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Abstract

Comparing, matching, detecting, and predicting drought-induced tree mortality

in the Sierra Nevada, California

Liz van Wagtendonk

Van R. Kane

School of Environmental and Forest Sciences

In the last decade, technology and computing capabilities have evolved to allow the
detection of individual trees with remote sensing. This innovation is invaluable to researchers
and managers who seek precision methods to measure forest condition in a rapidly changing
world. To apply remotely sensed methods to evaluate population trends, a framework is
required to enable the application of these methods to detect and predict the trends of tree
populations. Such a framework requires assessing the uncertainty and bias associated with
applying remotely sensed methods to reflect the population trends of individual trees. The goal
of my dissertation was to establish a framework for defining the population trends of remotely
sensed trees in the context of an extensive tree mortality event. Further, | endeavored to
measure the uncertainty and bias associated with applying remotely sensed trees to represent
drought-induced mortality trends.

Between 2012 and 2016, California experienced its first warm drought that resulted in an
extensive tree mortality event. During the drought, several novel remote sensing approaches
documented tree mortality and the potential ecological drivers of the mortality. However, how

the remotely sensed trees reflected population trends were not well defined.
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To examine how remotely sensed trees (i.e., tree models segmented from lidar and
combined with high-resolution imagery) reflected drought-induced tree mortality trends, |
compared and matched remotely sensed and field data collected pre- and post-drought. |
examined these trends by measuring the uncertainty associated with the remotely sensed trees
and the bias affiliated with the remotely sensed methods. The study was conducted in a fire
excluded, late seral mixed conifer forest in the southern Sierra Nevada. In Chapter Two, |
compared the mortality trends of pre- and post-drought field trees and remotely sensed trees.
This study revealed that on average, each remotely sensed tree contained a dominant visible
tree and two subordinate trees, which were undetectable to the airborne sensors. In Chapter
Three, | matched field to remotely sensed trees to define the subset of the population detected
by high resolution lidar and orthoimagery. Of the 9,761 conifer trees in the study, 2,814 or 29%
of the population matched to the remotely sensed trees. Chapter 4 involved applying machine
learning models for the detection of drought induced mortality and decay of matched, remotely
sensed trees. By using matched trees in the analysis, | found that remotely sensed trees
captured the survivorship and decay of overstory trees, and pine species were better
represented than fir species in the study area.

| discovered that remotely sensed trees were an effective means of evaluating the
mortality and decay patterns of overstory trees. Importantly, | identified the uncertainty of the
population trends and the bias related to the remotely sensed methods. This knowledge can aid
the development of future artificial intelligence models to evaluate overstory tree population
trends. The framework provided in this dissertation study can be adapted to conduct paired field
assessments in other locations to promote the application of remotely sensed trees for

population studies.
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Chapter 1. INTRODUCTION

Forests around the globe are rapidly changing as droughts, heat waves, wildfires,
resource extraction, insect and disease outbreaks interact synoptically with climate change
(Millar and Stephenson, 2015; Mueller et al., 2020; Trumbore, S.; Brando, P.; Hartmann, 2015).
California has experienced unprecedented warm droughts for which there are no historical
analogs (Swain, 2015) and multiple mass fires in the last decade. Eighteen fires in California
accounted for most acres burned (Cova et al., 2023) in the last 10 years, and the 2012 to 2016
drought resulted in the death of an estimated 80 to 120 million trees (United States Forest
Service, Region 5, 2019).

In the fire-frequent forests of California’s Sierra Nevada and the intermountain West,
warm and dry conditions persisted following the 2012-2016 drought. The drought perpetuated
tree mortality (Fettig et al., 2019; Pile et al., 2019; Restaino et al., 2019; Stephens et al., 2018;
Young et al., 2017) and influenced regeneration rates (North et al., 2019; Wright et al., 2021;
Young et al., 2020). Hundreds of millions of trees reportedly perished during California’s 2012-
2016 drought (United States Forest Service, Region 5, 2019), and regeneration rates are
significantly dampened when dry years follow fires (Shive et al., 2018). Warm and dry conditions
support recurrent and mass wildfires in the fire suppressed forests of the Sierra Nevada and the
intermountain West (Coop et al., 2020; Lutz et al., 2009; Mueller et al., 2020; North et al., 2019;
Williams et al., 2019). The challenge for managers is to greatly increase the pace and scale of
fire and forest management. Millions of acres of forests are at risk of conversion to non-forest
cover (Coop et al., 2020). Conversion to non-forest ecosystems has the potential for
concomitant losses to invaluable ecosystem services such as carbon and nutrient cycling,
habitat, wildlife species, and diminished snowpack for water supply (Mueller et al., 2020).

The potential for conversion to non-forest cover is influenced by climate (Stewart et al.,

2021), community composition and structure, disturbance regimes, and biophysical setting



(Jeronimo, 2018; Kane et al., 2019). As the amplitude of climatic cycles increase in California,
extended years of hot and dry weather are punctuated with extremely wet conditions (Winitsky
et al., 2023). California just experienced the wettest year on record in 2023, which followed on
the heels of the three driest years (Ince, 2023).

The vast extent of forests, complex structure, and large number of individual trees limits
the assessment of population trends in a rapidly changing climate. Population ecology is
fundamentally rooted in the assessment of trends of individuals, populations, and species,
across time and niche, in response to biophysical and climatic setting and processes (Begon,
2021; Freiderichs, 1958; Odum, 1971). In forest ecology, a complete census of all individuals
over large areas is commonly infeasible because of the cost and effort of field studies. Instead,
ecologists use in-situ or field-based sampling to represent population trends.

Long-term field studies are the gold standard for collecting the data necessary to assess
the population trends of species. Long-term in-situ study plots (Lutz et al., 2018; North, 2002)
and monitoring programs including the US Forest Service’s Forest Inventory and Analysis
(Burkman, 2005) sample population trends through time and across generations. However,
long-term field studies of trees are more uncommon due to the long-lived nature of trees. Most
field studies are constrained by the temporal frequency and extent of the sampling events. In
addition, field studies collect individual tree metrics specific to the research questions of interest,
which complicates comparisons (Cansler et al., 2020) and interpolations across vegetation
community types and biophysical settings. Depending upon the frequency and representative
sampling across species, bias also influences interpolating these datasets to broader extents
(Breidenbach et al., 2010; Ene et al., 2018; Kennedy et al., 2017).

Since 2010, researchers developed the ability to capture or model individual trees from
remotely sensed data (Lines et al., 2022), and this capability has rapidly evolved. For example,
individual tree crowns are being delineated from imagery (Das et al., 2022; Fricker et al., 2019)
or segmented from lidar (Hamraz et al., 2017; Jeronimo et al., 2018; Polewski et al., 2015; Zhou
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et al., 2018). Remotely sensed tree detection has evolved to the point where understory trees
are segmented from airborne lidar (Yun et al., 2022). In addition, a variety of platforms from
small commercial satellites, fixed wing, backpack, and other or mobile lidar systems (Donager et
al., 2021) are available to support individual tree mapping and monitoring at field sites.

Researchers are fusing high resolution remotely sensed data to identify individual trees
across broad extents (Chen et al., 2018; Donager et al., 2021; Gutierrez et al., 2023; Zhou et
al., 2018). Fused remotely sensed trees are created with two or more datasets collected from a
variety of sensor platforms including airborne, mobile, and terrestrial platforms. For example, a
manually delineated tree crown (Das et al., 2022; Fricker et al., 2019) or a tree canopy
segmented from lidar can be combined with reflectance bands to examine taxonomic, structural
characteristics, and mortality status. Although remotely sensed methods can identify and map
individual trees, preliminary analytical steps are required to apply them as proxies for trees in
ecological analysis (Stephenson and Das, 2020; Stovall et al., 2019).

Remotely sensed trees are not always one-to-one proxies of individual trees representative
of all species present. For example, remotely sensed trees may fully represent individual trees
in a less structurally complex oak woodland or savannah, where all trees are equally detectable
(Sousa and Davis, 2020). However, a census level analysis of mortality is not possible in a
complex, multi-strata forest using fixed-wing or satellite platforms (Stephenson and Das, 2020;
Stovall et al., 2019). In these forests, the species and mortality status of the trees in the
understory are hidden from view of passive sensors on fixed wing and satellite platforms.
Therefore, it is necessary to define the population trends of species of interest represented by
remotely sensed trees prior to analysis.

The focus of this dissertation study was to develop and test a framework for conducting
the analytical steps necessary to use remotely sensed trees to assess population trends. The
first step of the framework was to identify whether the methods being applied census a
population or a subset of a species population. This first step was the focus of chapter two
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where | directly compared the mortality and decay status of remotely sensed trees to in-situ (i.e.,
field trees). The second step of the framework was to identify the error or bias in the sampling
method at the species level, which was necessary as multiple tree species were studied. The
aim of my third chapter was to individually match field to remotely sensed trees to identify
sources of error that affected the detection of population trends, by species. Further, | measured
how matched trees represented the mortality and decay trends of the field trees and which trees
were missed. Third, the remotely sensed trees were validated with in-situ data to enable the
prediction of population trends. My final chapter applied the matched remotely sensed trees
from Chapter 2 for the prediction of tree mortality and decay, which enabled me to assess
predication efficacy by species.

To test this analytical framework, | studied the tree mortality and decay trends of trees in the
control plots of a long-term fire and fire surrogates study within the Teakettle Experimental
Forest in the southern Sierra Nevada, California. The control plots contained complex, multi-
strata mixed Sierran conifer forests (Goodwin et al., 2020; North, 2002; Odland et al., 2021) fire
excluded since the late 1800s. These trees experienced drought-induced tree mortality following

California’s drought-induced 2012-2016 tree mortality event.



| applied and tested the analytical framework using the watershed segmentation algorithm

(Jeronimo et al., 2018) to model trees from airborne lidar “lidar trees”, pre-drought, Figure 1.

Jeronimo et al., 2018
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Figure 1. The methodological framework for assessing the population trends and error
associated with the application of remotely sensed trees in the Sierra Nevada, California.

Further, | fused the modeled lidar trees with high-resolution imagery to identify tree mortality and

decay tree trends following the drought. | selected the watershed segmentation method

because it is applied to analyze forest structure conditions across large extents. In the dry, fire

adapted forests of the Sierra Nevada and Intermountain West, fire repeatedly sculpts patterns of

individual trees, tree clumps, and openings (i.e.,

ICO patterns) that confer resistance to future

fires (Larson and Churchill, 2012; Churchill et al., 2017). Jeronimo et al., 2019 and Kane et al.

2019 developed methods to analyze the three-dimensional spatial patterns of these modeled

trees for conformity to reference conditions (i.e.,

lidar-based ICO or LICO analysis). To test for

conformity, they compared forests of interest to reference conditions with matching climate, fire

return intervals, vegetation, and topographic setting considered resilient to future fire and

climate change.




At the time of writing, these LICO analytical methods are in operational use to support and
implement forest management in the Sierra Nevadal. As part of my dissertation research, |
applied the analytical framework to investigate whether the watershed segmentation method
can be extended to also capture mortality and decay trends of individual trees across large
extents. By conducting this examination, individual tree mortality and decay status of remotely
sensed trees can be incorporated into future assessments applying LICO-based analyses.
Further, the analytical framework provided includes methods to evaluate the population trends
of remotely sensed trees with field validation.

| endeavored to investigate how the mortality and decay trends of remotely sensed trees
compared, matched, and predicted in-situ trends. Ultimately, the results of this dissertation are
intended to inform and enable future analysis of population trends involving drought and
mortality using LICO-based analyses.

| initiated this examination in chapter two. This chapter involved comparing remotely
sensed trees to in-situ trees pre- and post-drought. The research and management goals of
chapter three were to describe which trees are best sampled by remotely sensed trees; how
remotely sensed trees may capture a tree mortality event over time; and propose a classification
for tree mortality and decay. In this study, | investigated datasets collected pre- and post-
drought that varied in temporal and spatial resolution. Finally, | compared remotely sensed tree
mortality information with field-based data to improve the application of remotely sensed
surveys of tree mortality events.

For chapter four, | fused remotely sensed “lidar trees” with high resolution imagery. After
the lidar trees were fused, they were matched to field trees on a one-to-one basis. | applied the

matched tree to test the efficacy of applying the mortality and decay trends of fused trees to

! The Tahoe Central Sierra Initiative, Social and Ecological Resilience Across the Landscape in the Stanislaus
National Forest, and the Southern Sierra Allands Restoration and Resilience Program in California have all applied
methods developed and in practice by the University of Washington, Forest Resilience Lab and described in
(Jeronimo, 2018).



explain in-situ mortality trends resulting from California’s 2012-2016 drought. The research and
management questions of this final chapter were to develop a validated dataset that can be
applied in future studies to assess the biophysical drivers of top-of-the-canopy tree mortality and

decay using LICO-based analysis and other approaches.
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Chapter Two: A TALE OF TWO FORESTS: DROUGHT WITNESSED BY FIELD AND
LIDAR TREES

2.1 ABSTRACT

Drought-induced tree mortality has been examined with remotely sensed methods, yet,
comparisons with field data are necessary to address uncertainty and bias. In this study, we
asked what subset of the population of trees are remotely sensed trees detecting pre- and post-
drought. In addition, we also examined if multi-band imagery and lidar can detect mortality trends
consistent to in-situ data. Finally, we investigated the role of error and data age in biasing post-
drought mortality and decay detection. We did so by comparing pre and post drought-induced
tree mortality with bi-temporal lidar and field datasets in a fire excluded forest in the Sierra
Nevada. Prior to and following the drought, we found that remotely sensed trees represented
top-of-the-canopy trees, which are observable to the sensor and best segmented using our
methods. On average, each of the pre- and post-drought remotely sensed tree canopies
represented ~3 field trees. We also examined the lidar datasets for the presence and influence
of error on mortality detection. In our study area, lidar segmentation errors such as commission
and shadows from imagery can both over inflate and diminish mortality detection, respectively.
Overall, pre- and post-drought remotely sensed trees accounted for 1/3 of all trees and ~2/3 of
live and dead basal area. The pre-drought remotely sensed tree footprints of decayed trees
proved useful for the detection of tree decay stages. We found significant differences in the
detection of coarse woody debris and regeneration in the pre-drought lidar canopies than the

post-drought data.

2.2 INTRODUCTION

Individual scale tree mortality information that better captures the structural nature of
forest canopies such as height and canopy area is important for ecological and wildfire risk
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analyses. From an ecological perspective, persistent drought, extensive tree mortality, and
wildfires can interact and reshape forest canopy architecture and dampen ecological functions
(Canelles et al., 2021; Earles et al., 2014; Millar and Stephenson, 2015; Wayman and Safford,
2021). Extensive mortality of large trees can reduce live, aboveground carbon storage (Earles et
al., 2014; Voelker et al., 2019) and smaller tree mortality and regeneration failure may suppress
new conspecific cohorts (Donato et al., 2016; Harvey et al., 2016; North et al., 2019). The 2012-
2016 drought-induced mortality event in the Sierra yielded significant reductions in large and
small trees throughout the range; however, scientists and mangers did not have a
comprehensive understanding of the scale of individual tree mortality and the concomitant
changes in live to dead basal area.

Past studies demonstrated the application of using combinations of high resolution
airborne lidar and hyperspectral imagery to model drivers of individual, overstory tree mortality in
the Sierra Nevada during the drought (Das et al., 2022; Fricker et al., 2019; Paz-Kagan et al.,
2017). Importantly, there was concurrence that the normalized difference vegetation index
(NDVI) was an important predictor of overstory tree mortality (Brodrick and Asner, 2017; Das et
al., 2022), which can be derived from commonly available 4-band orthoimagery. These
investigations also supported their model conclusions with field validated mortality information.
However, these studies relied upon manual tree crown delineation to detect overstory tree
mortality and did not account for individual tree size and basal area. Since manual tree crown
delineation is infeasible to apply across broad extents, these methods have limited operational
capacity for conducting ecoregional analyses. Further, Paz-Kagan et al., 2017 and Das et al.,
2022 used proprietary datasets that are not publicly available. Finally, the convolutional neural
network model of species and mortalty detection developed by Fricker et al., 2019 was tested on
one flight line of remotely sensed lidar, hyperspectral and orthoimagery data; therefore, it is

unknown whether such an approach could be operationally applicable.
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The availability of multi-temporal, open source, high resolution remote sensing data
products has rapidly increased in terms of spatial extent and resolution in California and the rest
of the United States, which offer promise for creating datasets using automated methods
(Jeronimo et al., 2018). For example, the US Geological Survey’s 3D Elevation Program
(Arundel et al., 2018) has expanded their high resolution airborne lidar collections in the United
States, and the National Agricultural Inventory Program (USDA, 2023) collects 60 cm and less 4-
band orthoimagery in each state on a biennial basis. In addition, The National Ecological
Observatory Network (NEON) collects long-term field and airborne campaigns at several sites
throughout the United States that leverage high resolution lidar, orthoimagery, and hyperspectral
data (Leisso, 2016). The State of California recently acquired 4-band NAIP imagery at 15 cm
resolution statewide. These data provide an important opportunity to capture overstory tree
mortality and other forest canopy processes across broad ecoregional extents at the scale of
overstory trees.

Forest managers and collaborative entities in the Sierra Nevada? are already assessing
forest structure patterns and planning forest treatments at the scale of individual remotely
sensed trees using operational, airborne lidar data and toolsets. Broadly, these operational tools
rely on the approaches of (Jeronimo, 2018; Jeronimo et al., 2019; McGaughey, 2018a) and use
computationally efficient methods to segment remotely sensed trees across entire acquisitions.
Our goal is to provide managers and ecologists with detailed information regarding how these
operational tools represent the mortality trends of field populations in the Sierra Nevada. In
addition, we want to impart how error biases capturing mortality trends with these operational

approaches.

2 The Tahoe Central Sierra Initiative, Social and Ecological Resilience Across the Landscape in the Stanislaus
National Forest, and the Southern Sierra Allands Restoration and Resilience Program in California have all applied
methods developed and in practice by the University of Washington, Forest Resilience Lab and described in
(Jeronimo, 2018).
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As remotely sensed methods become more frequently applied in research and management
related to the study of individual trees (Duncanson and Dubayah, 2018; Hamraz et al., 2017,
Hemming-Schroeder et al., 2023; Li et al., 2012; Stovall et al., 2019; Yang et al., 2019; Yun et
al., 2022; Zhen et al., 2016), it is imperative to compare these data to ground based
measurements for context (Das et al., 2022). Further, this type of assessment is important
across the variety of vegetation community types, structural complexity, and climatic setting of
tree ecosystems to ensure remotely sensed data are consistent in their representation of these
ecosystems. In the absence of such information, assumptions may be present that remotely
sensed trees directly represent individual trees on a one-to-one basis, which may only be true in
limited settings such as single strata tree ecosystems (Huesca et al., 2021).

In this study, we aimed to improve the ability to predict, measure, and respond to extensive
tree mortality in the conifer forests of California’s Sierra Nevada. While identifying how remotely
sensed trees represent field trees has been the subject of forest inventory assessments
(Babcock et al., 2018), it is less common to directly compare remotely sensed to field trees for
ecological studies (Das et al., 2022; Stephenson and Das, 2020; Zhen et al., 2016) responding
to events such as droughts and fire. We developed remotely sensed trees by segmenting tree
canopies from airborne lidar and combing the canopy segments with high resolution
orthoimagery for mortality detection. We used the pre- and post-drought and tree mortality
remotely sensed tree and field datasets to investigate these research questions:

1) What subset of the population of trees are remotely sensed trees detecting pre- and
post-drought?

2) Can multi-band imagery and lidar intensity at 1m resolution be applied to detect pre-
drought mortality trends consistent with field assessed mortality?

3) How does error and data age bias post-drought mortality and decay detection? How
do remotely sensed tree datasets represent the post-drought mortality and decay trends of
field trees?

In the first question, we hypothesized that remotely sensed trees represented the trees that

remotely sensed data can detect during a drought event, the overstory trees. To research this
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question, we modeled remotely sensed trees and then compared them to the tree population
(i.e., “field” trees) on a one-to-one basis. We compared the in-situ and remotely sensed trees by
comparing mean tree measurements with a focus of neighborhood relationships. We surmised
that when forest structure is dense and multi-strata as our study area, subordinate in-situ trees

will be poorly represented in terms of tree counts and mortality by remotely sensed trees.

In addition, we also hypothesized that errors of commission, which are produced during lidar
segmentation to generate the remotely sensed trees, influenced the representation of the tree
population. Therefore, we compared the remotely sensed and field trees with and without the
errors of commission. Last, we also examined how drought mortality influenced the trends of the
field and remotely sensed trees. To do so, only trees that were alive in 2018 were selected from
the pre- and post-drought remotely sensed tree datasets. In addition, the pre-drought remotely
sensed tree height and basal area values were excluded as these values reflected pre-drought
conditions.

The hypothesis for the second question was multi-band imagery (>= 1m) and mean lidar
intensity (0.75m) are sufficient to detect mortality trends of the tallest trees, but not trees <30m.
We surmised that the orthorectification of the imagery to the ground and the 1m resolution of the
imagery was inadequate to detect mortality in shorter height strata. If the remote sensing data
was applied to detect mortality pre-drought, it would be the largest and tallest trees that were
detected. We tested this hypothesis by comparing the manually classified, pre-drought remotely
sensed trees to the field tree mortality trends.

The third research question addressed multiple hypotheses focused on post-drought
mortality detection. First, we hypothesized that error from multiple sources reduced the mortality
detection of remotely sensed trees, post-drought, compared to the field trends. We expected one
of the main sources of error to be errors of commission associated with oversegementation of

the tree canopy. Oversegmentation produced a main tree segment along with one or more
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additional canopy segments. These errors were expected to be most significant in the post-
drought collected lidar as the data have less pulse density per meter square than the pre-
drought data. We also examined other sources of error related to the application of imagery for
mortality detection including the presence of shadows and whether the crown view was on or off
nadir.

Second, we hypothesized that remotely sensed trees collected pre-drought were more
effective for mortality and decay detection of the entire tree mortality event compared to remotely
sensed tree data collected two years post-drought. Since the pre-drought lidar segments
included trees that were alive pre-drought but died during the tree mortality event, they were
expected to be more effective for mortality and decay detection. For example, we expected the
pre-drought segments combined with post-drought imagery to display more decay evidence
such as logs, coarse woody debris, and emergent vegetation with coarse woody debris. The
post-drought lidar segments were anticipated to capture fewer decayed trees. Decaying trees
were frequently shorter stature, <=2m thus rendering them less likely to be segmented. If the
data supported this hypothesis, older remotely sensed tree “footprints” may be useful for
comparing how tree patterns change over time.

Finally, we compared the post-drought remotely sensed tree datasets to the field collected
datasets to examine the representation of drought induced tree mortality. We hypothesized that
both remotely sensed datasets well represented the mortality trends of the tallest trees, >30m.

In summary, our research goals were to describe which trees were best sampled by remotely
sensed trees; how remotely sensed trees captured a tree mortality event over time; and propose
a classification framework for tree mortality and decay. In this study, we examined datasets
collected pre- and post-drought that varied in temporal and spatial resolution. We compared
remotely sensed tree mortality information with field-based data to improve the application of

remotely sensed surveys of tree mortality events.
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2.3 METHODS
2.3.1 Study Area

The study area was composed of nine, four-hectare plots (Figure 2.1) of mature, multi-
strata Sierran mixed-conifer forest in the Teakettle Experimental Forest (Allen, 2005; Goodwin et
al., 2020) in the southern Sierra Nevada, California. The study area was selected because it was
fire excluded and had minimal to no management onsite. These conditions allowed the
examination of drought-induced tree mortality. The other criteria for site selection was the
availability of concurrently collected, pre- and post-drought, field and remotely sensed tree
mortality data. The field and lidar data were collected prior to and following California’s 2012-
2016 drought and tree mortality event (Fettig et al., 2019; Swain, 2015).

The nine unburned plots of the study area were the control plots for a long-term fire and
fire surrogates study within the 1,300 hectare Teakettle Experimental Forest and met the study
criteria (Goodwin et al., 2020; North et al., 2002). The Teakettle Experimental Forest is nested

within the north fork of the Kings River watershed in the southern portion of the Ecoregion and
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Figure 2.1. Study Area Figures. The Sierra Nevada Ecoregion (A) is a montane, conifer dominated region
of California with a Mediterranean climate. The study area (B) is in the Teakettle Experimental Forest in
the southern Sierra Nevada, which experienced significant tree mortality during California’s first warm
drought from 2012-2016. The study area includes nine field plots, each four hectares in area, that were
stem mapped with tree measurements collected in 2011 and 2018. Airborne lidar was collected in 2010,
which was used to segment trees (Jeronimo et al. 2018) using a watershed segmentation algorithm. Panel
(C) shows remotely sensed tree segments as white with red circles representing the field trees from a
zoomed in, aerial view of a portion of one of the nine field plots overtop 2018 NEON orthoimagery
(Gallery, 2022).

was vegetated with late-seral, mixed Sierran conifer forests (Fry et al., 2014; Goodwin et al.,
2020; North, 2002). The study area had a Mediterranean climate with warming and drought
events characteristic of the Ecoregion (Asner et al., 2016; Diffenbaugh et al., 2015; Gibson et al.,
2020; Swain, 2015). The elevation of the study area ranged from approximately 1,900 to 2,600
m, and annual temperature and precipitation vary from -3° to 25°C and 50 to 125cm,

respectively (Goodwin et al., 2020; Krofcheck et al., 2017).

2.3.2 Remote Sensing and Field Data and Datasets for Analysis
2.3.2.1 Remote Sensing Data

Pre-drought, 2010 Airborne Lidar
Watershed Sciences Inc. (Sciences, 2011) collected airborne lidar (i.e., light detection

and ranging) over the study area, in the summer of 2010, pre-drought, which was used to
segment remotely sensed trees. Details regarding the acquisition are provided in Table 2.1.

Pre-drought, 2010 Airborne Orthoimagery
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The 2010 National Agricultural Imagery Program (NAIP) (US Department of Agriculture,
2010), 4-band: 1.0m resolution orthoimagery was used to identify the mortality status of the pre-
drought remotely sensed trees. The acquisition parameters are described in Table 2.1.

Post-drought, 2018 Airborne Lidar and Orthoimagery Collection
The National Ecological Observatory Network (NEON) acquired airborne lidar and high

resolution RGB imagery, post drought, in the summer of 2018 across the study area (Gallery,
2022; Krause and Goulden, 2015). The lidar data were used to model the remotely sensed trees,
and the imagery was examined to identify the mortality status and presence of errors of both the
pre-drought and post-drought remotely sensed tree datasets. Acquisition details are provided in

Table 2.1.

Table 2.1

Remote Sensing Acquisition Parameters including data type and vendor at the time of collection, time
of acquisition, active or remote sensing sensor used to acquire data, acquisition parameters detailing
how data was collected, and the geographic coordinate information of the acquisition.

Data Type & Vendor Data Sensor Acquisition Coordinate
acquisition Parameters Information
Airborne lidar, Pre-drought  Leica ALS50 8 pulses/m2, NAD 83,
Watershed Sciences Summer Phase I 83kHz NAVD88 geoid,
Inc. 2010 sensors 1100 to 1500m altitude Universal
Scan angle +14° from Transverse
nadir Mercator (UTM)
4-band orthoimagery, Pre-drought DMC 1m resolution NAD83, UTM
National Agricultural Summer (Intergraph) 30% lateral overlap
Imagery Program 2010 and ADS Orthorectified to digital
(Leica) elevation model
RGB imagery, National Post-drought Phase One 0.1m resolution ITRFOO, UTM
Ecological Observatory Summer D8900 and 30 to 50% lateral
Network (NEON) 2018 IXU-RS-1000 overlap, 60% image
overlap
Airborne lidar, Post-drought Optech, Inc 24-6 pulses/m2 ITRFOO,
NEON Summer Gemini lidar 100khz NAVDS88, UTM
2018 sensor
12SEN311

2.3.2.2 Field-based tree measurements, “field trees”
Field tree measurements used in this analysis were collected as part of the Teakettle Fire

and Fire Surrogates Study and are further described in (Goodwin et al., 2020). Prior to the
inception of the drought in the summers of 2011 and 2012, all field trees =5 cm in the nine plots

(Figure 1) were stem mapped with a total station. Each tree was measured for longitude and
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latitude (X, y) and elevation (z). The measurements were collected based on the location of a
central, cardinal tree to ensure the relative position of trees to each other was consistent (North
et al., 2007, 2004).

In 2018, the stem mapping tree measurements were repeated with a LTI Laser
Technology Criterion 400 Survey Laser Meter/Rangefinder. The location of the trees was
collected in the WGS84 datum and projected to the Universal Transverse Mercator (UTM), Zone
11N. The location measurements collected in 2011 were updated using linear regression, and
the formula is described in Appendix A.

In addition to stem mapping, field trees were measured pre (2011-2012) and post-
drought (2018) for: 1) diameter at breast height in cm (DBH), 2) identification to species, 3)
mortality status (i.e., Alive/Dead) and decay status (Maser et al., 1979), and 4) agents of
mortality (i.e., bark was examined for the presence or evidence of bark beetles such as
Dendroctonus spp. or Scolytus spp).

Of the trees measured, five conifer species were present: Abies concolor, white fir; Abies
magnifica, red fir; Calocedrus decurrens, California incense cedar; Pinus jeffreyi, Jeffrey pine;
and Pinus lambertiana, sugar pine. Seventy-one oak trees (Quercus spp.) and 43 unidentified
species were stem mapped; however, these trees were not measured for DBH and were not
included in this study as height and canopy spread comparisons could not be ascertained.
Allometric equations

Total tree height and crown spread in meters were estimated for all conifer trees using
the species specific allometric equations from (Jeronimo, 2015). For all unknown species that
were measured for DBH, a general formula was applied to estimate height and crown spread,

respectively. The allometric equations for height and crown spread are provided in Appendix A.
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2.3.3 Data Processing & Classification

2.3.3.1 Remotely Sensed Tree Modeling/Segmentation
Jeronimo et al., 2018 described trees segmented from lidar as tree approximate objects.

Generally, tree approximate objects represent one canopy tree plus zero to many subordinate
canopy trees. We applied that definition of tree approximate objects here to mean a remotely
sensed tree, and we also used the same methods to segment the pre-drought (2010 lidar) and
post-drought (2018 lidar) trees (Jeronimo et al., 2018; McGaughey, 2018Db).

We selected the watershed segmentation algorithm (Jeronimo et al., 2018; McGaughey,
2018b) from the FUSION package to model overstory trees for the pre- and post-drought lidar
data. Although alternate lidar-derived tree modeling approaches can segment subordinate trees
(Li etal., 2012; Yun et al., 2022), we selected the watershed segmentation algorithm as it was
well tested for our forest type and area by co-author Jeronimo et al. 2018.

To create the remotely sensed trees, the US Forest Service’s FUSION software package
(McGaughey, 2018) was used to produce a canopy surface model (CSM) at 0.75 m resolution.
Next, the FUSION’s TreeSeg utility was applied to model individual trees from the CSM using a
watershed transform algorithm to produce lidar derived trees within the 9 plots in the study area
(Figure 2.2). The TreeSeg utility also produced a vector file format of lidar-based trees identified
as individual polygons or segments delineating the fullest extent of the canopy. In addition, the
TreeSeg utility provided an accompanying attribute table with location information (i.e., X and Y),
tree height (i.e., as Z), and cross-sectional area.

The TreeSeq utility also produced a 0.75m resolution raster of the first returns of lidar
intensity. We collected the lidar intensity information to support the identification of the mortality
status of the pre-drought remotely sensed trees consistent to (Grulke et al., 2020; Huang et al.,

2015; Roche et al., 2018).

2.3.3.2 Classifying Lidar-derived Tree Mortality & Lidar Errors
Pre-drought Mortality Status
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The mortality status of the pre-drought remotely sensed trees was ascertained by the
primary author by visually inspecting each remotely sensed tree with the 2010 lidar intensity,
2010 Normalized Differenced Vegetation Index (NDVI) values derived from the 2010 NAIP
imagery, and the true color NAIP imagery. Table A.1 in Appendix A provides the rubric with
visual examples used to label each of the pre-drought remotely sensed trees as live, dead,
mixed, or other via photointerpretation. The class “Other” which essentially included the capture
of boulders was added to the labeling using the 2018 NEON imagery. The mortality status of
each of the pre-drought remotely sensed trees was conducted in ArcMap Pro, Version 2.8
(“ESRI ArcGIS Pro Version 2.8,” 2021).

Post-drought Mortality Status, Error, and Imagery Alignment Classification

The mortality status of the combined and post-drought remotely sensed trees was also
ascertained by the primary author using the 2018 NEON RGB imagery. Each of the remotely
sensed trees was individually examined for mortality and decay status; the presence of lidar
segmentation errors; and whether the imagery and remotely sensed tree were on nadir or
displayed shadows according to the rubric in Table A.2, Appendix A. This process was also
conducted using manual classification in ArcMap Pro, Version 2.8 (“ESRI ArcGIS Pro Version

2.8,” 2021) in a similar approach to the pre-drought assessment.

2.3.3.3 Pre- and Post-Drought Remotely Sensed and Field Tree
Datasets
In this study, a remotely sensed tree is defined as a tree canopy

outline produced from segmenting airborne lidar and the orthoimagery L A

Figure 2.2. Example
used to examine the tree of interest through photogrammetry. Figure 2.2 of a remotely sensed
tree with canopy

illustrates an example of a remotely sensed tree where the lidar-derived ?ggmené derived from
Idar an

canopy segment overtops the orthoimagery used to identify the mortality ©rthoimagery.

status. This study involved the comparison of multiple pre- and post-

drought, field and remote sensing tree datasets to carry out the research questions (Figure 2.3).
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Figure 2.3. Pre- and Post-drought remotely sensed tree and field (in-siu) tree datasets.

While the field data were collected pre and post drought to create two distinct field datasets,
three different datasets of remotely sensed trees were produced from fusing the lidar and
orthoimagery. First, the pre-drought remotely sensed tree dataset was developed, which included the
2010 lidar trees combined with the 2010 NAIP data. The “combined” remotely sensed tree dataset was
produced by fusing the 2010 lidar trees with the 2018 imagery. Finally, the post-drought remotely
sensed tree dataset was created using airborne lidar and orthoimagery collected in 2018. These
datasets are used to address different research questions throughout this study, and the dataset
names will be specifically called out as pre-drought, combined, or post-drought remotely sensed data,

as necessary.

2.3.4 Analysis
2.3.4.1 Question 1: What subset of the population of trees are remotely sensed trees detecting
pre- and post-drought?

We compared the pre- and post-drought trends of remotely sensed and field trees by

examining tree counts, height, basal area, number of neighbors, and distance to neighbors. Our
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goal was to describe whether remotely sensed trees represented field trees on a one-to-one
basis or one larger tree and one or more subordinate trees, pre and post drought. In addition, we
evaluated these comparisons using the datasets with and without the presence of errors of

commission.

Pre-drought
The pre-drought remotely sensed tree dataset were prepared for analysis by removing

errors of commission (i.e., errors of commission are described in Table A.2, Appendix A). Lidar

segmentation yielded errors of commission and omission. However, it is the errors of

commission that were involved Remotely Sensed Trees Field Trees

R IRy,
in oversegmented canopies or 0er v ® 4

segmentation of a boulder that
could be quantified and @Q
compared. The additional 9
canopy segments and boulders
were removed from the

dataset. Further, any remotely

neighboring
sensed tree identified as a tree
detected detected
boulder that did not show the within 10m within 10m
presence of a tree in the Figure 1.4. Remotely Sensed and Field-based Tree Neighborhoods.
We will measure the number of tree neighbors, heights, and calculate
imagery was also removed. mean distance to neighbors of both the remotely sensed and field
trees. Above, the remotely sensed tree on the left shows one neighbor
After the errors of within 10m while the field tree on the right shows three neighbors within

10m. We expect the large number of tree clumps to obscure tree
martalitv cantiire

commission were removed, the

mean and standard deviation values for height (m), number of neighbors within 10m for <=30
individuals, and distance to neighbors (m) were calculated. To identify all neighbors and distance
to neighbors of the remotely sensed and field trees, the Generate Near Tool in ArcGIS Pro

(“ESRI ArcGIS Pro Version 2.8,” 2021) was applied and measurements were captured in meters.
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All neighbors within a 10m radius for < 30 neighbors were identified and associated with each
remotely sensed and field tree. The mean number of field trees that were “hiding” beneath the
canopy of a remotely sensed tree were also assessed. To do so, a one-to-many Spatial Join in
ArcGIS Pro was applied to identify the field trees associated with each remotely sensed tree
canopy. For the Spatial Join, all live and dead field trees were selected.

Basal area was treated separately from the other metrics in terms of errors of
commission involving oversegmented canopies. The basal area of all live and dead trees was

calculated with and without the errors of commission.

Post-drought
For the post-drought analysis, the field tree dataset as well as the combined remotely

sensed tree and post-drought remotely sensed tree datasets (Figure 2.2) was compared. To do
so, only trees that survived the drought were selected from the remote sensed and field tree
datasets. Afterwards, all the steps and metrics generated for the pre-drought assessment were
repeated. However, the 2010 remotely sensed tree height and basal area values were excluded

as these values reflected pre-drought conditions.

Statistical Analysis
To compare the frequencies between the pre- and post-drought datasets for all metrics,

two-sided t-tests will be performed and differences in means will be examined with ANOVA.

2.3.4.2 Question 2: Can multi-band imagery and lidar intensity at 1m resolution be applied to
detect pre-drought mortality trends consistent with field assessed mortality?

We hypothesized that 4-band imagery, 1m resolution, and lidar intensity, 0.75m
resolution, applied to classify the mortality status of pre-drought trees produced consistent trends
to the tallest field trees (>30m). To investigate this question, we compared the pre-drought

mortality trends of the remotely sensed and field trees in terms of frequencies and basal area by

three height classes (0 to 10m, 10m to 30m, and +30m).
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Statistical Analysis
The Chi-square goodness of fit test was performed to examine the differences between

counts of dead remotely sensed and field trees.

2.3.4.3 Question 3: How does error and data age bias post-drought mortality and decay
detection? How do remotely sensed tree datasets represent the post-drought mortality and
decay trends of field trees?

How does error and data age bias post-drought mortality and decay detection?

We hypothesized that the errors associated with capturing remotely sensed tree information
influenced the representation of post-drought mortality trends compared to the field trees.
Specifically, the influence of errors of commission and omission associated with lidar
segmentation, shadows in imagery, and imagery alignment on post-drought induced tree
mortality and decay were evaluated and compared between the combined and post-drought
remotely sensed tree datasets. To test this hypothesis, the frequencies and basal area of the
errors by mortality and decay classes were examined by height strata (0 to 10m, 10 to 30m, and
+30m).

Can pre-drought remotely sensed trees detect tree decay?
We also hypothesized that data age (i.e., when the data were collected) influenced the

mortality and decay patterns captured by remotely sensed trees. The combined dataset included
airborne lidar that was collected pre-drought in 2010, and the post-drought dataset that included
lidar collected post-drought in 2018. This hypothesis was examined by evaluating differences in

frequencies of the mortality and decay classes between these two datasets by height strata (0 to

10m, 10 to 30m, and +30m).

Statistical Analysis
The proportions and Chi-square tests was conducted to ascertain if differences between the

combined and post-drought remotely sensed tree datasets were statistically significant.

How do remotely sensed tree datasets represent the post-drought mortality and decay trends of
field trees?
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The combined and post-drought remotely sensed tree mortality datasets were
hypothesized to represent the field tree mortality trends of the tallest trees. This hypothesis was
tested by comparing the frequencies and basal area of mortality between the remotely sensed
and field datasets by height strata (0 to 10m, 10 to 30m, and +30m). These data were compared
with and without the presence of errors of commission involving additional lidar canopy

segments.

Statistical Analysis
T-tests were applied to test for differences in the post-drought basal area metrics, and

the proportions tests was used to examine differences in frequencies between the remotely

sensed and field tree datasets.

2.3.5 Computing Environment
All comparisons of remotely sensed to field trees were conducted in the R computing

environment (version 4.2.2) with RStudio (version2022.07.2+576) accept where noted. Base r
and tidymodels (1.0.0) infer package (1.0.4) were applied to conduct descriptive and basic
statistical tests to compare frequencies and proportions tests (Chi-square), group means (T-test
and analysis of variance (ANOVA), respectively.

2.4 RESULTS

2.4.1 Question 1: What subset of the population of trees are remotely sensed trees detecting
pre- and post-drought?
We analyzed how remotely sensed trees represented field trees and their associated

mortality trends prior to and following a tree mortality event (Table 2.2).

Table 2.2

How remotely sensed trees compare to field trees. Remotely sensed or field tree type, number of lidar or field
trees (n), mean height (MH), standard deviation of height (StH), total cumulative basal area, mean field trees
intercepted pre-drought (MTPr), mean field trees intercepted, post-drought (MTPo), mean number of neighbors
(MNN), standard deviation of neighbors (StN), mean distance to neighbors (MDN), standard deviation of
neighbor distance (StDN). All additional segments produced from oversegementation were removed prior to
analysis.

1) Mean height for field trees is based on the estimated heights acquired from the allometric equations applied
based on the taxonomic status. 2) Remotely sensed trees-RSE

*p-value <0.05 **p-value <0.005 ***p-value<0.0005

Summary of Field and Remotely sensed tree Values
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Type n MH! StH (m) Total MTPr  MTPo MNN StN MDN StDN
(m) Basal
Area
(m?)
Pre-drought Live and Dead Trees*
RSE? 3,066 239 16.7 1,899.7 2.1 NA 7.1 3.0 5.1 1.2
Field 9,780 155 13.0 1,850 NA NA 13.9 8.2 5.9 1.3
Trees
t-test 275 -2.39 -66 -28.4
StatIStIC *k*k * *%k% *k%k
Post-drought, Trees Alive in 2018*
Combin 2,063 NA NA NA NA 2.0 5.0 2.5 5.0 1.6
ed
RSE?
Field 6,047 156 11.8 1,527 NA NA 8.6 5.8 5.8 1.8
Trees
Post- 2,165 246 158 1,343 NA 2.0 5.2 2.6 5.0 1.6
drought
RSE?
ANOVA 30.2 763 464
StatIStIC *k% *k% *k%

Specifically, Table 2.2 includes the comparison of the pre-drought live and dead field and
remotely sensed trees. In contrast, the post-drought values represent the surviving field and

remotely sensed trees datasets.

All metrics were reported without the additional segments produced as errors of commission

except for basal area. The basal area values were estimated with and without the additional
canopy segments for all the remotely sensed datasets. The pre-drought basal area with the
additional canopy segments was 2,223 m?, which was larger than the pre-drought field tree
basal area by 373 m.2 The post-drought remotely sensed tree dataset overestimated the

surviving tree basal area with the additional segments by 352 m2at 1,879 m? compared to

underestimating live basal area by -184 m?without the additional segments when compared to

the field trees (Table 2.2).
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2.4.2 Question 2: How do the pre-drought mortality trends of remotely sensed trees differ from
field trees?

Pre-drought tree mortality by Remotely Sensed and

Pre-drought i
g Field Trees Counts

mortality was compared Pre-drought remotely sensed trees - Field trees
0-10m

between the lidar and the

field trees. Overall, the

pre-drought mortality of

10-30m
the remotely sensed £ 30
g 200
trees poorly represented 8 o
the field tree mortality +30m

(Figure 2.5). The number

of dead remotely sensed

Pre-drought remt;.ttely sensed trees Field tfees
trees identified with the

i i . Figure 2.5. Number of pre-drought remotely sensed trees and field trees
lidar intensity and NAIP  ientified as dead per height strata, chi-square statistic of 7.6, one degree of

) freedom, and p-value=0.006.
NDVI data was one-third

of the proportion of field trees in each of the height class (0 to 10m, 10 to 30 m, and +30m),
respectively. In addition, the pre-drought remotely sensed trees also poorly represented the

basal area across all height classes (Appendix A, Figure A.1).

2.4.3 Question 3: How does error and data age bias post-drought mortality and decay detection?
How does error bias mortality detection?

The influence of error associated with lidar tree segmentation and imagery were evaluated in
both remotely sensed tree datasets (i.e., the combined (2010 lidar tree) and post-drought
remotely sensed tree datasets (2018 lidar tree)) by examining the post-drought imagery. Multiple
sources of error were considered including lidar segmentation, shadows, and imagery alignment
(Appendix A, Figure A.2). First, the errors of commission and omission associated with lidar

segmentation were evaluated. The Chi-square goodness of fit test confirmed that the errors of
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commission involving oversegementation and omission of trees were different between the
remotely sensed trees groups, X-squared = 327.52, df = 2, p-value < 2.2e-16. Despite these
differences, both remotely sensed trees groups had 66% of segments with no visible evidence of
lidar segmentation errors.

The post-drought remotely sensed trees were expected to have more errors of
commission due to the lower lidar pulse density of the data collection, which can yield
commission errors involving the tree canopy during lidar segmentation (Figure 2.6 and Appendix
A, Figure A.3). The distribution of errors of commission between the remotely sensed trees by
live and dead status is depicted in (Appendix A, Figure A.3). Figure A.3 in Appendix A shows
that the post-drought (i.e., 2018 lidar trees) remotely sensed trees had the greatest number of
oversegementation errors, and these errors were most common in live trees. Additionally, the
proportions test supported these differences, test statistic of 246, df=2, and p-value= 4.35e-54.

The frequency of errors of commission that involved the detection of boulders was also
compared. The overall rate of detection of the boulders was low (Figure 2.6); however, the
combined remotely sensed trees contained 66 boulders and the post-drought remotely sensed
trees had seven, which represents <1%.

Of the trees that died during the drought, the combined remotely sensed trees showed a 4-
fold increase in errors of omission compared to the post-drought remotely sensed trees (Figure
2.6 and Appendix A, Figure A.4). The proportions test also supported this difference; the test
statistic was 178, df=1, and a p-value=1.38e-40. Although the combined remotely sensed trees
were identified as having greater errors of omission, this status was applied using post-drought
imagery. Many of the errors of omission may not be true errors. Instead, they may be a product
of the remotely sensed trees revealing subordinate vegetation in place of a dominant tree that
died. However, this theory cannot be tested as the pre-drought imagery did not provide the

spatial resolution to examine errors of omission.
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Both remotely sensed tree datasets were also assessed for whether the imagery alignment
was on nadir, Table A.2, Appendix A. Of all remotely sensed trees, imagery alignment or “on
nadir” was 71% for combined remotely sensed trees and 76% for post-drought remotely sensed
trees. The proportions test was conducted to evaluate whether the combined and post-drought
remotely sensed trees had consistent proportions of imagery in alignment. The test statistic was
839 with df=2 and a p-value of 5.36e-183, which demonstrates these proportions were not
consistent between these two groups. These differences may be attributed to the lidar and
imagery data being collected in different geographic datums.

Finally, the role of shadows was evaluated for reducing tree mortality detection, and the
influence was most pronounced in the shortest of trees (Figure 2.6). Shadows obscured the view
of four percent of the combined remotely sensed trees in the 0 to 10m height class and three
percent of the post-drought remotely sensed trees, respectively. This number is not insignificant
as detecting mortality of trees <10m is the most represented of all the height classes. The

proportions test did indicate that the combined and post-drought remotely sensed trees were
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different in terms of shadowing. The test statistic was 4.48, with df=1 and a p-value of 0.03 for

the two-sided test.

Frequencies of lidar segmentation and presence of shadows by height strata and mortality

detection in 2010 and 2018 lidar trees
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Figure 2.6. Frequencies of lidar segmentation errors and other error sources. This graph displays the
frequency of post-drought mortality by height strata (0 to 10m, 10 to 30m, and +30m) of combined and
post-drought remotely sensed trees by remotely sensed tree segments that appeared free of segmentation
errors;2) displays the frequency of post-drought mortality by height strata of combined and post-drought
remotely sensed trees of the main segments (errors of commission); 3) displays the frequency of post-
drought mortality by height strata of combined and post-drought remotely sensed trees of the additional
segments;4) displays the frequency of post-drought mortality by height strata of combined and post-
drought remotely sensed trees based on errors of omission of trees; and 5) displays the frequency
boulders and shadows of the combined and post-drought remotely sensed trees as these errors can impact

mortality detection.
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Can pre-drought remotely sensed trees (data age) aid in detecting tree mortality and decay?

Figure 2.7 depicts the comparison that illustrates only the combined remotely sensed tree
dataset captured tree decay following the snag stage across all height classes. The proportions
test revealed significant differences between the pre- and post-drought remotely sensed tree

mortality classes with a test statistic of 173, df=6, and p-value of 9.57e-35.

Can pre-drought remotely sensed
trees (data age) aid in detecting tree
mortality and decay?
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Figure 2.7. Comparing the ability of remotely sensed trees to capture tree mortality and decay. Dead
and decay proportions of combined and post-drought remotely sensed trees as identified in the 2018
NEON, post-drought imagery. The class descriptions and rubric are described in Table A.2, Appendix

36



How do remotely sensed trees collected pre- and post-drought detect tree mortality compared to
field tree trends?

The post-drought frequencies of dead tree counts and basal area of both remotely sensed
tree datasets were compared to the field trees (Figure 2.8). The comparisons were made with
and without errors of commission (i.e., additional canopy segments). The presence of additional
segments most influenced the post-drought remotely sensed tree dataset, and this dataset was
captured with poorer resolution lidar data. Without the lidar segmentation errors, the combined
remotely sensed data better represented the numbers of trees present than the post-drought

data. Overall, the representation of dead tree counts precipitously increases with tree height

Post-drought mortality basal area of all dead trees Post-drought mortality of all dead trees counts

with addition segments by tree height with addition segments by tree height
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Figure 2.8. Post-drought basal area and tree counts with and without addition segments by height strata
for the combined, post-drought remotely sensed trees and field trees. The top two graphs represent tree
mortality by basal area and tree frequenues for the combined and post- drought remotely sensed trees
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(Figure 2.8) In terms of basal area, the additional segments produced from lidar segmentation
error did support capturing >70% of the dead basal area. The tallest dead trees represented
most of the dead basal area, which the remotely sensed trees represented.
2.5 DISCUSSION

In this study, we examined how pre- and post-drought remotely sensed tree datasets that
were produced using high resolution lidar and imagery represented in-situ or field trees. In
addition, we addressed the role of spatial resolution, error, and data age to represent tree
mortality trends. Our findings support the importance of testing and field validation (Babcock et
al., 2015; Fassnacht et al., 2016; Murray et al., 2019) in the application of remotely sensed tree
assessment approaches (Lines et al., 2022). Testing is especially important in novel forest types
under a variety of forest structure conditions and in response to perturbations. As remotely
sensed tree datasets increase in availability, it is necessary to evaluate the effectiveness of

representing forest ecosystem diversity in response to ecological and environmental changes.

Question 1: What subset of the population of trees are remotely sensed trees detecting pre- and
post-drought?

In this study area, the local forest structure was influential in determining whether a field tree
was detected and represented as a remotely sensed tree (Table 2.2). Smaller stature trees were
overwhelmingly more numerous, but they were not evenly dispersed. Instead, they were close in
proximity to tall, dominant trees and were hidden in the canopy of the larger trees .This outcome
suggests that single strata forests surveyed with high resolution remote sensing may better
reflect population trends assuming a minimum tree size threshold and relevant imaging for the
respective phenomenon (Huesca et al., 2021). Dense, multi-strata forests such as Teakettle can
belie population trends such as mortality when the smallest and most numerous trees die and
remain hidden from view. Two mechanisms explain why these smaller dead trees may remain
hidden. First, nearby shorter stature and dominant trees may be subject to errors of omission

during tree segmentation, and second, shadows cast by larger trees can occlude mortality

detection in imagery (Arkin et al., 2023; Huemmrich, 1996; Polewski et al., 2015).
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In contrast, we expect that tree mortality will be overrepresented in multi-strata forests when
mortality favors dominant or tall trees, which were well captured by remote sensing. For
example, the ponderosa pine forests of the lower elevations of the Sierra were reported to have
higher incidence of tall Pinus mortality at the drought’s inception, which were well captured by
remotely sensed data (Fettig et al., 2019; Stephenson and Das, 2020; Stovall et al., 2019). Since
tree mortality is highly dependent upon species and host tree selection during a drought or
wildfire, field assessments are important for validating any trends exclusively captured by
remotely sensed data with similar automated individual tree detection methods to our study
(Casas et al., 2016; Hemming-Schroeder et al., 2023; Ma, 2018; Murray et al., 2019; Stovall et
al., 2019). New methods for detecting smaller trees in the understory are available (Yun et al.,
2022). However, it is important to test and empirically validate any approaches in different
vegetation types and against events that can elicit significant changes in mortality and forest
canopy architecture (Murray et al., 2019).

In summary, the numbers of pre- and post-drought field trees outnumbered all remotely
sensed tree datasets by an average of 3:1. Pre- and post-drought remotely sensed trees
reflected the trends of the top-of-the-canopy field trees. In other words, the remotely sensed
trees represented the dominant field trees that were visible to the lidar and camera sensors
regardless of being tall or short. However, most top-of-the-canopy trees were very tall in the
study area, >30m, which biased the representation of remotely sensed trees to the tallest or
dominant field trees. This trend was also supported by the basal area measurements. Despite
remotely sensed trees representing a third of the field trees, the basal area measurements were
in the range of the field tree basal area with or without errors of commission from lidar
segmentation (i.e., the additional lidar segments).

Question 2: How do the pre-drought mortality trends of remotely sensed trees differ from field
trees?
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Although pre-drought airborne imagery and lidar intensity were available for evaluation of
mortality detection in the remotely sensed trees, the frequency of mortality detection in this study
was poor in comparison to the field data prior to the drought. We expected detection to be
greater in the tallest height strata as these trees often have large, visible canopies, which were
observable by the sensors. Since the same methods for mortality detection were successfully
applied to the detection of post-drought remotely sensed tree mortality, we surmised that the
lack of detection in the pre-drought remotely sensed trees was due to properties of the pre-
drought imagery.

The pre-drought, 2010 NAIP orthoimagery used in this study was 4 band, which provided
the ability to use both natural color and NDVI for crown mortality detection. However, several
aspects of this imagery likely contributed to very limited mortality detection. The combination of
the spatial resolution, relief displacement, and radial distortion (Campbell, James B., Wynne,
2011) of the imagery most likely contributed to poor mortality discrimination. Overall, we found
using NAIP imagery that was orthorectified to the ground produced oblique views of the tree
canopies, which made attempting to determine the presence of a tree canopy or it's mortality
status very difficult. Further, differentiating between the ground and dead tree canopies was
limited whether using true color, NDVI, or lidar intensity values for mortality detection. Another
factor that likely reduced detection was the imagery and lidar data were collected in different
coordinate systems, which yielded a shift in alignment between the canopy segments and
imagery. Although the imagery was re-projected to the coordinate system of the lidar data, the
mortality detection continued to yield poor detection.

We found more effective tree mortality detection with the higher resolution (0.1m), post-
drought, NEON RGB imagery, which was orthorectified to reduce relief displacement, compared
to the 1m, 4-band NAIP. In other words, the orthorectification of the higher resolution, post-
drought imagery produced more nadir canopy views. These direct views of the top of the canopy

condition allowed for accurate mortality detection. At first pass, our results using higher
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resolution imagery to detect mortality seemed to contrast with the results of the Lodgepole pine
(P. contorta) tree mortality classification study of Meddens et al., 2011. They aggregated 0.3 m
imagery to 2.4 m resolution and experienced improved tree mortality crown classification
(Meddens et al., 2011). Several explanations may explain the differences in mortality detection
between this study and Meddens et al., 2011. First, more powerful machine and deep learning
approaches are now available that aid in discriminating high-resolution imagery. Second, the
differences in forest structure between the two study areas may have also influenced mortality
detection with more coarse imagery. Although we do not know the exact forest structure present
in the Meddens et al., 2021 study, generally lodgepole pine forests tend to be more densely
packed due to their longer fire intervals than our study area. In our study area, tree clumps and
gaps were present, and the needle cast covered gaps were challenging to discriminate from the

trees.

Question 3: How does error and data age bias post-drought mortality and decay detection?
How do remotely sensed tree datasets represent the post-drought mortality and decay trends of
field trees?

How does error and data age bias post-drought mortality and decay detection?

We found the presence of error to be very important in influencing the detection of
mortality by remotely sensed trees. Based on our methods and results, errors of commission and
omission as well as shadows in imagery limited the number of in-situ tree capture and
representation by a combined average of 10-15%. This influence is not trivial when on average
we were only accounting for capturing a third of the tree mortality overall. Errors of commission
such as oversegmentation of the large tree canopies exaggerated the numbers of remotely
sensed trees. In addition, although these additional segments were tall, they can underrepresent
the canopy size of dominant trees and minimize average tree biomass. However, even with the
presence of errors of commission, the frequency of these errors did not produce overestimates

of tree numbers.
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In contrast, errors of omission can result in many trees being undetected, reducing tree
counts and the ability to track survivorship. We found that the age of a lidar tree segment
potentially inflated the appearance of errors of commission following a tree mortality event. The
most likely explanation for this occurrence is that the dominant tree died after segmentation and
exposed multiple subordinate trees below. Shadows also played an important role in reducing
tree mortality detection, and shadows most influenced the capture of survivorship in the shortest
stature trees. Our results suggest that the occurrence of shadows in imagery (Arkin et al., 2023;
Huemmrich, 1996; Polewski et al., 2015), the method of individual tree detection, and data age
can individually and cumulatively reduce detection, which can diminish population
representation.

Can the pre-drought remotely sensed trees detect tree decay?

Older lidar tree canopies proved worthwhile for tracking overstory tree mortality and
decay. This outcome is very important for the future application of remotely sensed trees to track
tree survivorship and decay through time. The combined lidar tree canopies acted as “footprints”
of former trees. These footprints represented live and dead trees when collected pre-drought.
Since eight years passed between their segmentation, the drought, and then the 2018 imagery,
trees that died may also have decayed beyond the snag stage. Therefore, the pre-drought
canopy tree footprints were effective for capturing coarse woody debris with and without
vegetation as well as emergent live and dead trees.

These footprints provided novel ways to track forest canopy structure changes at the
scale of overstory trees. As such, this information can aid in tracking the fate of trees following
complex events such as drought and fire relationships in the Sierra (Stephens et al., 2022;
Wayman and Safford, 2021), forest stage transformation (Stephens et al., 2018), regeneration
(Young et al., 2019), and reforestation (North et al., 2019)

How do remotely sensed tree datasets represent the post-drought mortality and decay trends of
field trees?

42



The underrepresentation of mortality in smaller stature trees was to be expected since on
average each dominant remotely sensed tree concealed an average of two subordinate trees
pre-drought. The finding that many, shorter stature trees died and were undercounted is
ecologically important as similar studies consistently reported greater mortality in the tallest trees
(Stovall et al., 2019; Young et al., 2017; Fettig et al., 2019; Koontz et al., 2021). There were
many potential factors responsible for this study’s findings of greater tree mortality in the shortest
stature trees.

First, we assessed mortality trends two years post-drought in 2018. Most of the tree mortality
study findings of the 2012-2016 drought were based on data collected during the drought event
(Asner et al., 2016; Das et al., 2022; Fettig et al., 2019; Paz-Kagan et al., 2017; Stephens et al.,
2018; Stephenson and Das, 2020). At the inception of the drought mortality event, tree mortality
was reported to be most profound in the tallest trees (Stovall et al., 2019; Young et al., 2017;
Fettig et al., 2019; Koontz et al., 2021) and more concentrated in P. ponderosa forests, which
were in lower elevations that our study area. Large numbers of taller Pinus trees dying was
attributed to the preference of D. brevicomis (Axelson et al., 2019; Fettig et al., 2019; Stephens
et al., 2018). Therefore, it was possible that our study captured delayed mortality of smaller trees
that may have perished at the end or after the drought.

It is also possible that our study area in the Teakettle Experimental Forest, which includes
some higher elevation Red fir forests, experienced mortality differences related to environmental
and species differences. For example, our study area was dominated by A. concolor, which is
more uncommon in the lower elevations of the Sierra. A. concolor is more likely to experience
significantly shorter tree mortality related to competition (Barbour et al., 2002; Smith et al., 2005)
and due to the host preferences of Scolytus spp (Ferrell et al., 1994). Although ecological and
environmental factors may have contributed to the greater mortality of shorter trees or their

delayed mortality, it is also possible the mortality patterns of these hidden, shorter trees were
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missed by previous remotely sensed studies (Hemming-Schroeder et al., 2023; Stephenson and
Das, 2020; Stovall et al., 2019) due to the absence of ground validation.

Our study illustrates the importance of investigating error by conducting field validation in
the inventory and population based assessments of forest trends with air and space-borne
based remote sensing of trees. These platforms are particularly susceptible to missing trends in
the understory (Jakubowski et al., 2013; Jeronimo et al., 2018; Vauhkonen et al., 2012);
therefore, population-based studies of forests may consider modifying sampling or experimental
designs to ensure representation. Several important lessons from this study can be applied to
future study designs that use high fidelity remote sensing and field data to examine ecological
phenomena at the scale of individual trees or other phenomena (Das et al., 2022).

Future research

We recommend that future research efforts ensure the evaluation of error or uncertainty
as well as the bias of their remotely sensed tree measurements. This study relied on a
computationally efficient method to model remotely sensed trees. This method, watershed
segmentation, was selected principally because it was field tested on Sierran mixed-conifer
forests nearby to the study area by co-author Jeronimo. Further, it is an efficient approach and in
use by scientists in the Sierra Nevada Ecoregion?. Therefore, it is possible to extend this
approach to other regions of the Sierra Nevada where high fidelity lidar and imagery are
available. However, error assessments and field validation will be necessary to address
uncertainty (Antonarakis et al., 2017; Babcock et al., 2018; Friedlingstein et al., 2022; Song,
2018) and bias related to remotely sensed methods such as shadows (Arkin et al., 2023;
Campbell, James B., Wynne, 2011; Huemmrich, 1996; Polewski et al., 2015) or imagery
alignment (Campbell, James B., Wynne, 2011).

As a range of new, high resolution remote sensing data become more ubiquitous, novel
remotely sensed tree datasets could be created by coupling a variety of datasets such as lidar

and small satellite data that is <1m resolution. In 2022, the State of California collected high
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resolution lidar across large regions and NAIP imagery statewide (Pers. Communication with N.

Roth and L. Moreno, State of California, December 2022). These data afford many opportunities
to extend this approach and develop other capabilities (Hemming-Schroeder et al., 2023; Jiao et
al., 2021; Swatantran et al., 2011) to examine forest condition in high fidelity.

While our methods involved a lidar segmentation approach, other methods (Casas et al.,
2016; Donager et al., 2021; Zhou et al., 2018) could use this methodology or other techniques
for tree mortality detection and likely improve upon it. Algorithms such as (Yun et al., 2022) are
available that may afford better detection of smaller stature trees and other vegetation from lidar.
Such approaches may better detect understory trees, and these methods may be more effective
for limited areas where tree density is significant and multi-strata forests exist. However, all
methods will likely be unable to identify the mortality status of smaller stature trees and shrubs in
the understory of canopy trees because these individuals are obscured from the view of fixed
wing and satellite-based remotely sensed platforms. In other words, it may be possible to
segment a tree from a point cloud, but field assessment whether by site visit or with a unmanned
aerial vehicles (UAV) will be required to determine its fate. While dead understory trees may not
be substantial in terms of biomass, they represent an important aspect of forest ecology and
regeneration.

The rapid increase in the application of terrestrial and mobile lidar and unmanned aerial
vehicles (Donager et al., 2021; Hastings et al., 2020; Marchi et al., 2018; Mohammadpour,
Pegah, and Viegas, 2022; Paczkowski et al., 2021) as well as traditional field sampling afford
new opportunities to identify, monitor, and understand the status of all trees, particularly the
understory of forests. We recommend that stem mapping and remote sensing collection efforts
be aligned as best as possible in terms of consistent geographic coordinates and temporal
periods. The assessment of error and field validation to address uncertainly were critical
components to ensuring the accurate representation of population trends in remote sensing of

the environment.
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Conclusion

Field validation to address uncertainty is critical to the interpretation of high resolution
remotely sensed phenomena (Fadili et al., 2019; Hu et al., 2019; Hudak et al., 2012). Climate
change is yielding rapid and extensive changes in ecosystems, which makes the case for
addressing uncertainty in remotely sensed tree measures crucial to effective mitigation efforts.
Field validation campaigns can be very costly; however, improved field and UAV mounted with
lidar and imaging cameras could reduce costs and improve the resolution of the understory
(Donager et al., 2021; Marchi et al., 2018; Nitoslawski et al., 2021).

Evaluating remotely sensed errors is also becoming increasingly important as the field
evolves and new methods are applied to ecological studies. Variability and error exist in all
ecological studies and assessments (McCune et al., 2002); therefore, it is imperative that error
be evaluated in remotely sensed studies. This necessity is especially true as these methods are
more commonly applied as proxies to the assessment and trends of populations. It will be
necessary to address whether bias leads to over representing taller trees, live versus dead,
certain species, or if the temporal collection of data improves some population estimations in-lieu
of others. Future studies applying new individual tree detection methods can benefit from
capturing error rates (Babcock et al., 2018; Murray et al., 2019; Olofsson et al., 2014) and field

validation to address the limitations of these approaches in representing in-situ trends.
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APPENDIX A, Chapter 2

A.1l: Remote Sensing Acquisitions
2018 NEON Orthoimagery-Mortality Status

The NEON program collected 3-band, 0.1 m imagery over the Lower Teakettle Area of Interest,
which subsumes the study area (Figure 1) and provided a detailed overstory view of tree status
in high spatial resolution. Unlike traditional orthorectification to the digital terrain model that often
results in distorted side-views of tall trees, the NEON program used an orthorectification process
to balance distortion related to taller objects such as trees. Instead, the images were spatially
resampled to reduce the discrepancy in resolution from lidar to camera, which provided a more
nadir (i.e., top of the crown) view of trees.
Field-based tree measurements, ‘“field trees”

To update the locations of each tree the original value was multiplied times the slope and
the original intercept value was applied to each x, y, and z coordinate, respectively. For this
analysis, the updated tree measurements acquired from the linear regression were reprojected

to the coordinate system of the airborne lidar data.

A.2: Allometric equations
These formulas were derived from lidar based measurements of trees in the southern Sierra

Nevada in the Sierra Mixed Conifer forest type, which occupies the study area and are described
in (Jeronimo, 2015).

log(Height) = —0.34 + 0.84 * log(DBH) + ¢ (spcl1)

CrownSpread = 0.98 + 0.04 * DBH + c(spc3)
The species-specific constant for Height (spc1) for A. concolor is 0.19, A. magnifica is 0.17, C.
decurrens is 0, P. jeffreyi is -0.06, and P. lambertiana is 0.18. For crown spread, the species-
specific constants (spc3) are A. concolor is 0.12, A. magnifica is -0.19, C. decurrens is O, P.
jeffreyi is -0.58, and P. lambertiana is 1.30.
The estimated measures of height and crown spread are necessary to compare field trees to

remotely sensed trees, which include maximum height, canopy area, and circumference. The
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basal area of all trees included in the analysis were calculated from the DBH using the following

formula.

DBH
200

Basal area = pi * (.

)2
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A.3: Pre-drought (2010) Remotely Sensed Tree Mortality Classification
Table A.1l. Rubric of Pre-drought (2010) Remotely sensed tree Mortality Classification

Pre-
drought
(2010)
Remotely
sensed tree
Mortality
Class

Lidar Intensity Visual
Examples

Definition

Live

Remotely sensed tree segments were labeled as live if
~22/3 of the canopy area was dominated by the upper third
of the intensity values (>170) with the crown center usually
displaying the highest intensity values. In addition, the true
color NAIP 2010 & NDVI values derived from the NAIP 2010
data were visualized to support labeling a tree as live. A tree
was labeled as live if the upper 1/3 of NDVI values
intersected the lidar segment, or if the tree canopy appeared
green in the true color imagery. The lidar intensity values
received the priority for labeling as they were on nadir and
finer in resolution.

Mixed

Remotely sensed tree segments were labeled as mixed if
~22/3 of the canopy area was dominated by the middle third
of the intensity values in the range of (85>x<170). Or, if
remotely sensed tree segments were labeled as mixed if
half of the segment appeared as a live tree and the other
half as a dead tree. In addition, the true color NAIP 2010 &
NDVI values were examined to support labeling as Mixed,
but the lidar intensity values received the priority for labeling
as they were on nadir and finer in resolution.

Dead

Remotely sensed tree segments were labeled as dead if
~22/3 of the canopy area was dominated by the lower third
of the intensity values (<85) with the crown center usually
displaying the lowest values. In addition, the true color NAIP
2010 & NDVI values derived from the NAIP 2010 data were
visualized to support labeling a tree as dead. A tree was
labeled as dead if the lower 1/3 of NDVI values intersected
the lidar segment, or if the tree canopy appeared beige or
brown in the true color imagery. The lidar intensity values
received priority for labeling as they were on nadir and finer
in resolution.

Other
(Boulders)

All combined (2010) remotely sensed trees that were
identified as boulders using the 2018 NEON imagery were
also labeled as "Other" in the remotely sensed tree mortality
labeling.
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The other class applied to error of commission that produced remotely sensed trees that were
boulders and not vegetation trees, which could be identified in the 2018 imagery. Remotely
sensed trees were labeled as live if 2/3 of more of the canopy area appeared to contain lidar
intensity values in the upper 1/3 of the range of intensity values (1-255) (e.g., >170 in intensity
reflectance). In addition, the 2010 NAIP NDVI and 2010 true color imagery appeared to
corroborate that a tree was alive. A remotely sensed tree was defined as mixed if ~2/3 of the
canopy area had lidar intensity reflectance values in the middle range (e.g., 85>x<170), or if the
canopy area had grouped higher and lower intensity values suggesting the presence of a live
and dead tree. The mixed status was also supported by visually examining the values of the
NAIP true color and NAIP NDVI values. Finally, a remotely sensed tree was labeled as dead if
~2/3 or more of the canopy area was dominated by the lower third of lidar intensity values (e.qg.,
<85), and the NAIP true color and NAIP NDVI values also appeared to suggest the presence of
a dead tree due to the remotely sensed tree appearing beige/brown or having lower NDVI

values.

A.4. Post-drought Remotely Sensed Tree Classification

Table A.2. Rubric of 2018 Mortality and Decay, Lidar Segmentation Errors, and Nadir
Status for Classification of the combined and post-drought remotely sensed trees by the
Post-mortality status

General
Remotely
sensed tree Detailed Detailed Mortality and Decay
Mortality . L )
Class for Mortality and Example Class Definitions applied to
: Decay Class 2018 NEON 0.10 m resolution
Comparison Labels imager
with Field gery
Tree
Mortality
A probable live tree occupies
~22/3 of a remotely sensed tree
segment, and the remainder is
Live Live other material (e.g., ground,
coarse woody debris, ground
vegetation, rock, dead tree, or
unknown). A live tree appears as a
shade of green in RGB data.
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Live

Live Shadow

A probable live tree occupies
~22/3 of a remotely sensed tree
segment and the remainder of
segment is composed of shadow.
A live tree appears as a shade of
green in RGB data, with the lower
part of the crown shrouded in
shadow. This class was created to
examine the rate of potential
misclassification as dead.

Live (likely
Regeneration)

Live with CWD

An emergent live tree or shrub
occupies ~1/3 of the remotely
sensed tree segment while another
~1/3 is occupied by coarse woody
debris that likely represents the
dead dominant tree that
represented the remotely sensed
tree segment. The remaining 1/3 of
the lidar segment may be occupied
by other material.

Live

Live Ground
Vegetation

Imagery within the remotely
sensed tree segment displays

probable live, green ground
vegetation with a minimum of
~22/3 of the segment, and the

remotely sensed tree has a
maximum height <3m with no
apparent shadow in the imagery. It
is unknown if this lidar segment
represents an error of commission,
vegetation cover (i.e., a shrub), or
is atree.

Live

Mixed Top

A browning crown or decadent top
occupies 25% or less of the
remotely sensed tree in the
imagery, the remainder of the
remotely sensed tree segment
appears to be composed of live,
green tree cover. Together the
browning crown/decadent top and
the live canopy occupy ~2/3 of the
segment. The remainder of the
pixels in the imagery may include
other material.
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Live

Mixed Stress

A yellowing or browning tree
canopy cover occupies ~22/3 of
the remotely sensed tree segment,
and the remainder is not the tree
canopy (e.g., ground, coarse
woody debris, ground vegetation,
rock, dead tree, or unknown). The
yellowing or browning tree may
have evidence of branches without
needles.

Mixed

Mixed Live and
Dead

A combination of live and red or
gray phase dead trees where at
least a third of the imagery is
occupied by a live tree, a third by a
dead tree, and the remainder may
include a view of the ground cover
and/or ground vegetation.

Dead

Dead Red
Phase

A presumed dead, red phase tree
cover occupies ~22/3 of remotely
sensed tree segment and
remainder of segment is
composed of material other than
the tree canopy. The red phase of
a tree is typically associated with
post tree mortality where the
needles have not fallen off the
branches.

Dead

Dead Gray
Phase

A dead, gray phase tree cover
occupies ~22/3 of the remotely
sensed tree segment and the
remainder of segment is
composed of material other than
the tree canopy. In the gray phase,
a portion of the top may have
broken off; however, the tree
branches remain mostly in-tact and
the snag appears almost white

gray.

Dead

Dead Stump

A dead standing tree snag without
evidence of significant branching
occupies the remotely sensed tree
segment and may occupy <25% of
the remotely sensed tree segment
area. The rest of the segment area
may be occupied with other
material (e.g., ground, coarse
woody debris, ground vegetation,
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rock, live vegetation, dead tree, or
unknown).

Coarse woody debris occupies
~22/3, of remotely sensed tree
segment and the remainder is
other material (e.g., ground,
coarse woody debris, ground
vegetation, rock, dead tree, or
unknown).

A combination of live and dead
vegetation, mixed ground cover,
CWD, ground vegetation, or rocks
each of minority proportions for
which the viewer could not identify
the remotely sensed tree segment
or mortality status.

The remotely sensed tree segment
provides a view of the ground and
may be composed of pine needles
or dirt filling ~=2/3 of the remotely
sensed tree segment. The
remainder of the remotely sensed
tree segment may include live or
dead vegetation or other material.

A boulder occupies ~=2/3 of
remotely sensed tree segment,
and the remainder is not the
boulder (e.g., ground, coarse
woody debris, ground vegetation,
dead or live tree, or unknown).

eaa | i Couse
Other Other/Unknown
Other Other Ground
Other Other Boulder
Other Other Shadow

A shadow occupies ~=2/3 of
remotely sensed tree segment,
and the remainder is not the
shadow (e.g., ground, coarse
woody debris, ground vegetation,
dead or live tree, or unknown).

Nadir Status

Example

Description
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A bird’s eye view of the tree
canopy within the remotely sensed

On nadir tree segment.
A side view of the tree within the
remotely sensed tree segment.
Tilt
Most of the crown or portion of the
canopy is outside of the remotely
Off nadir sensed tree segment, and the view

may also be obscured or appear in
a swirl like pattern.

Lidar Segmentation Errors:
Omission and Commission

Description

No lidar segmentation error
observed “No error”

Remotely sensed trees without
segmentation errors appear to
capture the full extent of the
dominant tree canopy.

Commission-over-segmentation
of the lidar canopy

Remotely sensed tree segments
that were associated with the
same dominant tree canopy and of
the same relative height (i.e.,
within 3m in height) were labeled
as over-segmented. The largest of
the canopy segments was labeled
as main and was considered as a
single tree, and the remaining
segments were labeled as
additional. Unless noted, the
additional segments were not
included in the comparisons with
field trees except to report total
frequencies, where noted.
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Remotely sensed trees were
labeled as errors of omission when
two or more canopy trees were
clearly visible within the remotely
sensed tree segment.

Omission-2 or canopy trees
observed in the lidar segment

-." -,!1-:‘ i " “™ | Boulders are common natural

? / features in the Sierra Nevada, and
\ they can be the same relative

); v height and canopy spread as a

Commission-boulders X
s smaller tree. They were labeled as
”,, Py ,, J.r - | specific errors of commission.
y /.1 5 ‘,ﬂ f .
&7 /’I ’ .1

A.4: Post-drought Mortality Status-2018
The NEON 2018 RGB orthoimagery provided high-resolution imagery to detect mortality

and decay status. In addition, the lidar height and canopy area measurements along with the
NEON imagery allowed each combined and post-drought remotely sensed tree to be examined
for errors of lidar segmentation commission and omission (Figure 4). Despite the NEON 2018
imagery being collected in narrow flight lines with overlap, the combination of the image overlap,
tall trees, and orthorectification still produced view of trees that were not a nadir (i.e., birds eye
view) of the trees. For each of the combined and post-drought remotely sensed trees, the
mortality and decay status, presence or absence and type of lidar segmentation error, and nadir
status was observed and recorded. Table A.2, Appendix A provides detailed information
regarding the acquisition and orthorectification process that are relevant to identifying the

mortality status of the remotely sensed trees in 2018.
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A.5: Results

Pre-drought tree mortality by basal area of 2010 Lidar Trees and Field
Trees

Pre-Drought Mortality of Field and Lidar Trees, Basal Area
Type Lidar Tree 2010 . Fleld Trees
0to 10m

300 4

2004

1004

04

o 30
> 10 to 30m
< 3004
3
m
@ 2004
£
=
o 1001
=
Q
=,
E 30m+

3004

2001

1004

D" T T
Lidar Tree 2010 Field Trees
Height Strata

Figure A.1. Basal are per lidar (remotely sensed trees) and the field trees pre-drought are shown by

height strata within the study area.
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Frequencies of Lidar Segmentation Error
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Figure A.2. Counts of lidar segmentation errors are displayed by the pre-drought (2010) and post-drought
(2018) remotely sensed trees based on the different types of lidar segmentation errors encountered, per
remotely sensed tree when examined with the NEON 2018 0.1m resolution imagery.
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Frequency of Oversegmentation of Canopy, 2010 and 2018 Lidar Trees
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Types of Lidar Segmentation Error

Figure A.3. Frequency of commission (oversegmentation) errors by remotely sensed tree type, mortality,
and height. The top left graph displays the frequency of errors of commission involving oversegmentation
of the canopy for lidar (remotely sensed trees) identified as dead for the 2010-orange and 2018-purple
lidar trees by tree height. The bottom left graph also shows the frequency of errors of commission
involving oversegmentation of the canopy by height for live trees. The top and bottom right graphs display
the counts of 2010 and 2018 lidar trees with errors of commission involving oversegmentation of the
canopy for dead and live, respectively.
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Frequency of Omission >2 canopy trees
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Figure A.4. Frequency of omission errors by remotely sensed tree type, mortality, and height. The top
panel of graphs displays the frequency of errors of omission by mortality status per height for the 2010-
orange and 2018-purple lidar trees (remotely sensed trees). The bottom panel of graphs displays the
counts of errors of omission by mortality status for the 2010-orange and 2018-purple lidar trees (remotely
sensed trees).
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Table A.3. Frequency of Remotely sensed trees in complete shadow by height class

Type Height Strata0 Frequency Height Frequency Height Frequency
to 10m of all Strata10to  of all Strata +30m  of all

remotely 30m remotely remotely
sensed sensed sensed
trees by trees by trees by
year year year

Pre- 118 4% 78 2% 34 1%

drought

remotely

sensed

trees

(2010)

Post- 101 3% 82 2% 38 1%

drought

remotely

sensed

trees

(2018)
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Chapter 3. THE SEEN AND UNSEEN TREES, ADDRESSING UNCERTAINTY AND
BIAS IN HIGH RESOLUTION, REMOTELY SENSED FORESTED ECOSYSTEMS

3.1 ABSTRACT

Remotely sensed forest assessments are effective for evaluating forest canopy conditions
across broad extents. However, they can belie population trends hidden in the understory during
a drought-induced tree mortality event. In this study, we investigated drought-induced tree
mortality trends of remotely sensed trees by matching field trees to tree objects modeled from
lidar. First, we asked how error and species status influenced matching field trees to remotely
sensed trees. Second, we investigated what population trends were captured by matched trees
and which trends in the population remote sensing misses. Finally, we explored what new
approaches could improve or extend the range of population trends remotely sensed trees for
ecological and management assessments. To do so, we coregistered or matched individual
trees on a one-to-one basis to remotely sensed trees. The remotely sensed trees were
segmented from lidar captured in 2010 prior to the inception of California’s first warm drought.
High-resolution imagery, 0.1m resolution, collected post-drought in 2018 and orthorectified by
the National Ecological Observatory Network was examined to assess survivorship and
matching efficacy. We compared tree height, basal area, and bark beetle presence by species
and mortality status between the matched and unmatched remotely sensed and field-based
trees. Our measurements revealed that remotely sensed trees are effective for depicting the
top-of-canopy forest trends; however, alternate approaches are required to take a census of

understory trees.

3.2 INTRODUCTION
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In forest ecology, a complete census of all individuals over large areas is commonly
infeasible due to the cost and effort of field work. Instead, ecologists use field-based sampling to
best represent population trends. With the rapid evolution of remote sensing of the environment,
researchers and managers can implement an array of new remotely sensed methods to conduct
field-like sampling efforts. These methods can be implemented to identify individual modeled
trees (Chen et al., 2018; Edson and Wing, 2011; Jeronimo, 2018; Wing et al., 2015; Yun et al.,
2022) across broad extents with high resolution remote sensing. For example, algorithms have
been applied to identify or segment individual trees from lidar point clouds (Donager et al., 2021,
Edson and Wing, 2011; Wing et al., 2015). In addition, ortho or hyperspectral imagery may be
paired with the canopy surface model or with lidar-derived tree measurements to identify
species, mortality status, or characterize tree stress (Asner et al., 2017; Fricker et al., 2019;
Huesca et al., 2021).

For ecologists and managers who use remote sensing methods and applications, it is
important to establish whether remotely sensed methods are biased in representing populations
of interest. For example, remotely sensed and field-based studies of a recent drought-induced
tree mortality event in California’s Sierra Nevada (Lund et al., 2018) produced inconsistent
narratives regarding tree morality trends. Studies using remotely sensed airborne and
spaceborne data documented significant mortality of tall trees (Hemming-Schroeder et al., 2023;
Stovall et al., 2019) in dense stands with high canopy water deficit (Brodrick and Asner, 2017,
Huang et al., 2019; Young et al., 2017). However, field-based studies revealed tree mortality
was species and size class specific and driven primarily by individual agents of mortality (Fettig
et al., 2019; Furniss et al., 2020; Knapp et al., 2021; Wayman and Safford, 2021). Stephenson
and Das, 2020 found total tree mortality was skewed towards taller trees because of the
overwhelming proportion of tall trees that were pines. However, mortality of non-Pinus trees

declined slightly with height. This trend is important because the non-Pinus trees represented
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90% of the total trees present. If the tree mortality event had singularly impacted only the tallest
trees, remote sensing and field-based studies would be aligned.

Both the remotely sensed and field-based methods arrived at relevant conclusions
based on the sampling data collected. Yet, they produced different narratives about the
population trends because the remotely sampled trees represented overstory trees. Overstory
trees are a subset of the population captured by field studies (Campbell et al., 2018; Hamraz et
al., 2017; Yun et al., 2022). Remote sampling of individual trees can be biased by variable stand
structure as well as the methods applied to model the trees (Yun et al., 2022). To determine
how well remotely sensed methods represent population trends (Fadili et al., 2019; Holmgren
and Lindberg, 2019; Lindberg et al., 2013), it is necessary to measure uncertainty and bias with
field validation.

Matching (i.e., coregistering) individual trees to modeled trees segmented from lidar
(Fadili et al., 2019; Hauglin et al., 2014; Pascual et al., 2013) can improve field validation and
address bias in the population trends captured by remote sensing. Since tree matching became
available, the fidelity and availability of open source, high-resolution lidar and imagery has also
increased in availability and extent in California. Together, tree matching and high-resolution
imagery present an important opportunity to create fused, 3D individual tree objects. These
fused trees may be applied to capture, validate, and track overstory tree fate.

We proposed to test matching remotely sensed and field trees on a one-to-one basis.
Our research goal was to measure the range of population trends matched trees can capture in
response to drought-induced tree mortality. We did so using data combined from airborne
acquired lidar and RGB imagery as well as field data, pre- and post-drought. We tested the
efficacy of matched trees to explain field-based tree mortality trends resulting from California’s
first warm drought in 2012-2016 (Diffenbaugh et al., 2015; Gibson et al., 2020; Swain, 2015).
Our research questions were:

1. How does error and species status influence tree matching?
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2. What population trends are captured by matched trees, and what mortality trends are
being missed in the field population?

3. Given these findings, what new approaches could improve or extend the range of
population trends of remotely sensed trees for ecological and management
assessments?

We studied these questions in a fire suppressed, Mixed Sierran Conifer forest in the Sierra

Nevada that was impacted by the drought and tree mortality event.

3.3 METHODS

3.3.1 Study Area

The study area is composed of forests located in the southern portion of California’s
Sierra Nevada range. Nine, four-hectare plots (Figure 1) of mature, multi-strata Sierran Mixed
Conifer forest in the Teakettle Experimental Forest (Allen, 2005; Goodwin et al., 2020) were
included in the study. These nine plots were the controls for a long-term fire and fire surrogates
study within the 1,300 hectare Teakettle Experimental Forest (Goodwin et al., 2020; North et al.,
2002). The control plots were selected due to their century plus legacy of fire exclusion followed
by drought-induced tree mortality (Goodwin et al., 2020). In addition, remotely sensed datasets
were available in the study area to individually match the field trees to remotely sensed trees.
Hereafter, individual tree measurements acquired from stem mapped trees, are referred to as
“field trees.” Trees modeled from high resolution lidar and assessed for mortality status with
orthoimagery are hereafter referred to as “remotely sensed trees.” Both the field and remotely
sensed tree mortality data were collected prior to and following California’s 2012-2016 drought
and tree mortality event (Fettig et al., 2019; Swain, 2015).

The Teakettle Experimental Forest is located along the north fork of the Kings River
watershed in the southern portion of the Ecoregion and is vegetated with late-seral, mixed

Sierran conifer forests (Fry et al., 2014; Goodwin et al., 2020; North, 2002). The study area has
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a Mediterranean climate, which has experienced warming and drought events characteristic of
the southern portion of the Ecoregion (Asner et al., 2016; Diffenbaugh et al., 2015; Gibson et al.,
2020; Swain, 2015). The elevation of the study area ranged from approximately 1,900 to 2,600
m, and annual temperature and precipitation vary from -3° to 25°C and 50 to 125cm,

respectively (Goodwin et al., 2020; Krofcheck et al., 2017).

: gl U VN

Figure 3.1. Study Area. The Sierra Nevada Ecoregion (A) is a montane, conifer dominated region of
California with a Mediterranean climate. The study area (B) is in the Teakettle Experimental Forest in the
southern Sierra Nevada, which experienced significant tree mortality during California’s first warm drought
from 2012-2016. The study area includes nine field plots, each four hectares in area, that were stem
mapped with tree measurements collected in 2011 and 2018. Airborne lidar was collected in 2010, which
was used to segment trees (Jeronimo et al. 2018) using a watershed segmentation algorithm. Panel (C)
shows remotely sensed tree segments as white with red circles representing the field trees from a zoomed
in, aerial view of a portion of one of the nine field plots overtop 2018 NEON orthoimagery (Gallery, 2022).

3.3.2. Datasets

3.3.2.1 Pre-drought, 2010 Airborne Lidar

In October of 2010 prior to the inception of California’s first warm drought, Watershed
Sciences Inc. (Sciences, 2011) collected airborne lidar (i.e., light detection and ranging) over the
study area (Figure 3.1). The lidar data were analyzed to segment the remotely sensed trees.
Details regarding the acquisition are provided in Table 3.1.

Post-drought, 2018 Airborne Lidar and Orthoimagery Collection

Two years following the cessation of the drought in June 2018, the National Ecological
Observatory Network (NEON) acquired high resolution RGB imagery across the study area
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(Gallery, 2022; Krause and Goulden, 2015). The imagery was examined to identify the mortality
and decay status as well as the presence of lidar segmentation errors of the remotely sensed

trees. Acquisition details are provided in Table 3.1.

3.3.2.2 Pre- and Post-drought Field Tree Measurements

The field tree measurements were collected as part of the Teakettle Fire and Fire
Surrogates Study and were further described in (Goodwin et al., 2020). In the summers of both
2011 and 2012, prior to the inception of the drought, all field trees =5 cm in the nine plots
(Figure 3.1) were stem mapped with a total station. All trees were measured for longitude,
latitude (x, y), and elevation (z). The measurements for each tree were collected relative to the
location of a central, cardinal tree to ensure each tree’s position within the plot was consistent
(North et al., 2007, 2004). The tree locations were collected in the WGS84 datum and projected
to Universal Transverse Mercator (UTM), Zone 11N. In 2018, all tree coordinates were updated

using linear regression using the formula described in Appendix B.

Table 3.1.

Remote Sensing Acquisition Parameters including data type and vendor at the time of
collection/acquisition, active or remote sensing sensor used to acquire data, acquisition parameters
detailing how data was collected, and the geographic coordinate information of the acquisition.

Data Type & Vendor Data Sensor Acquisition Coordinate
acquisition Parameters Information

Airborne lidar, Pre-drought  Leica ALS50 8 pulses/m2, NAD 83,
Watershed Sciences Summer Phase Il 83kHz NAVDS88 geoid,
Inc. 2010 sensors 1100 to 1500m altitude Universal

Scan angle +14° from Transverse

nadir Mercator (UTM)
RGB imagery, National Post-drought Phase One 0.1m resolution ITRFOO, UTM
Ecological Observatory Summer D8900 and 30 to 50% lateral
Network (NEON) 2018 IXU-RS-1000 overlap, 60% image

overlap

In addition to stem mapping, field trees were measured pre (2011-2012) and post-drought
(2018) for: 1) diameter at breast height in cm (DBH), 2) identification to species, 3) mortality

status (i.e., Alive/Dead), 4) decay status (i.e., methods of Maser et al., 1979), and 5) agents of
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mortality (i.e., bark was examined for the presence or evidence of bark beetles such as
Dendroctonus spp. or Scolytus spp).

Of the trees measured, five conifer species were present: Abies concolor, white fir; Abies
magnifica, red fir; Calocedrus decurrens, California incense cedar; Pinus jeffreyi, Jeffrey pine;
and Pinus lambertiana, sugar pine. Seventy-one oak trees (Quercus spp.) and 43 trees
unidentified to species were stem mapped. However, the oaks and unidentified trees were
excluded from this study because they were not measured for height and basal area, which

were required for matching.

3.3.3 Data processing

3.3.3.1 Allometric equations

Total tree height and crown spread in meters were calculated for all conifer trees using
the species specific formulas from (Jeronimo, 2015). The allometric equations for height and

crown spread were provided in Appendix B.

3.3.3.2 Remotely sensed tree Modeling/Segmentation

Co-author Jeronimo et al., 2018 described trees segmented from lidar as tree
approximate objects. Generally, tree approximate objects represent a single canopy tree or a
canopy tree plus one to several subordinate canopy trees. Here, a remotely sensed tree was
also defined by the imagery used to identify the mortality and decay status of the tree of interest
located within the lidar segment. We selected the watershed segmentation algorithm (Jeronimo
et al., 2018; McGaughey, 2018b) from the US Forest Service’s FUSION package to model
overstory trees from the 2010 lidar data. Although alternate lidar-derived tree modeling
approaches can segment subordinate trees (Campbell et al., 2018; Hamraz et al., 2017; Li et
al., 2012; Yun et al., 2022), the watershed segmentation algorithm is computationally efficient.

We chose this approach due to the computation ease to produce these segments and because
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it was commonly applied for forest management analysis in the Sierra Nevada. In addition, the
accuracy of this method has been evaluated against a range of trees and stand structures in
nearby forests in the southern Sierra Nevada (Jeronimo et al. 2018).

The FUSION software package (McGaughey, 2018) was applied to the airborne lidar to
model the remotely sensed trees. First, the canopy surface model (CSM) was produced at 0.75
m resolution, which was necessary to create the remotely sensed trees. Next, the FUSION’s
TreeSeg utility was applied to model individual trees from the CSM using a watershed transform
algorithm, Figure 1. The TreeSeg utility also produced a vector file of the remotely sensed trees,
which represents individual tree segments as polygons delineating the fullest extent of a
modeled canopy. In addition, the TreeSeg utility provided an accompanying attribute table with

location information (i.e., X and Y), tree height (i.e., as Z), and cross-sectional area, per tree.

3.3.3.3 Post-drought Mortality Status, Error, and Imagery Alignment Classification

The mortality status of the trees post-drought was ascertained by the primary author.
Each of the remotely sensed trees was individually examined for mortality and decay status; the
presence of lidar segmentation errors; whether the top of each tree crown was visible (i.e.,
nadir), or displayed shadows according to the rubric in Table B.1, Appendix B. This process was
conducted by using manual classification in ArcMap Pro, Version 2.8 (“ESRI ArcGIS Pro

Version 2.8,” 2021) by viewing the 2018 NEON RGB imagery.

3.3.3.4 Matching Field to Remotely sensed trees

We matched or coregistered the field to remotely sensed trees using a multi-step
process (Figure 3.2). First, an algorithm developed by co-author Jeronimo was implemented to
coregister or one-to-one match field trees to remotely sensed trees, which are presumed to be
the same tree. Hereafter, we refer to these matches as “matched trees.” This algorithm
produced parsimonious matches based on calculating minimum distance measures of location

(i.e., X and YY), tree height (i.e., Z), and selecting tree associates within an area of interest (e.qg.,
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one of the nine plots). To implement the matching algorithm, we used R Studio (“R Studio:
Integrated Development for R.,” 2022) with R version 4.0 (“R: A language and environment for
statistical computing.,” 2022). The algorithm steps are further described in Appendix B.

The second step involved a visual, manual evaluation of matching success and probable
matches that the algorithm missed. Each of the 3,310 remotely sensed trees were manually
examined using the NEON 2018 RGB data. The visual examination was performed after the
remotely sensed trees were classified for mortality and decay status, lidar segmentation errors,
and the presence of shadows. To do so, each matched pair, unmatched remotely sensed tree,
and nearby neighboring field trees were visually inspected for matching accuracy. Trees were
inspected for similar mortality status, height, and species to validate matching success or
identify and label a new, visual match. The visual examination, was conducted in ArcMap Pro,
Version 2.8 (“ESRI ArcGIS Pro Version 2.8,” 2021). The rubric for the algorithm, error checking,
and visual matching steps was described in Table B.2 on Appendix B. Figure 2 provides a visual
example of matched trees in the study area.

- . 1
5 >
o A

‘.’ Match Field
‘#7240 to Lidar Trees
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i ‘fv Jeronimo) and

visual
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Pre- and post-drought tree Pre-drought lidar Matched Trees
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-Tree size (DBH)
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-Mortality and decay status sensed trees, which enables
from 2018 ecological analysis
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Figure 3.2. Field trees on the left are one-to-one coregistered or pairwise matched to remotely sensed trees
on the right to produce matched trees as depicted in the center panel.
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3.3.4 Analysis

This examination focused on assessing the tree population trends that matched trees
capture in comparison to the trends of the larger field population. Remotely sensed trees that
can be successfully matched inherit the measurements of field trees. Matched trees provide the
means to assess the proportion of a population sampled with remotely sensed trees. In addition,
the field data can be enriched with canopy status information obtained from the examination of
high-resolution imagery. For example, a decadent top associated with mature trees or browning
crowns from bark beetle (e.g., Dendroctonus spp.) presence in Pinus spp. can be observed and
recorded, which may not be observable during field assessments.

We investigated the population trends of the matched, remotely trees compared to the
unmatched remotely sensed and field trees. Hereafter, unmatched trees are defined as all field
trees that were not matched to the remotely sensed trees via algorithm or visual matching. In
addition, unmatched remotely sensed trees describe any remotely sensed trees not matched via
algorithm or visual matching.

All comparisons of remotely sensed to field trees were conducted in the R computing
environment (version 4.2.2) with RStudio (version2022.07.2+576) accept where noted. Baserr,
tidyverse (2.0.0), tidymodels (1.0.0), and the infer package (1.0.4) were applied to conduct

statistical tests, respectively.
3.3.4.1 Question 1: How does error and species status influence tree matching?

We quantified the frequencies of lidar segmentation errors including errors of
commission and omission in relation to the performance of the matching type (i.e., algorithm or
visual matching). Next, the frequency of lidar segmentation error and matching type was
compared by taxonomic status. Since lidar segmentation with our methods best models
overstory trees (Jeronimo et al., 2018), which are generally the tallest trees, the rate of matching

by species and height were compared. The analysis of variance (ANOVA) test was applied to
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examine significant differences between tree species, height, and matching status. The ANOVA
test was also performed to evaluate if significant differences existed between height, species,

and lidar segmentation errors.

3.3.4.2 Question 2: What population trends are captured by matched trees, and what mortality
trends are in the field population?

Comparing lidar to field trees: post drought tree mortality

The first question was to establish whether the patterns of tree mortality captured by
remotely sensed and field trees were consistent across the nine plots. The frequency of
remotely sensed tree mortality detection compared to the field-based tree mortality detection
was evaluated using linear regression. The analysis was split into three regressions by height
strata classes representing smaller, intermediate, and the tallest trees, respectively, (0 to 10m,
+10 to 30m, and +30m) for the nine study plots. This assessment provided insight into two
aspects of mortality detection. One, how do remotely sensed trees represent mortality across
the field plots by height and between plots? Two, how does remotely sensed tree mortality, as
identified with high resolution, RGB orthoimagery, compare to the mortality status of field trees
across the height strata classes and plots? To conduct this analysis, only trees alive pre-drought
(i.e., prior to 2012) were selected as well as all trees that were identified as dead, post-drought

in 2018.

Matching by tree counts and basal area

We evaluated the mortality trends of the remotely sensed and field trees in terms of tree
counts and basal area as these are common metrics used in forest management. We
conducted the examination by three height strata classes (0 to 10m, +10 to 30m, and +30m).
Basal area represents the total cross-section area of all tree stems within a defined area as

measured at DBH, and this assessment provided insight into the distribution of tree mortality by
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basal area and by height. We performed a two-sided t-test to compare the mean heights of the

unmatched remotely sensed and field trees >=30 m.

Matching by conifer species and height

As each matched and visually matched tree inherits the taxonomic information from the
field tree, we were able to examine mortality trends by species and by their height. First, we
removed additional tree crown segments that were produced as errors of commission (i.e.,
“‘oversegmentation”) during the lidar segmentation process. We hypothesized that smaller

stature trees are poorly represented by remotely sensed trees regardless of taxonomic status.

Matching by survivorship, mortality, and decay

We explored whether remotely sensed trees represented the post-drought mortality (and
survivorship) and decay stages of the field trees. To do so, the mortality and decay classes
applied to the remotely sensed trees were cross walked to the classes used for the field trees
(Maser et al., 1979). Next, the cross-walked classes of all the trees were evaluated by height
strata (O to 10m, +10 to 30m, and +30m).

We also evaluated the accuracy of the post-drought, matched and visually matched tree
mortality to the field mortality classes by producing a confusion matrix. For each mortality class,
the user accuracy was identified and potential reasons for classification error was discussed.
Finally, potential improvements for future examinations of post-drought mortality using remotely

sensed tree classification was considered.

Matching by bark beetle presence and tree species

All measured field trees were assessed for the presence of beetles pre- and post-
drought, which includes an analysis of evidence of bark beetle activity. Where possible, the field

assessment included the identification of bark beetle species. In this analysis, the matched,
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visually matched, and unmatched field trees were compared to determine how the frequencies

of beetle presence and absence varied by tree species and height.

3.4 RESULTS

3.4.1 Question 1: How does error influence field to remotely sensed tree matching and by

species?

Of the 9,785 field trees that were stem mapped, 9,761 conifer trees were available for

matching. After the matching algorithm was performed, a total of 2,359 (71%) matches
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Figure 3.3. Lidar Segmentation errors by manual and algorithm matching. Panel 1) Displays the matching
frequency of the algorithm by lidar segmentation error; and Panel 2) the algorithm and manual visual
matches made by errors of commission involving oversegmented canopies by lidar and field trees.
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appeared to be correct (Figure 3.3). The manual, visual matching produced an additional 455
(14% of all remotely sensed trees) matches (Figure 3.3 and Appendix B, Figure B.1).

After evaluating the influence of errors of commission and omission of the remotely
sensed trees, the frequency of matching by error type and conifer species was evaluated
(Figure 3.4). This analysis revealed that in terms of species trends, pine trees (Pinus sp.) had
the greatest frequency of algorithm and visual matches. In addition, pines also had the most
errors of commission compared to firs (Abies sp.), Figure 3.4. The frequency of visual matches
was also slightly elevated in Pinus spp. compared to the first (Figure 3.4). Finally, the influence
of lidar segmentation error on matching was evaluated by species and height with ANOVA. The
results of the ANOVA indicated significant differences were present between species by lidar

segmentation errors by height (statistic=4.19, df=8, and p-value-5.25e-5).
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Matching by Species and Lidar Segmentation Error
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Figure 3.4. Matching by species and lidar segmentation error. The top graph displays the frequency of
lidar segmentation error and successful matches by species from the matching algorithm. The bottom
graph displays the frequency of lidar segmentation error and visual matched by species. The species
codes are abco (A. concolor), abma (A. magnifica), cade (C. decurrens), pije (P. jeffreyi), and pila (P.
lambertiana).

3.4.2 Question 2: What population trends are captured by matched trees, and what trends of
the field population are being missed in terms of tree mortality?

3.4.2.1 Comparing lidar to field trees: post drought tree mortality

In terms of our comparison of mortality between the 2018 image classified remotely
sensed trees and the field-based mortality, the image classified mortality detected 77% to 88%
of the field-based mortality, depending upon tree stature (Figure 3.5). When the mortality status
of matched and visually matched trees was compared to that of the field assessment, the dead
tree detection accuracy was 89%, n=592 and the live classification was 95%, n=1,577.
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In addition, 104 remotely sensed trees were classed as mixed live and dead. The post-

drought mortality of the remotely sensed trees was ascertained eight years post lidar collection.
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Figure 3.5. Field tree mortality compared to remotely sensed tree mortality by height strata across the nine
field plots.

3.4.2.2 Matching by tree counts and basal area

The matched trees captured 69% of the live basal area in the 30m+ height strata, but
they represented 53% of the total dead basal area of the trees >=30m. If the visually matched
trees were paired by the algorithm, the basal area of dead trees would have increased to 83%.
We hypothesized that many of the large remotely sensed trees that died were unmatched due
to potential discrepancies in the allometric equation-based heights of the field trees and the
remotely sensed tree heights. A two-sided t-test of the unmatched lidar and field trees produced
a test statistic of 6.6 (df=126, and p-value=0.1e-9). Thus, the null hypothesis was rejected as
the mean heights were significantly different at 37.9 and 43.7, respectively, for the remotely
sensed and field trees.

In terms of tree counts, the matched trees poorly represented tree frequencies in the two
shortest height classes, and they captured 46% of the dead tree counts in the tallest height
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class. Matched trees and remotely sensed trees in general will produce a skewed

representation of mortality to the tallest trees. The mortality in the study area was dominated by

smaller stature, unmatched trees likely hidden from view, Figure 3.6.
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Figure 3.6. Basal area and tree counts by matched, unmatched remotely sensed trees, and unmatched
field trees by height classes and surviving trees in the top graphs. The bottom graphs display the trees that

died since 2012.

3.4.2.3 Matching by conifer species and height

Of the 8,387 conifer field trees that were alive pre-drought, 581 of these trees were

matched and visually matched and perished since 2012. These trees represented 7% of all

conifers present. In contrast to the findings of (Hemming-Schroeder et al., 2023), tree mortality
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Figure3.7. Violin plots of distributions of matched and unmatched trees by taxonomic and mortality
status by height. The distributions of each conifer species that were alive prior to the inception of the
drought displayed in terms of height, by matching status and survivorship to 2018. Each species plot
includes the total number of trees per category, n, and the mean height in meters, mean.

in this study area was skewed to the shortest trees (Figure 3.7). However, the post-drought
mortality for this study was measured in 2018, one year after the mortality measurements
collected by Guiterrez et al., 2023. The unmatched field trees that died had a mean height of
<=12m and represented 22% of the conifer population.

Sixteen percent of fir trees (Abies spp.) that survived the drought were matched. In
comparison, 94% of the unmatched trees that died were firs and the mean height was 10.5m.
In contrast to the pine trees (Pinus spp.) and D. decurrens, fir trees were most numerous but
least represented in terms of matching and mortality. For example, in terms of mortality 78% of
the A. concolor that died were unmatched and 77% of A. magnifica hat perished were also
unmatched. Thus, matched trees poorly reflect the mortality trends of Abies spp., which could

lead to biased assumptions about fir mortality from a purely remotely sensed perspective.
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Last, the matching and visual matching status was evaluated per species by height
using ANOVA (Figure B.1, Appendix B). The interaction between species and matching status
by height produced a test statistic of 17.4 (df=8, and p-value=4.95-e26). This test statistic was
unsurprising considering the stark contrasts in matched and unmatched tree numbers, Figure
3.7.

The post-drought (2018) mortality by taxonomic status was not aligned with the 2000-
2002 time period in the Teakettle plots (Smith et al., 2005). Smith et al., 2005 found no
taxonomic differences in mortality with an overall mortality rate of 8.7%. In the same plots in

2018, the overall mortality rate was 29% with Abies spp. experiencing the greatest mortality.

3.4.2.4 Matching by survivorship, mortality, and decay

The matched trees effectively captured the +30m height class of trees, Figure 3.8.
However, the matched and visually matched trees missed most of the dead trees in the 0 to
10m and 10 to 30m height classes in all stages of decay.

Overall, the accuracy of trees identified as dead was >=79%, Table 3.2. However, the
remotely sensed tree mortality classification included mixed classes and decay status. Mixed
classes include the detection of live and dead vegetation within a remotely sensed tree segment
(i.e., the lidar segment). In addition to mixed classes, shadows were responsible for obscuring
the mortality status of trees. Seven percent of the matched and visually matched trees were

classified as shadows.
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Stress, Mortality. and Decay Classes by Matching Status
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Figure 3.8. Stress, Mortality, and Decay Classes by Matching Status. The mortality and decay classes
from the remotely sensed trees were cross walked to the mortality and decay classes of the field trees to
produce a comparison of mortality and decay frequencies by tree height.
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Table 3.2.

Matched and Visually Matched Mortality Classification Confusion Matrix

Remotely Counts & Error and Potential Classification Improvements
sensed tree Accuracy
Mortality
Class
Live n=1198 Likely producer’s error.
97%
Live Ground n=12 Live ground vegetation, <3m, may obscure a smaller dead matched
vegetation 50% neighbor, which can be missed. This class should likely be split
based on height of the lidar data. For example, large and tall
remotely sensed trees likely represent the footprint of a dead tree
where ground vegetation or regeneration is now present.
Live and n=171 This is a mixed class that is detecting both dead tree material as well
Coarse NA as live tree(s). The remotely sensed tree height and age of the lidar
Woody Debris could be applied to delineate regeneration and mortality.
(CWD)
Live Shadow n=202 Shadow may mask the matched tree mortality status.
95%
Live and Dead n=96 This class is likely produced due to lidar segmentation error or lidar
NA age.
Mixed Stress  n=19 Monitoring would be required to determine if canopies labeled as
3 dead, stressed eventually die. In other words, is this class predicting
16 live mortality or variability in canopy condition?
Mixed Top n=156 This class should likely be split into decadent top and browning top
14 dead, to distinguish an older tree from a tree potentially infected with bark
112 live beetles that is dying or dead.
Dead Red n=71 The post drought imagery may be signaling crown stress that is not
Phase 79% observable from the field. Five of the 15 trees identified as alive in
the field were infected with bark beetles. If these five trees perish,
the mortality accuracy increases to 86%. Future imagery collections
should be examined for mortality status to determine if classification
error or early mortality detection was present.
Dead Gray n=339 This error may be due to producer’s error. Ten of the 32
Phase 94% misclassified live trees did include the presence of bark beetles. This
class should be examined for the presence of a decadent top
instead of a gray phase dead tree.
Dead, snag n=123 This class can include other vegetation besides the snag, which
92% could be the matched tree. This class should be examined for
splitting into snag and live and snag, or for producer’s error.
Other, Coarse n=51 Error likely due to misclassification
Woody Debris  96%
Shadows n=56 dead Shadows occluded the mortality status of 6.6% of the matched and
trees, visually matched trees.
n=118 live
trees
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3.4.2.5 Matching by bark beetle presence and tree species

Seventy-five percent of the matched and visually matched trees had no bark beetle
present, matched n=1,923 and visually matched n=204, Figure 3.9. In the unmatched field
trees, 81% or n=5,677 were free of bark beetles. Overall, these trends are consistent. However,
the frequencies of bark beetles were not consistent between the unmatched trees and the
matched & visually matched by height classes per species.

The 30m+ height class well represented bark beetle presence across the taxonomic
groups. In addition, the middle height class (10 to 30m) of the matched and visually matched
trees combined reflected the trends of the unmatched trees by taxonomic status. In contrast, the
shortest height class of the matched and visually matched trees did not adequately reflect the
frequency or bark beetle presence and missed A. magnifica.

By proportion per species, the mortality of A. magnifica was greatest of all trees in the 0-
10m height class. Yet, the matched and visually matches trees combined represented 50% of
the infected Jeffrey pines. In summary, the largest frequency of bark beetle presence in Abies

spp. was hidden from the view of the remotely sensed platform consistent to the tree mortality.
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Figure 3.9. Tree Matching and Beetle Presence. The frequency of beetle presence by taxonomic status in
matched, visually matched, and unmatched field trees by height strata.
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3.5 DISCUSSION
Extensive tree mortality events are increasing globally (Allen et al., 2015; Cansler et al.,

2020; Hajek et al., 2022; Hartmann et al., 2022; Huang et al., 2019; Sousa and Davis, 2020;
Swann et al., 2018); however, documenting the influence of these events on populations is a
pervasive challenge. Remotely sensed trees have been applied as proxies for the assessment
of population trends including drought-induced mortality trends. Yet, differences have arisen in
reported mortality trends between remotely sensed (Gutierrez et al., 2023; Stovall et al., 2019)
and field-based (Axelson et al., 2019; Fettig et al., 2019; Stephenson et al., 2019) studies.
These differences highlight the need to assess how remotely sensed trees represent tree
populations and trends as well as how bias influences representation. The application of
remotely sensed trees is becoming more ubiquitous in ecological and inventory studies of
forests (Lisiewicz et al., 2022; Ma et al., 2022; Mokros et al., 2021; Persson et al., 2022;
Piermattei et al., 2019; Qin et al., 2022; Su et al., 2020). However, studies of remotely sensed
trees that involve validation through tree matching are emergent (Das et al., 2022; Murray et al.,
2019; Zhen et al., 2016), and additional research is required to identify how to integrate novel
remotely sensed tree methods into population ecology. Therefore, we sought a greater
understanding of the uses and limitations of remotely sensed trees for capturing drought-
induced tree mortality trends.

We examined how uncertainty and bias influenced capturing conifer populations and
their affiliated mortality trends with remotely sensed trees following the 2012-2016 drought-
induced tree mortality event in California’s Sierra Nevada. Here, uncertainty is defined as the
unmeasured portion of the tree population by field and remotely sensed methods that reduces
the representation of the population and associated trends (Bird et al., 2021; Clark, 2003;
Rocchini et al., 2016, 2013). Bias is the error present in the application of the methods that
further reduces population representation and trends. By matching field trees to remotely

sensed trees, large uncertainly was discovered in how remotely sensed trees reflected the tree
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population. Less than a third of the tree population and even less of the mortality was
represented. The distribution of remotely sensed trees were skewed to the overstory trees, the
trees remotely sensed platforms can observe whether tall or short. Consequently, the
understory trees that were most numerous, shortest in stature (Figure 3.6), affected by bark
beetle (Figure 3.9), and died in larger proportions than their taller conspecifics (Figure 3.7) were
obscured from view of the remotely sensing platforms. Live overstory trees were better detected
compared to snags (i.e., standing dead trees). Sources of bias most frequently observed
included errors of commission, crown oversegmentation, as well as taxonomic bias towards
overrepresentation of the most infrequent species. If the remotely sensed trees were
independently used to predict tree mortality patterns, large trees would represent the greatest
frequency of tree mortality in contrast to the population trends. Our research provides a
cautionary tale for the application of remotely sensed trees for population ecology, which
requires uncertainty and bias to be addressed as well as repeat, representative sampling in

response to environmental changes such as warm drought.

Question 1: The role of error and species status in tree matching
Uncertainty, bias (Babcock et al., 2015; Olofsson et al., 2014; Song, 2018), and

taxonomic status influenced how remotely sensed trees represented the conifer populations and
mortality trends in the study area. Tree matching and visually inspecting remotely sensed trees
with high resolution, post-drought imagery revealed that much of the conifer populations was
hidden from view; tree segmentation errors reduced representation; and taxonomic bias was
present. For example, our individual tree detection method, watershed segmentation, resulted in
an overrepresentation of Pinus spp compared to the more ubiquitous Abies spp. In terms of
mortality patterns, live overstory trees were better detected than snags as measured by
remotely sensed trees compared to the field-based methods.

Uncertainty was the greatest source of error in the remotely sensed trees. In the study

area, field data showed that small stature trees in the understory were both most numerous and
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likely to die. Unfortunately, current airborne and spaceborne based methods will continue to
miss the survivorship status of understory trees as they remain out of sight of the sensors.
Collectively, we observed several types of errors of commission and omission (Figure 3.3) that
elevated uncertainty. These errors were attributed to bias resulting from our tree detection
method.

Two forms of errors of omission were observed. The first type of omission errors were
overstory trees visible in the imagery that were not segmented, and the second was multiple
trees observed within a tree segment. The unsegmented overstory trees that were visible in the
post-drought imagery were not assessed. Although we determined which trees in the field
population were matched or not, we were unable to identify which overstory trees were
unsegmented and thus, unmatched. The NAIP imagery conterminous with the lidar collection in
2010 was too poor in resolution to identify unsegmented trees. Further, it was not possible to
assess whether the mortality status at the time of lidar collection in 2010 influenced
segmentation. The second type of error of omission was recorded when multiple field trees
were observed within a tree segment in the post-drought imagery. However, the presence of
these errors did not influence tree matching to the extent of errors of commission. In addition, it
is probable that these were not errors of omission in the traditional context. Instead, we surmise
that these segments are showing tree mortality changes in a limited area over time. Sometime
after segmentation, the overstory tree within a segment of interest likely died, decayed, and
exposed multiple subordinate trees creating the appearance of an error of omission.

Based on the data available for analysis, two types of commission errors were present.
First, segmentation of boulders were observed as false trees but represented a small fraction of
bias and the remotely sensed trees. The second commission error type was oversegmented
tree canopies, which most influenced tree matching and mortality detection. Canopy
oversegmentation was most frequently associated with large and asymmetrically shaped
canopies such as P. lambertiana regardless of being live or snag (Figure 3.4). Despite these
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biases that influenced uncertainty, the watershed segmentation method applied in this study
was demonstrated to perform well for tree segmentation in nearby forests of the same
vegetation composition by co-author Jeronimo (Jeronimo et al., 2018; McGaughey, 2018b;
Vincent et al., 1991). All individual tree detection methods will have associated bias related to
their approaches, which are important to document.

When post-drought, live and snag tree matching was compared by height strata, more
live trees were matched in the tallest height strata, >=30m. Importantly, we only evaluated tree
matching and tree counts for trees alive at the inception of the study. It seems most probable
that the taller unmatched trees that died during the drought were subordinate trees (Figure 3.6).
In addition, these trees were likely in the understory and were outcompeted for resources by
taller neighbors (Hajek et al., 2022). Future population studies could consider the spatial
patterns of bark beetle mortality. Since bark beetle induced mortality is species specific and
related to proximity of conspecifics (Fettig et al., 2019; Stephens et al., 2018; Stephenson et al.,
2019), it is possible tree density and larger tree clumps may limit mortality detection. Testing
multiple individual tree detection methods and by different species composition may benefit
future assessments.

Other sources of bias in the field and remotely sensed measurements likely influenced
the population uncertainty and mortality trends. Since the field sampling approach was not
designed for tree matching, several measurements were lacking for effectively capturing bias.
For example, tree height was not measured in the field. It was estimated using lidar-based
allometric equations, which may not reliably predict the height of the largest trees effectively
(i.e., trees > 50m in height). In addition, while all trees >=5 cm in DBH in were stem mapped
and identified to species, tree size measurements of Quercus spp. were not collected.
Consequently, tree matching did not include the rarest of tree species represented in the study
population nor any deciduous trees. Second, tree locations were mapped using older stations in
different coordinate systems from the airborne lidar, which was analyzed to segment into the
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remotely sensed trees. Third, the airborne lidar from 2010 and the 2018 high resolution imagery
were captured in different coordinate systems too, which produced tree alignment error. Data
collection in consistent coordinate systems and using more accurate global positioning systems
such as Lamping et al., 2021 can improve tree mapping, matching, error assessment, and
population trend evaluation.

To improve future comparisons, it would be productive to have consistent classification
schemes applied to lidar and field trees to promote direct comparison. In addition, examination
of future imagery collections can establish if mixed top, stressed, or red phase classes are
correlated with mortality. Table 3.2 also includes explanations for potential misclassification
error and highlights several potential classification improvements.

Future studies addressing uncertainty and bias in population studies and trend
evaluation would benefit from attempting several strategies to improve outcomes. Multiple tree
detection approaches (Edson and Wing, 2011; Hamraz et al., 2017; Jakubowski et al., 2013; Li
et al., 2012; Yun et al., 2022; Zhou et al., 2018); testing for taxonomic and survivorship status
(Casas et al., 2016; Duncanson and Dubayah, 2018; Wing et al., 2015); and deploying a variety
of remotely sensed platforms (Donager et al., 2021; Guan et al., 2020; Yan et al., 2020) could
improve results whether these strategies are individually or cumulatively deployed. As Murray et
al., 2019 and Zhen et al., 2016 discussed, validating remotely sensed trees is not commonly

documented in studies, but it is necessary to evaluate population trends.

Question 2: What population trends are captured by matched trees, and what mortality trends
are being missed in the field population?
If the tree mortality story was written exclusively from the perspective of the remotely

sensed trees, the mortality trends would indicate that the tallest trees disproportionally died. In
addition, the remotely sensed tree data indicated that Pinus spp. died in the greatest proportion
despite their lower frequency in the overall tree population. The application of tree matching

revised the mortality story. Tree matching elucidated that overstory trees and their mortality
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trends are observable while the mortality status of understory trees remain out of view (Figure
3.6). While matched trees captured over half of the tallest dead trees (>=30m), twice the
number of intermediate trees died (10 to 30m), and more than three times the number of the
shortest trees died (0 to 10m). Tree mortality representation by matched trees is inversely
related to height. Further, the tree mortality was largely comprised of Abies spp. Overall, these
trees, were less than 10m in height, positive for the presence of bark beetles, and died.
Remotely sensed trees were not effective for capturing mortality trends of the conifer
populations across tree species and heights.

In terms of bark beetle presence, species, and mortality trends, mortality detection did
not exceed half of the population rate for any species. However, the mortality detection of
remotely sensed trees neared half the population for P. lambertiana despite this species
representing less than a tenth of the conifers. This outcome is expected as D. ponderosae, the
most common predator of P. lambertiana, prefers the tallest trees, which are observable by
remotely sensed trees (Axelson et al., 2019; Fettig et al., 2019; Stephens et al., 2018;
Stephenson et al., 2019). The proportion of field trees with confirmed bark beetle that were
observable by the remotely sensed trees was consistent to the mortality and taxonomic trends.
However, the field detection of bark beetle in Pinus spp. was lower than the overall mortality
rates. This outcome may be due to the pines dying and decaying before the post-drought field
study could determine the cause of death by examining beetle galleries. In lower elevations
areas, P. ponderosa died earlier in the drought with the tallest trees falling prey to bark beetle
before shorter conspecifics were attacked (Axelson et al., 2019; Fettig et al., 2019; Stephens et
al., 2018; Stephenson et al., 2019).

While tree matching demonstrated the fidelity at which remotely sensed trees could track
overstory tree mortality, improved field and remotely sensed tree methods coupled with rigorous
repeat measures may aid population and trend detection. For example, studies using remotely
sensed trees can incorporate the collection of field sampling in a statistically robust way to
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support validation. Repeated measures data are repeatedly collected measurements of
representative individuals of a population or a specific portion of the population over time
(Taylor, 2004). Repeated measures facilitate tracking population trends in response to events
such as droughts, bark beetle outbreaks, root rot, or fire using field or remotely sensed
methods. However, repeated measures are only effective in detecting population trends if

uncertainty of the field population is low.

Question 3: New approaches to extend remotely sensed tree measurements to population
ecology

Our investigation focused on one facet of validation in remote sensing, investigating how
remotely sensed trees and their associated error influenced the representation of tree mortality
trends. Validation of any remotely sensed information is critical to understanding how the
natural and physical worlds are represented (Finley et al., 2017; Kennedy et al., 2017; Song,
2018; Taylor-Rodriguez et al., 2018). Yet, the nature, intensity, and frequency of the verification
required in remote sensing is specific to the research or management quesiton. For example,
active remote sensors such as lidar can directly measure forest structure, which is important for
assessing patterns and the drivers of such patterns. Such studies will require less frequent or
rigorous field validation and error assessments (Babcock et al., 2015; Congalton, 2001;
Duncanson et al., 2020; Kane et al., 2010a, 2010b) depending upon the question of interest.
Since remotely sensed trees are effective for sampling overstory tree mortality (Das et al., 2022;
Hemming-Schroeder et al., 2023; Stovall et al., 2019) or quantifying the majority of dead
biomass, validation may not be as comprehensive as population studies such as monitoring
mortality trends. In contrast, newer remotely sensed technologies and passive sensors used in
new applications require more intensive validation and bias assessment (Murray et al., 2019;

Zhen et al., 2016).

Population studies and validation
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Population studies are unique in the degree of validation necessary to represent and
repeatedly assess a population and measure trends. In terms of assessing tree population
trends, these studies require representative sampling of individuals through time in response to
stimuli (Falk et al., 2019; McCune et al., 2002; Rocchini et al., 2016; Stephenson and Van
Mantgem, 2005), which is a difficult threshold for remotely sensed trees that are biased to the
overstory trees. Population studies require uncertainty, bias, representative sampling, and
repeated measures to effectively detect trends. Studies that analyze remotely sensed trees that
do not meet these requirements are not rendered obsolete; they contribute to important
research and management questions that describe conditions or correlations with biophysical
settings (Jeronimo et al., 2018; S. M. A. Jeronimo et al., 2019; Kane et al., 2019). However,
assumptions drawn from unvalidated data regarding population trends have a much greater
probability of being incorrect (Babcock et al., 2015; Bird et al., 2021; Friedlingstein et al., 2022;
Holling, 1973; Song, 2018).

Ideally, the research or management question should drive the experimental design,
remotely sensed data collection, and relevant field validation approach in population studies for
trees. However, many studies such as this one are opportunistic in nature, and the research
questions are sometimes developed post-hoc. In post-hoc studies with an absence of validation
datasets, it is advisable to restrict the interpretation of the remotely sensed data within the
bounds of the measurable unit (Stephenson and Das, 2020) such as overstory trees.
Otherwise, insufficient information can yield uncertainty and bias that can skew observed trends
away from the population mean (Bird et al., 2021; Friedlingstein et al., 2022; Holling, 1973;
Song, 2018). While the focus of attention in this study is remotely sensed tree methods for
population studies, field-based studies cover constrained areas and have uncertainty and bias
as well. However, in this study the field-based measurements are the metric for comparing the

fidelity of the remotely sensed trees to assess the measured population In attempting to
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determine the range of the tree population represented by our post-hoc data, we found several
limitations of our data that can also influence population studies of trees.

We encountered challenges in verifying how remotely sensed trees represented the tree
populations in terms of recording drought-induced mortality. The post-hoc nature of our study
was one of several limitations that restricted our success in identifying the population
represented by remotely sensed trees and the observed mortality trends. For example, our field
and remotely sensed data were independent collections not intended for the express purpose of
tree matching or validation. Our datasets were collected in different coordinate systems and
spatial resolutions, which were not optimal for validation. In addition, not all tree species were
consistently measured and tree height was estimated with allometric equations. For future
studies, collecting tree data with high-grade global positioning units or UAV with sufficient
ground control (Lamping et al., 2021; Qin et al., 2022; Yan et al., 2020) and in consistent
coordinate systems to other data is important. If population studies are the goal, it is vital to
collect taxonomic, location, and size measurements, especially height and crown area, as

consistently as possible.

The need for defining the population trends of remotely sensed trees in ecology
Significant advancements in remote sensing of individual trees have occurred in the last

several years using a variety of platforms (Lisiewicz et al., 2022; Ma et al., 2022; Mokros et al.,
2021; Persson et al., 2022; Piermattei et al., 2019; Qin et al., 2022; Su et al., 2020). New
technologies now exist to identify trees from hand-held (Donager et al., 2021; Mokro$ et al.,
2021), backpack (Su et al., 2020), terrestrial (Rowell et al., 2020), unmanned aerial vehicles
(UAV) (Guan et al., 2020; Hastings et al., 2020; Lamping et al., 2021; Mohammadpour, Pegah,
and Viegas, 2022; Paczkowski et al., 2021), and airborne collected lidar, orthoimagery and
hyperspectral imagery in a variety of vegetation types and complex structured forests (Brodrick
and Asner, 2017; Jeronimo, 2015; Kane et al., 2019). New technology is evolving at breakneck

speeds to apply artificial intelligence to map forests using individual tree detection with high
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resolution remote sensing (Kattenborn et al., 2021; Khatri-chhetri et al., 2023; Shivaprakash et
al., 2022; Wagner et al., 2020) These technologies and methods provide significant
opportunities for improving the ecological understanding of tree-based ecosystems. Here, we
discuss what approaches may support population studies such as the assessment of trends in
drought-induced mortality.

Researchers who intend to deploy remotely sensed trees to evaluate population trends
should consider a framework for incorporating field validation in their methods. This
methodological framework should address uncertainty, bias, repeated measures, and
representative sampling to successfully investigate a population study. Representative sampling
is a fundamental requirement of population studies (Grafstrom and Schelin, 2014). It ensures
that the breadth of individuals representing various demographic conditions and biophysical
setting are evaluated for responses to changes in the environment. In single strata tree
ecosystems such as a savannah or oak woodland, representative sampling may be possible
with remotely sensed trees and validated with field-based observations (Huesca et al., 2021).
However, even in single strata tree ecosystems, field-based assessments for validating
remotely sensed observations (Campbell, James B., Wynne, 2011; Congalton, 2001) for
population studies are important. For example, remotely sensed data can be applied to capture
stress or mortality from root rot in individual overstory trees (Allen et al., 2022; Calamita et al.,
2021) with accuracies in the range of >=70%. Yet, these approaches can miss emergent
changes in tree status, which may be important for monitoring ecosystems experiencing
significant environmental stress such as a novel pathogen. In complex, multi-strata forests such
as our study area, additional considerations are important for conducting representative
sampling.

In extensive forested areas with complex, multi-strata forests representative sampling
can be a daunting challenge. These forests may be composed of diverse forest types, multiple
species, large numbers of individuals occupying multi-strata, and topographically rich terrain.
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These conditions complicate representative sampling and repeat sampling (Atkinson, P.M. and
Foody, 2002; Grafstrom and Schelin, 2014; Rocchini et al., 2016). Yet, a variety of new
technologies in remote sensing may provide the means to improve population studies involving
trees and promote increased representative and repeat sampling.

For example, new automated algorithms may afford improved detection of understory
trees and other vegetation from airborne lidar (Chen et al., 2018; Yun et al., 2022). While these
approaches can aid in tree identification and mapping including characterizing stand structure
and tree patterns (Jeronimo et al., 2019; Kane et al., 2019), additional approaches will be
needed to validate the remote sensing data; identify species; and classify survivorship.
Capturing understory tree mortality trends will likely include more extensive and repeated field
surveys via traditional assessment means or hand-held (Donager et al., 2021; Mokros et al.,
2021), backpack (Su et al., 2020), terrestrial (Rowell et al., 2020), and unmanned aerial vehicles
(UAV) (Guan et al., 2020; Hastings et al., 2020; Lamping et al., 2021; Mohammadpour, Pegah,
and Viegas, 2022; Paczkowski et al., 2021) with lidar and imaging platforms.

Researchers could experiment and compare the efficacy of several new technologies in
long term monitoring plots where the field population is well documented. Mobile lidar, traditional
cameras, and UAV platforms instrumented with lidar and imaging cameras could be compared
for their capabilities to acquire representative samples in established plots. If subordinate trees
can be modeled and matched, UAV acquired imagery and field validation could support tracking
individual trees through time. In addition, terrestrial and mobile lidar systems and UAV collected
imagery (Donager et al., 2021; Hastings et al., 2020; Marchi et al., 2018; Mohammadpour,
Pegah, and Viegas, 2022; Paczkowski et al., 2021) could be paired with traditional field
sampling.

Collectively, these sampling approaches could be implemented using more efficient and
cost-effective study designs. Since many researchers employ various remote sensing and field
sampling efforts across disciples, opportunities exist to leverage partnerships and share
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resources to collect field data. For example, the Airborne Snow Observatories, Inc. (Ferraz et
al., 2018; Painter et al., 2016) has partnered with the State of California and other agencies to
capture higher fidelity snow off airborne lidar and hyperspectral data, which is also applied to
examine post-fire forest conditions.

Greater access to open-source data along with innovation is improving the ability to track
individuals and population trends through time. For example, new software applications such as
plantTracker (Stears et al., 2022) allow maps of plant occurrences to be translated into
demographic data and tracked through time. In addition, artificial intelligence provides many
avenues for improving the capture of individuals and population trends in forest ecosystems
(Shivaprakash et al., 2022). As open source, benchmark datasets become available that include
information capable of tracking individual trees, the application of artificial intelligence in
population studies will likely increase exponentially. Regardless of the technology and
innovation applied, addressing uncertainty, bias, repeated measures, and representative
sampling will remain important requirements to transitioning remote sensing of trees to

population ecology.
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Appendix B, Chapter 3

B.1: Remote Sensing Acquisitions
2018 NEON Orthoimagery-Mortality Status

The NEON program collected 3-band, 0.1 m imagery over the Lower Teakettle Area of Interest,
which subsumes the study area (Figure 1) and provided a detailed overstory view of tree status
in high spatial resolution. Unlike traditional orthorectification to the digital terrain model that often
results in distorted side-views of tall trees, the NEON program used an orthorectification
process to balance distortion related to taller objects such as trees. Instead, the images were
spatially resampled to reduce the discrepancy in resolution from lidar to camera, which provided
a more nadir (i.e., top of the crown) view of trees.
B.2: Post-drought Mortality Status-2018

The NEON 2018 RGB orthoimagery provided high-resolution imagery to detect mortality
and decay status. In addition, the lidar height and canopy area measurements along with the
NEON imagery allowed each remotely sensed tree to be examined for errors of lidar
segmentation commission and omission (Figure 4). Despite the NEON 2018 imagery being
collected in narrow flight lines with overlap, the combination of the image overlap, tall trees, and
orthorectification still produced view of trees that were not a nadir (i.e., birds eye view) of the
trees. For each of remotely sensed trees, the mortality and decay status, presence or absence

and type of lidar segmentation error, and nadir status was observed and recorded.

Table B.1.

Rubric of 2018 Mortality and Decay, Lidar Segmentation Errors, and Nadir Status for
Classification of the pre-drought and post-drought remotely sensed trees by the Post-
mortality status
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General
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Remotely
sensed tree Detailed Mortality and
Mortality Detailed (E[Lolsjz\év;l)l/k Decay Class Definitions
Class for Mortality Classes Example applied to 2018 NEON
Comparison Label applied to 0.10 m resolution
with Field Field Trees imagery
Tree
Mortality
A probable live tree
. occupies ~22/3 of a
A Fully intact, remotely sensed tree
Graphed as segment, and the
‘A.to D. Live remainder is other material
Live Live trees” (e.g., ground, coarse
woody debris, ground
vegetation, rock, dead tree,
or unknown). A live tree
appears as a shade of
green in RGB data.
A probable live tree
occupies ~22/3 of a
remotely sensed tree
A Fully intact, segment and the
Graphed as remainder of segment is
“A to D. Live C(I?mposed of shadow. A
. : » ive tree appears as a
Live Live Shadow trees shade of green in RGB
data, with the lower part of
the crown shrouded in
shadow. This class was
created to examine the rate
of potential
misclassification as dead.
An emergent live tree or
shrub occupies ~1/3 of the
Not part of remotely sensed tree
the field segment while another
decay class ~1/3 is occupied by coarse
Live (ikely o as th'ls object woody debris that likely
Regeneration) Live with CWD no longer represents the dead
9 rep;(ar]s:gnts a dominant tree that

represented the remotely

sensed tree segment. The

remaining 1/3 of the lidar

segment may be occupied
by other material.




Live

Live Ground trees”
Vegetation

A Fully intact,
Graphed as
“A. to D. Live

Imagery within the
remotely sensed tree
segment displays probable
live, green ground
vegetation with a minimum
of ~22/3 of the segment,
and the remotely sensed
tree has a maximum height
<3m with no apparent
shadow in the imagery. Itis

unknown if this lidar
segment represents an

error of commission,
vegetation cover (i.e., a
shrub), or is a tree.

Live

A Fully intact,
Graphed as
“E. Decadent
. top or
Mixed Top Stregsed"

A browning crown or
decadent top occupies
25% or less of the remotely
sensed tree in the imagery,

the remainder of the
remotely sensed tree
segment appears to be
composed of live, green
tree cover. Together the
browning crown/decadent
top and the live canopy
occupy ~2/3 of the
segment. The remainder of
the pixels in the imagery
may include other material.

Live

A Fully intact,
Graphed as
“E. Decadent
top or
Mixed Stress Stressed”

A yellowing or browning
tree canopy cover occupies
~22/3 of the remotely
sensed tree segment, and
the remainder is not the
tree canopy (e.g., ground,
coarse woody debris,
ground vegetation, rock,
dead tree, or unknown).
The yellowing or browning
tree may have evidence of
branches without needles.

Mixed

Mixed Live and | this is a lidar

Not
applicable as

Dead segmentation
error

A combination of live and
red or gray phase dead
trees where at least a third
of the imagery is occupied
by a live tree, a third by a

dead tree, and the
remainder may include a
view of the ground cover
and/or ground vegetation.




Dead

Dead Red
Phase

A Fully intact,

Graphed as
“F. Red
Phase Tree”

A presumed dead, red
phase tree cover occupies
~22/3 of remotely sensed

tree segment and
remainder of segment is
composed of material other
than the tree canopy. The
red phase of a tree is
typically associated with
post tree mortality where
the needles have not fallen
off the branches.

Dead

Dead Gray
Phase

B Recently
dead, intact
top, fine
branching
and bark,
Graphed as
G Gray
Phase Tree

A dead, gray phase tree
cover occupies ~=2/3 of
the remotely sensed tree
segment and the
remainder of segment is
composed of material other
than the tree canopy. In
the gray phase, a portion of
the top may have broken
off; however, the tree
branches remain mostly in-
tact and the snag appears
almost white gray.

Dead

Dead Stump

F Dead, top
repeatedy
broken. No
coarse
branches,
bark
unknown,
<=6m,
Graphed as
H Snag, few
branches

A dead standing tree snag
without evidence of
significant branching
occupies the remotely
sensed tree segment and
may occupy <25% of the
remotely sensed tree
segment area. The rest of
the segment area may be
occupied with other
material (e.g., ground,
coarse woody debris,
ground vegetation, rock,
live vegetation, dead tree,
or unknown).

Dead

Other Course
Woody Debris

Not part of
the field
decay class
as this object
no longer
represents a
snag.

Coarse woody debris
occupies ~22/3, of
remotely sensed tree
segment and the
remainder is other material
(e.g., ground, coarse
woody debris, ground
vegetation, rock, dead tree,
or unknown).




Not A combination of live and
applicable as dead vegetation, mixed
this is an ground cover, CWD,
imagery ground vegetation, or rocks
Other Other/Unknown alignment ea_ch of minor!ty
issue proportions for which the
viewer could not identify
the remotely sensed tree
segment or mortality
status.
Not part of The remotely sensed tree
the field segment provides a view of
decay class the ground and may be
as this object composed of pine needles
no longer or dirt filling ~22/3 of the
Other Other Ground | represents a remotely sensed tree
shag. segment. The remainder of
the remotely sensed tree
segment may include live
or dead vegetation or other
material.

Not A boulder occupies ~=2/3
applicable as of remotely sensed tree
this is a lidar segment, and the

Other Other Boulder segmentation remainder is not the
error boulder (e.g., ground,
coarse woody debris,
ground vegetation, dead or
live tree, or unknown).

Not A shadow occupies ~22/3
applicable as of remotely sensed tree
this is related segment, and the

Other Other Shadow to opject remainder is not the
position, shadow (e.g., ground,
other objects coarse woody debris,
and sun ground vegetation, dead or
angle live tree, or unknown).

Lidar Segmentation Errors:
Omission and Commission

No lidar segmentation error
observed “No error”

Example

Description

Remotely sensed trees
without segmentation
errors appear to capture
the full extent of the
dominant tree canopy.
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Commission-over-segmentation
of the lidar canopy

Remotely sensed tree
segments that were
associated with the same
dominant tree canopy and
of the same relative height
(i.e., within 3m in height)
were labeled as over-
segmented. The largest of
the canopy segments was
labeled as main and was
considered as a single
tree, and the remaining
segments were labeled as
additional. Unless noted,
the additional segments
were not included in the
comparisons with field
trees except to report total
frequencies, where noted.

Omission-2 or canopy trees
observed in the lidar segment

Remotely sensed trees
were labeled as errors of
omission when two or more
canopy trees were clearly
visible within the remotely
sensed tree segment.

Commission-boulders

% e
N i
ke, (O}

LS

£

Boulders are common
natural features in the
Sierra Nevada, and they
can be the same relative
height and canopy spread
as a smaller tree. They
were labeled as specific
errors of commission.

B.3: Field-based tree measurements, “field trees”

To update the locations of each tree the original value was multiplied times the slope

and the original intercept value was applied to each x, y, and z coordinate, respectively. For this

analysis, the updated tree measurements acquired from the linear regression were reprojected

to the coordinate system of the airborne lidar data.
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B.4: Allometric equations
These formulas were derived from lidar based measurements of trees in the southern Sierra

Nevada in the Sierra Mixed Conifer forest type, which occupies the study area and are
described in (Jeronimo, 2015).

log(Height) = —0.34 + 0.84 *x log(DBH) + c (spc1)

CrownSpread = 0.98 + 0.04 * DBH + c(spc3)
The species-specific constant for Height (spc1) for A. concolor is 0.19, A. magnifica is 0.17, C.
decurrens is 0, P. jeffreyi is -0.06, and P. lambertiana is 0.18. For crown spread, the species-
specific constants (spc3) are A. concolor is 0.12, A. magnifica is -0.19, C. decurrens is 0, P.
jeffreyi is -0.58, and P. lambertiana is 1.30.
The estimated measures of height and crown spread are necessary to compare field trees to
remotely sensed trees, which include maximum height, canopy area, and circumference. The
basal area of all trees included in the analysis were calculated from the DBH using the following

formula.

DBH
200

Basal area = pi * (.

)2

B.5: Tree matching: examining matched pairs and visually matching pairs
Step One: Matching algorithm

We implemented a two-step process to match field to remotely sensed trees. First, the
algorithm for automated matching is described. The first step was to calculate the high and low
heights of field trees by applying the 95% confidence interval to the height of each tree. By
producing a range of height values, the probability of correct matching increases as
allometrically based tree heights are estimates with error and remotely sensed tree heights are
directly measured. A new value for crown spread was also calculated to examine potential pairs
after matching; the overall crown spread error was added to each field tree’s crown spread
value. Next, for each field and remotely sensed tree in each plot, a distance matrix was

calculated, dist.3d, from the X, Y and Z locations of each field and remotely sensed tree,

110



respectively. The dist.3d matrix serves as the input into a function where the minimum distance
values are applied to identify potential associates. These associates are probable, one-to-one
field to remotely sensed tree pairs. The lidar derived height of each candidate pair is then
examined to determine if it is within the height ranges of the field trees. Tree pairs that met this
height criteria were labeled as coregistered or matched.
Step Two: Evaluating matches, assigning visual matches, and labeling probable error

We manually examined each 2010 remotely sensed tree segment with the NEON 2018
imagery to evaluate matching status, the presence for potential visual tree matches; and error.
For example, we labeled matches as likely incorrect when the remotely sensed tree in the 2018
imagery was a tree stump and the field tree was identified as alive in 2018. Another example of
potential error occurred when there were no suitable field trees for a visual match. In addition,
all unmatched lidar and unmatched field trees were evaluated for potential matches. To conduct
the error evaluation and visual matching, a rubric was developed and implemented, which is

provided in Table B.2, Appendix B.
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Table B.2. Rubric for evaluating remotely sensed trees for coregistration or matching status

Class Statistical Description
Analysis

1. Matched Matched Tree The x, y, and z location of the field and remotely
sensed tree appeared to produce a
parsimonious match. The mortality status of the
field and remotely sensed trees appeared to
match.

2. Matched to main segment | Matched Tree See 1, with the exception the algorithm matched

the field tree to a main segment

3. Unmatched Unmatched Lidar A parsimonious match was not made between a
or Field Tree field and remotely sensed tree. In addition, no
suitable field trees within an ~5m radius of the
remotely sensed tree was evident.

4. Unmatched, additional Analyzed for See 4, except the remotely sensed tree of
segment influence of error interest was an additional segment

on matching

5. Unmatched, boulder Analyzed for The lidar segment displayed a boulder with no
influence of error tree on top of or to the side of the boulder.
on matching

6. Unmatched to visually Visually matched We visually matched pairs if their mortality
matched status was consistent to the field tree and the

heights were within + or — 10m. Trees in the
plots exceed 60m in height; therefore, the
allometric equations may not have predicted the
tallest of trees or large, mature trees with
decadent or broken tops.

7. Unmatched main Visually matched See 6, the steps were the same with the
segment to visually exception that visual matched were made to a
matched main stem of an oversegmented canopy.

8. Matched, however, Unmatched The X, y, and z location of the field and remotely
probable incorrect match sensed tree appeared to be incorrect to produce

a relevant match, or the mortality status of the
field and remotely sensed trees appeared
incorrect (i.e., one live tree and one dead tree in
the gray phase or later state of decay).

9. Matched to main Unmatched See 8 except the remotely sensed tree was a
segment, however, main segment.
probable incorrect match

10. Matched to additional Analyzed for See 8 except the remotely sensed tree was an
segment, probable error influence of error additional segment.

on matching

11. Matched, however, Visually matched The algorithm matched a field to remotely
probable incorrect match, sensed tree; however, the match appears
visually matched incorrect. A more parsimonious match is visually

identified and made.

12. Matched, main stem, Visually matched See 12 except the remotely sensed tree is a

probable error to visually
matched

main segment.
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B.6: Results

Matching Status by Species and Height Lidar Segmentation Error by Species and Height
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Figure B.1 Matching Status by Species and Height and by lidar segmentation error. Left graph displays the
matching status of each species by height: abco (A. concolor), abma (A. magnifica), cade (C. decurrens),

Not matched-remotely sensed trees that were not matched via algorithm or manual matching, pije (P.
jeffreyi), and pila (P. lambertiana). Right panel shows lidar segmentation errors by species, by height.
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Chapter 4. DETECTING THE FATE OF OVERSTORY TREES FOLLOWING A
DROUGHT-INDUCED TREE MORTALITY EVENT

4.1 ABSTRACT

Artificial intelligence is increasingly applied to assess ecological status and change.
However, validation is required to understand the uncertainty and bias inherent in such
approaches for ecological studies. We used remotely sensed trees matched to in-situ trees to
examine annual survivorship, mortality, and decay detection using machine learning for three
years following an extensive tree mortality event. We conducted our assessment in a fire
excluded, multi-strata, Sierran mixed conifer forest in California’s southern Sierra Nevada, which
experienced a warm drought-induced tree mortality event from 2012-2016. We asked how well
is post-drought tree mortality status predicted by machine learning validated with field data and
if there are differences by species. In addition, we asked if mortality and decay status could be
detected over time with repeat measures. Our analysis predictors for the 2017 to 2019 machine
learning models, Random Forest (RF) and XGBoost (XGB), included high resolution, airborne
collected imagery and lidar-derived canopy height models.

We compared the mortality status detections of the labeled (i.e., remotely sensed trees
whose status has been manually identified using orthoimagery) matched tree mortality status,
then the modeled detections were validated with in-situ collected survivorship for 2018. In 2018,
the RF and XBG detections versus labeled data were both 86% surviving and 78% mortality
compared to 78% of field-assessed survivorship and 72% mortality, respectively. Bias related to
our remotely sensed tree methods influenced mortality detection and produced taxonomic
based differences in detection. On average, a six percent reduction in classification detection
was due to matched trees being of an unknown status, and eight percent in full shadows. In

terms of mortality detection by species, A. concolor mortality was underrepresented; A.
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magnifica was under predicted by XGB and occluded by shadows in 14% of matched trees; C.
decurrens was well detected, and P. jeffreyi and P. lambertiana mortality were over detected.
The 2017 and 2018 RF and XGB models well represented decay over time; however, the 2019
model without the canopy surface model had improved detection of coarse woody debris. This
finding was surprising and important as it suggests high fidelity imagery may aid decay

detection in the absence of lidar data.

4.2 INTRODUCTION

Around the globe, remote sensing of forests has involved well established and validated
methods using data such as LANDSAT (Cohen et al., 2016; Huang et al., 2017; Kane et al.,
2013; Miller and Thode, 2007) and GEDI (Duncanson et al., 2020; Potapov et al., 2021,
Potzschner et al., 2022; Zhou and Popescu, 2019). These investigations are invaluable for
assessing forest condition at the stand-scale across broad extents. Yet, in the last decade, a
synergy of innovation in remote sensing of our environment coupled with computational
advancements spurred the ability to apply remotely sensed trees detect, model, and predict the
occurrence of individual overstory trees (Duncanson and Dubayah, 2018; Jeronimo et al., 2018;
Paz-Kagan et al., 2017; Wing et al., 2015; Yun et al., 2022; Zhou et al., 2018).

Increasingly, remotely sensed trees are produced by fusing multiple, high resolution
lidar, orthoimagery, or hyperspectral datasets (Hemming-Schroeder et al., 2023; Huang et al.,
2019; Jiao et al., 2021; Lines et al., 2022). Remotely sensed trees are then applied as proxies to
evaluate individual overstory tree condition. For example, they are applied to map trees as well
as to aid species identification (Fricker et al., 2019; Huesca et al., 2021), biomass (Xu et al.,
2018) measurements, fuels condition assessments (Rocha et al., 2023), delineating tree
patterns (Jeronimo et al., 2018; Kane et al., 2019), canopy conditions (Paz-Kagan et al., 2017),

or survivorship status (Hemming-Schroeder et al., 2023; Stovall et al., 2019).
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Although remotely sensed trees hold great potential for conducting ecological studies,
population ecology research involving remotely sensed trees is nascent (Das et al., 2022;
Huesca et al., 2021). Further, examinations involving field validation to address uncertainty and
bias are needed (Babcock et al., 2015; Murray et al., 2019; Rocchini et al., 2013) to ensure
adequate representation across species and environmental conditions. Conducting this
research is fundamental to using remotely sensed trees in future ecological examinations.
Unlike assessments of forest condition, population trend analysis requires repeated measures
of individuals representative of the entire population (McCune et al., 2002). To repeatedly
measure representative individuals, it is necessary to measure the uncertainty of the study
population and the bias related to the methods of study.

We endeavored to support building a foundation of research regarding the application of
remotely sensed trees in population ecology. We proposed to do so by examining the efficacy of
predicting individual overstory tree survivorship, mortality, and decay with machine learning
models using field validated (i.e., matched) remotely sensed trees. Here, we defined remotely
sensed trees as models created by segmenting overstory tree crowns from airborne lidar and
combining the crowns with high resolution imagery (i.e., orthoimagery, 0.1m resolution). We
matched or coregistered in-situ trees to remotely sensed trees to ensure our results were
accurate at the scale of individual, overstory trees. By matching in-situ to remotely sensed
trees, the matched trees inherited the information collected from each field tree, respectively.
Further, matched trees greatly reduced uncertainty since each remotely sensed tree being
evaluated represented an identified and field-measured individual tree. Since matched trees are
the remotely sensed proxies of individual field trees, they provided the necessary information to
validate the accuracy of machine learning models and evaluate sources of bias.

We used the control plots of a long-term, fire and fire surrogates study in the Teakettle
Experimental Forest in the southern Sierra Nevada California to develop and validate individual
overstory tree mortality models using remotely sensed trees. By doing so, we could assess the
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accuracy of our models and evaluate bias. We used the matched tree dataset to address the
following research questions:

1. How is post-drought mortality of matched trees detected by machine learning and
validated with field-based mortality?

2. Are there differences in the detection of mortality by conifer species?

3. Can mortality and decay status be detected over time with machine learning with repeat
measures?

4. What are the annual changes in survivorship, mortality, and decay trends of the most
common fir and pine species (A. concolor and P. lambertiana, respectively) up to three
years post-drought?

The first research question sought to provide objective data regarding how well machine
learning can capture tree mortality about the overstory tree population. Since our field
population and remotely sensed trees were both identified, we evaluated sources of bias and
their influence on modeling the detection of survivorship and decay. We also examined if tree
height and the number of neighbors influenced whether mortality classification was correctly
predicted compared to the field-validated, matched trees. The second question was to evaluate
whether using machine learning to predict overstory tree mortality was biased in terms of
species. Since other tree species were not measured for tree size metrics and represented less
than 1% of tree species frequency, this study was limited to the evaluation of conifer species.
Third, we examined how well tree mortality and decay could be predicted with machine learning.
Such an approach could be cost-effective for evaluating mortality and decay in individual
overstory trees, older lidar tree crowns may be useful for examining the fate of tree mortality and
forest structure patterns over time. Finally, we examined the survivorship, mortality, and decay
patterns of the two most common fir and pine species, A. concolor and P. lambertiana,
respectively, for potential differences. We theorized that the P. lambertiana died and decayed

earlier post-drought than A. concolor due to the presence of the Western pine bark beetle, D.
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brevicomis. Our research goal was to benefit future efforts involving the detection of individual

overstory trees in response to a range of disturbance events and environmental conditions.

4.3 METHODS

4.3.1 Study Area

The study area is occupied by forests located in California’s southern Sierra Nevada range. It is
composed of nine, four-hectare plots (Figure 1) of mature, multi-strata Sierran Mixed Conifer
forest in the Teakettle Experimental Forest (Allen, 2005; Goodwin et al., 2020). The study area
was selected because it was fire excluded and experienced drought-induced tree mortality
(Goodwin et al., 2020). To examine the influence of drought-induced mortality, we selected the
untreated, control plots so we could avoid the potential influence of other mortality sources such
as wildfire or wind. In addition, existing pre- and post-drought field and remotely sensed
datasets were available to match field trees to the remotely sensed trees. Hereafter, individual
tree measurements acquired from in-situ measurements of stem mapped trees, are referred to
as field or in-situ trees. Individual tree measurements acquired from high resolution lidar and
assessed for mortality status with orthoimagery are hereafter referred to as remotely sensed
trees. The field and remotely sensed tree mortality data were collected prior to and following
California’s 2012-2016 drought and tree mortality event (Fettig et al., 2019; Swain, 2015).

The nine unburned plots of the study area were the control plots for a long-term fire and
fire surrogates study within the 1,300 hectare Teakettle Experimental Forest (Goodwin et al.,
2020; North et al., 2002). The Teakettle Experimental Forest is located along the north fork of
the Kings River watershed in the southern portion of the Ecoregion and is vegetated with late-
seral, mixed Sierran conifer forests (Fry et al., 2014; Goodwin et al., 2020; North, 2002). The
study area has a Mediterranean climate with warming and drought events characteristic of the
Ecoregion (Asner et al., 2016; Diffenbaugh et al., 2015; Gibson et al., 2020; Swain, 2015). The

elevation of the study area ranges from approximately 1,900 to 2,600 m, and annual
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temperature and precipitation vary from -3° to 25°C and 50 to 125cm, respectively (Goodwin et

al., 2020; Krofcheck et al., 2017).
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Figure 4.1. The Sierra Nevada Ecoregion (A) is a montane, conifer dominated region of California with a
Mediterranean climate. The study area (B) is in the Teakettle Experimental Forest in the southern Sierra
Nevada, which experienced significant tree mortality during California’s first warm drought from 2012-
2016. The study area includes nine field plots, each four hectares in area, that were stem mapped with
tree measurements collected in 2011 and 2018. Airborne lidar was collected in 2010, which was used to
segment trees (Jeronimo et al. 2018) using a watershed segmentation algorithm. Panel (C) shows lidar
tree segments as white with red circles representing the field trees from a zoomed in, aerial view of a
portion of one of the nine field plots overtop 2018 NEON orthoimagery (Gallery, 2022).

4.3.2 Matched Trees

Matched trees were the field trees that were pairwise matched on a one-to-one basis
with remotely sensed trees (Figure 4.2). The methods applied to coregister or match the field to
the remotely sensed trees were described in 3.3.3.4 of Chapter 3. Tree matches were verified
by examination of imagery and the comparison of tree measurements. Ecologically, matched
trees represented 85% of all the pre-drought remotely sensed trees (i.e., tree models
segmented from 2010 airborne lidar whose crown status was visualized with high-resolution
imagery). They were the top-of-the-canopy trees or the portion of the overstory visible to remote
sensing instruments. In this study area, a remotely sensed tree on average represented the
canopy area of a dominant tree and two understory trees, which were identified in the field
(Table 2.2). Remotely sensed trees had a mean height of 23.9m pre-drought compared to the

field population mean of 15.5m, Table 2.2. Thus, in terms of population ecology, all the analyses
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provided hereafter are describing the detection and prediction of trees that were visible to high
fidelity fixed wing sensors, the tallest trees at every location, which can vary from a sapling to a
large old-growth tree.

Of the 9,761 field trees present in the study area, 2,814 trees, or 85% of the lidar trees,
were matched manually or via our algorithm (Chapter 2) creating the matched, remotely sensed
trees. The remainder of the lidar or remotely sensed trees represented errors of commission or

were not matched to field trees. In this study area, the matched trees represent 29% of the

conifers measured, and the conifers account for 99% of the trees present.
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Pre- and post-drought Pre-drought lidar Matched Trees
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Tree size Post-drought
Mortality status Mortality and decay
status from 2018
NEON RGB

Figure 4.2. Creating matched trees from field and lidar data as well as imagery. Matched trees are
the principal unit analyzed for all three questions. In all images, live trees are blue, red are dead,
and orange are mixed live and dead trees or stressed.

4.3.3 Question 1: How is post-drought mortality of matched trees detected by machine learning
and validated with field-based mortality?

Here, we developed machine learning models to detect post-drought tree mortality
exclusively using the matched trees dataset (Figure 4.3). By using the matched tree dataset, the

remotely sensed tree mortality detections are field validated; uncertainty regarding the portion of
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Figure 4.3. Visual diagram of Questions 1 and 2, datasets and workflow.

the population sensed by remotely sensed trees is addressed; and only trees alive pre-drought
were included in the analysis.

The mortality detection modeling was performed using image classified matched trees
(i.e., the labeled training, validation, and test dataset). The image classification was conducted
by visually examining the NEON 2018 orthoimagery (Section 2.5.3). Prior to conducting the
machine learning modeling, the mortality classes were collapsed into three basic mortality
classes: live (i.e., survived the drought), dead (i.e., died during or up to one-year post-drought
(2018)), or shadow (i.e., the matched tree in the 2018 imagery is obscured to the point the
mortality status cannot be visually examined). The collapsed classes were identified in Figure
C.1, Appendix C.

The machine learning detection of the matched trees was performed using the imagery
predictors, which were summarized by zonal statistics (Section 4.3.4.6) by band (e.g., Red,
Green, or Blue). In addition, the zonal statistics of the 2018 canopy height model was included
as a predictor for post-drought tree height.
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We examined the efficacy of applying machine learning models (i.e. Random Forest and
XGBoost) to detect or classify the mortality status of the matched trees. The accuracy and
precision of the mortality detection was evaluated for error in two ways. First, the user’s
accuracy was determined by comparing the correctly classified matched trees against the
matched tree labeled (i.e., remotely sensed trees whose status has been manually identified
using orthoimagery) dataset. Second, the machine learning models predicted classifications
were compared to the field-based mortality status as of 2018. Therefore, we were able to
produce both a traditional confusion matrix and field validate our results.

In addition to completing the modeling, we examined whether tree height and the mean
number of neighbors influenced whether mortality classification is correctly predicted compared
to the field-validated, matched trees. We examined the relationship of local forest structure
because we viewed many large tree clumps in the imagery. We surmised that these tree clumps
affected mortality detection. We expected the machine learning detection of mortality to be
influenced by several factors: a) post-drought tree height, b) number of pre-drought lidar
neighbors (i.e., as a measure of tree clumping), c) the accuracy of applying a collapsed mortality
class, and d) shadows. We hypothesized that tree mortality detection increased with height and
decreased as the number of neighbors increases. We applied the pre-drought number of lidar
neighbors for the analysis. To evaluate the influence of matched tree post-drought height and

neighbors, an analysis of variance (ANOVA) was performed.

4.3.4 Datasets for Question 1
4.3.4.1 Airborne Lidar and Orthoimagery Collection

The 2018 National Ecological Observatory Network (NEON) high resolution RGB
imagery (Gallery, 2022; Krause and Goulden, 2015) were accessed to identify the mortality
status of all matched trees. In addition, the NEON 2018 lidar data were analyzed to produce a
canopy height model (CHM) during the lidar segmentation processing, which is described in
Section 3.3.3.2. The CHM dataset was used to acquire mean lidar tree height information for the
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matched trees, post-drought. In addition, zonal statistics were calculated per matched tree for
the 2018 CHM data and included in the detection analyses. Acquisition details are provided in

Table 3.1.

4.3.4.2 Field Tree Measurements

The pre-drought (2011 and 2012) and post-drought (2018) field-based tree
measurements were described in Section 2.4.2. All the research described herein involved
analysis of the matched trees, and the matched tree methods were described in Section 3.3.3.4.
The matched trees inherited the field-based metrics, per tree. In addition, the number of
neighbors and mean distance to neighbors were quantified per field and remotely sensed tree

and were described in Section 2.6.1.

4.3.4.3 Post-drought Survivorship, Mortality, and Decay Status

The NEON 2018 orthoimagery was used to classify the survivorship, mortality, and
decay status according to the rubric in Table B.1, Appendix B. The image classification was
ascertained by the primary author for all time periods. The 2018 mortality status of the matched
trees was concurrent with the field measurements. All image classification steps were

conducted in ArcMap Pro, Version 2.8 (“ESRI ArcGIS Pro Version 2.8,” 2021).

4.3.4.4 Data Processing

Except where noted, all statistical analysis and machine learning were performed using the R

Studio environment (version 2023.03.0) using R statistical software (version 4.2.3).

4.3.4.5 Mortality and Decay Class Consolidation

The survivorship, mortality, and decay classes applied to the matched trees were
consolidated into live, dead, and shadow to promote comparison with the mortality status of the
field trees in 2018. Figure C.1, Appendix C displays the consolidated Basic Tree Mortality

Classes applied for Questions 1 and 2.
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4.3.4.6 Zonal Statistics

Zonal Statistics were calculated for all pixels that occupied the canopy area within each
matched tree segment, respectively. These values were inputs into the machine learning
analyses for Questions One and Two. Zonal Statistics were quantified per matched tree for the
CHM as well as the red, green, and blue visible bands, respectively. For each matched tree,
zonal statistics were calculated in ArcGIS Pro Version 2.8 (“ESRI ArcGIS Pro Version 2.8,”
2021). For each band or CHM, respectively, the following zonal statistics were calculated: count,
area, minimum, maximum, range, mean, standard deviation, sum, variety, majority, minority,
median, and 90™ percentile. Although many of these metrics are related, machine learning pre-

processing recipes can reduce highly correlated predictor variables (Figure C.2, Appendix C).

4.3.4.7 Machine Learning

The “Tidymodels” package (version 1.0.0) in the R Studio environment (version
2023.03.0) using R statistical software (version 4.2.3) was applied to conduct all machine
learning steps. This package provides a consistent interface and vernacular of functions, which
facilitates multiple machine learning models to be performed and compared. The Tidymodels
interface provided a set of data pre-processing functions to prepare data prior to all modeling,
which is described in Figure C.2, Appendix C. The pre-processing steps were applied
consistently to each of the datasets analyzed.

After data pre-processing was completed, Random Forest (Breiman, 2001) and
XGBoost (i.e., a gradient boosted decision tree) (Chen and Guestrin, 2015) machine learning
models were both applied (Figure C.3, Appendix C). Random Forest and XGBoost provided the
capacity to model multiple classes. The two modeling approaches were applied to ensure
consistency in the detection of variables of importance, model coefficients, accuracy, precision,

and detections. Figure C.3, Appendix C described the machine learning model steps
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4.3.5 Question 2: Are there differences in the detection of mortality by conifer species?
After the machine learning mortality detection was conducted for Question 1, the results

were examined to determine if taxonomic status influenced detection. To do so, the frequency of
correct mortality detections was compared to the field-detected mortality rates, by species. In

addition, the number of trees predicted as shadows were also evaluated by species.

4.3.6 Question 3: Can mortality and decay status be detected over time with machine
learning?

The goal of this question was to determine if changes in survivorship, mortality, and
decay of matched trees could be detected with machine learning using repeat measures (i.e.,
annual remote sensing datasets (i.e., 2017, 2018, and 2019). Here, a dead tree is defined as a
snag with needles or most branching intact. In contrast, a decaying tree is defined as a snag
with no apparent needles and few branches, a log, or coarse woody debris). As described in
Section 4,3.3, Question One, only matched trees alive pre-drought will be selected for analysis.

The image classification process (Table B.1, Appendix B) was consistently applied to the
2017 to 2019 remotely sensed trees with several notable exceptions. First, the matched trees
were image classified for their survivorship, mortality, and decay status, by year, using the
respective year’s orthoimagery datasets (i.e., NEON 2017-2019). In addition, the lidar-derived
canopy height models (CHM) from 2017-2018 were included as predictors for those years,
respectively. The purpose of including the canopy height model in 2017 and 2018 and excluding
it in 2019 was to test whether canopy height aids in the detection of decaying trees. Decaying
trees are typically shorter in stature compared to live and newly dead trees. Since sample sizes

need to be sufficient for machine learning, the mortality and decay classes were consolidated or

collapsed into “detailed” classes, Figure C.1, Appendix C for accuracy assessments.

4.3.7 Datasets for Question 3
4.3.7.1 Airborne Lidar and Orthoimagery Collection

The 2017 to 2019 National Ecological Observatory Network (NEON) high resolution

RGB imagery (Gallery, 2022; Krause and Goulden, 2015) were accessed to identify the
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mortality status of all matched trees, respectively, following the drought, by year. In addition, the
NEON 2017 and 2018 lidar data were analyzed to produce a canopy height model (CHM),
respectively. The CHM datasets were used to acquire mean lidar tree height information for the
matched trees, post-drought. In addition, zonal statistics were calculated per matched tree for
the 2017 and 2018 CHM data and included in the detection analyses. Further details regarding
the zonal statistics are described in Section 4.3.7.6. Acquisition details are provided in Table

4.1.

Table 4.1.

Remote Sensing Acquisition Parameters. These parameters including data type and vendor at the time
of collection, time of acquisition, active or remote sensing sensor used to acquire data, acquisition
parameters detailing how data was collected, and the geographic coordinate information of the
acquisition.

Data Type & Vendor Data Sensor Acquisition Coordinate

acquisition Parameters Information
Airborne lidar, National Post-drought Optech, Inc 24-6 pulses/m2 ITRFOO,
Ecological Observatory Summer Gemini lidar 100khz NAVD88, UTM
Network (NEON) 2017 & 2018 sensor

12SEN311
Orthoimagery Red, Post-drought Phase One 0.1m resolution ITRFOO, UTM
Green, and Blue (RGB) Summer D8900 and 30 to 50% lateral
NEON 2017-2019 IXU-RS-1000 overlap, 60% image
overlap

4.3.7.2 Field Tree Measurements

The field tree measurements data are consistent with Section 4.3.4.2. However, this

analysis did not involve examining mortality detection and neighbor density.

4.3.7.3 Post-drought Survivorship, Mortality, and Decay Status

All matched trees were identified for their survivorship, mortality, and decay status by
manually identifying their status using imagery from the respective period. The mortality and
decay status classification of the 2018 period was concurrent with the steps for Question 1,
Section 4.3.4.3. For Question 3, the image classification of survivorship, mortality, and decay
status of the matched trees was extended to include the 2017 and 2019 NEON orthoimagery

data, which represented one to three years post-drought. The steps for the image classification
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were consistent with the 2018 process to identify the survivorship, mortality, and decay class of
each matched, remotely sensed tree, Table B.1, Appendix B. The image classification was
ascertained by the primary author for all time periods. Although the 2018 mortality status of the
matched trees was concurrent with the field measurements, the 2017 and 2019 remotely
sensed data are not supported with field validation. All image classification steps were

conducted in ArcMap Pro, Version 2.8 (“ESRI ArcGIS Pro Version 2.8,” 2021).

4.3.7.4 Data Processing

Except where noted, all statistical analysis and machine learning were performed using the R
Studio environment (version 2023.03.0) using R statistical software (version 4.2.3).

4.3.7.5 Mortality and Decay Class Consolidation

The survivorship, mortality, and decay classes applied to the matched trees were
consolidated into the Detailed Tree Mortality Classes, which were provided in Figure C.1,

Appendix C.

4.3.7.6 Zonal Statistics

The steps to produce the zonal statistics, per period, were consistent to Section 4.3.4.6.

4.3.7.7 Machine Learning

We evaluated the ability of machine learning to detect tree survivorship, mortality, and
decay classes with repeat measures for up to three years post-drought using the matched trees,
Table 4.4. We did so by examining the performance of two machine learning models, Random
Forests and XGBoost. Imagery and lidar-based predictors were collected annually from 2017 to
2019. The machine learning steps to conduct the analyses for all time periods were consistent

to Section 4.3.4.7.
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4.3.8 Question 4: What are the annual changes in survivorship, mortality, and decay trends of
the most common fir and pine species (A. concolor and P. lambertiana, respectively) up to three
years post-drought?

We compared differences in post-drought tree counts and changes in frequency by year
per survivorship, mortality, and decay between the two most common species, White fir (A.
concolor) and Sugar pine (P. lambertiana). We selected these two species as the tree counts
and frequencies in the other species were too low for adequate comparison. The manually
classified matched tree survivorship, mortality, and decay classes of the most common fir, White
fir, and pine, Sugar pine, were visually compared and contrasted with the pre-drought
survivorship status. The comparison allowed the exploration of trends and potential differences
in mortality and decay, over time. The combined coarse woody debris class was split to also
include snags (i.e., standing dead trees). By doing so, the decay patterns over time could be
examined in greater detalil.

The tree counts and change in class frequencies were examined from pre-drought to
2019. During the drought, tall Ponderosa pine (P. ponderosa) mortality in lower, adjacent
elevations to the study area was widespread early in the drought. Since Ponderosa and Sugar
pine are both attacked by the Western bark beetle, D. ponderosae, we expected that Sugar pine
will demonstrate earlier mortality and decay rates that than White fir, which had no such lower
elevation analog with shared bark beetle (i.e., fir engraver) induced mortality. If differences in
survivorship, mortality, and decay can be tracked over time, new approaches to evaluating

overstory tree fate and concomitant changes in aboveground carbon storage can be developed.

4.3.9 Datasets for Question 4
The matched trees with their manually identified survivorship/mortality and decay status

in Section 4.3.7.3 were the inputs for the analysis.

4.4 RESULTS

4.4.1 Question 1: How is post-drought mortality of matched trees detected by machine
learning and validated with field-based mortality?
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The results of both the Random Forest and XGBoost modeling detected 85% and 80%

of the drought-induced, field-based morality, respectively, Table 4.2.

Table 4.2.

Machine learning detected mortality status of matched trees compared to imagery classified
and field-based mortality status in 2018. Machine learning models used include the Random
Forest (RF) and XGBoost (XGBoost) machine learning models

A. Machine learning confusion matrix, the labeled imagery classified results are presented
horizontally, and the predicted results are presented vertically, for RF and XGB

RF Labeled XGBoost Labeled
Predicted Dead Live Shadow Dead Live Shadow
Dead 107 33 1 101 20 1
Live 12 295 1 15 313 1
Shadow 7 23 38 10 18 38

Variables of Importance RF: Green Median, Blue Mean, Green 90™ Percentile, Red
Majority, Blue Max, Red Variety, Green Standard Deviation, Green Max

Variables of Importance XGB: Green Median, Blue Mean, Green 90" Percentile, Red
Majority, Green Majority, Blue Majority, CHM Min., Blue Max

RF AUC=0.970, F1=0.8

XGB AUC=0.973, F1=0.82

The metrics used to assess detection included the Tidymodels-based computation of
multiclass Area Under the Receiving Operating Curve (i.e., AUC), which is computed
according to the methods of (Hand, T, 2001), and the F1 score. The F1 score is a multiclass
metric of precision whereby a true class assignment is made by the user, such as dead, and
the “truth regarding relevance” is assessed.

B. Machine learning by field validated confusion matrix, predicted values are presented
horizontally, and the field-based (observed) mortality of matched trees using remotely
sensed predictors is presented vertically, confusion matrix for RF and XGB

Field Tree Machine Learning Detected Count Field Count
Mortality Status Detection of
2018 Mortality
Status
Live Live RF=270 XGB=285 Live
Live Dead RF=32 XGB=23 n=346
Live Shadow RF=44 XGB=38
Dead Dead RF=103 XGB=93
Dead Live RF=13 XGB=19 Dead
Dead Shadow RF=21 XGB=25 n=137

We found a non-linear relationship of tree height and mortality classification error in both
the field-validated and image classified data (Figure 4.4). The tallest trees had the greatest

frequency of incorrect detections followed by the shortest tree. The trees in the 10-30m height

135



strata had the fewest incorrect mortality detections. The number of neighbors yielded a slight

increase in incorrect mortality detections; however, the trend was not statistically significant.

4.4.2 Question 2: Are there differences in the detection of mortality of matched trees by conifer
species?

Field-based mortality verification Image classification cross-fold validation of mortality
0to 10m 10 to 30m 30m+, 0to 10m 10 to 30m 30m+,
12% Detection Error 4% Detection Error 19% Error 14% Detection Error 3% Detection Error 15% Error
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04 | 04
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detected detected detected detected detected detected detected detected detected detected detected detected
0to 10m 10 10 30m Il 30me+ 010 10m 10 to 30m 30m+
43 21 12 | 54 7 114 | 12 18 66 38 24 14 54 6 5 15 15 66
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Figure 4.4. Mortality detection and error by number of neighbors per height strata as verified by field-based
and image classification assessed mortality status in 2018 with Random Forest.

We found that the frequency of mortality of California Incense Cedar, C. decurrens, was
too rare in the in-situ population and test population to assess detection power. Despite smaller
sample sizes from the test dataset (Table 4.3), both pine species were the best detected with
the fewest shadows despite not being the tallest trees. The most poorly predicted species by
both models was Red fir (A. magnifica). Unlike the other species, Red fir had a higher incidence
of shadow detections of dead trees, which may be due to the significant height of conspecifics
shading shorter Red fir trees that died. Table 4.3 indicates that shadows are an important

source of bias in the detection of mortality by species except for Jeffrey pine, P. jeffreyi.

Table 4.3.
Mortality by species in 2018 as measured by field observation and detected by two machine learning
models, Random Forest and XGBoost, a gradient boosted machine.

Species Example Matched Matched Machine Count & Frequency of
counts Field tree Learning Frequency field verified

mortality & Counts of of field mortality
Total Field verified detected as

Frequency of Validated shadow
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Field Dead (both detected

Mortality models) mortality
A. concolor, 1,491 Matched RF & RF=83 RF=13
White fir 22% XGB= 81% 13%
Field 102 XGB=70 XGB=16
35% 69% 16%%
A. magnifica, 206 Matched RF=16 RF=8 RF=7
Red fir 23% XGB=13 50% 44%
Field XGB=5 XGB=7
38% 38% 54%
C. decurrens, 264 Matched RF=1 RF=1 RF=0
CA incense 19% XGB=0 100% 0%
cedar Field XGB=0 XGB=0
<1% 0% 0%
P. jeffreyi, 203 Matched RF=5 RF=5 RF=0
Jeffrey pine 33% XGB=4 100% 0%
Field XGB=4 XGB=
7% 100% 0%
P. lambertiana, 373 Matched RF=18 RF=15 RF=2
Sugar pine 60% XGB=17 83% 11%
Field XGB=14 XGB=2
20% 82% 12%

4.4.3 Question 3: Can mortality and decay status be detected over time with machine learning
with repeat measures?

Overall, the live and shadow classes (Table 4.4) were the best detected classes across
all years by both models. The mixed-top class was better detected than expected in 2017 and
2018, but it was poorly detected in 2019 without the CHM. The coarse woody debris class
detection was fair in 2017 and 2018, but in 2019 a larger number of coarse woody debris
samples resulting from the mortality likely improved performance. The dead red phase class
was poorly predicted and had low sample sizes. The dead gray phase had successful
classification in 2017 and 2018. Although the 2019 modeling did not include the CHM, it seemed
likely that low sample sizes contributed to poor detection compared to the exclusion of the CSM
for the gray phase dead class. The mixed-top and gray phase classes had small sample sizes
and poor prediction compared to the live and shadow classes whose sample sizes were

adequate and the accuracy was greater.
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Table 4.4.

Image Classification based Detection of Mortality and Decay Classes of Lidar Trees in 2017, 2018, and

2019. Detection completed with Random Forest (RF) and XGBoost (XBG).

Mortality Image 2017 2018 2019 2017 2018 2019
and Classification Label Label Label Detect of Detect* of Detect**
Decay Example Test Data | Test Data of Test
Class Data
RF & XGB RF RF
396 305 374
Live 1,626 1,650 1,594 96% 92% 97%
11.5% 13% n=412 XGB XGB
204 370
62% 96%
n=331 n=384
RF RF & RF
21 XGB 22
Mixed 121 136 135 72% 19 51%
Top 112% No XGB 86% XGB
change 18 n=22 20
62% 47%
n=29 n=43
RF
Red 21 Not tested Not tested
Phase 148 74 4 57% due to due to
Dead 150% 195% XGB class size class size
25
68%
n=37
RF RF RF
Gray 62 69 23
Phase 85% 86% 64%
Dead 291 370 138 XGB XGB XGB
127% 163% 64 63 16
88% 79% 44%
n=73 n=80 n=36
RF: RF RF
Coarse 32 36 111
Woody 70% 60% 83%
Debris 188 267 537 XGBoost XGB XGB
142% 1101% 31 42 109
67% 70% 82%
n=46 n=60 n=133
Shadow RF & XGB RF RF
271 187 249 60 25 53
131% 133% 91% 89% 78%
XGB XGB XGB
n=66 26 60
93% 88%
n=28 n=68

*A total of 2,814 Matched and Visually matched trees were part of the analysis dataset for all years.
However, the canopy height model from the 2018 data produced 647 lidar trees with NA values
reducing the machine learning dataset to 2,167
**2019 classes were examined without the CHM
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4.4.4 Question 4: What are the annual changes in survivorship, mortality, and decay trends of
the most common fir and pine species (A. concolor and P. lambertiana, respectively) up to three

years post-drought?

White fir and sugar pine appeared to display consistent trends in both mortality and
decay timing, which was unexpected. We surmised that Sugar pine would experience earlier
mortality and decay due to the presence of D. ponderosae in Ponderosa pines at adjacent,

lower elevations. Differences in 2018 and 2019 in terms of snag and coarse woody debris

classes were due to a shift in the imagery and alignment with the lidar segments.
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The fate of White fir (A. concolor) trees alive pre-drought and in 2017 by
mortality classes in 2018 and 2019.
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The fate of Sugar pine (P. lambertiana) alive pre-drought and by mortality
classes from 2017-2019.
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Figure 4.5. The fate of A. concolor and P. lambertiana overstory trees one to three years post-drought in
the study area. This figure shows the counts and frequencies of annual survivorship, mortality, and decay

status per class as well as changes by class in labeled matched trees.
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4.5 DISCUSSION

We endeavored to provide foundational knowledge of how remotely sensed trees can be
applied with repeated measures to evaluate population trends. In this study, we demonstrated
that matched trees (i.e., remotely sensed trees matched to in-situ or field trees) are an effective
means of repeat measures for detecting individual overstory tree survivorship, mortality, and
decay trends with two machine learning methods, Random Forests and XGBoost. Since
matched trees represent in-situ conditions, they improve the ability to validate results as well as
account for uncertainty and bias. We found that when applying a basic three classification
system to predict live, dead, and shadows, the accuracy (0.97) and F1 (0.8) scores were
consistent and high for both models, respectively. However, when the predicted status was
compared to field mortality, the overall accuracy of both models declined. For example,
shadows were predicted as dead trees (<=18%) and more frequently than shadows for live
trees (<=13%) for Random Forests and XGBoost, respectively. Yet, the frequencies of detecting
live as dead or dead as live averaged 10% for both models. Importantly, we found that applying
matched trees in our examination revealed that our remotely sensed tree methods were biased
towards the detection of pine mortality (i.e., P. jeffreyi and P. lambertiana) compared to fir (A.
concolor and A. magnifica). If our results of live and dead tree frequencies were applied across
species in the Sierra, bias would likely inflate the occurrence of mortality in pine species by a
factor of three. Finally, we found success with repeat measures in the machine learning
prediction of survivorship, mortality, and decay of matched trees on an annual basis for up to 3
years post-drought with consistent patterns detected in White fir and Sugar pine.

The repeated measures study of survivorship, mortality, and decay was conducted to
determine if population trends of overstory trees could be monitored. This finding is important as

it demonstrates that it is possible to capture mortality stage transition at the scale of overstory
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trees, but field validation is important for the successful evaluation of patterns. We found that
detecting states was robust across variations in methods such as using remotely sensed
orthoimagery with and without a lidar-derived canopy surface model for 2017 to 2019. We
tested the efficacy of using machine learning models with and without lidar-based predictors
since airborne lidar is infrequently and repeatedly collected at the fidelity required for individual
tree detection.

The approach described herein of applying matched trees to model the detection of
individual overstory tree survivorship has important utility to future ecological research and
management. We demonstrated that our remotely sensed methods were useful in capturing
important changes in tree survivorship and decay over time, but our results provided important
insight into how bias can affect the capture of population trends on a taxonomic basis. By using
matched trees for the successful deployment of machine learning models, we provided an

example for improving future population trend studies with remotely sensed trees.

Question 1: How is post-drought mortality of matched trees detected by machine learning and
validated with field-based mortality?

Our comparison of the predictions with field-based conditions revealed both the strong
influence of shadows on missed detections (e.g., 10-20%) and the occurrence of incorrect (e.g.,
dead as live or live as dead), but consistent, detections at ~10% (Table 4.2). The Random
Forest model predicted dead trees better while XGBoost best predicted live trees. The results of
the Random Forest and XGBoost modeling detected 85% and 80%, respectively, of the
morality. Comparing the machine learning detections and the in-situ conditions was useful for
considering potential sources of error in our models that could diminish detection.

First, we found error in how the tree mortality predictions were validated by the field
data. We did so by comparing the labeled, predicted, and in-situ status of the matched trees for
the most parsimonious model, Random Forest. Our study was opportunistic in nature; therefore,
the field data was collected prior to this study’s initiation. The field conditions did not include or
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describe the ground and vegetation conditions adjacent to the tree of interest, which was
captured in the imagery within the canopy segment. In other words, field data collect just the
status of the tree itself. A lidar derived tree segment coupled with imagery can display not only
the tree crown, it can also include pixels composed of shadows, ground material, and other
vegetation.

Error was most frequently associated with mixed mortality classes, which means that the
segment likely included a live tree crown and other pixels representing the ground or dead
vegetation. For example, 12 of 16 matched trees were predicted as live according to the
machine learning models. However, these trees were field assessed as dead and labeled in the
imagery as belonging to the Live and Coarse Woody Debris class. Live and Coarse Woody
Debris is a mixed class that either represents a live tree and coarse woody debris or a
decomposed tree and subordinate live vegetation (i.e., tree regeneration, shrubs, etc.). For
future research, it will be necessary to improve how field and remotely sensed data are
collected to ensure the capability to validate the remotely sensed data. Mixed classes serve an
important purpose in capturing the variability inherent in the in-situ population, but they may
yield reduced accuracy in modeling if the field validation procedures do not account for the
variability.

A second source of error was bias related to the remotely sensed detection and image
classification methods. The image collection or processing (e.g., orthorectification) yielded bias
that reduced the sample sizes that were detected, which can reduce the application of remotely
sensed datasets for ecological assessment (Campbell, James B., Wynne, 2011). For example,
the mortality status of a significant number of matched trees were unknown either because the
imagery was occluded by shadows or the mortality status was mixed (e.g., mixed live and
dead). The NEON program conducts a balanced orthorectification process to reduce relief
displacement and improve the resolution of tree crowns (Gallery, 2019). However, very tall trees
may appear to have a swirled or mixed crown that reduces accurate identification and labeling,
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which thereby diminishes correct classification. We discovered six percent of the matched trees
were excluded from the machine learning analysis due to being of an unknown status. In
addition, shadows produced the greatest bias and reduced the number of matched trees that
could be predicted with the machine learning models (Table 4.2). Eight percent of the matched
trees were in full shadow. Error associated with imagery processing can contribute a substantial
source of error, which can greatly diminish tree mortality detection or other forms of detection
such as species identification.

A third source of bias on successful tree mortality detection may be local tree structure.
Specifically, high tree density in multiple strata forest stands may complicate detecting tree
mortality. We attempted to explore the influence of local forest structure on machine learning
based mortality detection by investigating whether the number of neighbors influenced tree
mortality detection by height strata. A slight, but not statistically significant, increase in the mean
number of neighbors was associated with incorrect predictions. Since remotely sensed trees on
average contain two additional subordinate trees within the canopy prior to and following the
drought (Table 2.2) in the study area, it is likely the detection error could be influenced by tree
density. We believe that nadir position of the imagery relative to the tree of interest within the
lidar segment plays an important role in influencing overstory tree detection whether it is for
species or survivorship status.

We suspect that if the sample size were larger, it may have been possible to
discriminate a statistically significant relationship. However, we did not expect the number of
incorrect detections to be greatest in the tallest trees (Figure 4.4), which was true in both the
field-validated and image classified trees. Additional examination of these incorrect detections
will be necessary to determine the sources of error. For example, it is unknown if trees in the
red phase were misclassified because they appeared dead in imagery, but the field assessment

reported the tree as alive.
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Question 2: Are there differences in the detection of mortality of matched trees by conifer
species?

Pinus species tree mortality was overrepresented while Abies mortality was significantly
underrepresented by remotely sensed trees (Table 4.3). Sugar pine, P. lambertiana,
experienced 20% mortality of the in-situ conifer population. However, 60% of the matched
Sugar pine were correctly identified as dead. Similarly, 33% of matched Jeffrey pine trees, P.
jeffreyi, were correctly identified as dead. Yet only 7% of the Jeffrey pine were part of the
conifer-based mortality. It is possible that the lidar segmentation algorithm employed, watershed
segmentation, was more effective at detecting pine than fir species. In addition, we suspect that
the canopy shape of pines also yields a fuller view of the crown than fir trees. Consequently, the
pine trees may be more frequently segmented and better detected with machine learning.
Overall, the pine trees were not as tall as the fir trees, yet they were better represented.

The fir trees accounted for 92% of the in-situ mortality. However, the matched fir tree
mortality represented 20% of the in-situ mortality. This disparity indicates two important
problems. First, much of the fir mortality was missed because it was most common in the
subordinate trees <12m in height, which were hidden from the remote sensing sensors. Second,
the fir trees overall were less likely to be captured by remotely sensed trees compared to the
less represented pines. Understanding the bias inherent in the remotely sensed methods is
important to addressing how population trends are represented. If taxonomic information were
also collected exclusively by remotely sensed methods, the Pinus species would appear to be
sustaining greater intra-species mortality compared to Abies.

In addition to the differences in taxonomic capture of mortality, the Random Forest and
XGBoost models also showed significant differences in mortality detection by species. Overall,
the XGBoost model performed very poorly in detecting mortality Red fir. It also performed more
poorly in detecting mortality in White fir than Random Forest. However, both Random Forest

and XGBoost performed consistently well in modeling mortality detection in both pine species.
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In much of the labeled imagery, the pine canopies in this study occupied the entire lidar tree
segment. In contrast, the fir tree canopies appeared to occupy a portion of the segmented
canopy. This means that some portion of the fir tree canopy was occupied by other imagery
such as shadow or the ground. Pixels composed of shadow or ground can skew the zonal
statistics values of these matched trees and reduce the likelihood that they will be correctly
predicted. It is possible that deep learning models may improve detection of all species as these
models can account for spatial orientation of pixels, which can discriminate texture (Chang et
al., 2019; Fricker et al., 2019).

Question 3: Can mortality and decay status be detected over time with machine learning?

We expected the live and shadow classes (Table 4.4) to be the best detected classes,
which was correct. The correct predictions are likely attributable to two factors. First, these
classes were composed of larger and statistically significant sample sizes compared to the other
classes. Second, the tree crowns of these matched trees were likely composed of pixels that
were consistent in color in the training and test datasets. However, the 2019 shadow class was
not as well predicted, which was expected since this model did not include the canopy height
model. Trees in the 0-10m height strata (Figure 2.6) are most frequently impacted by shadows,
which dampens the mortality detection of an already underrepresented height strata.

It was expected that the mixed-top and dead-red classes would be difficult to detect with
machine learning (Table 4.4). We thought that the small samples sizes and greater variability in
color values in both classes would complicate model detection. However, the mixed-top class
performed better than the red-phase. Our explanation for the improved model prediction of
mixed-top was that the inclusion of the canopy height model in 2017 and 2018 aided the mixed-
top prediction. The mixed-top class was uniformly taller in tree height while the dead-red phase
had high variability in tree heights. Since the 2019 modeling did not include the canopy height

model, the mixed class was poorly predicted with just imagery alone.
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Ecologically, the mixed-top class represents two classes of trees that should be
separated if sufficient samples are available in the future. The first class should include a
browning crown (i.e., crown fade) class, which is a hallmark of bark beetle attack on pine trees.
If crown fade is detected, it may aid researchers and managers in the early detection of a bark
beetle outbreak as well as hazard tree identification. It was not possible to split the mixed-top
class in study. Unfortunately, the number of browning crowns (i.e., crown fade) (Fettig et al.,
2019) were too small in tree counts to allow for machine learning (N&si et al., 2015).
Unfortunately, the only high resolution (0.1m) drought related imagery was collected after the
close of the tree mortality event, which precluded more closely examining a greater number of
crown fade trees that would have been present earlier in the drought. The second class
proposed for the mixed-top class should include decadent tree crowns. Decadent tree crowns
appear as a broken or decaying top surrounded by a live canopy (Franklin et al., 2002).
Decadent tree crowns may be important markers of mature trees; thus, remotely sensed trees
coupled with field validation could aid in tracking mature forests spatially and temporally.

The Coarse Woody Debris class (Figure C.2, Appendix C) was poorly predicted (Table
4.4) in 2017 and 2018 and differed most significantly from the field validated data. The lack of
precision in detection of this class was consistent across both models (i.e., Random Forest and
XGBoost). We surmise that the poor prediction in the 2017 and 2018 modeling may be due to
the class containing too much variability. The coarse woody debris class was created from
combining three classes: snag, coarse woody debris, and live-coarse woody debris. The
collapsed coarse woody debris class likely contained too great a range of height and color
values, which resulted in poor detection. The class performance greatly improved in 2019 when

the sample sizes increased and the canopy height model was not included as a predictor.
Question 4: What are the annual changes in survivorship, mortality, and decay trends of the

most common fir and pine species (A. concolor and P. lambertiana, respectively) up to three
years post-drought?
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We thought Sugar pine would have a greater frequency of trees in decay in 2017 than
White fir. Tall Sugar pines are the preferred host for the Western pine bark beetle, D.
brevicomis. In 2015 and 2016 during the drought, tall Ponderosa pine in adjacent lower
elevations to the study area experienced extensive mortality due to the drought and D.
brevicomis attack (Axelson et al., 2019; Fettig et al., 2019). The expectation was that the D.
brevicomis spread from lower elevations and infected the taller Sugar pine earlier than fir
engraver induced mortality. However, the Sugar pine and White fir survivorship, mortality, and
decay classes of the matched trees displayed similar trends up to three years post-drought
(Figure 4.5).

We detected bias in our remotely sensed methods due to finding increases in the coarse
woody debris to snag classes from 2018 to 2019. Due to this unexpected frequency change, we
manually inspected each of the matched trees again in the 2018 and 2019 imagery. We found
that minor shifts in imagery alignment with the lidar canopies were observed between 2018 and
2019. This shift resulted in snags being outside of the lidar tree boundary in 2018 and inside in
2019, which resulted in 2019 trees being labeled as coarse woody debris and 2019 as snags. It
is important to note that the 2019 machine learning models did not include the CHM, yet the
coarse woody debris class was well detected. This result suggests that in the absence of
airborne lidar high resolution, imagery may be sufficient to detect coarse woody debris.

If future studies of overstory tree fate include the identification of taxonomic status,
mortality, and decay, then the ecological fate of overstory trees could be evaluated with repeat
measures with remotely sensed trees. We surmise that such studies will be most effective using
deep learning approaches. Fettig et al., 2019 was able to demonstrate successful detection of
taxonomic and survivorship status with RGB data. However, these studies will require significant

sample sizes with ground validation to evaluate method efficacy, uncertainty, and bias.
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Future Research
The remote sensing of individual trees from lidar coupled with high resolution imagery is

a relatively new technology and research application (Fricker et al., 2019; Jeronimo et al., 2018;
Ma, 2018; Paz-Kagan et al., 2017). As such, the opportunity to assess individual tree mortality
with repeat measures over large areas is only now becoming possible (Hemming-Schroeder et
al., 2023). Researchers have investigated machine and deep learning based mortality detection
(Axelson et al., 2019; Hemming-Schroeder et al., 2023; Stovall et al., 2019; Young et al., 2017).
However, researchers as well as managers are also interested in using such approaches to
identify forest decay (Wong et al., 2023); the accumulation of surface fuels and coarse woody
debris or “heavy fuels” (Rowell et al., 2020); and regeneration (Diez et al., 2021; Wagner et al.,
2020). The approaches presented in this study could be adapted to deep learning approaches
to detect changes in aboveground live and dead carbon storage changes (Xu et al., 2018). For
example, the fate of remotely sensed trees could be tracked over time using a single collection
of airborne lidar and repeat collections of imagery (i.e., repeat measures). Such studies could
be invaluable in detecting changes wrought by a range of disturbances whose impacts are
increasingly amplified by climate change. For example, individual overstory tree crown scorch
and burn severity (Arkin et al., 2023; Hamilton et al., 2021) can be evaluated across the broad
extents of large wildfire footprints.

The successful detection of decay classes such as snags and coarse woody debris by
machine learning was unexpected. We expected this class to require deep learning for
detection. The detection of advanced decay with only orthoimagery using machine learning is a
positive outcome. Future research could determine if it is possible to detect both the stages of
decay as well as regeneration. Developing such a classification schema should be supported
with field validation. In addition to traditional field sampling, field validation could include
sampling with improved geolocation and unmanned aerial vehicles (Arroyo-Mora et al., 2019;

Hastings et al., 2020; Mohammadpour, Pegah, and Viegas, 2022; Paczkowski et al., 2021) or
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possibly terrestrial lidar measurements (Hancock et al., 2017; Hauglin et al., 2014; Huang et al.,
2019; Rocha et al., 2023). These datasets could provide very high spatial resolution products to
further test these concepts.

In conclusion, there are a significant array of field-based mobile, UAV, fixed-wing, and
satellite based sensors available that can greatly expand our capacity to study forests in three
dimensions (Donager et al., 2021; Marchi et al., 2018; Mohammadpour, Pegah, and Viegas,
2022; Nasi et al., 2015; Paczkowski et al., 2021; Zhu, 2018). There are n-dimensional
possibilities for applying these sensors and field studies to improve the sampling and census of
tree populations. Creativity will not be the limiting factor for developing novel means to capture
tree population trends. Yet, field testing and validation will remain a necessity to apply such
tools and innovation to the assessment of ecological trends and forest resistance (Falk et al.,
2019).

Our next steps are to apply the methods described herein to the detection of
survivorship of remotely sensed trees produced as inputs into a landscape-wide analysis
toolset. LICOSim is a comprehensive lidar-based assessment toolset that is designed to assess
forest resistance and resilience in fire-adapted forests of the Sierra Nevada, LICOSim (Bartl-
Geller, Bryce N., Kane, 2022; Bartl-Geller, Bryce N., Smith, 2023). LICOSim tools are applied
across entire lidar acquisitions to assess overstory tree patterns and their departure from an
identified range of reference conditions to plan relevant treatments (Bartl-Geller, Bryce N.,
Kane, 2022; Bartl-Geller, Bryce N., Smith, 2023). Importantly, the tool is effective because each
reference condition is relevant to a specific vegetation type, topographic position, and climate.
Our goal is to update the LICOSIim assessment tools to include the assessment forest structure
patterns in the context of background and elevated forest mortality. Ultimately, we aim to
provide forest managers with improved knowledge of the status of forest resistance in high
resolution across broad extents to empower more efficient, effective, and ecologically based
management.
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APPENDIX C, Chapter 4
C.1: Mortality Classes for Machine Learning Prediction

Basic Consolidated Mortality Classes

UVE UVE LIVE AND LIVE GROUND || MIXED TOP MIXED STRESS OTHER
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Figure C.1. Basic and detailed mortality classes for machine learning. The mortality and decay classes
described in Table 1 were collapsed to a basic class to allow comparison with the binary field-based
mortality status. For machine learning purposed, the mortality and decay classes were collapsed into a
detailed classification system to provide more balanced samples for machine learning. The machine
learning was conducted to detect mortality and decay across the matched trees.
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C.2: Machine Learning Processing for Mortality Detection

MACHINE LEARNING : Pre-processing

Step 1
Create Training,
Testing &
Validation
Datasets

Split all datasets:

a) training and test sets at 75/25
split; and

b) 10 cross-validation folds, for
Out of the Bag assessment

Step 2
Use “Recipe” to
prepare training
data for analysis

Create recipe to process all training
datasets:

Apply a zero-variance filter
Normalize all predictors
Remove variables with large
absolute correlations with other
variables
Omit NA values
Down sample to under ratio of 1
{levels are sampled to match the
same frequency as the least
occurring level)

Step 3
Apply recipe to
training data

Prep: estimate the preprocessing
recipe

Bake: apply the trained
preprocessing recipe to the training
dataset

Figure C.2. The pre-processing steps to prepare the Questions One-Three datasets for machine learning

modeling.

MACHINE LEARNING in Tidymodels

RANDOM FOREST

RANDOM FOREST

a) Build model, b) Tune RANDOM
workflow, and fit hyperparameters RANDOM FOREST
using based on model FOREST d) Predict on
hyperparameters performance of c) Select test set
set to tune with minimum nodes parsimonious e) Assess ROC,
trees=1,000, and (min_n) and the model accuracy, & F1

cross validation
folds

randomly selected
predictors (mtry)

score

XGBoost

a) Build model,
workflow, and fit
using

hyperparameters
set to tune, learmn
rate to 0.1, and
cross validation
folds

XGBoost
b) Tune by computing

XGBoost

model accuracy for the
parameters across the
cross-validation folds,
eliminate parameter
combination unlikely to be
optimal using repeated
measures ANOVA

XGBoost
c) Select
parsimonious
mode

d) Predict on test
set

e) Assess ROC,
accuracy, & F1
score

Figure C.3. The machine learning steps to build model workflows, hyperparameter tuning, model
selection and predictions using Random Forest and XGBoost classification models.
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C.3: Crosswalk of matched tree metrics

Table C.1.

metrics calculated in Chapter Two.

Lidar-based and field-based metrics used to predict overstory tree mortality (matched trees) in the Study
Area. Metrics denotes with * are described in the methods section of Chapter One, and ** denotes

Lidar-based metrics

Field-based metrics

NA

Taxonomic status

NA

Presence/absence of bark beetle

For the matched trees, the pre- and post-drought
mortality status was inherited from the field-based
metrics for validation purposes.

Pre (2011 and 2012) and post-drought (2018)
mortality status as live or dead as measured in
the field

Pre-drought height, direct from lidar*

Pre-drought height estimated from allometric

equations*
Post-drought mean height derived from the NEON Post-drought height estimated from allometric
2017 canopy height model* equations

Pre-drought tree stature, classified from 1-6, which
represents DBH size classes up to >100cm

Pre-drought tree stature, classified from 1-6,
which represents DBH size classes up to
>100cm

Post-drought DBH

Post-drought DBH

Pre-drought canopy area*

Pre-drought canopy area estimated from
allometric equation

Pre- and post-drought basal area as estimated from
height derived DBH and species specific allometric
equations, per time period

Pre- and post-drought basal area as estimate
from species specific allometric equations using
DBH as the input

Latitude and longitude, from lidar*

Latitude and longitude, from stem mapping

Number of lidar tree neighbors alive pre-drought
within 10m of the matched tree, up to 30

Number of field tree neighbors alive pre-drought
within 10m of the matched tree, up to 30

Mean distance of all lidar neighbors, per matched
tree

Mean distance of all field tree neighbors, per
matched tree

lidar tree, post-drought. The neighbors measured
were alive, pre-drought. This metric is a surrogate
for canopy depth, which can be measured by height
strata by canopy cover with lidar

Number of field trees intersecting the canopy of the | NA
lidar tree, pre-drought. This metric is a surrogate for
canopy depth, which can be measured by height

strata by canopy cover with lidar

Number of field trees intersecting the canopy of the | NA
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Chapter 5: CONCLUSION

Remotely sensed trees have become more ubiquitous in forest ecology and
management, yet their application requires a greater understanding of how they represent
ecological trends. In chapter two, | endeavored to compare remotely sensed tree to field tree or
in-situ trends in response to a drought-induced tree mortality event. | sought to explore how
varying resolutions of data and error influenced the detection and reporting of mortality trends
by remotely sensed trees. It became clear that remotely sensed trees represented the largest
trees in any area, the top of the canopy that is visible to remote sensing. In chapter three, |
matched remotely sensed trees to field trees and evaluated the seen and unseen mortality
trends of matched and unmatched field trees. This chapter yielded important differences in
mortality trends by height and species that can influence how remotely sensed trees depict
population trends. Finally, in chapter four, | tested how well machine learning models could
detect the survivorship, mortality, and decay of matched trees with repeat measures for up to 3
years following the drought. Together, these studies provided the foundation for applying
remotely sensed trees to ecologically based studies and revealed the importance of assessing
uncertainty and bias.

At the outset of this dissertation study, the goals were to use remotely sensed trees to
detect and predict conifer tree mortality trends following a drought in the southern Sierra
Nevada, California. Specifically, the intention was to detect and predict drought-induced
mortality trends at the scale of individual trees using remotely sensed trees as proxies for the
study. As the study developed, it became increasingly clear that methods themselves were
more foundational as a scientific contribution than the quesitons themselves, which will be
discussed later.

At the outset of the study, it became clear that a fundamental knowledge gap existed in

the study approach from an ecological perspective. If remotely sensed trees are to be applied
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as proxies in this dissertation study, then the trees they represent must first be identified. In
other words, one cannot proceed in measuring population trends if there is great uncertainty
(Frazer et al., 2011) regarding which individuals are being sampled.

For any ecologist employing methods to directly census or sample representative
individuals of a population, the concept of applying methods without addressing uncertainty can
lead to fallacious assumptions. Although it is nearly impossible to perfectly census a population
with repeat measures, it is important to understand how well a population is measured (bias)
and represented (uncertainty). Yet, uncertainty is a serious and pervasive factor in the remote
sensing of forest conditions, which has global implications. A recently study by (Melo et al.,
2023) identified that 54% of the world’s nations are not using freely available, satellite based
maps and products of global forest change for their national reporting requirements to the
United Nations Framework Convention on Climate (UNFCC). Melo et al., 2023 reported that the
primary concern raised by researchers and government agency staff about using the satellite-
based forest measurement data was the uncertainties in the data.

Aboveground forest carbon measurements are an important input into the assessment of
the global carbon budget. However, these measurements are derived from moderate to coarse
resolution remote sensing products, and the uncertainty of these forest measurements is not
trivial (Friedlingstein et al., 2022). The role of uncertainty in estimating aboveground forest
biomass was assessed for Sierran Mixed Conifer, the forest type analyzed in this dissertation.
The researchers reported that uncertainty was greatest in low stature forests where the
generalized allometric equation greatly overestimated aboveground forest carbon (Xu et al.,
2018). Uncertainty is not a problem unique to remotely sensed forest carbon assessments
(Babcock et al., 2015;), it is a core challenge in the application of all remote sensing (Campbell,
James B., Wynne, 2011).

In the last decade or so, the ability to assess individual trees with remote sensing has
become broadly available (Donager et al., 2021; Duncanson and Dubayah, 2018; Jeronimo et
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al., 2018; Versace et al., 2019; Wiggins et al., 2019; Wing et al., 2015; Xu et al., 2018; Zhao et
al., 2009). More recently, repeated measures of remotely sensed individual trees have also
emerged (Gutierrez et al, 2023). These advancement are significant as they provide the means
to measure forests and forest change at the scale of individual overstory trees, across broad
extents. Further, they are the lynchpin to address uncertainty across research and management
quesitons related to forests. However, these measurements require uncertainty and bias to be
addressed to apply remotely sensed trees to empirical analysis.

Whether individual tree measurements are required for meeting the UNFCC climate
conventions or the assessment of forest population changes, field validation and error
assessment are necessary to determine what trends are being measured and how well they are
represented. Although studies have employed empirically based assessment to quantify forest
carbon (Babcock et al., 2015) and evaluate the ecological trends of remotely sensed data at the
scale of individual trees (Das et al., 2022), a framework for addressing uncertainty and bias in
repeated measures of remotely sensed trees was required for this dissertation study to proceed.

Collectively, these dissertation chapters serve as a roadmap to demonstrate how
uncertainty and bias are addressed prior to employing remotely sensed trees (hereafter “lidar
trees) with repeated measures to assess population trends. In Chapter Two, pre and post-event
lidar and in-situ tree data were compared. This examination defined what individual trees were
sampled and best represented by lidar trees. The results revealed that the lidar trees collected
pre- and post-drought represented overstory trees and on average contained one dominant tree
and two additional subordinate trees. The methods in Chapter Two are easily reproducible for
any ecological analysis as the datasets are publicly available and the methods are documented.

In Chapter Three, the in-situ or field trees were pairwise matched or coregistered to the
remotely sensed trees at a rate of 71% by the matching algorithm and 85% when manual
matching was included. While past studies have demonstrated the efficacy of matching in-situ
data to modeled trees (Fadili et al., 2019; Hauglin et al., 2014; Pascual et al., 2013), this study
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included the measurement error both in the modeling method to segment the remotely sensed
trees and the method employed to match the trees. The 12% error rate in the segmentation
algorithm to produce the remotely sensed trees was an important limiting factor in reducing the
available lidar trees for matching. High resolution imagery (0.1 m resolution) was invaluable for
assessing segmentation and matching error. ldentifying the matched and unmatched trees was
the essential step to identify the population subset lidar trees represented, overstory trees.
Equally important, it identified the remaining trees and population trends that lidar trees missed.

While it is necessary to identify the subset of the population being measured with lidar
trees, matching lidar trees confers the information necessary to conduct and validate empirically
based ecological studies. If lidar trees are to be employed as proxies for in-situ studies,
inheriting the predictor variables of the in-situ tree enables the validation of detection and
promotes predictive analyses. In this study, each matched lidar tree acquired the ecological
metrics collected in the field: taxonomic status, stature, location, pre- and post-drought mortality,
decay, and presence of bark beetles.

In Chapter Four, the matched trees were analyzed for their ability to detect survivorship,
mortality, and decay trends of trees following the drought. In this study, repeat high resolution
orthoimagery at 0.1m resolution and conterminously collected, lidar-based canopy height
models (CHM) acquired from 2017 to 2019 were analyzed. These multi-year imagery and CHM
data were important predictors of mortality and decay detection of the matched trees. Since the
matched trees now represented in-situ overstory trees, it was possible to test whether lidar-only,
fine scale forest structure metrics could predict mortality. The results of Chapter Four revealed
that matched trees are effective proxies for evaluating the decay process of overstory trees,
post-drought. Importantly, the matched trees could follow the fate of individual overstory trees
through time creating the possibility to examine changes in forests. However, we also

discovered that our methods were biased towards pine versus fir trees, which can impact the
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interpretation of mortality trends of remotely sensed trees if both taxonomic and mortality trends
were monitored.

This framework as well as the individual tree measurements and bias assessed have
applicability to a range of other studies. For example, this study involved measuring the
surviving and dead basal area and bias of individual trees by taxonomic status. These
measurements are relevant to the quantification of forest carbon fluxes and could support more
precise flux measurements. Further, we were able to assess the decay transitions of overstory
trees, which is ecologically important and of interest to those measuring carbon fluxes.

This framework or similar approaches could also be applied to the assessment of fuels,
physics-based fire modeling, and post-fire tree mortality. For example, this framework could
support the research questions of studies such as (Rocha et al., 2023) who used remotely
sensed trees to evaluate crown-level structure and fuel loading in Longleaf Pine forests in
Florida. The information they collected with lidar could be supplemented with taxonomic
information and imagery to also support an ecological assessment. There are many other such
studies where tree matching and multi-temporal imagery can support expanded research
questions and ecological analysis.

This research study was performed out of opportunity. The field and remotely sensed
data were collected prior to the inception of this study and for different research questions.
Although the data were relevant for addressing how lidar trees reflect overstory tree, post-
drought mortality and decay trends, the data were not appropriate to adequately address all the
research questions proposed. For example, the pre-drought imagery was too poor of spatial
resolution to detect the mortality status of the lidar trees. In addition, imagery and field data
were not collected during the drought. Had these data been collected, questions such as
whether shorter stature trees died after overstory trees or whether mortality varied by taxonomic
status could be addressed. A proactive, pre, during, and post event dataset along with relevant
biophysical drivers should improve the prediction of overstory tree trends.
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Despite the challenges inherent in the datasets applied, mortality and decay trends of
overstory trees were successfully modeled. Future work related to the outcomes of this study
involve applying the mortality and decay modeling developed in this study to a suite of lidar-
derived tools to assess forest resilience in the Sierra Nevada. As described in the introduction
and discussion in Chapter Three, the University of Washington’s Forest Resilience Lab
LICOSim tools (Bartl-Geller, Bryce N., Kane, 2022; Bartl-Geller, Bryce N., Smith, 2023) are
applied to high resolution airborne lidar to assess fine scale forest structure patterns based on
lidar trees. Our goal is to improve the capture of mortality and decay condition to the overstory
tree patterns to analyze forest resistance.

Remotely sensed trees have enormous potential to address a range of important forest
ecology and management needs. Hopefully, the roadmap laid out in this study will serve future
analyses to adequately detect and predict population trends in response to an increasingly
stochastic future.
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