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Abstract
The unprecedented spread of invasive pest and pathogens, along with climate change and
human activity/development is degrading forest system health. American beech trees are a
principal tree species that dominates Ontario’s hardwood forests, yet are declining in numbers,
primarily due to diseases such as beech bark disease and beech leaf disease, but also because
of human development in environmentally sensitive forests. To better monitor American beech
(Fagus grandifolia) health and identify severely deteriorated trees, innovative technologies
such as Remotely Piloted Aircrafts (RPAs) can be utilized to complement the data collected by
mid-altitude aerial aircrafts and ground-based surveys. Existing research has demonstrated the
potential for RPA based thermography, which measure individual canopy temperature
readings, to identify trees that are under water stress because of factors such as drought and
foliar, stem and/or root diseases. However, whether American beech trees displaying
noticeable signs in decline in health, due to factors such as foliar, stem and/or root diseases,
can be differentiated from trees showing little to no sign in decline is yet to be determined by
RPA-borne thermal imaging. This paper investigates whether RPA-borne thermal imaging can
be a useful tool to monitor American beech tree health in Southern Ontario forests.
The study was located at rare Charitable Research Reserve in Cambridge, Ontario, in
semi-naturalized forests. A total of 29 American beech trees across eight different plots were
included in the sample for the study and were given a health level of either “healthy”, “fair” or
“poor” based on the presence/severity of beech bark disease, severity of bark deterioration and
limb loss, and canopy coverage estimated as a percentage based on RPA visual imagery. In
August of 2020, thermal imagery was collected on five different days: August 6th, 7th, 15th, 19th,
and 26th, and in the following year was collected on three different days: August 2nd, 3rd, and
4th. Canopy temperatures of each individual beech tree was retrieved, normalized based on air
temperature (canopy temperature depression) and analyzed to determine whether canopy
temperature readings significantly differed based on health level. This study found that
increasing American beech tree canopy temperatures were not correlated with deteriorating
health. The one-way ANOVA performed for most flights showed that canopy temperature
readings did not significantly change based on the recorded tree health level.
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Chapter 1. Study Background, Research Objective and Literature Review
1.1. Introduction
The functions and services that forested ecosystems provide are essential for human well-being
and the biodiversity found within. Forest ecosystem functions include primary production and
decomposition (Ansink et al., 2008; Brockerhoff et al., 2017) and forest ecosystem services
include surface and ground water flow regulation, air and water quality enhancement, soil
stabilization and erosion control, climate regulation and carbon sequestration and many others
(Aust & Blinn, 2004; Food and Agriculture Organization of the United Nations [FAO], 2013;
Krieger, 2001; Miura et al., 2015; Nowak et al., 2008). From an economic standpoint, it is
estimated that globally, forest ecosystems provide $4.7 trillion dollars annually in goods and
services for human well-being (Costanza et al., 1997; Krieger, 2001, p. 3). Given the socioeconomic importance of forest ecosystems, any rational decisions made to manage forests
need to be based on objective and reliable data (Corona et al., 2011; White et al., 2016).
However, forest monitoring and management is becoming challenging because of the
increases in the spread and types of invasive pests and pathogens resulting from ongoing
international trade and travel (Aukema et al., 2010; Brockerhoff & Liebhold, 2017; Dash et al.,
2017). Invasive pests and pathogens continue to be the greatest ecological threat facing many
tree species and forests, with an annual estimated economic impact ranging from $7.7 and $20
billion in Canada (Colautti et al., 2006; Lovett et al., 2016; Venette, 2017). In Canada, over 80
non-native insects or diseases have been identified since 1882, with several that have become
invasive and highly destructive to forests (Forest Invasive Alien Species, 2015). Some of the
most prominent alien pests and pathogens in Canada include the emerald ash borer, beech
bark disease, Dutch Elm disease and the Gypsy Moth (Forest Invasive Alien Species, 2015).
With 400,000 hectares of forests lost every year in Canada from pests (Forest Invasive
Alien Species, 2015), effective and efficient monitoring and management strategies are vital for
future forest conservation. Monitoring programs and systems are currently in place in Canada
to gather data that are of national and international concerns related to forest sustainability
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(Wulder et al., 2004). The National Forest Inventory is an example of a collaborative initiative
between the federal, provincial, and territorial government agencies that utilizes consistent
standards and procedures to determine tree ages, land use, dominant species, and volume of
wood (Wulder et al., 2004). Forest health programs have also been implemented in provinces
such as in Ontario, where long-term environmental monitoring programs sample forests to
determine tree mortality rates, identification of potential stressors, increases or decrease of
tree species abundance and changes in tree size distributions (Credit Valley Conservation,
2017).
Ground-based surveys by professional field technicians have formed the foundation of
forest health monitoring (Canadian Council of Forest Ministers [CCFM], 2012). Forest surveys of
plots are fulfilled either annually or on a variable basis and the forest health factors monitored
may change each year (CCFM, 2012; Credit Valley Conservation, 2017). The focus of the forest
surveys is to determine dramatic changes in forest composition that arise because of invasive
pests and pathogens. The data retrieved from forest monitoring programs can then lead to
better planning and policy decisions on the forests being managed and the surrounding areas
(Ontario Ministry of Northern Development, Natural Resources and Forestry [NDMNRF], 2021;
Wulder et al., 2004). Despite the potential for traditional ground-based survey techniques,
there are challenges associated with the spatial coverage that can be attained, the consistency
in tree health interpretation and measurements between assessors, and high costs to inventory
large forests (Dash et al., 2017; White et al., 2016).
Technological advances in modern remote sensing (e.g., Light Detection and Ranging
(LiDAR), Remotely Piloted Aircrafts (RPAs) and satellite-borne and mid-altitude laser scanning)
have the potential to complement traditional forest survey methods by providing additional
data to assess forest health (Corona, 2016; Dash et al., 2017; Paneque-Galvez et al., 2014; Tang
& Shao, 2015). RPA technology has advanced in recent years and has become an attractive
complement for researchers and ecosystem managers to gather additional data for their forest
health and composition surveys (Berie & Burud, 2018). RPAs can be automated to collect data
that is of high spatial resolution at targeted locations over short intervals, which offers users
versatility in forest inventory (Berie & Burud, 2018; Dash et al., 2017; Tang & Shao, 2015).
2

RPAs can come equipped with multi-spectral, hyperspectral, and thermal infrared
camera technology and can be used for different applications (Tang and Shao, 2015). Thermal
infrared camera technology designed for RPAs is becoming increasingly available for research
and monitoring (Kelly et al., 2019). Thermal infrared technology can provide users with
temperature measurements that can determine water availability of plants. When impacted by
foliar, stem and/or root diseases, plants have shown to be water stressed, leading to lower
transpiration rates and increases in canopy temperature (Smigaj et al., 2019; Jones, 1999).
Many studies have now examined how thermal imagery with remote sensing tools, such as
RPAs, can be used to detect increases in leaf and canopy temperature because of pest related
diseases (e.g., Berni et al., 2009; Gonzalez-Dugo et al., 2012; Hais and Kučera, 2008; Smigaj et
al., 2019; Smigaj et al., 2015).
To determine water content and subsequently the effects of pest related diseases,
thermal “stress indices” are used to normalize environmental variation over different temporal
periods (Smigaj et al., 2019). Two prominent thermal stress indices have been used in previous
studies: canopy temperature depression and crop water stress index (CWSI). Canopy
temperature depression normalizes canopy temperature with reference to air temperature and
CWSI “introduces a non-water stressed baseline and a non-transpiring upper baseline” (Smigaj
et al., 2019, p. 701). In terms of tree health, the use of thermal imagery and thermal stress
indices have shown promising results in monitoring water stress in orchards (Berni et al., 2009;
Gonzalez-Dugo et al., 2012), in identifying Verticillium wilt in olive trees (Calderón et al., 2013)
and in assessing red band needle blight in Scots pine trees (Smigaj et al., 2019). However, it is
unknown if American beech trees impacted by beech bark disease and other diseases are
distinguishable from healthy beech trees using RPAs and thermal imagery.

1.2. Study Overview and Research Hypothesis
This study investigates whether diseased American beech trees can be distinguished from
healthy American beech trees using an RPA equipped with thermal camera technology. The
following hypothesis guides my study:
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Research Hypothesis: American beech trees that are “poor” in “health” will display warmer
canopy temperature readings than “healthy” American beech trees, regardless of the day,
weather conditions and site characteristics.
This study investigates whether thermal imagery collected by an RPA can detect canopy
temperature increases in American beech trees showing deteriorating health. This research has
been conducted at selected forested sites at rare Charitable Research Reserve in Cambridge
Ontario. Data collection occurred between the months of July and September of 2020 and
2021. For accurate analysis of results, data collection was prioritized during periods of high net
solar radiation and clear skies. Trees were selected which had their full canopy visible from the
RPA imagery collected. The thermal stress index canopy temperature depression was calculated
to normalize canopy temperature with reference to air temperature (Smigaj et al., 2019).
Canopy temperature depression can allow for comparisons between the different hours that
canopy temperature data is collected, as the canopy temperature of trees constantly varies due
to changes in air temperature and other environmental conditions (Smigaj, et al., 2019).
This research can contribute towards advancing the understanding of the potential for
RPAs and thermal imagery technology for more efficient forest monitoring and management.
Whether canopy temperature readings for healthy, fair in health, or poor in health American
beech trees can be distinguished from one another based on the thermal imagery collected
using a RPA, is addressed in this report. Much of the methodology and research builds from the
work of Smigaj et al. (2019), where they compared canopy temperature depression readings to
red band needle blight disease levels of Scots Pine trees. Although the study by Smigaj et al.
(2019) was completed on a monocrop pine plantation, this study consists of American beech
trees situated in a semi-natural forested location. A semi-natural forest can be challenging to
survey as there are many factors (e.g., water availability, species diversity, elevation, soil type
etc.) that cannot be controlled for and may affect the thermal RPA-borne data collected.
Therefore, surveying monocrop plantations, where there is less species diversity, water
availability is controlled, and the trees are uniformly planted is preferred and has shown some
success (Bernie et al., 2009; Calderón et al., 2013; Smigaj et al., 2019), however the applicability
of detecting pest and pathogen induced canopy temperature changes in a single tree species
4

located in a semi-natural forest is less well known and needs to be studied further. Moreover,
this study relies on data collected over multiple days versus the single day performed by Smigaj
et al. (2019). The decision to collect thermal imagery over multiple days was done as a method
of technical replication and to determine what factors may be affecting canopy temperature
readings should the data show varying correlations between health and canopy temperature.

1.3. Literature Review
1.3.1. Forests Monitoring
Forests are an important ecosystem for terrestrial biodiversity, with the majority of amphibian,
bird and mammal species depending on this habitat for survival (FAO and United Nations
Environment Programme [UNEP], 2020; Vié et al., 2009), and for society as they provide
significant ecological, economic, and cultural benefits (Brockeroff et al., 2017; FAO and UNEP,
2020; Ferretti, 1997). However, forest ecosystem health is being challenged by climate change,
invasive pests and pathogens, and human activities/developments (Brandt et al., 2013;
Brockeroff et al., 2017; FAO and UNEP, 2020; Ferretti, 1997; Percy and Ferretti, 2004). To
prevent further forest loss and degradation, forest management and monitoring techniques
must continue to adapt and innovate as local and global conditions continue to change.
Across different political and socio-ecological landscapes, various strategies,
frameworks, and methods have been utilized to monitor forest ecosystems. In Europe, forest
monitoring programs were implemented under the International Programme on the
Assessment and Monitoring of Air pollution Effects on Forest, beginning in 1986 (Lorenz et al.,
2007; Nevalainen et al., 2010). Gradually, however, the scope of monitoring expanded from air
pollution effects to other factors that included the effects of pests and fungal diseases
(Nevalainen et al., 2010). Similarly, in the United States, their Forest Health Monitoring Program
began in 1990 to assess forest health and sustainability across all the forested landscape
(Bennett and Tkacz, 2008). The current Forest Health Monitoring Program approach has been
adapted to include remote sensing data collection (e.g., visual-spectrum optical imagery), as
well as traditional in-situ field data focused on aspects such as tree species and diameter, forest
type and stand size (Bennett and Tkacz, 2008).
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In Canada, forests consist of a large proportion of the terrestrial landscape which
contribute numerous ecosystem services to society (Dyk, Leckie, Tinis and Ortlepp, 2015; Gillis,
Omule and Brierley, 2005). The significance of forests for social and ecological wellbeing led to
the development of programs such as Canada’s National Forest Inventory, the National
Deforestation Monitoring System and Earth Observation for Sustainable Development of
Forests (Gillis et al., 2005; Wulder, 2004). With Canada’s National Forest Inventory, data on
forest characteristics and quantity are collected and compiled every five years by the provinces
and territories into a central database. Although early forest monitoring metrics in Canada’s
National Forest Inventory focused on wood supply and the performance of the lumber/timber
industry, the current framework considers forest health, biodiversity, and forest productivity as
major components (Boutin et al., 2009; Gillis et al., 2005; Gillis, 2001; Wulder, 2004).
To support Canada’s National Forest Inventory, the Canadian Council of Forest Ministers
(CCFM), Natural Resources Canada and the Canadian Food Inspection Agency, have developed a
task force to reduce the spread and establishment of invasive pests in Canada (CCFM, 2012;
Nienhuis and Wilson, 2018). These parties work to implement a National Forest Pest Strategy to
monitor, perform risk analyses, report results and much more, regarding the management of
invasive forest pests in Canada (CCFM, 2012).
To monitor invasive species spread, the CCFM task force utilizes mid-altitude aerial and
ground surveys to identify and quantify invasive forest pests (CCFM, 2012). According to CCFM
(2012), “approximately 289 distinct ground and aerial surveys are conducted for 75 biotic and
abiotic forest health factors across Canada” (p. 6). Of the surveys undertaken, approximately
61% are related to monitoring forest pest populations. The methods used to conduct midaltitude aerial surveys to monitor forest pests involve piloted helicopters and fixed wing
aircrafts, which are usually accompanied by some ground component to verify pest damage
and intensity (CCFM, 2012). The mid-altitude imagery collected allows the task force to create
maps using GIS software and can be used to monitor forest health and prevalence of pests
based on defoliation severity (CCFM, 2012). Remote sensing options are being considered for
the future of forest pest monitoring in Canada, though there is a lack of expertise, funding, and
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research into how new technologies (e.g., RPAs) can be utilized to current programs (CCFM,
2012; CCFM, 2019).
Ground surveys across Canada include the use of over 14,500 permanent or temporary
monitoring plots (CCFM, 2012). Sampling occurs at these plots on an annual or variable basis,
depending on the pest being monitored. Monitoring methods include pheromone traps to
determine adult insect populations (e.g., to monitor eastern spruce budworm), lure
formulations (e.g., to monitor jack pine budworm) and quantifying eggs and larvae on
trees/branches to extrapolate to a given area (CCFM, 2012). Generally, only one or two pests
are monitored at most ground plots and generally only include gypsy moths, eastern spruce
budworm, jack pine budworm and forest tent caterpillar (CCFM, 2012). Forest diseases, such as
stem and root diseases are also being monitored at ground plots, though not as intensively as
pests.
In Ontario, Canada, forest health monitoring is primarily a responsibility of the Ontario
Ministry of Northern Development, Natural Resources and Forestry (NDMNRF), as most of
Ontario’s forests (43 million hectares (ha)) are found on publicly owned crown land (Nienhuis
and Wilson, 2018; NDMNRF, 2021). In total, there is approximately 56 million ha of forest and
14 million ha of treed wetland in Ontario (NDMNRF, 2021). With such large, forested areas,
obtaining accurate data on forest inventory and health is complicated (Bilyk et al., 2020). In
2015, the Invasive Species Act was implemented to give additional legislative powers to the
province to prevent and control non-native species spread. The Invasive Species Act is the first
independent piece of legislation that focuses solely on invasive species and allows inspectors to
monitor spread and make decisions to quarantine an area to eradicate a species from an area
(Nienhuis and Wilson, 2018). Ultimately, collecting high-quality data through monitoring efforts
can increase decision-making capacity which can then improve future monitoring methods for
more sustainable forests in Ontario, (Figure 1) (NDMNRF, 2021). Therefore, forest monitoring is
recognized as an important component for future forest management and sustainability in
Ontario.
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Figure 1: The adaptive management cycle that guides forest management, monitoring, policy making
and reporting in Ontario (NDMNRF, 2021)

The NDMNRF monitoring program utilizes mid-altitude aerial mapping, biomonitoring,
pest surveys and permanently established plots to inventory forests and monitor overall health
(NDMNRF, 2020). The use of RPA technology to inventory and monitor forests has played an
increasingly larger role over time in the NDMNRF programs. The use of satellite imagery, GPS
receivers, airplanes, Light detection and Ranging (LiDAR) and other technology is being more
widely used, which is improving in-situ forest inventory and health monitoring (Bilyk et al.,
2020). Other organizations in Ontario that participate in tree and forest monitoring include the
Association for Canadian Educational Resources and Conservation Ontario (Association for
Canadian Education Resources, 2020; Conservation Ontario, 2018).
Despite the efforts of the NDMNRF and other organizations in monitoring Ontario’s
forests, invasive pests and diseases are becoming a greater threat to forest survival and health
(Nienhuis and Wilson, 2018). Tree species such as, butternut (Juglans cinecera L.), American
beech and American chestnut (Castanea dentate) have significantly reduced in numbers due to
butternut canker, beech bark disease and chestnut blight, respectively (Boland et al., 2012;
NDMNRF, 2020; Nienhuis and Wilson, 2018; Poisson and Ursic, 2013). Although there is a lack
8

of expertise in remote sensing technologies within the provinces (CCFM, 2012; CCFM, 2019),
exploring the use of new technologies, such as RPAs and thermal infrared detection, may lead
to better forest management. Recent work has shown promising results in using RPAs equipped
with thermal camera technology in monitoring restoration progress (Hamberg, 2020),
identifying trees affected by forest pests and pathogens (Calderón et al., 2013; Smigaj et al.,
2019) and recording drought responses of specific tree species (Scherrer et al., 2011).

1.3.2. American Beech
American beech (Fagus grandifolia) is unique to North America as it is the only species of the
Fagus genus (Tubbs and Houston, 1990). Although beech trees may have existed over most of
North America before the last glacial period, the beech tree species is now only found on the
eastern side of North America. In Ontario, beech trees are a principal tree species that have
comprised many hardwood forests for centuries (NDMNRF, 2021). The beech tree species can
dominate moist soils and late successional forests or can be well integrated into mixed stands
(McLaughlin and Greifenhagen, 2012). Beech trees are well adapted to alluvial soils, and
although slow growing, can attain ages of 400 years (Tubbs and Houston, 1990). In Ontario,
beech trees often reach a maximum age of 250, with a diameter of 80 cm and a height of 27 m
(McLaughlin and Greifenhagen, 2012). Furthermore, beech trees are an important component
of hardwood forests as their nuts are a source of nutrition for black bears, deer and rodents.
Beech wood is also used by humans, commonly for flooring and furniture (McLaughlin and
Greifenhagen, 2012; Tubbs and Houston, 1990).
American beech trees have a broad canopy structure and bark that is distinguishably
smooth and light grey (Figure 2) (NDMNRF, 2021). The native habitat range of American beech
extends as far north-east as Cape Breton Island, Nova Scotia and as far south as Northern
Florida and the mountains of northeastern Mexico (Tubbs and Houston, 1990). Beech is well
suited to annual precipitation levels between 760 mm to 1270 mm. Beech trees grow on
average for 100 to 280 days in a year, and favour temperatures between 4˚ and 21˚ C (Tubbs
and Houston, 1990). Beech is also a unique tree species as they use double the amount of
water for transpiration and growth than deciduous trees such as oaks (Tubbs and Houston,
1990).
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Figure 2: American beech leaves are narrow, oval with a pointed tip (a); beech bark is generally
smooth and appearing light bluish grey in colour (b) (NDMNRF, 2021)

1.3.3. American beech diseases
Although a significant member of Ontario’s hardwood forests, beech trees are threatened by
beech bark disease, which is undermining the overall integrity of these forests. As noted in
section 1.0, Morin et al. (2007), state that “Beech bark disease is an insect-fungus complex
involving the beech scale insect (Cryptococcus fagisuga) and one of two canker fungi” (p.726).
Of the two canker fungi Neonectria faginata is the most significant contributor to beech bark
disease in Ontario (McLaughlin and Greifenhagen, 2012). Beech bark disease has spread
throughout most of eastern North America, with it being officially confirmed in Ontario in 1999.
The disease begins with the beech scale feeding on the outer bark of beech trees (Kibbe
Bonello, 2019). The scale diminishes the integrity and growth of the tree and makes it more
susceptible to fungal infection. The feeding of the outer bark of the tree results in the collapse
of the host parenchyma cells which creates small fissures in the bark (Koch, Carey, Mason and
Nelson, 2009). These fissures allow the fungus Neonectria faginata to develop and grow as
circular lemon-shaped cankers on the tree, which weakens the inner bark and cambium of the
beech tree (Figure 3) (Koch et al., 2009; McLaughlin and Greifenhagen, 2012). The infection
usually starts on the lower bole of the tree; however, cankers can encircle the entire surface of
10

the bark and extend into the crown. Mature trees in the stand are usually targeted first and can
exhibit crown dieback (Koch et al., 2009; McLaughlin and Greifenhagen, 2012).
Some beech trees exhibit resistance to the insect beech scale and do not experience
beech bark disease. However, only 1% of trees in North America have shown to be resistant
(Koch et al., 2009; McLaughlin and Greifenhagen, 2012). If identified, the growth of these
disease resistant beech trees can be promoted through dispersal of its seed. If disease resistant
trees are not identified, other management strategies include culling infected trees and
removing beech tree root sprouts to limit spread. Single tree selection of greatly diseased
beech trees of over 50 years are usually culled, while retaining relatively low impacted trees.
The single tree selection strategy could be a solution to improve disease resistance in forest
stands (McLaughlin and Greifenhagen, 2012). Despite these efforts, effective management
strategies for beech dominant forest stands have not been identified and must continue to be
studied.
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Figure 3: Comparison of the outer bark of a relatively intact American beech tree (a) and a
deteriorated American beech tree (b) at rare Charitable Research Reserve in Cambridge Ontario;
beech bark disease cankers on the stem of an American beech tree (c); and fruiting bodies on
active beech bark diseased cankers (d) (McLaughlin and Greifenhagen, 2012)

Furthermore, some beech trees in parts of North America are being affected by a new
disease known as beech leaf disease (Carta et al., 2020; DiGasparro, 2019; Ewing et al., 2018;
Popkin, 2019). Researchers have been reporting effects of beech leaf disease since it was first
noticed in 2012 in the state of Ohio (Ewing et al., 2018). Early signs of beech leaf disease
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“appear as a dark green, interveinal banding pattern on lower canopy foliage” (Ewing et al.,
2018, p. 1). Leaves will eventually turn dark and will appear leathery and crumpled. The effects
of beech leaf disease can be noticed as soon as bud break, leading researchers such as Ewing et
al. (2018), to believe that the disease progresses through the buds. As the disease progresses
through the years, affected buds will begin to be aborted, resulting in limited foliage to be
produced and leading to tree mortality (Ewing et al., 2018). Early studies suggest that a
nematode species, Litylenchus crenatae, is the primary cause of beech leaf disease (Carta et al.,
2020). No effective control measures have been identified yet, though continually monitoring
for the disease, limiting the movement of firewood, and identifying disease resistant trees
could lead to future success in limiting beech leaf disease spread (DiGasparro, 2019, Ewing et
al., 2018).

1.3.4. Thermodynamics
The structure of forest ecosystems is complex (Holling 2001; Kay, 2000; Kuuluvainen, 2009). In
particular, the dynamics of forests are a function of positive and negative feedback loops which
create a self-organizing system (Meadows, 2008; Kay, Regier, Boyle and Francis, 1999; Kay,
2000; Kuuluvainen, 2009). Furthermore, forests are open systems which process flows of highquality energy (exergy) to obtain order from disorder (Brzustowski and Golem, 1976; Kay et al.,
1999; Kay, 2000; Kuuluvainen, 2009; Schneider and Kay, 1994a; Schrödinger, 1944). Because of
the complexity inherent to forests ecosystems, monitoring tools and methods need to be well
adapted to how these systems change for better management and policy development.
To monitor ecosystems, the laws of thermodynamics must first be understood. The first
law of thermodynamics states that energy cannot be created or destroyed and that in a closed
system, total energy remains unchanged through transformation processes (Schneider and Kay,
1994b). Over time, the quantity of energy remains unchanged in a closed system, yet the
quality of the energy (i.e., exergy) may change. However, the first law applies differently to
open systems whereby the energy still cannot be created or destroyed but can be exchanged
with the surrounding environment and systems. The second law of thermodynamics states that
physical or chemical processes in the system will degrade the quality of the energy available
(Schneider and Kay, 1994b). However, open systems, such as forest ecosystems, are open to
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energy flows and are moved away from equilibrium across time and space. Systems like forests
maintain structure by exchanging energy and/or matter with the outside world and can be
classified as non-equilibrium systems (Kay, 1999; Schneider and Kay, 1994b). A non-equilibrium
system can exist in local states that are not at thermodynamic equilibrium by increasing
entropy of the larger system it resides in (Kay, 1999). However, these open systems tend to
return to an equilibrium state and often tend to resist being moved from equilibrium (Kay,
1999). Therefore, monitoring and managing ecosystems such as a forest is a challenge as
ecosystem change can be rapid and understanding what state the system will change to is
difficult to predict.

1.3.5. Energy Budget and Leaf Energy Balance
Many biotic and abiotic factors can affect leaf and canopy energy balances. The amount of solar
radiation received in each region on Earth plays a major factor in what vegetation can thrive.
Overall, the solar radiation received by the Earth equates to about 342 watts per square metre
(Wm-2), with about 168 Wm-2 being absorbed by the Earth’s surface and 67 Wm-2 absorbed by
the atmosphere (Bonan, 2002). Conversely, the Earth’s surface emits 390 Wm-2 of longwave
radiation which is mostly absorbed by the atmosphere (350 Wm-2), with the remainder
escaping to space. The radiation from the atmosphere is emitted in all direction with
approximately 195 Wm-2 being lost to space. As a result, the net radiation absorbed by the
Earth is approximately zero.
Although net radiation equals zero, the distribution of radiation is unequal. Latitudes
near the tropics absorb more radiation than the poles. The difference in distribution of
radiation, results in a temperature gradient from low latitudes to high latitudes (Bonan, 2002).
Therefore, low latitudes are much warmer than higher latitudes as more radiation is absorbed
near the equator and less at the poles. However, radiation is not the sole factor determining
temperature of a region. The uneven distribution of incoming solar radiation effects air
pressure, which produces winds that carries heat from tropical regions to polar regions (Bonan,
2002).
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At the canopy level, leaf energy balance is affected by many biological factors, including
transpiration rates, leaf structure and size, canopy structure and much more (Still et al., 2019).
Each of these factors can have significant effects on leaf energy exchange and can cause
significant fluctuations in leaf temperature (Ehleringer et al., 1976; Smith and Carter, 1988).
“The net radiation balance for a leaf, Rnet, is a function of absorbed solar shortwave radiation
(SW, in W/m2) and the net of absorbed and emitted longwave radiation (LW, in W/m2).” (Still
et al., 2019, p. 4). Sensible and latent heat exchanges balances leaf net radiation. As sensible
heat increases, latent heat decreases to balance net radiation of a leaf, and vice versa (Fuchs,
1989; Still et al., 2019). The equation for the energy balance of a leaf is

where SWin represents the reflected and scattered shortwave radiation absorbed from the leaf
from both sides, α is the leaf absorptivity of SW radiation (0.6), LW in is longwave radiation from
the sky and surrounding leaves and branches that is absorbed by both sides of the leaves, εIR is
the leaf absorptivity of LW radiation (0.96) which is equal to its emissivity and T leaf is the LW
radiation emitted by the leaf where σ is the Stefan-Boltzmann constant
(5.67 × 10−8 W·m−2·K−4) (Nobel, 2009; Still et al., 2019, p. 4).
However, plant canopies are much more complex than single leaves, as they comprise
of the soil, branches, bark, stems and more of the entire plant (Campbell and Norman, 2000, p.
230). The orientation and inclination of the branches and leaves that make up the canopy can
influence the temperatures produced by the leaves (Fuchs, 1989). Therefore, the dynamics of
canopy temperature are affected by the individual leaf energy exchange with the atmosphere
and the architecture of the canopy itself (Still et al., 2019).

1.3.6. Canopy Temperature as an Indicator of plant health
Current research utilizing canopy temperature to evaluate plant health because of factors such
as disease and drought have been studied and have mostly shown significant correlations (e.g.,
Berni et al., 2009; Calderon et al., 2013; Iizuka et al., 2018; Ludovisi et al., 2017 Smigaj et al.,
2019). However, extensive research early in physics and technology were the primary reasons
why canopy temperature is seen as an indicator of plant health today (Moran, 2004). Notably,
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using canopy temperature as an indicator of ecosystem and plant health was recognized when
Monteith and Szeicz (1962) identified that canopy temperature is a function of energy balance
components. Before the work by Monteith and Szeicz (1962), research was either focused on
the relationship of evaporation and energy balance or leaf and canopy temperatures (Moran,
2004).
Understanding and calculating potential evaporation from single leaves and vegetation
canopies was pioneered by many such as Bowen (1926), Penman (1948; 1953), Monteith (1965)
and Rijtema (1965). The theoretical work on evaporation by such authors was adopted by
hydrologists, irrigation specialists, and agriculturalists (Moran, 2004). Work on evaporation led
to research by Vidal and Devaux-Ros (1995) which identified the importance of canopy
evapotranspiration as a key metric in determining plant water status and the ability of the plant
to effectively exchange energy. Hatfield (1997) also identified that plant-water relations are
important to understand for plant health as water deficits can lead to reduced growth and
impaired photosynthesis and respiration.
The rate of transpiration can be affected by multiple factors, such as solar radiation,
humidity, and wind speed (Bonan, 2002). Systems that are exposed to high solar radiation, dry
air conditions and high winds will experience greater transpiration rates (Bonan, 2002). Other
factors that can affect transpiration rate include, soil type and associated hydraulic properties
(e.g., conductivity) and vegetation type (e.g., stomatal conductance). Generally, woody plants
will have a lower stomatal conductance, whereas natural herbaceous and agricultural plants
will have higher conductance (Bonan, 2002; Kelliher et al., 1995; Körner, 1995). However,
measuring evaporation experimentally with equipment such as weighing lysimeters, portable
assimilation chambers and remote sensing techniques is limited as they can only determine
point values of evaporation, which makes research that cover large areas challenging (Moran,
2004).
Transpiration plays a vital role in determining plant temperature and for monitoring
ecosystem health at the canopy scale. Early studies showed that temperatures of plants would
generally be cooler than air temperature (e.g., Asari and Loomis, 1959; Eaton and Belden, 1929;
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Miller and Saunders, 1923; Waggoner and Shaw, 1952). However, Gates (1964) was one of the
first to identify that transpiration played a role in energy budget of plants and the temperatures
recorded. The work by Gates (1964), led to the understanding that vegetation temperature was
inversely correlated with transpiration rate and stomatal conductance (Fuchs, 1990; Fuchs and
Tanner, 1966; Hernández-Clemente et al., 2019; Möller et al., 2006; Smigaj et al., 2017). As a
result, remote sensing tools have now began utilizing thermal infrared sensors to collect leaf
and canopy temperature measurements as research identified a link between transpiration and
temperature (Monteith and Szeicz, 1962; Moran, 2004).
When plants are under water stress by disease or infection, transpiration rates are
reduced because of stomatal closure, which increases leaf temperature and reduces
photosynthetic activity (González-Dugo, Moran, Mateos and Bryant, 2006; Smigaj et al., 2017;
Smigaj et al., 2019). Using vegetation temperature in this case can be an indicator of vegetation
health. With the current successes in identifying disease spread and impacts of drought on tree
species (e.g., Calderón et al. 2013; Smigaj et al., 2019; Scherrer et al., 2011; Twidwell et al.,
2016), ecosystem managers and governments may look to include RPAs with thermal camera
technology in forest monitoring strategies.

1.3.7. Remotely Piloted Aircrafts and Thermal Infrared Cameras
In terms of forest monitoring and management, remote sensing and RPA technology can
become an attractive complement to mid-altitude aerial and satellite-based data (Tang and
Shao, 2015). Remote sensing technologies began to significantly advance in the 1980s and
1990s following the launch of the first Landsat satellite in 1972. The Landsat program has been
popular for forestry sectors as ecosystem managers can have access to images that cover large
areas, year after year (Tang and Shao, 2015). Using RPA technology is also becoming a popular
tool among ecosystem managers as it can allow for more timely data collection as well as
opportunities for new natural resource management applications (Tang and Shao, 2015). RPAs
can be relatively low cost and come equipped with high resolution remote sensing cameras that
can gather data on forest composition, growth, and much more. They can also be programmed
to fly autonomously by users for consistent data collection (Berie and Burud, 2018).
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RPAs can be used for many applications depending on what they can carry. They can be
mounted with multi-spectral, hyperspectral, and thermal cameras, audio monitoring devices,
liquid sprayers, GPS devices and much more (Tang and Shao, 2015). Within ecological
restoration and ecosystem monitoring, RPAs have been applied in wildlife and freshwater
habitat studies (Sandbrook, 2015), evaluating ecological restoration progress (Hamberg, 2020)
identifying diseased trees and others (Smigaj et al., 2019). In terms of directly supporting
restoration and conservation practices, RPAs can be used to deliver seeds for forest restoration
projects, monitor illegal deforestation activities and identify illegal hunting practices
(Sandbrook, 2015).
Moreover, thermal infrared camera technology designed for RPAs is becoming
increasingly available for research and ecosystem monitoring (Kelly et al., 2019). Thermal
infrared technology can provide users with temperature measurements that can determine
water stress and evapotranspiration levels in vegetation, soil moisture and much more.
Thermal infrared cameras measure radiation in the 8-13 µm wavelengths (Campbell and
Norman, 2000, p. 230). However, cameras can cost $15,000 or more, depending on resolution
and accuracy of radiometric calibration (Kelly et al., 2019). Cheaper thermal cameras are also
usually not radiometrically-calibrated, which means that they can only be used to compare
relative temperature differences represented in raw digital numbers (Kelly et al., 2019). For
cross-image comparison, data normalization or radiometric correction is required as weather
conditions can change rapidly, which can alter the canopy temperatures recorded.
Thermal cameras that have radiometric calibration built in can still have a low
temperature accuracy of ±5˚C. The thermal camera sensors that are made for RPAs usually have
their sensor (focal plane array) composed of uncooled microbolometers (Kelly et al., 2019;
Olbrycht, Wiecek and De Mey, 2012). An uncooled microbolometer is a common type of
infrared radiation detector that is relatively low cost and simple. However, thermal drift, which
are variable offset shifts in the microbolometers’ characteristics, occur which changes to the
radiation energy readings (Olbrycht et al., 2012). As a result, non-uniformity correction of the
thermal signal is required to harmonize the signal response of the focal pane array by taking an
image of the shutter, which is assumed to be identical to the rest of the camera’s structure
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(Kelly et al., 2019; Olbrycht et al., 2012). Yet, Kelley et al. (2019), note that during actual flight
time, the non-uniformity correction can be inaccurate as the exterior of the camera is more
exposed to wind. These factors and others such as changes in ambient temperatures, humidity
and object emissivity can affect temperature measurements of uncooled infrared cameras that
must be corrected for.
Nonetheless, uncooled thermal cameras have been successfully utilized to compare the
spatial and temporal variations in canopy temperature of trees (Berni et al., 2009; GonzalezDugo et al., 2012; Smigaj et al., 2019). In terms of beech bark disease, the only current effective
method at identifying the disease is through in-situ visual inspection of each individual beech
tree. The use of RPAs and miniaturized thermal infrared cameras may become a new strategy at
identifying diseased beech trees at greater scales, as only relative temperatures between
healthy and sick trees need to be compared.

1.3.8. Thermal Stress Indices
Using thermal imagery and stress indices as a method to investigate the effect of water
stress or disease on vegetation surface temperatures is becoming more common practice (e.g.,
Berni et al., 2009; Calderón et al., 2013; Pineda, Barón and Pérez-Bueno, 2021; Smigaj et al.,
2019; Still et al., 2019). For example, research has utilized thermal stress indices to measure
canopy temperature increases in orchard trees under water stress (Ballester et al., 2013; Berni
et al., 2009; Gonzalez-Dugo et al., 2012). Other studies have used remote thermal sensing
methods to identify different land cover types and the effect of heating and cooling on peatland
forest (Iizuka et al., 2018) and to demonstrate the potential of restoring temperate wooded
ecosystems to lower daytime surface temperatures (Hamberg, 2020). With regards to more
naturalized forested areas, studies have shown some success with utilizing thermal stress
indices. To determine drought tolerance in a forested stand, Scherrer et al. (2011) used canopy
temperature depression for their analysis and recorded significant differences in temperatures
of different trees. With regards to using thermal imagery to determine diseases in trees, Smigaj
et al. (2019), found statistically significant correlations between red band needle blight and
canopy temperature depression. Bernie et al. (2009), used the crop water stress index (CWSI) to
measure the effect of different water treatments on olive trees. These remote sensing studies
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indicate that thermal infrared cameras could complement in-situ methods that evaluate plant
stress and health (González-Dugo et al., 2006, Moran, 2004).
As mentioned previously, plant temperature is also affected by a variety of other
environmental variables such as air temperature, wind and soil moisture. Depending on the
type of study, a certain thermal stress index is utilized which provides a relative measure of
plant health by normalizing canopy temperature readings by a certain standard (Leinonen et al.,
2006; Moran, 2004; Pineda et al, 2021). The most used indices include the CWSI and canopy
temperature depression. The CWSI measures the relative transpiration rate at a given point in
time to normalize against other environmental effects (Idso et al., 1981; Jackson et al., 1981).
According to Pineda et al. (2021), the CWSI relies on “two baselines: (Tcanopy − Tair)wet as the
estimated difference for a well-watered plant, and (Tcanopy − Tair)dry for a dry (non-transpiring)
plant” (p.2). Canopy temperature depression is another common thermal stress index that can
be used which normalizes canopy temperature to air temperature (Smigaj et al., 2019). Many
other stress indices have been used which have obtained scientific acceptance and those
include the stress degree day, the maximum temperature difference, and the water deficit
index (Idso et al., 1977; Jackson et al., 1977; Lindenthal et al., 2004; Moran et al., 1994; Moran,
2004).
With regards to studies utilizing RPAs equipped with thermal imaging technology, the
literature available at the time of writing is becoming increasingly common. Those that have
used RPAs with thermal infrared imaging cameras have focused on monitoring water stress in
orchards and monoculture tree plantations (Berni et al., 2009; Iizuka et al., 2018; Ludovisi et al.,
2017), identifying the effects of disease in orchards and monoculture trees plantations
(Calderon et al., 2013; Smigaj et al., 2019), determining the effect of ecological restoration on
surface temperature readings (Hamberg, 2020) and analyzing drought tolerance in a mixed
deciduous forest stand (Scherrer et al., 2011). However, the methods used, and flight
campaigns conducted by these researchers varied.
Table 1 details some relevant literature that have investigated the potential of RPAs and
thermal imaging technology to study how changes in vegetation health or ecosystem structure
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impacted canopy temperature readings. The type of species or ecosystem being studied, varied:
some studies examined the effect of a specific treatment on surface temperature change of
olive trees (Bernie et al., 2009) and experimentally restored plots (Hamberg, 2020); others
investigated the impact of an invasive pest or pathogen on tree canopy temperature change
(Calderón et al., 2013; Smigaj et al., 2019); and some investigated how drought (Ludovisi et al.,
2017; Scherrer et al., 2011) and spatiotemporal changes (Iizuka et al., 2018) effected
temperature readings of trees. Depending on the study and RPA technology available at the
time, the number of RPA flights undertaken varied. Most notably, Bernie et al. (2009), only
completed one RPA flight campaign for their study, whereas Hamberg (2020), completed five
RPA campaigns in July of 2019 and four in September of 2019. For each flight campaign,
Hamberg (2020) took images twice per hour at 12, 2, 4 and 8pm. This difference in flights
conducted between Hamberg (2020) and the others could have been a result of a variety of
factors; however, the study from Hamberg, required relatively more images to determine the
effects of ecosystem change from restoration over time and to confirm the consistency of the
data collected. Studies by Bernie et al. (2009) and Smigaj et al. (2019) required less image
collection and flights as conclusions on surface temperature variations between subjects could
be determined in a shorter time frame. Lastly, not all studies utilized a thermal stress index
(Hamberg, 2020; Iizuka et al., 2018), however those that did, studied the effects of drought
(Bernie et al., 2009; Ludovisi et al., 2017; Scherrer et al., 2011), or pathogens (Calderón et al.,
2013; Smigaj et al., 2019) on canopy temperature change.
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Table 1: Studies that have investigated the use of RPAs and thermal camera technology on vegetation, the number of flights
conducted and the thermal stress index that was used

Authors
Iizuka et al.,
2018

Calderón et
al., 2013
Bernie et al.,
2009
Ludovisi et
al., 2017
Smigaj et al.,
2019

Hamberg,
2020

Scherrer et
al., 2011

Study
Visualizing the Spatiotemporal Trends of
Thermal Characteristics in a Peatland
Plantation Forest in Indonesia: Pilot Test
Using Unmanned Aerial Systems (UASs)
High-resolution airborne hyperspectral
and thermal imagery for early detection of
Verticillium wilt of olive using
fluorescence, temperature and narrowband spectral indices

Species/ecosystem studied

Sample size/observation
area

Monoculture Tree Plantation
of Northern Wattle (Acacia
crassicarpa)

The size of the study site was
about two acres

Olive Trees (Olea europaea L
cv. ‘Arbequino’)

A total of 25 trees; each
given a health rating on a
scale of 0 to 4.
A total of 108 trees. Trees
were categorized based on
one of the three dripirrigation treatments applied.

RPA-Based Thermal Imaging for HighThroughput Field Phenotyping of Black
Poplar Response to Drought

Black poplar (Populus nigra L)

Two separate water
treatments on a population
of 4603 trees.

Canopy temperature from an Unmanned
Aerial Vehicle as an indicator of tree stress
2 associated with red band needle blight
severity

Monoculture tree plantation of
Scots pine (Pinus sylvestris)

A total of 60 trees in a
1200m^2 area

Experimental restored plots of
temperate wooded ecosystems
Six deciduous tree species
(Acer pseudoplatanus, Fagus
sylvatica, Tilia platyphyllos,
Fraxinus excelsior, Prunus
avium and Quercus petraea)

A total of 20 experimentally
restored plots and 35 control
plots
Four study sites consisting of
diverse tree species (two
'dry' and two 'moist' sites). A
total of 184 trees were
sampled.

Mapping canopy conductance and CWSI in
olive orchards using high resolution
thermal remote sensing imagery

The effect of ecosystem change,
restoration, and plant diversity on
thermally imaged surface temperature
Drought-sensitivity ranking of deciduous
tree species based on thermal imaging of
forest canopies

Olive trees (Olea europaea L
cv. ‘Arbequina’)
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Number
of flights

Thermal Stress
Index Used

Four
flights in
two days
10
flights
over
three
years

Not applicable
Crop Water
Stress Index and
Canopy
Temperature
Depression

One
flight

Crop Water
Stress Index

Two
flights in
one day

Stress
Susceptibility
Index

Six
flights in
one day
98
flights
across
nine
days
Three
flights
over
four
weeks

Canopy
Temperature
Depression

Not directly
identified

Canopy
Temperature
Depression

Applications of thermography in forests have been limited because of the low-resolution
imagery captured by satellites (Smigaj et al., 2019). Airborne piloted aircrafts have been used to
gather higher resolution data; however, it is expensive and time restricted (Smigaj et al., 2019).
Fortunately, RPAs that can gather high spatial resolution data are becoming more inexpensive
and more accessible. Much of the literature reviewed here has proven the potential of thermal
imagery and thermal stress indices to identify diseased and water stressed vegetation. Research
continues to expand with novel work by Hamberg (2020), which shows the potential of this
method to investigate the effects of ecological restoration and reorganization on surface
temperature readings. However, with regards to the monitoring of invasive pests and disease
spread in forests, more research is needed. Furthermore, the majority of RPA and thermal
imagery-based research has investigated the effects of pests and disease in monocrop
plantations (Calderón et al., 2013; Smigaj et al., 2019), rather than in more naturalized forest
settings. Other forest pests and diseases, such as the emerald ash borer, hemlock woolly
adelgid and beech bark disease, and the effects on surface temperature changes have not yet
been studied using RPAs and thermal imaging technology.
Revolutionizing forest pest and disease monitoring requires additional research on the
potential of RPA and thermal imaging technology. In Canada, remote sensing options are being
considered, though there is still a lack of guidance on the potential for RPA and thermal camera
technology to monitor the numerous pest and disease spread in various tree species (CCFM,
2012; CCFM, 2019). With the spread of invasive forest pests and disease not slowing, evaluating
the success of RPAs with thermal camera technology for monitoring is needed. This study builds
on the research reviewed in this chapter to investigate the use of RPAs and thermography to
determine the relationship of American beech tree health and canopy temperature depression.
The results gathered from this study can guide the NDMNRF and the CCFM on whether RPAs
equipped with thermal camera technology may be a useful tool for monitoring American beech
tree health in Canada.
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Chapter 2. Study Design, Results and Conclusions
2.1. Methodology
2.1.1. Conceptual Framework
RPA-borne thermal imagery can assist ecosystem managers in identifying diseased and
dying trees. American beech trees take in incoming shortwave radiation from the sun for
photosynthesis. This energy is used primarily for transpiration and to regulate the internal
temperature of the tree (Hoffmann et al., 2016; Smigaj et al., 2019). To study the effect of
deteriorating health, an RPA was used to compare how the canopy temperature of healthy
beech trees differ to diseased beech trees. Generally, when vegetation has been under water
stress by factors such as drought and pest infestation, transpiration rates will be reduced and
will increase leaf temperature (González-Dugo et al., 2006; Smigaj et al., 2017; Smigaj et al.,
2019). American beech tree health was recorded using a health ranking system developed by
Griffin et al. (2003). Canopy temperature depression was calculated, which normalized canopy
temperature readings to air temperature for the analysis (Smigaj et al., 2019). Canopy
temperature depression was then compared against tree health using scatter plots, ANOVA and
post-hoc tests. The analyses showed whether canopy temperatures for beech trees
characterized as healthy differ significantly in comparison to those characterized as fair and
poor in condition. The results from this study can inform ecosystem managers and
conservationists on the potential of this methodology to better detect diseased American
beech trees and to improve forest management. The framework for this study design is
depicted in Figure 4.
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Figure 4: Conceptual framework of tree health monitoring using RPA and thermal infrared
technology

2.1.2. Study Site
This study was located in the rare Charitable Research Reserve in Cambridge, Ontario (Figure 5).
The rare Charitable Research Reserve is an urban land trust and environmental institute that is
managed by staff and volunteers, and is funded through grants, individual donations, and
foundations. Staff and volunteers manage and maintain over 365 hectares of sensitive
landscape such as woodlands, meadows, marshes, and swamps. The plots established in this
study were located in the Cliffs and Alvars, which is classified as a Maple-Beech deciduous
forest, and the Ancient Woods, which is classified as a Sugar Maple-Oak deciduous forest
(Woodcock et al., 2020) (Figure 5). The Cliffs and Alvars forest contain a variety of trees species,
shrubs, and wildflowers on a limestone plain, that is directly adjacent to the Grand River;
whereas the Ancient Woods combines a deciduous-mixed swamp and an old-growth upland
forest, consisting of red and white oaks, pine, and beech trees (Figure 5).
Within the research reserve, eight sampling plots with American beech trees were
established in this study. In the summer of 2020, plots one to four were set up, consisting of a
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total of 20 beech trees (Figure 5). In the following year, an additional four plots were
established, increasing the total number of beech trees sampled and analyzed to 29. Seven
plots were established in the Cliffs of Alvars forest (Figure 5b), whereas only one was
established in the Ancient Woods (Figure 5a). Each of the eight plots were established using an
adaptive cluster sampling approach. An adaptive cluster sampling approach was used to
maximize the number of American beech trees sampled for this study. Most of the trees in
plots two and three consisted of only beech trees whereas the other plots consisted of maple,
cherry, birch and oak as well. Additionally, the approach used to create the plots aimed to
include an even distribution of healthy and diseased trees to better understand the relationship
of canopy temperature with American beech tree health.
Originally, two plots were established in the Ancient Woods in the summer of 2020
(Figure 5a), but plot five had to be removed from the study as identifying the beech trees in the
RPA imagery proved difficult. Furthermore, plot eight, which was set up in the summer of 2021
(Figure 5b), originally consisted of five sampled beech trees; however, only one tree was
identified in the RPA imagery which was used in the final analysis. Several factors led to the
exclusion of plot five and the four beech trees in plot eight: the beech trees were not the
dominant canopy cover and the full canopy could not be identified in the final imagery; the
surrounding trees were similar in height to the sampled beech trees yet only portions of the
tree canopy could be visible in the final imagery; and some of the sampled beech trees could
not be accurately delineated as the canopy layer was densely compacted with various other
tree species.
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(b)
(a)

Figure 5: Location of research at Rare Charitable Research Reserve in southern Ontario, Canada, along with plots with identified
beech Trees for the study. Yellow pushpins represent plots established in 2020. Red pushpins represent plots establish in summer
2020. Red pushpins represent plots establish in summer 20201. Plot 1 was established in Ancient Woods (a). The remaining seven
plots were established in the Cliffs and Alvars forest (b)
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2.1.3. Canopy Temperature and Weather Data Acquisition
A DJI Matrice 200 Series V2 RPA-equipped with the DJI Zenmuse XT2 gimbal and camerahousing system was used for this study. A FLIR Tau 2 radiometrically calibrated uncooled micro
bolometer thermal camera was used to collect canopy temperature measurements. The
thermal camera had a 640 x 512 resolution, 30 hertz frame rate, a 13 millimeter wide-angle
focal length and a 45 x 37˚ field-of -view. The thermal camera operated in the single 7.5-13.5
micrometer (µm) spectral band, had a pixel pitch of 17µm and a noise equivalent temperature
difference of <50 millikelvin. In addition, the Zenmuse XT2 was fitted with an optical camera
operating in the visual spectrum, allowing for visual imagery to be captured simultaneously
with the thermal imagery. Simultaneous visual imagery collection was beneficial as it allowed
for the images captured to be directly compared with the thermal imagery and to accurately
delineate individual tree canopies in the imagery. The RPA was flown at a relative altitude of 80
meters above the take-off location. The size of the pixels from the thermal images collected
was approximately 9-11cm2.
Since detection of disease severity in woody plants by RPA has only recently been
considered, few studies have indicated the number of RPA campaigns required for accurate
analysis of data. Based on recent literature, RPA flights completed per study ranged from just
one to over 90 (Berni et al., 2009; Calderon et al., 2013; Hamberg, 2020; Iizuka et al., 2018;
Ludovisi et al., 2017; Smigaj et al., 2019). The aim for this study was to complete as many flights
as possible to determine the relationship of CTD and American beech tree health. In August of
2020, thermal imagery was collected at Rare Charitable Research Reserve, over four different
plots containing a total of 20 unique trees. Thermal data was retrieved on five different days:
August 6th, 7th, 15th, 19th, and 26th. In the following year, an additional four plots were added to
the study and brought the total number of trees sampled to 29. Thermal imagery was collected
over eight different plots in 2021 on three different days: August 2nd, 3rd, and 4th.
For this study, the RPA was flown at two different times during the day to coincide
closely with solar noon. Depending on cloud cover, wind speeds and other weather conditions,
flights generally occurred between the hours of 1230-1330 and then at 1330–1430. Smigaj et al.
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(2017), indicated that thermal imagery should be captured when solar radiation levels and
ambient temperatures is greatest, as evaporative demand is theorized to be at a maximum.
Capturing imagery when these levels are greatest is ideal as this will maximize the temperature
differences seen between tree canopies (Simgaj et al., 2019). RPA flights for this study were
completed on days with varying weather conditions, though most days consisted of relatively
little cloud cover, high temperatures and low winds. However, on August 26th, 2020, only one
flight between 1230-1330 was completed due to the onset of inclement weather later in the
afternoon. Similarly, on August 2nd at 1330-1430, the cloud conditions rapidly changed during
the flight, which affected the temperature readings, and had to be excluded from the final
analysis. Air temperature measurements were extracted from a meteorological weather station
at the Region of Waterloo Airport, which was located approximately 8.9 kms away from the
site.

2.1.4. American Beech Tree Health Interpretation
One of the most prominent diseases impacting American beech trees in North America is beech
bark disease (BBD). Most of the trees sampled in this study either show current infection or
previous indications of infection from BBD. Beech bark disease can be separated into three
distinct phases: 1) beech scale infestation, 2) pimple development and 3) Nectria fungi cankers.
Initially, the beech scale insect will create small feeding wounds into the bark of the tree. This
scale insect is only mobile when it is a crawler, which is the immature stage of its life cycle and
the first phase of BBD (McLaughlin and Greifenhagen, 2012). Following the infestation stage,
the crawlers will develop into its adult form and will subsequently be covered in a “white wool”
or pimples on the outer bark of the tree. This second phase of the disease can be present on
the tree for 2-10 years before the last phase begins which is where the Neonectria fungus
infection develops in the feeding wounds of the beech scale. The development of cankers is the
last phase and can be characterized as “dead spots” that will manifest on the main stem and
branches of the tree. Fruiting bodies of the fungus, also known as perithecia, will also develop
on the cankers in the late summer and fall. These fruiting bodies will enlarge the size of the
canker and further diminish the vigor of the tree. Symptoms of this disease is wide ranging but
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can generally lead to outer bark loss, limb loss, reduced foliage in the upper canopy and severe
bark cracking (McLaughlin and Greifenhagen, 2012).
To determine whether a beech tree is healthy or declining in health, a visual inspection
of the tree was performed. If the tree was declining in health, various characteristics were
noted: the phase of BBD was identified (i.e., beech scale infestation, pimple development and
Neonectria cankers) and the percent that it covered four meters up the main tree stem from
the bottom was recorded based on visual observation; estimates were taken on the number of
dead and decaying middle and upper branches of the tree; bark cracking/girdling was estimated
up to about 12-15 meters of the main stem from the bottom; and canopy coverage was
estimated as a percentage based on RPA visual imagery. By evaluating the various health
characteristics of each sampled beech tree, a health level was given on a scale between 0-3, as
represented in Figure 6. This ranking system was adopted from Griffin et al. (2003), which
guides this research on evaluating American beech tree health.

Figure 6: Ranking of BBD level adopted from Griffin et al., 2003

Trees that were given a health ranking in 2020 were revaluated again in 2021 to identify
any significant changes from the trees. All trees except for two trees in plot 1 were adjusted to
a “Level 2” ranking from “Level 1”, as the canopy appeared less than 75% intact in the second
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year of RPA data collection (Figure 7) (Griffin et al., 2003). This change was applied in the data
analysis for the RPA data collected in 2021. Of the 29 identified trees for this study, six were
given a “Level 1” ranking (considered as “Healthy”), 13 a “Level 2” ranking (considered as
“Fair”) and ten a “Level 3” ranking (considered as “Poor”). No trees were given a “Level 0”
ranking in this study.
(b)

(a)

Figure 7: The two trees which had their health level adjusted from “Level 1” in 2020 (a)
to “Level 2” in 2021 (b) as the canopy appeared less than 75% intact in 2021

2.1.5. Data processing and Statistical Analysis
The software used to perform the data processing and analysis was FLIR Thermal Studio and R
Studio. To delineate individual tree canopies from one another, thermal images were overlaid
on to the corresponding visual images to identify the beech tree canopies. To avoid
temperature influence from understory vegetation, a buffer was used to exclude canopy edges
of the tree. Smigaj et al. (2019), used a buffer of at least two pixels for the tree canopy, which
was applied here. Once trees were delineated, average temperatures of the canopies were
extracted. Canopy temperature depression, which normalizes canopy temperature with
reference to air temperature, was calculated for each tree by performing the calculation Tcanopy
– Tair (Smigaj et al., 2019). Since this study is investigating relative temperature differences in
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canopies, absolute temperature readings were not necessary for this study. Using these data,
the relationship between canopy temperature and beech tree health was identified.

2.1.6. Delineating Beech Tree Canopies
Beech tree canopies were delineated manually using the Flir Thermal Studio software. To avoid
edge effects and effects from understory vegetation, canopy temperature data was extracted
from areas that were fully covered by leaves and away from canopy edges using a buffer of at
least two pixels (Smigaj et al., 2019). During each flight campaign two pictures were taken over
each plot with approximately a one-minute gap between each picture that was captured over
the same plot. Images that were taken over the same plot, during the same flight hour of the
same day were extracted and averaged before analysis as a method of technical replication.
Many of the more diseased trees had several gaps in their tree canopies, along with dead
branches. To get an accurate sense of the canopy temperature of the tree, the gaps and dead

Figure 8: An example of how canopy temperature measurements of each tree were extracted.
The outlines in black indicate an individual American beech tree canopy. Blue dots are
displayed where temperatures are coolest and red dots displayed where temperatures are
warmest on each canopy
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branches were avoided when extracting canopy temperature measurements. An example of
how canopy temperature of each individual American beech tree in each plot was extracted is
presented in Figure 8.

2.2. Results
2.2.1. Testing Assumptions
To determine whether a parametric or non-parametric statistical test was used to analyze the
data, the assumptions of normality and equal variances were tested. The Shapiro-Wilk test was
used to test normality as sample size of trees analyzed in 2020 and 2021 was small (20 and 29,
respectively). Although the power of the Shapiro-Wilk test may be weak with smaller sample
sizes, it performs the best compared to other normality tests (Razali and Wah, 2011). Based on
the results in Table 1, the assumption of normality is met for all flight campaigns, except for the
flight completed on August 7th at approximately 1330-1430.
Table 2: Testing normality of the canopy temperature depression sample data with the ShapiroWilk test. Sig. (p) value is compared to the alpha level (a priori). A p < 0.05 indicates that the null
hypothesis is rejected, and the sample is non-normally distributed
Shapiro-Wilk
Date and Approx. Time of Flight
August 6, 2020: 1230-1330
August 6, 2020: 1330-1430
August 7, 2020: 1230-1330
August 7, 2020: 1330-1430

Statistic (W)
0.946
0.937
0.956
0.825

Sig.
0.315
0.209
0.469
0.002

August 15, 2020: 1230-1330

0.963

0.608

August 15, 2020: 1330-1430

0.927

0.137

August 19, 2020: 1230-1330

0.909

0.061

August 19, 2020: 1330-1430

0.950

0.363

August 26, 2020: 1230-1330

0.955

0.456

August 2, 2021: 1230-1330

0.986

0.954

August 3, 2021: 1230-1330

0.989

0.989

August 3, 2021: 1330-1430

0.951

0.190

August 4, 2021: 1230-1330

0.944

0.127

August 4, 2021: 1330-1430

0.960

0.322
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To test the assumption of equal variance, the Levene’s test was used (Gastwirth, Gel and Miao,
2009). Based on the results in Table 2, the assumption of equal variance was met for all flight
campaigns, except for the flight campaign completed on August 7 at approximately 1330-1430
and August 15 at approximately 1230-1330 for the 2020 field season.
Table 3: Testing the homogeneity of variances for the canopy temperature depression sample
data using Levene’s Test. Sig. (p) value is compared to the alpha level (a priori). A p < 0.05
indicates that the null hypothesis is rejected, and the assumption of equal variance is violated
Levene’s Test
F-value
1.02

Date and Approx. Time of Flight
August 6, 2020: 1230-1330

Df
2

August 6, 2020: 1330-1430

2

0.61

0.56

August 7, 2020: 1230-1330

2

1.14

0.34

August 7, 2020: 1330-1430

2

3.92

0.04

August 15, 2020: 1230-1330

2

8.64

<0.01

August 15, 2020: 1330-1430

2

1.06

0.37

August 19, 2020: 1230-1330

2

1.47

0.26

August 19, 2020: 1330-1430

2

1.45

0.26

August 26, 2020: 1230-1330

2

0.27

0.77

August 2, 2021: 1230-1330

2

0.29

0.76

August 3, 2021: 1230-1330

2

2.51

0.10

August 3, 2021: 1330-1430

2

0.17

0.85

August 4, 2021: 1230-1330

2

0.68

0.52

August 4, 2021: 1330-1430

2

1.50

0.24

Sig.
0.38

2.2.2. Canopy Temperature Depression and Health Level
The canopy temperature depression values (Tcanopy – Tair) of each individual American beech
tree were extracted for each flight and compared against their associated health level.
Scatterplots comparing the relationship of CTD to American beech health levels for the 2020
and 2021 field seasons are displayed in Figure 9 and Figure 10, respectively. The colour of the
dots in each scatterplot are used to identify which forest plot the tree is from. To identify
trends, the coefficient of determination (R2) was identified for each flight, which showed weak
correlations overall between CTD and American beech tree health levels. The R2 values for each
flight ranged from -0.25 to 0.29, indicating no clear relationship between canopy temperature
depression and beech tree health level.
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)
Figure
displaying the) canopy temperature depression
) values )against
) 9: Scatterplots
)
estimated health level of American beech trees, as well as their respective R2, at Rare
Charitable Research Reserve in 2020 at approximate times: (a) August 6th at 1230-1330; (b)
August 6th at 1330-1430; (c) August 7th at 1230-1330; (d) August 7th at 1330-1430; (e) August
15th at 1230-1330; (f) August 15th at 1330-1430; (g) August 19th at 1230-1330; (h) August 19th
at 1330-1430; (i) August 26th at 1230-1330
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b
(c) August 3rd at 1330-1430; (d) August 4th at 1230-1330; (e) August 4th at 1330-1430
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2.2.3. Analysis of Variances
After determining the distribution of the data and the equality of the variances, a parametric or
a non-parametric test was used to evaluate whether the different health levels differed from
Figure 6:with
Scatterplots
the CTD
values against
estimated
Health
Rank of American
one another
regards displaying
to the canopy
temperature
depression
values
recorded.
For this

Beech trees at Rare Charitable Research Reserve at approximate times: (a) August 2nd at 12:30study,
a one-way
Analysis
of Variance (c)
(ANOVA)
for the analysis
if the
Shapiro-Wilks
13:00;
(b) August
3rd at 12:30-13:00;
August was
3rd atused
13:30-14:00;
(d) August
4th at
12:30-13:00;
th
(e) August 4 at 13:30-14:00.

test indicated no significant differences in the raw data and the Levene’s test showed the

variances were equal (Table 3). However, if the variances were not equal (i.e., the Levene’s test
Figure 6: Scatterplots displaying the CTD values
36 against estimated Health Rank of American
Beech trees at Rare Charitable Research Reserve at approximate times: (a) August 2nd at 12:3013:00; (b) August 3rd at 12:30-13:00; (c) August 3rd at 13:30-14:00; (d) August 4th at 12:30-13:00;
(e) August 4th at 13:30-14:00.

failed) then a Welch’s ANOVA was used (Table 4). A post-hoc test (i.e., a pairwise t-test) was
used for data from the ANOVAs that showed statistically significant (Sig. < 0.05) differences in
canopy temperature depression readings between the three separate health levels (Table 5).
The results from the one-way ANOVA show no statistically significant (Sig. < 0.05)
differences in canopy temperature depression readings between the three distinct health levels
on the dates presented in Table 4. Therefore, there is no sufficient evidence to suggest that
there is a statistically significant difference between the means of the three groups.
Table 4: One-way ANOVA analyzing the differences between the means of Healthy, Fair and
Poor American beech trees for the flights where all assumptions were met
Sum of
Mean
One-way
the differences between the
Date and ANOVA
Approx.analyzing
Time of Flight
Df means of Healthy, Fair and Poor
F American
Sig.
Squares
Square
Beech trees for the flights where all assumptions were met
Health Level
2
0.72
0.36
0.49
0.62
August 6, 2020: 1230-1330
Residuals
17
12.54
0.78
August 6, 2020: 1330-1430
August 7, 2020: 1230-1330
August 15, 2020: 1330-1430
August 19, 2020: 1230-1330
August 19, 2020: 1330-1430
August 26, 2020: 1230-1330

Health Level

2

8.86

4.43

Residuals

17

28.14

1.65

Health Level

2

3.08

1.54

Residuals

17

13.85

0.82

Health Level

2

3.11

1.56

Residuals

17

11.94

0.7

Health Level

2

3.63

1.82

Residuals

17

30.99

1.82

Health Level

2

3.79

1.90

Residuals

17

45.27

2.66

Health Level

2

0.46

0.23

Residuals

17

3.05

0.18

2.68

0.10

1.89

0.18

2.21

0.14

0.99

0.39

0.71

0.50

1.29

0.30

1.66

0.21

Health Level

2

1.44

0.72

August 2, 2021: 1230-1330

Residuals

26

11.30

0.43

Health Level
Residuals

2
26

2.08
47.05

1.04
1.81

0.58

0.57

August 3, 2021: 1230-1330

Health Level
Residuals

2
26

2.41
88.73

1.21
3.42

0.35

0.71

August 3, 2021: 1330-1430

Health Level
Residuals

2
26

1.21
108.43

0.60
4.17

0.15

0.86

August 4, 2021: 1230-1330

Health Level
Residuals

2
26

4.90
47.49

2.45
1.83

1.34

0.28

August 4, 2021: 1330-1430
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Statistically significant (Sig. < 0.05) differences in canopy temperature readings
between the three separate health levels on August 7th and August 15th at approximately 12301330 and 1330-1430 were observed, respectively (Table 5). Therefore, we reject the null
hypothesis and conclude that there is a statistically significant difference between the canopy
depression means between at least one of the three groups.

Table 5: Welch’s ANOVA analyzing the differences between the means of Healthy, Fair
and Poor American beech trees on August 7th and August 15th at approximately 12301330 and 1330-1430
Num.
Df

Date and Approx. Time of Flight
Flight Date and Time
August 7, 2020: 1330-1430
August 7, 2020: 1330-1430
August 15, 2020: 1230-1330
August 15, 2020: 1230-1330

Canopy Temperature Num.f
Depression against
2
Canopy
Temperature
Health
Level
Depression against
2
Canopy Temperature
Health Rank
Depression against
2
Canopy
Temperature
Health
Level
Depression against
2
Health Rank

Denom.
Df
Denom.
Df
7.31

F

Sig.

F
5.39

Sig.
0.036

7.31

5.39

10.14

14.81

10.14

14.81

0.036
0.001
0.001

A post
hoc pairwise
indicated
that the between
health level
2 (“Fair”)
is most different
Table
4: Welch’s
ANOVA t-test
analyzing
the differences
the means
of Healthy,
Fair and from
Poor
American
Beechand
trees
on 1
August
15th at approximately
1230-1330.
health
level
3 (“Poor”)
level
(“Healthy”)
based on canopy
temperature measurements
taken on August 7th at approximately 1330-1430 (Table 6). However, these values do not
Tablea8:statistically
Welch’s ANOVA
analyzing
the differences
between
the means
of Healthy,
Fair and
indicate
significant
difference,
given an
alpha level
of 0.05.
Canopy temperature
Diseased American Beech trees on August 15th at approximately 12:30-13:00.

depression measurements of “Fair” beech trees ranged from 1.35˚C to 5.1˚C; -4.1˚C to 4.4 ˚C for
“Healthy” beech trees; and -4.4˚C to 4.05˚C for “Poor” beech trees (Figure 9). Given an alpha
level of 0.05, American beech trees that are “Fair” in health are significantly different to “Poor”
American beech trees on the August 15th flight at approximately 12:30-13:30 (Table 6). CTD
measurements of “Fair” beech trees ranged from -3.7˚C to -2.15˚C and -1.8˚C to -1.25˚C for
“Poor” beech trees (Figure 9).
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Table 6: Post hoc Pairwise t-test evaluating which health group(s) is/are significantly
different based on canopy temperature depression means. Values presented in the table
are the Sig. (p) values comparing one group against the other. P-value adjustment
method: Bonferroni
Date and Approx. Time of Flight

Healthy

Fair

Fair

0.12

-

Poor

1

0.17

Fair

0.53

-

Poor

1

0.01

August 7, 2020: 1330-1430

August 15, 2020: 1230-1330

2.3. Discussion
2.3.1 Relationship of American Beech Health and Canopy Temperature
Increasing American beech tree canopy temperatures were not observed in trees with
deteriorating health conditions. Weak correlations between canopy temperature depression
and health level may indicate that the health characteristics measured (i.e., presence of beech
bark disease, canopy crown damage/loss, loss of tree limbs and bark cracking/girdling) has little
to no effect on increasing temperatures (Figure 5 and Figure 6). The one-way ANOVA
performed for most flights (12 out of 14) showed that canopy temperature readings did not
significantly change based on the recorded tree health levels. For the two flights that showed
statistically significant differences in canopy temperature readings between the three separate
health levels, the flight on August 7th at approximately 1330-1430 showed that trees with the
health level “Fair” was most different from “Poor” and “Healthy” and the flight on August 15th
at approximately 1230-1330 showed that “Fair” in health trees were significantly different to
“Poor”. However, no meaningful conclusions were drawn from these results, as these were the
only two flights that showed any significant differences and were not consistent with one
another. These findings contrast studies that found strong correlations with declining
tree/plant health and increasing surface temperature readings in woody plants (Calderón et al.,
2013; Hais and Kučera, 2008; Smigaj et al., 2019).
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The scatterplots in Figure 5 and Figure 6 also provide no evidence of a correlation
between deteriorating tree health and increasing canopy temperatures as some charts
indicated canopy temperatures decreasing with declining beech tree health and others
indicated increasing canopy temperatures with declining beech tree health. It was anticipated
that declining tree health would be associated with higher canopy tree temperatures,
particularly in trees showing severe impacts from beech bark disease. Diseases effecting the
stem, roots and canopy of the plants can lead to water stress, resulting in leaf stomatal closure
(Burdon, 1987; Jones, 1999). Diseased plants tend to experience stunted growth, reduced leaf
area and diminished vigor compared to healthy individuals (Burdon, 1987). As a result, canopy
temperatures of plants rise as transpiration rates are reduced by disease-induced water stress
(Fuchs, 1990; González-Dugo et al., 2006; Idso et al., 1981; Jackson et al., 1981; Smigaj et al.,
2017; Smigaj et al., 2019).
However, results from this study may indicate a disconnect between the canopy
temperatures gathered and factors such as beech bark disease, bark deterioration and limb loss
of beech trees. Despite aggressively impacting some trees, severe effects, such as late-stage
beech bark disease, did not lead to a significant increase in canopy temperature readings. This
may indicate a lag in the time it takes for beech bark disease and other bark related damage to
affect the canopy temperature, or it is possible that impacts to the bark and tree limbs do not
significantly impact leaf temperature. It is also likely that individual tree health is being
impacted by the surrounding environment, such as the other tree species, the soil conditions
and canopy architecture (Fichtner et al., 2017; Kimes, 1980; Morin et al., 2011).
In previous studies that examined the effects of disease and pathogen spread in plants,
there has been a focus on impacts at the leaf level and the subsequent effect on canopy
temperature. Berdugo et al. (2014), found higher maximum temperature differences from
powdery mildew disease spread on cucumber leaves than viral diseases. Another related study
performed by Smigaj et al. (2019), found increasing correlations of increased tree foliage
damage from a tree pest and canopy temperatures using a UAV. Calderón et al. (2013), also
discovered a significant relationship between increasing Verticillium wilt severity and increasing
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canopy temperature readings in olive trees. Similarly, Hais and Kučera (2008) were able to use
satellite thermal imagery to distinguish healthy spruce forests with those infested with bark
beetles. Although bark beetles attack the stem of the spruce trees, the foliage of the tree
becomes noticeably wilted and then brown after 18 months (Natural Resources Canada, 2015).
The results from these studies may indicate a stronger correlation with leaf damage/wilting and
canopy temperature readings versus bark deterioration, limb loss and reduced canopy area. To
better understand the relationship of overall American beech tree health and canopy
temperature, future research must consider whether characteristics such as outer bark
deterioration and limb loss have a detectable effect on canopy temperature readings or not.
To improve upon the current study design, limiting confounding factors may improve
our understanding of the relationship between American beech tree health and canopy
temperature. For example, early studies have shown that air temperature, relative humidity
and wind can affect canopy temperature readings (Ansari and Loomis, 1959; Eaton and Belden,
1929; Smigaj et al., 2019; Waggoner and Shaw, 1952). Generally, increasing air temperature,
decreasing relative humidity, and increasing wind speeds can increase transpiration rates of
vegetation (Smigaj et al., 2019; Spellman, 2014). Because of the many factors effecting
transpiration, it is ideal to capture the entire sample of trees in one image to avoid the effects
of weather-related confounding variables. However, due to the large study area size, it was not
possible to capture the entire sample in a single image for each flight campaign. Capturing all
the sampled trees in one image would have required a special flight operations certificate as
the RPA would have to fly over the 122-metre limit set out by Transport Canada for those
holding a basic operations pilot certificate (Government of Canada, 2021). Going forward,
acquiring a special flight operations certificate to capture the entire sample set of trees in single
images could be explored and can lead to a better understanding of the relationship of canopy
temperature and American beech tree health.
Since thermal images are captured over each plot at short intervals during each flight,
determining the effects of certain weather and site variables on canopy temperature
depression readings would require future researchers to collect weather measurements for
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each plot at the time of image capture. Although air temperature has great influence on canopy
temperature readings, other factors such as wind and vapor pressure deficit may influence
measurements. Wind speeds can influence the air boundary layer surrounding the leaves of a
plant which can affect the heat exchange between the air and the leaves (Nobel, 2020). Vapor
pressure deficit can also result in increased plant water stress as transpiration rates increase
with increasing atmospheric vapor pressure deficits up to a point (Grossiord et al., 2020). For
example, Smigaj et al. (2019), found that the differences in canopy temperature readings of
healthy versus diseased Scots pine trees were most attenuated at times of peak wind speeds
and vapor pressure deficit values. Going forward, it would be beneficial to examine the effects
of wind, vapor pressure deficit and other variables on American beech tree canopy
temperatures by running statistical tests, such as a multiple regression or a partial least squares
regression, to determine whether these variables have a significant impact on canopy
temperature readings or not. Factors such as wind, vapor pressure deficit and others were
originally considered, however constraints in time and access to equipment during the Covid
pandemic limited further data collection on these variables.
Apart from weather effects on image capture, study site characteristics can influence
canopy temperature measurements. Although the setting of this study took place in seminatural mixed forest stands in Cambridge, Ontario, performing a similar study in a more
controlled environment could lead to more consistent results and less effects from confounding
variables. However, the setting for this study was chosen by design, as results from seminaturalized locations can better inform ecosystem and forest managers of the tree monitoring
possibilities with drones and thermal imaging in similar settings. Sites in Mississauga, Ontario
was also selected for this study but had to be excluded as Covid-19 protocols restricted travel
to locations outside of my public health unit. Furthermore, additional tools could have been
applied, such as LiDAR and hyperspectral sensing and DNA analysis techniques to identify and
confirm tree fungi. However, Covid-19 protocols made it challenging to access additional
equipment and to collaborate with others.
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Furthermore, it may be beneficial to undertake thermal imaging campaigns over a
longer time frame during the growing season to get a better understanding on the factors
effecting canopy temperatures of beech trees. RPA flights were performed in August of 2020
and 2021 for this study. However, taking thermal measurements during spring may have
yielded different results, given that there are less hours of sunlight, generally lower air
temperatures, and higher soil water availability due to recent snow melt. For example, Scherrer
et al. (2011), found that relatively high canopy temperature readings can be associated with
increased drought conditions in a deciduous forest. Although soil water potential and
availability were not measured during the flights performed for this study, drought conditions
could have influenced the canopy temperature measurement recorded. Therefore, future
research can consider taking thermal measurements in the spring, following leaf-out, to better
understand the effect of soil water availability and potential on canopy temperature readings of
beech trees. Leaf colour changes may also lead to changes in canopy temperature
measurements, especially later in the summer/early autumn. Monteiro et al. (2016), found that
lighter leaf colours were associated with lower plant temperature readings in Heuchera and
Salvia genotypes due to an increase in short-wave radiation reflectance. American beech trees
that are infested with beech bark disease and experiencing significant crown die-back will
become yellow in color in late summer (McCullough et al., 2001), which can affect the amount
of reflected incoming short-wave radiation by the leaves, and subsequently canopy
temperature. Therefore, collecting thermal images following leaf-out in the spring when soil
water availability may be high, during a drought period in the summer and in the late summer
when leaf colours of diseased and healthy beech trees diverge, may lead to a clearer signal on
the factors effecting canopy temperatures of beech trees.
Monocrop plantations of mature American beech trees may also yield distinct results
when comparing pest infected trees to unaffected trees, as explored by similar studies
investigating canopy temperature readings of a monocrop plantation (e.g., Calderón et al.,
2013; Smigaj et al., 2019). Monocrop plantation may be a better alternative in comparison to
the site used for this study, as each plot established in the mixed forest stands in Cambridge,
Ontario, consisted of different tree, sub canopy and understory species. The elevation of each
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plot in this study also varied slightly when compared to one another, along with the density of
all trees and distance to roads and forest edges. Previous research has shown that individual
trees can be either positively or negatively affected by the surrounding trees depending on the
diversity and types of tree species (Chamagne et al., 2017; Fichtner et al., 2017; Potvin and
Dutilleul, 2009; Pretzsch, 2014). For example, the competition for light in mature mixed forest
stand can positively affect primary productivity at the community level and can affect the
microclimate of an area (Fichtner et al., 2017, Morin et al., 2011). It is also possible that certain
plots may have had lower or higher extractable soil water that may have affected some plots
and beech trees rather than others (Bréda et al., 2006; Hais and Kučera, 2008). Kimes (1980),
indicates that the geometric structure of the canopy, soil temperature and the surface
temperature distribution of vertical foliage can also affect canopy temperature readings.
It is also important to consider the challenges of forest boundary delineation, and the
potential influence of edge effects on the measurements recorded. Attempting to classify
individual forest boundaries can be done using aerial image interpretation, however,
distinguishing between different forest types and non-forested segments is subjective (Wang
and Boesch, 2007). Without accurate delineation of forests and the study area, edge effects can
go unnoticed and alter the canopy temperatures recorded by the thermal sensor. Different
forest types, ecotones, and man-made structures adjacent to the study sites can alter the
micro-climates of nearby forests. (Fortin et al., 2000). For example, there are roads that have
been established around the study sites, as well as walking trails that run through the forests
that can affect the light, temperature, and humidity of the area (Delgado et al., 2007; Forman
et al., 2003). For these reasons, conducting research in a controlled environment (i.e., a
monoculture plantation woodland of American beech trees) can give further insights into the
relationship of American beech tree health and canopy temperature.
Furthermore, taking thermal imagery in forests consisting of a variety of tree species
and non-uniform site conditions can influence the raw data collected by the camera sensor.
Reflections from the surrounding vegetation, the sky, and the water vapor in the air and in
between the vegetation and the camera can all affect the signal of the thermal sensor
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(Aubrecht et al., 2016; Möllmann and Vollmer, 2010). The reflected thermal energy that is
recorded by the thermal sensor is difficult to quantify for an entire canopy as it depends on the
structure and orientation of the tree being imaged, the structure, orientation and amount of
the reflected sources of energy, as well as meteorological conditions (Aubrecht et al., 2016;
Campbell and Norman, 2000). Calculating how much energy is reflected by the canopy is
difficult to measure and future research is needed to understand whether this reflected energy
can significantly alter the extracted canopy temperatures for individual trees (Aubrecht et al.,
2016).
Despite the challenges identified above, there has been success with using thermal
imagery to identify trees that are declining in health in natural forest settings. For example,
Scherrer et al. (2011), collected thermal imagery from a helicopter to determine the effect of
drought on a mixed deciduous forest and obtained significant results. The authors hypothesized
that different tree species would have specific canopy temperature responses to water
shortage over a four-week drought period because of differing plant/root structures and
physiological traits (Scherrer et al., 2011). The final analysis showed tree species such as Acer
pseudoplatanus (sycamore) and T. platyphyllos (large leaved lime) having consistently higher
canopy temperatures than tree species such as F. excelsior (European ash) and P. avium (wild
cherry) in both their “moist” and “dry” condition sites (Scherrer et al., 2011). The authors
concluded that canopy structure and leaf morphology were the most likely explanations for the
differences in canopy foliage temperatures as their findings were consistent regardless of site
conditions and when thermal imaging campaigns were undertaken.
Hais and Kučera (2008), also performed their study in a national park and obtained
significant results when comparing healthy spruce forests against decaying and clear-cut spruce
forests. The authors used thermal imagery obtained by a satellite to compare and model
surface temperature values and found an increase in the surface temperature of bark beetle
infested spruce forests and clear-cut forests. From 1987 to 2002, clear-cut forests had a mean
surface temperature increase of 5.2˚C versus a 3.2˚C increase for decaying spruce forest (Hais
and Kučera, 2008). The authors concluded that surface temperature increases in clear-cut
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forests were greater due to lower evapotranspiration rates and increases in reflectance from
dead trees (Hais and Kučera, 2008). Although there are similarities to the study design
presented in this report, Hais and Kučera (2008) did not image a mixed forest environment and
were focused on the effects of bark beetle infestation at the landscape scale. Regardless of the
differences in the two reports, the successes of Scherrer et al. (2011), and Hais and Kučera
(2008), led to the undertaking of a thermal RPA-based remote sensing analysis of American
beech trees in a semi-naturalized forest setting.

2.3.2 The Future of RPA and Thermal Imaging Technology
Despite the statistically insignificant results found in this study, the use of remote sensing data
from unmanned aerial systems continues to be adopted in real world applications and in
research (Chabot, 2018). Recent developments in remote control capabilities, power storage,
and materials used have allowed engineers and researchers to develop RPAs capable of
surveying different environments with a variety of sensors (Ghamisi et al., 2017; Hassanalian
and Abdelkefi, 2017; Tang and Shao, 2015). As a result of the recent developments in
unmanned aerial systems, research in areas such as wetlands, agriculture, forest, mining, and
healthcare continues to advance to understand the potential applications of this technology
(Chabot, 2018; Mogili, 2018; Shahmoradi et al., 2020; Tang and Shao, 2015).
Recent advances in sensor technology have allowed for more accurate data collection
and analysis. For example, large areas of land can be imaged that provide rich spectral and
spatial information because of the recent advancements in hyperspectral imaging sensors
(Ghamisi et al., 2017). With the availability of cloud computing, processing and analyzing high
quality hyperspectral images is now viable and more widely adopted in research (Ghamisi et al.,
2017). Furthermore, newer software can improve data collection with a RPA by solving for the
variations in elevation over large areas. For example, eMotion 3 software can use digital terrain
models to create 3D flight paths to adjust drone height to record and capture images at a
uniform distance above the sample surface (Manfreda et al., 2018).
RPAs using airborne laser scanning, LiDAR technology, digital photogrammetry and
structure-from-motion techniques are also becoming more affordable and increasingly utilized
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over traditional ground-based sampling techniques in forest systems (Goodbody, Coops and
White, 2019; Mohan et al., 2017; Rodríguez-Puerta et al., 2022; Tang and Shao, 2015; Zhang et
al., 2016). Notably, these tools can be used to expand and support the data collected for forest
inventory purposes by observing the composition and structure of forests (Hudak et al., 2013;
Mohan et al., 2017; Zellweger et al., 2013; Zhang et al., 2016). For example, Sankey et al.
(2017), used a combination of LiDAR and hyperspectral sensors to capture images to detect
forest structure change and identify tree species.
Research that utilizes RPAs and thermal camera technology in forested environments
are also increasing in adoption due to the reduced costs and higher spatial resolution of
sensors. The use of thermal imagery and thermal stress indices have shown to be effective
methods at identifying ecosystem structure composition changes following ecological
restoration of a temperate wooded ecosystem (Hamberg, 2020). RPAs with thermal sensor
technology has also shown to be an effective method at determining the effect of drought on
different deciduous tree species found in a semi-natural forest (Scherrer et al., 2011). Thermal
imaging has also shown to be an effective method at monitoring plantations and orchards to
identify trees that are affected by pest and pathogen spread, and water loss (Bernie et al, 2009;
Calderón et al., 2013; Smigaj et al., 2019). Given the variety of functions trees and forest
systems provide, such as air and water quality control, climate regulation and decomposition
(Ansink et al., 2008; Brockerhoff et al., 2017; Krieger, 2001; Miura et al., 2015; Nowak et al.,
2008), utilizing RPA and thermal imaging technology can further our abilities to monitor and
manage these systems.
However, challenges remain for the future adoption of RPA technology in government
organizations and in various private sectors. Firstly, the methods employed in current research
that utilizes RPA technology vary greatly from one another and as a result there is a lack of
standardization in the methodologies adopted. For example, there are various sensors that
perform well at certain tasks yet perform poorly at others. Thermal sensors are appropriate for
determining the physiological state of vegetation yet offer poor spatial resolution and cannot
determine structural parameters of the terrain and vegetation. LiDAR sensors perform well in
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classifying and measuring structural organization of terrain; however, they do not give insight
into the physiological state of the vegetation. For every type of sensor, there are different
models and manufacturers that vary in quality and costs, and the images retrieved may require
excessive computational power for image processing. Given these challenges, it is important to
identify unifying principles and to create a standard for individuals that use RPAs to better
guide their use in current forestry and government practices (Manfreda et al., 2018).
Although RPAs can provide a cost-effective solution for monitoring and managing areas
of concern, there are meteorological and technical limitations that hinder the collection of data.
For example, weather constraints such as strong wind, cloud cover and rainy condition can
reduce the quality and quantity of the images taken. Areas of uneven terrain, high elevation
and high temperatures can also affect the images collected. Furthermore, there are limitations
with the sensors used that can affect the quality and consistency of images taken. Some RPAcompatible sensors need to be radiometrically and atmospherically calibrated to record correct
surface reflectance values (Manfreda et al., 2018). Current RPAs also have relatively short flight
times, and depending on the manufacturer and weight, are unable to carry certain sensors.
RPAs with extended flight times and increased carrying capacity can be purchased, however,
they will likely cost more (Mozaffari et al., 2019). With the challenges presented from the
weather, geographical conditions and current RPA capabilities, environmental and government
organizations may be hesitant to adopt RPA technology in its current state.
Adopting RPA technology in current environmental practices may also be limited by
certain regulations and by user operating knowledge. In Canada, you must have a drone pilot
license when operating a RPA that weighs over 250 grams, and restrictions can apply on where
drones are legally allowed to fly. For example, individuals are not able to fly within a 9km radius
of an international airport unless permission from air traffic control is given and an advanced
operations pilot license is obtained (Government of Canada, 2021). Furthermore, operating a
RPA requires practice and knowledge on its operation. Although the controller for most drones
can be easy to operate, maneuvering in narrow or crowded locations can be challenging. Some
organizations may be unwilling to adopt RPA technology if they are not technologically savvy or
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unable to hire a skilled RPA technician if they have limited funds available. Therefore, flight
regulations and the learning curve presented in operating RPA technology may deter potential
forestry governmental organizations from integrating RPA technology in their regular
operations.
Going forward, rare Charitable Research Reserve can expand on the work done in this
study by exploring the effects of other variables, such as soil water availability, weather
variables such as humidity and wind, and the influence of leaf color change on canopy
temperature measurements. It may also be beneficial to acquire an advanced operations RPA
license to take images over a larger geographical extent to limit the effects of confounding
variables on canopy temperature measurements. Future canopy temperature measurements
can also be complemented with the use of additional sensors and analyses such as the
Normalized Difference Vegetation Index (NDVI) by using a Near Infrared Red, Green and Blue
sensor to determine canopy greenness. By addressing confounding variables and collecting
canopy greenness data, rare Charitable Research Reserve may be able to better identify the
variables that are contributing to increases or decreases in canopy temperature readings, which
can lead to improved management of beech tree health in their forests.
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3.0. Conclusion
Identifying and monitoring forest system health is important because of the various socioecological functions provided by forests. However, the increased spread of various types of
invasive forest pests and pathogens requires ecosystem managers and conservationists to
quickly obtain objective and reliable data to make rational decisions on how to manage invasive
species spread. Current ground-based surveying methods have been foundational for forest
health monitoring in Canada and are generally completed on an annual basis. Although there
can be high accuracy with identifying diseased tree stands with ground-based sampling
approaches, the spatial coverage that can be surveyed is small, time consuming and can be
costly. Remote sensing tools can provide those who monitor forest health conditions and
composition an alternative to ground-based surveying. RPAs are a remote sensing tool that can
be automated to collected high resolution imagery, such as multi-spectral, hyperspectral, and
thermal infrared data over large areas of forested land. To detect water stress in trees from
invasive pest and pathogen spread, thermal imaging sensors have shown to be a viable
alternative to ground-based sampling techniques.
This study examined the use of RPA-borne thermal imagery to identify canopy
temperature increases in American beech trees because of factors including the severity of
beech bark disease, loss of limbs, bark cracking/girdling and declining crown coverage. Of the
total 14 flights conducted in this study, only two flights showed a relatively significant
correlation between canopy temperature depression and American beech tree health.
However, no meaningful conclusions were drawn from these results as one indicated canopy
temperatures decreasing with declining beech tree health and the other indicated increasing
canopy temperatures with declining beech tree health. Similarly, the one-way ANOVA
performed for most flights (12 of 14) showed that canopy temperature readings did not
significantly change based on the recorded tree health levels. Given the lack of significant
results found in this study, future research should be explored that makes use of different
sensors, additional beech trees with varying health conditions and possibly a more controlled
landscape (e.g., a monocrop plantation of American beech trees) to investigate the relationship
between tree health and canopy temperature.
50

References
Ansari, A. Q., & Loomis, W. E. (1959). Leaf Temperatures. American Journal of Botany, 46(10), 713–
717.
Ansink, E., Hein, L., & Hasund, K. P. (2008). To value functions or services? An analysis of
ecosystem valuation approaches. Environmental Values, 17(4), 489-503.
Association for Canadian Educational Resources (2020). 2020 Annual Report. Retrieved from:
https://www.acer-acre.ca/wp-content/uploads/2021/06/Annual-Report-2020-FINAL.pdf
Aubrecht, D. M., Helliker, B. R., Goulden, M. L., Roberts, D. A., Still, C. J., & Richardson, A. D.
(2016). Continuous, long-term, high-frequency thermal imaging of vegetation:
Uncertainties and recommended best practices. Agricultural and Forest
Meteorology, 228, 315-326.
Ballester, C., Jiménez-Bello, M. A., Castel, J. R., & Intrigliolo, D. S. (2013). Usefulness of
thermography for plant water stress detection in citrus and persimmon
trees. Agricultural and Forest Meteorology, 168, 120-129.
Bennett, D. D., & Tkacz, B. M. (2008). Forest health monitoring in the United States: a program
overview. Australian Forestry, 71(3), 223-228.
Berdugo, C. A., Zito, R., Paulus, S., & Mahlein, A. K. (2014). Fusion of sensor data for the
detection and differentiation of plant diseases in cucumber. Plant Pathology, 63(6),
1344-1356.
Berie, H. T., & Burud, I. (2018). Application of unmanned aerial vehicles in earth resources
monitoring: focus on evaluating potentials for forest monitoring in Ethiopia. European
Journal of Remote Sensing, 51(1), 326-335.
Berni, J. A. J., Zarco-Tejada, P. J., Sepulcre-Cantó, G., Fereres, E., & Villalobos, F. (2009).
Mapping canopy conductance and CWSI in olive orchards using high resolution thermal
remote sensing imagery. Remote Sensing of Environment, 113(11), 2380-2388.
Bilyk, A., Pulkki, R., Shahi, C., & Larocque, G. R. (2021). Development of the Ontario Forest
Resources Inventory: a historical review. Canadian Journal of Forest Research, 51(2),
198-209.
Bonan, G. B. (2002). Ecological climatology : concepts and applications. Cambridge University

51

Press.
Boutin, S., Haughland, D. L., Schieck, J., Herbers, J., & Bayne, E. (2009). A new approach to
forest biodiversity monitoring in Canada. Forest Ecology and Management, 258, S168S175.
Bowen, I. S. (1926). The ratio of heat losses by conduction and by evaporation from any water
surface. Physical Review, 27(6), 779.
Brandt, J. P., Flannigan, M. D., Maynard, D. G., Thompson, I. D., & Volney, W. J. A. (2013). An
introduction to Canada’s boreal zone: ecosystem processes, health, sustainability, and
environmental issues. Environmental Reviews, 21(4), 207-226.
Bréda, N., Huc, R., Granier, A., & Dreyer, E. (2006). Temperate forest trees and stands under
severe drought: a review of ecophysiological responses, adaptation processes and longterm consequences. Annals of Forest Science, 63(6), 625-644.
Brockerhoff, E. G., Barbaro, L., Castagneyrol, B., Forrester, D. I., Gardiner, B., GonzálezOlabarria, J. R., ... & Jactel, H. (2017). Forest biodiversity, ecosystem functioning and the
provision of ecosystem services. Biodiversity and Conservation, 26(13), 3005-3035.
Browder, J. O. (2002). The urban-rural interface: Urbanization and tropical forest cover
change. Urban Ecosystems, 6(1-2), 21-41.
Brzustowski, T. A., & Golem, P. J. (1976). Second-Law Analysis of Energy Processes Part I:
Exergy—An Introduction. Transactions of the Canadian Society for Mechanical
Engineering, 4(4), 209-226.
Burdon, J. J. (1987). The effects of pathogens on individual plants. Diseases and plant
population biology, 8-27.
Calderón, R., Navas-Cortés, J. A., Lucena, C., & Zarco-Tejada, P. J. (2013). High-resolution
airborne hyperspectral and thermal imagery for early detection of Verticillium wilt of
olive using fluorescence, temperature and narrow-band spectral indices. Remote
Sensing of Environment, 139, 231-245.
Campbell, G. S., & Norman, J. (2000). An introduction to environmental biophysics. Springer
Science & Business Media.
Canadian Council of Forest Ministers (2012). Forest pest monitoring in Canada: Current
52

situation, compatibilities, gaps and proposed enhanced monitoring program. Retrieved
from: https://cfs.nrcan.gc.ca/pubwarehouse/pdfs/33986.pdf
Canadian Council of Forest Ministers (2019). Vulnerability Assessment of Forest Health
Monitoring Policies and Practices under a Changing Climate: Adaptation,
Implementation and Evaluation. Retrieved from: https://www.ccfm.org/wpcontent/uploads/2020/08/Vulnerability-Assessment-of-Forest-Health-MonitoringPolicies-and-Practices-under-a-Changing-Climate-Adaptation-Implementation-andEvaluation-2019.pdf
Carta, L. K., Handoo, Z. A., Li, S., Kantor, M., Bauchan, G., McCann, D., ... & Burke, D. J. (2020).
Beech leaf disease symptoms caused by newly recognized nematode subspecies
Litylenchus crenatae mccannii (Anguinata) described from Fagus grandifolia in North
America. Forest Pathology, 50(2), e12580.
Chabot, D. (2018). Trends in drone research and applications as the Journal of Unmanned
Vehicle Systems turns five. Journal of Unmanned Vehicle Systems, 6(1), vi-xv.
Chabot, D., & Bird, D. M. (2012). Evaluation of an off-the-shelf unmanned aircraft
system for surveying flocks of geese. Waterbirds, 35(1), 170-174.
Chamagne, J., Tanadini, M., Frank, D., Matula, R., Paine, C. T., Philipson, C. D., ... & Hector, A.
(2017). Forest diversity promotes individual tree growth in central European forest
stands. Journal of Applied Ecology, 54(1), 71-79.
Credit Valley Conservation (2017). Integrated Watershed Monitoring Program Biennial Report
2014 and 2015. Retrieved from: https://cvc.ca/wp-content/uploads//2021/06/IWMPBiennial-Report-2014-2015_FINAL.pdf
Costanza, R., d'Arge, R., De Groot, R., Farber, S., Grasso, M., Hannon, B., ... & Van Den Belt, M.
(1997). The value of the world's ecosystem services and natural
capital. Nature, 387(6630), 253-260.
Dash, J. P., Watt, M. S., Pearse, G. D., Heaphy, M., & Dungey, H. S. (2017). Assessing very high
resolution UAV imagery for monitoring forest health during a simulated disease
outbreak. ISPRS Journal of Photogrammetry and Remote Sensing, 131, 1-14.
Delgado, J. D., Arroyo, N. L., Arévalo, J. R., & Fernández-Palacios, J. M. (2007). Edge effects of
53

roads on temperature, light, canopy cover, and canopy height in laurel and pine forests
(Tenerife, Canary Islands). Landscape and Urban planning, 81(4), 328-340.
DiGasparro, M. (2019). Beech leaf disease: A new problem for Ontario trees. Retrieved from:
https://www.natureconservancy.ca/en/blog/archive/beech-leaf-disease.html
Dyk, A., Leckie, D., Tinis, S., & Ortlepp, S. (2015). Canada's National Deforestation Monitoring
System: system description (No. BC-X-439). Pacific Forestry Centre, Canadian Forest
Service.
Eaton, F. M., & Belden, G. O. (1929). Leaf temperatures of cotton and their relation to
transpiration, varietal differences and yields (No. 1488-2016-124121).
Economic and Social Research Council (2011). 5.3 Key Assumptions of Ordinal Regression.
Retrieved from: http://www.restore.ac.uk/srme/www/fac/soc/wie/researchnew/srme/modules/mod5/3/index.html
Ehleringer, J., Björkman, O., & Mooney, H. A. (1976). Leaf pubescence: effects on absorptance
and photosynthesis in a desert shrub. Science, 192(4237), 376-377.
Ewing, C. J., Hausman, C. E., Pogacnik, J., Slot, J., & Bonello, P. (2019). Beech leaf disease: An
emerging forest epidemic. Forest Pathology, 49(2), e12488.
FAO and UNEP. (2020). The State of the World’s Forests 2020. Forests, Biodiversity and
People. Retrieved from: http://www.fao.org/3/ca8642en/CA8642EN.pdf
Ferretti, M. (1997). Forest health assessment and monitoring–issues for
consideration. Environmental monitoring and assessment, 48(1), 45-72.
Fichtner, A., Härdtle, W., Li, Y., Bruelheide, H., Kunz, M., & von Oheimb, G. (2017). From
competition to facilitation: how tree species respond to neighbourhood
diversity. Ecology Letters, 20(7), 892-900.
Forman, R. T., Sperling, D., Bissonette, J. A., Clevenger, A. P., Cutshall, C. D., Dale, V. H., ... &
Winter, T. C. (2003). Road ecology: science and solutions. Island Press.
Fortin, M. J., Olson, R. J., Ferson, S., Iverson, L., Hunsaker, C., Edwards, G., ... & Klemas, V.
(2000). Issues related to the detection of boundaries. Landscape ecology, 15(5), 453466.
Fuchs, M. (1990). Infrared measurement of canopy temperature and detection of plant water
54

stress. Theoretical and Applied Climatology, 42(4), 253-261.
Fuchs, M., & Tanner, C. B. (1966). Infrared thermometry of vegetation 1. Agronomy
Journal, 58(6), 597-601.
Gastwirth, J. L., Gel, Y. R., & Miao, W. (2009). The impact of Levene's test of equality of
variances on statistical theory and practice. Statistical Science, 343-360.
Gates, D. M. (1964). Leaf temperature and transpiration 1. Agronomy Journal, 56(3), 273-277.
Ghamisi, P., Yokoya, N., Li, J., Liao, W., Liu, S., Plaza, J., ... & Plaza, A. (2017). Advances in
hyperspectral image and signal processing: A comprehensive overview of the state of
the art. IEEE Geoscience and Remote Sensing Magazine, 5(4), 37-78.
Gillis, M. D., Omule, A. Y., & Brierley, T. (2005). Monitoring Canada's forests: the national forest
inventory. The Forestry Chronicle, 81(2), 214-221.
Gillis, M. D. (2001). Canada's National Forest Inventory (responding to current information
needs). Environmental Monitoring and Assessment, 67(1), 121-129.
González-Dugo, M. P., Moran, M. S., Mateos, L., & Bryant, R. (2006). Canopy temperature
variability as an indicator of crop water stress severity. Irrigation Science, 24(4), 233.
Gonzalez-Dugo, V., Zarco-Tejada, P., Berni, J. A., Suárez, L., Goldhamer, D., & Fereres, E.
(2012). Almond tree canopy temperature reveals intra-crown variability that is water
stress-dependent. Agricultural and Forest Meteorology, 154, 156-165.
Goodbody, T. R., Coops, N. C., & White, J. C. (2019). Digital aerial photogrammetry for updating
area-based forest inventories: A review of opportunities, challenges, and future
directions. Current Forestry Reports, 5(2), 55-75.
Government of Canada (2021). Find your category of drone operation. Retrieved from:
https://tc.canada.ca/en/aviation/drone-safety/learn-rules-you-fly-your-drone/findyour-category-drone-operation#advanced
Grant, O. M., Tronina, Ł., Ramalho, J. C., Kurz Besson, C., Lobo-do-Vale, R., Santos Pereira, J., ...
& Chaves, M. M. (2010). The impact of drought on leaf physiology of Quercus suber L.
trees: comparison of an extreme drought event with chronic rainfall reduction. Journal
of Experimental Botany, 61(15), 4361-4371.
Griffin, J. M., Lovett, G. M., Arthur, M. A., & Weathers, K. C. (2003). The distribution and
55

severity of beech bark disease in the Catskill Mountains, NY. Canadian Journal of Forest
Research, 33(9), 1754-1760.
Grossiord, C., Buckley, T. N., Cernusak, L. A., Novick, K. A., Poulter, B., Siegwolf, R. T., ... &
McDowell, N. G. (2020). Plant responses to rising vapor pressure deficit. New
Phytologist, 226(6), 1550-1566.
Hais, M., & Kučera, T. (2008). Surface temperature change of spruce forest as a result of bark
beetle attack: remote sensing and GIS approach. European Journal of Forest
Research, 127(4), 327-336. Newtown Square, PA: US. Department of Agriculture, Forest
Service, Northeastern Research Station: 128-132.
Heyd, R. L. (2005). Managing beech bark disease in Michigan. In In: Evans, Celia A., Lucas,
Jennifer A. and Twery, Mark J., eds. Beech Bark Disease: Proceedings of the Beech Bark
Disease Symposium; 2004 June 16-18; Saranak Lake, NY. Gen. Tech. Rep. NE-331.
Newtown Square, PA: US. Department of Agriculture, Forest Service, Northeastern
Research Station: 128-132.
Hamberg, L. J. (2020). The effect of ecosystem change, restoration, and plant diversity on
thermally imaged surface temperature.
Harvey, J. R., Jarvis, R. A., Verstraete, D., Bagg, R. L., Honnery, D., & Palmer, J. L. (2012).
Development of a hybrid-electric power-system model for a small surveillance aircraft.
In 28th International Congress of the Aeronautical Sciences.
Hatfield, J. L. (1997). Plant-water interactions. In Plants for Environmental Studies (pp. 81-103).
CRC Press USA.
Hassanalian, M., & Abdelkefi, A. (2017). Classifications, applications, and design challenges of
drones: A review. Progress in Aerospace Sciences, 91, 99-131.
Hernández-Clemente, R., Hornero, A., Mottus, M., Peñuelas, J., González-Dugo, V., Jiménez, J.
C., ... & Zarco-Tejada, P. J. (2019). Early diagnosis of vegetation health from highresolution hyperspectral and thermal imagery: Lessons learned from empirical
relationships and radiative transfer modelling. Current Forestry Reports, 5(3), 169-183.
Hoffmann, H., Nieto, H., Jensen, R., Guzinski, R., Zarco-Tejada, P., & Friborg, T. (2016).

56

Estimating evaporation with thermal UAV data and two-source energy balance
models. Hydrology and Earth System Sciences, 20(2), 697-713.
Houston, D. R. (1998). Beech bark disease. In In: Britton, Kerry O., ed. Exotic pests of eastern
forests conference proceedings; 1997 April 8-10; Nashville, TN. US Forest Service and
Tennessee Exotic Pest Plant Council: 29-41. (pp. 29-41).
Hudak, A. T., Haren, A. T., Crookston, N. L., Liebermann, R. J., & Ohmann, J. L. (2014). Imputing
forest structure attributes from stand inventory and remotely sensed data in western
Oregon, USA. Forest Science, 60(2), 253-269.
Hurlbert, S. H. (1984). Pseudoreplication and the design of ecological field
experiments. Ecological Monographs, 54(2), 187-211.
Idso, S. B., Jackson, R. D., Pinter Jr, P. J., Reginato, R. J., & Hatfield, J. L. (1981). Normalizing the
stress-degree-day parameter for environmental variability. Agricultural
Meteorology, 24, 45-55.
Idso, S. B., Jackson, R. D., & Reginato, R. J. (1977). Remote-sensing of crop
yields. Science, 196(4285), 19-25.
Iizuka, K., Watanabe, K., Kato, T., Putri, N. A., Silsigia, S., Kameoka, T., & Kozan, O. (2018).
Visualizing the spatiotemporal trends of thermal characteristics in a peatland plantation
forest in Indonesia: Pilot test using unmanned aerial systems (UASs). Remote
Sensing, 10(9), 1345.
Jackson, R. D., Reginato, R. J., & Idso, S. (1977). Wheat canopy temperature: a practical tool for
evaluating water requirements. Water Resources Research, 13(3), 651-656.
Jackson, R. D., Idso, S. B., Reginato, R. J., & Pinter Jr, P. J. (1981). Canopy temperature as a crop
water stress indicator. Water Resources Research, 17(4), 1133-1138.
Jones, H. G. (1999). Use of infrared thermometry for estimation of stomatal conductance as a
possible aid to irrigation scheduling. Agricultural and Forest Meteorology, 95(3), 139149.
Junda, J. H., Greene, E., Zazelenchuk, D., & Bird, D. M. (2016). Nest defense behaviour of four

57

raptor species (osprey, bald eagle, ferruginous hawk, and red-tailed hawk) to a novel
aerial intruder–a small rotary-winged drone. Journal of Unmanned Vehicle Systems, 4(4),
217-227.
Kay, J. J. (2000). II. 1.2 Ecosystems as Self-organising Holarchic Open Systems: Narratives and
the Second Law of Thermodynamics. Handbook of Ecosystem Theories and
Management, 135.
Kay, J. J., Regier, H. A., Boyle, M., & Francis, G. (1999). An ecosystem approach for sustainability:
addressing the challenge of complexity. Futures, 31(7), 721-742.
Kay, J. J., & Boyle, M. (2008). Self-organizing, holarchic, open systems (SOHOs) (pp. 51-78).
Columbia University Press, New York, New York, USA.
Kelliher, F. M., Leuning, R., Raupach, M. R., & Schulze, E. D. (1995). Maximum conductances for
evaporation from global vegetation types. Agricultural and Forest Meteorology, 73(1-2),
1-16.
Kelly, J., Kljun, N., Olsson, P. O., Mihai, L., Liljeblad, B., Weslien, P., ... & Eklundh, L. (2019).
Challenges and Best Practices for Deriving Temperature Data from an Uncalibrated UAV
Thermal Infrared Camera. Remote Sensing, 11(5), 567.
Kibbe & Bonello (2019). Beech Bark Disease. Accessed on December 2, 2019. Retrieved from:
https://ohioline.osu.edu/factsheet/plpath-tree-9
Kimes, D. S. (1980). Effects of vegetation canopy structure on remotely sensed canopy
temperatures. Remote Sensing of Environment, 10(3), 165-174.
Klouček, T., Komárek, J., Surový, P., Hrach, K., Janata, P., & Vašíček, B. (2019). The Use of UAV
Mounted Sensors for Precise Detection of Bark Beetle Infestation. Remote
Sensing, 11(13), 1561.
Koch, J. L., Carey, D. W., Mason, M. E., & Nelson, C. D. (2010). Assessment of beech scale
resistance in full-and half-sibling American beech families. Canadian Journal of Forest
Research, 40(2), 265-272.
Körner, C. (1995). Leaf diffusive conductances in the major vegetation types of the globe.
In Ecophysiology of photosynthesis (pp. 463-490). Springer, Berlin, Heidelberg.
Krieger, D. J. (2001). Economic value of forest ecosystem services: a review.
58

Kuuluvainen, T. (2009). Forest management and biodiversity conservation based on natural
ecosystem dynamics in northern Europe: the complexity challenge. Ambio, 309-315.
Leinonen, I., Grant, O. M., Tagliavia, C. P. P., Chaves, M. M., & Jones, H. G. (2006). Estimating
stomatal conductance with thermal imagery. Plant, Cell & Environment, 29(8), 15081518.
Lindenthal, M., Steiner, U., Dehne, H. W., & Oerke, E. C. (2005). Effect of downy mildew
development on transpiration of cucumber leaves visualized by digital infrared
thermography. Phytopathology, 95(3), 233-240.
López-López, M., Calderón, R., González-Dugo, V., Zarco-Tejada, P. J., & Fereres, E. (2016). Early
detection and quantification of almond red leaf blotch using high-resolution
hyperspectral and thermal imagery. Remote Sensing, 8(4), 276.
Lorenz, M., Fischer, R., Becher, G., Granke, O., Seidling, W., Ferretti, M., ... & Sanz, M. (2008).
Forest condition in Europe. 2008 Technical report of the ICP Forests. Work report of the
Institute for World, Forestry, 1.
Lovett, G. M., Canham, C. D., Arthur, M. A., Weathers, K. C., & Fitzhugh, R. D. (2006). Forest
ecosystem responses to exotic pests and pathogens in eastern North
America. BioScience, 56(5), 395-405.
Ludovisi, R., Tauro, F., Salvati, R., Khoury, S., Mugnozza Scarascia, G., & Harfouche, A. (2017).
UAV-based thermal imaging for high-throughput field phenotyping of black poplar
response to drought. Frontiers in Plant Science, 8, 1681.
Manfreda, S., McCabe, M. F., Miller, P. E., Lucas, R., Pajuelo Madrigal, V., Mallinis, G., ... & Toth,
B. (2018). On the use of unmanned aerial systems for environmental
monitoring. Remote Sensing, 10(4), 641.
McCullough, D. G., Heyd, R. L., & O’Brien, J. G. (2001). Biology and management of beech bark
disease. MSU Ext. Bull. E-2746, East Lansing, MI.
McKenna, P., Erskine, P. D., Lechner, A. M., & Phinn, S. (2017). Measuring fire severity using
UAV imagery in semi-arid central Queensland, Australia. International Journal of Remote
Sensing, 38(14), 4244-4264.
McLaughlin, J., & Greifenhagen, S. (2012). Beech bark disease in Ontario: a primer and
59

management recommendations. Forest Research Note-Ontario Forest Research
Institute, (71).
Michaletz, S. T., Weiser, M. D., Zhou, J., Kaspari, M., Helliker, B. R., & Enquist, B. J. (2015). Plant
thermoregulation: energetics, trait–environment interactions, and carbon
economics. Trends in Ecology & Evolution, 30(12), 714-724.
Mildrexler, D., Yang, Z., Cohen, W. B., & Bell, D. M. (2016). A forest vulnerability index based on
drought and high temperatures. Remote Sensing of Environment, 173, 314-325.
Miller, E. C. (1923). Some observations on the temperature of the leaves of crop plants. J. Agric.
Res., 26, 15.
Ministry of Northern Development, Mines, Natural Resources and Forestry (2021). State of
Ontario’s Natural Resources – Forests 2016. Retrieved from:
https://www.ontario.ca/page/state-ontarios-natural-resources-forests-2016
Ministry of Northern Development, Mines, Natural Resources and Forestry (2020). Forest
Health Conditions in Ontario 2020. Retrieved from: https://files.ontario.ca/ndmnrfforest-health-conditions-2020-en-2021-07-30.pdf
Ministry of Northern Development, Mines, Natural Resources and Forestry (2021). American
Beech. Retrieved from: https://www.ontario.ca/page/american-beech
Miura, S., Amacher, M., Hofer, T., San-Miguel-Ayanz, J., & Thackway, R. (2015). Protective
functions and ecosystem services of global forests in the past quarter-century. Forest
Ecology and Management, 352, 35-46.
Mogili, U. R., & Deepak, B. B. V. L. (2018). Review on application of drone systems in precision
agriculture. Procedia Computer Science, 133, 502-509.
Mohan, M., Silva, C. A., Klauberg, C., Jat, P., Catts, G., Cardil, A., ... & Dia, M. (2017). Individual
tree detection from unmanned aerial vehicle (UAV) derived canopy height model in an
open canopy mixed conifer forest. Forests, 8(9), 340.
Möller, M., Alchanatis, V., Cohen, Y., Meron, M., Tsipris, J., Naor, A., ... & Cohen, S. (2007). Use
of thermal and visible imagery for estimating crop water status of irrigated
grapevine. Journal of Experimental Botany, 58(4), 827-838.
Möllmann, K. P., & Vollmer, M. (2017). Infrared thermal imaging: fundamentals, research and
60

applications. John Wiley & Sons.
Monteiro, M. V., Blanuša, T., Verhoef, A., Hadley, P., & Cameron, R. W. (2016). Relative
importance of transpiration rate and leaf morphological traits for the regulation of leaf
temperature. Australian Journal of Botany, 64(1), 32-44.
Monteith, J. L. (1965). Evaporation and environment. In Symposia of the society for
experimental biology (Vol. 19, pp. 205-234). Cambridge University Press (CUP)
Cambridge.
Monteith, J. L., & Szeicz, G. (1962). Radiative temperature in the heat balance of natural
surfaces. Quarterly Journal of the Royal Meteorological Society, 88(378), 496-507.
Moran, M. S., Clarke, T. R., Inoue, Y., & Vidal, A. (1994). Estimating crop water deficit using the
relation between surface-air temperature and spectral vegetation index. Remote
Sensing of Environment, 49(3), 246-263.
Moran, M. S. (2004). Thermal infrared measurement as an indicator of plant ecosystem health.
Thermal Remote sensing in land surface processes (pp. 256-282). CRC Press.
Morin, R. S., Liebhold, A. M., Tobin, P. C., Gottschalk, K. W., and Luzader, E. (2007). Spread of
beech bark disease in the eastern United States and its relationship to regional forest
composition. Canadian Journal of Forest Research, 37(4), 726-736.
Morin, X., Fahse, L., Scherer‐Lorenzen, M., & Bugmann, H. (2011). Tree species richness
promotes productivity in temperate forests through strong complementarity between
species. Ecology Letters, 14(12), 1211-1219.
Mozaffari, M., Saad, W., Bennis, M., Nam, Y. H., & Debbah, M. (2019). A tutorial on UAVs for
wireless networks: Applications, challenges, and open problems. IEEE communications
surveys & tutorials, 21(3), 2334-2360.
Natural Resources Canada (2015). Bark Beetle. Retrieved from:
https://tidcf.nrcan.gc.ca/en/insects/factsheet/1000192
Nevalainen, S., Lindgren, M., Pouttu, A., Heinonen, J., Hongisto, M., & Neuvonen, S. (2010).
Extensive tree health monitoring networks are useful in revealing the impacts of
widespread biotic damage in boreal forests. Environmental Monitoring and
Assessment, 168(1), 159-171.
61

Nielsen, S. N., Müller, F., Marques, J. C., Bastianoni, S., & Jørgensen, S. E. (2020).
Thermodynamics in ecology—an introductory review. Entropy, 22(8), 820.
Nienhuis, S., & Wilson, R. (2018). Invasive species in Ontario: The threat, the strategy, and the
law. The Forestry Chronicle, 94(2), 97-102.
Nobel, P. S. (2009). Temperature and Energy Budgets. Physicochemical and Environmental Plant
Physiology, 318–363.
Nobel, P. S. (2020). Physicochemical and environmental plant physiology (Fifth edition.). Elsevier
Academic Press.
Nowak, D. J., Crane, D. E., Stevens, J. C., Hoehn, R. E., Walton, J. T., & Bond, J. (2008). A groundbased method of assessing urban forest structure and ecosystem services. Aboriculture
and Urban Forestry. 34 (6): 347-358., 34(6).
Nowak, D. J., and Dwyer, J. F. (2007). Understanding the benefits and costs of urban forest
ecosystems. In Urban and community forestry in the northeast (pp. 25-46). Springer,
Dordrecht.
Olbrycht, R., Więcek, B., & De Mey, G. (2012). Thermal drift compensation method for
microbolometer thermal cameras. Applied Optics, 51(11), 1788-1794.
Ontario’s Invading Species Awareness Program (2019). Beech Bark Disease. Accessed
September 23, 2019. Retrieved from: http://www.invadingspecies.com/beech-barkdisease/#
Paneque-Gálvez, J., McCall, M., Napoletano, B., Wich, S., & Koh, L. (2014). Small drones for
community-based forest monitoring: An assessment of their feasibility and potential in
tropical areas. Forests, 5(6), 1481-1507.
Percy, K. E., & Ferretti, M. (2004). Air pollution and forest health: toward new monitoring
concepts. Environmental pollution, 130(1), 113-126.
Penman, H. L. (1948). Natural evaporation from open water, bare soil and grass. Proceedings of
the Royal Society of London. Series A. Mathematical and Physical Sciences, 193(1032),
120-145.
Penman, H. L. (1952). The physical bases of irrigation control. In Report of the 13th international
horticultural congress (pp. 1-13).
62

Pineda, M., Barón, M., & Pérez-Bueno, M. L. (2021). Thermal imaging for plant stress detection
and phenotyping. Remote Sensing, 13(1), 68.
Poisson, G., & Ursic, M. (2013). Recovery strategy for the Butternut (Juglans cinerea) in
Ontario. Ontario Recovery Stategy Series. Prepared for the Ontario Ministry of Natural
Resources, Peterborough, Ontario. Adoption of the Recovery Strategy for the Butternut
(Juglans cinerea) in Canada (Environment Canada 2010).
Popkin, G. (2019). A mysterious disease is striking American beech trees.
Potvin, C., & Dutilleul, P. (2009). Neighborhood effects and size‐asymmetric competition in a
tree plantation varying in diversity. Ecology, 90(2), 321-327.
Pretzsch, H. (2014). Canopy space filling and tree crown morphology in mixed-species stands
compared with monocultures. Forest Ecology and Management, 327, 251-264.
Ray, D., Morison, J., and Broadmeadow, M. (2010). Climate change: impacts and adaptation in
England's woodlands. Research Note-Forestry Commission, (201).
Razali, N. M., & Wah, Y. B. (2011). Power comparisons of shapiro-wilk, kolmogorov-smirnov,
lilliefors and anderson-darling tests. Journal of Statistical Modeling and Analytics, 2(1),
21-33.
Rijtema, P. E. (1965). An analysis of actual evapotranspiration (Doctoral dissertation, Pudoc).
Rodríguez-Puerta, F., Gómez-García, E., Martín-García, S., Pérez-Rodríguez, F., & Prada, E.
(2022). UAV-Based LiDAR Scanning for Individual Tree Detection and Height
Measurement in Young Forest Permanent Trials. Remote Sensing, 14(1), 170.
Sandbrook, C. (2015). The social implications of using drones for biodiversity
conservation. Ambio, 44(4), 636-647.
Sankey, T., Donager, J., McVay, J., & Sankey, J. B. (2017). UAV lidar and hyperspectral fusion for
forest monitoring in the southwestern USA. Remote Sensing of Environment, 195, 30-43.
Sathiyasiri, A. (2017). Beech Bark Disease in Ontario: Implications to Forest Structure and
Composition.
Scheffer, M., Carpenter, S., Foley, J. A., Folke, C., & Walker, B. (2001). Catastrophic shifts in
ecosystems. Nature, 413(6856), 591-596.
Scherrer, D., Bader, M. K. F., and Körner, C. (2011). Drought-sensitivity ranking of deciduous
63

tree species based on thermal imaging of forest canopies. Agricultural and Forest
Meteorology, 151(12), 1632-1640.
Shahmoradi, J., Talebi, E., Roghanchi, P., & Hassanalian, M. (2020). A comprehensive
review of applications of drone technology in the mining industry. Drones, 4(3), 34.
Schneider, E. D., & Kay, J. J. (1994a). Complexity and thermodynamics: towards a new
ecology. Futures, 26(6), 626-647.
Schneider, E. D., & Kay, J. J. (1994b). Life as a manifestation of the second law of
thermodynamics. Mathematical and Computer Modelling, 19(6-8), 25-48.
Schrodinger, E. (1944). What is life.
Seidel, H., Schunk, C., Matiu, M., & Menzel, A. (2016). Diverging drought resistance of
Scots pine provenances revealed by infrared thermography and mortality. In EGU
General Assembly Conference Abstracts (Vol. 18).
Smigaj, M., Gaulton, R., Suarez, J., and Barr, S. (2017). Use of miniature thermal cameras for
detection of physiological stress in conifers. Remote Sensing, 9(9), 957.
Smigaj, M., Gaulton, R., Suárez, J. C., and Barr, S. L. (2019). Canopy temperature from an
Unmanned Aerial Vehicle as an indicator of tree stress associated with red band needle
blight severity. Forest Ecology and Management, 433, 699-708.
Smith, W. K., & Carter, G. A. (1988). Shoot structural effects on needle temperatures and
photosynthesis in conifers. American Journal of Botany, 75(4), 496-500.
Spellman, F. R. (2014). Mathematics manual for water and wastewater treatment plant
operators: basic mathematics for water and wastewater operators (Vol. 1). CRC Press.
Still, C., Powell, R., Aubrecht, D., Kim, Y., Helliker, B., Roberts, D., ... & Goulden, M. (2019).
Thermal imaging in plant and ecosystem ecology: applications and
challenges. Ecosphere, 10(6).
Tang, L., & Shao, G. (2015). Drone remote sensing for forestry research and practices. Journal of
Forestry Research, 26(4), 791-797.
Thapa, G. J., Thapa, K., Thapa, R., Jnawali, S. R., Wich, S. A., Poudyal, L. P., & Karki, S. (2018).

64

Counting crocodiles from the sky: monitoring the critically endangered gharial (Gavialis
gangeticus) population with an unmanned aerial vehicle (UAV). Journal of Unmanned
Vehicle Systems, 6(2), 71-82.
Twidwell, D., Allen, C. R., Detweiler, C., Higgins, J., Laney, C., & Elbaum, S. (2016). Smokey
comes of age: unmanned aerial systems for fire management. Frontiers in Ecology and
the Environment, 14(6), 333-339
Tubbs, C. H., & Houston, D. R. (1990). Fagus grandifolia Ehrh. American beech. Silvics of North
America, 2, 325-332.
Vidal, A., & Devaux-Ros, C. (1995). Evaluating forest fire hazard with a Landsat TM derived
water stress index. Agricultural and Forest Meteorology, 77(3-4), 207-224.
Waggoner, P. E., & Shaw, R. H. (1952). Temperature of potato and tomato leaves. Plant
physiology, 27(4), 710.
Wang, Z., & Boesch, R. (2007). Color-and texture-based image segmentation for improved
forest delineation. IEEE Transactions on Geoscience and Remote Sensing, 45(10), 30553062.
Whitehead, K., & Hugenholtz, C. H. (2014). Remote sensing of the environment with small
unmanned aircraft systems (UASs), part 1: A review of progress and challenges. Journal
of Unmanned Vehicle Systems, 2(3), 69-85.
Woodcock, T., Sobek-Swant, S., Quinn, J., Fraser, A., and Marshall, S. (2019). Environmental
Management Plan 2020-2024 rare Charitable Research Reserve (Blair Site). Retrieved
from: https://raresites.org/wpcontent/uploads/2021/02/2020_EMP_BlairProperty_FINAL.pdf
Wulder, M. A., Kurz, W. A., & Gillis, M. (2004). National level forest monitoring and modeling in
Canada. Progress in Planning, 61(4), 365-381.
Zellweger, F., Braunisch, V., Baltensweiler, A., & Bollmann, K. (2013). Remotely sensed forest
structural complexity predicts multi species occurrence at the landscape scale. Forest
Ecology and Management, 307, 303-312.
Zhang, Z., Kazakova, A., Moskal, L. M., & Styers, D. M. (2016). Object-based tree species

65

classification in urban ecosystems using LiDAR and hyperspectral data. Forests, 7(6),
122.

66

