Roussel et
2460 quantile of | plot area lidR s() al. (2020)
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height

distribution
65th
quantile of | Full clip . stdmetric | Roussel et
2465 height | plot area lidR s0) al. (2020)
distribution
70th
quantile of | Full clip . stdmetric | Roussel et
2q70 height | plot area lidR s0) al. (2020)
distribution
75th
quantile of | Full clip . stdmetric | Roussel et
2q75 height plot area lidR s() al. (2020)
distribution
80th
quantile of | Full clip . stdmetric | Roussel et
2480 height plot area lidR s() al. (2020)
distribution
85th
quantile of | Full clip . stdmetric | Roussel et
2485 height plot area lidR s() al. (2020)
distribution
90th
quantile of | Full clip . stdmetric | Roussel et
2490 height | plot arca lidR 50 al. (2020)
distribution
95th
quantile of | Full clip . stdmetric | Roussel et
2493 height | plot arca lidR 50 al. (2020)
distribution
Cumulative
percentage . .
zpouml of points in Full clip lidR stdmetric | Roussel et
the 1st plot area s() al. (2020)
height layer
Cumulative
percentage . .
Zpoum? of points in Full clip lidR stdmetric | Roussel et
the Ind plot area s() al. (2020)
height layer
Cumulative
percentage . .
zpcum3 of points in Flu ltl crhp lidR StdetrIC Rlo lgigoe)t
the 3rd plot area S al.
height layer
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Cumulative
percentage

zpoumd of points in Full clip lidR stdmetric | Roussel et
the 4th plot area s() al. (2020)
height layer
Cumulative
percentage . .
zpoums5 of points in Full clip lidR stdmetric | Roussel et
the 5th plot area s() al. (2020)
height layer
Cumulative
percentage . .
Zpoumé of points in Full clip lidR stdmetric | Roussel et
the 6th plot area s() al. (2020)
height layer
Cumulative
percentage . .
zpeum? of points in Full clip lidR stdmetric | Roussel et
the 7th plot area s() al. (2020)
height layer
Cumulative
percentage . .
Zpeums of points in Full clip lidR stdmetric | Roussel et
the 8th plot area s() al. (2020)
height layer
Cumulative
percentage . )
Zpeumd of points in Full clip lidR stdmetric | Roussel et
the Oth plot area s() al. (2020)
height layer
Sum of
. intensities | Full clip . stdmetric | Roussel et
ttot for each plot area lidR s() al. (2020)
return
imax Maximum | Full clip lidR stdmetric | Roussel et
intensity plot area s() al. (2020)
imean Mean Full clip lidR stdmetric | Roussel et
intensity plot area s() al. (2020)
Standard . .
isd deviation of Full clip lidR stdmetric | Roussel et
intensity plot area s() al. (2020)
Skewness of . .
iskew intensity Full clip lidR stdmetric | Roussel et
distribution plot area s() al. (2020)
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ikurt

Kurtosis of
intensity
distribution

Full clip
plot area

lidR

stdmetric

s()

Roussel et
al. (2020)

ipground

Percentage
of intensity
returned by
points
classified as
"ground"

Full clip
plot area

lidR

stdmetric

5()

Roussel et
al. (2020)

ipcumzq10

Percentage
of intensity
returned
below the
10th percent
ile of height

Full clip
plot area

lidR

stdmetric

5()

Roussel et
al. (2020)

ipcumzq30

Percentage
of intensity
returned
below the
30th percent
ile of height

Full clip
plot area

lidR

stdmetric

5()

Roussel et
al. (2020)

ipcumzq50

Percentage
of intensity
returned
below the
50th percent
ile of height

Full clip
plot area

lidR

stdmetric

5()

Roussel et
al. (2020)

ipcumzq70

Percentage
of intensity
returned
below the
70th percent
ile of height

Full clip
plot area

lidR

stdmetric

5()

Roussel et
al. (2020)

ipcumzq90

Percentage
of intensity
returned
below the
90th percent
ile of height

Full clip
plot area

lidR

stdmetric

5()

Roussel et
al. (2020)

pground

Percentage
of returns
classified as
"ground"

Full clip
plot area

lidR

stdmetric

s(O)

Roussel et
al. (2020)

Number of
points

Full clip
plot area

lidR

stdmetric

50)

Roussel et
al. (2020)
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area

Area of the
point cloud

Full clip
plot area

lidR

stdmetric

5O

Roussel et
al. (2020)

Percent.Below.

10th.Quantile

Percent of
points
below the
10th
Quantile

Full clip
plot area

lidR

stdmetric

5()

Roussel et
al. (2020)

Percent.Below.

20th.Quantile

Percent of
points
below the
20th
Quantile

Full clip
plot area

lidR

stdmetric

s()

Roussel et
al. (2020)

Percent.Below.

30th.Quantile

Percent of
points
below the
30th
Quantile

Full clip
plot area

lidR

stdmetric

5()

Roussel et
al. (2020)

Percent.Below.

40th.Quantile

Percent of
points
below the

40th
Quantile

Full clip
plot area

lidR

stdmetric

s()

Roussel et
al. (2020)

Percent.Below.

50th.Quantile

Percent of
points
below the
50th
Quantile

Full clip
plot area

lidR

stdmetric

s(O)

Roussel et
al. (2020)

Percent.Below.

60th.Quantile

Percent of
points
below the
60th
Quantile

Full clip
plot area

lidR

stdmetric

5()

Roussel et
al. (2020)

Percent.Below.

70th.Quantile

Percent of
points
below the
70th
Quantile

Full clip
plot area

lidR

stdmetric

s()

Roussel et
al. (2020)

Percent.Below.

80th.Quantile

Percent of
points
below the
80th
Quantile

Full clip
plot area

lidR

stdmetric

s(O)

Roussel et
al. (2020)

Percent.Below.

90th.Quantile

Percent of
points
below the

Full clip
plot area

lidR

stdmetric

s(O)

Roussel et
al. (2020)
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90th

Quantile
Percent of
100th.Percent. points Full clip . stdmetric | Roussel et
Quantile below the plot area lidR s() al. (2020)
100th
Quantile
Percent of height
PC Strata 0.0 | points in the strata Custom | Custom NA
0.0.25 height strata | 0.00-0.25 function | function
0.00-0.25 m m
Percent of height
PC Strata 0.2 | points in the strata Custom | Custom NA
5.0.50 height strata | 0.25-0.50 function | function
0.25-0.50 m m
Percent of height
PC Strata 0.5 | points in the strata Custom | Custom NA
0.1.00 height strata | .50-1.00 function | function
0.50-1.00 m m
Percent of height
PC Strata 1.0 | points in the strata Custom | Custom NA
0.2.00 height strata | 1.00-2.00 function | function
1.00-2.00 m m
. Minimum Full clip lidRmetr | metrics 1 | Tompalski
lad_min leaf area plot area ics ad() - (2025)
index
Maximum Full clip lidRmetr | metrics 1 | Tompalski
lad_max leaf area lot area ics ad() - (2025)
index P
lad mean Mean leaf | Full clip lidRmetr | metrics 1 | Tompalski
- area index | plot area ics ad() (2025)
lad sum sum of leaf | Full clip lidRmetr | metrics 1 | Tompalski
- area index | plot area ics ad() (2025)
Total Full clip lidRmetr | metrics v | Tompalski
vn number of .
plot area ics oxels() (2025)
voxels
Ratio of
VFRall filled to Full clip lidRmetr | metrics v | Tompalski
empty plot area ics oxels() (2025)
voxels
Ration of
filled to
empt Full cli lidRmetr | metrics v | Tompalski
VERcanopy Voxei yin plot arelzt ics oxels(j (2(%325)
the canopy

only




Vertical

Full clip lidRmetr | metrics v | Tompalski
vzrumple surface .
plot area ics oxels() (2025)
roughness
Voxel
vzsd elevation Full clip lidRmetr | metrics v | Tompalski
standard plot area ics oxels() (2025)
deviation
Voxel
VZev elevation Full clip lidRmetr | metrics v | Tompalski
coefficient | plot area ics oxels() (2025)
of variation
OpenGapSpac | OpenGapSp | Full clip lidRmetr | metrics v | Tompalski
e ace plot area ics oxels() (2025)
. . Full clip lidRmetr | metrics v | Tompalski
Euphotic Euphotic plot area ics oxels() (2025)
. ) . . Full clip lidRmetr | metrics v | Tompalski
Oligophotic Oligophotic plot area ics oxels() (2025)
Mean of the . : Sanchez
. Full clip eigen_me | Meador and
eLargest mean | first eigen Spanner .
value plot area trics() Donager
(2024)
Standard Sanchez
eLareest sd deviation of | Full clip Spanner eigen me | Meador and
gest the first plot area p trics() Donager
eigen value (2024)
Sanchez
eMedium_mea Mean of the Full clip eigen_me | Meador and
second Spanner .
n . plot area trics() Donager
eigen value (2024)
Standard Sanchez
. deviation of | Full clip eigen_me | Meador and
eMedium_sd the second | plot area Spanner trics() Donager
eigen value (2024)
Sanchez
eSmallest mea Mgan O.f the Full clip eigen_me | Meador and
third eigen Spanner .
n aluc plot area trics() Donager
v (2024)
Standard Sanchez
deviation of | Full clip eigen_me | Meador and
eSmallest_sd the third plot area Spanner trics() Donager
eigen value (2024)
Mean of the . . Sanchez
Full clip eigen_me | Meador and
eSum_mean sum of all Spanner .
- . plot area trics() Donager
eigen values (2024)
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Standard

- Sanchez
deviation of . .
Full clip eigen_me | Meador and
eSum_sd the sum of Spanner . =
- : plot area trics() Donager
all eigen
(2024)
values
Mean of Sanchez
Curvature_mea Full clip eigen me | Meador and
- surface Spanner . —
n ariation plot area trics() Donager
M (2024)
Standard Sanchez
deviation of | Full clip eigen me | Meador and
Curvature sd Spanner . —
- surface plot area trics() Donager
variation (2024)
Mean of Sanchez
Omnivariance o Full clip eigen_me | Meador and
— | omnivarianc Spanner .
mean o plot area trics() Donager
(2024)
Standard Sanchez
Omnivariance | deviation of | Full clip eigen_me | Meador and
- o Spanner .~
sd omnivarianc | plot area trics() Donager
e (2024)
Sanchez
Anisotropy_m Mean of Full clip eigen_me | Meador and
. Spanner .
ean anisotropy | plot area trics() Donager
(2024)
Standard . . Sanchez
. - Full clip eigen_me | Meador and
Anisotropy_sd | deviation of Spanner .
anisotropy plot area trics() Donager
(2024)
Mean Sanchez
Eigentropy me Full clip eigen_ me | Meador and
entorpy of Spanner .
an ioen values plot area trics() Donager
cle (2024)
Standard Sanchez
Ficentropy sd deviation Full clip Spanner eigen_me | Meador and
& R entorpy of | plot area p trics() Donager
eigen values (2024)
Sanchez
Linearity mea Mean of Full clip eigen_me | Meador and
. . Spanner .
n linearity plot area trics() Donager
(2024)
Standard . . Sanchez
. . - Full clip eigen_me | Meador and
Linearity sd | deviation of Spanner .
linearity plot area trics() Donager
(2024)
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Sanchez

Verticality me Mean of Full clip Spanner eigen me | Meador and
an verticality | plot area p trics() Donager
(2024)
Standard . ) Sanchez
— - Full clip eigen me | Meador and
Verticality sd | deviation of Spanner .
verticality plot area trics() Donager
(2024)
Sanchez
Planarity mea Mean of Full clip eigen_me | Meador and
- . Spanner . —
n planarity plot area trics() Donager
(2024)
Standard . . Sanchez
) - Full clip eigen_me | Meador and
Planarity sd | deviation of Spanner . —
lanarity plot area trics() Donager
P (2024)
Sanchez
Sphericity me Mean Full clip eigen me | Meador and
- .. Spanner . —
an sphericity | plot area trics() Donager
(2024)
Standard . . Sanchez
.. - Full clip eigen_me | Meador and
Sphericity sd | deviation of Spanner .
sphereicity plot area trics() Donager
p (2024)
Mean of the . ) Sanchez
Full clip eigen_me | Meador and
Nx_mean X normal Spanner .
- vector plot area trics() Donager
(2024)
Standard Sanchez
Nx sd deviation of | Full clip Spanner eigen_me | Meador and
- the x normal | plot area p trics() Donager
vector (2024)
Mean of the . . Sanchez
Full clip eigen_me | Meador and
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