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ILLUSTRATIONS AND TABLES 

Chapter 1 

Figure 1. Flight path (white lines) and transects flown (highlighted in yellow and 

labelled) and at Auburn University deer research facility, Alabama USA, 16–17 March 

2017 for white-tailed deer thermal drone surveys.  

Figure 2. Screenshot illustrating ESRI’s Full Motion Video add-in tool used to identify 

and georeference individuals (or group of animals) detected during aerial thermal drone 

flights, within the Auburn University deer research facility in Alabama, USA, 16–17 

March 2017. Full Motion Video allowed us to observe the flight footage and current 

location of the aircraft along our flight path when marking locations of each individual 

and for comparison among observers. Yellow lines indicate programed aircraft flight path 

and transects and purple lines indicate actual aircraft flight path. Colored dots indicate 

marked white-tailed deer observations.  

Figure 3. Thermal white-tailed deer population estimates by flight and observer for 

Auburn University deer research facility, Alabama USA, 16–17 March 2017. Estimates 

were calculated using 2 separate approaches: transect-specific density and total count. 

Boxes represent interquartile range of transect-specific population estimates, midline 

estimate, and dashed lines represent the range. Dotted lines indicate the total count 

estimates. Slash line indicated known deer population within the high-fenced research 

facility. 

Figure 4. Kernel-smoothed probability density distribution of recorded white-tailed deer 

observation times for surveys conducted at Auburn University deer research facility, 
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Alabama USA, 16–17 March 2017. Identically shaped curves indicate consistency of 

observation between observers. 

Figure 5. Thermal images of white-tailed deer observations in both open vegetative 

cover and mixed-deciduous forest from an altitude of 100 m above ground level during 

both morning (AM; sunrise) and evening (PM; sunset) flights conducted within the 

Auburn University deer research facility in Alabama, USA, 16–17 March 2017. 

Mornings flights occurred within 0619–0719 and evening flights within 1821–1921. 

Confident thermal signatures of animals are marked with solid line circles and dashed 

line circles marked unclear signatures. Time (AM vs PM) and cover type for each image: 

(a) AM, open; (b) AM, forested; (c) PM, open; (d) PM, forested.  

 

 

Chapter 2 

Figure 1. Locations of camera sites in Pilot Mountain State Park mountain section, North 

Carolina USA. 

Figure 2. Mean deer population density estimated by N-mixture modelling (NMM), 

mark-recapture (MR), and un-manned aerial FLIR (UAI) methods. Error bars represent 

95% confidence intervals of estimates. 

Figure 3. NMM estimated abundance by topographic aspect of camera site. Boxes 

represent interquartile range of abundances, midline represents median, and points 

represent outliers.  
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Figure 4. The NMM estimated mean deer population density of PMSP with increased 

survey length. The solid line represents LOESS best fit line to visualize trends. The 

shaded region represents the 95% confidence interval of UAI validation. Error bars 

represent 95% credible intervals.  

Figure 5. Temporal analysis of PMSP deer population dynamics in relation to seasonal 

vegetational changes. Three-month bins were used to evaluate seasonal trends in local 

populations and resource availability. Green points represent mean NDVI value by 

season, black points represent mean deer density. Lines represent LOESS best fit line to 

visualize trends. Error bars represent 95% CI on mean best unbiased predictor site 

abundance.  

 

 

Chapter 3 

Figure 1. Herbivore exclosure sites at Pilot Mountain State Park, NC USA. Each point 

represents a paired fenced and un-fenced plot.  

Figure 2. NMDS ordinated using Bray-Curtis dissimilarities between sites. Low stress 

(<0.2) indicates the validity of the ordination. Boxplots represent interquartile ranges of 

NMDS axis values by treatment. Midlines of boxes represent median values, dashed lines 

represent extent and circles represent outliers.  

Figure 3. Topographic aspect effects on site composition. Aspect values represent a 

gradient from due south (-1) to due north (+1). Aspect was the sole significant predictor 
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of site composition (β = 38.78, χ2 = 8.81, df = 1, P = 0.003). There was no evidence of a 

treatment effect on site composition.  

Figure 4. The effects of elevation on site diversity. Elevation values were scaled to 

prevent difficulties in model convergence due to large absolute differences in predictors. 

Elevation was the sole significant predictor of site diversity (β = 0.81, χ2 = 13.95, df = 1, 

P = 0.00019).  

Figure 5. Effects of elevation on species evenness. High evenness values represent lower 

levels of species dominance. Although elevation was the best fitting predictor of 

evenness, this relationship was not significant (β = 0.08, χ2 = 1.24, df = 1, P = 0.27). 

Figure 6. Effects of local deer abundance on vegetation structure. AGB was square-root 

transformed to conform to the assumptions of normality. AGB significantly decreased 

with increased deer abundance (β = -0.39, χ2 = 9.51, df = 1, P = 0.0025).  

Figure S1. Caging treatment effect on species evenness. Boxes represent interquartile 

range of abundances, midline represents median, and points represent outliers 
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ABSTRACT 

Eastern hardwood forests are becoming increasingly homogenous largely due to the 

persistent browse effects of white-tailed deer. Deer browse selectively and place heavy 

herbivory pressure on understory vegetation communities when populations are high. In 

order to adequately control deer populations, however, managers must first be able to 

accurately and reliably estimate populations. Even the best-informed management actions 

may fail to mitigate community effects of browsing in areas throughout the eastern 

United States due to potential browse legacy effects. The broader objectives of this thesis 

were to develop a validation technique for free-ranging populations of deer, compare 

different methods of quantifying deer populations using remote photography surveys, and 

explore potential legacy effects of chronic herbivory using large herbivore exclosures. 

Using drones equipped with thermal imagers, we were able to quantify captive 

populations up to 97% accurately, allowing us to effectively validate other methods. All 

of the remote photography survey methods investigated generated statistically 

indistinguishable results with our drone validations, giving us confidence in all methods. 

Lastly, we saw no significant vegetative regeneration in our exclosures, indicating that 

historic browse pressure in our study area likely is exhibiting legacy effects on its 

vegetation community.  
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INTRODUCTION 

The floral and faunal diversity of eastern hardwood forests (EHFs) are declining 

at an alarming rate (Webster et al., 2018). Both understory and overstory communities are 

becoming increasingly homogenous across space and do not necessarily reflect their 

ecological legacy (Rooney et al., 2004). The continued degradation of these habitats 

results in the replacement of endemics adapted to localized pressures with more 

generalist species and invasive aliens (Hobbs and Mooney, 1998). In order for natural 

resource managers to better protect the biodiversity and endemism of EHFs, a more 

comprehensive understanding of the factors contributing to homogenization is needed. 

White-tailed deer (Odocoileus virginianus; hereafter deer) are keystone 

herbivores in the eastern United States (Waller and Alverson, 1997) and have profound 

homogenizing effects on understory composition and structure due to selective browsing 

pressure (Rossell et al., 2007; Rossell Jr. et al., 2005). Over-abundance of deer limits 

vegetative cover and food availability to many wildlife species found in forested areas 

(deCalesta, 1994; Côte et al., 2004) and ultimately reduces both floral and faunal 

diversity (Hester et al., 2000; Webster et al., 2005; Rossell et al., 2007).  Despite the 

extensive literature documenting understory damage caused by deer browse, vegetation 

and animal communities are managed independently, with little regard to their 

connectivity and trophic relationships (Wisdom et al., 2006). This disconnect between 

population management and natural ecological processes is particularly concerning given 

the disproportionate role of humans in deer population management.  

In order to adequately manage deer populations in a landscape without large 

predators, land managers need better understanding of reliability and accuracy of their 
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baseline population data. Mid-Atlantic EHFs historically were home to a diverse array of 

large predators before widespread range contractions from habitat encroachment and 

active extirpation by humans greatly limited local predator populations (Laliberte and 

Ripple, 2004). Today, gray wolves (Canis lupus), red wolves (Canis rufus) and eastern 

cougars (Puma concolor couguar) have been completely eradicated from the area, 

whereas black bears (Ursus americanus) only exist in fragmented patches. As a result, 

prey populations, particularly deer, have dramatically increased due to reduced predation 

pressure (Côte et al., 2004), despite attempted top down control by humans. Hunting is 

the most common form of deer population reduction, but low hunter participation, 

restrictive bag limits, and short hunting seasons limit hunters from exercising the same 

top-down control over deer populations as do natural predators (Brown et al., 2000) 

Current population management prioritizes hunter satisfaction (i.e equitable distribution 

of antlered harvest and hunter success) over the comprehensive management of browse 

effects in many areas (Riley et al., 2003). Yet, even those management efforts targeting 

browse effects are further limited by a lack of understanding of the biases associated with 

common techniques of population estimation; managers need reliable and accurate 

methods to quantify populations in order to establish adequate management goals 

(Engeman, 2005).  

The broad aim of this thesis was to foster holistic management of both population 

management and understory regeneration by evaluating and exploring the population 

survey methods and the legacy effects of historically over-browsed areas. My specific 

objectives were to 1) establish a validation method for population surveys using 

unmanned aerial vehicles, 2) evaluate the efficacy of N-mixture modelling as a reliable 
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replacement for traditional camera survey methods, and 3) evaluate the compositional 

and structural vegetation changes elicited by sustained browsing pressure at PMSP.
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ABSTRACT Drones equipped with thermal sensors have shown ability to overcome 

some of the limitations often associated with traditional human-occupied aerial surveys 

(e.g., low detection, high operational cost, human safety risk). However, their accuracy 

and reliability as a valid population technique has not been adequately tested. We tested 

the effectiveness of using a miniaturized thermal sensor equipped to a drone (thermal 

drone) for surveying white-tailed deer (Odocoileus virginianus) populations using a 

captive deer population of known abundance at Auburn University’s deer research 

facility, Alabama, USA, 16–17 March 2017. We flew 3 flights beginning 30 minutes 

prior to sunrise and sunset (1 morning and 2 evening) consisting of 15 non-overlapping 

parallel transects (18.8 km) using a small fixed-wing aircraft equipped with a non-

radiometric thermal infrared imager. Deer were identified by 2 separate observers by 

their contrast against background thermal radiation and body shape. Our average thermal 

drone density estimate (69.8 deer/km2, 95% CI: 52.2–87.6), was 78% of the mean known 

value of 90.2 deer/km2, exceeding most sighting probabilities observed with thermal 

surveys conducted using human-occupied aircraft. However, during evening flights 

thermal contrast was improved and our drone-based density estimate (89.9 deer/km2) was 

nearly identical (99.7%) to the mean known value, indicating that time of flight, in 

conjunction with local vegetation types, determines video contrast and influences ability 

to distinguish deer. Human observers had consistency in the time of observations and 

resulting deer density estimates differed only 5% between observers. The method 

provides the ability to perform accurate and reliable population surveys in a safe and 

cost-effective manner compared to traditional aerial surveys and are only expected to 

continue to improve as sensor technology and machine learning analytics continue to 
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advance. Furthermore, the replicability of autonomous flight results in methodology with 

superior precision that increases statistical power to detect population trends across 

surveys.  

KEY WORDS aerial, deer, density estimation, drones, Odocoileus virginianus, 

population methods, thermal imaging, wildlife surveys. 
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INTRODUCTION 

One of the primary tenets of population management is that abundance and monitoring 

information accurately describe the current population state or trend (Collier et al. 2013). 

The testing and adoption of methods that provide rigorous, accurate estimates of 

population size is not only relevant, but requisite for informed population management of 

many wildlife species (Williams et al. 2002, Collier et al. 2013). However, true 

population size for most wild populations is unknown (Yoccoz et al. 2001, Hodgson et al. 

2016), and unless a survey method has been tested on a population of known size it is not 

possible to directly assess the accuracy of any count method.  

No single species has had more work focused on population size estimation and 

methodological evaluation than the white-tailed deer (Odocoileus virginianus; hereafter 

deer; Gill et al. 1997, Lancia et al. 2005, Collier et al. 2013). A variety of survey 

techniques have been developed for estimating deer population size: browse surveys 

(Aldous 1944, Tremblay et al. 2005), harvest data reconstruction (Roseberry and Woolf 

1991, Millspaugh et al. 2009), pellet counts (Eberhardt and Van Etten 1956, Van Etten 

and Bennett 1965, Goode et al. 2014), ground-based infrared and thermal imaging 

surveys (Wiggers and Beckerman 1993, Gill et al. 1997, Collier et al. 2007), spotlight 

surveys (McCullough 1982, Mitchell 1986, DeYoung 2011), and camera surveys 

(Jacobson et al. 1997, Koerth and Kroll 2000) among others. However, aerial surveys 

remain the best option for counting large mammals, especially over large areas (Caughley 

1974, Jachmann 1991, Linchant et al. 2015). Aerial surveys provide more reliable 

estimates of population size than ground-based techniques (Naugle et al. 1996, Beaver et 

al. 2014) because of high detection rates (Bernatas and Nelson 2004, Millette et al. 2011) 
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and their ability to randomly sample across the landscape, avoiding biases inherent to 

road-based sampling (Diefenbach 2005, Drake et al. 2005, Kissell and Nimmo 2011, 

Beaver et al. 2014).  

Aerial surveys conducted using human-occupied aircraft have been primarily 

based on human visual detection (Caughley 1974, Poole et al. 2013, Chrétien et al. 2016), 

are logistically difficult to implement, costly (Watts et al. 2010, Linchant et al. 2015), and 

pose a health risk for operators (Jones et al. 2006, Watts et al. 2010). Aviation accidents 

are the most common cause of work-related death for wildlife biologists in the United 

States (Sasse 2003). The risks and costs associated with use of human-occupied aircraft 

for aerial surveys makes drones (also known as unmanned aerial vehicles/systems, 

remotely piloted aircraft) particularly attractive for wildlife population assessments. Early 

use of drones has shown a vast array of diverse ecological applications (e.g. Vermeulen et 

al. 2013, Christiansen et al. 2016, Evans et al. 2016, Wich et al. 2016) and the ability to 

reduce cost and risk to humans (Watts et al. 2010, Seymour et al. 2017). Additionally, 

they provide easier logistics and manipulation than manned aircraft (Linchant et al. 2015) 

and avoid disturbances associated with ground surveys (Hodgson et al. 2018). These 

benefits have led many practitioners to label drones as a powerful tool for wildlife 

ecology (Chabot and Bird 2012, Linchant et al. 2015, Christie et al. 2016, Seymour et al. 

2017).  

An emerging area in drone research is miniaturized sensors allowing data to be 

collected at extremely fine spatial and temporal resolutions highly suited to ecological 

applications (Watts et al. 2012, Anderson and Gaston 2013, Messinger et al. 2016, 

Hodgson et al. 2018). One of the more popular is the use of commercially available 
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thermal infrared sensors (hereafter thermal; Kissell and Nimmo 2011), providing a high-

contrast method of discriminating endotherms from their surroundings (Stark et al. 2014, 

Burke et al. 2019) and allowing for detection of animals at night and in low light 

conditions, which is an advantage over conventional multispectral (red-green-blue; RGB) 

cameras (Israel et al. 2011, Witczuk et al. 2018). However, previous approaches using 

thermal have experienced visibility limitations similar to those found in traditional 

photographic methods, with the landscape obscuring animals not only through occlusion, 

but also through isothermality (Witczuk et al. 2018).  

Early results indicate the use of drones equipped with RGB and/or thermal 

cameras in wildlife monitoring may be a viable alternative to typical field methods (e.g. 

Christie et al. 2016, Seymour et al. 2017, Hodgson et al. 2018, Linchant et al. 2018, 

Witczuk et al. 2018). Furthermore, as drone platforms, sensors and computer vision 

techniques develop, the accuracy and cost-effectiveness of drone-based approaches will 

also likely improve (Hodgson et al. 2018). Yet, important issues must be resolved prior to 

wider drone application, including short flight endurance, optimizing resolution with area 

coverage, and regulatory hurdles such as the requirement in many jurisdictions to 

maintain visual light of sight (VLOS) with the aircraft at all times (Linchant et al. 2018). 

Additionally, methods for estimating wildlife populations remain poorly understood 

because most drone-based surveys to date have focused on the plausibility of wildlife 

monitoring applications rather than their effectiveness as a viable improvement upon 

current survey methods (Linchant et al. 2015).  

The primary objective of this study was to determine the effectiveness of using 

drones equipped with thermal for surveying wildlife populations by estimating deer 
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density and abundance for a captive deer population of known abundances. We predicted 

this method would provide improved detection rates and more reliable population 

estimates than current aerial survey methods while also providing biologists and wildlife 

managers with a benchmark by which to compare and validate their existing survey 

methods. We also identify strengths and weaknesses of the drone-based thermal approach 

as a real-time survey tool and suggest paths for improvements and future directions.  
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STUDY AREA 

We conducted our study at Auburn University’s deer research facility (Fig. 1) located in 

Lee County which lies in the Piedmont region of east-central Alabama, USA. The facility 

was constructed in October 2007 and consisted of 174 ha enclosed by 2.5-m steel fence. 

The enclosed population was comprised of wild animals captured during the construction 

of the facility and their descendants. Vegetation was approximately 40% open fields 

maintained for hay production, 13% bottomland hardwoods (various oak [Quercus spp.]), 

26% mature, naturally regenerated mixed hardwoods (various oak and hickory [Carya 

spp.]) and loblolly pine (Pinus taeda), 11% early regenerated thicket areas consisting 

primarily of Rubus spp., sweetgum (Liquidambar styraciflua), eastern red cedar 

(Juniperus virginina), and Chinese privet (Ligustrun sinense), and 10% 10–15 year old 

loblolly pine. A second order creek bisected the property and provided a stable source of 

water year-round. For a more complete description of the facility, see Neuman et al. 

(2016) and Newbolt et al. (2017). 
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METHODS 

Data Collection 

We conducted all surveys over the study area using the Ritewing Drak aircraft, a small 

flying-wing style fixed-wing aircraft with a 1.5-m wingspan and maximum takeoff 

weight of 4.3 kg. The aircraft was controlled by a Cube Autopilot (Hex Technology Ltd, 

Hong Kong, CN) running the ArduPlane software stack (ArduPilot, 

http://firmware.ardupilot.org/Plane/, accessed 10 March 2017). Flight paths were 

programmed using Mission Planner (Mission Planner Version 1.3, 

http://ardupilot.org/planner/, accessed 10 March 2017) using the integral terrain-

following feature to allow for precise, repeatable flights at a fixed altitude above ground 

level (AGL). The drone was hand-flown during take-off and landing using the remote-

control system while all other phases of flight were under autopilot control and monitored 

using Mission Planner. 

The aircraft was equipped with the 640 × 480-pixel non-radiometric thermal 

infrared imager (FLIR Vue Pro 640, 13-mm lens, 45° horizontal FOV, 30 hz). The 

camera was mounted looking vertically downward to obtain the nadir view, and the 

horizontal axis of the camera was aligned perpendicular to the flight path. This sensor 

was self-calibrating, with a precision of 0.05 °C (< 50 mk). 

Three flights were made in total, with 1 morning flight on 16 March 2017 and 2 

evening flights on 16 and 17 March 2017, all of which were initiated 30 minutes prior to 

sunrise and sunset. Mean temperature during the morning flight was -2° C while the 

mean temperatures during the evening flights were 13° C on 16 March and 21° C on 17 

http://firmware.ardupilot.org/Plane/
http://ardupilot.org/planner/
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March (Auburn Airport weather station, Auburn, AL). Weather was calm (winds <6 

km/hr) and clear on both days (Auburn Airport weather station, Auburn, AL).  

Flights were performed at 100 m AGL, providing an 84-m horizontal field of 

view and a 13-cm ground sample distance. The aircraft flew at a constant speed of 

approximately 21 m/s (75 km/hr) in an east-west oriented transect pattern, with 15 

parallel transects, totaling 18.8 km in length, spaced evenly 100 m apart across the study 

area (Fig. 2). Video and telemetry data were collected continuously in flight. After flight, 

telemetry logs from the autopilot were trimmed to correspond with video clips, 

reformatted for ingestion into ArcGIS Full Motion Video (FMV; Environmental Systems 

Research Institute, Inc., Redlands, CA), and the two were multiplexed in FMV to create 

georeferenced video. 

Video Analysis  

Georeferenced video footage from each of the 3 flights was analyzed at half speed by 2 

separate observers to compare the effects of observer performance and flight conditions 

on resulting density estimates. Deer were identified by their contrast against background 

thermal radiation and body shape. When a thermal signature of an animal (or group of 

animals) was detected, the location and time of each observation were marked and 

recorded using FMV to mark locations of each individual and ensure density estimates 

were generated from observations of the same animals (Fig. 2). We evaluated observation 

agreement among observers by binning individual observations within 5 second windows 

to control for small differences in observer recognition time of animals and compared 

between observers using the kernel-smoothed probability density of observation time 
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using package sm (Bowman and Azzalin 2018) in program R (R Version 3.4.0, www.r-

project.org, accessed 2 Feb 2019). 

Population Estimation 

Data analysis was conducted in program R using package car (Fox and Weisberg 2011). 

We used 2 methods to assess deer abundance from thermal footage. The first used 

transects to provide a sample-based density estimate (deer/km2). Deer observations were 

summed by flight transect and divided by their respective areas (transect length x 

estimated strip width [field of view]) to calculate transect-specific densities per observer 

(Naugle et al. 1996). Transect densities were then subsetted into 3 groups of every third 

transect so that each used transect was 300 m apart to avoid the possibility of multiple 

observations of animals across consecutive transects (i.e. transects for group 1: 1, 4, 7, 

10, 13; group 2: 2, 5, 8, 11, 14; group 3: 3, 6, 9, 12, 15). However, it is worth noting that 

multiple detection of the same animals on different transects does not introduce bias if 

animal movement is random relative to the transect lines (Buckland et al. 2001). We then 

calculated a mean density per flight by averaging the 3 mean group densities. This 

process was repeated per observer.  

The second method to assess abundance used the total number of deer counted per 

complete flight. Total count values were adjusted by flight area to account for incomplete 

area coverage (88%) of flights. Confidence intervals (95%, CI) of calculated abundances 

and densities were generated from a 10,000-iteration bootstrapped distribution of transect 

densities. Densities were compared between observers using a two-sample, two-tailed t-

test. Densities were compared by flight, and the interaction of flight and observer using 

analysis of variance (ANOVA) with type two sum of squares. Both estimates were 

http://www.r-project.org/
http://www.r-project.org/
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conducted without prior knowledge of the known population size.  

Accuracy Assessment 

The deer population at Auburn University’s deer research facility was intensively 

monitored, with capturing and camera surveys occurring every year to track the 

population. Individuals within the facility had previously been captured and assigned a 

unique number, freeze branded, and tagged in both ears with cattle ear tags (see Neuman 

et al. [2016] and Newbolt et al. [2017] for specific capture and handling techniques). 

Capture techniques followed American Society of Mammalogists’ guidelines (Sikes and 

Gannon 2011) and were in accordance with Auburn University’s Institutional Animal 

Care and Use Committee (PRNs 2008-1417, 2008-1421, 2010-1785, 2011-1971, 2013-

2372, 2016-2964, 2016-2985). A number (10–15 individuals) of young-of-the-year deer 

were captured and released outside the facility at ~6 months of age each year to control 

deer density and maintain appropriate numbers of individuals across age classes. Natural 

mortalities further mediated the population density of the facility. The deer within the 

facility had no movement restrictions outside of the high fence boundary. Occasionally, a 

deer was missed during annual tagging, and the vegetative characteristics and large size 

of the facility did not allow for continuous monitoring of all individuals over the course 

of the study. As such, we used a combination of methods to estimate our known deer 

abundance as was used in Keever et al. (2017). No hunting occurred within the research 

facility.  
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RESULTS 

At the time of our study, the Auburn deer facility contained approximately 151–163 deer 

(86.8–93.7 deer/km2), with a mean value of 157 deer (90.2 deer/km2; Fig. 3). The average 

density estimate from the thermal camera equipped drone (hereafter, thermal drone) was 

69.8 deer/km2 (95% CI: 52.3–87.40; Fig. 3), resulting in an average sighting probability 

of 78% (56–100%) of the known estimate or a correction factor of 1.28. Total abundance 

from thermal drone counts, adjusted for incomplete coverage (88%) of the study area, 

was 120 or (95% CI: 90.9–142.2; Fig. 3), 56–94% of the known estimate.  

Estimated densities differed only 5% between observers and were not 

significantly different (P = 0.68). The probability density distributions of observations 

differed between observers in the morning flight but the shape and structure were nearly 

identical for evening flights (Fig. 4), indicating consistent identification of heat signatures 

by separate observers. 

Video analysis indicated differing video contrast between morning and evening 

flights (Fig. 5). The mean estimated population density was significantly less in the 

morning flight (44.4 deer/km2, 95% CI: 28.9–52.4) than in evening flights (89.9 

deer/km2, 95% CI 67.2–97.8, F = 3.70, P = 0.05; Fig. 3) and evening flight density and 

total abundance estimates (142 deer) were nearly identical (99.7%, 90.4%) to the mean 

known density and total abundance values (90.2 deer/km2, 157 deer; Fig. 3). Despite the 

differing contrast between timing of the flights, there was no significant difference 

between observers (t = -0.47, P = 0.68), or the interaction of flight and observer (F = 

0.89, P = 0.43; Fig. 3).  
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DISCUSSION 

Performance Assessment 

Thermal drone surveys provided an accurate, time efficient, and highly repeatable 

method of quantifying deer populations resulting in density estimates and total counts 

(89.9 deer/km2, 142 deer) for our high-contrast evening flights nearly identical to known 

values (90.2 deer/km2, 157 deer). Averaged thermal drone density estimates had a 

sighting probability of 78% of present individuals, exceeding those often reported from 

thermal surveys (<75%) conducted using human-occupied aircraft (Parker and Driscoll 

1972, Caughley 1974, Bartmann et al. 1986, Beasom et al. 1986), and the high-contrast 

evening flights achieved a sighting probability of nearly 100%. Several studies have 

found that the detection of deer with thermal imagery from human-occupied aerial flights 

offered a varied performance ranging from 37% to 98% (Croon et al. 1968, Wiggers and 

Beckerman 1993, Naugle et al. 1996, Potvin and Breton 2005). In fact, detection rates 

reported specifically for deer are usually 60–80% under optimal conditions, and below 

50% when detection conditions are less favorable (Bartmann et al. 1986, Beasom et al. 

1986, DeYoung et al. 1989, Potvin et al. 1992, Chrétien et al. 2016). Recently, some 

attempts utilizing drone platforms equipped with either thermal or RGB sensors have 

been made to overcome these limitations influencing sighting probability.  

The sighting probabilities obtained in this study lead to correction factors ranging 

from 0 for the evening flights to 1.28 overall. Linchant et al. (2018) used drones equipped 

with RGB for counting hippopotamuses (Hippopotamus amphibious) over a homogenous 

landscape and found an almost identical correction factor (1.22) to ours that averaged 

both morning and evening flights. However, one advantage of thermal imagers over 
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conventional RGB cameras is the ability to distinguish animals based on their body heat 

and increased detection of animals at night and during low light conditions (Burke et al. 

2019). Chrétien et al. (2016) found that detection of thermal objects was more accurate 

than RGB. Witczuk et al. (2018) showed that terrestrial ungulates could be identified in 

both leafless deciduous forests and coniferous forests using thermal cameras. We also 

detected deer in all major vegetation types (deciduous/mixed/and coniferous forest, open 

areas). However, heat emission is not constant throughout the day (Felton et al. 2010) and 

can fluctuate depending on a variety of factors such as weather condition (e.g., ambient 

temperature, cloud cover; Burke et al. 2019) and environment (e.g., land cover, aspect; 

Franke et al. 2012, Chrétien et al. 2016, Witczuk et al. 2018, Burke et al. 2019), making 

timing of surveys a critical study component. 

Timing of surveys and topographical complexity can result in unequal warming of 

areas (thermal cluttering) mediated by exposure to sunlight (i.e. background thermal 

radiation varies across the landscape). This is especially true in areas with objects with 

thermal inertia such as boulders and wet ground or water (Burke et al. 2019). Witczuk et 

al. (2018) indicated that in forested areas, the contrast between trees and ground can 

influence our ability to detect animals, and found that during morning flights, some sun-

exposed tree trunks and branches were just beginning to heat up, resulting in thermal 

cluttering and low contrast. We observed that the residual heat captured during the day by 

vegetation allowed better distinction of foliage in forested habitats during evening flights, 

causing the ground signature to be relatively cooler. Thus, evening images were clearer 

and had a homogenous background, such that animal signatures stood out with enough 

contrast for relatively easy detection (Witczuk et al. 2018). The accuracy of our data 
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collected during evening flights suggests a correction factor may not be needed when 

flight conditions are optimized for a particular area. Conversely, during morning flights, 

vegetation was cold due to thermal radiation exchange with the clear sky at night while 

the ground remained relatively warm, deer became difficult to distinguish from the 

background during this period due to decreased contrast.  

In this study we used a non-radiometric sensor that did not allow temperature 

thresholds to be set. Thermal exchange between animals and their environment is well 

understood (Porter and Gates 1969), and using a radiometric sensor thermal threshold 

that can be tailored to the calculated radiative properties of the organism(s) of interest can 

greatly increase the thermal contrast between an animal and the terrain and likely 

improve accuracy of this technique.  

Human Observers 

The huge amount of data and the need for multiple observers to minimize potential 

observer bias are often described as an important drawback for using drones for wildlife 

surveys (Linchant et al. 2015). However, Linchant et al. (2018) noted that experienced 

observers needed smaller correction factors to estimate the total population of deer and 

that estimates from separate observers quickly converge with small amounts of 

experience. Our results support this conclusion as our experienced human observers had 

consistency in both the time of deer observations and resulting density estimates of their 

respective video analyses. Observer-specific probability density curves of observation 

time were nearly identically shaped for high-contrast evening flights, indicating observers 

generally counted the same individual animals during the study. However, there was no 

difference between flight and observer observations overall, despite the low-contrast 



17 
 

morning flight. Meaning during the morning flight that while both observers identified 

approximately the same number of deer in lower quality footage, they did so at different 

times, suggesting increased false positive observations were made due to the difficulty in 

separating the thermal image of the deer from the thermal clutter in the landscape.  

Thermal and RGB drone surveys can collect detailed information rapidly 

(Linchant 2015), potentially creating scenarios where the time and cost of manual 

classification of imagery from aerial surveys becomes exorbitant. Our study area was 

small (each flight provided near complete coverage of our study area and the complete 

video footage for each survey was approximately 20 minutes only) and our observers 

only had 64 total minutes of video footage to analyze. Larger study areas and more 

complex data sets might necessitate automated image classification, which would save 

time and costs associated with human-observer analysis (Chabot and Francis 2016, 

Seymour et al. 2017). However, the development of these technologies is still in its 

infancy, and these approaches are of limited use if models must be re-trained for new 

datasets or require extensive set up (Seymour et al. 2017). Additionally, Hodgson et al. 

(2018) illustrated that while semi-automated counts did streamline the process after 

algorithm training, manual counts performed equally well. However, when the number of 

subjects is high or repeat counts are required at different time points, labor investment 

needed for manual counting can be substantial and the incorporation of machine-learning 

capabilities will be more necessary (Chabot and Francis 2016, Burke et al. 2019). 

Due to the enclosed nature of our study area and the sole dedication of the facility 

to research with deer, we were unable to evaluate the ability to distinguish between 

multiple species, a potential limitation of the method in areas with multiple species of 
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large mammals. Further research on characteristics of thermal signatures for other large 

land-dwelling mammal species is needed, and future studies should assess and integrate a 

correction method that considers the sighting probability of deer for different cover types 

(e.g., deciduous forest, evergreen forest, open/field.; Chrétien et al. 2016). With further 

development of drone platforms, sensors, and computer vision techniques, drone-based 

approaches to wildlife estimation are also expected to continue to improve and become 

more widespread (Longmore et al. 2017, Seymour et al. 2017, Hodgson et al. 2018).  
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MANAGEMENT IMPLICATIONS 

Autonomous drone-based surveys using thermal sensors allow precisely replicated 

surveys and population estimates that equal or exceed traditional airborne techniques. 

This in turn gives wildlife managers greater ability to detect relatively small changes in 

populations, thereby improving the ability to apply and evaluate management efforts 

while simultaneously allowing surveys of difficult terrain and drastic reductions in risk to 

personnel. However, for thermal aerial surveys to be successfully applied to wildlife 

management and conservation issues, certain aspects of these surveys must be 

considered. First, observer bias and experience must be accounted for during data 

analysis. The impact of training on observer performance is poorly understood, but 

common sense dictates that performance will benefit from training. Second, data quality 

will be a function of vegetative cover, topography, and thermal contrast, and the 

interactions of these variables will vary with season, time of day, and region. It will be 

imperative to have an adequate understanding of the thermal landscape of a study area 

and how these variables influence thermal video contrast before attempting thermal drone 

surveys. Finally, study area size will influence the successful collection of data because 

of technological limitations with drones. Currently, small drones are limited to flights of 

several minutes to a few hours depending on the model and payload, forcing managers to 

balance coverage area with the minimum resolution for animal identification. However, 

expansion of the survey coverage to larger areas can be expected in the near future as 

regulations for civilian use of drones are constantly changing. As drone surveys are 

expanded to larger areas, data processing and analysis workflow will become of 

increasing importance.  
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 FIGURES AND TABLES 

 

Figure 1. Flight path (white lines) and transects flown (highlighted in yellow and 

labelled) and at Auburn University deer research facility, Alabama USA, 16–17 March 

2017 for white-tailed deer thermal drone surveys. 
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Figure 2. Screenshot illustrating ESRI’s Full Motion Video add-in tool used to identify 

and georeference individuals (or group of animals) detected during aerial thermal drone 

flights, within the Auburn University deer research facility in Alabama, USA, 16–17 

March 2017. Full Motion Video allowed us to observe the flight footage and current 

location of the aircraft along our flight path when marking locations of each individual 

and for comparison among observers. Yellow lines indicate programed aircraft flight path 

and transects and purple lines indicate actual aircraft flight path. Colored dots indicate 

marked white-tailed deer observations.  

 

 

 



32 
 

  

Figure 3.  Thermal white-tailed deer population estimates by flight and observer for 

Auburn University deer research facility, Alabama USA, 16–17 March 2017. Estimates 

were calculated using 2 separate approaches: transect-specific density and total count. 

Boxes represent interquartile range of transect-specific population estimates, midline 

estimate, and dashed lines represent the range. Dotted lines indicate the total count 

estimates. Slash line indicates known deer population within the high-fenced research 

facility.  
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Figure 4. Kernel-smoothed probability density distribution of observation time for 

surveys conducted at Auburn University deer research facility, Alabama 
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USA, 16–17 March 2017. Identically shaped curves indicate consistency of observation 

between observers. 

 

Figure 5. Thermal images of deer observations in both open vegetative cover and mixed-

deciduous forest from an altitude of 100 m above ground level during both morning (AM; 

sunrise) and evening (PM; sunset) flights conducted within the Auburn University deer 

research facility in Alabama, USA, 16–17 March 2017. Sunrise flights occurred within 

0619–0719 and sunset flights within 1821–1921. Confident thermal signatures of animals 

are marked with solid line circles and dashed line circles marked unclear signatures. Time 

(AM vs PM) and cover type for each image: (a) AM, open; (b) AM, forested; (c) PM, 

open; (d) PM, forested. 
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ABSTRACT 

1. Camera traps are an increasingly popular species monitoring tool yet remain 

controversial for estimating populations due to inherent data interpretation 

difficulties. The objectives of our study were to compare two commonly used 

population estimation analysis methods using camera trap data, N-mixture 

modelling and mark-resight, and validate their accuracy with an independent 

dataset.  

2. We evaluated these methods using observations of white-tailed deer (Odocoileus 

virgnianus) from a camera-trapping study at Pilot Mountain State Park, NC USA. 

Deer densities derived from unmanned aerial thermal imagery were used to 

independently validate both methods. Environmental covariates were included in 

N-mixture models to explore spatial abundance relationships and seasonal 

abundance models were fit to 18 months of camera observations to explore 

temporal dynamics in local populations.  

3. N-mixture modelling, mark-resight, and unmanned aerial surveys converged on 

similar density estimates, indicating the accuracy of both camera survey methods. 

Our N-mixture modelling estimates were robust over a large range of temporal 

survey lengths (from 1 – 168 h sample units).  Mark-resight methods required less 

samples and provided demographic information valuable in management but 

required more survey effort to identify individuals and suffered from a lack of 

measurable precision.  

4.  Our N-mixture modelling approach additionally allowed us to robustly measure 

spatial and temporal dynamics within our study area. Deer in our study area 
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preferred southern aspects, likely due to the greater amount of browse in these 

areas. Temporal patterns showed two-fold seasonal fluctuations of deer density 

and suggest our study area acts as a hunting season refuge, presumably due to 

tradeoffs between forage availability and mortality risk.  

5. Synthesis and applications. Both N-mixture modelling and mark-resight analysis 

provide reliable deer population estimates from camera trap data. N-mixture 

modelling allows for robust population estimates of commonly occurring species 

and allows for the exploration of spatial and temporal hypotheses.  

 

KEYWORDS 

Camera trapping, N-mixture modelling, density estimates, population, mark-resight, 

North Carolina, spatial occupancy models, white-tailed deer, demographic methods, 

imperfect detection 

 

 

 

 

 

 

 

 

 

 



38 
 

INTRODUCTION 

Population surveys provide fundamental baseline information for a wide spectrum of 

ecological processes, including population dynamics (Freckleton et al., 2005), species 

interactions (Vásquez et al., 2007), disease prevalence (Hochachka and Dhondt, 2000), 

and biodiversity (Gotelli and Colwell, 2001). However, the accuracy of these estimates 

often remains unexplored due to the high cost and effort of validating data collected at 

large, population-level, scales.  

Remote photography surveys have surged in popularity since the development of 

affordable commercially available infrared-triggered camera traps (Cutler and Swann, 

1999; Koerth and Kroll, 2000; Rowcliffe and Carbone, 2008). Established cameras serve 

as permanent observers, operating continuously in a wide range of environmental and 

climatic conditions with minimal human attention (Larrucea et al., 2007). As a result, 

camera traps are less invasive, less labor intensive, and more cost effective than other 

ecological monitoring techniques (Silveira et al., 2003; Heilbrun et al., 2006; Rowcliffe et 

al., 2008). Despite their widespread use, however, generating accurate population 

estimates from camera trap data remains a challenge due to inherent sampling error 

(Meek et al., 2015). For example, camera traps capture a limited portion of their assumed 

sampling area, confounding true absences of the target species with their non-detection 

(Burton et al., 2015, Kéry & Royle 2016). Estimates not accounting for ‘imperfect 

detection’ will misrepresent target populations and lead to poor management decisions. 

Although several analytical methods account for imperfect detection of camera traps 

(Rowcliffe et al., 2008; Howe et al., 2017), modified mark and recapture surveys are 

those most commonly used by managers.  
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Mark and re-sight surveys (MR) are commonly used in coordination with camera 

traps for estimating populations but are limited by the need to identify individuals. The 

method applies traditional mark and recapture analysis to camera trap data by using the 

photographic capture rates of individual animals to estimate abundance (Burton et al., 

2015). Traditional MR methods operate under two assumptions: that individuals are 

correctly identified and have equal probabilities of detection (Pollock et al., 1990). The 

necessity of individual identification also restricts the application of MR to species with 

visual markings such as large, patterned felids (Karanth & Nichols, 1998) or ungulates 

with conspicuous antler patterns (Jacobson et al. 1997). Recent improvements of MR 

methods account for heterogenous detection of individuals, space use of individuals, and 

imperfect detection (Royle & Young, 2008), but the necessity of individual identification 

and fine-scaled movement data prevents their application to many wildlife species and 

warrants the exploration of other methods.  

Another approach, N-mixture modelling (NMM), uses spatially and temporally 

replicated point counts to estimate abundance without the need for identification of 

individuals (Royle, 2004; Mackenzie & Royle, 2005). NMM treats the probability of 

observing individuals (i.e., ‘detection’) and true occupancy separately by using variation 

in site-specific, temporally replicated point counts to estimate the probability that 

individuals are detected (p). NMM assumes that variation in point counts are due to p 

alone (e.g., Royle, 2004), that populations are closed, there are no false positive species 

identifications, that detections are independent, and there is a constant, homogeneous 

detection probability for all individuals (Kéry & Royle, 2016). NMM allows for the 

incorporation of environmental covariates into both detection and occupancy models and 
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distinguishes non-detection from true absences (Dénes et al., 2015). In doing so, NMMs 

allow biologists to investigate temporal and spatial relationships with fine-scale 

population fluctuations, allowing for precisely targeted management actions. Although 

NMMs have been used to estimate population characteristics of birds, amphibians, and 

tropical mammals (Kéry et al. 2005; Ahumada et al., 2013; Ficetola et al. 2018), their 

accuracy remains questionable because true population estimates are typically 

unavailable for many free-ranging species.  

Despite their popularity, NMMs have been recently criticized due to their reliance 

on unrealistic assumptions listed above (Barker et al., 2017). Double counting of 

individuals, population fluctuations, and heterogenous detection probability constitute 

major violations of the assumptions of the NMM approach, yet are unavoidable, to some 

degree, within field surveys (Link et al., 2018). Recent simulation studies show that these 

violations only marginally affect model fit, but radically change resulting population 

estimates (Duarte et al., 2018; Link et al. 2018). Previous validations of NMM have 

relied upon simulated data conforming to the underlying assumptions of the model 

(Royle, 2004) and do not necessarily validate the model in situations where modelling 

assumptions may not be realistic (i.e. free-ranging populations of animals). Further 

validation of the NMM approach using alternative techniques is needed in this field.  

The broad goals of this study were to compare survey methods using a free-

ranging population of white-tailed deer (Odocoileus virginianus; hereafter deer) and use 

resulting estimates to connect spatial and temporal population fluctuations with 

ecological processes within a moderately-sized (10 km2) protected area. Deer are 

considered keystone herbivores in the eastern United States (Waller & Alverson 1997) 
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and at elevated densities can have profound homogenizing effects on understory 

composition and structure due to selective browsing pressure (Rossell et al., 2007; 

Rossell Jr. et al., 2005). Male deer, identifiable by their antler characteristics (Jacobson et 

al., 1997), serve as an ecologically relevant model for the assessment of both MR and 

NMM population methods. MR surveys have been used widely to study deer (Jacobson et 

al., 1997; McCoy et al., 2011), but NMMs, although widely used for other species, have 

been sparsely applied to deer in a management context due to their potential to violate 

modelling assumptions (Keever et al., 2017).  

Our approach is novel in that we apply a third method, unmanned aerial vehicles 

equipped with infrared imagers (UAI), as a means of validating the MR and NMM 

camera survey estimates. The UAI method has been validated using captive populations 

of deer in a natural setting (Baldwin et. al, in review), thus providing an ideal benchmark 

for comparison. Our study had three specific aims: (1) validate camera survey estimates 

with UAI analysis, (2) compare the estimates obtained by N-mixture modelling with 

those of MR estimates and (3) use resulting estimates to connect population fluctuations 

to spatial and temporal ecological processes at a local scale.  
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MATERIALS AND METHODS 

Study Area 

This study was conducted on the ~10 km2 (1024 ha) mountain section of Pilot Mountain 

State Park (PMSP), NC USA, 36.3425° N, 80.4768° W (Figure 1). The mountain section 

of the park consists of a quartzite monadnock that rises 738 meters above sea level and 

427 meters above the surrounding hillside. The differing levels of soil moisture and 

exposure amongst Pilot Mountain’s south/west and north/east slopes drive vegetational 

differences along these aspects. Pine-oak/heath dominate on the south/west facing slopes 

as a result of xeric conditions from prevailing southwestern winds and intense sun 

exposure. Dominant species include Table Mountain pine (Pinus pungens) and pitch pine 

(P. rigida), with an understory of mountain laurel (Kalmia latifolia), and purple 

rhododendron (Rhododendron catawbiense). Scrub oak (Quercus ilicifoli), blackjack oak 

(Q. marilandica), and chestnut oak (Q. montana) are also present, with an herb layer 

comprised mainly of beetleweed (Galax urceolata) and trailing arbutus (also known as 

mayflower; Epigaea repens). On more mesic east- and north-facing slopes dominance 

shift from pines (P. pungens, P. rigida) to oaks (predominantly Q. montana), with a 

poorly-developed herbaceous layer of primarily beetleweed (Galax urceolata; Randall et 

al. 1995).  

Survey design 

Twenty-two camera sites were established throughout the mountain section of 

PMSP, creating a camera density of approximately one camera per 0.41 km2 (40.5 

hectares). Original site locations were chosen using a systematic design on a randomly 

generated grid, with minor adjustments made to minimize slope and ease of camera 
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access (Jacobson et al., 1997). Cuddeback E3 model cameras (Non Typical, Inc., Green 

Bay, WI) were used and set with “high” trigger sensitivity and “optimal” detection range. 

Camera sites were established in June of 2016 and maintained continuously thereafter; 

memory cards were replaced monthly and batteries weekly. Cameras were mounted 

facing north to reduce backlighting at sunrise and sunset. Obstructing vegetation was 

cleared from the camera view to reduce the likelihood of empty captures; plastic 

identification tags were mounted opposite cameras to facilitate site recognition. Photos 

from January 1 – March 31, 2018 (90 days) were used to compare models to maintain 

assumptions of closed populations and equal detectability of animals with the minimal 

canopy coverage necessary for UAI flights. Photos from June 2016 – November 2017 

were consolidated and used to investigate temporal trends in NMM estimated population 

density.  

Image analyses 

All photos were initially classified by number of adult males, adult females, fawns, and 

individuals of indeterminable demographic characteristics. Subsequently, we applied the 

method of Jacobson et al. (1997): the ratio of unique adult males, identified by antler 

characteristics, to total adult male captures was applied to the total captures of adult 

females and fawns, providing an estimate of unique number of individuals in both 

classes. Population density was calculated by dividing the resulting estimates by the total 

study area.  

Model creation 

Captures were tallied in photos collected at least 10 minutes apart to avoid double 

counting and aggregated by hour over the course of the 90-day study period (j = 2,160; 
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Royle, 2004).  Aggregations of increasing length (1 - 168 h) were used to analyze the 

sensitivity of null models to changes in temporal discretization of continuous camera 

detections. Elevation data were extracted from the USGS National Elevation Dataset and 

used to calculate site-specific slope and aspect (U.S. Geological Survey, 2013). Distance 

to edge, distance to road, and distance to trail were calculated for each site. The 

hierarchical model used was in the form: 

1. 𝑁𝑖 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑖);  with log(𝜆𝑖) =  𝛽0 + 𝛽1 

2. 𝐶𝑖𝑗|𝑁𝑖 ~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑁𝑖, 𝑝𝑖𝑗);  with log(𝑝𝑖𝑗) =  𝛼0 + 𝛼1  

 Where 𝑁 is the latent abundance of site 𝑖 , 𝐶 is the point count at site i and time 𝑗, 𝜆 is 

mean abundance and 𝑝 is the detection probability of individuals at site i and time 𝑗. 

Covariates (𝛽, 𝛼) are incorporated into the observation and occupancy portions of the 

model using log-link functions.  

Candidate models were created using environmental covariates in both the 

observation and occupancy processes and top model was selected using Aikake’s 

information criterion (AIC). An empirical Bayes best unbiased predictor of mean site 

abundance was calculated from a simulated posterior distribution of the top performing 

model along with 95% credible intervals. Population density was calculated by summing 

mean abundance by site and dividing by the area of PMSP. Upon identification and 

validation of top-performing model, we used modelling parameters to estimate deer 

abundances from September 2016 – December 2017. Observation data were grouped into 

three-month windows for modelling in order to control for seasonal differences in 

detection probability and animal behavior. Normalized difference vegetation index 

(NDVI) values were extracted from 16 day, 250m resolution MODIS data for each 
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camera site and averaged by season to portray vegetation dynamics over time. Data 

analysis was performed using packages unmarked (Fiske & Chandler, 2011), 

AICcmodavg (Mazerolle, 2017), raster (Hijmans, 2019), and MODIS (Mattiuzzi & 

Detsch, 2019) in R version 3.4.0 (R Core Team, 2018). 

UAI validation 

We conducted five flights using the Linn Aerospace Hummingbird quadcopter equipped 

with a 640 x 480-pixel non-radiometric thermal infrared imager (FLIR Vue Pro 640; 13-

mm lens, 45° horizontal FOV, 30 hz). Three morning and two evening flights were 

conducted within one hour of sunrise or sunset on February 8 – 13, 2018. All flights were 

performed at 120 m above ground level (AGL), providing a 100 m horizontal field of 

view. The aircraft flew in an east-west oriented transect pattern, with 12 parallel 

transections, totaling 13.75 km in length, spaced evenly 300 m apart across the study area 

to avoid possible double counts. Flight coverage area (transect length x width of view) 

accounted for 13.5% (1.38 km2ha) of the study area. Video was collected continuously in 

flight and was processed and analyzed according to the methods of Baldwin et al. 2019 

(SI Methods). Densities were averaged between transects and flights to provide validation 

density estimates. An analysis of variance (ANOVA) using type 2 sum of squares was 

used to test for significant differences between flight estimates to ensure the reliability of 

the benchmark.  
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RESULTS 

We obtained 10,234 deer photos over our total 21-month study period and 1695 photos 

during our three-month validation period.   

Both camera survey methods generated overlapping density estimates with our 

UAI validation. The UAI method estimated the deer population density of PMSP to be 

31.0 deer / km2 (95% CI: 23.7 – 40.0). There was no significant difference in estimates 

between flight-specific estimates (F4,25 = 1.98, P = 0.13), giving us confidence in the 

reliability of UAI as a validation benchmark. NMM estimated the population density at 

34.6 deer / km2 (95% CI: 27.7 – 42.3), which differed only 26% from the MR estimate of 

25.3 deer / km2 . We determined all estimates to be statistically indistinguishable due to 

the inclusion of all means within the 95% CIs of the UAI estimate (Figure 2).  

Our top performing NMM contained significant predictors within both 

observation and occupancy portions of the model. The detection model contained an 

interaction between slope and aspect (β = 0.365, SE = 0.128, P = 0.004), which was 

expected due to variability in topography and vegetation cover which modified the 

sampling area of the camera traps. Aspect was also a significant (β = 0.757, SE = 0.237, 

P = 0.0005) driver of site abundance, with higher deer abundances strongly associated 

with the southern aspects of the study area (Figure 3).  

By grouping the camera trap captures into time periods of differing lengths, we 

were able to conduct a sensitivity analysis on how survey length influenced our estimates 

of deer density. Different discretization lengths of surveys had no significant effect on 

resulting estimates. Increasing length of survey decreased NMM density estimates by up 

to 5% from surveys of one hour and approached an asymptote of 25 deer / km2 (Figure 
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4). There were no significant differences amongst mean density estimates and all 

discretizations generated density estimates overlapping our UAI validation (Figure 4). 

The precision of these estimates, however, increased with survey length. 

Our NMM temporal analysis revealed consistent seasonal fluctuations in local 

deer density over the course of our 18-month study period. PMSP deer density increased 

steadily in summer months, peaked in autumn months, and slowly decreased throughout 

the winter and spring – varying inversely with seasonal NDVI patterns (Figure 5). 

Although the amplitude of change differed across years, the general trends remained 

consistent between years.  While camera detection was likely lower during periods of 

abundant understory growth and standing biomass (i.e., May – September), our higher 

estimates of deer density demonstrate that this did not likely introduce bias into our 

results. 
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DISCUSSION 

 Both camera survey methods used in this study generated population density estimates 

that were comparable to our UAI validation, signaling that either method may be 

considered a viable option for estimating deer populations. The small differences between 

our estimates were likely due to the various assumptions of the respective methods. MR 

deer surveys rely on photographic capture of all individual male animals and only 

account for imperfect detection by inflating estimates 10% as determined by baited 

surveys of captive populations (Jacobson et al.,1997). Proper correction factors have not 

been explored for un-baited MR surveys; failure to capture or correctly identify all 

individual males present within our study area likely resulted in lower density estimates 

than other methods (Figure 3). Likewise, although correction factors improve the 

accuracy of resulting parameter estimates, they also conflate observation and site 

occupancy, which limits the possible application of parameter estimates to ecological 

processes. NMM accounts for imperfect detection by modelling detection probability and 

abundance separately (Royle, 2004), which results in more accurate density estimates 

given the assumptions of the model are upheld. A recent study validated extensions of 

NMMs on large, free-ranging ungulates using telemetry data to estimate immigration and 

emigration rates (Ketz et al., 2018), but individual movement data are time intensive, 

costly, and rarely available to stakeholders. Our findings demonstrate that basic NMM 

(i.e., using model estimation procedures in freely available, open source software) can 

provide accurate abundance estimates for free-ranging ungulates and can be used to test 

hypotheses of abundance relationships with spatial and temporal predictors.  
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Within our study area topographic aspect influenced deer abundance, thus 

highlighting the importance of abundance-space relationships. Topographic aspect 

directly impacts soil nutrient and organic matter content due to differing exposure and 

moisture regimes (Yimer et al., 2006), resulting in contrasting vegetation community 

composition between aspects (Bennie et al., 2006). Deer preferentially select areas of 

higher relative nutritive quality when the costs of selection of other available areas are 

equivalent (Pauley, 1993). Within our study area, individuals occupied southern slopes 

more heavily than northern slopes (Figure 3), which is likely due to higher amounts of 

available browse within the mixed forest overstory area (Williams & Oosting, 1944). The 

southern slopes of our study area also have easier access to surrounding agricultural 

lands, whereas the northern slopes are bounded by more suburban areas. Although habitat 

preferences of deer are well-documented and easily explained, our results demonstrate 

that NMM can illuminate spatial relationships of abundance in a robust manner to test 

hypotheses of space-abundance relationships. These benefits are compounded by the ease 

of expanding NMM throughout time to investigate temporal process of local population 

dynamics.  

Our results suggest that PMSP experiences seasonal fluctuations in deer 

population density due to the interplay of risk and resource availability. Ungulates trade-

off mortality risk and forage quality when selecting habitat (Hebblewhite & Merrill, 

2009), valuing safety over forage when risks of predation are especially high (Lone et al., 

2015).  In the resource-rich agricultural landscapes surrounding our study area, human 

recreational hunting pressure poses a substantial risk to deer during the autumn hunting 

season. Public lands shelter disproportionate numbers of ungulates to their size in the 
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western united states during hunting seasons due to hunting restriction and prohibition 

(Proffitt et al., 2013; DeVoe et al. 2019); our temporal analysis suggests that PMSP 

serves as a similar mortality refuge for local deer. Conversely, during the months of the 

early growing season, the deer population density of PMSP gradually decreases as 

surrounding agricultural lands with higher forage availability become more favorable. 

These seasonal fluctuations in population density demonstrate the importance of 

considering behavior and spatial configurations of the landscape when interpreting 

population survey data. Survey methods and designs must be carefully selected based on 

behavioral characteristics of focal species and management goals of estimates (Burton et 

al., 2015).  

Temporal and spatial replication are necessary for NMM but represent a tradeoff 

in practitioner effort (Shannon et al., 2014). Greater spatial replication facilitates the 

detection of rare or cryptic species, whereas greater temporal replication allows for more 

precise estimates of common species (Mackenzie & Royle, 2005). The similarity of our 

estimates results, in part, from detailed knowledge of deer space use; home ranges and 

core area sizes of deer are extensively detailed (Stewart et al., 2011). In Appalachian 

forests, deer have an average core area of use of 0.24 km2 and home range size of 10 km2 

during winter (Campbell et al., 2010), but home ranges and space use are also known to 

vary with habitat quality (Marchinton & Hirth, 1984) and season (Nicholson et al., 1997). 

Our camera density of 1 camera per 4 km2 minimized the possibility of detecting animals 

at more than one camera site within our study area while maintaining adequate coverage 

for the capture of individual animals necessary for MR analysis. However, as we cannot 

ensure complete closure between our camera sites, our interpretation of abundance 
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changes from absolute abundance to one of ‘use’ (Latif et al., 2015). Site specific 

abundances better represent the mean number of animals using a specific area since 

double counting of some animals across sites likely resulted in greater NMM estimates. 

Although the validation of our NMM approach suggests that minimal double-counting 

occurred, the possibility cannot be completely discounted.  

Our results demonstrate the robust nature of NMM by showing that different 

discretization of survey lengths only marginally affected our resulting estimates. Camera 

traps provide a continuous record of detection, but camera surveys are often discretized 

for computational and analytical ease (Guillera-Aroita, 2011). Practitioners are advised to 

select the smallest possible time unit of ecological inference to prevent unnecessary data 

reduction, but the effects of changing discretization periods are poorly understood 

(Mackenzie & Royle, 2005). Previous studies show that lengthening discretization 

periods increase estimated detection probability while occupancy estimates remain 

constant (Steenweg et al., 2016).  Our results suggest that increasing the length of our 

effective survey periods had only a marginal effect on the resulting abundance estimates 

and all survey lengths generated population estimates within the range of our UAI 

validation (Figure 4). Hence, NMM presents a flexible option for the population 

estimation of commonly occurring species from camera data; practitioners may discretize 

camera surveys as determined by data availability without fear of manipulation of 

resulting estimates.  

The goals of management action should be the determining factor for choosing 

camera trap survey methods. MR surveys allow for easier calculation of demographic 

information, such as population age and sex structure, compared to NMM due to lower 
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sampling requirements for analysis. MR surveys can be imperative for population 

management decisions which oftentimes necessitate demographic targeting (Gordon et 

al., 2004). However, calculating precision for MR surveys can be difficult; due to the 

logistics involved, replicate survey data are often unavailable. Managers need the ability 

to compare their results across space and time in order to evaluate the effects of past 

decisions and plan for future action (Engeman, 2005). NMM provide robust estimates of 

precision and allow for better comparison of estimates across space and time. A 

combination of approaches may be necessary to achieve all management goals of a given 

area; our findings suggest that managers may choose either MR and NMM methods of 

analysis with confidence that their results accurately reflect the population of their study 

area. 
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FIGURES AND TABLES 

 

 

Figure 1. Locations of camera sites in Pilot Mountain State Park mountain section, North 

Carolina USA. 
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Figure 2. Mean deer population density estimated by N-mixture modelling (NMM), 

mark-recapture (MR), and un-manned aerial infrared (UAI) methods. Error bars represent 

95% confidence intervals of estimates. 
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Figure 3. NMM estimated abundance by topographic aspect of camera site. Boxes 

represent interquartile range of abundances, midline represents median, and points 

represent outliers.  
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Figure 4. The NMM estimated mean deer population density of PMSP with increased 

survey length. The solid line represents LOESS best fit line to visualize trends. The 

shaded region represents the 95% confidence interval of UAI validation. Error bars 

represent 95% credible intervals.  
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Figure 5. Temporal analysis of PMSP deer population dynamics in relation to seasonal 

vegetational changes. Three-month bins were used to evaluate seasonal trends in local 

populations and resource availability. Green points represent mean NDVI value by 

season, black points represent mean deer density. Lines represent LOESS best fit line to 

visualize trends. Error bars represent 95% CI on mean best unbiased predictor site 

abundance.  
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SUPPLEMENTARY METHODS 

Flight parameters 

Our Linn Aerospace Hummingbird quadcopter was controlled by a Cube Autopilot (Hex 

Technology Ltd, Hong Kong, CN) running the Arduplane software stack. Flight paths 

were programmed using Mission Planner (Michael Oborne, 2019). This flight control 

system provides for fully autonomous flight and terrain following, allowing for precise, 

repeatable flight paths. The drone was hand-flown during take-off and landing using the 

Pixhawk flight controller while all other phases of flight were under autopilot control and 

monitored using Mission Planner. The aircraft was equipped with a 640 x 480-pixel non-

radiometric thermal infrared imager (FLIR Vue Pro 640; 13-mm lens, 45° horizontal 

FOV, 30 hz). The camera was mounted looking vertically downward to obtain the nadir 

view and the camera horizontal axis was aligned perpendicular to the flight path. This 

sensor is self-calibrating, with a marketed precision of 0.05 °C (<50 mk). Comparisons 

with ground-based temperature measurements indicate that it is accurate within +/- 5 °C.  

Data processing  

Video was collected continuously in flight and after flight, data flash logs from the 

autopilot were trimmed to correspond with video clips, reformatted for ingestion into 

ArcGIS Full Motion Video (ESRI 2017), and the two were multiplexed in Full Motion 

Video (FMV) to create georeferenced video. 

Georeferenced video footage from each of the five flights was analyzed at half 

speed by three separate observers. Deer were identified by their contrast against 

background thermal radiation and body shape. The location and time of each observation 

were marked and recorded using the Full Motion Video plugin for ArcGIS to geotag each 
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individual and ensure all observations remained within the known study area. Deer 

observations of each observer were summed by flight transect and divided by their 

respective areas to calculate transect-specific densities (Baldwin et al., in review).  
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CHAPTER 3: SUSTAINED BROWSING PRESSURE STRUCTURES 

VEGETATION COMMUNITIES IN A NORTH CAROLINA STATE PARK 

 

ABSTRACT 

White-tailed deer (Odocoileus virginianus) dramatically alter forests through selective 

browsing pressure, reducing species diversity, structural complexity, and shifting 

dominance towards shade and browse tolerant invasive species. Previous studies suggest 

that prolonged, intense browsing may exert considerable legacy effects on vegetative 

communities for decades after the alleviation of browsing and may be the cause of 

alternative vegetative stable states within eastern forests. This study investigated the 

legacy of intensive browsing in a North Carolina State Park using paired herbivore 

exclosures. Relationships of ordination axis values, Simpson’s dominance (D2), 

Simpson’s evenness, and aboveground biomass with environmental covariates and 

exclosure treatments were evaluated using linear mixed models. There were no 

significant differences in composition, diversity, or structure between exclosure 

treatments, indicating possible browse legacy effects within our study area. Our study 

provides baseline data for longitudinal exploration of the vegetative regeneration in 

heavily browsed areas.  

KEYWORDS 

Deer, browsing, species diversity, community composition, vegetative structure, 

exclosure, North Carolina 
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INTRODUCTION 

Large populations of deer create more simplified and less diverse vegetative communities 

through sustained browsing pressure (Nuzzo et al. 2017). In areas of high deer 

population, palatable species are rapidly defoliated, resulting in low probabilities of 

survival and reproduction (Augustine and Frelich 1998, Augustine and Decalesta 2003, 

Côte et al. 2004). Intense browsing shifts community composition away from native 

palatable species; long-lived herbaceous perennials are often dispersal-limited and are 

quickly lost from heavily browsed communities (Webster et al. 2018), allowing for the 

invasion of alien species and reductions of floral diversity (Vavra et al. 2007). As such, 

intensive deer browsing comprises a substantial threat to present-day biodiversity 

(Rooney & Waller, 2003) These ecological effects of sustained browsing pressure are 

compounded by the direct effects of browsing on vegetational structure. 

 Chronic herbivory of high deer populations reduces structural complexity of 

understory vegetation, affecting the faunal composition of the area. High populations of 

deer drastically reduce standing palatable vegetation biomass (Webster et al., 2018), 

shrinking surviving adult plants in stature and size variance (Knight et al., 2009). Heavy 

browsing often suppresses nitrogen-fixing plants, which dramatically alters nutrient 

cycling of the surrounding ecosystem and reduces the overall primary productivity of a 

given area (Hobbs 1996, Schoenecker et al. 2004). Small mammals rely on vegetational 

structural complexity for cover from predators (Rossell & Rossell, 1999; Cote et al. 

2004) and bird populations fluctuate in direct accordance with changes in structure 

(McShea & Rappolle, 2001; Martin et al., 2011). As such, reductions in vegetation 

biomass ultimately reduce the faunal diversity of the area and ultimately result in 
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cascading trophic effects (Nuttle et al. 2014). However, the reduction of vegetative 

structural complexity is not a mere product of current browse pressure; areas exhibit 

legacy effects of historic browsing pressure decades after its alleviation. 

Sustained intensive browsing can create a vegetative legacy of browsing that 

extends far past the alleviation of browsing pressure. Browse-tolerant species often 

dominate heavily browsed areas and may competitively exclude heavily browsed species 

even decades after the alleviation of acute browsing pressure (Carson et al. 2005, 

Tanentzap et al. 2012, Nuttle et al. 2014). Reduced light availability, increased soil 

compaction, and increased thickness of soil E horizon elicited by long-term browsing 

further prevent the re-establishment of understory communities (Sabo et al. 2017). 

Additionally, chronic herbivory pressure can also result in the depletion of palatable 

native species from the seed bank due to the mortality of adult plants (Beauchamp et al. 

2013, Bertiller 1996). Invasion of invasive species may further exacerbate compositional 

changes, while remaining masked in quantitative investigations of diversity due to their 

replacement of natives (Habeck and Schultz 2015). These compounding effects of 

sustained browse pressure can affect successional processes (Stromayer and Warren, 

1997) and may ultimately result in alternative vegetative stable states (Augustine et al., 

1998). While the lack of longitudinal data precludes the investigation of successional 

states in this initial study, the exclusion of herbivores from certain areas may be used to 

investigate both immediate browse effects and the potential for long term regeneration.  

Herbivore exclosures are amongst the most popular methods of quantifying white-

tailed deer browse effects on vegetation structure and composition (Horsley et al. 2003). 

The technique spatially excludes herbivores from areas using fencing in order to compare 
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vegetation between areas subject to browse and areas alleviated from browsing pressure. 

Although herbivore exclosure studies have a long history in the research of vegetation-

herbivore dynamics (eg. Hough, 1949; Anderson & Katz, 1993; Kain et al. 2011), recent 

studies have questioned the technique due to its reduction of the gradient of browsing 

pressure to a binary response and difficulty in interpreting non-linear relationships 

(Rooney & Waller, 2003). Although previous studies have experimentally manipulated 

deer populations to investigate browse effects across deer density gradients (Tremblay & 

Potvin 2006), a better understanding of the relationship between deer herbivory and 

vegetation dynamics is needed across a heterogeneous landscape of herbivory. 

The objectives of this study were to assess the legacy effects of sustained deer 

browse on understory vegetation of PMSP by comparing the community composition, 

diversity, and structure of aboveground plants in herbivore exclosures to those within 

deer-accessible plots. Our approach was novel in that we were able to estimate site-

specific deer abundances using an N-mixture modelling, allowing us to explore potential 

relationships of browse pressure across a gradient of sustained browsing pressure. We 

expected that fenced and un-fenced plots would show no significant differences in 

composition and structure due to the short-term nature of our study and the legacy of 

sustained intensive browse within our study area. 
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METHODS  

Study Area 

This study was conducted on the ~10 km2 mountain section of Pilot Mountain State Park 

(PMSP), NC USA, 36.3425° N, 80.4768° W. The mountain section of the park consists 

of a quartzite monadnock that rises 738 meters above sea level and 427 meters above the 

surrounding hillside. 

Pilot Mountain’s south/west and north/east slopes exhibit easily observable 

vegetational differences. Pine-oak/heath dominate on the south/west facing slopes likely 

as a result of xeric conditions from prevailing southwestern winds and intense sun 

exposure. Dominant species include table mountain pine (Pinus pungens) and pitch pine 

(P. rigida), with an understory of mountain laurel (Kalmia latifolia), and purple 

rhododendron (Rhododendron catawbiense). Scrub oak (Quercus ilicifoli), blackjack oak 

(Q. marilandica), and chestnut oak (Q. montana) are also present, with an herb layer 

comprised mainly of beetleweed (Galax urceolata) and trailing arbutus (also known as 

mayflower; Epigaea repens). On more mesic east- and north-facing slopes dominance 

shift from pines (P. pungens, P. rigida) to oaks (predominantly Q. montana), with a 

poorly-developed herbaceous layer of primarily beetleweed (Galax urceolata).  

Prior to the advent of the prescribed burning plan in 2009, PMSP had been fire-

suppressed since the 1940s (M. Windsor, personal communication). Fire scars dating to 

1859 reveal an average historical fire return interval of ~ 4 years (D. Cuppinger, personal 

communication) before the suppression of fire within the property to preserve logging 

interests. The current prescribed burning plan replicates the historic burn interval to 

maintain a low fuel load on the property and facilitate the recovery of the understory 
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community. Implementation of burning, however, has failed to regenerate the understory, 

except in those areas of the park naturally excluded from deer herbivory by geological 

characteristics. 

Recent deer population surveys using an N-mixture modelling approach (Royle, 

2004) indicate that PMSP supports a mean population density of 35 deer / km2, although 

the distribution of that population is not uniform across the landscape (Baldwin et al., in 

review).  Southern slopes contain relatively higher deer populations than northern slopes 

likely due to increased amounts of available forage.  

Survey design 

Ten pairs of 10m x 10m vegetation plots separated by 2m were established June-July 

2018 in a random stratified design (Figure 1). Plots were randomly assigned a fenced or 

unfenced treatment. Fenced plots were surrounded by 2m high wire fencing and uncaged 

plots were marked by fluorescently painted rebar posts. Each vegetation plot was divided 

into four 5m x 5m subplots for sampling.  

Vegetation samples were collected in September of 2018. Each subplot was 

sampled once at a random location determined by a blind bean-bag toss. An additional 

sample was taken at a random location within the plot for a total of five samples per plot. 

At each sampling location, community composition was evaluated using a modified 

Daubenmire method of coverage estimation (Daubenmire 1953, USDA 1997). Aerial 

percent cover for each species present was visually estimated to the nearest 0.5% within a 

50 x 50 cm frame. Cardboard cutouts representing 1 – 25% of the total frame area were 

used to assist with visual estimation. Note that total cover may exceed 100% because 
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species cover is estimated independently for each species. Aboveground biomass was 

sampled at each randomly selected location by clipping all individual plants rooted within 

two 0.1 m2 strips bordering the sampling frame. Samples were dried overnight in 

convection drying oven and dry mass was measured and classified by plant functional 

type for each site.  

Data analysis 

Environmental covariates (slope, aspect, elevation) were calculated from USGS National 

Elevation (USGS, 2019) dataset for inclusion in statistical analyses. All covariates were 

scaled for analysis to reduce difficulties in model convergence due to drastic differences 

in raw values. Topographic aspect was cosine transformed in order to control for 

circularity of measurements; cosine-transformed aspect values represent a gradient from 

due south to due north (-1 - +1). Time since last burn was collated by site from prescribed 

burn records. Site-specific deer abundances were extracted from the nearest available 

survey site as an index of relative browsing pressure. Non-metric multidimensional 

scaling (NMDS) was used to quantify community composition along environmental 

gradients using Bray-Curtis dissimilarities. This analysis was performed in Program R 

version 3.4.0 (R Core Team 2018) using the package vegan (Oksanen et al. 2019). Site 

diversity was calculated using Simpsons dominance index (D2) due to its ability to 

evaluate changes in diversity in areas with high levels of species dominance (Morris et al. 

2014). Simpson’s evenness was also calculated for each plot to test for shifts in 

dominance relationships, with lower values representing higher levels of species 

dominance in plots.  
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Community composition (NMDS axis values), diversity, and evenness were 

modelled as a function of environmental covariates, browsing pressure, fire frequency, 

fencing treatment, and biologically relevant interactions using linear mixed models, 

treating site as a random effect to control for multiple observations. AGB was square-root 

transformed in order to adhere to assumptions of normality. Mixed effect models were 

created using the package lme4 (Bates et al. 2015). Top models were chosen from an a 

priori determined suite of candidate models using Aikake’s information criteria corrected 

for small sample size (AICc) and significance of terms were assessed using Wald χ2 

analysis of deviance with type two sum of squares. Models were created, selected and 

evaluated for statistical significance using the packages car (Fox & Weisberg 2011) and 

AICcmodavg (Mazerolle 2017) in program R version 3.4.0 (R Core Team, 2018).   
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RESULTS 

Thirty-two total species were identified from eight of the paired vegetation plots; sites 

two and six were completely devoid of vegetation both inside and outside of exclosures, 

indicative of the extreme browsing pressure of the area. Plots ranged in species richness 

from 2-10 species present. Red maple (Acer rubrum), small black blueberry (Vacinium 

tenellum), and mountain laurel were present at the highest number of sites. Japanese 

stiltgrass (Microstegium vimineum), an invasive grass, dominated where present.  

 Our ordination and composition modelling indicated that site composition was 

largely driven by topographic aspect. NMDS ordination demonstrated high fit (non-

metric R2 = 0.87) and low stress (0.11), demonstrating its reliability as a quantification of 

community composition (Figure S1).  Our top model included aspect as the sole 

significant predictor of NMDS axis values (β = 38.78, χ2 = 8.81, df = 1, P = 0.003). There 

was no evidence of a treatment effect on composition (Figure 3).  

 Similarly, plot diversity and evenness were best predicted by elevation. Site 

diversity significantly increased with elevation (β = 0.81, χ2 = 13.95, df = 1, P = 0.00019) 

(Figure 4). There were no other significant predictors of diversity, despite AICc support 

for a model containing aspect and elevation as additive fixed effects. Although our top 

fitting model for species evenness contained elevation as a covariate (Figure 5), species 

evenness did not show a significant relationship with any predictors (β = 0.08, χ2 = 1.24, 

df = 1, P = 0.27). Trends from our evenness analysis support increased levels of 

dominance with un-fenced treatment (Figure S2) and increased browsing pressure, but 

these relationships were not significant.  
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 Local browsing pressure drove plot AGB regardless of treatment. Our top model 

included deer abundance as the sole predictor of AGB. Biomass significantly decreased 

with increased browsing pressure (β = -0.39, χ2 = 9.51, df = 1, P = 0.0025) and this 

relationship explained high amounts of variance (Figure 6). Again, there was no evidence 

of a treatment effect; there were no significant differences in biomass between fenced and 

unfenced plots (β = 0.15, χ2 = 0.064, df = 1, P = 0.80).    
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DISCUSSION 

Compositional changes between plots in our study area were only significantly associated 

with topographic aspect. Aspect influences the amount of solar radiation an area receives, 

resulting in micro-climatic differences in air temperature (Desta et al., 2004), soil 

moisture (Bennie et al. 2008), and soil nutrient content (Hicks & Frank, 1984). Southern-

facing slopes receive more direct sunlight than northern facing slopes, resulting in higher 

light exposure and lower soil moisture conditions than northern facing slopes. Within our 

study area, these moisture and sunlight regimes drive compositional difference between 

our plots (Figure 2) and is a more significant predictor than browsing pressure, 

management regime, elevation or caging treatment. This demonstrates potential legacy 

effects of chronic browsing pressure within the area; sustained browsing pressure at 

PMSP has resulted in the homogenous defoliation of palatable species across the 

landscape (Rossell et al., 2005). The remaining vegetative communities within our study 

area contain species of little nutritional value for deer and hence are structured by 

environmental gradients instead of browsing pressure.  

 Diversity analyses revealed that elevation is the sole significant predictor of both 

D2. Site diversity significantly increased at higher elevations (Figure 3), demonstrating 

trends consistent with previous studies detailing elevational-diversity gradients. Plant 

species diversity has been shown to have a hump-shaped relationship with elevation in 

ecosystems around the world; intermediate elevations associated with transitional zones 

contain the highest amounts of biodiversity (Lomolino, 2008). Although most studies 

focusing on elevational gradients explore diversity trends scaling thousands of meters, 

rather than hundreds, subtle differences in elevation can still influence diversity patterns 
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due to micro-climatic and soil chemistry changes (Noss et al., 2014). In our study area, 

higher elevations are associated with community shifts from predominantly heath-oak 

forest to open canopy pine communities (Williams and Oosting, 1944), due likely to 

changes in temperature and soil moisture content with elevation.  

Simpson’s evenness follows a similar general pattern as D2, with higher elevation 

sites showing lower amounts of species dominance. Although elevation was the best 

fitting predictor of evenness, it was not a significant relationship (Figure 4). There were 

no significant predictors of plot evenness amongst our environmental covariates and 

caging treatments. Unfenced plots did show higher levels of species dominance than plots 

inside fencing treatments (Figure S1), potentially indicating the beginning of a treatment 

effect. Deer are known to facilitate the dominance of shade tolerant, unpalatable species 

and ferns by defoliating palatable species (Webster et al. 2018). In the lower elevations of 

our study area, browse-tolerant invasive Japanese stiltgrass outcompetes heavily-browed 

species and thrives in areas of high shade and soil moisture. Unless browsing pressure is 

alleviated from these areas, it is likely that stiltgrass and other invasive species will 

increase their dominance, particularly within the vegetative biomass of the area.  

 Site-specific deer abundance showed the strongest relationship with AGB, 

demonstrating the propensity of browsing pressure to elicit structural vegetation changes. 

Higher browsing pressures significantly decreased the AGB of plots due to consistent 

removal of palatable forage (Figure 6). In areas with high resident deer populations, 

much of the standing biomass <2m high is depleted resulting in a clear browse line 

designating the physiological limits of deer browse (Bressette et al., 2012). Heavily 

browsed areas, such as our study area, may be primed to maintain high deer populations 
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at the expense of the system due to complex aboveground and belowground trophic 

cascades resulting from original reductions of biomass (Bressette et al., 2012). As a 

result, areas with chronic herbivory pressure can experience similar legacy effects of 

browse decades after the alleviation of browsing (White, 2012).  

 The lack of a treatment effect within any of our responses indicate that PMSP 

may either be subject to legacy effects from long-term deer overpopulation or that the 

timing of our fence installation did not sufficiently protect plants during the growing 

season. As we expected, we saw no fencing treatment effects in any of our measured 

response variables, which may indicate that the legacy of sustained browse at our study 

area will hinder vegetative recovery despite active management efforts (Banta et al., 

2005). Given the clear browse line at our study area, and its function as a hunting refuge 

during autumn months (Baldwin et al., chapter 2), it likely that the vegetative 

communities of PMSP will exhibit substantial legacy effects for the near future. 

However, our herbivore exclosures were established only three months prior to 

vegetation sampling and were not installed before the growing season. Early vegetative 

growth provides highly nutritious forage (Blair et al. 1977) and can be depleted at the 

seedling life stages in areas of particularly high browsing pressure (Cote et al. 2004). In 

order to evaluate these hypotheses and determine the regenerative potential of PMSP, this 

study should serve as community baseline for comparison to annual collections of 

vegetation data.  
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FIGURES AND TABLES 

 

 

Figure 1. Herbivore exclosure sites at Pilot Mountain State Park, NC USA. Each point 

represents a paired fenced and un-fenced plot.  
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Figure 2. NMDS ordinated using Bray-Curtis dissimilarities between sites. Low stress 

(<0.2) indicates the validity of the ordination. Boxplots represent interquartile ranges of 

NMDS axis values by treatment. Midlines of boxes represent median values, dashed lines 

represent extent and circles represent outliers.  
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Figure 3. Topographic aspect effects on site composition. Aspect values represent a 

gradient from due south (-1) to due north (+1). Aspect was the sole significant predictor 

of site composition (β = 38.78, χ2 = 8.81, df = 1, P = 0.003). There was no evidence of a 

treatment effect on site composition.  



93 
 

 

Figure 4. The effects of elevation on site diversity. Elevation values were scaled to 

prevent difficulties in model convergence due to large absolute differences in predictors. 

Elevation was the sole significant predictor of site diversity (β = 0.81, χ2 = 13.95, df = 1, 

P = 0.00019).  
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Figure 5. Effects of elevation on species evenness. High evenness values represent lower 

levels of species dominance. Although elevation was the best fitting predictor of 

evenness, this relationship was not significant (β = 0.08, χ2 = 1.24, df = 1, P = 0.27). 
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Figure 6. Effects of local deer abundance on vegetation structure. AGB was square-root 

transformed to conform to the assumptions of normality. AGB significantly decreased 

with increased deer abundance (β = -0.39, χ2 = 9.51, df = 1, P = 0.0025).  

 

 

 

 

 



96 
 

SUPPLEMENTARY FIGURES 

 

Figure S1. Caging treatment effect on species evenness. Boxes represent interquartile 

range of abundances, midline represents median, and points represent outliers. 
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