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ABSTRACT

PREDICTIVE MODELS OF INDIVIDUAL TREE HEALTH: THE UTILITY OF UNCREWED AERIAL SYSTEM

DATA TO INFORM FOREST MANAGEMENT

Informed forest management is an essential tool for increasing forest resilience as global
climate change increases the frequency and severity of disturbances. Drought and fire are
inherent components of natural forest ecosystems, yet the increase in their occurrence
combined with increasing severity threatens forest recovery pathways and their ability to
sequester carbon. Fire is an essential disturbance that regulates both local and global
ecosystem processes and functions. In forests of the United States, fire exclusion during the
20™ century drove increases in vegetation density and connectivity, while altering ecosystem
composition and structure. As a result of this increase in forest density and fuels, the U.S. has
experienced increases in the severity, size, and frequency of wildfires, and drought. Fuels
treatments in the form of mechanical thinning and prescribed fire provide opportunities to
reduce forest density and fuels, research treatment effectiveness, and reduce the risk of
catastrophic fires. Remote sensing allows researchers to collect spatially continuous data on
forest conditions both before and after treatments, to study treatment-based impacts.
Uncrewed aerial systems (UAS), specifically, provide a tool with user-controlled temporal and
spatial resolutions. These systems enable the collection of multispectral and three-dimensional
data, via structure from motion (SfM) or LiDAR, allowing researchers to examine changes to
structure, composition, and health at ultra-high-resolution. The research within this

dissertation focuses on combining pre- and post-treatment multispectral and structural data to



assess individual tree health and changes to that health induced by disturbances. Chapter 2
investigates the utility of band-equivalent reflectance (BER) data from a consumer-grade
multispectral UAS camera to predict sapling drought stress in western white pine (Pinus
monticola) and Douglas-fir (Pseudotsuga menziesii var. glauca) through a controlled laboratory
experiment. The results demonstrate that BER data can reliably detect physiological stress
under controlled conditions, providing a strong foundation for using low-cost remote sensing to
monitor tree health. Chapter 3 evaluates the transferability of the lab-developed BER models to
mature ponderosa pine (Pinus ponderosa) and Douglas-fir forests in northern Colorado. This
chapter evaluates the models’ ability to predict relative drought stress in natural forests and
explores the development of site-specific models to improve accuracy. Results reveal that while
lab-based models provide valuable insights, field-developed models significantly enhance
predictive performance, emphasizing the importance of adapting methodologies to specific
field conditions and species. Chapter 4 quantifies the impact of compounding drought stress
and fire, of varied intensities, on sapling physiology and mortality for western white pine and
Douglas-fir. This chapter modeled the interaction of sapling drought stress and fire intensity on
mortality using a dose-response strategy and pre-fire physiological and morphological
characteristics. Results demonstrate that increasing drought stress results in higher post-fire
mortality compared to less-stressed saplings subjected to the same fire intensity, regardless of
species. Chapter 5 examines our ability to predict individual tree crown volume scorch in
longleaf pine (Pinus palustris) forests treated with prescribed fire. This chapter assesses the
impacts of data collection timing, inclusion of pre-fire data, and spectral range on model

accuracy. The results of this chapter demonstrate that crown volume scorch can be successfully



modeled using post-fire imagery as soon as one-day post-fire, with any sensor that includes
red-green-blue data. This collection of research advances our understanding on the use of UAS
data for modeling forest health. The models of relative drought stress could be integrated with
forest structure and composition metrics to inform site-based thinning to optimize post-
treatment stand resilience. Further, scorch classification models could be used to examine
patterns of fire effects, providing critical feedback about prescribed fire ignition patterns. These
models have the potential to be integrated into operational forestry practices and can provide
actionable insights to guide management that promotes forest resilience and disturbance

recovery.
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CHAPTER 1 — UAS FOR DISTURBANCE MONITORING: APPLICATIONS AND LIMITATIONS

1.1 Introduction

Forests are an indispensable global resource that help regulate biogeochemical cycling
(Bonan, 2008), provide ecosystem services, and support biodiversity (Mori et al., 2016). Forest
ecosystems are essential sequesters and contributors in the carbon and water cycles, improving
global resilience to climate change (Bonan, 2008; Mina et al., 2022). As climate change
increases the frequency, severity, and extent of disturbances such as wildfire (Abatzoglou &
Williams, 2016), it promotes feedback loops that reinforce alterations to the timing, retention,
and availability of moisture as part of the precipitation regime through increasing temperatures
that elevate evapotranspiration (Bolinger et al., 2023). These interacting alterations to natural
disturbance cycles are testing the limits of forests’ ecological resilience and potentially pushing
ecosystems down alternative successional pathways that move systems into a new regime of
behavior (Holling, 1973; Anderson-Teixeria et al., 2013; Lucash et al., 2018). Thus, the proactive
management of these systems is essential for maintaining global resilience to current and
future disturbances and ensuring critical forest ecosystem services are maintained.

The management of forest ecosystems is a complex balance of ecological, economic,
social, and cultural objectives. Decisions regarding how and when to manage forests,
specifically in the United States, may be informed by structured decision-making, participatory
approaches using working groups with varied backgrounds (Aplet et al., 2014), economic
drivers such as timber production (Kolo et al., 2020), or by ecological drivers such as climate

change resilience (North et al., 2021) and ecosystem service protection (Blattert et al., 2017).



These varied, and sometimes competing, drivers of forest management may be employed
individually or in combination with one another, usually with the goal of optimizing forest
longevity. That longevity, however, may be defined dissimilarly by different affected entities.
For this dissertation, forest longevity refers to the management of forests with the intention of
maintaining forest cover and improving or maintaining resilience to disturbances. Thus, forest
management to improve this longevity is informed by ecological pressures and the physiology
of the species being managed.

As a result of anthropogenic climate change, the frequency, intensity, and severity of
wildfires are predicted to increase (Westerling et al., 2006). These changes will alter the
observed variability and range of ecological disturbances across the western U.S., and the
world. In Colorado, temperature increases may lead to overall decreases in mean annual
precipitation and are likely to alter the volume and timing of snow melt and increase the
duration, intensity, and spatial extent of droughts (Lukas et al., 2014). Temperature-driven
drought, quantified by vapor-pressure deficit, affects the ability of vegetation to
photosynthesize and, when sustained, can lead to hydraulic failure or carbon starvation (Adams
et al., 2017). Although adapted to semi-arid environments, even species like Pinus ponderosa
are at risk for drought-induced physiological stress as these landscapes are projected to face
more severe and extensive droughts than what existed historically (Partelli-Feltrin et al., 2020).
This risk compounds Pinus ponderosa’s vulnerability to other disturbances such as bark-beetles
(Kolb et al., 2019) and wildfire (Pile et al., 2019). Drought-stressed trees are more vulnerable to
fire-induced mortality because compounding disturbances can stress trees beyond their

adapted level of resilience (Johnstone et al., 2016). Beyond the immediate effects of drought on



fire intensity and severity, extreme drought in the first post-disturbance year also affects the
ability of species to regenerate in the years following fire (Young et al., 2018; Guz et al., 2021).
Proactive management can promote tree resilience to disturbances. Specifically, reduced stand
density is associated with increased growth rates, decreased drought sensitivity (Andrews et al.,
2020), lower mortality rates from drought and bark beetles (Restaino et al., 2019), and
improved soil moisture availability (Andrews et al., 2020). Forest thinning can be further
optimized by retaining trees with better growth form and crown vigor, as these trees often
show improved resilience to disturbance (Vernon et al., 2023). Prescribed fire can strategically
target the reduction of understory fuels to further increase a site’s resilience to future
disturbances (Fitzgerald, 2005, Kerns & Day, 2018, Kupfer et al., 2022). This highlights a need
for understanding both pre- and post-disturbance forest conditions so that managers can
understand divergences between pre- and post-disturbance forest composition.

Forest composition and condition are shaped by the interactions of environmental
gradients and disturbances which are often characterized by the resultant mortality, change in
species dominance, or change in species composition. These conditions inform forest
management, which may be motivated by data collected at multiple scales. Field-survey data
such as stem maps may be used to monitor forest condition and composition either at single
time points or through time, but often are limited in their spatial extent (Gratzer et al., 2004).
Plot-based samples are the most common forest monitoring technique and may be employed
using a variety of approaches, making them adaptable to diverse research and management
guestions, and allowing the sampling to be tailored to specific systems (Burkhart et al., 2018).

However, these approaches focus on post-disturbance observations and often lack pre-



disturbance data, which are helpful for contextualizing the impacts directly attributable to a
disturbance (White et al., 2023). Further, post-disturbance recovery in most forested systems is
highly dependent not only on the severity of disturbance, but on pre-disturbance community
composition (Seidl et al., 2014). Additionally, as manual field data collection is labor intensive,
efforts are typically limited in their spatial extent and therefore, may overlook important forest
conditions, especially in larger projects. As disturbances are projected to increase in frequency,
it will be important to prioritize and optimize novel monitoring strategies capable of fully
informing and evaluating management decisions.

The combination of pre- and post-fire field and remote sensing data provides an
opportunity for differenced metrics that describe the changes directly induced by fires. In pre-
fire environments, remote sensing indices have been used to describe conditions such as
drought, vegetation vigor, forest species composition and density, and to estimate fuel loading
and arrangement (Lentile et al., 2006). In post-fire environments, remote sensing indices have
been used to describe conditions such as vegetation consumption, short- and long-term
vegetation mortality, and changes to soil properties (Lentile et al., 2006). The combination of
pre- and post-fire indices can be used to describe the ecological change undergone during fires
at broader scales than those able to be described by field methods alone. Overall, remote
sensing of pre- and post-fire environments offers a basis for describing the physiological
changes which fires induce.

Passive remote sensing, such as that collected by Landsat or Sentinel-2, can capture
multispectral imagery that allows researchers to examine vegetation spectral changes before

and after disturbances to describe disturbance-induced stress. The most common passive



remote sensing indices that evaluate drought-induced physiological changes include the
Normalized Difference Vegetation Index (NDVI) and the Normalized Difference Wetness Index
(NDWI). These indices use a combination of spectral channels to highlight vegetation
robustness, water-stress, and a myriad of disturbance effects and interactions (Le et al., 2023).
Specifically, a differenced NDVI (dNDVI) has been used to describe vegetation robustness
before and after fires by accounting for pre-fire reflectance and the resultant post-fire change
to reflectance (Escuin, Navarro, & Fernandez, 2007). Another set of remote sensing indices
were developed to describe fire severity and include things such as the Normalized Burn Ratio
(NBR) (Lentile et al., 2006). These indices were designed to describe fire severity using satellites
with resolutions from 30 m to 1 km. These relatively coarse scales average across multiple
plants and background substrates (e.g., soil, litter, rock) making it difficult to isolate the spectral
signal from the plant functional group of interest. Therefore, while this resolution is useful for
describing landscape scale changes it is limited in its applicability to plant-level analysis.
Satellite-based remote sensing by commonly utilized satellites, like MODIS, Landsat, and
Sentinel-2, is challenged by the sensor’s temporal resolution (1 to 16 days) and spatial
resolution (10 m to 1 km), which tend to inversely vary with each other. These limitations can
make it difficult to assess forest health and wildfire severity as the spatial details captured or
the date of capture may not align with project objectives or the timing of fires (Lentile et al.,
2006). Light detection and ranging (LiDAR) systems have been used to assess fine-scale
structural parameters such as canopy cover and individual tree crown profiles (Ma et al., 2018).
However, repeated LiDAR acquisitions are costly and potentially prohibitively expensive for

small-scale projects or for change detection studies (Hummel et al., 2011). Uncrewed aerial



systems (UAS) offer a potential solution to these limitations as the temporal resolution can be
controlled by users and repeated flights come at a lower cost than manned aircraft using either
optical sensors or active sensors like LiDAR (Christensen, 2015). Furthermore, UASs offer ultra-
high-resolution imagery at 1-5 cm resolution and can efficiently collect 10s to 100s of acres per
day (Perez-Rodriguez et al., 2019; Perez-Rodriguez et al., 2020). These data can then be used in
individual tree detection and extraction scripts to provide assessments of forest structure and
composition that can be adapted into forest management plans (Creasy et al., 2021).
Integration of UAS monitoring for forest resilience management could combine existing and
emergent techniques to provide rapid near-census assessments of tree-level structure, health,
and disturbance effects.

UAS are emerging as a prominent tool to cover the gap in data acquisition between field
observations and moderate scale remote sensing (1,000s to 10,000s of acres). Between 2012
and 2022, 99 papers focused on the use of UAS data for forest health monitoring (Ecke et al.,
2022). The growth in UAS applications is attributed to user-controlled temporal resolution,
ultra-high-resolution imagery, cost-efficiency, and flexibility that is not readily matched by
other remote sensing options. However, spatial coverage is limited by battery life, with most
systems able to collect 10 to 100 acres in a single flight, so UAS-based research should focus on
site-specific questions. Stand scale monitoring has often been the focus of existing UAS forest
health assessments. Most forest health assessment papers focus on conifers (70%), while only
19.7% of papers focus on drought or fire (Ecke et al., 2022). Significant contributions in these
areas include Hernandez-Clemente et al. (2012) and D’Odorico et al. (2021) that examined

carotenoid content using a green band index and the photochemical reflectance index (PRI),



respectively. Fraser & Congalton (2021) also successfully identified forest health, however, their
work focused on New England mixed conifer and broadleaf forests. There is a significant gap in
UAS forest health assessments in both the southeastern and southwestern United States,
despite the Southeast comprising 90% of the prescribed burn area over the last decade
(Cummins et al., 2023), and the Southwest experiencing widespread drought along with a
significant increase in the number of large wildfires and total area burned (Ager et al., 2018). In
addition to the spatial gap in forest health assessments, few papers have focused on multi-
temporal monitoring of forest health (Ecke et al., 2022). Forests are dynamic ecosystems with
constantly changing conditions, thus single time points cannot capture the variability of forest
conditions, highlighting a need for forest health assessments based on multiple time points.
Thus, this dissertation focuses on the southeastern and western US and incorporates data from
multiple collection dates to model individual tree health and track changes to that health.

The overall objective of this dissertation is to build upon the existing applications of UAS
imagery in forestry to understand how multispectral data can be used to identify individual tree
stress. | aim to improve our understanding of the best approaches for summarizing individual
tree spectral values, the timing of UAS data collection both pre- and post-management, and the
importance of pre-fire data for contextualizing disturbance effects. This dissertation will provide
valuable information on our ability to use UAS for forest and disturbance monitoring and aims
to improve our understanding of how UAS data can be applied to identify tree-level health
metrics.

In Chapter 2 | examine how band equivalent reflectance (BER) of a consumer-grade

multispectral UAS camera could be used to predict sapling drought-stress in western white pine



(Pinus monticola Douglas ex D. Don) and Douglas-fir (Pseudotsuga menziessii (Mirb.) Franco var.
glauca (Beissn.) Franco) in a laboratory experiment. In Chapter 3, | examine whether those lab-
developed models can be applied to mature ponderosa pine (Pinus ponderosa Lawson & C.
Lawson) and Douglas-fir forests to identify relative drought conditions at sites in northern
Colorado. Then, | developed site-specific models of relative tree stress using field data. In
Chapter 4, drought-stressed saplings from Chapter 2 were subjected to varying levels of fire
radiative energy (FRE) to understand how compounding drought and fire affect sapling
physiology and post-fire recovery. Sapling drought stress was then used to model the fire
intensity-mortality dose-response relationship. By first testing spectral-based models in a
controlled setting, then applying them to natural forests, | expand upon existing knowledge on
the scalability of lab-based models and demonstrate the importance of choosing the
appropriate spectral summarization approach. Further, by focusing on species that are
ecologically significant to western U.S. forests, | explore the feasibility of model transferability.
These chapters advance the application of UAS models from controlled laboratory settings to
operational forestry practices aiming to improve forest resilience to drought, and compounding
drought and fire.

In Chapter 5, | examine how the timing of collection, inclusion of pre-fire data, and
choice of spectral range impact the prediction accuracy of crown volume scorch in a longleaf
pine (Pinus palustris Mill.) forest treated with prescribed fire. The objective of this chapter is to
evaluate how timing, pre-fire data, and modeling approach impact model performance and
accuracy. This work contributes to our understanding of multi-temporal forest assessments and

the adaptation of UAS imagery to model disturbance effects. This chapter outlines a practical,



low-cost approach to collecting and processing UAS imagery to classify tree damage, with
applications in evaluating the success of prescribed burns and informing ignition strategies for
future burns. Ultimately, this chapter demonstrates how UAS-derived data can be used to
optimize fire management practices and support adaptive management in fire-prone
ecosystems.

The successful application of the models developed in this dissertation will provide
crucial information on the health status of trees affected by disturbances and improve
managers’ confidence in their treatment approaches. These spectral models can be applied to
accurately predict individual tree stress (i.e., relative foliar moisture content and crown volume
scorch) resulting from multiple disturbance types and across multiple conifer species. This
capability will enable managers to tailor management actions to site-specific conditions,
allowing them to mitigate tree stress and improve overall site resilience. Further, this
dissertation provides a valuable framework for researchers in the UAS space. Specifically, we
discuss best practices for collecting, processing, and applying UAS data for forest disturbance
monitoring. This work demonstrates how ultra-high resolution spectral data can be leveraged
into actionable metrics that inform both immediate management actions and long-term
monitoring approaches. This dissertation bridges the gap between emerging remote sensing
techniques and actionable forestry applications to improve our ability to prepare our forests for

a changing climate.
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CHAPTER 2 — EVALUATING PREDICTIVE MODELS OF TREE FOLIAR MOISTURE CONTENT FOR

APPLICATION TO MULTISPECTRAL UAS DATA: A LABORATORY STUDY !

2.1 Introduction

Foliar moisture content (FMC) is a key indicator of vegetation health and influences
individual plant resilience to weather, climatic variability, and disturbances such as insects,
disease, and fire [1,2]. Further, foliar moisture content changes seasonally and daily based on
evapotranspiration and water loss, or through precipitation and water uptake [1-3]. Beyond
indicating the relative ratio of dry and wet plant material, foliar moisture content informs
estimates of fire risk and rate of spread [4]. Additionally, foliar moisture plays a key role in the
feedback loops of disturbances, such as bark beetles, by influencing the likelihood of infestation
and resources available for defense following infestation [5]. Water stress on trees in California,
US, recently resulted in >100 million trees succumbing to beetle infestation due to reduced
defense mechanisms related to foliar moisture [6]. Lower limit thresholds of foliar moisture
also indicate when vegetation is vulnerable to disturbance-induced damage and mortality [7].
Lower foliar moisture content values are related to decreased resilience and increased
mortality from both fire and insects [8,9]. Conventional measures of FMC require the collection
of foliage from each plant and a comparison of the foliage’s dry and wet weight [4,10],
providing a sample of the data to represent an entire population. The need to oven-dry

specimens can delay the applicability of foliar moisture observations after collection, which

! Chapter published as: Lad, L. E., Tinkham, W. T., Sparks, A. M., & Smith, A. M. S. (2023).
Evaluating Predictive Models of Tree Foliar Moisture Content for Application to
Multispectral UAS Data: A Laboratory Study. Remote Sensing, 15(24), Article 24.
https://doi.org/10.3390/rs15245703
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limits its use for rapid hazard assessment applications [7]. Although in other parts of the fuel
stratum (i.e., woody debris, duff, and litter), there has been the development of rapid sensing
systems [11] and research to understand the drivers of moisture content [12,13], limited
research has focused on foliar moisture content [3]. As such, there is limited capacity to collect
rapid, spatially continuous measures of FMC, particularly at scales and extents relevant to
management decision-making (i.e., 10 s of hectares).

One alternative method of assessing FMC continuously and across larger areas is the use
of aircraft and satellite-based remote sensing [14]. The Normalized Difference Moisture Index
(NDMI), which uses near-infrared (NIR) and short-wave infrared (SWIR) spectral bands, is used
to monitor drought because of the index’s sensitivity to changes in plant water content [15].
Originally, this index was named the Normalized Difference Water Index (NDWI) but is generally
referred to by NDMI following the development of a different NDWI index by McFeeters (1996)
[16]. The NDMI was developed using laboratory measurements of reflectance and has since
demonstrated its utility in characterizing vegetation drought stress in diverse ecosystems
including forested areas [15] and peatlands [17]. At multiple scales and across several conifer
species, NDMI and red edge spectral wavelengths have been demonstrated to have a significant
correlation with plant water content [18,19]. Seong et al. (2015) used NDMI to assess drought
stress in forests in Korea and found that areas with increased NDMI values, indicative of
drought-stress, experienced large forest fires, thus showing a causal effect between low FMC
and higher fire risk [20]. From satellite observations, NDMI has been demonstrated as a better
predictor of live FMC than the more commonly applied Normalized Difference Vegetation Index

(NDVI) [21], suggesting its potential for improving coarse-scale management of drought in
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forests. However, application of NDMI through satellite-based remote sensing is limited due to
its coarse spatial and temporal resolutions. Landsat and Sentinel-2 satellites collect imagery at
30 m and 20 m spatial resolution, respectively, and at 16- and 5-day return intervals.
Quantifying FMC using moderate spatial resolution imagery can be problematic because
spectral reflectance from individual pixels is a mixture of canopy and understory components,
which makes FMC estimation at the plant level challenging. Further, the low (relative to UAS)
temporal resolution of these satellites limits the timely assessment of FMC, which varies
diurnally [1]. These limitations in resolution restrict its application to inform management
decisions that require rapid, timely information such as responding to wildfire incidents or
informing early warning systems [7].

At the other end of the spatial resolution spectrum, fine-scale laboratory and field
experiments can provide insight into stress impacts on individual plant physiology, growth, and
mortality. Several studies have used toxicological dose-response experiments to assess how
varying levels of stressors, such as drought and fire, affect conifer sapling physiology and
whether these changes can be detected using remote sensing data. Sparks et al. (2016)
evaluated the impact of increasing fire radiative energy (FRE), or the total radiative heat flux
from surface fires, on Pinus contorta var. latifolia and Larix occidentalis saplings and whether
physiological responses could be accurately quantified using foliar spectral reflectance [22].
They found that the change in NDVI (dNDVI) from pre- to post-fire could accurately quantify
metrics of physiological stress including reduced net photosynthesis and chlorophyll
fluorescence [22]. Other spectral indices such as the Photochemical Reflectance Index (PRI) [23]

have also been shown to accurately quantify tree stress. Specifically, Sparks et al. [24] observed
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that PRI accurately quantified reductions in net photosynthesis and chlorophyll fluorescence in
Pinus monticola and Pseudotsuga menziesii saplings subjected to fires of varying intensity [24].
Additionally, Partelli-Feltrin et al. [8] examined the interaction of drought-stressed ponderosa
pine (Pinus ponderosa Lawson and C. Lawson) saplings and FRE doses in a laboratory, finding
that drought-stressed saplings died at lower FRE doses than well-watered saplings. These
studies demonstrate the utility of fine-scale laboratory experiments for examining linkages
between spectral indices derived from foliar spectral reflectance (i.e., NDVI, PRI) and plant
physiological metrics (i.e., net photosynthesis, chlorophyll fluorescence, FMC) [8]. Based on
previous laboratory studies, there is a clear linkage between pre-fire conifer sapling water
stress and a sapling’s resilience to fire induced tree mortality [8,22]. However, few tree species
and size classes have been assessed, restricting the application of these findings to inform
management decision-making processes.

Uncrewed aerial systems (UAS) offer a potential bridge between fine-scale laboratory
and field sampling efforts and satellite-derived landscape-scale assessments by providing fine-
spatial resolution continuous data at the forest-stand scale [25]. Prior to 2023, UAS were
commonly described as unmanned aerial systems, but a change in terminology by the United
States Pentagon and the United States National Oceanic and Atmospheric Administration
(NOAA) in late 2022 led to the widely adopted shift from unmanned to uncrewed. Specifically,
UAS have demonstrated their ability to characterize individual tree attributes, including stem
diameter and height, in fire-adapted moderate canopy closure Pinus ponderosa forests and
provide users with control of the temporal resolution of imagery [26]. A growing range of UAS

sensors, such as the MicaSense Dual-Camera (MicaSense, Seattle, WA, USA), provide spectral
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information not available on Landsat and Sentinel, including three red edge bands [27,28].
These narrower red edge bands can facilitate early detection of physiological stress and
improve the scale of stress-detection through increased spatial resolution compared to satellite
imagery [29]. Using high-resolution satellite imagery from RapidEye, Eitel et al. [19] showed
that a spectral index using wavelengths in the red edge was able to accurately identify stressed
trees in a pinon—juniper woodland 16 days earlier than NDVI, highlighting the utility of red edge
spectra for early stress detection. NDVI, and other indices derived from NIR, red, green, and
blue spectral bands, have strong potential to predict stress when used as training data in
random forest and support vector machine classification models [30]. When comparing a UAS-
derived NDVI and National Agricultural Imagery Program imagery for classifying trees into five
health classes, the UAS data out-predicted NAIP by 14.97% [30]. However, while indices such as
NDVI have proven utility in detecting forest stress, these indices may not be sensitive to the
rapid changes in tree moisture that result from environmental stressors [31]. Thus, this study
examines a variety of remotely sensed indices to identify which indices may produce robust
predictions of drought stress and status.

In this study, the overall objective was to assess if band equivalent reflectance (BER) of a
consumer-grade multispectral UAS camera could be used to predict FMC and sapling drought-
stress, defined here as saplings with an FMC lower than 120%, for two western United States
conifer species: western white pine (Pinus monticola Douglas ex D. Don) and Douglas-fir
(Pseudotsuga menziessii (Mirb.) Franco var. glauca (Beissn.) Franco). To address this objective,
directly measured FMC of saplings (n = 123) at varying levels of drought stress was collected

concurrently with sapling foliar spectral reflectance acquired with a spectroradiometer. This
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spectral reflectance data were used as input data for classification and regression models to

predict FMC and drought stress status.

2.2 Materials and Methods

2.2.1 Saplings and Study Treatments

Saplings were grown in a climate-controlled greenhouse at the University of Idaho,
Moscow, Idaho. Detailed information on sapling growth and storage is described by Smith et al.
[32]. A total of 62 western white pine and 61 Douglas-fir saplings were grown for 2 years in 9.5-
L pots in the greenhouse before being relocated to the Idaho Fire Initiative for Research and
Education (IFIRE) combustion laboratory. Once at the IFIRE lab, both species were randomly
divided into a control and three drought groups to provide a range of FMC (Table 2.1). Before
the experiment, all seedlings were watered to field capacity daily; then, beginning 25 days
before spectral reflectance and FMC measurements, the three drought groups had water
withheld for progressively shorter intervals, while the control was watered to field capacity
daily. Specifically, water was withheld from Group 3 for 25 days, 19 days for Group 2, and 14
days for Group 1. The 25-day total water withhold period was chosen based on a previous
droughting trial that showed significant drought induced mortality starting at this time period.
There were three fewer Douglas-fir saplings in the control group due to pre-study mortality.
Prior to drought treatments, average (+SE) root collar diameters were 1.7 £+ 0.03 cm and 2.1 +
0.05 cm, and mean heights were 0.82 + 0.02 m and 1.0 + 0.02 m for P. monticola and P.

menziessii, respectively.
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Table 2.1: Sample size for each drought stress group showing average foliar moisture content
(SD) for each group.

Group 1—14 Da Group 2—19 Da Group 3—25 Da
Control—0 Days P 4 P v P v

. Drought Drought Drought
Species
Sample Sample Sample Sample
[V [V [V) [V)
FMC (%) Size FMC (%) Size FMC (%) Size FMC (%) Size
western white pine 73.69 14 168.78 16 158.25 16 >2.40 16
PIN® (17.61) (19.97) (18.33) (55.09)
148.90 158.53 103.23 19.92
Douglas-fir 13 16 6
(10.47) (19.32) (57.62) (15.70)

2.2.2 Data Collection and Processing

For each of the 123 saplings, we collected foliar spectral reflectance using an ASD
FieldSpec Pro spectroradiometer (Malvern Panalytical Ltd., Malvern, UK) equipped with the
mineral probe attachment. Each of these measurements represents the average of 10
measurements that the instrument rapidly collects. This spectroradiometer collects
measurements at wavelengths between 350 and 2500 nm and has a spectral resolution of 3 nm
between 350 and 1000 nm and 10 nm between 1000 and 2500 nm. Prior to export, the data are
resampled to 1 nm by the instruments’ software, resulting in 2151 spectral bands. Three
measurements were acquired in the top 1/3 of the canopy of each sapling, each being the
result of 10 rapidly averaged collections by the ASD probe. For each spectral sample, ~5 cm? of
foliage was positioned between a background object of known reflectance and a mineral probe
attachment. Radiance measurements were calibrated using a 100% reflective Lambertian
Spectralon panel (Labsphere Inc., North Sutton, NH, USA) prior to the measurement of each
new sapling, following Sparks et al. [22]. During the processing of each sapling, ~5 g of needles
were collected randomly throughout the top 1/3 of the canopy and immediately had their wet

sample weight recorded (+0.01 g). These foliar samples were then oven-dried for 24 h at 100
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degrees C and weighed again to acquire their dry weight. Finally, FMC was calculated using the

difference between the dry and wet weights of the needles (Equation (1), Figure 2.1) [4].

wet weight (g) — dry weight (g)

Foliar Moisture Content = _ X 100 (1)
dry weight (g)
Douglas-fir Western White Pine
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Figure 2.1: Boxplots of foliar moisture content (FMC; %) for each drought group and each
species. Within each boxplot, horizontal lines represent the median, the box shows the first and
third quartiles, the whiskers represent the maximum and minimum values within 1.5 times the
interquartile range, and dots represent outliers.

The three canopy reflectance measurements acquired for each sapling were averaged
(Figure 2.2) and converted to band equivalent reflectance (BER) [33,34] of the 10 spectral bands
of the MicaSense Dual-Camera system through convolving the spectra with the percent
transmissivity values associated with these bands. This transmissivity function enabled the
calculation of a single reflectance value for each band representative of the theoretical
reflectance value that would be sensed by the MicaSense Dual-Camera system [27]. Using the
10-band values for each sapling, we calculated several spectral indices that have been

demonstrated to be useful for predicting various measures of vegetation health (Table 2.2).
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Figure 2.2: Spectroradiometer-measured foliar spectral reflectance of (A) two saplings in the
droughted groups in gray (P. monticola FMC: 10.2%; P. menziesii FMC: 8.8%) and two saplings
in the control group in yellow (P. monticola FMC: 140.5%; P. menziesii FMC: 140.5%; P.
menziesii FMC: 142%). The vertical-colored bars show the 10 spectral bands available on the
Micasense Dual-Camera sensor. The associated table colors match the spectral bands and
report the range of wavelengths covered by each band. (B) Averaged spectral reflectance of
each drought group for western white pine. (C) Averaged spectral reflectance of each drought
group for Douglas-fir.
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Additionally, one novel index was tested for this study, the foliar moisture content index

(FMCI), by examining the gaps in the spectral response curves of drought-stressed versus

healthy saplings using similar methods to those employed by Gao (1996; Table 2.2, Figure 2.3)

[15]. Specifically, we utilized the spectral separation between healthy and drought-stressed

vegetation present in the red edge 3 and NIR channels. This provided 20 predictor variables to

test in our models (tree species, 10 spectral bands, and 9 spectral indices).

Table 2.2: Spectral indices derived from the 10 spectral bands available with the MicaSense
Dual Camera system, along with the formulation and examples of their previous application.

Index Index Name Equation Main Application
Normalized Difference NIR — Red Chlorophyll content/Plant
NDVI . —_—
Vegetation Index NIR + Red greenness [35]
NDVI2 Normalized Difference NIR — Red, Not commonly used; Chlorophyll
Vegetation Index 2 NIR + Red, content/Plant greenness
Green Normalized Difference NIR — Green Photosynthetic activity/
GNDVI . —_
Vegetation Index NIR + Green greenness [36]
Green Normalized Difference NIR — Green,
NDVI2 —_— N |
G Vegetation Index 2 NIR + Green, ot commonly used
NIR — Red Edge
NDRE  Normalized Difference Red Edge ge1  Plant health of mature
NIR + Red Edge, plants [37]
. . NIR L
GRVI Green Ratio Vegetation Index Phenological indicator [38]
Green
Normalized Difference Green — NIR Water content of water
NDWI _ .
Water Index Green + NIR bodies [16]
i i Green, — Green
PRI Physiological Reflectance 2 Crop health monitoring [39]
Index Green, + Green
i i Red Edge; — NIR
FMCI Foliar Moisture Content g¢s Developed for this study
Index Red Edge; + NIR
2.2.3 Model Development

We developed classification and regression-based models to predict drought stress and

FMC using the spectral predictor variables as inputs. Prior to model development, we examined

predictor variable collinearity (Figure 2.3), and for predictor pairs that had a correlation of

>70%, we removed the variable with lower correlation with FMC. The remaining predictors
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were evaluated for variable importance using the varimpPlot function in the randomForest
package [40] within R statistical software version 4.1.0 [41,42]. This two-step process resulted
in five predictor variables which included (in order of importance): NDVI2, red edge 3, PRI,
FMCI, and species. For all models, both classification and regression, input data were randomly
split into training (70%) and validation (30%) subsets.

Both a random forest classification model (RFCM) and a logistic classification model
(LCM) were developed using the training dataset to predict whether saplings were drought-
stressed or healthy based on a threshold of above or below 120% FMC. This FMC threshold was
used as it represents the approximate moisture content where shrub and tree foliage become
more receptive to fire spread [43,44]. We tested these models as the RFCM allows for increased
model complexity while the LCM provides more interpretable results. The RFCM was developed
using the randomForest package [40] in the R statistical software. The RFCM was run using the
five selected predictor variables, with seed 1002 and using 199 decision trees. The LCM was
developed using base R and the gIm function [41]. Variable selection for the LCM was
performed using forward and backward stepwise selection to identify the subset of variables
that minimized the Akaike Information Criterion (AIC) in the MASS package [45]. We assessed
classification accuracy using confusion matrices calculated between the validation dataset and
the model classification results. We report three commonly used accuracy metrics: overall

accuracy, omission error and commission error.
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Figure 2.3: Correlation between the 20 predictor variables and foliar moisture content (FMC).
For variables with >70% correlation we removed the variables with lower correlation to FMC.

Predictions of FMC as a continuous response were made by developing a set of simple
linear models (SLRM), a multiple linear model (MLRM), and a random forest regression model
(RFRM). For the SLRM, we compared five univariate models using each predictor variable:
NDVI2, red edge 3, FMCI, PRI, and species. For the MLRM, variable selection was conducted
using ordinary least squares forward and backstep stepwise selection to identify the variable
subset that minimized AIC from the olsrr package in R [46]. Bootstrapping with 100 repetitions
was used to resample the training and validation data to avoid overfitting for all of the SLRMs
and the MLRM. The RFRM was developed following the same steps as the classification version,

with the only difference being the use of FMC as a continuous response variable. Model
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performance was assessed using linear regression analysis between the observed FMC and
model predicted FMC. Residual standard error and the coefficient of determination (r?) were

computed and used to evaluate the relationship ‘goodness of fit’.

2.3 Results
2.3.1 Foliar Moisture and Spectral Variation

Visual comparison of the FMC between the species and across the drought groups
shows similar trends with a few small differences (Figure 2.1). The western white pine had both
wetter and more variable FMC in all but Drought Group 2 compared to the Douglas-fir. A more
continuous distribution of FMC was achieved by the Douglas-fir drought groups, largely due to
the wide range of values in Drought Group 2 (Figure 2.1). However, the western white pine
resulted in a wider total range of FMC, but with a notable gap in FMC values from ~60% to
~125%.

The spectral response curves varied between species, with western white pine having
higher reflectance from ~750-1300 nm compared to Douglas-fir for all drought groups (Figure
2.2B,C). However, the mean reflectance of drought groups varied more for Douglas-fir than
western white pine. Spectral separation was only apparent in the green (550-570 nm) and
green 2 (524-538 nm) bands for the longest duration drought group (Group 3). For both
species, the greatest spectral separation across the drought groups occurred in the NIR (820-
860 nm), followed by the red (663—673 nm) and red 2 (642-658 nm) bands (Figure 2). Although
outside the spectral bands tested in this study, the shortwave infrared portion of the spectrum

also exhibited strong separation of the drought groups for both species.
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Evaluation of the 20 predictor variables for collinearity showed that NDVI2 was the
strongest single predictor, but that it was highly colinear with several other terms (Figure 2.3).
Because of high correlation (>|70% |) with NDVI2, the following predictors were removed from
analysis, including coastal blue, blue, green, green 2, red, red edge 2, NDVI, GNDVI, GNDVI2,

NDRE, GRVI, and NDWI.

2.3.2 Classification Models

The RFCM retained the NDVI2, PRI, red edge 3, and FMCI. In the final set of predictor
variables, species was removed due to its low variable importance. The RFCM had an R? of
85.41 and produced a mean square error (MSE) of 0.049, with balanced classification errors
between the two classes (Table 2.3). When the RFCM was tested against the validation data,
the model resulted in a final overall classification accuracy of 94.44%, with drought-stressed
saplings having an omission error of 9.09% and a commission error of 9.09%, while healthy

saplings had an omission error of 4.0% and a commission error of 4.0%.

Table 2.3: Confusion matrices of the predicted versus observed class for the random forest
classification model (RFCM) and logistic classification model (LCM) using the validation data.
Overall accuracies were 94.44% and 97.22% for the RFCM and LCM, respectively.

Reference Class

Random Forest Drought-Stressed Healthy Commission Error
. Drought-Stressed 10 1 9.09%
Predicted Class Healthy 1 >4 24.00%
Omission Error 9.09% 4.00%
Logistic Regression
Drought-Stressed 11 0 0.00%
Predicted Class Healthy 1 24 4.00%
Omission Error 8.33% 0.00%

Prediction accuracy of the LCM was 96.55% for the training data (Table 2.3) and, when

tested against the validation data, an overall classification accuracy of 97.22% was achieved.
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Omission errors of 8.33% for the drought-stressed saplings and 0% for the healthy saplings and
commission errors of 0% for the drought-stressed saplings and 4.0% for the healthy saplings
were observed. When developing the LCM, species was the only predictor variable removed
during the stepwise variable selection process (Table 2.4). Since a true r? cannot be calculated
for LCMs, we calculated McFadden’s r?, which has values ranging from 0 to 1, and achieved a
value of 0.84. Any McFadden r? values over 0.4 demonstrate a strong model fit to the data and
high predictive power [47]. The RFCM and the LCM misclassified the same sapling, with the
RFCM misclassifying an additional sapling (Table 2.3). One drought-stressed Douglas-fir sapling
(FMC: 112%) was confused as healthy by both models. For the RFCM, one healthy western

white pine sapling (FMC: 132%) was confused as drought-stressed.

Table 2.4: Logistic classification model (LCM) coefficients. The Z-value is the regression
coefficient divided by the standard error.

Coefficient Standard Error Z-Value p-Value
Intercept 43.63 18.07 241 <0.05
NDVI2 -11.68 7.50 -1.55 0.12
Red edge 3 -89.16 39.14 -2.28 <0.05
FMCI -115.01 53.35 -2.16 <0.05
PRI -147.73 56.94 -2.60 <0.05

2.3.3 Regression Models

The best-performing SLRM used NDVI2 as the predictor variable and resulted in an
adjusted R? of 73.41 (p < 0.05) with a residual standard error of 33.08 (Table 2.5). For this
model, each 0.1 increase in NDVI2 resulted in a 26.0% increase in FMC. Comparison of
predicted SLRM versus observed FMC showed strong general relationships but with the

greatest prediction errors in the middle of the range of FMC values (Figure 2.4A). The NDVI2
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SLRM explained more than twice as much of the variation in FMC compared to any of the other

SLRMs tested.

Table 2.5: Predictor variable results from five simple linear regression models (SLRM).

o oo U pvaie Rt agtear
NDVI2 13.17 (21677.;1676) <0.05 33.08 73.41
Red edge 3 -135.46 (12520;534% <0.05 52.32 33.91
FMCI 28.13 é;ggg) 0.25 63.18 0.41
PRI 158.16 (1275352"0716; <0.05 52.12 34.44
Species 101.56 (igig) <0.05 61.52 7.09

The MLRM used 100 bootstrap repetitions for resampling, and the OLS stepwise variable
selection informed the removal of species. The final MLRM removed species as a predictor and
resulted in a final adjusted r? of 82.62 (p < 0.05) with a residual standard error of 26.77 (Table
2.6). When testing the model against the validation dataset, we achieved an r? of 84.57 (p <
0.05) with a residual standard error of 25.05. The MLRM represented an ~19% improvement in
the model residual standard error over the best SLRM. Each of the spectral indices showed a
positive response, indicating that increases in any of the spectral index values resulted in
increased FMC prediction (Table 2.6). Comparison of MLRM predictions to observed values
showed mostly normally distributed residuals throughout the data range, but 3.4% of samples
were predicted to have negative FMC values (Figure 2.4B). The RFRM used NDVI2, red edge 3,
FMCI, and PRI as predictors and had an r? of 75.32 and a root mean square error of 31.37

(Figure 2.4C). Inspection of the RFRM predicted versus observed values showed slightly greater
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Figure 2.4: Predicted versus observed foliar moisture content (FMC) for (A) the simple linear
model (SLM) using NDVI2, (B) the multiple linear regression model (MLRM), and (C) the random
forest regression model. The red line in each panel shows the 1:1 relationship.
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variation in prediction accuracy in the middle of the dataset compared to the MLRM but

eliminated the negative predictions seen from the MLRM (Figure 2.4C).

Table 2.6: Multiple linear regression model (MLRM) output table.

Coefficient Standard Error T Value p-Value AIC
Intercept -226.61 41.18 -5.50 <0.05 -
NDVI2 138.64 21.39 6.48 <0.05 860.96
Red edge 3 611.92 149.30 4.10 <0.05 850.84
FMCI 851.31 159.19 5.38 <0.05 833.78
PRI 1039.63 202.10 5.14 <0.05 854.59

2.4 Discussion

The strongest-performing drought stress classification and FMC regression models were
the LCM and the MLRM, with an overall accuracy of 96.55% and r? of 82.62, respectively. Both
models used NDVI2, PRI, red edge 3, and FMCI as their predictor variables. The MLRM model
explained 82.6% of the variation but produced a residual standard error of 26.7% FMC. While
this error level is fairly consistent in an absolute sense throughout the tested range of FMC
values, the relative magnitude of the error is going to be exacerbated at lower FMC levels.
While the model captures the general trend in FMC, it may struggle to differentiate trees near
the critical 120% FMC level. The high accuracy of the LCM indicates that a consumer-grade UAV
sensor, such as the MicaSense Dual-Camera, could accurately predict the drought status of
Douglas-fir and western white pine. The results also suggest that this approach could be used to
assess the drought stress status of other tree species and potentially be scaled across
landscapes in combination with coarser-resolution imagery with further study. The MLRM could
have applications where there is a need to assess conifer physiology, ignition risk, and/or

susceptibility to insects and disease. The fact that the tested species represent both short- and
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long-needle conifers, which did not impact model performance, is promising for the potential
transference of these relationships to other conifer species. However, more studies are needed
with additional conifer species in both controlled laboratory and natural forest settings to
understand if these relationships are similar across species and scale to older and larger trees.

The models developed in this study use existing spectral indices, and combined with the
high model accuracy, suggests that UAVs equipped with similar sensors could improve the
spatial resolution and scale of FMC predictions. To the authors’ knowledge, no prior studies
exist which quantify the foliar moisture content and drought stress of conifers using a UAS;
however, Blanco et al. [48] were able to quantify cherry tree leaf water potential (r> = 0.67)
using UAS-derived NDVI. Studies in agricultural systems have achieved root mean square error
values as low as 1% when predicting maize FMC using data from a similar UAS multispectral
sensor to that tested in this study [49]. Previous studies predicting FMC in grasslands have
achieved r? values of 0.91 using MODIS imagery at 500 m spatial resolution [50], while models
of FMC using hyperspectral data have predicted FMC of forest canopies using the normalized
difference infrared index and achieved an r? of 0.9 [51]. However, these hyperspectral data,
part of the NASA HysplRI Mission, have not yet been launched, precluding their immediate
application [51]. While a range of success has been found in predicting FMC across various
ecosystems from moderate resolution sensors [52—-56], these sensors are unable to provide the
individual tree-level information needed for management decisions related to promoting
resistance and resilience to disturbances at the stand-level.

Our MLRM and LCM models both retained NDVI2, PRI, red edge 3, and FMCI as

significant predictors. NDVI2 and FMCI are not widely used indices and the authors could not
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identify any papers using either index for tree health assessments. However, NDVI2 is only
slightly different from NDVI in that it uses the second red band (red 2) available on the
MicaSense Dual-Camera sensor, which is narrower and covers the lower part of the Sentinel-2a
red band. This narrowing of the band spectral range might account for the increased
performance over satellite-based observations as changes in reflectance are averaged over
smaller channels. Similar to NDVI, we would expect NDVI2 to have higher values for vegetation
with lower red reflectance, assuming NIR reflectance remains constant. NDVI2 uses lower
wavelengths of red light and occurs in a region where there is a larger difference in reflectance
between healthy and drought-stressed saplings (Figure 2.2). This narrower band allows us to
detect smaller changes in moisture, similar to the increased accuracy seen by Hunt et al. [51]
when using hyperspectral imagery. Since FMCI was developed for this study by examining the
spectral reflectance signatures of a drought-stressed and healthy sapling, it was expected that
FMCI would help predict continuous and classified FMC response variables. However, FMCI had
lower explanatory power for predicting FMC than the other final four predictors. This reduced
explanatory power is likely due to inconsistent shifts in the red edge 3 band between the two
species across the range of FMC. PRI was originally developed for the assessment of agricultural
vegetation vigor and moisture and appears to have significant explanatory potential for conifer
tree health status [24,57]. Sensors that incorporate short-wave infrared bands would likely
result in improved accuracy in predicting FMC as shortwave infrared reflectance is highly
responsive to water content in foliage [15,58]. However, current cameras for UAS that operate
in the SWIR are costly, potentially limiting the ability for managers to acquire such sensors. As

these sensors become more broadly available it would be worth considering SWIR bands in the
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prediction of FMC from UAS platforms. Such bands when applied through hyperspectral remote
sensing have provided substantial improvements in predicting FMC [51]. Finally, the red edge 3
band covers a spectral range not available on conventional satellite-based sensors. This spectral
range has high reflectance for healthy saplings and lower reflectance for drought-stressed
saplings but, compared to other bands and indices used in this study, has relatively low variance
across our samples (range of 0.13). Since light is reflected by living vegetation in this red edge 3
channel, consistent differences in reflectance represent potential biologic indicators that can be
exploited for predicting FMC.

Modeling results suggest that UAS equipped with sensors like the MicaSense Dual-
Camera system could be used for identifying vegetation stress as it relates to changes in FMC.
In prescribed fire planning and fire behavior modeling, FMC is an important input and
influences manager expectations of fire effects [59]. Additionally, drought-status has a strong
correlation in many conifer species with bark beetle susceptibility [60]. Since FMC varies across
and within vegetation types and within individual tree crowns, the flexibility of our random
forest models may be beneficial for capturing this range of conditions. While our random forest
models performed slightly worse than the logistic and multiple linear models, most other UAS
studies of foliar moisture have shown that machine-learning strategies achieve the highest
model accuracy [49]. Operational field deployment of these methods will need to be flexible
enough to overcome vertical and horizontal gradients in FMC within individual tree crowns
associated with shadowing and solar angles that impact both reflectance and FMC. Our models
were developed based on an average of three FMCs collected randomly across sapling tree

crowns. In mature forests, data summarization strategies will need to be explored to account
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for variation in the multiple pixels within a single tree crown to accurately characterize the
mean or median FMC. Within western US dry conifer forests, reasonable success has been
achieved at delineating individual tree crowns from UAS-derived canopy height models [61].
The resulting individual tree crown polygons could be used to isolate the spectra for a single
tree for applying models similar to those developed in this study. Successful deployment of
such individual tree drought monitoring models holds potential to inform forest thinning
operations aiming to improve forest drought resilience. Future work should focus on applying a
suite of predictive models in mature forests across a range of site conditions to examine the

ability of different models to reliably predict individual tree crown FMC.

2.5 Conclusions

Using spectroradiometer-derived band equivalent reflectance of a multispectral
consumer-grade UAS camera, we were able to accurately predict FMC and drought stress status
(FMC < 120%) for western white pine and Douglas-fir saplings. While these models were
developed using spectroradiometer derived data, the high FMC prediction accuracy using band
equivalent reflectance of a UAS sensor suggests that accurate FMC quantification using UAS is
possible; however, this study should be repeated using UAS-collected imagery. The logistic
model developed in this study to classify stressed and non-stressed saplings had high overall
classification accuracy for both species and could be beneficial for land managers seeking to
incorporate drought status information when planning prescribed fire or other silvicultural
treatments. Similarly, the multiple linear regression model used to predict FMC could aid efforts
needing rapid and spatially extensive FMC observations of saplings or mature trees to

understand patterns of drought stress within and among forest stands. Specifically, this model
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could aid in assessing tree-level physiological responses to different growing environments or
treatment designs. While the FMC results in this study are promising, these models need
further testing using UAS-derived data across a range of tree sizes and species to determine

their applicability and transferability across conifer forests experiencing drought.
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CHAPTER 3 — UAS CLASSIFICATION OF DROUGHT STRESS IN PONDEROSA PINE AND DOUGLAS-FIR

3.1 Introduction

Anthropogenic climate change is projected to increase the severity and intensity of
drought across the southwestern United States (Cook et al., 2015), impacting western conifer
forests through increasing temperatures, precipitation deficits (Cook et al., 2018), and
decreasing soil water storage (Liu et al., 2019, Bolinger et al., 2023). Between 2000 and 2019
CE, southwestern North America experienced its second driest two decades since 800 CE,
resulting in a regional megadrought (Williams et al., 2020). This region is projected to
experience continued trends of increasing temperatures coupled with variable precipitation
(Bolinger et al., 2023). Temperature-driven decreases in soil water availability and higher plant
water demand are contributing to plant-level physiological stress that reduces resilience to
current and future drought (Breshears et al., 2005, Williams et al., 2012). Drought-induced
physiological stress in trees reduces their resilience to fire and insect attacks (Sparks et al.,
2024). Lower water availability affects trees by reducing foliar moisture content, nutrient
uptake, and sap flux, all of which contribute to a tree’s ability to withstand disturbances
(Kreuzwieser & Gessler, 2010, Ryan, 2011). Drought stress is being compounded by stand
density increases relative to historic norms (Mast et al., 1998) due to a legacy of fire
suppression over the last century (Littell et al., 2016), which increases forest water demands

and further stresses trees (Zhang et al., 2019). These compounding climate and management-
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induced demands on moisture availability make forests increasingly susceptible to drought-,
fire-, and insect-induced mortality (Williams et al., 2013).

The interaction of drought and stand density stressors contribute to elevated levels of
mortality that can drive increases in fine, dead woody fuel accumulation (Ruthrof et al., 2016).
Furthermore, increasing temperatures are driving decreases in surface fuel moisture, increasing
the likelihood of ignition, fire hazard, and extreme fire days (Alexander & Cruz, 2013, Flannigan
et al., 2015). Reduced moisture in both surface and canopy fuels increase the likelihood of fires
transitioning from surface and ground fires into ladder fuels and the overstory, resulting in
crown fires. Alterations to the drought, fire, and pest disturbance regimes, when coupled with
persistent drought in an era of climate change, may facilitate changes to forest successional
pathways that result in ecosystem conversion following disturbance-induced mortality (Batllori
et al., 2020, Coop et al. 2020). Thus, forest managers must consider the current climate and the
projected increase in hot, dry conditions, and work to maintain forest resilience in the face of
increasing and compounding disturbances.

A major indicator of water availability in forests is foliar moisture content. Foliar
moisture content (FMC) responds to vegetation health and is a surrogate for individual plant
resilience to weather, climatic oscillations, and disturbances (Keyes, 2006, Zhang et al., 2019,
Sparks et al., 2024). Further, FMC changes daily based on evapotranspiration and water loss, or
through precipitation and water uptake (Groover, 2017). Beyond indicating the relative water
content in plant material, FMC provides an estimate of fire risk and rate of spread (Jolly &
Hadlow, 2012). Conventional measures of foliar moisture require the collection of foliage from

each plant and a comparison of the foliage’s dry and wet weight (Jolly & Hadlow, 2012),
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providing a sample of data to represent an entire population. The need to sample individual
plants and oven-dry specimens limits data extent and delays the availability of foliar moisture
observations after collection. As such, there is limited capacity to collect rapid, spatially
continuous measures of foliar moisture, particularly across management scales (i.e., 10s to 100s
hectares).

Satellite-based remote sensing can supplement field data collection to provide
landscape-scale assessments of ecosystem stress (Lentile et al., 2006). Landsat (30 m
resolution) and Sentinel-2 (10-20 m resolution), for example, are multispectral satellites that
have been used to monitor vegetation condition (Humagain et al., 2017, Hogland et al., 2019,
Phiri et al., 2020). Plant water status is commonly assessed using spectral indices like the
Normalized Difference Vegetation Index (NDVI, Rouse, 1974), Normalized Difference Water
Index (NDWI, Gao, 1996), or thermal imagery (Pierce et al., 1990). These moderate-resolution
satellite sensors average spectral data across multiple species, vegetation strata, and substrates
within a single pixel, smoothing plant and species level variation (Lentile et al., 2006). Thus,
forest managers cannot easily leverage this moderate spatial resolution to inform management
decisions about which trees to retain or cut during thinning operations.

Uncrewed Aerial Systems (UAS) offer a potential solution to these limitations as the
temporal resolution can be controlled by users and the high spatial resolution imagery can be
smaller than 3 cm (Perez-Rodriguez et al., 2019). Recent advances in UAS tree-level mapping
have been successful in creating near-census maps of tree locations, heights, and diameters at
breast height (DBHSs) in dry, more open canopy conifer forests (Swayze et al., 2021, Tinkham et

al., 2022). As these techniques become refined, UAS estimates of basal area and tree density
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achieve precisions of 5% to 10% (Tinkham & Woolsey, 2024) and spatial patterns match field
collected data (Hanna et al., 2024). Additionally, several studies have attempted to use UAS
multispectral and thermal imagery to estimate FMC or similar vegetation moisture and health
metrics for agricultural and crop tree (i.e., cherry, olive, citrus, and chestnut trees) applications
with varying success (Ezenne et al., 2019, Blanco et al., 2020, Garza et al., 2020, Grulke et al.,
2020, Padua et al., 2020, Marques et al., 2023). In a Northeastern United States forest, Fraser &
Congalton (2021) were able to classify between healthy, disturbed through either disease or
pests, and degraded trees with 71% accuracy. In a European mixed-conifer forest,
Abdollahnejad & Panagiotidis (2020) used multispectral imagery and a support vector machine
classifier to classify leaf discoloration as an indicator of health with 84.7% accuracy. These
studies show promise for tree-health assessments from UAS multispectral remote sensing, but
no studies have examined the disturbance-adapted mixed-conifer forests of the Rocky
Mountains, which are particularly at risk for future drought events.

Previous work on individual conifer tree FMC remote sensing used a laboratory setting
to develop models to classify drought-stress status and predict continuous FMC from the
spectral bands available on a consumer-grade multispectral UAS camera for both a short-
needle and long-needle conifer species (Lad et al., 2023). This previous effort examined western
white pine and Douglas fir at various levels of drought stress to classify drought status and
predict FMC (Lad et al., 2023). Similar to studies monitoring crop FMC, Lad et al. (2023) found
that indices such as the NDVI (Normalized Difference Vegetation Index) and PRI (Photochemical
Reflectance Index), along with the red edge spectral range (700-720 nm) were the strongest

predictors in modeling drought-stress in both short- and long-needle western conifers. Previous

45



studies have also found PRI to be sensitive to real-time changes in photochemical efficiency
(D’Odorico et al., 2021; Vicca et al., 2016), highlighting its utility for assessing tree health
changes. Further, Sparks et al. (2016) found that a pre- and post-burning differenced NDVI
guantified vegetation stress and burn severity with a high correlation to photosynthetic activity
(r’=0.73-0.85) following a laboratory burn. These modeling approaches, while promising, need
to be validated through testing in mature forests of varying densities and drought conditions.
Specifically, scaling these models to mature trees may present challenges to accurate
guantification of FMC resulting from intra-tree variability or shadowing of lower branches.
Drought events, which decrease FMC, are and will continue to be a driving force of
forest health and disturbance risk and recovery, underscoring its importance as a metric to
describe forest conditions and to inform management actions. However, no comprehensive
methods have yet been validated to predict tree-level FMC in forests. Lad et al. (2023) found
that a logistic regression and multiple linear regression model using NDVI, PRI, and red edge
spectra were effective in identifying drought stress of saplings in a laboratory setting. Thus, this
study will test these models in two mature mixed-conifer forests in northern Colorado. Using
the models developed by Lad et al. (2023) we explored the question: Can laboratory-developed
models of drought stress be used to identify the gradient of drought stress in a mixed-species

conifer forest?
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3.2 Methods
3.2.1 Study Area and Field Data Collection

To capture a gradient of FMC, this study was conducted at field sites with varying
management histories and topographic complexities. The Estes Park (EP) site was dominated by
a northwesterly aspect on a 7-60% slope covering 4.2 hectares and was hand thinned in 2012 to
create an open mixed-conifer stand of ponderosa pine (Pinus ponderosa Lawson & C. Lawson)
and Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco var. glauca (Beissn.) Franco). The Red
Feather Lakes (RFL) site was an untreated 6.0 hectare area of open mixed-conifer forest of
ponderosa pine and Douglas-fir on a hill (slope=1-65%) with all aspects covered and featuring

exposed rocky outcroppings (Figure 3.1).

1 000%
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Figure 3.1: UAS flight boundaries and derived true color imagery of the A) Red Feather Lakes
(RFL) site and B) Estes Park (EP) site with the ESRI Outdoor base map. The northern star on the
inset map is the Red Feather Lakes site and the southern star is the Estes Park site.

We calculated mean annual temperature (T, °C) and mean annual precipitation (P, mm)
using mean monthly values from PRISM (Parameter elevation Regression on Independent

Slopes Model) 30-year normals (1991-2020) at 800 m resolution. These annual means allow us
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to characterize typical climatic site conditions. At RFL and EP, mean annual temperatures are
5.6°C and 7.9°C while mean annual precipitation was 444.7 mm and 525.1 mm, respectively.
The precipitation received during the sampling year, 2023, was 503.7 mm at RFL and 564.3 mm
at EP.

Prior to FMC monitoring, field survey trees were selected by randomly generating 50
points at each site, with the nearest dominant or codominant ponderosa pine or Douglas-fir
tree identified for sampling. Limiting the survey to dominant and codominant trees was done to
ensure reliable extraction from the UAS point cloud to allow for the testing of these drought
models. The sample trees had their height, diameter at breast height (DBH), crown base height
(CBH), and species recorded, along with their location using an Emlid Reach RS2+ real-time
kinematic GPS (Emlid Tech Kft, Budapest, Hungary).

Each site was sampled two times, for a total of four collection dates (July 25, July 27,
September 18, and October 16) and 200 foliar moisture samples (Table 3.1). On each collection
date, needle collection began at approximately 10:00 am and continued until 12:00 pm when
UAS flights were conducted. Following UAS flights, any remaining trees were sampled, with all
moisture samples collected within 2 hours of the UAS acquisition. Needle collection for each
tree involved using loppers on an extending pole to clip bundles of needles in each cardinal
direction and at varying heights. A minimum of four bundles were clipped from each tree and
placed in a weighed and labeled plastic bag and stored in a cooler until they could be processed
in the lab that afternoon. Variations in tree height and CBH meant that some samples could
only be collected from the lower and middle third of the crown of some individuals. Testing was

done on a subsample (n=50) of trees where FMC could be assessed in the lower, middle, and
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upper third of individual crowns, with a paired t-test showing no significant differences

between FMC at different heights (p=0.12).

Table 3.1: Mean (standard deviation) of sample trees across the two study sites along with
dates of the FMC collections. DBH: diameter at breast height, CBH: canopy base height.

ponderosa pine Douglas-fir First Collection Second Collection
Site DBH |Height| CBH | DBH |Height| CBH |Julian|Temp | VPD |Julian|Temp | VPD
(cm) | (m) (m) | (cm) | (m) (m) | Date | (°C) |(hPA)| Date | (°C) |(hPA)
4.5-
EstesPark | 29.4 | 139 | 3.5 | 30.7 | 144 | 2.0 4.6-
(EP) (7.7) | (2.2) | (1.0) |(12.4)| (3.5) | (1.0) 153 1 21.8 | 30.6 | 206 | 15.2 22.2
Red 29.0 | 10.2 | 24 | 223 | 9.3 0.7 5.3 14
Feather ' ' ' ' ' ' 151 | 219 | 7 | 234 | 7.1 | [
Lakes (RFL) (11.3)| (3.1) | (1.2) | (6.8) | (2.9) | (0.5) 35.2 10.3

In the lab, bundles were removed from their plastic bag, needles and cones were
stripped from the branch, and only the needles were added back to the bag. The wet needle
weight for each tree was measured by subtracting the weight of the plastic bag from the weight
of the needles in the bag. All wet weights were recorded within six hours of field sample
collection. Then, needles were transferred to paper bags and dried in an oven at 105 degrees
Fahrenheit for at least 48 hours, or until the dry weight had stabilized (Matthews, 2010). Once
dry, the dry weight of each sample was measured by weighing the dried needles on a tared
scale. All weights were recorded using an OHAUS scale with a precision of 0.01 grams (OHAUS
Corporation, Parsippany, NJ, USA). The FMC of each sample was calculated using Equation 1

(Jolly & Hadlow, 2012).

(Wet Weight—Dry Weight)
Dry Weight

Foliar Moisture Content = x 100 [1]

UAS flights were conducted as close to 12:00 as possible to align with the sun’s peak and
reduce shadowing in the imagery. Acquisitions were conducted using a DJI Matrice 210V2 (DJI,

Shenzhen, China) with a Micasense 10-band Dual-Camera system attached (Micasense, Seattle,
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WA, USA) and lasted an average of 20 minutes at each site. Prior to takeoff and immediately
after landing, manual captures were taken of the Micasense reflectance panels. These images
allowed us to capture 100% reflectance and were used to correct inconsistencies in lighting
during the flights. All flights used a serpentine flight pattern at 90 m above ground level and a
speed of 6 m s with 85% forward and 80% cross-track image overlap. The Micasense system
captured 10-band multispectral imagery (Table 3.2) at 6.3 cm resolution. Ten ground control
points (GCPs) were used at each site to ensure spatial accuracy of image alignment. These GCPs
were chosen based on visibility from above, spacing across the sites, and had their locations
recorded using an Emlid Reach RS2+ real-time kinematic GPS (Emlid Tech Kft, Budapest,
Hungary). The GCPs had a reported average horizontal and vertical root mean square error of
0.038 m and 0.077 m, respectively.

Table 3.2: List of bands available on the Micasense Dual-Camera System and the wavelengths
covered by each band.

MicaSense Band MicaSense A
Blue 430-458 nm
Blue 2 465-485 nm
Green 550-570 nm
Green 2 524-538 nm
Red 663-673 nm

Red 2 642-658 nm
Red Edge 1 712-722 nm
Red Edge 2 700-710 nm
Red Edge 3 731-749 nm
Near Infrared 820-860 nm

3.2.2 UAS Image Processing

For each of the seven acquisitions, UAS images were processed in Agisoft Metashape
version 1.6.4 (Agisoft LLC., St. Petersburg, Russia) using the Structure from Motion algorithm
with Mild Depth Map Filtering and High-Quality generation parameters. These settings were
used to maximize individual tree extraction accuracy based on the findings of Tinkham and
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Swayze (2021). Photos of the reflectance panels were used to calibrate image spectral
reflectance and correct for lighting inconsistencies due to clouds and sun angle.

The GCP locations were imported to Metashape and iteratively georeferenced using a
minimum of 10 photos per GCP, resulting in a median (s.d.) root mean square error of 7.3 (5.2)
cm, 5.8 (3.5) cm, and 0.8 (0.5) cm for X, Y, and Z locations, respectively across all sites and
collections. Once GCPs were georeferenced, UAS photos were aligned to produce
approximately 5-8 million tie points as well as an orthomosaic and dense point cloud with
information for the 10 spectral bands attached. The orthomosaics had a final pixel resolution of
6.3 cm. Before export, pixel and point values were converted from digital number to
reflectance by dividing each band value by 32,768 following the recommendation of the camera
manufacturer (MicaSense Seattle, WA, USA). Then, orthomosaics and point clouds were
exported as GeoTiffs and LAS files, respectively, for each flight date in the North American
Datum 1983 UTM Zone 13 North (NAD83, UTM 13N) projected coordinate system. These data

were then imported into R for analysis.

3.2.3 UAS Tree Extraction

To extract individual trees and tree crowns, point clouds and orthomosaics were
processed in RStudio version 4.3.2 (R Core Team, 2022). Following the point cloud processing
steps from Tinkham & Woolsey (2024), point clouds were processed using the cloud2trees
package (Woolsey, 2024) which integrates the lasR (Roussel, 2024) and lidR packages (Roussel
et al., 2020, Roussel & Auty, 2024). First, raw point clouds were denoised which involved
classifying isolated points and dropping them, as well as duplicate points, from the point cloud.
Then, we classified ground points and generated a digital terrain model (DTM) with 1.0 m
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resolution using Delaunay triangulation and pit fill. This allowed us to height normalize the
point cloud and generate a canopy height model (CHM) at 0.10 m resolution. To locate
individual trees, we used a variable window function [Equation 2] as proposed by Creasy et al.
(2021) and the locate_trees function from the lidR package to identify all tree tops that were at
least 2 meters tall. Then, we delineated tree crowns using the marker-controlled watershed
function of the ForestTools package (Plowright, 2024). Finally, we spatially joined the tree tops
with the tree crowns following the methods of Tinkham et al. (2022). The outputs of these
steps included a CHM and DTM raster, individual tree crown polygons, and tree location points
which included the calculated height and DBH.

Variable Window Radius = 0.3 + CHM Value * 0.1 [2]

The tree location points were spatially matched to field-collected tree locations

following the methods of Tinkham et al. (2022). This spatial matching process used a maximum
search distance of 5 m and a maximum height error of 4 m to identify the nearest UAS trees to
the field trees using the sf package (Pebesma, 2018). The UAS tree within the search distance
with the smallest height error was then assigned to the field tree as a match. These matches
were used with the st_intersects function from the sf package to extract the nearest individual
tree crown polygon. Then, using the individual tree crown polygons and 10-band orthomosaics,
we derived each pixel’s spectral values for each of the 10 bands within each crown polygon
using the exact_extract function of the exactextractr package (Baston, 2024; Figure 3.2). These
values were normalized to the reflectance scale by dividing each cell value for a given band by
the global maximum of that respective band (Micasense). Then, using the normalized cell

values we calculated NDVI2 (Equation 3), PRI (Equation 4), and FMCI (Equation 5), and
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extracted Red Edge 3 values for all pixels. Raster values within each tree crown polygon were
further summarized as the mean, median, 10, 20t, 25th 30t 40th, 60t", 70th, 75, 80t and
90t percentile band and index values. The summarized raster values were then tested as
predictor variables in the multiple linear regression model developed by Lad et al. (2023). We

also evaluated species, Julian date, and site as potential predictor variables.

NDVI2 = MIR-Red2 3]
NIR+Red?2

Green2—Green

PR = ——— [4]
Green2+Green

RedEdge3—NIR

RedEdge3+NIR

FMCI =

Figure 3.2: Extracted tree polygons showing A) true color imagery and B) their calculated
Normalized Difference Vegetation Index 2 (NDVI2) value on top of UAS-derived true color
imagery of the Red Feather Lakes (RFL) site. The within tree crown polygons pixels were used to
calculate mean, median, and every 10™-90™ percentile values as potential predictors of tree
foliar moisture content.

3.2.4 Modeling and Data Analysis

After summarizing predictor variables by tree crown, we tested the lab developed
Multiple Linear Regression Model (MRLM; Equation 6) from Lad et al. (2023) which used NDVI2,

PRI, FMCI, and the RedEdge3 band as predictor variables for FMC. We used the stats package in
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base R (R Core Team, 2023) and tested the Lad et al. (2023) model using each of the 12 crown
summarization techniques (i.e., mean, median, 10, 20, 25, 30, 40, 60, 70, 75, 80, 90 percentile)
with the model’s four variables (NDVI2, PRI, FMCI, RedEdge3). We compared the accuracy of
the 12 versions of the MLRM in predicting observed FMC using Pearson’s correlation, mean
error (ME), and root mean square error (RMSE). Pearson’s correlation was used to evaluate the
strength of the linear relationship between predicted and observed FMC values, providing
insight into how well the model captures overall variance in FMC. To assess systematic bias in
model predictions, we performed a paired t-test comparing the mean observed FMC to the
mean model-predicted FMC. Additionally, we examined the model’s ability to rank trees by
relative drought stress using Spearman’s rank correlation. Unlike Pearson’s correlation, which
assumes a linear relationship, Spearman’s correlation assesses monotonic relationships and is
robust to non-linearity. This allowed us to determine how well the model preserves the relative
ordering of trees based on their FMC values

FMC% = —226.61 + 138.64 X NDVI2 + 611.92 X RedEdge3 + 851.31 X FMCI + 1039.63 x PRI [6]

To identify potential differences between the lab model and the optimal prediction of

FMC using field scale data, we also fit a series of new multiple linear regression models using
the UAS-derived tree-level spectral bands and indices, along with species and Julian date to
predict FMC. We first fit Random Forest models to each of the 12 sets of summarization metrics
(e.g., 10t 20t 30t percentile, etc.) to identify the set of metrics best suited to predict FMC
using the RandomForest R package (Liaw & Wiener, 2002). The models included the tree-level
summary metrics for the ten spectral bands and nine spectral indices (19 variables). These

spectral indices included NDVI, NDVI2, PRI, FMCI, Normalized Difference Wetness Index (NDWI;

54



Equation 7), Green Normalized Difference Vegetation Index (GNDVI; Equation 8), and
Normalized Difference Red Edge (NDRE; Equation 9). The best Random Forest regression model

was identified as the model with the greatest variance explained (R?).

Green—NIR

NDWI = ——— (7]
Green+NIR

GNDVI = NIR—-Green [8]
NIR+Green

NIR—RedEdgel
NIR+RedEdgel

NDRE = [°]

For the set of metrics from the highest performing Random Forest model, we tested
variable correlation to remove any highly (i.e., >70%) collinear variables. When two variables
were highly correlated, we first retained variables that have previously demonstrated success in
modeling FMC. For instance, since NDVI2 was a significant predictor of FMC in Lad et al. (2023),
we retained NDVI2 over NDVI. This reduced set of non-collinear predictors was then used to
construct a multiple linear regression model in R using the stats package (R Core Team, 2023).
The model was reduced using a forward-backward stepwise approach to minimize the Akaike
Information Criterion (AIC) using the olsrr R package (Hebbali, 2020). This approach identified
the most parsimonious model while retaining key predictors of FMC. To quantify uncertainty
and assess model consistency, we estimated predictor coefficients and their 95% confidence
intervals using bootstrapping with 1,000 repetitions (boot package; Davison & Hinkley, 1997;
Canty & Ripley, 2022). To evaluate the practical utility of the final model, we ranked the model-
predicted and field-observed FMC values from lowest to highest and categorized trees into two
groups based on their rank percentiles. Specifically, we assessed the model’s ability to correctly

classify trees within the most drought-stressed subset by dividing the dataset at thresholds of
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10%, 20%, 30%, 40%, and 50% of the lowest FMC values. This analysis was designed to simulate
how a forest manager might use the model to prioritize trees for targeted intervention,

ensuring that the method effectively identifies the most drought-stressed individuals.

3.3 Results

Field-collected FMC was approximately normally distributed when examined across all
sites and dates (Figure 3.3). The observed FMC values ranged from 73% to 126%, with an
average of 98.4%. FMC across the four dates was bimodally distributed, but the range of FMC
values tended to narrow through time. Additionally, the FMC values at EP tended to be higher
when compared to RFL, and there were generally higher values for Douglas-fir than ponderosa

pine (Figure 3.3).
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Figure 3.3: Histograms of foliar moisture content values across the four collections at the Red
Feather Lakes (RFL) and Estes Park (EP) sites separated into A) distribution by site, B)
distribution by Julian date, and C) distribution by species.

Spectral reflectance of bands and indices were also compared across Julian dates to

examine the importance of the collection date (Figure 3.4). Most spectral bands exhibited low
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variation between Julian dates, except for the first data collection which consistently had
greater reflectance levels. Within a single collection date, bands in the red and red edge portion
of the spectrum featured greater variability and wider interquartile ranges than bands with
shorter wavelengths. The near-infrared indices (NDVI2 and FMCI) exhibited lower mean values
for the RFL collections (first and last Julian date) compared to the EP collections, with there

being much more consistency in the PRI values between dates, but less within site variation.
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Figure 3.4: Boxplot of A) spectral band and B) index distribution within surveyed tree crowns
colored by Julian Date. C) Box plot of spectral predictors from Lad et al. (2023).

Comparing the 12 sets of MLRM predictions from Lad et al. (2023) against observed
FMC values found that the mean summarization approach achieved the highest Pearson’s
correlation, while the 90" percentile achieved the lowest ME and RMSE (Table 3.3). A paired t-
test of the observed and predicted values found no significant difference between means
(p=0.57) using the 90" percentile technique, but the mean technique was significantly different
(p<0.05). Across the 12 summarized models, the correlation generally remained stable but
using lower percentiles of within canopy values had higher correlation and there was a slight

decline in correlation at higher percentiles. However, the ME and RMSE decrease with the use

57



of higher percentiles, suggesting an increase in accuracy of the predicted values. Testing the
ranking of the predicted FMC values from the mean and 90t percentile models against the
observed rankings using the Spearman’s rank correlation showed that both models similarly

captured the gradient of FMC values (Figure 3.5).

Table 3.3: Accuracy of each summarization metric tested in applying the multiple linear
regression model from Lad et al. (2024).

Summarization Pearson’s Root Mean
. . Mean Error

Technique Correlation Square Error
Mean 0.437 203.77 238.44
Median 0.414 197.08 237.00
10*" Percentile 0.421 411.86 431.77
20" Percentile 0.422 345.18 368.12
25" Percentile 0.423 317.33 342.09
30% Percentile 0.421 291.50 318.50
40 Percentile 0.417 242.94 275.42
60 Percentile 0.412 153.16 202.91
70% Percentile 0.409 109.54 173.04
75 Percentile 0.408 86.89 159.92
80" Percentile 0.405 63.14 148.40
90" Percentile 0.398 5.53 135.66

The lack of high accuracy in the lab-developed MLRM could be the result of scaling and
summarization mismatches. In the lab, pure individual sapling spectral values were collected
using three plant probe samples across the crown, while in the field, tree spectral values were
collected as pixels across the entire crown, with values primarily reflecting the top 2D profile of
the crown. To account for the mixture of foliage, branch, and background substrate captured in
the UAS pixels, we attempted to account for these collection approach differences by testing
summarization techniques. However, the UAS imagery also contended with greater spectral
variability in mature crowns as, even within extracted polygons, there are differences in crown

shading/illumination. This all contributes to the relatively narrow spectral distribution of the
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laboratory saplings (Figure 3.4 C) compared to the UAS imagery (Figure 3.4 A & B). The young
needles (i.e., less than two years old) on the laboratory saplings likely reflect more light (Rock et
al., 1994) compared to the older (i.e., up to five years old) needles assessed in the field.
Comparing the lab spectral data from Lad et al. (2023) against this study’s UAS data shows a
much lower and narrower range of near-infrared values from the lab data. The lack of
variability in the training data for the lab MLRM likely contributed to a lack of model fit when
predicting using field values that featured higher levels of variability, as well as higher

reflectance values in general.
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Figure 3.5: Observed versus predicted foliar moisture content (FMC) ranks from the two highest
performing multiple linear regression models, based on Lad et al. (2023) using, (a) the mean
spectral values per crown, and (b) the 90th percentile spectral values per crown.

The random forest model identified that using the 80" percentile of tree level
summarized spectral bands and indices provided the most predictive power. In our testing of
summarization approaches, species was a significant predictor of FMC in ten out of twelve of

the random forest models, highlighting its utility. The final reduced multiple linear regression

59



model developed on the field data retained species and the within crown 80t percentile values
of NDVI2 and FMClI as predictors and resulted in an adjusted R? of 31.02 (p<0.05) with a residual
standard error of 8.98% FMC (Table 3.4, Figure 3.6). Predicted FMC increased as the index score
increased for both NDVI2 and FMCI (Figure 3.7). Additionally, species was significant with

Douglas-fir increasing the intercept by 4.2% FMC over ponderosa pine.

Table 3.4: Final reduced multiple linear regression model output table.

Coefficient Confidence Interval | Standard Error | T value p-value
Intercept 89.71 75.59, 100.74 4.38 20.50 <0.05
Douglas-fir 4.20 1.15, 6.68 1.31 3.22 <0.05
NDVI2_p80 23.67 10.75,41.67 4.67 5.07 <0.05
FMCI_p80 35.58 21.75,55.62 8.72 4.43 <0.05
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Figure 3.6: Observed and predicted foliar moisture content from a multiple linear regression
model using Species and the 80 percentile values of NDVI2 and FMCI as predictor variables.

To test the utility of the model in thresholding the predictions to inform management
decisions, we ranked the predicted and observed values and subset them into binary classes

representing the lower 50% of FMC and higher 50% of FMC. This single split achieved an
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accuracy of 75.5% with bin standard errors of 2.9% each. Repeating this process to include

splits identifying the 10%, 20%, 30%, 40%, and 50% most drought stressed trees resulted in an

average accuracy of 81.40%, with accuracy declining from 89.8% for the 10/90 split to 75.5% for

the 50/50 split. Similarly, the smaller bin identifying the more drought-stressed trees had an

average class standard error of 2.2% that went from 1.3% to 2.9% as the bin increased from

10% to 50% of the predictions. The larger bin inversely declined from 3.8% to 2.9% as the bin

decreased from 90% to 50%, with an average of 3.4%. Predicted bins were statistically

significant (i.e., p<0.05) when identifying the 30%, 40%, and 50% most drought stressed trees,

but not when the threshold was set to identify the 10% (p=0.56) or 20% (p=0.17) most drought

stressed trees.
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Figure 3.7: Predicted effects of the 80th percentile values of NDVI2 and FMCl in a multiple

linear regression model separated by species. Shaded areas indicate 95% confidence intervals
for predictions.
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3.4 Discussion

3.4.1 Model Outcomes

When UAS derived values were applied to the prediction of FMC, the lab developed
MLRM achieved relatively low prediction accuracy. The new multiple linear regression model fit
to the UAS data successfully classified tress into higher vs lower drought-stress categories with
= 81.4% accuracy. While exact predictions of FMC had a mean error of ~9%, it is likely more
important to capture the gradient of drought-stress than precise values, as FMC is known to
change rapidly in the field. For example, ponderosa pine has previously been shown to vary up
to 34% diurnally in the summer with daily minima occurring in the morning and shortly after
noon (Philpot, 1965). These temporal fluctuations mean that a prediction of FMC at a single
time point may not necessarily represent the health of an individual tree. However, mid-day
acquisitions minimize within-tree relative FMC, while reducing shadowing in imagery. FMC for
Douglas-fir and ponderosa pine has been documented as between 100% and 130% in the
summer with old foliage having values commonly under 100% (Keyes, 2006). However, our field
observed average FMC across summer collection dates was 98%, with many trees below 90%
FMC. The EP site had consistently higher FMC values, potentially resulting from this site being in
a post-treatment condition, while the RFL site has high forest density and has not been treated
or disturbed in the last 100 years.

While precise FMC prediction yielded low accuracies, our results suggest that rank-
based thresholding provides an accurate decision-support tool for identifying the gradient of
drought-stress. By converting continuous FMC predictions into binary classifications, we
achieved high mean classification accuracy (81.4%), with the highest accuracy (89.8%) occurring
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when identifying the most drought-stressed 10% of trees. Accuracy declined as the
classification included a larger proportion of the drought-stressed trees, but remained
statistically significant (p < 0.05) for identifying the 30%, 40%, and 50% most drought-stressed
trees. This trend suggests that a rank-based classification approach could allow managers to
effectively target trees most in need of intervention.

Our binary classification accuracy (stressed/not stressed) to identify the most drought-
stressed trees was lower than previous studies attempting to classify tree health status using
UAS multispectral imagery in orchards (healthy/unhealthy 97.5%; Jemaa et al, 2023), but similar
to the accuracy achieved by other efforts in mixed broadleaf-conifer forests (live/dead/beetle
infested 84.7%; Abdollahnejad & Panagiotidis, 2020), but no studies have thus far identified the
relative health of western US mixed-conifer forests at the scale of individual trees. As UAS
sensor technology and efforts to integrate hyperspectral, short-wave infrared, or thermal
imagery continue to advance, model accuracy of FMC and other health metrics should continue
to improve. Using a hyperspectral camera, for example, Nasi et al. (2018) classified bark beetle
stress into health/infested/dead classes in an urban forest with 81% accuracy. Physiological
indicators of tree health, such as stomatal conductance and leaf water potential, can also be
modeled using hyperspectral and thermal imagery with crown temperature showing a strong
correlation with stomatal conductance (Zarco-Tejada et al., 2012).

UAS shows strong potential for the early detection of tree moisture stress and models
should consider ecosystem-specific physiology, such as species composition and morphology, as
well as abiotic factors such as topography and hydrology (Ewane et al., 2023). Diverse

applications of UAS imagery to inform vegetation health assessment can help support the
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maintenance and restoration of forest resilience. Future research aiming to apply UAS imagery
for tree health assessments should consider sensor cost, sensor spectral and spatial resolution,

and site variability of biotic and abiotic factors when choosing the UAS that will be flown.

3.4.2 Management Implications

Forest FMC is an important indicator of forest resilience and the relative distribution of
FMC within a site can highlight areas for targeted management actions. At our post-treatment
site, Estes Park, mean FMC was 11% higher than at the untreated Red Feather Lakes site,
consistent with previous studies that found a positive relationship between decreased stand
density and increased moisture availability (Simonin et al., 2006, Andrews et al., 2020, Young et
al., 2023). This increase in moisture availability also increases tree growth and decreases
sensitivity to changing climate (Finley et al., 2019). Thus, our models of site-specific relative
FMC could be applied to forest sites and provide managers with relative tree stress to inform
targeted thinning and prescribed fire operations, resulting in subsequent increases in growth
and improved resilience against drought.

One direct application of these models is in the wildland-urban interface (WUI), where
the identification of drought-stressed trees can help prioritize their removal to increase the size
of the defensible zone around homes and infrastructure. By mapping FMC across a WUI
landscape, managers could target the most stressed individuals for removal, reducing both tree
susceptibility to disturbances and fire risk near structures. Additionally, these models could
support ongoing fire mitigation efforts by integrating near-real-time stress assessments into
defensible space guidelines, helping refine vegetation management beyond standard distance-
based thinning prescriptions.
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Tree-level relative FMC, combined with tree size and spatial arrangement data, can also
guide decision-making to achieve increases in the vertical and horizontal complexity of forests,
while prioritizing the retention of the site’s most resilient individuals (Churchill et al., 2013). The
FMC rankings could be thought of as a weighting factor when identifying trees for removal or
retention during thinning operations. Applying this model to assess where to enhance forest
resilience supports stand-level adaptation that favors drought-tolerant trees while adjusting
forest density to reduce competition. The model from this study could inform management
actions including implementation of mechanical thinning and prescribed fire, which are most
effective at reducing wildfire severity and effects when used in conjunction with one another,
with potential reductions of fire severity of up to 72% compared to untreated areas (Davis et
al., 2024). Models of relative FMC could be used to prioritize areas for mechanical thinning by
focusing thinning on dense sites with high fuel loads and resource competition (Agee & Skinner,
2005). Additionally, these models could be used to evaluate sites post-thinning to examine
changes to moisture content of the remaining trees (North et al., 2009). By connecting our
model of tree-level FMC with ecologically-informed management, we can increase the
information available for adaptive management that balances forest resilience and fire risk
reduction.

A second application of these models is for monitoring treatment effectiveness. UAS
data could be collected before thinning or prescribed fire treatments to detect the gradient of
tree stress across a site, allowing managers to target the most stressed individuals. Following
treatment, repeat UAS acquisitions could assess changes to FMC and evaluate treatment-

induced improvements to forest moisture retention. By comparing pre- and post-treatment
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FMC, managers could refine best practices for reducing competition, increasing drought
resilience, and improving stand health.

In fire-dependent forests, prescribed fire is a useful management tool for reducing fuel
availability and connectivity. Prescribed fire planning relies heavily on weather data which are
used to make assumptions on fuel conditions and resultant fire behavior (Ryan et al., 2013).
Integrating models of FMC into this planning process could provide data on live fuel moisture,
improving fire behavior predictions. Relative FMC can fluctuate with weather (Keyes, 2006) and
provides valuable information about fuel moisture levels and combustibility, which could guide
ignition strategies, allowing managers to adjust ignition line distance to control fireline intensity
based on burn-specific mortality objectives. By providing managers with near-real-time access
to overstory fuel conditions, we can expand the information available to managers while they
make fire planning decisions. Further, in areas with an increasing occurrence of short-interval
fires, these models could be applied to assess the resilience of surviving trees after initial fires
and inform thinning and refugia management to increase resistance to subsequent
disturbances.

Informed management is important for maintaining and improving forest health,
particularly as drought stress increasingly reduces tree productivity, growth, and carbon and
nitrogen uptake (Joseph et al., 2020). Extreme drought can also drive widespread mortality
events, particularly if the drought is prolonged (Allen et al., 2010). Climate stress is already
exceeding species’ physiological tolerance to drought, resulting in mortality, particularly in drier
parts of species’ ranges (Anderegg et al., 2019). The mortality of overstory trees can initially

decrease crown fire potential, while increasing surface fire intensity (Stephens et al., 2018),
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resulting in negative impacts on soil organic carbon (Boca et al., 2014; Gao et al., 2021). As
climate change continues to push the bounds of forest resilience through drought stress and an
increase in the occurrence of high-severity fires, forest management needs to anticipate future

climatic pressures and adjust accordingly.

3.4.3 Limitations

While our model successfully identified the gradient of relative FMC and demonstrated
utility for forest management applications, several limitations should be considered when
applying these findings. This study was limited to two sites, each representing different
management histories and stand structures. Expanding the number of sites and sampled trees
could provide insight into the transference of these models across broader forest conditions.
Additionally, species was an important predictor of FMC, meaning managers applying our
model to aid in their prescription will need to consider the species on their site. Some studies
have successfully classified tree species from UAS multispectral imagery achieving between
55.5% and 81.18% accuracies (Abdollahnegjad & Pangagiotidis, 2020, Grybas & Congalton,
2021), which may be applied using the same UAS data as those collected for FMC prediction.
However, these studies focus on mixed broadleaf and conifer forests, highlighting a need for
studies that conduct species classification in conifer-dominated forests.

Temporal variability in FMC presents another challenge. FMC is highly dynamic and can
change significantly in response to short-term environmental conditions, such as diurnal
fluctuations, seasonal precipitation, and drought stress (Keyes, 2006). At each site, greater FMC
and spectral reflectance values were observed during the later collection date (Figure 3.3 B). In
northern Colorado, late summer (i.e., July-September) precipitation is delivered by the North
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American monsoon which provides crucial moisture for forests and plays an important role in
the end of the fire season (Nauslar et al., 2018). The temporal variation in spectral reflectance
highlights the importance of multiple collections to capture seasonal dynamics. This spectral
variation is compounded by changing foliage, with older overwintered needles likely decreasing
NIR reflectance in the spring, while new needles will have increased NIR reflectance
(Rautianinen et al., 2018). Seasonal changes in needle spectra and variability in within-tree FMC
are likely driven by tree biochemical and structural changes (Keyes, 2006, Rautiainen et al.,
2018). This inverse relationship between needle age and NIR reflectance may smooth out
seasonal dynamics in mature trees with multi-age needles, but more research is needed to
understand these spectral and temporal dynamics in semi-arid systems. Overall, our data
features variability in both observed FMC (Figure 3.3) and spectral reflectance (Figure 3.4 A)
across sites and collection dates that reflect the heterogenous condition of mature forests.
These seasonal and within-tree variations may complicate the application of static models for
FMC prediction and highlight the importance of testing the relative persistence of how
individual trees rank within a site’s moisture gradient through time.

The feasibility of integrating UAS-derived FMC models into operational forest
management also depends on logistical considerations, including the scale of data collection,
image processing time, and computing resources required for model application. UAS surveys
generate large datasets that require significant processing time and technical expertise, which
may limit their practical use in large-scale forest assessments. Additionally, current UAS-based
efforts are constrained by flight time and regulatory restrictions related to a pilot’s line-of-sight

to the aircraft may impact their effectiveness for characterizing larger extents within rugged
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terrain. Intermediate-sized trees, often the primary targets for density reduction treatments,
are also more likely to be shaded by the overstory, which could introduce challenges in
accurately retrieving their spectral signatures.

Despite these limitations, our study demonstrates potential for UAS-derived models to
inform targeted management actions, particularly for identifying drought-stressed trees and
monitoring treatment effectiveness. Future research should focus on refining species
classification methods, improving FMC models across broader temporal and spatial scales, and
optimizing data processing workflows to enhance the operational feasibility of UAS-based

forest health assessments.

3.5 Conclusions

Our analysis identified the most stressed trees at two sites in northern Colorado with
~80% accuracy, representing a significant advancement in the tools available for adaptive
management in a semi-arid environment. As aridity is expected to increase in the coming years,
this model provides valuable insights to guide targeted treatments aimed at enhancing forest
resilience to future disturbances. Managers could integrate this model with site-specific
knowledge and maps of tree composition and distribution to make fully informed decisions. By
identifying areas with historically persistent openings, managers can pinpoint locations where
infilling trees are likely drought-stressed due to soil moisture and nutrient limitations (Bond &
Keeley, 2005). This would allow managers to prioritize areas for intervention and restoration
while accounting for both overstory relative FMC, as well as underlying soil conditions. Future

work should evaluate the accuracy of this model for predicting relative FMC of additional
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species and in different elevation zones both within Colorado, and across the western United

States.
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CHAPTER 4 — MORTALITY IN PINUS MONTICOLA AND PSEUDOTSUGA MENZIESII SAPLINGS?

4.1 Introduction

Natural disturbances such as drought, fire, and insects are pivotal in shaping forest
ecosystem composition, structure, and productivity by injuring and killing individual trees and
altering forest succession (Paine et al. 1998; Turner 2010). The degree of disturbance-induced
change largely depends on the intensity, frequency, and extent of the disturbance and can vary
significantly between disturbance types (Dale et al. 2001). Compound disturbances, or
disturbances occurring simultaneously or rapidly in sequence, can create greater ecosystem
change than individual disturbance events alone, and can contribute to reduced forest
resilience, or the time it takes a forest to recover to a pre-disturbance state (Kleinman et al.
2019; Millar and Stephenson 2015; Paine et al. 1998).

Compound disturbances represent a growing threat to western United States forests
given projected increases in both drought and fire activity (Abatzoglou et al. 2021; Anderegg et
al. 2022; Dai 2013), however, the extent and severity of this threat is largely unknown given
that trees of differing species, sizes, and ages can have widely different physiological and
mortality responses to drought and fire (Adams et al. 2017; Hood et al. 2018; McDowell et al.
2018). An improved understanding of the effects of simultaneous drought and fire stress is
needed to inform natural resource managers on actions that could mitigate any amplified

detrimental impacts.

2 Chapter published as: Sparks, A. M., Blanco, A. S., Lad, L. E., Smith, A. M. S., Adams, H. D., & Tinkham,
W. T. (2024). Prefire Drought Intensity Drives Postfire Recovery and Mortality in Pinus monticola
and Pseudotsuga menziesii Saplings. Forest Science, fxae013.
https://doi.org/10.1093/forsci/fxae013
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The combined effects of drought and fire on tree physiology, recovery, and mortality are
poorly understood (Kleinman et al. 2019; Millar and Stephenson 2015; Sturtevant and Fortin
2021). Drought can prompt trees to close stomata to limit water loss, which reduces carbon
assimilation via photosynthesis and increases dependence on nonstructural carbohydrate (NSC)
stores for cellular maintenance and repair (McDowell et al. 2011, 2022). Drought also depletes
tree water content, increasing flammability (Ruffault et al. 2023; Weir and Scasta 2014), and if
persistent, can result in xylem hydraulic dysfunction and eventual phloem transport failure
(McDowell et al. 2022). Fires can exacerbate the stress of droughted trees by damaging critical
tissues and organs necessary for NSC production and transport (Hood et al. 2018; Partelli-
Feltrin et al. 2023). Depending on the fire intensity and presence or absences of fire-resistant
tree traits (e.g., bark thickness, crown height above ground), and strategies (e.g., NSC storage
belowground, serotiny), fire can damage sensitive foliage and buds in the crown (Michaletz and
Johnson 2006; Smith et al. 2017; Sparks et al. 2023) and stem/branch phloem that are
necessary for the translocation of NSC from the crown to the roots (Partelli-Feltrin et al. 2023).
Because drought reduces the NSC stores that a tree needs for repairing fire-damaged tissues,
drought is hypothesized to increase postfire tree mortality, especially for trees exposed to
higher-intensity fires (figure 4.1) (Smith et al. 2017; Sparks et al. 2018; van Mantgem et al.
2018). Several studies have provided evidence in support of this hypothesis in Pinus ponderosa
and Larix occidentalis saplings, where mortality generally increased with increasing drought and
fire intensity (Partelli-Feltrin et al. 2020; Sparks et al. 2018). Similarly, others have shown that
drought stress and associated reductions in tree vigor (e.g., reduced growth rate) in mature

conifers increased vulnerability to fire-induced mortality (Slack et al. 2016; van Mantgem et al.

80



2013, 2018). Conversely, others have observed no or very low levels of mortality in resprouting
Quercus spp. and Pinus palustris that were subjected to drought and surface fires (Chiatante et
al. 2015; Di lorio et al. 2011; Wilson et al. 2022). Although these studies have advanced our
understanding of drought and fire effects, some are limited, as they did not have a drought-
only treatment to isolate drought and combined drought and fire effects (Sparks et al. 2018).
Others did not test severe drought intensities that could cause even nonburned trees to die
(Partelli-Feltrin et al. 2020; Wilson et al. 2022) or did not quantify the fire intensity (Chiatante et

al. 2015; Di lorio et al. 2011; van Mantgem et al. 2013, 2018).
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Figure 4.1: Hypothesized leftward shift of increased vulnerability in the relationship between
fire intensity, reported here as fire radiative energy (FRE; units: MJ m2), and conifer sapling
mortality as water stress increases (adapted from Sparks et al. 2018). At severe water stress
levels, mortality will occur even in trees exposed to very low-intensity fires or no fire and is
denoted by the upward shift of the FRE-mortality relationship. The “Low” water stress line
represents the average mortality observed across FRE doses from 0 to 1 MJ m for well
watered conifer saplings of similar size and age to those in this study (Smith et al. 2017; Sparks

et al. 2023; Steady et al. 2019).

Understanding how trees respond to drought and fire is important for tree mortality
modeling and identifying early warning signs of tree mortality. Tree mortality models underlie

software tools used in fire management planning (e.g., First Order Fire Effects Model, Lutes
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2020; FFE-FVS, Rebain 2022), and thus their accuracy is of critical importance (Hood et al. 2018;
Woolley et al. 2012). Few equations used within these models focus on smaller trees (Battaglia
et al. 2009), which represents a considerable knowledge gap given that prescribed burning
commonly includes objectives to purposefully kill, or reduce the mortality of, smaller trees
(Hood et al. 2018). Furthermore, climate change is predicted to decrease the time between
fires in the western United States (Abatzoglou et al. 2017; Bowman et al. 2017) and this region
is also expected to need a higher frequency of prescribed fires to reduce wildfire hazard
(Voelker et al. 2019), compounding to increase the occurrence of fires on younger cohorts of
trees. Many models use prefire morphological attributes (e.g., bark thickness and crown base
height) and postfire injury (e.g., crown scorch and stem charring) to predict postfire mortality
(Ryan and Reinhardt 1988; Shearman et al. 2019; Stephens and Finney 2002), but it is not well
understood whether using only prefire physiological and morphological characteristics and fire
intensity can provide accurate mortality predictions. Prefire morphology could potentially
improve mortality prediction given that prior observations have shown size dependent
relationships, where smaller trees are killed at higher proportions than larger trees at a given
fire intensity (McDowell et al. 2018; Stephens and Finney 2002). Inclusion of morphology may
be advantageous, given that some metrics can be accurately quantified (e.g., total height,
crown base height) or modeled (e.g., diameter) at the individual tree level across large spatial
scales using airborne laser scanning (Hyyppa and Inkinen 1999; Popescu 2007; Popescu and
Zhao 2008; Sparks et al. 2022), whereas estimates of crown scorch and stem char are difficult to
collect at large scales, as they need to be assessed by ground observation personnel (Varner et

al. 2021). Other studies have shown that prefire physiological condition, including minimal
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water stress (Partelli-Feltrin et al. 2020; Sparks et al. 2018), greater photosynthetic efficiency
(expressed as chlorophyll fluorescence) (Smith et al. 2017), and increased growth rate (van
Mantgem et al. 2003) increase the probability of postfire tree survival. Remotely sensed
observations of chlorophyll fluorescence, which provide information on the efficiency of leaf
photochemistry (Maxwell and Johnson 2000; Murchie and Lawson 2013), could provide a
mechanistic and scalable metric of postfire tree physiological condition. Chlorophyll
fluorescence is highly sensitive to plant stress (e.g., water, cold, heat) (A et al. 2015; Guadagno
et al. 2017), which suggests that it could provide an early warning sign and predictor variable in
postfire mortality modeling, but limited research has assessed this potential (Smith et al. 2017;
Sparks et al. 2023).

The objective of this study was to quantify the impact of variable-intensity drought and
fire on Pinus monticola var. minima Lemmon and Pseudotsuga menziesii (Mirb.) Franco var.
glauca (Beissn.) Franco sapling physiology and mortality. We specifically address the following
questions:

(1) How does increasing drought stress and fire intensity affect sapling postfire recovery?

(2) How does increasing sapling drought stress affect the fire intensity-mortality dose-response
relationship?

(3) Can we accurately model postfire sapling mortality using prefire physiological and morphological
characteristics and fire intensity?

To answer these questions, we used a controlled dose-response approach (Smith et al.
2016; Sparks et al. 2023) where P. monticola and P. menziesii saplings were subjected to varying
drought and surface fire intensities and monitored for up to 10 weeks postfire. Prefire sapling

physiological condition and morphology observations were used as inputs in a random forest
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classifier to assess the accuracy and relative importance of these attributes when predicting

sapling mortality.

4.2 Materials and Methods

4.2.1 Pinus monticola and P. menziesii Saplings and Study Treatments

Pinus monticola and P. menziesii saplings (N = 64 per species) were acquired from the
Franklin H. Pitkin Forest Nursery at the University of Idaho and were grown in 9.5 L pots
through two-and-a-half growing seasons under natural light conditions in a climate-controlled
greenhouse in Moscow, Idaho, USA (N 46.73° W 117.00°). During this period, saplings were
watered to field capacity daily to minimize water stress. Prior to drought and fire treatments,
the mean (+SE) diameter at root collar (DRC) was 1.7 + 0.03 cm and 2.1 + 0.05 cm and mean
height was 0.82 + 0.02 m and 1.0 + 0.02 m for P. monticola and P. menziesii, respectively. The
mean height to live crown was 13.6 £ 0.71 cm and 6.8 £ 0.53 cm and number of live branches
was 17 £ 0.7 and 34 + 0.9 for P. monticola and P. menziesii, respectively.

We conducted a pilot drought to determine the length of time and foliar moisture
content (FMC) at which the saplings would start dying during drought. Three saplings of each
species had water withheld until mortality was determined. Mortality was defined as the death
of all foliage and the inability to regenerate shoots. A stem cambium scratch test was also used
to confirm mortality, where living cambium is green and dead cambium is brown. Mature
needles produced in the previous year were collected from each sapling every ~7 days and
were used to calculate FMC. At each sampling date, ~5 g of needles were collected randomly

throughout the top third of each sapling crown and had their fresh sample weight recorded (+
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0.01 g). These foliar samples were then oven dried for 24 hours at 100°C and weighed again to
acquire their dry weight. Foliar moisture content (FMC, %) was calculated on a dry weight basis.
After 21 days without water, all trees were dead except one P. monticola sapling.

Following the pilot drought, P. monticola and P. menziesii saplings were randomly
divided into one of four drought groups and one of three fire treatment groups (Table 1). The
most severe drought treatment was slightly longer than the pilot drought to ensure some
drought-induced mortality. Starting at 25 days prefire, the three drought groups had water
withheld for progressively shorter intervals while the control was watered to field capacity
daily. After the drought treatments were complete, the saplings in the drought and fire
treatment groups were subjected to surface fires with a known fire intensity dose (Table 1),
reported as fire radiative energy (FRE, in MJ m-2), or the total radiative heat flux. Surface fires
were conducted at the Idaho Fire Initiative for Research and Education (IFIRE), a climatically
controlled indoor combustion laboratory. We used FRE as the dose metric, given that prior
studies have shown that pure fuel beds with the same mass and moisture content produce
consistent and repeatable quantities of FRE (Smith et al. 2013, 2016; Wooster et al. 2021). We
used FRE doses of 0 MJ m™ (i.e., no fire), 0.4 MJ m?, and 0.6 MJ m™, as these doses are known
to result in low-to-moderate mortality levels in saplings with minimal water stress (Sparks et al.
2023). The specific FRE doses were created by burning fuel beds of pure P. monticola needles at
<1% moisture content. The relationship between fuel load and FRE reported in Smith et al.
(2017) was used to calculate the necessary fuel load for each dose group, where the needle fuel
load (kg) = 2.679 / FRE. Before burning each sapling, ~5 g of needles were collected randomly

throughout the top third and bottom third of each sapling crown for FMC estimation. Saplings
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in each dose group were burned individually and were inserted into a custom-cut concrete
board so that the soil surface of the sapling pot was level with the board. The corresponding
fuel load of dry needles was evenly distributed in a 1 m2 circular area surrounding each sapling
and ignited on one side to produce a surface fire with a uniform flaming front (figure 4.2). After
the fire treatments, all saplings, including those in unburned treatment groups, were watered

to field capacity daily.

Table 4.1: Sample size for each treatment group for each species (N = 64 per species). FRE, fire
radiative energy.

Drought treatment group Number of saplings at each FRE dose
(days without water) 0 (no fire) 0.4 MJ m? 0.6 MJ m?

0 4 6 6

14 4 6 6

19 4 6 6

25 4 6 6

4.2.2 Chlorophyll Fluorescence Measurements

Chlorophyll fluorescence is the re-emission of light absorbed by chlorophyll molecules
associated with photosystem Il (PSll). Fluorescence represents one of three fates of harvested
light energy, including energy used to drive photosynthesis and energy dissipated as heat.
Because fluorescence occurs in competition with these other processes, fluorescence can
provide useful information on the efficiency of leaf photochemistry (Maxwell and Johnson
2000; Murchie and Lawson 2013). A commonly used chlorophyll fluorescence metric is the

maximum quantum yield of PSII (F,/Fm), calculated following Genty et al. (1989):

L= (1)
Fm Fm

where Fy is the difference between the maximum fluorescence (Fm) and the minimum

fluorescence (Fo). Subjecting a dark-adapted leaf to a saturating pulse of light energy induces
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Figure 4.2: Experimental burn setup for representative Pinus monticola (left column) and
Pseudotsuga menziesii (right column) saplings subjected to surface fires with fire radiative
energy of 0.4 MJ m (top row) and 0.6 MJ m™ (bottom row).

maximum fluorescence, as there is assumed to be little to no heat dissipation (Murchie and
Lawson 2013). Likewise, minimal fluorescence can be measured by subjecting a dark-adapted
leaf to a weak pulse of light energy. Generally, stressed plants will have F,/Fm values less than
0.8 (Maxwell and Johnson 2000). Water stress, in particular, impedes electron donation in PSII
and is reflected in decreases in F, (Downton et al. 1981).

Chlorophyll fluorescence measurements were acquired weekly on all study trees from 1
week prefire to 4 weeks postfire and then biweekly until 8 weeks postfire using an 0S30p+
fluorometer (Opti-Sciences, Hudson, NH). Measurements were acquired at night, at least 1 hour
after sunset, so that needles could dark adapt. Measurements were taken on needles with

minimal visible damage or discoloration in the top one-third of each sapling crown. Minimal
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fluorescence (F,) was measured, and maximum fluorescence (Fm) was measured after a short

saturation pulse (3500 umol m=2 s!) of red light centered at 660 nm.

4.2.3 Morphological Measurements and Mortality Assessment

Total sapling height and DRC were measured at weekly intervals starting from 1 week
prefire to 4 weeks postfire. The height to live crown and number of live branches were also
measured for each sapling prior to the start of the drought treatments. Fire-induced crown
scorch was not measured, as it was impossible to visually differentiate foliage killed by the fire
and dying or killed foliage due to the prefire drought. Mortality was assessed at 1 day prefire

and 10 weeks postfire.

4.2.4 Analysis and Mortality Modeling

Differences in prefire physiology and foliar moisture content among drought treatments
were compared with ANOVA, and if significant (a = 0.05), a Tukey’s honest significant difference
test. We quantified the effect of FMC and FRE dose on sapling mortality using logistic regression
in R statistical software (R Core Team 2023). Logistic regression models were fit separately for
each FRE dose group and were used to determine
the lethal threshold of FMC at which 50% of saplings died.

A random forest classification approach was used to model postfire mortality. Random
forest is an ensemble learning algorithm that uses bootstrap samples of the training data to
train each tree in an ensemble of n trees (Breiman 2001). Trees are assigned live or dead
classification by a majority vote of the ensemble of trees and cross-validated against the data

not included in the bootstrap samples, referred to as the “out-of-bag observations.” Random
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forest classification does not make distributional assumptions about the data and is insensitive
to collinearity among predictor variables (Cutler et al. 2007). It has also been shown to be
superior to other modeling approaches, such as logistic regression, when using unbalanced
datasets such as tree mortality datasets (Shearman et al. 2019).

Random forest classification was conducted using the ‘randomForest’ (Liaw and Wiener
2002) R package in R statistical software (R Core Team 2023). The classifier was trained with n =
500 ‘trees’, and the number of variables at each split was set to the square root of the total
number of predictor variables. We split each species dataset into training
and validation datasets using an 80:20 ratio. To avoid the large variability in classification
accuracy that arises by doing a single split of data into training and validation datasets, we
repeatedly split each dataset into training and validation sets using bootstrapping following
Lyons et al. (2018). In total, one hundred different sets were generated, and a classification was
performed using each set. Predictor variables included prefire Fv/Fm, FMC, FRE dose, height,
DRC, number of live branches, and height to live crown. Predictor variable importance was
calculated as the mean decrease in classification accuracy or the normalized difference in the
misclassification rate between the original and modified classifications where values of the
predictor variable of interest were randomly permuted in the out-of-bag observations.

Validation was performed for each classification iteration using confusion matrices
calculated between the predicted live or dead classification and the reference observations.
These confusion matrices were used to calculate average overall accuracy,
omission and commission errors, and associated 95% confidence intervals (Story and Congalton

1986). The overall accuracy is the percentage of correctly classified saplings divided by the total
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number of saplings. Commission error is calculated as 1 minus user’s accuracy, where user’s
accuracy represents the proportion of saplings classified as class i that have reference class i.
Omission error is calculated as 1 minus producer’s accuracy, where producer’s accuracy

represents the proportion of saplings of reference class j, classified as class j.

4.3 Results

4.3.1 Drought Impacts on Prefire Sampling Physiology

The conifer saplings’ FMC declined with lengthening drought treatments (figure 4.3). At
the end of the drought period, P. monticola 0—19 day drought groups did not have significant
differences in their FMC, whereas the 25 day drought group was significantly lower (P < 0.001)
(figure 4.3). Peudotsuga menziesii drought groups were more variable, with progressively lower
FMC (P <.001) in the 19-25 day drought groups than the 0—14 day drought groups. Although
not significantly different, the lower crown FMC was 9% and 12% lower than upper crown FMC,

on average, for P. monticola and P. menziesii, respectively.
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Figure 4.3: Foliar moisture content (FMC) for the upper and lower crown needles for (a) Pinus
monticola and (b) Pseudotsuga menziesii prior to fire treatments. Mean values sharing the
same letter are not significantly different (P < 0.05).

For both species, Fy/Fn followed the same pattern as FMC. At the end of the drought
period, the average F,/Fm for P. monticola in the 0—19 day drought groups were not significantly
different, and the 25 day drought group was lower (P < 0.001) (figure 4). Although not
significantly different, the average F./Fm for P. monticola in the 19 day drought group was 7.5%
lower than in the 0-14 day drought groups. The average F./Fm for P. menziesii was progressively
lower in the 19-25 day drought groups than in the 0—14 day drought groups (P < 0.001) (figure

4).
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Figure 4.4: Chlorophyll fluorescence (Fv/Fm) across drought groups for (a) Pinus monticola and
(b) Pseudotsuga menziesii saplings prior to fire treatments. Mean values sharing the same letter
are not significantly different (P < 0.05).

4.3.2 Drought and Fire Impacts on Sampling Physiology and Mortality

Fv/Fm displayed differing temporal trajectories from 1 week prefire to 8 weeks postfire
for saplings that lived versus those that died by 10 weeks postfire (figures 4.5 and 4.6).
Generally, saplings alive at 10 weeks postfire maintained high F,/Fm (>0.6) throughout the
monitoring period. A majority of saplings (~82%) in the 0—14 day drought groups that were
subjected to surface fires experienced an immediate 1 week postfire decline in Fy/Fm, followed
by a slight increase 2—3 weeks postfire. The average magnitude of the Fy/Fm loss was greater for
P. menziesii saplings in the 0- and 14-day drought groups subjected to 0.6 MJ m2 fires (-41%

and -35%, respectively) than those subjected to 0.4 MJ m fires (-23% and -14%, respectively).
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Conversely, there was no difference in the magnitude of the F\/Fn loss for P. monticola saplings
in the 0- and 14-day drought groups subjected to 0.4 MJ m fires (-7% and -8%, respectively)
and those subjected to 0.6 MJ m-2fires (-7% and -8%, respectively). Saplings that lived were
able to maintain F,/Fm recovery (figures 4.5b and c and 4.6b and c), whereas saplings that died
displayed decreasing Fv/Fm for the remainder of the monitoring period (figures 4.5e and f and
4.6e and f). Saplings that recovered their F,/Fn, to prefire levels were generally in less severe

drought groups (<14 days drought) and lower FRE groups (0.4 MJ m™2).

For both species, there was a leftward shift in the dose response relationship between
FRE and mortality for saplings in more severe drought groups (figure 4.7). In other words, more
severely water-stressed saplings had higher mortality rates than less water-stressed saplings
when exposed to the same FRE dose. For P. monticola, the FRE dose at which some mortality
occurred decreased from 0.6 MJ m-2 for the 14 day drought group to 0.4 MJ m-2 for the 19 day
drought group to 0 MJ m-2 for the 25 day drought group (figure 4.7a). Pinus monticola in the 0
day drought group exhibited 0% mortality across all FRE doses. For P. menziesii, the FRE dose at
which some mortality occurred decreased from 0.6 MJ m-2 for the 0 and 14 day drought groups
to 0.4 MJ m-2 for the 19 day drought group to 0 MJ m-2 for the 25 day drought group (figure
4.7b). Mortality in unburned saplings occurred in the 25 day drought group for both P.

monticola (75% mortality, figure 4.7a) and P. menziesii (100% mortality, figure 4.7b).
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Figure 4.5: Temporal trajectories of average (+SE) Pinus monticola sapling chlorophyll
fluorescence (Fv/Fm) from 1 week prefire to 8 weeks postfire for living (a—c) and dead (d—f)
saplings at 10 weeks postfire. Panes show saplings in the 0 MJ m-2 (left), 0.4 MJ m™ center), and
0.6 MJ m (right) fire radiative energy (FRE) dose groups.
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Figure 4.6: Temporal trajectories of average (+SE) Pseudotsuga menziesii sapling chlorophyll
fluorescence (Fv/Fm) from 1 week prefire to 8 weeks postfire for living (a—c) and dead (d—f)
saplings at 10 weeks postfire. Panes show saplings in the 0 MJ m-2 (left), 0.4 MJ m™ center), and
0.6 MJ m2 (right) fire radiative energy (FRE) dose groups.
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Figure 4.7: Dose-response relationships between fire radiative energy (FRE) and mortality at 10
weeks postfire for (a) Pinus monticola and (b) Pseudotsuga menziesii across the four drought
groups.

The 50% lethal FMC (LD50) for both P. monticola and P. menziesii increased with greater
FRE (figure 4.8). The LD50 for P. monticola increased from 88.2% for unburned saplings to
152.5% for saplings in the 0.6 MJ m= FRE dose group. Likewise, the LD50 for P. menziesii
increased from 37.1% for unburned saplings to 136.5% for saplings in the 0.6 MJ m2 FRE dose

group. All unburned saplings that died had an FMC lower than 50%, whereas trees that died in
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Figure 4.8: The 50% lethal foliar moisture content (FMC LD50, dashed line) increased for Pinus
monticola (a—c) and Pseudotsuga menziesii (d—f) at 10 weeks postfire as fire radiative energy
(FRE) increased from 0 MJ m (left column) to 0.6 MJ m™ (right column). Bars represent the
proportion of living (blue) and dead (red) trees in each 25% FMC bin for each FRE dose group
and the solid black line is the logistic regression fit.
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the 0.4 and 0.6 MJ m™ FRE dose groups had a wider range of FMC, with some mortality

occurring in saplings with FMC greater than 150%.

4.3.3 Postfire Sampling Mortality Prediction

The overall accuracy for the random forest live or dead classification, averaged over the
one hundred dataset iterations, was moderately high for both P. monticola (82.0%) and P.
menziesii (78.5%) (Table 4.2). For both species, omission errors for dead sapling classification
were higher than commission errors, and commission errors for live saplings were higher than
omission errors. These patterns indicate that the classifier tended to misclassify dead saplings
as live. Our assessment of predictor variable importance shows that for both species, prefire
physiological condition (e.g., water stress and Fy/Fm) is more important than FRE dose for
predicting mortality at 10 weeks postfire (figure 4.9). Morphological metrics were generally not
as important for predicting tree mortality; however, height was the most important
morphological variable for both species.
Table 4.2: Confusion matrix results showing live or dead classification accuracy for Pinus

monticola and Pseudotsuga menziesii, averaged across the 100 classification iterations.
Accuracy metrics report the mean (+95% confidence interval).

Classification Accuracy metric P. monticola P. menziesii

Dead Producer’s accuracy 58.9 (5.3) 68.8 (4.0)
Omission error 41.1 (5.3) 31.1(4.0)
User’s accuracy 82.4(4.9) 79.3 (3.6)
Commission error 17.6 (4.9) 20.7 (3.6)

Live Producer’s accuracy 93.4(1.7) 86.2 (2.3)
Omission error 6.5(1.7) 13.8(2.3)
User’s accuracy 82.7(2.2) 79.1(2.8)
Commission error 17.3(2.2) 20.8 (2.8)
Overall accuracy 82.0(1.9) 78.5(1.9)
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Figure 4.9: Predictor variable importance reported as the mean (+95% confidence interval)
decrease in live or dead classification accuracy for (a) Pinus monticola and (b) Pseudotsuga
menziesii. All physiological (blue) and morphological (brown) variables were measured prior to
fire. Higher values indicate variables that are more important to the classification. FMC, foliar
moisture content; Fv/Fm, chlorophyll fluorescence; FRE, fire radiative energy;height, total
sapling height; Ht to crown, height to live crown; # branches, number of live branches; DRC,
diameter-at-root-collar.

4.3.4 Discussion

This study used a toxicological dose-response approach to assess how compound
disturbances, specifically drought and fire, affect tree physiology, recovery, and mortality. In
general, we observed an amplified response, where P. monticola and P. menziesii saplings
subjected to higher intensity drought and fire treatments showed reduced capacity to recover
photosynthetic capacity after the treatments. Likewise, mortality also increased with greater
drought and fire intensity. As hypothesized by Smith et al. (2017) and Sparks et al. (2018)
(figure 4.1), the FRE-mortality dose-response relationship shifted leftward and upward (figure

4.7), and the most severe drought treatments were sufficient to cause mortality in the absence
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of fire. Similarly, the LD50, the FMC at which it is more likely for trees to die than survive at
each FRE dose, increased with increasing FRE (figure 4.8), demonstrating the shifting
vulnerability of trees with varying compound disturbance intensity. Overall, P. monticola
generally maintained higher FMC and F,/Fmn and had lower mortality than P. menziesii across
most treatment intensities, indicating a higher drought-fire resistance. Mortality was accurately
predicted in both species using prefire physiological status, morphological attributes, and
surface fire intensity. Physiological status in terms of FMC and F,/Fm and fire intensity were the
most important predictor variables, and morphological variables were the least important
(figure 4.9). It is important to note that these findings may not translate to older and larger
trees that have more developed morphological features, such as thicker bark and a higher
crown base height, that would increase their probability of survival. Numerous studies have
observed that bark thickness, coupled with postfire injury observations such as crown scorch,
can accurately predict tree mortality across a range of species (Cansler et al. 2020; Ryan and
Reinhardt 1988; Stephens and Finney 2002). However, the findings of this study and others in
mature trees (Furniss et al. 2018; Shearman et al. 2023), suggest that modeling systems reliant
on deriving fire-induced tree mortality from tree morphological traits should explore including
physiological traits and parameters associated with fire-resistant mechanisms to improve
prediction accuracy when dealing with fire-drought scenarios.

There were some key similarities and differences in the physiological response of P.
monticola and P. menziesii saplings to the drought and fire treatments. Prior to the fire
treatments, FMC for both species was higher in the 0-14 day drought groups and lower in the

19-25 day drought groups (figure 4.3). The substantial reduction in FMC for saplings droughted
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beyond 19 days for P. monticola and 14 days for P. menziesii is likely associated with increased
water loss after loss of cell turgor pressure (Nolan et al. 2018, 2020; Tyree and Hammel 1972).
P. monticola maintained higher FMC across all groups and had a longer drought length until a
significant decrease in FMC (~19 days) compared with P. menziesii (14 days). This may be
partially owing to the higher stomatal sensitivity of P. monticola during the onset of drought
stress, as closing stomata reduces water loss due to evapotranspiration. For example,
Lopushinsky and Klock (1974) observed a steeper decline in transpiration for Pinus spp.
seedlings versus P. menziesii seedlings as water stress increased, indicating higher stomatal
sensitivity in Pinus spp. seedlings. Differences in FMC during the course of our drought
treatment may also have been driven by differences in minimum leaf conductance after
stomatal closure (Duursma et al. 2019). Prefire F,/Fm in both species mirrored FMC, where Fy/Fn
was higher in the 0—14 day drought groups and lower in the 0—14 day drought groups (figure 4).
As water limitation in plants impedes electron donation in PSII, resulting in lower F, (Downton
et al. 1981), it is consistent that F,/Fmn was lower in more severely droughted saplings.
Multitemporal observations of F,/Fm provided useful information on the damage, repair,
and recovery trajectory of PSll in both species. F\/Fm in both species declined at 1 week postfire,
followed by an increase at 2—3 weeks postfire, likely indicating damage to and subsequent
repair of the photosynthetic apparatus. Although not statistically significant, P. menziesii
saplings exposed to the highest FRE dose (0.6 MJ m) generally had a greater Fy/Fm dip than
those exposed to lower doses (P = 0.26). This damage-then-repair pattern has also been
observed in non-water-stressed P. monticola saplings (Sparks et al. 2023) and Pinus contorta

var. latifolia saplings (Smith et al. 2017) exposed to low intensity fires, where F,/Fn recovered
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within several weeks postfire and then declined until sapling death. Other studies have
observed similar short term F,/Fn, dips after heat stress. For example, Marias et al. (2017)
observed a significant decrease (~¥50% reduction) in Fy/Fm in 1 year old Pinus ponderosa and
Pseudotsuga menziesii seedlings for 1-2 days after exposure to 45°C air temperature for 1 hour.
Generally, saplings in the current experiment with a low prefire F,/Fm (<0.5) or a decreasing
F./Fm trajectory after 2 weeks postfire were observed to be dead at 10 weeks postfire (figures
4.5 and 4.6). These results suggest that repeated chlorophyll fluorescence observations could
be used as an early warning sign of death in these species. For example, dying trees could
potentially be identified as those with a negative postfire chlorophyll fluorescence trajectory.
Amplified mortality in drought-stressed saplings subjected to low intensity surface fires
appears to be highly dependent on species. Our observations of greater mortality in P.
monticola and P. menziesii saplings exposed to greater drought and surface fire intensity match
some prior studies but not others. Similar to our observations, Partelli-Feltrin et al. (2020)
observed greater mortality in water stressed (Wpredawn: -0.84 MPa) P. ponderosa saplings
subjected to low intensity surface fire (FRE = 0.7 MJ m2) (100% mortality) than in well-watered
saplings (~25% mortality). Likewise, Sparks et al. (2018) observed greater mortality (86%) in
water-stressed (Wpredawn: -1 to -1.75 MPa) Larix occidentalis saplings subjected to low-intensity
surface fires (0.4 MJ m2) compared with well-watered saplings (14% mortality). Notably,
severely water-stressed (Wpredawn: -2 to -2.75 MPa) L. occidentalis saplings whose foliage
senesced prior to the surface fires displayed lower mortality (14%) than saplings that did not
senesce (86%). These mortality patterns are in stark contrast to observations of species that can

resprout from insulated buds near or below the soil surface. Wilson et al. (2022) observed less
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than 10% mortality in water stressed (Wpredawn: -2.4 MPa) P. palustris seedlings that were
subjected to surface fires with a FRE of ~5 MJ m™2. However, it should be noted that these
seedlings were in their highly fire-resistant “grass stage,” where seedlings only have a tuft of
needles and a few centimeters of stem above the soil surface. Similarly, other studies have
observed no mortality in water stressed Quercus spp. saplings that were top killed in surface
fires (Chiatante et al. 2015; Di lorio et al. 2011). Clearly, the observed variability in drought and
fire responses among studies underscores the need to repeat similar experiments in more
species and size classes.

The most important mortality predictor variables were prefire FMC, F,/Fm, and FRE
dose, and the least important were morphological attributes. Our finding that prefire
physiological status plays a dominant role in postfire survival is perhaps unsurprising given its
observation in prior studies (e.g., Partelli-Feltrin et al. 2020; Sparks et al. 2018; Wilson et al.
2022); however, we demonstrate that measures of prefire physiological status coupled with fire
intensity can increase the accuracy of postfire mortality prediction. FMC and chlorophyll
fluorescence can be accurately estimated using airborne and satellite-based sensors (Yebra et
al. 2013; A€ et al. 2015; Lad et al. 2023) and could potentially be used to predict tree mortality
after fire across large spatial scales. This is in contrast to postfire characteristics used for
mortality modeling, such as crown scorch and stem charring, which provide accurate mortality
predictions but are difficult to collect at large scales as they need to be assessed on the ground
(Varner et al. 2021). However, conifer foliage water content has been accurately quantified
using multispectral terrestrial laser scanning systems (Junttila et al. 2015, 2018). A similar

airborne sensor could potentially be used to infer the proportion of the tree crown that was
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scorched, as scorched foliage would likely have a lower FMC due to desiccation (Varner et al.
2021). Estimates of sapling FMC or F,/Fm could be useful for informing prescribed fire
practitioners of the sapling conditions and fire intensity needed to increase or reduce mortality
in undesired or desired species, respectively (Smith et al. 2017; Steady et al. 2019). Beyond
physiological condition and fire intensity, height was the most important morphological
predictor variable. This finding is consistent with observed and theorized size-dependent fire-
induced mortality where fire kills a higher proportion of smaller trees versus larger trees
(McDowell et al. 2018; Stephens and Finney 2002). Generally, this mortality pattern occurs
given fire-resistant traits such as thick bark, which protects sensitive cambium and phloem
tissues, and high crowns, which protect sensitive foliage, are not fully developed in younger,
smaller trees (Starker 1934; Vanderweide and Hartnett 2011). In our study, P. monticola that
were alive at 10 weeks postfire had a higher average prefire height (83 cm) than those that died
(80 cm). Likewise, living P. menziesii had a higher average prefire height (117 cm) than dead
saplings (99 cm) at 10 weeks postfire. It is likely that shorter saplings had a higher proportion of
crown scorch within a given FRE dose level given the relationship between fire intensity and
crown scorch height (van Wagner 1973).

Although this study improves our understanding of compound disturbance effects on
young conifers, several limitations should be explored in future research. This study watered
saplings immediately after the fire treatments, which is unlikely to occur in natural ecosystems.
Future research should examine the effects of pre- and postfire drought on tree injury and
mortality to understand compounding effects more fully. Using potted saplings allows for highly

controlled manipulation, including drought length and fire intensity; however, this approach
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does have limitations. Namely, potted saplings have limited rooting volume and likely have
higher water stress than saplings in natural settings that have unrestricted rooting volume
(Poorter et al. 2012). It is possible that the FRE-mortality relationships for saplings in natural
settings would change given that their unrestricted root growth would allow for access to
deeper water sources. Additionally, saplings and mature trees in natural settings may have
improved resilience to and recovery from fire from local mycorrhizal symbioses (Atala and
Molina-Montenegro 2023). This study used a random forest classification approach to predict
mortality, which does have some limitations. In general, random forest approaches are less
interpretable (i.e., “black box”) than other modeling approaches when it comes to
understanding why certain outcomes were produced (Cutler et al. 2007). However, in terms of
modeling tree mortality, accurate prediction may be more important than interpretability for
forest management applications (Shearman et al. 2019). The modeling also highlights that
further research is needed to assess predictive mortality relationships that address coupled fire
and drought interactions in other species with the goal to provide a critical update to fire
effects modeling systems. Equally, future studies should consider incorporating additional
dimensions of enquiry, such as how such shifts of the fire-intensity-to mortality dose-response
curves are affected by increases in tree age as well as other environmental, abiotic, and biotic
factors such as nutrient availability, microclimatic conditions, topographic variables, among

others.

4.5 Conclusions

The quantification of compound disturbance effects on trees is a forest management

research need given projected increased frequency of drought and wildfire in the western
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United States. This study advances our understanding of drought and fire effects through the
use of a controlled dose-response approach, where saplings were subjected to varying drought
and fire intensities and physiological condition and mortality were measured for several months
postfire. Results show that droughted P. monticola and P. menziesii saplings exhibit diminished
recovery in terms of photosynthetic efficiency and greater mortality after low intensity surface
fires. The higher postfire photosynthetic efficiency and lower mortality of P. monticola
compared with P. menziesii demonstrates the higher fire resistance of P. monticola at this life
stage. For both species, repeated observations of postfire chlorophyll fluorescence, an indicator
of photosynthetic efficiency and stress, suggest that the trajectory of postfire fluorescence
could be used as an early warning sign of impending tree death and a predictor variable in tree
mortality modeling. Postfire mortality modeling using prefire physiological and morphological
attributes and fire intensity provided accurate mortality predictions and highlights the
importance of prefire tree physiological condition and fire intensity for mortality prediction.
However, this analysis should be repeated for more species and size classes with a larger
variation in morphological attributes. The results of this study and others lay a foundational
knowledge base for natural resource managers seeking to understand which prefire tree
condition and fire intensity decreases or increases mortality of desired and undesired species.
Additionally, the amplified drought and fire sapling responses observed in this study and others
highlights the need to incorporate these relationships into tree mortality models used by

natural resource managers.
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CHAPTER 5 — EVALUATING THE UTILITY OF PRE-FIRE DATA FOR FINE-SCALE REMOTE SENSING

OF CROWN SCORCH

5.1 Introduction

Fire plays a pivotal role in terrestrial ecosystems around the world by influencing species
composition and diversity (Thonicke et al., 2001), supporting nutrient cycling (Pausas & Bond,
2020), modifying vegetation fuel loads (Stephens et al., 2009), and maintaining resilience to
biotic and abiotic disturbances (Johnstone et al., 2016; Santos et al., 2023). Across global forest
systems, fire serves as both a maintaining and transitionary force, depending on the system.
However, decades of global fire suppression in fire-dependent forests have increased live fuel
connectivity, vegetation density, and dead fuel loading, increasing fire intensity and severity
(Moreira et al., 2020). Additionally, these changes in fuel complexity and loading are
compounded by decreased fuel moisture due to increased temperatures and greater
precipitation variability resulting from climate change (Abatzoglou et al., 2018). These changes
in fuel complexity have caused wildfires to depart from historical fire behavior by increasing fire
residence time, fireline intensity, and ultimately fire-induced mortality (Littell et al., 2016).
However, in forest systems adapted to low-severity fire, the use of beneficial fire (i.e.,
controlled fires that mimic historic fire conditions) is essential for improving resilience and
resistance to future fire and other disturbances. Low-severity beneficial fires help maintain
ecosystem conditions and can reduce or reverse conversion to alternative vegetation types

(Ryan et al. 2013; Walker et al., 2018). Across the globe, humans have long used controlled fire
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to maintain ecosystem function and composition to sustain economic, societal, and cultural
resources (Lake et al., 2017). Thus, prescribed fire can enhance and extend the footprint of
forest management treatments in a cost-effective approach that improves ecosystem resilience
to subsequent disturbances (Ryan et al., 2013; Westlind and Kerns, 2021).

Fire research and management have long utilized remote sensing to study both wildfires
and prescribed fires. Satellite-based remote sensing is used for global assessments of burned
area (Chuvieco et al., 2016), fire severity (Alonso-Gonzalez and Ferndndez-Garcia, 2021), and
fire risk (Jaiswal et al., 2002). In pre-fire environments, remote sensing indices have been used
to describe conditions such as foliar moisture, vegetation vigor, forest species composition and
structure, and to estimate surface fuels (Sader and Winne, 1991; White et al., 1996; Ravan and
Roy, 1997; Chuvieco et al., 1999). In post-fire environments, remote sensing indices have been
used to describe conditions such as burn severity, including vegetation consumption, short- and
long-term vegetation mortality, and changes to soil properties (White et al., 1996; Lentile et al.,
2006). Differencing pre- and post-fire indices is commonly used to describe the ecological
change resulting from fires at broader spatial scales than those that rely on field methods alone
(Escuin et al., 2007). However, landscape-scale studies of fire are often limited in their
application to forest-specific adaptive management as they lack the spatial resolution necessary
for describing sub-plot level (i.e., at a tree or plant scale) fire effects (Lentile et al., 2006).

Uncrewed aerial systems (UAS) have emerged as a high spatial resolution remote
sensing tool, that allows users to control the timing of data collection and providing individual
tree-level information on structure and health attributes (Fernandez-Guisuraga et al., 2018;

Carvajal-Ramirez et al., 2019). In forests with a short fire-return interval, UAS have successfully
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extracted individual tree structure (Swayze et al., 2021) and health metrics (Fraser and
Congalton, 2023), which can then be used as a baseline for post-fire comparisons (Fernandez-
Guisuraga et al., 2018; Carvajal-Ramirez et al., 2019). Specifically, UAS data have been used to
extract individual tree height, diameter at breast height, and crown extent and area (Tinkham
et al., 2022; Creasy et al., 2021), classify tree species (Abdollahnejad and Panagiotidis, 2020),
and identify tree health and stress (Fraser and Congalton, 2023; Lad et al., 2023). Further, these
methods can be applied at multiple dates to examine changes to tree structure and health, thus
providing a high-resolution long-term forest monitoring tool (Zhang et al., 2015). While UAS
methods do not provide a perfect extraction of individual trees, for instance omission is often
elevated for understory trees, the near-census inventory of tree approximate objects can
reliably represent most forest structures in low to moderate canopy closure forests (<60%
canopy cover; Hanna et al., 2024). Early testing shows potential for UAS to examine fire-
induced impacts on vegetation as the temporal resolution can be controlled by users, allowing
managers to examine forest structure and condition at relevant time points and spatial scales
(Tang and Shao, 2015).

As the emphasis on prescribed fire use for managing fire hazard increases, reliable data
sources for evaluating prescription effectiveness and informing adaptive management are
pivotal. Past field-based research efforts have been used to inform plant community
composition changes (Knapp et al., 2015) and alterations to fuel loading (Parresol et al., 2021),
conduct fire behavior analyses (Hollingsworth et al., 2012), and understand ecosystem-specific
fire-induced changes to individual tree health using UAS (Carvajal-Ramirez et al., 2019). An

important metric for assessing the impacts and management objective success of prescribed
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fire on forests is crown scorch (Varner et al., 2021). Crown scorch, or crown volume scorch
(CVS), is a post-fire crown injury that denotes the visual change in foliage color from green to
red, as well as the underlying physiological damage, and results from heat-induced tissue
damage (Hood et al., 2018; Varner et al., 2021). While previous studies have demonstrated
success in estimating CVS in the field (Sayer et al., 2020) and at broad scales using airborne
thermal imaging (Hudak et al., 2018), these methods lack the temporal and spatial resolutions
necessary for rapid assessment of tree-level fire effects across prescribed burns. Two recent
studies used UAS to estimate post-burn CVS in conifer forests in Montana, United States, and
British Columbia, Canada (Moran et al., 2022; Arkin et al., 2023). Both studies demonstrated
that ultra-high-resolution multispectral imagery can identify scorched crowns. However, these
studies either used a labor-intensive manual process that would be expensive to operationalize
for managers (Moran et al., 2022) or lacked variability in scorch to allow for comprehensive
testing of model predictions for moderate levels of CVS (Arkin et al., 2023). Further research
that combines both temporal (i.e., at multiple times since fire) and spectral change is an
important research gap that will improve our knowledge of fire’s impact on ecosystem
structure and function through time.

Operationalizing UAS tree-level fire effects monitoring to inform adaptive management
will require testing the utility of multitemporal data in assessing tree health and condition at
spatial scales relevant to managers. However, no studies that we are aware of have compared
the use of post-fire only versus differenced pre- and post-fire UAS data to identify CVS.
Additionally, the timing of post-fire data collection nor the comparison of RGB and

multispectral sensors for CVS assessment has been made. Consequently, this study evaluates

114



how the timing of imagery collection and availability of post-fire versus pre- and post-fire
imagery impacts the evaluation of CVS with time since fire. We examined 1) How does spectral
approach (i.e., the use of multispectral data versus red-green-blue-Near Infrared (RGB-NIR)
versus RGB data) affect model accuracy in predicting CVS, and 2) Does the inclusion of pre-fire
data improve models of CVS compared to the use of post-fire data alone. By comparing the use
of post-fire versus differenced imagery and RGB versus multispectral imagery we can evaluate
tradeoffs between data collection investment, sensor cost, and technical requirements for
processing. The study’s results will provide a step towards optimizing UAS monitoring of fire
effects in fire frequent forests and provide a feedback mechanism for managers to adapt burn

plans to optimally achieve management objectives.

5.2 Methods

5.2.1 Study Area

This study was conducted in the Escambia Experimental Forest located in Escambia
County, Alabama, United States. This area has a 30-year normal mean temperature between
18-20°C and mean annual precipitation between 1520-1780 mm. The burn covered a 17-ha unit
in 2022 with data collection focusing on 6-ha on the northwestern edge of the unit (Figure 5.1).
The study area was dominated by longleaf pine (Pinus palustris Mill.) with some shortleaf pine
(Pinus echinata Mill.) and the site’s soil is dominated by Lucy loamy sand with some sections of
Troup fine sand and Orangeburg fine sandy loam. The site was last burned in 2016 resulting in

scattered shrub fuels and young longleaf pine seedlings and saplings.
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Figure 5.5. Study area map of the burn unit and in situ data collection points. The map shows a
red-green-blue orthomosaic over an ESRI basemap. The orthomosaic was derived from UAS
images taken 1-day post-fire and displays the in situ data collection area and the ground control
points used for image georeferencing.

5.2.2 Prescribed Fire Details

The prescribed fire was conducted in the 17-ha site on 11 February 2022. The site was
ignited at 1330 local time using strip head fires ignited from 20 m to 100 m apart, originating at
the north and progressing south through the unit. Flame lengths ranged from 2 m to 8 m, with
isolated torching of small pines (< 10 cm DBH); spot grid ignition was employed in portions of

the southern mapped area (inset in Figure 4.1) to moderate intensity. Winds during the burn
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were southerly (SW to S), ranging from 12 to 20 k hr, with minor gusts. Air temperatures
during the burn decreased from a high of 12° Cto 11° C. Relative humidity ranged from 21 to

23% during the burn.

5.2.3 In Situ Data Collection

We surveyed scorched trees on the northwestern 6-ha of the burn unit. This 6-ha area
was selected for its high level of variation in surface fuels and crown structure, which was
anticipated to result in a wide range of crown scorch levels. We surveyed 300 overstory pines
and mapped their location, recorded their species, and measured their total height, crown base
height (CBH), and diameter at breast height (1.37 m; DBH). Between 10-days post-fire (when
crown foliage was fully browned) and 35-days (when leaves were actively shedding), we
measured tree bole char height (nearest 0.1 m in four cardinal directions), crown scorch height
(to the nearest 0.1 m), and ocularly estimated crown volume scorched (%) for each tree (as in
Peterson and Arbaugh, 1986). Within our main plot, we selected all pines > 20 cm DBH so that
we could ensure accurate individual tree extraction. Trees were located using a Trimble Geo 7X
GPS receiver with an attached external antenna and TerraSync software (Trimble Navigation
Ltd., Sunnyvale, Calif.) achieving sub-meter horizontal and vertical accuracy.

A series of five UAS acquisitions were conducted across the 17-ha burn unit, including 1-
day pre-fire and 1-, 3-, 10-, and 35-days post-fire. We used a DJI Matrice 210V2 (DJI, Shenzhen,
China) UAS with a Micasense 10-band Dual-Camera system attached (Micasense, Seattle, WA,
USA). Prior to and immediately after each UAS takeoff and landing, photos were taken of the
Micasense reflectance panels to calibrate 100% spectral reflectance in field lighting conditions.
The drone was flown in a serpentine pattern with 85% forward and 80% cross-track overlap at
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90 m above ground level with a speed of 6 m sec. The Micasense system acquired 10-band

multispectral imagery at 6.3 cm pixel resolution (Table 5.1). To ensure spatial accuracy, 11

ground control points (GCPs) were placed across the burn unit and located with an Emlid

Reach-RS2 real-time kinetic GPS. The placement of these GCPs was chosen based on visibility

from the sky and dispersion across the flight area. The GCPs had a reported average horizontal

and vertical root mean square error of 0.007 m and 0.010 m, respectively. Details on the

weather and flight conditions during each acquisition can be found in Table 5.2. The time of

flight was aimed at minimizing shadows while balancing weather variation and site access.

Table 5.5. List of bands available on the Micasense Dual-Camera System and the wavelengths
covered compared to the bands available on Landsat 8 Operational Land Imager (OLI) and
Sentinel 2 MultiSpectral Instrument (MSI). The bands are named in accordance with the
Micasense suggestions and as such are not necessarily in numerical order of the wavelengths

covered.
MicaSense Band MicaSense A Landsat 8 OLI Sentinel 2A MSI

Blue 430-458 nm Band 1 —433-453 nm Band 1 -433-453 nm
Blue 2 465-485 nm Band 2 —450-515 nm Band 2 —460-525 nm
Green 550-570 nm Band 3 —525-600 nm Band 3 —542-577 nm
Green 2 524-538 nm Band 3 —525-600 nm Band 3 —542-577 nm
Red 663-673 nm Band 4 — 630-680 nm Band 4 — 650-680 nm
Red 2 642-658 nm Band 4 —630-680 nm Band 4 — 650-680 nm

Red Edge 1 712-722 nm NA NA
Red Edge 2 700-710 nm NA Band 5-697-711 nm

Red Edge 3 731-749 nm NA NA
Near Infrared 820-860 nm Band 5 —845-885 nm Band 8 — 780-885 nm

Table 5.6. Description of flight timing and weather during UAS acquisitions.

Days From Fire | Flight Time |Weather Notes

1 Day Pre 11:30-12:45 |Scattered cloud cover during the last 30 minutes

1 Day Post 12:45-13:50 |Mixed cloud cover throughout the flight

3 Days Post 12:00-13:00 |Cloud free with slight wind

10 Days Post 12:20-13:30 |Consistent cloud cover with slight wind

35 Days Post 14:15-15:00 |Scattered cloud cover and wind gusting up to 15mph
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5.2.4 UAS Image Processing

UAS photos were processed in the Agisoft Metashape version 1.6.4 (Agisoft LLC., St.
Petersburg, Russia) Structure from Motion algorithm set to High Quality and Mild Depth Map
Filtering generation parameters for each flight date. These parameters have been found to
maximize tree extraction and height accuracy in conifer forests of similar crown architecture
(Tinkham and Woolsey, 2024). Photos of the reflectance panels taken pre- and post-flight were
used to calibrate image spectral reflectance and correct for lighting inconsistencies. The GCP
locations were imported to Metashape and iteratively georeferenced using a minimum of 10
photos per collection, resulting in a median error of 0.008 m across all collections. Once GCPs
were georeferenced, UAS photos were aligned to produce 10-24 million tie points per
acquisition as well as an orthomosaic and dense point cloud with information for the 10
spectral bands attached. The difference in the number of tie points for each collection can be
attributed to some flights having additional spatial coverage outside the study area. The
orthomosaics had a final pixel resolution of 6.3 cm. Prior to export, pixel and point values were
converted to reflectance by dividing each band value by 32,768 following the recommendation
of the camera manufacturer (MicaSense Seattle, WA, USA). Then, orthomosaics and point
clouds were exported as GeoTiffs and LAS files, respectively, for each flight date in the North
American Datum 1983 UTM zone 16 (NAD83, UTM 16) projected coordinate system. Image
processing was completed for the entire 17-ha burn unit, while analysis focused on the

northwestern 6-ha study area.
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5.2.5 UAS Tree Extraction

Point clouds and orthomosaics were processed in RStudio version 4.3.2 (R Core Team,
2022) to extract individual trees and tree crowns. Point clouds were processed following steps
from Tinkham & Woolsey (2024) using the cloud2trees package (Woolsey, 2024). This package
uses functions from both the lasR (Roussel, 2024) and lidR (Roussel et al., 2020; Roussel & Auty,
2024) packages. First, we removed noise from raw point clouds by classifying and removing
isolated and duplicate points. Next, we classified ground points to generate a digital terrain
model (DTM) at 1.0 m resolution using Delaunay triangulation and pit fill, allowing us to height
normalize the point cloud and generate a canopy height model (CHM) at 0.10 m resolution. We
used a variable window function [Equation 1], as proposed by Creasy et al. (2021), to locate
individual trees at least 4 meters tall, with the data visually inspected to minimize omission and
commission errors. Next, tree crown were delineated using the marker-controlled watershed
approach from the ForestTools package (Plowright, 2024). These steps resulted in a DTM and
CHM raster, individual tree crown polygons, and tree top points with estimated height.

Variable Window Radius = 0.47 + CHM Value * 0.2 [1]

The above process was repeated on all collection dates. For our differenced analysis
(i.e., integrating pre- and post-fire imagery) we used the pre-fire extracted trees as the
structure to be applied at post-fire dates. These extracted trees were spatially matched to post-
fire spectral-rasters to extract within tree values at those locations at each time point. To
analyze the use of only post-fire information for estimating scorch, we extracted individual
trees at each respective post-fire date to examine individual tree extraction effectiveness when

pre-fire tree data are not available. For both data strategies, we used the exact_extract function
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from the exactextractr package (Baston, 2024) to derive all raster values from within the
individual tree crown polygons, providing us with the 10-band spectral data clipped to these
individual trees. These values were normalized to the reflectance scale by dividing each cell
value for a given band by the global maximum of that respective band (Micasense). These
normalized band values were used to calculate spectral indices (Table 5.3). We further
summarized the crown-level spectral values as the mean, median, 10th, 20th, 25th, 30th, 40th,
60th, 70th, 75th, 80th, and 90th percentile band and index values for each tree, at each date.
These band and index values were appended to the respective date’s field tree list to be used
as predictor variables of CVS. For the differenced analysis, pre-fire summarized values were
subtracted from post-fire values to produce a delta value for each summarization approach,
each band and index, and at each date. These differenced values are referred to as Adate

through the rest of the analysis.

Table 5.3. Equations for the 10 spectral indices tested for model utility.

Spectral Index Index Name Equation Spectral Approach
Normalized Difference Vegetation NIR — Red Multispectral &
NDVI —_—
Index NIR + Red RGB-NIR
i i i NIR — Red
NDVI2 Normalized Difference Vegetation NIk — Redy Multispectral
Index 2 NIR + Red,
GNDVI Green Normalized Difference NIR — Green Multispectral &
Vegetation Index NIR + Green RGB-NIR
i i NIR — Green
GNDVI2 Green Normallzed Difference NIk —Green; Multispectral
Vegetation Index 2 NIR + Green,
NIR
GRVI Green Ratio Vegetation Index RGB-NIR
Green
. Green, — Green .
PRI Photochemical Reflectance Index Multispectral
Green, + Green
Normalized Difference Water Green — NIR Multispectral &
NDWI -
Index Green + NIR RGB-NIR
) ) Red Edge; — NIR .
FMCI Foliar Moisture Content Index Multispectral
Red Edge; + NIR
) ] NIR — Red Edge, )
NDRE Normalized Difference Red Edge Multispectral
NIR + Red Edge,
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Normalized Green Red Difference Green,; — Red, Multispectral, RGB-

NGRDI Index Green, + Red, NIR, RGB

Tree point locations, extracted from each date, were spatially matched to field collected
tree locations following the methods of Tinkham et al. (2022). This spatial matching process
used a maximum search distance of 10 m and maximum height error of 4 m to identify the UAS
tree nearest to each field tree using the sf package (Pebesma, 2018). We then matched the UAS
tree with the smallest height error to the field tree. Each collection resulted in a different
number of matches due to differences in point cloud registration, tie point generation issues
from tree movement due to wind, and GPS error (Table 5.4; Arkin et al., 2023). The pre-fire
flight was interrupted mid-flight, resulting in a data gap and a reduction in sample size. These
matches were inputs in the st_intesects function from the sf package and used to extract the

nearest individual tree crown polygon.

Table 5.4: Final number of in situ trees at each date. The pre-fire trees were used for the
differenced analysis.

Collection Number of Matched Trees
(%)
Pre-Fire 218 (72.67)
1-Day Post-Fire 245 (81.67)
3-Days Post-Fire 253 (84.33)
10-Days Post-Fire 248 (82.33)
35-Days Post-Fire 242 (80.67)

5.2.6 Modeling of Crown Volume Scorch

To examine our ability to predict CVS from UAS multispectral imagery, we conducted a
multi-step modeling process involving 1) selection of the best summarization approach, 2)
evaluation of predictor variable collinearity, and 3) stepwise fitting of logistic and beta

regression models. In total, we fit 48 models, each corresponding to a unique combination of
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post-fire vs differenced indices (2 levels), spectral predictor inputs (3 levels), post-fire date (4
levels), and model types (2 levels; Full structure: date/Adate 2 x post-fire data 4 x spectral
inputs 3 x logistic/beta model 2 = 48).

First, to identify the most appropriate crown summarization approach, for each of the
24 datasets (spectral input, data/Adate, and post-fire date) we fit Random Forest models to
each of the twelve sets of summarization metrics (e.g., 10th, 20th, 30th percentile etc.) using
the RandomForest R package (Liaw & Wiener, 2002). These models were trained with 199
trees, using the default regression settings where each tree was fully grown with a minimum
terminal node size of 5, and the number of predictors randomly sampled at each split was set
to one-third of the total predictors. The models included the tree-level summary metrics for the
ten spectral bands and ten spectral indices. The best summarization approach was identified as
the model with the greatest variance explained by the Random Forest regression model.

After identifying the optimal summarization approach for each date and Adate, we
examined Pearson correlation between potential predictor variables (i.e., 20 for the
multispectral model) and reduced the list of potential predictors by removing variables with
greater than 70% correlation (Figure 5.2). We chose our initial variables to compare
correlations against based on previous studies of CVS that found NDVI and greenness-based
indices to be useful predictors of CVS (Moran et al., 2022; Arkin et al., 2023). This reduced list of
predictors was used in the subsequent logistic and beta regression modeling. We used logistic
regression to test the accuracy of a classification approach for grouping trees based on spectral
data, aiding threshold-based management decisions. Beta regression, by modeling a continuous

response, captured the full range of tree condition while accounting for proportional data.
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Comparing these methods allowed us to assess both categorical and continuous

representations of CVS.

Correlation Matrix of Predictors
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Figure 5.2. Correlation matrix between all potential predictor variables. This list of 20 variables
was reduced based on correlation values of greater than 70%.

5.2.6.1 Logistic Regression

For the logistic regression models, we created a binary threshold of 90% CVS to separate
the in situ trees into binary classes of likely-to-recover (<90% CVS) and potential-mortality
(290% CVS). There are no established thresholds of CVS that are likely to result in morality for
longleaf pine, due to its ability to recover from fire-induced needle damage at high percentages
of CVS (Wilson et al., 2022). Thus, we used 90% as a threshold as trees with the highest

likelihood of mortality. We selected this threshold after considering its practical implications in
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this forest system, though alternative thresholds (e.g., 85%, 95%) did not substantially alter
model performance.

For each of the 24 datasets that had been reduced using the random forest and
collinearity variable reduction process, we fit logistic responses using generalized linear models
with a binomial distribution using the reduced set of six non-colinear predictors which included
NDVI, NDWI, FMCI, Green1, RedEdge3, and NIR. Next, we used forward-backward stepwise
Akaike Information Criteria (AIC) to reduce to a final set of predictor variables using the gim
function and step functions from base R. The stepwise selection process concluded when the
addition or removal of predictors no longer reduced AIC. We exclusively considered main
effects and did not test interactions or non-linear terms. For the final model, multicollinearity
among predictors was assessed using Variance Inflation Factors (VIF) from the car package (Fox
and Weisburg, 2019), ensuring all included variables had VIFs below 5 (O’Brien, 2007). To
ensure stability of the model coefficients and evaluate model performance, we used a 10-fold
cross-validation approach to test the final model. Each fold represented a random 10% of the
available data, meaning that for each model fit, a nine-tenths training dataset was used to fit
the model while the withheld data was used for validation. Within the 10-fold process, we
evaluated model performance by comparing model accuracy in predicting CVS on the test data
and the Area Under the Receiver Operating Characteristic Curve (AUC ROC) from the pROC

package (Robin et al., 2011).

5.2.6.2 Bounded Response Beta Regression

For the beta regression modeling, all CVS field values were divided by 100 so their
values were between 0 and 1, with Os and 1s being converted to 0.0001 and 0.9999,
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respectively. This was necessary to account for the truncated distribution assumptions of beta
regression not including Os and 1s. For each of the 24 datasets, we used the glmmTMB package
in R (Brooks et al., 2017) to fit full models with the random forest and collinearity-reduced set
of potential predictors. Next, we applied the stepGAIC function to perform forward-backward
AIC stepwise selection, reducing the variable list iteratively by adding or removing predictors to
minimize AIC. With multicollinearity addressed in the final model by calculating VIF of the
stepwise-selected variables and removing any predictors with a VIF greater than 5, as high
multicollinearity can distort regression coefficients and affect model performance.

Stability and performance of the final model for each dataset was assessed using a 10-
fold cross-validation approach. During this process, a nine-tenths training dataset was used to
fit the model while the withheld data was used for validation. Beta regression models were
evaluated using mean and standard error of R?, root-mean-square error (RMSE), and mean

absolute error (MAE) across the folds.

5.3 Results

5.3.1 Field and Spectral Variability

The in situ sample trees had a mean height and canopy base height of 24.5 m and 12.7
m, respectively. The burn resulted in CVS being bimodally distributed with many values near 0%
and 100%, with a mean CVS of 49.9% and a median CVS of 55.5% (Figure 5.3). CVS was first
visually apparent at 3-days post-fire and scorched needles continued to transition from green
to brown until needle drop (Figure 5.4). After this point, the study site was affected by high

winds that increased the rate of needle drop from trees, resulting in only green unscorched
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needles on less damaged crowns and bare crowns for the 100% scorched trees at 35-days post-

fire.

Violin Plot of Crown Volume Scorch

100

75

50

Crown Volume Scorch (%)

[
o

0

Figure 5.4: Progression images from pre-fire to 35-days post-fire at a ground control point (GCP)
(row A), from the UAS orthomosaics (row B), and showing the Normalized Green Red Difference
Index (NGRDI) within tree crown variation (row C).
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The optimal summarization approach varied by collection date, whether the data was
differenced, and the spectral bands and indices tested (Table 5.5). At least one post-fire
collection for each spectral group had greater than 50% variance explained from the Random
Forest model. The optimal summarization approach for the post-fire and differenced datasets
were within However, the differenced collections, all had below 30% variance explained.
Table 5.5: Optimal summarization percentiles identified for each spectral range and collection

date and the corresponding Random Forest percent variance explained. The optimal
summarization approach was used for both the logistic and beta regression models.

?I_Z(::E: Collection Summarization ‘V;:;a::i?‘r:;e
1-day post-fire 90" percentile 64.40
_ 3-days post-fire 50" percentile 60.84
g 10-days post-fire 70™ percentile 58.76
§_ 35-days post-fire 20 percentile 53.47
2 A 1-day post-fire 75™ percentile 62.69
s A 3-days post-fire Median 62.99
A 10-days post-fire | 90 percentile 62.67
A 35-days post-fire | 80" percentile 48.67
1-day post-fire 80" percentile 62.18
3-days post-fire 50" percentile 58.47
o 10-days post-fire 70™ percentile 56.66
z 35-days post-fire 70™ percentile 48.27
S A 1-day post-fire 70™ percentile 63.37
e A 3-days post-fire 75% percentile 65.79
A 10-days post-fire | 90 percentile 64.02
A 35-days post-fire | 60 percentile 51.21
1-day post-fire 30" percentile 60.66
3-days post-fire 80™ percentile 59.72
10-days post-fire 90" percentile 55.97
g 35-days post-fire 90™ percentile 46.57
o A 1-day post-fire 80™ percentile 63.29
A 3-days post-fire 75% percentile 59.53
A 10-days post-fire | 90 percentile 63.74
A 35-days post-fire Mean 49.70

For multispectral data, high correlation between variables reduced our list of potential

predictors to six, including NDVI, NDWI, FMCI, Green1, RedEdge3, and NIR. For the RGB-NIR
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models, there were four potential bands (i.e., Red, Green, Blue, NIR) and five potential indices
(i.e., NDVI, GNDVI, GRVI, NDWI, and NGRDI), which were reduced to NDVI, NDWI, Green1, and
NIR following correlation analysis. For the RGB models, there were three potential bands (i.e.,
Red, Green, and Blue) and one potential index (i.e., NGRDI), however, correlation analysis

reduced this list to NGRDI.

5.3.2 Logistic Regression

For the multispectral models, mean accuracy across the folds for the logistic regression
(predicting >90% and <90% CVS) was highest at 10-days post-fire (86.93%, AUC=0.93) and at A
10-days post-fire (85.9%, AUC=0.91) (Table 5.6). Post-fire model accuracy generally increased as
time since fire increased, peaking at 10-days post-fire, before dropping at 35-days post-fire. The
A multispectral models achieved similar accuracies (~80%) for all dates except 10 days post-fire,
which had slightly higher accuracy. Across all time points, A multispectral models were 1% to
8% less accurate than the corresponding post-fire models (Table 5.6).

For the RGB-NIR models, the highest mean accuracy was achieved at 35-days post-fire
using just NDVI (85.74%, AUC=0.91) and at A10-days post-fire (84.0, AUC=0.91) using Green 1,
NDVI, and NIR (Table 5.6). These dates had the lowest mean omission error in this spectral
category, indicating a better ability to distinguish between the trees with the highest and
lowest CVS compared to the other RGB-NIR models. Mean model accuracy fluctuated across
post-fire dates, with moderately high accuracy at 1-day post-fire (83.21%), decreasing at 3-days
post-fire (78.96%) before increasing at 10-days post-fire (80.80%) and peaking at 35-days post-
fire (85.74%). Again, the post-fire models had greater accuracies by 2% to 7% compared to their
A RGB-NIR counterparts for the same time points.
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Table 5.6: Results of the logistic regression model runs with 10-fold cross-validation. The
highest accuracy post-fire and A date models are bolded for each spectral group.

Mean Mean Mean
Spectra . . Mean AUC .. .
Tested Collection| Summary % Predictors Accuracy (SE) Commission | Omission
(%, SE) Error (%) | Error (%)
1-day | 90th percentile | NDVI, NIR, RedEdge3 |83.63 (0.003) | 0.93 (0.002) |  12.38 25.00
3-days | 50th percentile | NDVI, NIR, RedEdge3 |85.35 (0.002) | 0.90 (0.004) |  14.29 15.00
. Green 1, NDVI,
10-days | 70th percentile RedEdge3, FMCI 86.93 (0.003) | 0.93 (0.003) 9.90 19.72
w© . Green 1, NDVI, NDWI,
g 35-days | 20th percentile NIR, FMCI 81.92 (0.004)| 0.92 (0.003) 15.21 23.19
& A 1-day | 75th percentile NDVI, NDWI 79.99 (0.009) | 0.88 (0.007) 17.12 25.00
S
S | a3-days Median Green 1, ::I'EV" FMCL 165 60 (0.004)| 0.90 (0.007) |  16.15 19.82
. Green 1, NDVI,
A 10-days | 90th percentile RedEdge3 85.93 (0.007) | 0.91 (0.004) 10.00 21.07
. NDVI, NDWI,
A 35-days | 80th percentile RedEdge3 80.66 (0.007)| 0.89 (0.006) |  15.83 25.35
1-day | 80th percentile | °r¢e" L ',:'IDRV" NDWI, 163 21 (0.003)| 0.92 (0.005) |  13.67 23.57
3-days | 50th percentile | Cree" 1 m'IDRV" NDWI, 178 96 (0.006) | 0.88 (0.003) |  15.54 33.57
% 10-days | 70th percentile | Green 1, NDVI, NDWI |80.80 (0.005) | 0.91 (0.003) 16.65 24.44
g_'g 35-days | 70th percentile NDVI 85.74 (0.005) | 0.91 (0.003) 15.21 12.22
e« A1-day | 70th percentile NDVI, NDWI 81.01 (0.008)| 0.88 (0.008) | 17.88 20.71
A 3-days | 75th percentile | Green 1, NDVI, NIR [82.71 (0.006) | 0.89 (0.007) 16.15 19.82
A 10-days | 90th percentile | Green 1, NDVI, NIR [84.02 (0.007)| 0.91 (0.005) 11.48 23.75
A 35-days | 60th percentile |  NDVI, NIR, NDWI  |80.67 (0.008)| 0.90 (0.006) |  15.00 26.79
1-day | 30th percentile NGRDI 85.03 (0.004) | 0.92 (0.003) | 12.38 20.54
3-days | 80th percentile NGRDI 84.94 (0.003)| 0.89 (0.004) |  14.29 16.43
10-days | 90th percentile NGRDI 82.80 (0.006) | 0.90 (0.004) |  18.57 14.58
ES 35-days | 90th percentile NGRDI 84.47 (0.005)| 0.9 2 (0.004) 14.58 17.08
o A 1-day | 80th percentile NGRDI 81.54 (0.006) | 0.87 (0.007) 14.74 24.82
A 3-days | 75th percentile NGRDI 82.67 (0.006) | 0.88 (0.007) 16.16 19.46
A 10-days | 90th percentile NGRDI 82.62 (0.005) | 0.87 (0.005) 16.76 18.21
A 35-days Mean NGRDI 77.03 (0.009)| 0.83(0.01) 20.00 28.03

AUC=0.92) and A 3-day post-fire (82.7, AUC=0.88) with both models using NGRDI as the

For the RGB models, the highest mean accuracies were at 1-day post-fire (85.03%,

predictor variable (Table 5.6). Model accuracy in this spectral category was highest at 1-day

post-fire and decreased until 10-days post-fire before increasing at 35-days post-fire. For the

post-fire models, commission errors remained relatively stable across post-fire models (ranging
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from 12.38% to 18.57%), but omission errors were variable and peaked at 1-day post-fire at
20.54%. The A models exhibited higher omission errors than the post-fire models by 3% to 11%.
Despite the increased omission errors for the A models, NGRDI demonstrated a strong ability to
categorize scorch at multiple dates post-fire.

The best overall model achieved a mean accuracy across the 10-folds of 86.93% at 10-
days post-fire using the 70t percentile of Green 1, NDVI, RedEdge3, and FMCl values (Table
5.6). Across the multispectral and RGB-NIR models, NDVI was a consistent predictor in all
models, with Green 1 and NIR bands being significant in most models, both exclusively post-fire
and differenced. The significance of NDVI and Green 1 in most models demonstrates their
sensitivity to changes in canopy color and CVS. Omission error was generally higher than
commission error for most models, with the highest omission errors occurring in the A models.
High omission errors indicate that models were more likely to underpredict the presence of
stressed trees, particularly with the inclusion of pre-fire data. Overall, post-fire models
outperformed A models in both mean overall accuracy and in commission and omission errors.
Further, all spectral model categories performed well, with the lowest mean accuracy being
77.03% at A 35-days post-fire using NGRDI, demonstrating the utility of UAS data in predicting

CVS category, regardless of the spectral bands available for model training.
5.3.3 Bounded Response Beta Regression

For the multispectral post-fire models, the highest mean R? (0.614) and lowest RMSE
(24.97) were observed at 1-day post-fire using the 90t percentile values of NDVI, NDWI, FMClI,
and RedEdge3 (Table 5.7). As time since fire increased, R? values decreased, indicating
decreased model performance.
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Table 5.7. Results of the beta regression. The highest accuracy post-fire and A date models are
bolded for each spectral group.

iii:gda Spectra Tested Summary % Predictors R? (‘;“(,:\SIE) MAE
1-day post-fire | 90" percentile| NDVI, NDWI, FMCI, RedEdge3 | 0.614 | 24.97 | 18.50

_ 3-days post-fire | 50" percentile NDVI, NDWI, FMCI 0.604 | 24.88 | 18.02
ju 10-days post-fire | 70" percentile NDVI, FMCI, RedEdge3 0.586 | 26.07 | 18.65
é 35-days post-fire | 20 percentile NDVI, NDWI 0.372 | 32.28 | 27.51
= A 1-day post-fire | 75" percentile NDVI 0.578 | 25.77 | 20.26
§ A 3-days post-fire Median NDVI 0.634 | 24.06 | 17.94
A 10-days post-fire | 90™ percentile NDVI 0.562 | 26.55 | 20.88

A 35-days post-fire | 80" percentile NDVI 0.572 | 25.97 | 20.41

1-day post-fire | 80" percentile NDVI, Greenl, NIR 0.626 | 24.57 | 18.39

3-days post-fire | 50" percentile NDVI, NDWI, Greenl 0.528 | 27.10 | 19.80

o 10-days post-fire | 70" percentile NDVI 0.554 | 27.05 | 20.63
E. 35-days post-fire | 70" percentile NDVI, NIR 0.531 | 27.89 | 22.25
@ A 1-day post-fire | 70" percentile NDVI 0.583 | 25.63 | 20.17
e« A 3-days post-fire |75 percentile NDVI 0.595 | 25.29 | 19.11
A 10-days post-fire | 90™ percentile NDVI 0.562 | 26.55 | 20.88

A 35-days post-fire | 60™" percentile NDVI 0.578 | 25.78 | 20.37

1-day post-fire |30 percentile NGRDI 0.653 | 23.67 | 18.41

3-days post-fire | 80™ percentile NGRDI 0.597 | 25.18 | 18.86
10-days post-fire |90 percentile NGRDI 0.565 | 26.74 | 20.45

8 35-days post-fire | 90" percentile NGRDI 0.516 | 28.34 | 23.62
o A 1-day post-fire | 80 percentile NGRDI 0.540 | 26.87 | 20.93
A 3-days post-fire |75 percentile NGRDI 0.574 | 25.95 | 20.09

A 10-days post-fire | 90™ percentile NGRDI 0.549 | 26.94 | 21.12

A 35-days post-fire Mean NGRDI 0.483 | 28.51 | 22.85

The A multispectral models performed similarly to those in the multispectral group, with the

A3-days post-fire achieving an R? of 0.634 and RMSE of 24.06. For the RGB-NIR post-fire models,

the best performing model also used 1-day post-fire data to achieve an R? of 0.626 and RMSE of

24.57 using the 80™ percentile values of NDVI, Green 1, and NIR (Table 5.7). The A RGB-NIR

models also performed similarly to the post-fire models at the same time-since-fire with all

models achieving an R between 0.562 (A 10-days post-fire) and 0.595 (A 3-days post-fire). The

RGB models produced both the best and worst performances in terms of R? and RMSE (Table

5.7), with the strongest gradient of model decline from 1- to 35-days post-fire. The best
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performing model was achieved at 1-day post-fire using the 30%" percentile values of NGRDI to
achieve an R? of 0.653 and RMSE of 23.67. Overall, 1-day post-fire models consistently
demonstrated the best predictive performance for the post-fire models, while A 3-days post-
fire consistently demonstrated the best predictive performance across all spectral groups for
the differenced models. Across all beta regression models, prediction accuracy seems to be
optimized for the least and most crown scorched trees, with approximately double the

variability for intermediate scorch levels (Figure 5.5).

A) Boxplot of Predicted CVS by Observed CVS Bins B) Boxplot of Predicted CVS by Observed CVS Bins C) Boxplot of Predicted CVS by Observed CVS Bins
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Figure 5.5. Predicted versus observed graphs from the 1-day post-fire beta regression models
across 10-folds. Panel (A) is the multispectral model, (B) is the RGB-NIR model, and (C) is the
RGB model.

5.4 Discussion

5.4.1 CVS Model Performance

The best logistic regression model successfully predicted CVS categories at 10-days post-
fire with 86.93% accuracy using multispectral data, with similarly high accuracies as soon as 1-
day post-fire (85.03%) using just RGB data. Model accuracy fluctuated with time-since-fire and
spectra used, but all logistic models regardless of timing and spectra used had mean accuracies
of at least 77%, indicating a strong ability to distinguish the trees with the greatest CVS at

multiple dates and using a variety of spectra. The beta regression models did not achieve as
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high of accuracies, but at 1-day post-fire our models predicted CVS to achieve an R? of 61.4 to
65.3 depending on spectra used. Overall, model results demonstrate a reasonable ability to
predict CVS of longleaf pine at multiple dates post-fire, using either multispectral or RGB
imagery. The multispectral indices NDVI, NDWI, and FMCI performed well, and RGB-based
index NGRDI provided comparable results at most collection dates.

For the beta regression models, the inclusion of pre-fire data yielded similar model
performance as the use of post-fire data. The A multispectral and RGB-NIR models all reduced
to only use NDVI as their predictor variable, but differed in their summarization approach,
resulting in differences in resultant R? of up to 0.04, highlighting the importance of selecting the
appropriate summarization approach. The use of only post-fire vs differenced imagery caused
R? to fluctuate by 0.01 to 0.11, with the better model varying by spectra and post-fire date.
Although, difference imagery has been important for satellite-based predictions of fire-effects
(Lentile et al., 2006; Escuin et al., 2007), these results suggests that these benefits might not
scale to where pixels are smaller than the object being described.

Our findings align with previous research conducted by Moran et al. (2022) and Arkin et
al. (2023) while expanding their work into a new forest type and testing the utility of
multitemporal and multispectral data. Moran et al., (2022) used a UAS equipped with four
spectral bands (RGB-NIR camera) following a prescribed burn in ponderosa pine forests in
Montana and demonstrated that very-high-resolution imagery can be used to distinguish
scorched crowns from uninjured crowns. However, this study used a labor-intensive manual
processing method that would be unrealistic for assessing scorch across 1,000s of trees. Arkin

et al. (2023) advanced these techniques by using a combination of orthomosaics and point
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clouds to classify trees as burned/unburned and to estimate the height and volume of crown
scorch, respectively in British Columbia, Canada. Their point cloud estimated CVS approach was
within £10% of field estimates for 83.3% of trees, demonstrating strong potential for using UAS
to estimate scorch structurally (Arkin et al., 2023). By comparison, the present study had 33.3%
of trees within 10% CVS error for the RGB beta regression model (Figure 5.6), with 65% within a
20% CVS error. Two things could contribute to our study’s lower model accuracy. Arkin et al.
(2023) validation dataset was dominated by trees with near 0% or 100% CVS, which
theoretically should be easier to reliably predict compared to the more continuously distributed
data available for the current study. Additionally, this could indicate a loss in predictive power
using a two-dimensional spectral approach compared to the point-cloud approach of Arkin et

al. (2023).
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Figure 5.6. Differences between the predicted and observed values of crown volume scorch
from the 1-day post-fire multispectral beta regression model across the 10-folds.

Our logistic regression models performed well in classifying CVS when using a threshold
of 90% CVS. This threshold was defined by literature relevant to longleaf pine forests and
should be adjusted if developing and applying similar models in different forest system, as
different systems have different fire adaptations and species may be more vulnerable to
mortality at lower thresholds. For ponderosa pine, a threshold of 88% is associated with high
mortality (Fowler et al., 2010), while in Douglas-fir, this threshold can be as low as 20% (Engber
& Varner, 2012). Further, our beta regression models trained on 2-dimensional data did not
improve performance compared to previous studies that used 3-dimensional data (Arkin et al.,

2023). Future work should examine the use of 3-dimensional voxel-based approaches that can
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integrate the spectral signature across the 3-dimensional crown, particularly for trees with
uneven scorch distribution.

The failure of the differenced datasets to consistently improve model predictions could
be attributed to a combination of data alignment and spectral calibration. The potential for
small shifts in the data to cause differencing issues could be the result of alignment issues as
the GCPs had a horizontal RMSE of 7 cm, slightly larger than 1 pixel. In some of the sparser tree
crowns, a one-pixel shift per date could result in the pre-fire crowns extracting background or
lower canopy pixel values, particularly at the edges of tree crowns. The prescribed burn
resulted in consumption of most understory fuels, so pre-fire data would have captured healthy
vegetation, even in background pixels, while post-fire data had background pixels with primarily
dead/charred vegetation. Further, alignment issues could be the result of wind differences
between collection dates that resulted in incomplete crown reconstruction of some trees in the
post-fire point clouds. This incomplete crown reconstruction effect also accounts for the small
difference in tree extraction in the post-fire collections. Weather differences could also drive
normalization issues across time as each date had different levels of cloud cover, with cloud
cover also shifting during some individual collections. While reflectance calibration panels
should overcome most of these differences, illumination can vary during the flight and those
differences might not be perfectly captured in the pre- and post-flight panel photos (Stow et al.,
2019). Further research should explore the influences of cloud cover, wind, and spatial

alignment on multi-temporal imagery comparisons.
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5.4.2 Implications for Prescribed Fire Management

In longleaf pine forests, scorch is first visually apparent around 3- to 5-days post-fire,
and needle color will continue to transition over 30- to 50-days post-fire before abscising from
the tree, with variation depending on weather and the seasonality of fire (Wilson et al., 2022).
CVS is typically quantified ocularly as a percentage of the crown displaying red compared to
green foliage (Alexander et al., 2019). The difference between red and green needles was
captured well using NGRDI as soon as 1-day post-fire, representing a 20-day improvement in
the timing of post-fire effects observations compared to our field-assessment timeline. Field
estimates of CVS are often most accurate on trees with either very little or complete scorch and
are prone to increased error when examining trees with intermediate scorch levels (Varner et
al., 2021). The narrowing of the boxplot ranges at the tails of the CVS range in Figure 5.5
supports this finding and suggests that a large amount of training data for model fitting might
be needed to average out observer errors. However, when collected reliably, CVS is a stronger
indicator of post-fire mortality than scorch height alone, for both long- and short-needle conifer
species (Peterson, 1985; Peterson and Arbaugh, 1986; Cansler et al., 2020). Post-fire mortality
prediction is essential for informing management objective success and for planning future
burns, thus many studies focus specifically on CVS as their metric of fire severity and eventual
mortality (Hood et al., 2018; Cansler et al., 2020). This study demonstrates an approach that
managers and researchers can use to model CVS to improve their understanding of prescribed
fire effects and inform future prescriptions.

The application of our models will provide useful insights into prescribed burning

practices. For example, managers could conduct a burn, collect UAS data, apply a model similar
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to ours, and use the results to evaluate ignition patterns, time of burning, and burn frequency
for planning subsequent fires. Our results suggest that UAS monitoring could be conducted as
soon as 1-day post-fire, with the workflow used in this study then potentially producing CVS
estimates within days. Further, the high accuracy of the RGB models presents the possibility for
management organizations to acquire reasonable-cost systems for this application.

However, several challenges and limitations should be considered when applying these
model strategies to different sites and forest types. First, canopy structure and species
composition can influence the accuracy of CVS predictions. Our study was conducted in an
open-canopy pine forest, where individual tree crowns were relatively easy to delineate. In
denser forests or mixed-species stands, overlapping crowns and variable leaf morphology could
complicate segmentation and lead to greater model uncertainty. Additionally, spectral
signatures of scorched foliage may vary by species, meaning models trained in one forest type
may require recalibration before being applied elsewhere. Second, operational constraints of
UAS technology present limitations in large-scale applications. Most UAS are limited in their
spatial extent due to battery life, with the tested UAS system’s 30 minute battery life providing
~20 ha flight extents. While multiple batteries or larger UAS platforms can extend coverage,
surveying extensive burn areas remains a logistical challenge. Additionally, regulatory
restrictions, such as flight altitude limitations and line-of-sight requirements, may influence
data acquisition strategies in certain regions. Despite these challenges, integrating spectral and
structural data, optimizing model transferability across forest types, and refining UAS

deployment strategies could enhance the applicability of this approach. Future work should
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focus on validating models across diverse forest conditions and exploring methods for
improving scalability.

While this study demonstrates the utility of UAS for CVS prediction, future work could
expand the applications. The models developed in this study demonstrate strong potential for
classifying CVS class at the individual tree scale across a 17-ha site. However, prescribed fire in
the southeastern US is applied to approximately 2.1 million hectares annually (Cummins et al.,
2023). As such, the scaling of these models to larger areas could provide managers with
valuable information on fire effects including scorched tree locations and landscape-scale
patterns of scorch. Training satellite-based sensors from UAS observations of fire effects would
substantially enhance spatial coverage and sample variation, allowing researchers to describe
effects at broader scales, particularly larger prescribed fires (100s of hectares). Integrating
multi-scale approaches, such as combining satellite remote sensing with field-based
physiological assessments of fire impacts, could yield deeper insights into individual tree

recovery and ecosystem processes.

5.5 Conclusion

This study underscores the potential of leveraging remote sensing technologies to
improve post-fire vegetation assessments in fire-adapted forests. By integrating multitemporal
and multispectral ultra-high-resolution imagery, we successfully modeled CVS and CVS class at
multiple post-fire dates, providing a practical and scalable method for evaluating fire effects
and severity to inform management strategies. Our findings bridge critical gaps in existing
methods by offering consistent and cost-effective models of CVS that are not computationally

difficult or costly. These advancements can be applied directly to forest management actions
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and aid in prescribed fire prescription planning or wildfire recovery. Informed and adaptive
management using our models will ensure that the ecological, economic, and cultural values of
longleaf pine savannas remain. However, the transference of these models should be tested
across different longleaf pine dominated forests and substrate soils to ensure reliable

predictions can be made.
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CHAPTER 6 — CONCLUSION

6.1 Conclusion

This dissertation addresses critical gaps in the application of uncrewed aerial system
(UAS) imagery for forest health assessment while addressing challenges to forest management.
As disturbances increase in their frequency, severity, and spatial coverage, adaptive forest
management provides a critical tool to combat forest and biodiversity loss. By leveraging the
high spatial and temporal resolution of UAS imagery with machine learning modeling and tree
physiology, this body of work advances our knowledge of how to assess forest health and
resilience in multiple forest types.

In Chapter 2, | use band-equivalent reflectance (BER) data to examine the feasibility of
detecting physiological stress in saplings under a variety of controlled drought conditions. This
study converted BER into spectral bands available on a consumer-grade UAS to model both
drought class and foliar moisture content using a variety of machine-learning models. This
chapter achieved high accuracy using both classification and regression models and
demonstrated the theoretical ability of UAS sensors to describe drought-stress in saplings. By
integrating BER data to physiological stress, this chapter underscores the potential for UAS data
to monitor tree health non-destructively.

Chapter 3 extended the models from Chapter 2 into natural forest sites in northern
Colorado to test the scalability of lab-based models of FMC. This chapter highlighted the
difficulties in adapting lab-based models such as increased within-crown variability, crown-to-

crown shading, and the importance of choosing appropriate crown summarization techniques.
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This chapter successfully models relative FMC across two sites and four dates using field-
developed models from a consumer-grade multispectral UAS. The findings of this chapter
highlight the importance of species, collection timing, and site-based knowledge for applying
these models. Further, the difficulty in translating controlled experiments to natural
ecosystems underscores the challenges that exist in applying remote sensing data to diverse
forest types. Our site-based models of relative tree stress could be adapted and applied in
multiple forest types to provide managers with site-specific models that meet their
management needs.

In Chapter 4, | investigate the compounded effects of pre-fire drought intensity and
subsequent fire on the recovery and mortality of Pinus monticola and Pseudotsuga menziesii
saplings. Utilizing a toxicological dose-response framework, this study elucidates how varying
levels of drought stress before fire events influence post-fire physiological responses and
survival rates. The findings reveal that saplings experiencing severe pre-fire drought conditions
exhibit higher mortality and reduced recovery post-fire, underscoring the critical need to
consider antecedent environmental stressors in fire management and post-fire recovery
strategies. This research bridges the gap between controlled experimental insights and practical
applications, offering valuable guidance for adaptive management in fire-frequent forests.

Lastly, Chapter 5 demonstrated the utility of applying UAS data to assess crown volume
scorch (CVS) following a prescribed fire. Specifically, this study evaluates how the timing of
post-fire scorch assessment, the inclusion of pre-fire reference imagery, and available spectral
range impact model accuracy of CVS. Results demonstrate that the most accurate predictions of

CVS should be made 1-day post-fire, but with minimal accuracy loss up to 35-days post-fire, and
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that a variety of spectral bands and indices can be used. Additionally, the inclusion of pre-fire
reference imagery showed little or no improvement over modeling from just post-fire imagery.
The findings of this chapter underscore the ability of UAS data to assess physiological changes
(i.e., crown volume scorch) before they are ocularly visible, providing a practical, cost-effective
approach for adaptive forest management. The ability to classify CVS quickly could provide
managers with actionable data that can be used to evaluate treatment effectiveness and to
refine future prescription patterns.

This dissertation provides frameworks to produce actionable insights that can inform
and evaluate site-based adaptive management decisions such as thinning and prescribed fire.
UAS provide ultra-high spatial resolution data with a flexible temporal resolution that can be
used to monitor forests by capturing dynamic indicators of tree stress. The models and
approaches developed in this dissertation could be integrated into operational workflows
wherein managers can better predict and mitigate the impacts of management actions on site
resilience to both drought and fire. Ultimately, the application of the models in this work can be
applied to improve forest resilience and reduce the likelihood of forest conversion following
disturbances.

This research offers significant advancements in our understanding of forest health
monitoring with UAS, while highlighting areas for future research and improvement. The
transferability of lab-developed models to natural forests highlighted challenges with model
scalability. Future research should consider testing additional species and lab-based
assessments of tree physiological health, such as stomatal conductance and vapor pressure

deficit, to better understand the relationships between sapling physiology and spectral
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reflectance and how those relationships change through a tree’s lifetime. The importance of
species in the models from Chapter 3 underscores potential difficulties with applying these
models to new sites or other forest types. Further work is needed to test the application of
these models in other forest types and across additional dates to understand the variability of
FMC through time so these models can be optimized to inform management decision-making.
As these sensors advance, it will be a challenge for the field to overcome normalization and
spatial matching issues to improve the reliability of multi-temporal UAS imagery for forest
monitoring. The models in Chapters 3 and 5 could potentially be improved with the inclusion of
hyperspectral, joint analysis of the three-dimensional structural and multispectral data, or by
exploring how UAS can be used to train satellite imagery to provide landscape patterns of tree
stress.

In summary, this dissertation demonstrates the potential of UAS data to inform forest
management aiming to improve forest resilience. By integrating lab-based modeling with UAS
and field data, this dissertation provides actionable insights to improve the ecological integrity
of forest management. As forests are challenged by increasingly variable climatic conditions
and face changing disturbance regimes, the combination of ecologically informed data

collection and modeling approaches is an essential tool to protect forest integrity.
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