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Project Overview

Estimating canopy volume of shrubs in rangeland ecosystems is important for calculating
shrub biomass, fuel loading, wildlife habitat, site productivity, and ecosystem structure.
Field techniques for biomass estimation, including destructive sampling, ocular
estimates, and allometric techniques, use shrub height and canopy widths to estimate
volume and translate it to biomass. These techniques are time-consuming and pose
challenges, including removal of plant material and training of observers. In this project we
sought to expand techniques and methodologies for estimating canopy volume using two
main techniques: drone imagery and additional allometric equations. First, we used drone
imagery and structure-from-motion photogrammetry to estimate shrub canopy volume for
seven dominant species in southern Idaho, achieving strong correlations with field
measurements (R2 > 0.9 for larger shrubs). These drone-based methods were less time-
consuming, reduced user variability, and was better suited for large-scale applications
compared to traditional techniques, though we did observe slight overestimation of
canopy volume for smaller shrubs (canopy diameter <1 m). We also demonstrated a proof
of concept for automating canopy volume estimates using point-cloud-based automatic
shrub detection algorithms. We suggest that drone-based models provide a suitable
alternative to field methods, while having the added benefit of being less time-consuming,
with fewer limitations, and more easily scaled to larger study areas than traditional field
techniques. Secondly, we sought to expand the availability (species and geographic extent)
of field-derived allometric equations. Allometric equations employ a double sampling
technique, which correlates destructively sampled biomass measurements with field-
measured height and canopy size. We created new allometric equations for eight
shrubland species and span a range of site conditions, we sampled 631 shrubs of eight
species at 13 sites in the Great Basin within the Sagebrush Steppe Treatment Evaluation
Project (SageSTEP) monitoring network. This effort generated both generalized species-
specific and site-specific biomass equations through linear regression models. This dual
modeling approach offers users the flexibility to apply general species relationships or
tailor biomass estimation based on geographical location or species distribution.
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Additionally, our research provides biomass estimates within fuel size classes, enhancing
the utility of these equations for future research and management applications in the Great
Basin (Figure 5). Together, these advancements demonstrate that integrating drone-based

methods with enhanced allometric equations offers robust, efficient, and versatile tools
for monitoring and managing shrub ecosystems.
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Abstract

Shrub volume is used to calculate numerous, essential ecological indicators in rangeland
ecosystems such as biomass, fuel loading, wildlife habitat, site productivity, and ecosystem
structure. Field techniques for biomass estimation, including destructive sampling, ocular
estimates, and allometric techniques use shrub height and canopy widths to estimate volume and
translate it to biomass with species-specific allometric equations. These techniques are time-
consuming, and pose challenges, including removal of plant material and training of observers.
In this project we sought to expand techniques and methodologies for estimating canopy volume
using two main techniques: drone imagery and additional allometric equations. First, we
compared canopy volume estimates from field-based measurements with drone-collected canopy
volume estimates for seven dominant shrub species within mountain big sagebrush (Artemisia
tridentata subsp. vaseyana) plant communities in southern ID, USA. Canopy height and two
perpendicular width measurements were taken from 103 shrubs of varying sizes, and volume was
estimated using a traditional allometric equation. Overlapping aerial images captured with a DJI
Mavic 2 Professional drone were used to create a 3D representation of the study area using
structure-from-motion photogrammetry. Each shrub was extracted from the point cloud, and
volume was estimated using allometric and volumetric methods. The volumetric method, which
involved converting point clouds to raster canopy height models with 2.5 and 5 cm grid cells,
outperformed the allometric method (R2 > 0.7), and was more reproducible and robust to user-
related variability. Drone-estimated volume best matched field-estimated volume (R2 > 0.9) for
three larger species: A. tridentata subsp. tridentata, A. tridentata subsp. vaseyana, and Purshia
tridentata. The volume of smaller shrubs (canopy widths <1 m) was slightly overestimated from
drone-based models. Second, we created new allometric equations for eight shrubland species
and span a range of site conditions using a sample of 631 shrubs of eight species at 13 sites in the
Great Basin within the Sagebrush Steppe Treatment Evaluation Project (SageSTEP) monitoring
network. This effort generated both generalized species-specific and site-specific biomass
equations through linear regression models. This dual modeling approach offers users the
flexibility to apply general species relationships or tailor biomass estimation based on
geographical location or species distribution. Additionally, we provide biomass estimates within
fuel size classes, enhancing the utility of these equations for future research and management
applications in the Great Basin. Our equations are shared as R code and an excel sheet, allowing
users to implement these equations. Our findings from these two experiments demonstrate that
drone-collected images can be used to assess shrub canopy volume for at least five upland
sagebrush steppe shrub species and support the integration of drone data-collection into
rangeland vegetation monitoring. Further, by advancing the availability and precision of
allometric equations for upland shrub species, our study contributes valuable tools for
understanding shrub biomass dynamics in sagebrush shrubland ecosystems.

Objectives
1. Create predictive regression models to determine site- and species-specific shrub
biomass using height and crown measurement from existing SageSTEP data
a. Objective met, results shared during conference presentations and within a
refereed publication:
i. Conference presentation: Harrison GR, Bourne A, Ellsworth LM, Shaff
SE, Hulet A, Strand AK. 2025. Allometric relationships to calculate
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aboveground biomass for eight rangeland shrubs using the SageSTEP
network. Society for Range Management annual meeting, Spokane, WA,
USA.

ii. Refereed publication: Harrison GR, Bourne A, Ellsworth LM, Shaff SE,
Hulet A, Strand EK. Allometric relationships to calculate aboveground
biomass for eight rangeland shrubs using the SageSTEP network. In
Revisions in Rangeland Ecology & Management.

2. Independently validate regression models using double sampling technique to assess
model fit in alternate sites and species
a. Objective not explicitly met. We instead relied on existing field datasets
(objective 1) and proposed alternative methods for calculating shrub canopy
volume using UAVs (objective 2).
3. Assess suitability of surveying shrub volume using an Unmanned Aerial Vehicle (UAV)
compared to in situ measurements for future research and monitoring efforts
a. Objective met, results shared during conference presentations and within a
refereed publication:

i. Conference presentation: Harrison GR, Shrestha A, Karl JW. 2023. Seeing
shrubs from the sky: an exploration of using drone-based methods to
estimate shrub canopy volume. Ecological Society of America annual
meeting (Portland, OR, USA).

ii. Refereed publication: Harrison, G.R., A. Shrestha, E.K. Strand, J.W. Karl.
2024. A comparison and development of methods for estimating shrub
volume using drone-imagery-derived point clouds. Ecosphere, 15(5):
e4877. https://doi.org/10.1002/ecs2.4877

Background

There are numerous techniques used to estimate shrub biomass and fuel loading. Broadly,
these methods are either destructive or non-destructive and can be implemented individually or
through double sampling. Destructive sampling requires shrubs to be cut at the base, dried in a
forced-air oven at 60-70 °C for at least 24-48 hours and weighed (Rittenhouse and Sneva 1977).
Destructive sampling is the most accurate way to measure biomass and does not require
extensive training for observers. However, it is time consuming and laborious, especially if
biomass by fuel size class is required, and can be difficult to implement in remote areas and with
large shrubs.

Non-destructive sampling includes multiple techniques: relative estimates, percent cover
translation, and allometric relationships. Relative estimates involve weighing representative units
of a plant (e.g., a branch), and training observers to recognize these “weight units” within the
sample area or on an individual shrub. Relative estimates can allow for a larger sample size but
extensive training and skill within observers is required. Biomass can also be translated from
percent cover values, as implemented by Riccardi et al. (2007) in their guide to characterize
wildland fuel beds. The primary technique used to non-destructively sample shrub biomass is
through creating allometric relationships between canopy volume or other attributes of shrub size
(i.e. height, canopy width) to biomass. Shrub height and two perpendicular longest crown
intercepts are measured and converted to canopy volume based on shrub shape (Rittenhouse and
Sneva, 1977; Uresk et al., 1997).


https://www.zotero.org/google-docs/?ATd7F1
https://www.zotero.org/google-docs/?V9uL3K

Unmanned aerial vehicles (UAVS, i.e., drones) can also be used for non-destructive shrub
sampling. Several studies have demonstrated the high value of drone-acquired imagery for
sampling vegetation attributes (i.e. Cunliffe et al. 2016; Gillian et al. 2019; Karl et al. 2020;
Cunliffe et al. 2021). The availability of low-cost consumer UAVs with high-quality imaging
sensors makes it possible to collect very-high-resolution imagery easily and inexpensively.
Further, new photogrammetric techniques can create high-quality 3-dimensional models and
orthomosaics from drone imagery (Westoby et al. 2012). Altogether, this has up new possibilities
for using drones as a supplement or replacement for field measurement methods, as
demonstrated by Karl et al. (2020) in their measurements of willow canopy volume using drone-
collected images and by Cunliffe et al. (2021) in estimating above-ground biomass of vegetation
in arid ecosystems.

Double sampling facilitates the integration of two distinct methods by first requiring the
measurement of a specific attribute for all individuals using one quick sampling technique. Non-
destructive techniques such as measuring shrub size or recording foliar cover are often
implemented at this stage. Then, a selected subset of the individuals is reevaluated using a
different, often more time-consuming and labor-intensive method. Destructive sampling
techniques are often implemented for this subset sample. Although the sub-sampled technique
demands additional resources, it enhances overall accuracy. To establish predictive models, a
correlation between the outcomes of the sub-sample and the entire sample is derived. Linear
regression analysis is typically employed to elucidate the relationship between the two sampling
techniques, and the model's predictive capacity is validated using reserved or new data. This
approach offers the advantage of leveraging the precision of more intensive methods while
extending applicability to a broader context, thereby enhancing feasibility. Double sampling
techniques find frequent application in estimating shrub biomass, exemplified by the work of
Uresk et al. (1997) as well as Rittenhouse and Sneva (1977), who employed this method in
developing biomass equations for Artemisia tridentata Nutt.

Materials and Methods

A comparison and development of methods for estimating shrub volume
using drone imagery-derived point clouds

This study was conducted at the University of Idaho’s Rinker Rock Creek Ranch in
southern ldaho (43.4139 °N, 114.3946 °W). The 9-ha study area was located on the south end of
the ranch and was selected due to abundance of multiple shrub species, and accessibility for
drone flights and field measurements. Eight species of shrubs from upland sagebrush shrublands
were included in this study: low sagebrush (Artemisia arbuscula), basin big sagebrush (Artemisia
tridentata subsp. tridentata), mountain big sagebrush (Artemisia tridentata subsp. vaseyana),
Wyoming big sagebrush (Artemisia tridentata subsp. wyomingensis), yellow rabbitbrush
(Chrysothamnus viscidiflorus), rubber rabbitbrush (Ericameria nauseosa), antelope bitterbrush
(Purshia tridentata), and spineless horsebrush (Tetradymia canescens). 2 - 15 individuals of each
shrub species were identified within the study area, for a total of 105 shrubs (Table 1).
Individuals were selected to represent the range of sizes for each species observed at the site.
Only two individuals of A. tridentata subsp. tridentata were sampled due to limited abundance at
the site.

Two individuals, both P. tridentata, were larger than all other samples with field
measured volumes of 7.94 and 7.27 m®. We performed a z-test for outliers and both shrubs were
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significant outliers (z-scores = 6.21 and 6.81, respectively). As such, these two individuals were
removed from further analysis, and summary statistics are reported with and without these two
individuals in Table 1.

Table 1. Descriptive summary (mean and range) of field
measurements for shrub sampling.

Species n Height (m) D1 (m) D2 (m) Volume (m?)

A. arbuscula 15 0.43[0.24-0.60] 0.81[0.49-1.36] 0.62[0.21-1.52] 0.15[0.02-0.54]

A. tridentata ssp. 2* 1.27[0.99-154] 1.63[1.09-2.17] 0.96[0.70-1.22] 1.27 [0.40 — 2.13]
tridentata

A. tridentatassp. 15 0.70[0.52-1.02] 1.03[0.45-1.65] 0.89[0.43 —1.59] 0.4110.07 - 1.10]
vaseyana

A. tridentatassp. 14 0.54[0.32-0.87] 0.76[0.43-1.56] 0.50[0.19-1.21] 0.157 [0.01 -0.86]

wyomingensis

C. viscidiflorus 14 0.36[0.19-0.49] 0.51[0.24-0.69] 0.36[0.15-0.55] 0.04[0.004 —0.07]

E. nauseosa 15 0.50[0.20-0.82] 0.79]0.23-1.73] 0.67[0.17 —2.50] 0.20[0.01 - 0.96]

P. tridentata; 15 1.00[0.31-1.78] 157[0.75-3.34] 1.31[0.54-255] 1.76[0.07 —7.94]

P. tridentata; 13 0.88[0.31-153] 1.30[0.75-2.03] 1.12]0.54-2.05] 0.86 [0.07 — 2.63]

T. canescens 15 0.37[0.28-0.46] 0.62[0.31-0.97] 0.48[0.22-0.70] 0.06 [0.01 - 0.16]

* only two individuals of A. tridentata subsp. tridentata were able to be sampled due to limited

abundance at the site; this species was excluded from species-specific examinations.

1,2 with P. tridentata denotes inclusion and exclusion of large (field volume >7 m?) shrubs, respectively
Upon selection, shrubs were marked with plastic flagging tape and assigned a unique identifying
number. Tallest height and two perpendicular canopy widths for each shrub were measured to
the nearest whole centimeter using a 2-m ruler (Fig. 1).
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Figure 1. Shrub canopy volume was estimated from field-collected data on shrub maximum
height (a) and two measures of canopy width (yellow; b) following Bourne & Bunting (2011).
H is shrub height, D is the longest canopy width, and D, is the greatest canopy width perpendicular to
D:.

From height and canopy widths, canopy volume was calculated for each individual shrub.
First, following Karl et al. (2020), canopy volume was calculated using the equation for an

V= 2 H+ D, +D,
ellipsoid modified by Thorne et al. (2002): =~ — 3 g 2, where H is shrub height, D1 is
the longest canopy diameter, and D is the longest diameter perpendicular to D1 (Fig. 2).
However, initial data exploration indicated a poor fit between field and drone-based
measurements, therefore an alternative shape for volume calculation was considered for this
project Canopy volume was then calculated using the equation for volume of an elliptical cone:

V= EH*Dl*DZl

To prepare for drone flights and improve model accuracy at predicting ground elevation
and thus plant height (see Karl et al. 2020), vegetation at the base of each shrub was removed.
Point locations surrounding each individual shrub (four corners) were collected using an Emlid
Reach RS+ real-time kinematic geographic navigation satellite system (RTK-GNSS) (absolute
accuracy < 4cm, Emlid, https://femlid.com), to aid in identification of each shrub in final image
products.

Drone flights took place on June 27, 2022. The imaged area was established in the field,
and a double-overlap grid pattern consisting of parallel flight lines in north-south and east-west
directions was created. We flew a DJI Mavic 2 Pro drone with a 20-megapixel RGB camera 50
meters above ground level. Images collected during drone flights had at least 80% endlap and
sidelap. This drone flight resulted in 1,302 images.

Seventeen ground control points (GCPs) were placed throughout the study area to
improve model building, point cloud and orthomosaic accuracy and scaling, and identification of
shrubs in the point clouds and orthomosaics. Precise location (absolute accuracy < 4cm) of each
marker was recorded using the Emlid Reach RS+ RTK-GNSS. All RTK-GNSS points (one for
each GCPs and four for each shrub) were post-processed using rover and base tracking within
Emlid Studio version 1.3 (https://docs.emlid.com/emlid-studio) for point correction.

The photos collected from the drone were used to produce a point cloud, digital elevation
model, and orthomosaic using structure-from-motion (SfM) photogrammetry in Agisoft
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Metashape Professional (version 1.8.4 build 14671; herein referred to as ‘Metashape’). A STM-
based approach allows for the creation of a stereo model that represents the orientation and
location of the drone camera for every collected photo and a 3-dimensional (3D) model of the
area photographed (Westoby et al., 2012). The photo processing workflow in Metashape
followed methods outlined by James et al. (2017) and implemented by Karl et al. (2020). All
1,302 photos were imported and aligned with Metashape’s highest accuracy setting and a
maximum of 40,000 key points (unique points detected in an image that potentially appear in
other images of the photoset) and 6,000 tie points (points that are common in overlapping images
of the photoset) per image.

The post-processed locations of the GCPs were imported into Metashape as markers for
geolocation and scaling of the stereo model. Marker locations were identified and manually
adjusted for at least 20 photos per marker. Stereo model alignment parameters were re-optimized
with adaptive model fitting and tie point covariance estimations based on the manually assigned
marker locations. The sparse cloud representing the tie point locations was then optimized using
the ‘gradual selection’ tool in Metashape to select and remove low-quality tie points followed by
re-optimization of the photo bundle-block following techniques outlined by James et al. (2017).
Marker corrections and sparse point cloud optimization reduced positional errors in X, Y, and Z
from 1.03, 1.06, and 2.19 to 0.04, 0.03, and 0.47 m respectively, and reduced the total positional
error from 2.64 to 0.48 m.

After model optimization, a dense point cloud was generated in Metashape using the
optimized sparse point cloud as the base model with ‘high’ quality and ‘mild’ point filtering
options. The dense cloud contained over 311 million points (~2,020 points/m?). A digital
elevation model (DEM) was created based on the dense point cloud with a resolution of 2.22
cm/pix, and an orthomosaic was generated based on the DEM product.

The orthomosaic generated from Metashape was displayed in ArcGIS Pro (V 3.0.2, ESRI,
Redlands, CA; herein referred to as ‘ArcGIS’) using NAD83/UTM zone 11N coordinate
reference system (EPSG:26911). The post-processed locations representing the four points
surrounding each shrub were also imported onto ArcGIS. These points were used as guides to
manually digitize areas of interest (AOIs) around each shrub (Fig. 2). Once all the sampled
sample shrub boundaries were manually digitized, a polygon feature class containing a total of
105 AOIs (individual polygons) was exported as a shapefile.



% Figure 2. Four corners
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‘lidR’ package (Roussel et al., 2020, 2022a). The shapefile with polygons created in ArcGIS was
imported using the ‘sf” package (Pebesma, 2018). The point cloud was clipped to polygons
resulting in a unique point cloud for each field-measured shrub using package ‘/idR’ (Roussel et
al., 2020, 2022a). The result was a unique point cloud for each field-measured shrub. The clipped
point cloud profiles of individual shrubs were imported into CloudCompare (version 2.12.4,
http://www.cloudcompare.org/, accessed September 2022) for volume estimations. Two distinct
methods were used to estimate shrub canopy volume: allometric and volumetric.

The allometric method replicates the field method by calculating canopy volume from
user-measured height and canopy widths. To measure height and width, distances between points
were measured for each shrub using the CloudCompare XY distance tool (Fig. 3a). First, the
height of the shrub was estimated by measuring the distance from the lowest point to the highest
point on the point cloud profile (Fig. 3b). We used two allometric methods to estimate canopy
widths: ‘CC-snap’ and ‘Top-down’. The ‘CC-snap’ method followed Karl et al. (2020), where
the orientation functions in CloudCompare were used to ‘snap’ point cloud data sets to pre-
defined views (i.e., viewing the shrubs from the side via a south-facing direction and east-facing
direction). Distances between points for the ‘CC-snap’ method were measured at the widest part
of the point cloud profile of the shrub assessed on-screen by the technician (Fig 3d). The ‘top-
down’ method attempted to closely mimic the field-based measurements, where a top-down view
was used as the fixed perspective in CloudCompare and the observer measured the longest
canopy width (D1, Fig. 3c) and width perpendicular to D1 (D2, Fig. 3c). Shrub canopy volumes
for each allometric method were calculated using equation [2].
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Figure 3. On-screen allometric methods to estimate volume of structure-from-motion-generated
photogrammetric point cloud of each shrub (a) using the distance tool in CloudCompare.

For both 'top-down' and 'CC-snap' methods, height (A7) was measured by selecting a point from the top-
most layer of the shrub canopy and a point from the lowest layer of the shrub canopy (connected by a red
line; b). For the 'top-down' method (c), D1 was the longest canopy width (red) and D- (yellow) was the
greatest canopy width perpendicular to D1. For the 'CC-snap' method (d), the shrub widths were
measured using preset snap settings in CloudCompare with a south (red) and east view (yellow).

Volumetric methods used a generalized raster surface model of each shrub created by
overlaying a grid on the point cloud and calculating shrub either mean or maximum height of
each grid cell based on difference between the shrub model elevations and a fixed elevation
(Karl et al., 2020). The fixed elevation value for each model was set to the minimum elevation
(i.e., ground) of the point cloud data set of each shrub. Volume was estimated using two different
cell dimensions (one side of each cell either 0.05m or 0.025m) and two height rules (average
point height or maximum point height within each cell). Volumetric analysis was completed with
CloudComepare using the 2.5D volume tool.

Statistical analysis was performed in R (version 4.0.3; R Core Team, 2021). Ordinary
least-squares regression was used to compare field and drone-based estimates of shrub volume
shrub height, and canopy widths. R? and slope values were used to compare different
CloudCompare techniques to estimated volume and canopy width. We examined these trends
across all species sampled, but also within each species to assess suitability of drone techniques
for multiple upland sagebrush steppe shrub species across the range of size variability within



each species. Based on fundings by Karl et al. (2020), we expected that drone-based
measurements of shrub canopy volume may be underestimated compared to field measurements,
but still strongly correlated. Further, regression estimators could be used to estimate point cloud
measurements with limited field data if there is a consistent relationship between field and drone
estimates, and thus they will be reported here.

Allometric relationships to calculate aboveground biomass for eight
rangeland shrubs using the SageSTEP network

Thirteen sites were sampled as part of the Sagebrush Steppe Treatment Project
(SageSTEP; www.sagestep.org) network, established in 2006 (Fig. 4). SageSTEP is a
collaborative research and management project designed to provide multisite, multidisciplinary,
and long-term data on the outcomes of fuel reduction treatments covering a range of ecological
conditions (Mclver et al., 2014). The SageSTEP project consists of two networks of sites
(shrubland and woodland) that were established to evaluate the response to woody vegetation
removal over different environmental gradients. This research focuses on the “woodland”
network, which examines the impacts of tree removal or redistribution over a pifion-juniper
expansion gradient. Each of the 13 study sites sampled had between one to four dominant shrub
species. Collectively, eight shrub species were sampled.

N Figure 4. Sites within the SageSTEP
A P — Network that were included in this study.
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August of 2006 and 2007.

Prior to shrubs being destructively
harvested, the tallest height to the top of
the foliage (not including
inflorescence), longest canopy
diameter, and perpendicular diameter
were measured to the nearest whole
centimeter. From height and canopy
widths, canopy volume was calculated
for each individual shrub using the

equation for volume of an elliptical cone following Stebleton and Bunting (2009):

Volume= Z+H * D, * D,
6

, where H is shrub height to the top of the foliage, not including the

inflorescence, D1 is the longest canopy diameter, and D is the longest diameter perpendicular to

D1.
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Each shrub was then cut at the base and divided into 1- (0 to 0.6 cm), 10- (0.6 to 2.5 cm),
and 100-hour (2.5 to 8 cm) fuel class components based on diameter (Lutes et al., 2006). Foliage
was included as a part of the 1-hr fuel class. For each individual shrub, the plant material in each
fuel class was weighed in the field to obtain a wet weight. Then, all plant material from the same
species at the same site were pooled to create a wet fuel subset for each fuel class. These subsets
were oven-dried at 50°C for 72 hours to obtain a dry mass. Percent mass for each fuel class was
calculated as the subsample dry mass divided by the subsample wet mass. The percent mass for
each species and site combination was multiplied by the individual shrub wet mass to obtain dry
biomass for each individual shrub and each fuel class. Further, we also calculated percent
composition for each fuel class as the relative mass of each fuels’ class to total fuels per species.

From these field data, simple linear regressions were created to predict total dry biomass
from field measured height, canopy diameters, and volume. Linear regression models were
restricted such that the y-intercept was set to zero to match biological assumptions of no biomass
when canopy biomass is zero. Regressions were built for each species and for each unique
species and site combination, restricted to a minimum sample size of 5 for each site and species
combination. We summarized model fit using an adjusted coefficient of determination (R?),

2 1-R?
calculated using equation Raaj = 1 (n—p—l) *(n-1) , Where R? is the R? value of the
model, n is the number of observations, and p is the number of predictors (excluding the
intercept).

To further assess model performance, we built models on only 90% of the available data
(sampled with a random draw), leaving a reserve 10% for validation. From these reserve training
points, we compared predicted (based on our linear regressions) versus observed dry biomass
using two error metrics: Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE).
MAE was calculated as the average of the absolute differences between predicted and actual total
dry biomass values in the validation set, providing an indication of the average magnitude of
prediction errors. RMSE is the square root of the average of the squared differences between
predicted and actual values, which gives greater weight to larger errors. Both metrics were used
to evaluate the accuracy and reliability of the models in predicting biomass from field
measurements.

Results and Discussion

A comparison and development of methods for estimating shrub volume using drone
imagery-derived point clouds

All six point-cloud volume estimation techniques showed strong relationships between
field- and point-cloud-estimated volume (Fig. 5). Among the two allometric methods, the CC-
snap method outperformed the top-down method, by having both a better model fit (R? = 0.77 vs
0.74; Mean Square Error (MSE) = 0.0671 vs 0.0559) and slope closer to 1 (slope = 1 vs 0.88;
Fig. 5).
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Figure 5. Comparing field and allometric
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field methods for larger (>1 m3) shrubs. All
but two methods (a and d) underestimated
canopy volume for larger shrubs and tended to
slightly overestimate canopy volume for
smaller shrubs. Blue line is linear regression
line of best fit, dashed line is 1:1.
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Point cloud volume (m°)
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e. 2.5D Method: avg, 2.5 cm cells  f. 2.5D Method: max, 2.5 cm cells

R?=0.76

(slope = 0.91; Fig. 7). Model fit varied by
shrub height. Shorter shrubs (field height
<1m) had decreased model fit (R?= 0.81),
but slope improved (slope = 0.96)

5 : : 5 7 3 compared to the model for all individuals,

Field measured volume (m®%) Field measured volume (m®) Suggesting underestimation was greater for
taller shrubs. CloudCompare allometric techniques better fit field measurements of D1 (longest
diameter) than D> (perpendicular to longest diameter). This difference suggests that field and
CloudCompare techniques for identifying and measuring D1 are more similar than those for Do,
potentially due to challenges to accurately identify perpendicularity to D1 in the field. Within
canopy width measurements, measurements of shrub canopy widths differed by CloudCompare
allometric technique. The top-down method was better correlated to field measurements of Dy
than CC-snap (R? = 0.75 vs 0.72). Across both techniques, shrub widths <1 m were
overestimated, and >1 m were underestimated. Model fit for allometric methods improved when
only considering smaller shrubs (field volume < 1m?3, 93% of individuals), suggesting that these
methods are more consistent for smaller shrubs.

Among the volumetric techniques, all four iterations of the 2.5D method had similar and
good model fit (R? range = 0.73 — 0.78; MSE range = 0.0501 — 0.06; Fig. 5). All but one (5 cm
grid cells using maximum cell rule) of the 2.5D methods overestimated volume for shrubs <1 m3,
but underestimated volume for larger shrubs (Fig. 5). Volumetric methods with 2.5 cm cell
dimensions had lower slopes than those from 5 cm grid dimensions, suggesting that a smaller
cell size underestimated volume (Fig. 5). Within each cell dimensions, maximum cell rules
yielded better model fit and slopes closer to 1 (Fig. 5). With volumetric techniques, maximum
values from 5 cm grid cells performed best in terms of both R? (0.78), MSE (0.0591), and slope
(1; Fig.5). Model fit for volumetric methods decreased when only considering smaller shrubs
(field volume < 1m?, 93% of individuals), suggesting these methods provide more variable
estimates for smaller shrubs.

Point cloud volume (m°)
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Model fit by volume technique varied by species. In general, all point cloud estimates were best
(in terms of R?, MSE, and slope) for larger shrub species: A. tridentata subsp. vaseyana, A.
tridentata subsp. wyomingensis, and P. tridentata (R? for volumetric techniques > 0.92, MSE >
0.02). Model fit for all six techniques was also good for E. nauseosa (R? = 0.82-0.86; MSE =
0.01 —0.018). Model fit for T. canescens was good, but best for allometric methods (R? = 0.71-
0.74 and 0.84-0.87 for volumetric and allometric methods, respectively; MSE < 0.001). Model fit
was poorest for C. viscidiflorus, the smallest shrub species (maximum R? = 0.08, MSE = 0.15 —
0.34). Model fit for A. arbuscula was poor for all volumetric techniques (maximum R? = 0.19I;
minimum MSE = 0.167) but moderate for allometric techniques (R? = 0.78 and 0.53; minimum
MSE =0.001).

Our results demonstrate measurements of upland sagebrush shrub species canopy volume
from drone point clouds are a viable approach when compared with field-based estimates. We
outlined non-destructive methods to consistently measure shrub canopy volume, which could be
integrated into current rangeland monitoring programs (Gillan et al., 2020). This research
improves upon techniques used by Cunliffe et al. (2021) and Karl et al. (2020) by sampling
additional species and considering different techniques to measure point cloud canopy volume.
Our results provide evidence for the suitability of measuring shrub canopy volume from drone
point clouds for at least five upland sagebrush steppe shrubs: A. tridentata subsp. tridentata, A.
tridentata subsp. wyomingensis, E. nauseosa, P. tridentata, and T. canescens. For these species,
volume from drone point clouds was most like field-based measurements. Three of those five
species, A. tridentata subsp. vaseyana, A. tridentata subsp. wyomingensis, and P. tridentata, are
dominant at the study site and constitute significant proportions of woody fuel in sagebrush
steppe ecosystems (Bourne and Bunting, 2011). Drone point cloud methods were not suitable to
measure volume of two relatively small shrub species C. viscidiflorus and A. arbuscula.
However, there was some variability in method suitability for in A. arbuscula as allometric
methods were suitable, but volumetric methods were not.

One technique to potentially mitigate poor model fit for these smaller species is to
consider alternate shapes for volume equations. To test if fit between field and point-cloud
estimates could be improved especially for smaller species, we examined the results if volume
(from field and allometric methods) was calculating using the equation for the volume of a

cylinder V.= m* H* maximum(Dy, Dz)z, where radius is the greater measurement between D1
and D». Using a cylinder resulted in minor improvements of R2 and MSE for C. viscidiflorus
(AR? range from elliptical cone to cylinder = 0.068 — 0.175; AMSE range = -0.0004 — -0.0001).
Similarly, model fit was marginally improved for volumetric methods of A. arbuscula (AR?
range from elliptical cone to cylinder = 0.022 — 0.024; AMSE = -0.0058 — -0.0049). There were
some improvements in model fit with this alternative shape, but model fit was poorer than that of
suitable species using the original elliptical cone shape equation.

Suitability of allometric and volumetric methods differed by shrub size. Within allometric
methods, drone-based techniques overestimated D1 and D> for smaller shrubs (D1 or D> <1 m).
Smaller shrubs represented a majority of our sampling dataset (73% of shrubs had field measured
D1 <1m; 81% for D>) due to our inclusion of multiple shrub species and attempts to sample
across each species’ size range. For shrubs with field-measured widths greater than 1m, point
cloud estimates of width were more variable, and neither were consistently over nor
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underestimated. Karl et al. (2020) implemented similar methods to estimate willow (Salix spp.)
canopy volume from drone derived point clouds. However, they did not observe any bias based
on size classes, which could be because the shrubs they studied were distributed more evenly
across a wider size range, less variable, and generally larger in size (Karl et al. 2020). Finally, for
the ‘top-down’ allometric technique, it is worth mentioning that this technique does not require
the 3-D rendering of point cloud data on CloudCompare and could be executed using a 2-D
(point-cloud derived) orthomosaic imagery on other image analysis or geospatial software.
Allometric and volumetric methods can vary in their repeatability. Allometric methods require
high amounts of user interaction and time, and we (similar to Karl et al. 2020) aimed to
standardize these measurements using fixed views (CC-snap method). Volumetric methods,
however, require relatively low amounts of manual interaction to obtain measurements and have
the potential to be more easily standardized. VVolumetric techniques were simpler and less time
consuming to perform and would have less bias toward technician error or differences in
judgement. Additionally, volumetric methods can be automated using a scripting-based approach
(e.g., Greaves et al. (2015)).

We observed systematic model underestimation of shrub volume using point-cloud
models. Karl et al. (2020) observed a similar trend and noted underestimation was likely due to
dense vegetation obstructing bare ground and impeding the ability to model ground height.
Understory vegetation height, especially when completely obstructing the ground surface, can be
adjusted for in the model but may create additional variability in height estimates (see Karl et al.
2020). We suspect that the abundance of bare ground and deliberate vegetation removal around
shrubs prior to drone data collection may have contributed to our improved accuracy in
estimating height. We suspect that removing vegetation at the base of each shrub would not be
necessary for future applications of these methods due to the natural abundance of bare ground
as commonly seen in upland sagebrush communities (especially compared to riparian systems
modeled by Karl et al. (2020)). Previous studies (Cunliffe et al., 2021) did not remove vegetation
and still obtained highly accurate estimates of shrub biomass in semi-arid systems where some
bare ground was present. Therefore, we do not believe that vegetation removal at the base of
shrubs is necessary for all applications of these methods.

Further, it is important to consider how field methods may or may not translate to point
cloud measurements and potentially lead to underestimation. In the field, canopy height and
diameter are both measured along the greatest perennial, live plane of a shrub, which could be an
individual branch depending on the shrub (Bonham, 2013; Bourne and Bunting, 2011). Points
within the point cloud for that individual branch could be sparser or potentially even removed
during the quality control and point filtering processes during model building. This means that
estimates for that individual branch may not be included for both allometric and volumetric
methods, and potentially contribute to underestimation compared to field estimates.

Our analysis focused on comparing point cloud and field measurements, but these are both
estimates, and are indirect measures of volume. Field measurements are based on assumptions
of canopy shape (in this case, an elliptical cone). This assumption confers inherent limitations,
such as the top of each shrub is flat, the top is the maximum width, and there are no gaps within
the canopy. Our allometric methods were also subject to these same assumptions. Volumetric
methods were only partially limited as they allowed for differential heights but did not take into
account gaps or decreases in canopy width throughout the plant. One potential benefit of point
cloud data is the ability to adjust the classification and calculation methods to those which have
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assumptions which are suitable for the analysis scenario. For example, another approach which
could address some of these shape-based limitations is the voxel-counting method implemented
by Greaves et al. (2015). Voxel-based approaches increment biomass into voxels, which are
cubic volumes of space, or 3D pixels, and then calculate volume by counting the number of
voxels for each shrub or across the region of interest. Voxel-counting methods may better
account for canopy openings, but can be computationally more intensive than the methods we
implemented (Greaves et al., 2015). Overall, it is important to consider assumptions and
limitations of indirect measurements, especially those of field-based data, and drones may allow
for greater flexibility in selecting an appropriate method with acceptable limitations.

An additional component of the study by Karl et al. (2020) was a cost-comparison of time
spent on field measurements versus processing time of drone data for estimating canopy
volumes. The study reported that collection of field measurements took more time
(approximately 10 hours per sampling event for field-based measurements compared to about
four hours per sampling event for drone-based estimates) than the photogrammetric estimations
via drone data (Karl et al., 2020). While our study did not explicitly track time, similar outcomes
can be inferred since the same model building methods were employed. Although the addition of
GCPs added approximately one hour of time in the field (placing markers and recording RTK
GNSS locations) and one hour of additional processing time (to identify marker locations in
photos and rebuild models) in the lab, these points increased model accuracy and therefore were
key to overlaying images/models over time in the same monitoring location.

Drones could also provide time savings if used in a double sampling technique. Double
sampling requires that attributes be measured for all individuals using one technique, and a
subset to be re-measured using a different technique (Karl et al., 2014). The sub-sampled method
is generally more time and labor intensive but provides higher accuracy. A relationship between
the sampling techniques methods is generated using linear regression analysis, and the fit or
ability for the model to predict further outputs must be verified using reserved or new data (Karl
et al., 2014). Although our study did not entail subsampling, such techniques could be
implemented using drone estimates of shrub volume. Site and/or species-specific relationship
could be derived to improve accuracy of drone-collected data, while maintaining the added
benefit of increasing sample distribution with drones.

Drones offer comparable data products at a fractional cost of similar LIDAR outputs.
Research by Olsoy (2014) explored the potential of terrestrial laser scanning (TLS), or ground-
based LIiDAR, in the same southern Idaho sagebrush ecosystem. In this study, sagebrush biomass
was estimated from TLS-derived volume to detect seasonal variations in biomass. While TLS
results are more accurate than those of airborne laser scanning (ALS) by way of generating
denser point clouds, TLS instruments are bound to the same constraints as traditional field
sampling in terms of site access and relative spatial coverage.

Allometric relationships to calculate aboveground biomass for eight rangeland shrubs
using the SageSTEP network

A total of 631 individual shrubs of 8 species were sampled for this study. Average
species shrub height ranged from 28 to 78 cm, and average species volume ranged from 36,147
to 1,156,611 cm?® (Table 2).
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Table 2. Summary of shrub size and biomass by species. Mean (minimum — maximum) values are

displayed.

Species n Height (cm) Diam1 (cm) Diam2 (cm) Volume (cm?) Dry biomass (g)
ARARS8 31 27.7 (11 - 47) 47.1 (18 - 80) 37.2(5-80) 36147.2 (1084 - 159467) 204.1 (14 - 686)
ARNO4 64 35.0(7-62) 53.4(6-91) 441 (4-91) 61755.2 (88 - 321071) 3955 (1-2151)
ARTRT 19 77.3 (15 - 210) 89.0 (8 - 266) 81.2 (5 - 266) 756947.8 (377 - 4536818) 1551.9 (2 - 7527)
ARTRV 100  66.4 (16 - 240) 79.8 (12 - 244) 62.4 (8 - 244) 420883.4 (804 - 7504511) 860.1 (7 - 7759)
ARTRW 145  57.0 (6 - 140) 69.1(8-174) 58.0 (5-174) 227138.1 (151 - 1450885) 1081.3 (1 - 6662)
CHVI8 144 34.6 (10 - 130) 45.1 (10 - 95) 36.2 (5-95) 47727.1 (707 - 1007404) 128.1 (1 - 4884)
ERNAL0 21  51.5(17-86) 47.1(13-87) 35.1 (12 - 87) 81306.9 (1620 - 331080) 481.7 (5 - 1382)
PUTR2 98 71.6 (12 - 217) 104.8 (10 - 244) 81.4 (10 - 244) 690805.2 (628 - 7504511) 1368.9 (4 - 8168)

Adjusted R? for species biomass equations, which related volume, height, and canopy diameters
to dry biomass, ranged from 0.770 (P. tridentata) to 0.990 (A. tridentata ssp. tridentata; Table
3). Additionally, MAE ranged from 43.90 (A. arbuscula) to 1,653.61 g (A. tridentata ssp.
Tridentata; Table 3). Biomass equations for each species are reported in Table 3. Adjusted R? for
species by site biomass equations ranged from 0.490 to 1 and MAE ranged from 4.92 (C.
viscidiflorus at Spruce Mountain, NV) to 1,821.95 g (P. tridentata at Stansbury, UT).

Table 3. Biomass (dry, g) model statements for each species by volume (cm?®), height (cm),
diameter 1 (cm), and diameter 2 (cm).

Species Model R?adj.! RMSE(g)? MAE(g)?
biomass (g) = volume * 0 + height * -2.97 +

ARARS8 diaml1 * 4.2 + diam2 * -0.97 0.940 47.53 43.90
biomass (g) = volume * 0 + height * -7.92 +

ARNO4  diaml * 9.36 + diam2 * -2.28 0.920 90.33 73.28
biomass (g) = volume * 0 + height * -0.53 +

ARTRT  diaml * 3.77 + diam2 * 2.46 0.990 515.32 417.60
biomass (g) = volume * 0 + height * -4.78 +

ARTRV  diaml * 6.93 + diam2 * 3.67 0.840 3980.87 1653.61
biomass (g) = volume * 0 + height * 1.13 +

ARTRW  diaml* 7.29 + diam2 * -4 0.910 326.76 234.52
biomass (g) = volume * 0 + height * 0.83 +

CHVI8 diaml * 2.7 + diam2 * -6.87 0.950 79.22 48.71
biomass (g) = volume * 0 + height * 5.48 +

ERNA10 diaml * 11.49 + diam2 * -11.95 0.830 88.82 64.57
biomass (g) = volume * 0 + height * 20.15 +

PUTR2 diam1 * -14.23 + diam2 * 16.64 0.770 646.76 563.00

! Adjusted R? value for full model statement, for significance and standard error values for each
coefficient, see Table A.2.
2 Both RMSE and MAE are calculated using a 10% leave out sample.

15



Though each species varied in total size, in general 1-hour fuels composed the least
amount of total biomass, making up between 0.6 — 9.4% of total biomass depending on the
species (Table 4; Fig. 6). Ten-hour fuels comprised between 11 — 42% of total biomass (Table 6;
Fig. 2). Biomass was primarily composed of 100-hour fuels, accounting for between 43 — 88% of
total biomass (Table 4; Fig. 6). Mass and composition by fuel class could be used to translate
total biomass measurements into fuels classes using Table 4.

Figure 6. Fuel composition as mass (A)
and percent composition (B) by fuel

. class for each shrub species.
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sampling (Table 2).

Table 4. Average dry mass and percent composition of total volume for each fuels class for each

species.
Species Fuels class  Dry mass (g) (£ SE) Composition (%) (+ SE)
ARAR8  1hr 3.76 (£ 2.6) 0.73 (£ 0.5)
10 hr 93.62 (+ 18.7) 37.77 (£3.2)
100 hr 106.7 (+ 18.1) 61.5 (+ 3.3)
ARNO4 1hr 71.09 (+ 16.9) 9.38 (+ 1.6)
10 hr 166.55 (+ 23.8) 41.71 (+ 1.7)
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Species Fuels class  Dry mass (g) (£ SE) Composition (%) (x SE)
100 hr 157.86 (+ 17.4) 48.91 (+ 1.8)
ARTRT 1hr 281.47 (+ 158.2) 8 (+ 2.6)
10 hr 656.34 (+ 245) 33.33(x3.6)
100 hr 614.08 (+ 177) 58.68 (+ 4.5)
ARTRV 1hr 205.37 (+ 51.6) 10.18 (£ 1.4)
10 hr 326.32 (+ 44.5) 39.13 ( 1.3)
100 hr 328.45 (+ 39.7) 50.69 (+ 1.6)
ARTRW  1hr 406.8 (+ 57.8) 20.64 (£ 1.8)
10 hr 361.31 (+ 37.1) 36.09 (+ 1.2)
100 hr 313.2 (£ 29.1) 4327 (£ 1.7)
CHVI8 1 hr 13.87 (+ 12.6) 0.64 (+ 0.3)
10 hr 26.7 (+ 10.6) 10.85 (+ 1.1)
100 hr 87.56 (+ 12.4) 88.51 (+ 1.2)
ERNA10  1hr 53.67 (+ 17.5) 6.94 (+ 2.3)
10 hr 115.08 (+ 26.7) 17.73 (£ 3.8)
100 hr 312.94 (+ 72.1) 75.33 (+ 4.6)
PUTR2 1hr 297.97 (+ 56.3) 8.81 (£ 1.3)
10 hr 495.22 (+71.1) 30.42 (+ 1.3)
100 hr 575.72 (+ 70.7) 60.77 ( 2)

Our findings both complement and can be compared to other allometric relationships in
sagebrush-dominated ecosystems. For example, fit for models which translate crown volume of
big sagebrush subspecies to aboveground biomass include 0.92 (adjusted R?, as reported by
Cleary et al. 2008) or 0.90 (R?, as reported by Rittenhouse and Sneva 1977). These R? values are
comparable to ours: we observed adj. R? = 0.840 and 0.910 for generalized species equations of
A. tridentata ssp. vaseyana and A. tridentata ssp. wyomingensis, respectively. Similarly, we
observed site-level model adj. R? ranging from 0.75-0.98 A. tridentata ssp. vaseyana and site-
level = 0.90-0.98 for A. tridentata ssp. wyomingensis. Overall, we expand the species and site
characteristics available for shrubland allometric equations. Those using allometric equations
may select relationships which best meet their needs in terms of species and environmental site



coverage, model performance, and data access.

We provide relationships which relate biomass to field measured shrub size. However,
unpersoned aerial vehicles (UAVS, i.e., drones) could also be used for non-destructive shrub
sampling. Several studies have demonstrated the high value of drone-acquired imagery for
sampling vegetation attributes (Cunliffe et al., 2021, 2016; Gillan et al., 2014; Karl et al., 2014).
The availability of low-cost consumer UAVs with high-quality imaging sensors allows for very-
high-resolution imagery to be easily and inexpensively collected. Further, new photogrammetric
techniques can create high-quality 3-dimensional models and orthomosaics from drone imagery
(Westoby et al., 2012). Altogether, these innovations have opened new possibilities for using
UAVs as a supplement or replacement for field measurement methods, as demonstrated by Karl
et al. (2020) in their measurements of willow canopy volume using drone-collected images and
by Cunliffe et al. (2021) in estimating above-ground biomass of vegetation in arid ecosystems.
UAV-based techniques measure volume within voxels (Greaves et al., 2015), or volume
components (height, canopy widths; Harrison et al., 2024), all of which could be translated to
total biomass and within fuels classes using the relationships we provide. UAV-based methods to
estimate plant biomass are promising, but currently workflows to leverage UAV-based methods
are inaccessible for land management application.

Conclusions (Key Findings) and Implications for

Management/Policy and Future Research

This project is part of a growing collection of research in drone-based vegetation
measurements that adds common sagebrush shrubland species to the species directory for drone
methods (Cunliffe et al., 2021). Drone-imagery methods for rangeland monitoring have the
potential to supplement or potentially replace field methods in some but not all instances (Gillan
et al., 2020; Laliberte et al., 2011, 2010; Rango et al., 2009). Drone-based methods may also
allow managers to estimate metrics not measurable from the ground and at sampling frequencies
and extents not currently feasible, such as bare ground cover immediately post-wildfire or 3-D
representations of canopy gaps (Gillan et al., 2020). Further refinements may be needed to
develop methods for measuring low-stature species that showed lower accuracy in drone-
measurements, notably A. arbuscula and C. viscidiflorus. Findings suggest that obtaining canopy
volume using drones may be an attractive strategy for shrubland managers to expand their spatial
catalogue and/or increase measurement frequency without increasing costs. Doing so would
allow for more accurate monitoring of land cover changes that would highlight areas where
management projects would be most impactful and further damage could be most effectively
prevented.

Further, this project significantly contributes to the understanding of shrub biomass
dynamics in sagebrush-dominated ecosystems, with a particular focus on the Great Basin region.
We provide a versatile approach for estimating shrub biomass, using generalized species-specific
and site-specific biomass relationships for eight shrub species. Additionally, we provide
resources to translate total biomass into fuel size classes. The equations we provide could be
used to generate total and fuels class biomass from measurements of shrub height and canopy
diameter size or volume. Resulting biomass values can serve as valuable inputs into rangeland
resource modeling, including fire behavior, wildlife habitat characteristics or forage production.
Our allometric equations are built off the largest published dataset of its kind for rangeland
shrubs, and we provide equations within an excel sheet and an R script to empower a broader
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audience to apply these equations in real-world scenarios, fostering advancements in fire
behavior assessment, ecological research, and land management practices in sagebrush shrubland
ecosystems.
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