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California’s North Coast hosts a Mediterranean climate with diverse topography, strong climatic
gradients of temperature and precipitation, and complex species composition. Unfortunately,
historical fire suppression and climate change have led to a significant increase in wildfire
frequency and intensity in this unique bioregion. Quantifying forest structure to assess changing
wildfire risk factors is critical as California moves beyond the initial stages of short-term disaster
recovery and begins to develop mitigation, land management, and resource allocation strategies.
Remote sensing offers a valuable method for understanding forest structure and lessening the need
for costly field inventory campaigns. Here, we aim to better understand crown fire potential in
Northern California oak woodlands by evaluating and estimating forest canopy structure via
canopy fuel parameters at plot scale using unoccupied aerial system structure from motion (UAS-
SfM) methods. In Summer 2020, images of plot-level forest structure (via Airborne Laser
Scanning (ALS) and multispectral UAS) and ground-based measurements of forest fuel metrics
were collected at 44 oak woodland plots (20 x 20 m) in Sonoma County, California. Using these
field data, we estimated total canopy cover (%), mean canopy height (m), canopy base height (m),
canopy bulk density (kg/m®), and tree density (number of trees/plot), from UAS-SfM and ALS
data. This study used a tree point cloud-based segmentation method developed by Li et al. (2012)
to identify individual trees. From the UAS-SfM point clouds, 68% of trees were correctly
estimated. Heights for the correctly detected trees were compared to field height measurements,
yielding a R? of 0.69 and RMSE of 5.1 m. When comparing remote sensing approaches (ALS,
UAS-SfM) and traditional ground-based techniques, canopy cover resulted in R? of 0.79 and
RMSE of 16.49%. When comparing UAS-derived to field-derived canopy cover, results were R?
of 0.89 and RMSE of 5.56%. The canopy base height estimate had a weak correlation (R* = 0.33,
RMSE = 5.08 m). UAS-SfM was not able to estimate canopy bulk density and canopy base height
due to its inability to penetrate dense canopies. For plot-scale canopy cover, mean canopy height
and tree density, our research shows that an UAS-SfM approach may be an affordable solution for
land managers to accurately quantify important canopy fuel parameters to evaluate fuels
management and use as input parameters to fire behavior modeling.
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1. Introduction

The North Coast Region of California, USA is home to a fire-prone Mediterranean
climate with diverse topography, strong climatic gradients of temperature and precipitation, and
complex species composition. About 1.3 million acres of the region is made up of oak woodland
(Garman and Firman 2006; Holmes et al. 2006; Stuart and Stephens 2006). A significant role of
oak woodlands in California is sustaining a high level of biodiversity and serving multiple
ecological functions, such as erosion control, landslide prevention, and watershed protection
(Bernhardt and Swieki 2019). Historically, North Coast oak woodlands experienced frequent,
low-intensity surface fires as a result of indigenous people ignitions and natural causes, such as
lightning strikes. In the mid-1800s, European settlement was accompanied by fire suppression.
Fire suppression and climate change have led to a significant increase in wildfire frequency and
intensity in this unique bioregion (Stuart and Stephens 2006).

As part of California’s Wildfire and Forest Resilience Action plan, building off the
Shared Stewardship Agreement, between the State of California and the U.S. Forest Service, the
state aims to make a coordinated science-based forest and rangeland effort to better protect
California’s people, infrastructure, and ecosystems (Action Plan). The agreement intends to
implement vegetation and landscape-specific treatments across the state including thinning in
excessively dense stands, timber harvesting, mechanical fuel reduction, prescribed fire, grazing,
and reforestation. Accurate, fine-resolution data from remotely sensed data has the potential to
provide detailed forest structure information over large areas for land managers (Miraki et al.

2021). Quantifying forest structure to assess changing wildfire risk factors is critical as



California moves beyond the initial stages of short-term disaster recovery and begins to develop
mitigation, land management, and resource allocation strategies.

Remote sensing offers a valuable method for understanding forest structure and lessening
the need for costly field inventory campaigns (Shin et al. 2018). Passive, spectral remote sensing
techniques, commonly aboard satellite- and aerial-based platforms, can produce multispectral
images that can be utilized for forest structure analysis. In forestry, researchers have used passive
remotely sensed data for individual tree crown segmentation, canopy cover estimation, as well as
species identification (Ke and Quackenbush 2011; Shin et al. 2018; Aubry-Kientz et al. 2019;
Weinstein et al. 2020). Although passive remote sensing data can enhance forest structure
inventories, they do not effectively capture three-dimensional (3D) forest attributes such as tree
height, diameter at breast height (DBH), and canopy base height.

Light detection and ranging (LiDAR) is a form of active remote sensors which send out
photons at a particular wavelength and power, and collect the portion of photons that are
reflected back to the sensor at different times, translating time measurements into distance from
the sensor as well as intensity of the returned signal. LIDAR data yields three-dimension point
clouds as the resulting data. Each point represents a surface or feature that returned part of the
signal or pulse back to the sensor. Piloted aerial laser scanning (ALS) uses an aircraft platform
equipped with a LiDAR sensor to produce point cloud data. Typically, spectral data from a
passive sensor are also captured on these ALS missions.

Recent technological advancements have led to unoccupied aerial system (UAS)

platforms (i.e. drones) offering a higher spatial resolution and more cost-effective option for



capturing spectral data that can be analyzed for accurate species identification and canopy cover
(Ke and Quackenbush 2011; Shin et al. 2018; Aubry-Kientz et al. 2019; Weinstein et al. 2020).

Structure-from-Motion (SfM) is a photogrammetric method that can create three-
dimensional models of a feature of interest (buildings, vegetation, etc.) by using overlapping
two-dimensional images taken from a wide range of angles and perspectives (Shin 2018). When
UAS flights are flown with high overlap, the resulting images can be used with SfM to produce
3D point clouds similar to LIDAR. SfM is based conceptually on similar principles as
stereoscopic photogrammetry. In stereophotogrammetry, triangulation is used to calculate the
relative 3D positions (x,y,z) of objects from stereo pairs. Specialized software can be employed
to automatically identify matching features (corners, line segments, etc.) in multiple images. The
objects generate estimates of the camera position and orientations to return the 3D coordinates of
the features (Westoby et al. 2012; Dandois & Ellis 2013; Morgenroth & Gomez 2014, Wallace et
al. 2016).

UAS-based StM (UAS-SfM) is an efficient method for gathering forest data because
researchers can plan flights over desired areas and do not carry the burden of paying for a more
costly ALS mission or waiting for a public ALS acquisition, which are infrequent and often take
years from acquisition to publish. UAS-SfM is also cost-effective in that it does not require a
professional-grade camera. Studies have produced sufficient 3D forest models using standard
consumer-grade cameras (Frankhauser et al. 2018). Additionally, higher-grade cameras (e.g.
MicaSense) have the ability to capture spectral information in visible and near infrared (NIR)
bands, which is crucial information for vegetation monitoring because the data can be used to

calculate vegetation indices (i.e. Normalized Difference Vegetation Index (NDVI)) for species



identification, canopy cover, tree density, and more (Liu et al. 2019). Application of SfM
algorithms is widely available making it fairly straightforward and computationally simple.
UAS-based SfM would be a valuable tool for land managers, allowing them to perform low-cost
surveys at a higher frequency. If UAS SfM can produce forest inventory data, comparable to
LiDAR and field data, it has the potential to be a crucial tool for adaptive management
opportunities and more informed decision-making.

Object segmentation is the process of dividing remote sensing imagery into meaningful
image objects (Kotaridis and Lazaridou 2021). The meaningful image objects are homogeneous
groups of connected pixels. There is a range of image segmentation methods, including simple
thresholding method and different color image segmentation algorithms (Pap et al. 2019).
Multispectral and SfM products derived from UAS data, can be used for object segmentation. In
a previous study, Lim et al. used a camera mounted on a drone to generate a high-resolution
ortho-image and normalized digital surface model (nDSM) to extract individual trees through a
process of segmentation. Previous studies have also used SfM data to identify and extract
individual trees from point clouds. Li et al. (2012), developed a point-based segmentation
algorithm to individual tree segmentation.

The overall goal of this research is to estimate canopy fuels in Northern California oak
woodlands using UAS data, producing fine resolution data to represent actual site-specific
canopy conditions for land managers. Objectives include:

1. Evaluate the accuracy of estimating canopy cover in oak woodlands using

multispectral UAS-SfM data at a landscape scale (1,684-ha).



2. Estimate plot-level metrics using UAS-SfM data in 20-m plots including canopy
cover (%), tree density (trees/plot), mean canopy height (m), mean canopy base
height (m), and mean canopy bulk density (kg/m?).

3. Delineate individual treetops for individual tree metrics (total height, canopy base

height, and canopy bulk density).



2. Materials and Methods

2.1. Study Area

This study focuses on two study sites in the Mayacamas Mountains of Sonoma County,
California, USA. Sites include Pepperwood Preserve (38.57 N, 122.68 W), a 261 ha nature
preserve managed by Pepperwood Foundation and Saddle Mountain Open Space Preserve (38.5
N, 122.63 W), a 388 ha nature preserve managed by the Sonoma County Agricultural
Preservation and Open Space District (Figure 1). Management is a crucial requirement at both
sites due to the proximity to residential structures and because areas within the sites are
categorized as Moderate to Very High Fire Hazard Severity Zones (FHSZ) by CAL FIRE’s Fire
and Resource Assessment Program (CAL FIRE). Pepperwood Preserve management efforts
include prescribed burns, fuel breaks and removing/thinning fuels. Similarly, Saddle Mountain
Open Space Preserve included prescribed burns, fuel breaks and removing/thinning fuels in a
2019 Adaptive Management Plan.

The study sites have a typical Mediterranean climate: cool, wet winters and hot, dry
summers. Pepperwood Preserve and Saddle Mountain Open Space Preserve have elevations
ranging from 61 m and 475 m and 233 m and 549 m above sea level, respectively. Both areas
receive most of their annual precipitation between October and April. The North Coast Range
has strong climatic gradients of temperature and precipitation controlled primarily by distance to
the coast and elevation, and secondarily by complex topography (Stuart and Stephens 2006). At
both study sites, the dominant overstory trees are Douglas fir (Pseudotsuga mensizii), Coast live
oak (Quercus agrifolia), Oregon white oak (Quercus garryana), black oak (Quercus kelloggii),

California laurel (Umbellularia californica).
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In addition to precipitation patterns and complex topography, this region also experiences
Diablo winds, which are offshore dry northeasterly, downslope winds that frequently occur in
October when live fuel moisture is at its driest (Bowers 2018). The Diablo winds have proven to
increase the severity of fire danger in the region. Notably in October 2017, the Tubbs fire, driven
by strong Diablo winds, raced through Pepperwood, burning 95% of the preserve.

This study focuses on 44 plots (22 at Pepperwood Preserve; 22 at Saddle Mountain Open
Space Preserve). Pepperwood Preserve hosts a total of fifty 20 x 20 m long-term plots
established and maintained by Dr. David Ackerly’s Research Lab out of the University of
California, Berkeley. Of the 50 plots, 22 plots were selected for this study based primarily on
topographic gradients, ecological heterogeneity, and post-fire burn severity. Unlike Pepperwood,
Saddle Mountain Open Space Preserve did not have pre-existing plots. As part of this research,
22 circular plots, with a 11.3 m radius, were established in August of 2020. Plots were selected,
using ArcGIS Pro 2.8.1 (Esri 2021, Redlands, California, USA) and field observations, to

represent varying forest structure across the preserve’s topographic gradient.



Figure 1. Study Area
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Figure 1. (A.) Location of study region within the state of California, (B.) Study areas within Sonoma County boundary,
California, USA, (C., D.) UAS flight zones (yellow) overlaid on RGB UAS imagery with field plots identified in red.



2.2. Unoccupied Aerial System (UAS) Structure from Motion (SfM) Multispectral
Data

UAS data were collected using a SenseFly eBee X fixed-wing platform and DJI Matrice
200 multirotor platform. The UAS platforms were equipped with a MicaSense RedEdge-MX
sensor and a MicaSense Downwelling Light Sensor (DLS) 2. The MicaSense multispectral
sensor collects five spectral bands: blue (475 nm center, 20 nm bandwidth), green (560 nm
center, 20 nm bandwidth), red (668 nm center, 10 nm bandwidth), red edge (717 nm center, 10
nm bandwidth), and near-IR (840 nm center, 40 nm bandwidth). The MicaSense DLS 2 collects
ambient sunlight and sun angle. Radiance data were converted to reflectance using downwelling
radiance measured from the DLS2 and calibrated with images of a MicaSense calibration panel
(RP04-1926247-OB) captured on the ground immediately before or after each flight. Custom
flights were planned using SenseFly’s eMotion 3 software (version 3.7) and MicaSense’s Atlas
Flight software (version 1.9). Flight surveys were conducted in zones with a 75% forward and
side-to-side image overlap, at a maximum flight altitude of 122 m above ALS-derived digital
surface model (Reilly et al. 2021), producing images with a pixel resolution of 8 cm. UAS
surveys were conducted between 27 September 2019 and 8 October 2019 (Pepperwood Preserve;
10 flight zones) and 4 August 2020 and 5 August 2020 (Saddle Mountain Open Space Preserve;
5 flight zones). Surveys were conducted within a 45 degrees solar incidence angle to minimize
shadowing.

The resulting images were processed using Pix4D software (Pix4D, Lausanne,
Switzerland, version 4.4.12). Pix4D processing included: reflectance calibration, generation of

reflectance orthomosaics with an 8-cm pixel size and 3D points clouds. The UAS-SfM point



10
clouds for the flight areas had an average point density of 180 points/m?. Following data
preparation, the orthomosaic images and 3D point clouds underwent additional pre-processing
steps. UAS pre-processing consisted of 1. ground finding/ digital terrain models (DTM; i.e., bare
earth) generation, 2. iterative closest point (ICP) registration to ALS point clouds based on
ground points, 3. height normalization using ALS as the ground reference, 4. calculation of
pixel-level Normalized Difference Vegetation Index (NDVI), and 5. clipping data to flight zones
and study site plots (Reilly et al. 2021). Resulting datasets were clipped to study area flight
zones and plots. Further details of this processing pipeline are described in Reilly et al. (2021).
For this study, UAS-SfM DTM rasters were used to height normalize digital surface model
(DSM) rasters, producing a digital canopy model (DCM) raster for canopy cover estimations.
Point clouds used to identify individual trees in this study were height normalized using ALS
DTMs (Reilly et al. 2021).2.3. UAS Canopy Cover Estimate

Forest canopy cover was derived by employing an adapted eCognition workflow

developed by Christian Weise (Tree Crown Delineation — eCognition | Knowledge Base). UAS-

derived canopy cover estimates were produced at the zone- and plot-level using eCognition
software (Trimble Geospatial, Sunnyvale, California, USA, version 10.0). The workflow relies
on UAS orthomosaic images and normalized digital surface models (nDSM). nDSMs were
generated by subtracting DTM from DSM for each flight zone. Additionally, NDVI was

calculated with the equation:

NDVI = NIR—Red (1)

NIR+Red

Forest cover pixels were classified based on nDSM and NDVI thresholds. Pixels with

nDSM values ranging from 0.05 to10 m and NDVI values ranging from 0.2 to 0.45 were


https://support.ecognition.com/hc/en-us/articles/360016224679-Tree-Crown-Delineation
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excluded to produce a raster that represented only tree canopy (Figure 2). The resulting canopy
raster was exported from eCognition to ArcGIS Pro (Esri, Redlands, California, USA) for
statistical analyses. For UAS zone-level canopy cover estimates, the exported canopy raster was
resampled from 8 cm to 20 cm pixels and summarized in 20 m cells to coincide with plot
measurements. Total canopy cover was estimated within 20 m grid cells (Figure 3).

Figure 2. Canopy Cover Estimate Workflow
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Figure 2. Workflow for Canopy Cover Estimates employing Pix4D, eCognition, and ArcGIS Pro.



12

Figure 3. Canopy Cover Estimate Output
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Figure 3. Canopy Cover output raster (20 cm resolution) (Left); 20 x 20 m grid overlaid on Canopy Cover raster (Right).

Two validation datasets were used to validate UAS-derived canopy cover estimates.
Employing a workflow similar to the UAS processing in eCognition, ALS data from the Sonoma
County Vegetation Mapping and LiDAR Program of 2013 were used to generate canopy cover
on a zonal level. The ALS-derived canopy cover was summarized within the 20 m grid cells used
by the UAS processing. The UAS- and ALS-derived canopy cover estimates were then compared

in a pixel-wise linear regression analysis. Plot-level field canopy cover measurements were also
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used to validate the UAS-derived estimates. Field canopy cover estimates using the densiometer
were recorded in each of the four cardinal directions at the five locations and averaged for
percent cover for each plot (Lemmon 1956; Lemmon 1957). A linear regression was used to
compare filed measured canopy cover within individual plots (N = 44 plots) to the UAS-derived
estimates.

For further analysis, each 20 x 20 m grid cell was categorized based on burn severity
following the 2017 Tubbs Fire acquired from the Monitoring Trends in Burn Severity (MTBS)
mosaic (Eidenshink et al. 2007; Picotte et al 2020). Burn severity categories included ‘None’,
‘Low’, ‘Medium’, and ‘High’ severity levels based on relative delta normalized burn ratio
(RANBR) (Miller and Thode 2007). This information was used to determine if there was a
significant difference in UAS- and ALS-derived canopy cover estimates based on the level of

burn severity of the observed cells.
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2.4. UAS Individual Tree Detection

Accurate individual tree detection (ITD) allows users to extract valuable tree metrics.
Roussel et al. (2020) highlight multiple ITD methods, noting that ITD algorithms can be
classified into 3D point cloud and CHM-based algorithms. The open source, point-cloud oriented
R package, lidR, includes unsupervised implementation options for both CHM- and point cloud-
based individual tree detection. Unsupervised methods have the advantage of simplicity, no
training/hand annotations required, and flexible options for user-defined metrics.

This study implements an algorithm, developed by Li et al. 2012, using the lidR package
(version 3.2.3) in R (version 4.0.4) to identify individual trees and delineate their crowns (i.e.,
segmentation) within UAS-SfM point clouds (Appendix B.). This method for segmenting trees is
based on the relative spacing between trees. The authors suggest that due to the spacing between
the tops of trees, the method will start from treetops and “grow,” excluding points from
neighboring trees based on relative spacing. The narrowing space toward the lower levels poses a
challenge that is addressed by classifying points sequentially, from top to bottom. Li et al. (2012)
suggest that by defining an appropriate spacing threshold, most of the points can be correctly
assigned to their corresponding tree clusters. Thresholds are also in place to differentiate between
a branch and a tree. Under-segmentations can be reduced by using a relatively small threshold,
and over-segmentations can be reduced based on the shape and distribution of the points. In
addition, this algorithm is flexible, and the classification rules are object-oriented, which can be
modified or extended depending on the characteristics of the trees to be segmented.

When employing the Li 2012 algorithm, multiple iterations were run, changing the values

for distance threshold (DT), search radius (R), minimum height (hmin), and NDVI threshold.
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The default value, 15, was used for the Z parameter which determines which DT value is used.
The maximum radius of a crown was set to the default 10 because this parameter does not affect
the results. The lidR Li 2012 function allows for two DT values to be entered but, upon
preliminary parameter testing, the use of two different DT values did not impact the results.
Therefore, for each iteration, one DT value was used. DT values varied from 1 to 5 m, R values
varied from 1 to 5 m, hmin values varied 1 to 3 m. This method returned a dataset of tree top
data points, which were assessed based on the proximity to tree locations. The accuracy of the
method was analyzed in five tree/plot density classes. Density classes were established based on
the tree density of the plots. Density class one included plots containing 3, 5, 7, and 8 trees (7
plots). Density class two included plots containing 9, 12, 13, and 14 trees (7 plots). Density class
three includes plots containing 16, 17, 18, 19, and 20 (12 plots). Density class four include plots
containing 21, 23, 24, 26, 29, 30, and 31 (10 plots). Density class five include plots containing
32, 34,37, 38, 39, 44, and 58 trees (8 plots).

To validate the accuracy of the ITD methods, terrestrial laser scanner (TLS) derived tree
locations were used in union with crown width calculations. TLS tree stem location points with
respective diameter at breast height (DBH) measurements were identified using Lidar360
(Krause 2021, Forbes et al. 2022). Crown widths for each tree with DBH > 10 cm were
calculated using region-specific equation (eq. 2) maintained by the Forest Vegetation Simulation
(FVS) program. FVS equation:

CW =a, +a, * DBH (2)
where CW = crown width, a1 and az are species-specific coefficients, and DBH =

diameter at breast height (Appendix C.). Following the crown width calculations, the crown
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width data was spatial joined with the UAS-derived tree top locations to determine if the UAS
data was accurately identified. UAS-derived tree top points within crown width estimates are
considered true positives. When TLS tree locations did not have a corresponding UAS-derived
tree top point, they were considered false negatives (omissions). False positives (commissions)
were calculated by summing the number of UAS point cloud-derived trees within plots that fell
outside estimated crown width. Additionally, when two or more UAS-derived tree top points fall
within the estimated crown width, the UAS tree top point closest to the TLS tree location was
considered to be the true positive (Appendix D.).

UAS-derived tree location data from each iteration of the two methods were compared to
TLS-derived tree locations to assess the accuracy of each method. Within each plot, the
following were evaluated: true positive detection, false negatives (omissions), and false positives
(commissions). Validation metrics used to assess each tree identification method and iteration
include recall (1), precision (p), and F-score (F), which were calculated using the following

equations:

True Positives

r= 3)

- (True Positives+False Negatives)

True Positives

p= 4)

True Positives+False Positives

_ . (rxp)
F=2x 225

2.5. Individual Tree Metrics
Following individual tree detection, individual tree metrics were derived from the trees

that were accurately detected. As mentioned in the last section, the TLS X and Y coordinates
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were used to determine if the trees were accurately identified using a canopy width estimate for
each tree. Total tree height and canopy base height were extracted from the individual tree point
cloud data and compared to the field collected data. UAS total tree heights were derived from the
maximum Z value for each delineated tree. UAS canopy base height was estimated by
determining the fifth percentile of height for each delineated tree. The fifth percentile was used
because it was closest to a 1:1 relationship, all other percentiles had very little significance. Field
tree heights and canopy base heights were estimated using Leica Rangefinder. The UAS-derived
tree heights and UAS-derived canopy base heights were compared to field estimated tree heights

with linear regression models.
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3. Results

3.1. Canopy Cover Estimates

UAS orthomosaic images and corresponding SfM point cloud data from both study sites
were used to estimate canopy cover in 20 m cells (N = 7060) and compared to the ALS-derived
canopy cover estimates. When the cells were compared, the regression model resulted in an
adjusted R? of 0.79 (RMSE = 17.15%; Figure 2). The regression coefficient indicated that the
UAS-derived canopy cover estimates were higher than the ALS-derived estimates. The UAS-
derived canopy cover estimates were compared to densiometer-derived estimates (N = 45),
resulting in a regression model illustrating a positive correlation (adj. R?> = 0.89, RMSE = 5.06%)
(Figure 3). The UAS-derived canopy cover estimates tended to be higher than field collected
estimates.

Figure 4. Regression relationship between UAS- and ALS-derived canopy cover

with 20 m resolution
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Figure 5. Regression relationship between UAS- and densiometer-derived canopy

cover with 20 m plots
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The UAS-derived canopy cover estimate was strongly correlated with the ALS-derived
canopy cover estimate. In several areas, the ALS-derived estimated canopy cover compared was
higher than the UAS-derived estimate across the study area. This was evident when examining
the intercept and slope of the regression line (intercept = 2.63% canopy cover, slope = 0.86).
Canopy cover estimates from ALS data became increasingly greater than UAS estimates as
canopy cover increased. The difference can largely be explained by the temporal and spatial
resolution differences between the datasets. The UAS imagery was collected roughly six and

seven years, in 2019 and 2020, after the ALS data was collected, in 2013. Between the UAS data
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collection and the ALS data collection, the 2017 Tubbs Fire caused 1,320 cells to sustain ‘Low’
levels of burn severity, 303 cells to sustain ‘Medium’ levels of burn severity, and 243 cells to
sustain ‘High’ levels of burn severity. The 1,866 effected cells are within Pepperwood Preserve’s
extent. The absolute error between the UAS- and ALS-derived canopy cover estimates were
more significant in cells effected by the fire; 55.1% of ‘Low’ severity cells, 69% of ‘Medium’
severity cells, 50.6% of ‘High’ severity cells have absolute errors over 10% (Figure 6). The UAS
imagery yields finer resolution data that is capable of detecting variation in the canopy cover that
would not be identified using coarser resolution data (Woodcock and Strahler 1987; Shin et al.

2018).
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Figure 6. The absolute difference between the UAS- and ALS-derived canopy cover

by burn severity.
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3.2. Individual Tree Detection

Point cloud-derived tree detection was assessed using the five optimized iterations (Table
1. A-E). The estimates were compared to the TLS tree locations for five density classes. For
density class one (7 plots; 41 trees), the iteration with the smallest DT value, search radius, and
minimum height parameters had the highest detection of 93%. It also produced the highest
commission error with 273 additional trees detected. The highest DT value had a lower detection
rate (30 of 41 trees) and the lowest commission error (16 trees), yielding the highest F-score of

0.73 (Table 1. A). Density class two (7 plots; 79 trees) preformed best with a higher minimum
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height value and NDVI threshold of 0.2. The optimized iteration for density class two detected
70% of the trees and had a commission error of 36 additional trees, resulting in an F-score of
0.65 (Table 1. B). The optimal parameters for density class three (12 plots; 215 trees) consisted
of a DT value of 1, search radius of 3, minimum height of 2, and NDVI threshold of 0.04. This
optimal iteration for density class three resulted in 76% of trees detected and 94 additional trees,
generating an F-score of 0.69 (Table 1. C). Similar to density class two, density class four (10
plots; 270 trees) performed better with higher values for search radius, minimum height, and
NDVI threshold, but with a DT value of 1. The optimized iteration for density class four
produced a F-score of 0.7 (Table 1. D). Lastly, density class five was optimized using the lowest
values for all parameters, (DT value: 1; search radius: 1; minimum height: 1; NDVI threshold:
0.04). With the low value parameters, 72% of trees in density class five were identified, 147
additional trees were detected, and an F-score of 0.65 was produced (Table 1. E). In general, the
higher DT value was optimal for plots with the lowest level of trees (density class one; 3-8
trees/plot), while the lowest values for all parameters was the optimal iteration for plots with the

highest level of trees (density class 5; 32-58 trees/plot).



Table 1. Individual tree detection results

A. Density Class One (3-8 Trees/Plot)
Plots: 1, 2, 1303, 1304, 1309, 1349, 1852
Total Trees: 41

DT Value Search  Minimum NDVI Detected Commission Ommitted . 5 F
Radius Height  Threshold  Trees (%) Error (%) Trees (%)
1 1 1 0.04 93 666 7 0.93 0.12 0.22
1 3 2 0.04 78 278 22 0.78 0.22 0.34
5 1 1 0.04 73 27 27 0.73 0.73 0.73
1 3 3 02 78 268 22 0.78 0.23 0.35
2 3 3 02 61 156 39 0.61 0.28 0.38
B. Density Class Two (9-14 Trees/Plot)

Plots: 12, 1306, 1307, 1310, 1319, 1340, 1851
Total Trees: 79

DT Value Search  Minimum NDVI Detected Commission  Ommitted " " F
Radius  Height  Threshold  Trees (%)  Error (%)  Trees (%)
1 1 1 0.04 91 286 9 0.91 0.24 0.38
1 3 2 0.04 82 96 18 0.82 0.46 0.59
5 1 1 0.04 37 26 172 0.18 0.59 0.27
1 3 3 02 81 94 19 0.81 0.46 0.59
2 3 3 0.2 70 46 30 0.70 0.60 0.65
C. Density Class Three (16-20 Trees/Plot)
Plots: 11, 16, 18, 19, 1301, 1325, 1329, 1335, 1336, 1337, 1342, 1854
Total Trees: 215
DT Value Search  Minimum NDVI Detected Commission Ommitted i B ¥
Radius  Height  Threshold  Trees (%0) Error (%)  Trees (%)
1 1 1 0.04 89 172 11 0.89 0.34 0.49
1 3 2 0.04 76 44 24 0.76 0.64 0.69
5 1 1 0.04 34 8 66 0.34 0.81 0.48
1 3 3 0.2 73 41 27 0.73 0.64 0.68
2 3 3 0.2 56 21 44 0.56 0.72 0.63
D. Density Class Four (21-31 Trees/Plot)
Plots: 3, 5, 15, 17, 20, 24, 25, 26, 1315, 1853
Total Trees: 270
DT Value Search  Minimum NDVI Detected  Commission  Ommitted . i F
Radius  Height  Threshold  Trees (%) Error (%)  Trees (%)
1 1 1 0.04 81 29 19 0.81 0.45 0.58
1 3 2 0.04 61 17 39 0.61 0.78 0.68
5 1 1 0.04 21 0 79 021 1.00 0.35
1 3 3 02 60 12 40 0.60 0.83 0.70
2 3 3 0.2 45 6 55 045 0.89 0.60
E. Density Class Five (32-58 Trees/Plot)
Plots: 4,6, 7, 8, 13, 14, 23, 1332
Total Trees: 299
DT Value Search  Minimum NDVI Detected Commission Ommitted g p F
Radius ~ Height  Threshold  Trees (%) Error (%)  Trees (%)
1 1 1 0.04 72 49 28 0.72 0.59 0.65
1 3 2 0.04 39 17 61 0.39 0.70 0.50
5 1 1 0.04 13 1 87 0.13 0.95 0.22
1 3 3 0.2 46 16 54 0.46 0.74 0.57
2 3 3 0.2 30 7 70 0.30 0.82 0.44

Table 1. A total of 561 trees were detected. The five iterations producing the highest F-scores, considered the optimized
iterations, were assessed for the five density classes. The optimized version for each class is in bold text.
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3.3. Individual Tree Metrics

The UAS-derived individual tree metrics were compared to the field-based metrics for
the trees that were correctly identified using the optimized iterations (N = 561). A regression
model of UAS-derived tree heights and field-measured tree heights had an adjusted R? of 0.70
(RMSE 5.01 m) (Figure 7A.). Of the 561 accurately detected trees, 422 of them are broadleaf
trees and 139 of them are conifer trees. The tree heights of the conifers, with their
cylindrical/cone shape, yielded a higher correlation (R* = 0.69) and higher RMSE of 6.17 (Figure
7C.) than the broadleaf trees (R*> = 0.37; RMSE = 3.88; Figure 7B.). Examining the fifth
percentiles as a predictor of canopy base height, the adjusted R? value was 0.30 and RMSE of

4.06 m.
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Figure 7. Regression relationship between UAS- and Field Measured tree heights.

A. Tree Heights of Accurately Identified Trees (N = 561)
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4. Discussion

4.1. Forest Canopy Cover Estimate

The UAS platforms, equipped with a multispectral sensor, provided an 8 cm pixel
resolution. This level of high-resolution multispectral imagery was not previously available for
the study area. UAS-derived canopy cover estimates were also strongly correlated with field-
based estimates (R? = 0.89; RMSE = 5.56% canopy cover). In a similar study, McIntosh et al.
2012 found that coarse resolution (1:40,000) aerial photos had a weak correlation with field-
measured cover. The finer resolution UAS data used in this study yielded better results when
compared to field-based canopy cover estimates. When comparing the UAS-derived estimates to
field-measured data, the UAS-derived method tended to estimate canopy cover slightly higher.
The difference between field-based estimates and UAS-derived canopy cover could be due to
user practice and because spherical densiometers measure a small reflection of the entire canopy,
yielding a course resolution of data (Jennings et al. 1999; Englund et al. 2000).

Accurate, high-resolution forest canopy cover estimates can be used to enhance forestry
studies, including wildfire behavior and fuel loading. Future research might consider more high-
resolution validation datasets to estimate canopy cover accuracy, such as hemispherical
photography and LiCOR gap fractions (Paletto and Tosi 2009; Chianucci 2016). Also, more
flight missions could be considered because seasonality (i.e. leaf-on versus leaf-off) and
temporal differences likely have an effect on the accuracy and vegetation indices.

4.2. Individual Tree Detection

The individual tree segmentation method used for this study described in Li 2012, was

originally intended for airborne lidar point cloud data. For this study it was adopted to identify
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individual trees from UAS SfM-derived point clouds. Due to the complexity and diversity of the
study area, the results were analyzed within five density classes. Within the density classes, the
varying levels of detection, omission, and commission were dependent on parameters used in the
algorithm. The highest F-score of 0.73 was associated with detecting 73% of the trees in the
lowest density plots. This detection was lower than a SfM-derived ITD study in a deciduous
broadleaf study area in Iran with an F-score of 0.75 using a region growing algorithm (Miraki et
al. 2021).

The parameters used for the Li 2012 algorithm must be adjusted to fit the structure of a
specific study area and the user’s needs. This research employed a point-based algorithm, but in
future research users could consider executing additional methods (i.e. CHM-based) for a
comparative study, similar to Aubry-Kientz et al. 2019. For the point-based method, DT value,
search radius, minimum height, and NDVI threshold affected the accuracy of the tree
segmentation. DT values act as a distance threshold between points to determine if given points
are part of a particular tree. The algorithm used allows for two different thresholds to be set.
During the preliminary parameter testing, setting two different DT values for each iteration did
not seem to improve the segmentation results. In some cases, the use of differing DT values may
improve the results. The search radius, which contributed to the varying rates of success, is used
to determine the highest point (the local maximum) within the radius and all other points within
are non-maximum. This parameter will likely be dependent on the species of trees within study
areas. Due to the complexity of this study area, varying levels of minimum height values were

considered, similar to the search radius, the optimal values are likely to vary based on the forest
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structure and tree species in future research. Lastly, NDVI thresholds were employed to exclude
non-canopy points. For NDVI thresholds, the season should be considered.

Although it is more costly, UAS LiDAR is a viable option for this application. In a recent
study, Ramalho de Oliveira et al. (2021) employed an automated tree detection algorithm using
UAS LiDAR data of a pine stand. The study proved to be successful, detecting 98% of the 2199
trees in the pine stand. In a more complex stand, Jaskierniak et al. (2021) used UAS LiDAR data
to detect individual trees and delineate tree crowns in structurally-complex mixed species
eucalypt forests. This study found that 85% of trees were accurately detected. Jaskierniak et al.
(2021) developed a novel bottom-up approach using kernel densities to stratify the vegetation
profile and differentiate from the rest of the understory. The developed bottom-up approach
proved to be successful in a complex forest, yet it will likely be unsuccessful using UAS-SfM
data due to the limitation of canopy penetration.

4.3. Individual Tree Metrics

The UAS SfM individual tree delineation methods successfully identified trees
and accurately estimated tree heights (R? = 0.69, RSME = 5.1 m). Similar studies have shown
strong results between UAS-derived tree heights and field-based measurements. In many recent
studies, including Shin et al. (2018) and Panagiotdis et al. (2017), similarly strong results were
found (R*=0.71, RMSE = 1.83 m and R* = 0.74, RMSE = 2.03, respectively). However, many
of these studies were conducted in study areas with primarily straight, single stem trees
(ponderosa pine, Norway spruce, European larch, etc.). This study was conducted in study sites
in heterogeneous stand with mainly oak species. The high canopy cover and the lack of

penetration with UAS SfM, understory trees are often difficult to identify. Additionally, with
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their broad, spread-out crowns, oaks are more difficult to establish local maxima because they do
not have one characteristic peak (Zaforemska et al. 2019). This tends to lead to the over detection
of trees.

The canopy base height was estimated from the UAS SfM data using the height
percentile points for each successfully delineated tree. With the high density of canopy cover, it
was difficult to identify the bottoms and edges of tree canopies. This is a limitation of using
UAS-SfM data in high canopy cover areas. Studies have proven the efficiency of identifying
canopy base heights from ALS data (Anderson et al. 2005; Erdody and Moskal 2010). The result
from this study for canopy base height (R? = 0.33) were comparable to similar studies including
data from the LANDFIRE database (Reeves et al. 2006). The LANFIRE study resulted in R?
values below 0.45 for 11 of the 12 study sites. Therefore, the results of this study are comparable
to studies that have attempted to estimate canopy base height using similar UAS-derived

methods.



30

5. Conclusion

This study aimed to determine the feasibility of using a UAS instrument with a
multispectral sensor to estimate forest canopy fuel metrics and structure in northern California
oak woodlands. The results revealed that the UAS SfM data can be used to produce accurate
estimates of characteristics that can be visualized from above the canopy without canopy
penetration (canopy cover and canopy height). Tree density was also accurately estimated in
areas of low canopy cover. The tree segmentation method shows that there needs to be an
adaptive method to be adjusted for different density classes. Similar to recent studies, the UAS-
derived canopy base height estimates were low, but comparable to estimates used by
LANDFIRE (Shin 2019). This research, due to the lack of canopy penetration, was a less
successfully in deriving canopy base height. However, canopy base height is a metric that is
crucial to estimate canopy bulk density and therefore it was not possible to estimate this
parameter using segmented trees from UAS-SfM data.

Overall, results from this study show that UAS imagery and SfM point clouds can be
used to estimate canopy cover, canopy height, and detect larger individual trees with reasonable
accuracy. UAS is more flexible and less costly opposed to ALS but, it does not provide the same
level of accuracy, particularly in measuring structure below the upper forest canopy. Because of
the flexibility and the cost-effectiveness of UAS-SfM, it could be used as an intermittent data
collection in between costly ALS missions. The results from this study can be used in concert
with available field data, ALS, and TLS data to estimate comprehensive canopy metrics to

inform forest managers.
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Appendix A: List of Plots

Number of

Dominant

Canopy

Campaig. Plot field trees Species Cover (%) Slope
PPWD 1301 17 QUGA 41.13 7.62
PPWD 1303 3 QUAG 61.10 7.82
PPWD 1304 5 AECA 61.46 8.07
PPWD 1306 9 QUKE 53.01 492
PPWD 1307 11 ARME 68.58 8.60
PPWD 1309 4 QUKE 83.92 3.17
PPWD 1310 12 QUGA 40.59 8.14
PPWD 1315 31 QUGA 65.03 5.44
PPWD 1319 10 UMCA 65.63 7.21
PPWD 1325 19 QUDO 63.40 443
PPWD 1329 20 QUAG 82.94 5.17
PPWD 1332 33 QUGA 83.16 9.13
PPWD 1335 16 QUGA 69.06 595
PPWD 1336 18 QUAG 56.69 6.73
PPWD 1337 20 ARME 65.89 2.27
PPWD 1340 11 QUAG 41.25 3.90
PPWD 1342 18 PSME 37.57 2.90
PPWD 1349 7 QUAG 70.08 2.16
PPWD 1851 12 UMCA 55.72 12:27
PPWD 1852 8 QUKE 54.39 7.63
PPWD 1853 22 UMCA 53.37 1.72
PPWD 1854 18 QUAG 43.34 10.73

SM 1 7 UMCA 85.84 3.38
SM 2 7 QULO 94.71 5.70
SM 3 31 QUGA/QUKE 98.94 9.13
SM 4 37 QUGA 96.03 5.70
SM 5 29 QUGA/QUKE 83.33 6.86
SM 6 32 QUKE 96.72 5.53
SM 7 39 UMCA 81.24 6.65
SM 8 34 QUGA 69.69 6.32
SM 11 16 PSME 73.68 592
SM 12 14 QUAG 85.36 6.62
SM 13 33 QUAG 87.45 3.81
SM 14 58 QUAG 72.30 1.72
SM 15 30 UMCA 68.84 7.82
SM 16 17 UMCA 76.42 4.17
SM 17 21 PSME 90.26 4.40
SM 18 20 PSME 86.23 6.25
SM 19 16 PSME 96.97 4.89
SM 20 31 SESE 97.94 8.86
SM 23 33 QUAG 91.75 5.05
SM 24 29 ARMA 82.90 322
SM 25 23 PSME/QUAG 89.26 2.80
SM 26 23 PSME 79.43 8.08

PPWI) = Pepperwood Preserve: SM = Saddle Mountain Open Space Preserve
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Appendix B: Point Cloud-based Segmentation (Li et al. 2012)

A (seed point)

Tree 1 Tree 2

deg E dps

Appendix A. Diagram of point cloud-based segmentation developed by Li et al. (2012)

Usage

1i2012(dtl = 1.5, dt2 = 2, R = 2, Zu = 15, hmin = 2, speed up = 10)

Arguments

dtl numeric. Threshold number 1. See reference page 79 in Li et al. (2012). Default is
1.5.

dt2 numeric. Threshold number 2. See reference page 79 in Li et al. (2012). Default is
2.

R numeric. Search radius. See page 79 in Li et al. (2012). Defaultis 2. If & = 0 all
the points are automatically considered as local maxima and the search step is
skipped (much faster).

Zu numeric. If point elevation is greater than Zu, dt2 is used, otherwise dt1 is used.
See page 79 in Li et al. (2012). Default is 15.

hmin numeric. Minimum height of a detected tree. Default is 2.

speed_up numeric. Maximum radius of a crown. Any value greater than a crown is good

because this parameter does not affect the result. However, it greatly affects the
computation speed. The lower the value, the faster the method. Default is 10.
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Appendix C: FVS Crown Width Calculation

DBH > DBHy: CW = a; + a, * DBH

DBH is tree diameter at breast height
DBH7r is threshold diameter shown in table
HT is tree height
Sg:::s Scientific Name Common Name B Sl::cosd[;ems DBHT7 (cm) a az
QUKE Quercus kelloggii California black cak BO 127 10 1.2
PSME Pseudotsuga menziesii Douglas fir DF 12.7 6.81 0.732
ARME Arbutus menziesii Pacific madrone MA 12.7 1 1.43
AECA Aesculus califernica California buckeye OH 12.7 2 15
HEAR Heteromeles arbutifolia Toyon OH 127 2 1.5
NODE  Nothelithocarpus densiflora Tanoak OH 12.7 2 1.5
QUAG Quercus agrifolia Coast live oak OH 127 2 15
QUDO Quercus douglasii Blue oak OH 127 2 15
QUGA Quercus garryana Oregon white oak OH 12.7 2 1.5
QULO Quercus lobata Valley oak OH 127 2 1.5
UMCA Umbellularia california California laurel OH 12.7 2 1.5
ABMA Arctostaphylos manzanita Common manzanita 0s 127 6 0.6
[ 0.6

SESE Sequoia sempervirens Redwood 0s 12.7

FO = Black Oar. DF = Douglas-iir, M4 = Pacific Mad
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Appendix D: Tree Detection Accuracy Diagram

Crown Width Calculation

CW=a1+a2*DBH\

UAS derived treetop
True Positive

8

\
A
A

\lTLS tree location
7/

~

’
. UAS derived treetop

' UAS derived treetop
False Positive (commission)

False Positive (commission)

Diagram illustrating the accuracy assessment for UAS-derived tree top locations.
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