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Abstract 
Increasingly, drone-based photogrammetry has been used to measure size and 

body condition changes in marine megafauna. A broad range of platforms, sensors, and 

altimeters are being applied for these purposes, but there is no unified way to predict 

photogrammetric uncertainty across this methodological spectrum. As such, it is 

difficult to make robust comparisons across studies, disrupting collaborations amongst 

researchers using platforms with varying levels of measurement accuracy. 

In this dissertation, I evaluate the major drivers of photogrammetric error and 

develop a framework to easily quantify and incorporate uncertainty associated with 

different UAS platforms. To do this, I take an experimental approach to train a Bayesian 

statistical model using a known-sized object floating at the water’s surface to quantify 

how measurement error scales with altitude for several different drones equipped with 

different cameras, focal length lenses, and altimeters. I then use the fitted model to 

predict the length distributions of unknown-sized humpback whales and assess how 

predicted uncertainty can affect quantities derived from photogrammetric 

measurements such as the age class of an animal (Chapter 1). I also use the fitted model 

to predict body condition of blue whales, humpback whales, and Antarctic minke 

whales, providing the first comparison of how uncertainty scales across commonly used 

1-, 2-, and 3-dimensional (1D, 2D, and 3D, respectively) body condition measurements 
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(Chapter 2). This statistical framework jointly estimates errors from altitude and length 

measurements and accounts for altitudes measured with both barometers and laser 

altimeters while incorporating errors specific to each. This Bayesian statistical model 

outputs a posterior predictive distribution of measurement uncertainty around length 

and body condition measurements and allows for the construction of highest posterior 

density intervals to define measurement uncertainty, which allows one to make 

probabilistic statements and stronger inferences pertaining to morphometric features 

critical for understanding life history patterns and potential impacts from 

anthropogenically altered habitats. From these studies, I find that altimeters can greatly 

influence measurement predictions, with measurements using a barometer producing 

larger and greater uncertainty compared to using a laser altimeter, which can influence 

age classifications. I also find that while the different body condition measurements are 

highly correlated with one another, uncertainty does not scale linearly across 1D, 2D, 

and 3D body condition measurements, with 2D and 3D uncertainty increasing by a 

factor of 1.44 and 2.14 compared to 1D measurements, respectively. I find that body area 

index (BAI) accounts for potential variation along the body for each species and was the 

most precise body condition measurement. 

I then use the model to incorporate uncertainty associated with different drone 

platforms to measure how body condition (as BAI) changes over the course of the 

foraging season for humpback whales along the Western Antarctic Peninsula (Chapter 
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3). I find that BAI increases curvilinearly for each reproductive class, with rapid 

increases in body condition early in the season compared to later in the season. Lactating 

females had the lowest BAI, reflecting the high energetic costs of reproduction, whereas 

mature whales had the largest BAI, reflecting their high energy stores for financing the 

costs of reproduction on the breeding grounds. Calves also increased BAI opposed to 

strictly increasing length, while immature whales may increase their BAI and commence 

an early migration by mid-season. These results set a baseline for monitoring this 

healthy population in the future as they face potential impacts from climate change and 

anthropogenic stresses. This dissertation concludes with a best practices guide for 

minimizing, quantifying, and incorporating uncertainty associated with 

photogrammetry data. This work provides novel insights into how to obtain more 

accurate morphological measurements to help increase our understanding of how 

animals perform and function in their environment, as well as better track the health of 

populations over time and space. 
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Introduction  
The morphology and body size of an animal is one of the most fundamental 

factors affecting its habitat use and foraging performance, and can reflect details of an 

individual’s current health, likelihood of survival, and potential reproductive success 

(Schmidt-Nielsen, 1975; Arnold 1983, Irschick 2003). As such, the size of an animal can 

indicate important aspects of a species life history, such as reproductive status, growth 

rate, and energetic requirements (Young, 1976; Blueweiss et al., 1978). Collecting 

accurate morphological measurements of individuals is often essential for monitoring 

populations, and recent studies have demonstrated how animal morphology has 

profound implications for conservation and management decisions, especially for 

populations inhabiting anthropogenically-altered environments (Miles 2020, De Meyer 

et al. 2020). However, obtaining manual measurements of wild animal populations is 

logistically challenging, as accessibility can be limited, costly, dangerous, and disruptive 

to the animal (Ancrenaz et al., 2003; Gaudioso et al., 2014).  

Photogrammetry is a non-invasive method for obtaining accurate morphological 

measurements of animals from photographs. The two main types of photogrammetry 

methods used in wildlife biology are 1) single camera photogrammetry, where a known 

scale factor is applied to a single image to measure 2D distances and angles and 2) 

stereo-photogrammetry, where two or more images (from a single or multiple cameras) 
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are used to recreate 3D models (Gaudioso et al., 2014). These techniques have been used 

on domestic animals to measure body condition and estimate weight of dairy cows and 

lactating Mediterranean buffaloes (Negretti et al., 2008; Gaudioso et al., 2014) and on 

wild animals to measure sexual dimorphism in Western gorillas (Breuer et al., 2007), 

shoulder heights of elephants (Schrader et al., 2006), nutritional status of Japanese 

macaques (Kurita et al., 2012), dorsal fin height in killer whales (Durban and Parsons, 

2006), and  length, girth, and side measurements to estimate mass in pinnipeds 

(Alvarado et al., 2020; Ireland et al., 2006; Meise et al., 2014). Leedy (1948) encouraged 

wildlife biologists to use aerial photogrammetry from aircraft for censusing wild animal 

populations and their habitats. Photographs can be collected at nadir or an oblique 

angle, and the scale can be calculated by dividing the focal length of the camera by the 

altitude or by using a ratio of selected points in an image of a known size (Leedy, 1948). 

Indeed, aerial photogrammetry has been adopted by wildlife biologists and has proven 

useful in obtaining measurements in large vertebrates, such as elephants (Croze, 1972; 

Trimble et al., 2011) and cetaceans (Perryman and Lynn, 2002; Fearnbach et al., 2012).  

Aerial photogrammetry has been particularly useful in obtaining morphometric 

measurements of marine megafauna, particularly for cetaceans, as they are often in 

remote locations, spend little to no time at the surface of the water, and their large size 

can preclude safe capture and live handling (Johnston 2019). Prior to this technique, 
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measurements of cetaceans were traditionally limited to assessing carcasses collected 

from scientific whaling operations (Ichii & Kato 1991), or opportunistically from 

commercial whaling (Lockyer 1981; Christiansen et al., 2013), subsistence hunting 

(Lambertsen et al. 2005), stranding events (Palacios et al. 2004), and bycatch (Read, 1990; 

Koopman et al. 2002). Whitehead & Payne (1978) first demonstrated the utility of using 

aerial photogrammetry from occupied aircraft as a non-invasive technique for 

estimating length of cetaceans. This approach has been widely adopted to obtain length 

measurements of bowhead whales (Cubbage & Calambokidis, 1987), Southern right 

whales (Best & Rüther, 1992), fin whales (Ratnaswamy and Wynn, 1993), common 

dolphins (Perryman and Lynn, 1993), spinner dolphins (Perryman & Westlake 1998), 

and killer whales (Fearnbach et al. 2012; 2019). Aerial photogrammetry has also been 

used to measure body widths to estimate nutritive condition related to reproduction in 

gray whales (Perryman and Lynn, 2002) and Northern and Southern right whales 

(Miller et al., 2012). However, these methods can be costly (Arona et al. 2017), are limited 

by weather (Cosens et al. 2001) and infrastructure to support occupied aircraft research 

efforts (i.e., Durban et al. 2015), and, importantly, present a potential risk to wildlife 

biologists (Sasse 2003). 

  The recent advancement and commercialization of unoccupied aircraft systems 

(UAS, or drones) has revolutionized the ability to obtain high resolution 
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photogrammetric data across a variety of ecosystems, ultimately bringing five 

transformative qualities to conservation science: affordability, immediacy, quality, 

efficiency, and safety of data collection. Durban et al. (2015) first demonstrated the utility 

of UAS for non-invasively obtaining morphological measurements of killer whales in 

remote environments. Since then, UAS-based morphological measurements have been 

applied to a wide range of studies. For example, Groskreutz et al. (2019) demonstrated 

how long-term nutritional stress has limited body growth in Northern Resident killer 

whales, while Leslie et al. (2020) used UAS-based measurements of the skull to 

distinguish a unique sub-species of blue whales off the coast of Chile. UAS imagery is 

commonly used to measure the body condition of baleen whales and has been used to 

quantify intra- and inter-seasonal changes across individuals and populations (Durban 

et al., 2016; Christiansen et al., 2016; Lemos et al., 2020), how calf growth rate is directly 

related to maternal loss during suckling (Christiansen et al., 2018), and even estimate 

body mass (Christiansen et al., 2019). UAS-based morphological measurements have 

also been combined with whale-borne inertial sensing tag data to study the functional 

morphology across several different baleen whales species and analyze the 

biomechanics of filtration times (Kahane-Rapport et al., 2020), locomotion efficiencies 

(Gough et al., 2019), and even breaching performance (Segre et al., 2019). Taken together, 

UAS serve as a valuable tool for obtaining morphological measurements of large elusive 
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marine animals by both increasing our understanding of how these animals function 

and perform in their environments and providing greater opportunity to monitor 

population health over time and space (Moore et al., 2021).  

However, several different UAS platforms and protocols have been used in these 

efforts, and no centralized framework has been established for quantifying and 

incorporating measurement uncertainty. This creates confusion over the pros and cons 

for using one UAS platform or method over another and difficulty in comparing results 

across studies, ultimately hindering collaboration. Since UAS platforms vary in the types 

of cameras, focal length lenses, and altimeters, each will also vary in photogrammetric 

uncertainty. It is crucial for studies to incorporate uncertainty associated with 

measurements specific to each UAS platform, as a measurement is not complete unless 

accompanied by a quantitative statement of its uncertainty (Taylor & Kuyatt, 1994). 

Quantifying and reporting uncertainty associated with each measurement not only 

allows one to check the reliability of their measurements, i.e., if they are able to measure 

a true change in body condition, but also yields more robust scientific conclusions that 

are more comparable across studies using different UAS platforms. This is critically 

important as UAS are becoming more integrated into collaborative studies to monitor 

the health of populations over time and space (Moore et al., 2021).  
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As the capacity to collect morphometric data on various species via UAS 

continues to grow (Castrillon & Bengtson Nash 2020), we need better ways to report 

photogrammetric uncertainty associated with these measurements to bolster scientific 

conclusions and foster comparisons of data collected via different platforms. This will 

ultimately build a greater capacity to better monitor populations exposed to a variety of 

environmental and anthropogenic stressors. My dissertation analyzes the 

photogrammetric uncertainty associated with UAS-based photogrammetry. My first 

chapter compares several different UAS platforms to analyze sources of error 

contributing to UAS-based photogrammetry. I then develop a Bayesian statistical model 

that uses training data of known-sized objects to predict length measurements and 

associated uncertainty of unknown-sized objects (e.g., a whale) based on the UAS 

platform and altitude. Chapter 2 compares different methods for measuring the body 

condition of blue whales, Antarctic minke whales, and humpback whales – three baleen 

whales with distinct body shapes – from UAS imagery while incorporating uncertainty 

to each method. Chapter 3 applies methods established in Chapters 1 and 2 to 

incorporate uncertainty associated with measurements collected from multiple UAS 

platforms to monitor the seasonal changes in body condition of humpback whales along 

the Western Antarctic Peninsula. Finally, Chapter 4 provides a best practices guide to 

help researchers select UAS platforms and adopt protocols that will minimize 



 

 

7 

uncertainty and yield more robust scientific conclusions. I conclude with a summary of 

key findings from each chapter.  
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Chapter 1 A Bayesian approach for predicting 
photogrammetric uncertainty in morphometric 

measurements derived from UAS 
 

1.1 Introduction 

The morphology of an animal is one of the most fundamental factors affecting its 

habitat use and foraging performance, and can reflect details of an individual’s current 

health, likelihood of survival, and potential reproductive success (Arnold 1983, Irschick 

2003). Collecting accurate morphological measurements of individuals is often essential 

for monitoring populations, and recent studies have demonstrated how animal 

morphology has profound implications for conservation and management decisions, 

especially for populations inhabiting anthropogenically-altered environments (Miles 

2020, De Meyer et al. 2020). However, obtaining accurate morphometric measurements 

of marine megafauna is challenging, particularly for cetaceans, as they are often in 

remote locations, spend little to no time at the surface of the water, and their large size 

can preclude safe capture and live handling (Johnston 2019).  

Recently, unoccupied aircraft systems (UAS, or drones) have proven to be a 

valuable, non-invasive tool for collecting high resolution photogrammetric data on 

cetaceans across a variety of ecosystems. Durban et al. (2015) first demonstrated the 
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utility of using UAS for acquiring morphometric measurements of killer whales (Orcinus 

orca) in a remote location with limited occupied aircraft support. Since then, UAS have 

been used from tropical to polar environments and applied to several cetacean species of 

vastly different sizes and body shapes, including blue whales (Balaenoptera musculus), 

humpback whales (Megaptera novaeangliae), Southern right whales (Eubalaena australis), 

North Atlantic right whales (Eubalaena glacialis), gray whales (Eschrichtius robustus), fin 

whales (Balaenoptera physalus), Antarctic minke whales (Balaenoptera bonaerensis), and 

Bryde’s whales (Balaenoptera brydei) (Durban et al., 2016; Gough et al. 2019; Christiansen 

et al., 2016, 2018, 2020; Lemos et al., 2020). As the capacity to collect morphometric data 

on various species via UAS continues to grow (Castrillon & Bengtson Nash 2020), we 

need better ways to report photogrammetric uncertainty associated with these 

measurements to bolster scientific conclusions and foster comparisons of data collected 

via different platforms. This will ultimately build a greater capacity to better monitor 

populations exposed to a variety of environmental and anthropogenic stressors.  

Traditional methods for acquiring morphometric measurements of cetaceans has 

been limited to carcasses collected from scientific whaling operations (Ichii & Kato 1991) 

or opportunistically from commercial whaling (Lockyer 1981; Christiansen et al., 2013), 

subsistence hunting (Lambertsen et al. 2005), stranding events (Palacios et al. 2004), and 

bycatch (Read, 1990; Koopman et al. 2002). Aerial photogrammetry from occupied 
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aircraft was adopted as a non-invasive technique for estimating the length of cetaceans 

by Whitehead & Payne (1978). Photographs of Southern right whales next to a known-

sized disc were collected to set the scale of the photograph (Whitehead & Payne, 1978). 

This method was later enhanced by using altimeters to record the altitude and set the 

scale of the photograph by calculating the ground sampling distance (GSD), the distance 

on the ground that each pixel represents (Cubbage & Calambokidis, 1987; Best & Rüther, 

1992). These methods have been commonly used to obtain length measurements of 

odontocetes and mysticetes (Ratnaswamy and Winn, 1993; Perryman and Lynn, 1993; 

Perryman & Westlake 1998; Fearnbach et al. 2011; 2018), as well as width measurements 

to assess nutritive condition related to reproduction in gray whales (Perryman and 

Lynn, 2002) and Southern and North Atlantic right whales (Miller et al., 2012). However, 

these methods can be costly (Arona et al. 2017), are limited by weather (Cosens & Blouw, 

2001) and infrastructure to support occupied aircraft research efforts (i.e., Durban et al. 

2015), and, importantly, present a potential risk to wildlife biologists (Sasse 2003).  

UAS have greatly enhanced opportunity to collected aerial photogrammetric 

data on cetaceans compared to occupied aircraft, as they ultimately bring five 

transformative qualities to conservation science: affordability, immediacy, quality, 

efficiency, and safety of data collection. However, many studies use different UAS 

platforms equipped with various cameras and focal length lenses, which have inherent 
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differences in lens distortion (i.e., Burnett et al. 2018) and GSD (see Fig. 1.1). These 

different platforms and sensors vary in performance, quality, and photogrammetric 

accuracy; heretofore, a rigorous analysis of the impact of these factors has not been 

undertaken. In the US, the National Institute of Standards and Technology (NIST) 

provides guidelines put forth by the International Committee for Weights and Measures 

(CIPM) for how to report measurements and uncertainty, as a measurement result is 

complete only when accompanied by a quantitative statement of its uncertainty (Taylor 

& Kuyatt 1994). Accuracy is the closeness of agreement between a measured value and 

its true value (or in other words, an expression of the lack of error), while precision is the 

closeness of agreement between independent measurements without reference to a true 

or theoretical value (Taylor & Kuyatt, 1994). Uncertainty characterizes the range of 

values where the true value is asserted to lie with some level of confidence (Taylor & 

Kuyatt, 1994). Thus, protocols that quantify and incorporate uncertainty associated with 

each measurement will yield more robust scientific conclusions as they provide a 

measure of accuracy and precision. This is especially important in cases such as, for 

example, assigning length-based age or reproductive classes and detecting absolute or 

relative changes in body condition. To date, no standardized process has been 

established for both determining and reporting the uncertainty associated with 

measurements from different UAS platforms.  
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In general, attempts to assess measurement accuracy has focused on measuring 

the length of a known-sized object either on land (Best & Rüther, 1992; Perryman & 

Lynn, 1993; Christiansen et al. 2018), floating at the surface (Perryman & Lynn, 2002; 

Gough et al., 2019; Kahane-Rapport et al. 2020), or on a research vessel (Durban et al. 

2015 & 2016) to quantify altimeter error at various altitudes. These different forms of 

data collection can lead to significant biases in reported measurement errors associated 

with altimeters on UAS, which can have different accuracies depending on altitude and 

ground elevation, and whether the UAS are flown over land or sea (Dawson et al. 2017). 

Furthermore, measuring the known size of an object on a research vessel introduces an 

artificial altitude bias if all the offsets are not adequately taken into account. For 

example, when on a research vessel with varying heights above the water, it is difficult 

to know which altitude measurement is actually being recorded by the altimeter; this 

may result in an incorrect measurement of the distance in altitude from the camera to 

the reference object, thus misrepresenting the true scale (i.e., GSD) of the image for 

accuracy reporting.  

Most studies account for the calculated altimeter error by using correction 

coefficients from a linear equation (Best & Rüther, 1992; Perryman & Lynn 1993) or 

applying a percent error to all measurements (Ratnaswamy & Winn, 1993), e.g., error 

value of < 5% for all measurements. While these methods may suffice, a quantitative 
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metric of the uncertainty around each measurement would yield more robust and 

scientifically informative conclusions. Studies have also used the coefficient of variation 

(CV%) to measure the within-frame precision and between-frame precision. Within-

frame precision measures the same whale in a single image multiple times, often by 

multiple analysts, while between-frame precision measures the same whale between 

different images (Cosens & Blouw, 2001).Though, as Burnett et al. (2018) noted, the CV 

metric is a measure of precision and does not quantify systematic errors, as it does not 

require an absolute reference of the true value (Taylor & Kuyatt, 1994).  

More improved error estimation models have recently been developed. Burnett 

et al. (2018) used a frequentist statistical approach that first independently estimated the 

variance around measured altitude and object length, and then estimated total 

measurement error via the law of propagation of variance. Christiansen et al. (2018) took 

a similar approach but used resampling methods to build an error distribution described 

by altimeter error, image quality, and the CV of within- and between-image repeated 

measurements. While these methods greatly improve error estimation, both assume 

errors are independent and adequately described by their standard deviations (Burnett 

et al., 2018) and CVs (Christiansen et al., 2018). Of course, an object’s apparent length 

depends on altitude, and errors may have more complicated features (e.g., skew, and 

heavy tails or outliers).  Methods that account for these issues may further improve 
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estimates of measurement error, and facilitate error propagation to additional, derived 

quantities. 

Here, I develop a Bayesian statistical model that propagates the combined impact 

of measurement errors to UAS photogrammetric measurements and derived quantities, 

such as length-based age classifications (e.g., juvenile/adult). I use an experimental 

approach to train the Bayesian statistical model, using a known-sized object floating at 

the surface to quantify how measurement error scales with altitude for several different 

UAS platforms equipped with different cameras, focal length lenses, and altimeters. I 

then use the fitted model to predict the length and measurement uncertainty around an 

unknown-sized object (e.g., a whale) and quantities derived from size-based 

measurements (e.g., approximate age). This model offers several components that 

improve uncertainty predications. First, I provide a framework that jointly estimates 

errors from altitude and length measurements. Second, the model combines altitude 

measured with a barometer and laser while incorporating the different errors specific to 

each. Third, rather than a single point-estimate, the model outputs a posterior predicted 

distribution of measurements around an object of unknown length (e.g., a whale). 

Fourth, this approach allows for the construction of highest posterior density (HPD) 

interval to define measurement uncertainty, which allows one to make probabilistic 

statements and reach stronger conclusions, e.g., how best to classify an animal’s 
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maturity based on its estimated length. Finally, I provide a framework that easily allows 

integration of additional covariates to the model. The hope for this study is that it will 

ultimately facilitate better data collection to make more robust conclusions for 

conservation science.  

 

1.2 Methods 

1.2.1 Sources of Error 

In the context of collecting UAS imagery of cetaceans for morphometric analysis, 

measurement errors can be introduced by environmental conditions (e.g., glare, wave 

refraction, water clarity) and animal behavior (e.g., curved vs. straight body at depth/at 

surface). These errors are largely uncontrollable, but they can be mitigated, such as 

avoid flying during times with high glare, capture imagery of animal when straight at 

the surface with minimal refraction from waves, etc. (Raoult et al., 2020). It then becomes 

important to understand components in the UAS photogrammetric workflow that can 

be controlled to minimize measurement errors, such as selecting the most appropriate 

UAS, camera, focal length lens, and altimeter that best suits the environment, research 

budget, and accomplishes the research objectives.  
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The GSD sets the scale of the photo in order to convert measurements made in 

pixels into standard units (i.e., meters) by using the following equations (see Torres & 

Bierlich 2020 for review): 

 𝐺𝑆𝐷 = %
&'
∗ )*
+*

, (1) 

 

 𝐿𝑒𝑛𝑔𝑡ℎ	 = 𝐺𝑆𝐷 ∗ 𝐿3, (2) 

 

where a is altitude, which is the distance (m) from the camera to object of interest 

(i.e., the whale at the surface of the water), fc is the focal length of the camera (mm), Sw is 

the sensor width of the camera (mm), Iw is the image width (px), and Lp is the length 

(px). As altitude increases, GSD also increases, ultimately decreasing the resolution of 

the image, which can influence Lp measurement accuracy as specific features and edges 

of the whale become more difficult to identity (Fig. 1.1 & 1.2). Furthermore, different 

methods of data collection (i.e., collecting images vs. video) will also change GSD for the 

same camera, as using video increases GSD (Fig. 1.1). 

In equation 1 the camera parameters (Sw, Iw, fc) are fixed and can be accounted for. 

The other parameter, altitude (a), has the greatest influence on determining GSD. This is 

potentially a major source of measurement error due to discrepancies in the correct 

scaling of the pixels in the image caused by altimeter errors (Burnett et al. 2018). All UAS 
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aircraft are equipped with a barometer, which is a pressure sensor for recording altitude, 

but each will have some level of inaccuracy when measuring and recording true 

altitude. Recording the offset from launch height to the water is critical as the barometer 

sets the zero pressure at the takeoff point. Flying from land also adds complications with 

allowance for altitude offsets due to tidal fluctuations. Generally speaking, lower 

accuracy usually arises from the use of low-cost sensors commonly found on small UAS 

(Wei et al. 2016). Several studies have improved the accuracy of the altitude recorded by 

using a laser altimeter, i.e., LightWare SF11/C LIDAR (Dawson et al. 2017), or by 

measuring a known sized object during each flight to correct for barometric altitude 

inaccuracies using linear equations (Burnett et al. 2018, Lemos et al. 2020).  
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Figure 1.1: The ground sampling distance (GSD) for UAS platforms commonly 
used for cetacean photogrammetry. The GSD displayed is exact, meaning it does not 

account for distortion or altitude errors. GSD increases with increasing altitude, 
lowering image resolution. 1.2.1.1 Training data (x). 

Seven UAS flights were conducted on June 26, 2019 at the Duke University 

Marine Lab in Beaufort, NC, USA (34°43'0.156'' N, 76°40'24.42'' W) and are detailed in 

Table 1.1. Each aircraft was launched from a dock ~100 m from a known-sized floating 

calibration object made of PVC pipe (1.48 m x 1.15 m). The calibration frame was foam-

filled to maintain floatation at the surface of the water and anchored via rope with a 

buoy to prevent drifting. The site was chosen because it is sheltered from ocean swell 

and thus ensured the calibration frame remained relatively flat at the surface during 

data collection. Prior to takeoff, the launch height was measured from the water surface 
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to the camera lens and then later added to the recorded barometer altitude to account for 

the bias introduced from the barometer zeroed at launch height (see Burnett et al. 2018) 

and the local rising tide. Each aircraft collected imagery of the calibration frame at 

altitudes between 10-120 m in 10 m increments. To test for possible effects of lens 

distortion at various altitudes, the calibration frame was positioned in the center of the 

image during the ascent and in the corner during the descent. The distortion of each 

camera was tested using the Mathworks Single Camera Calibrator App in MATLAB, 

following the provided tutorial (Mathworks 2017) and Burnett et al. (2018). 

In addition to an onboard barometer, each aircraft except for the P3Std was 

equipped with a LightWare SF11/C laser altimeter that simultaneously recorded altitude 

along with the barometer (Table 1.1). A custom designed housing was created to 

support and power the laser altimeter on the P4Pro (installation instructions at 

https://github.com/kiwijuliandale/DJI_PH4_LaserAltimeter). The LightWare SF11/C 

laser altimeter is rated for altitude measurements up to 120 m above land and 40 m 

above moving water with ± 0.1 m of error (LightWare Optoelectronics 2018). Each 

platform contained the laser altimeter and camera co-located on a 2-axis gimbal with 

pitch angle controlled via remote control to ensure image collection at nadir, except for 

P4Pro, which had the laser fixed on the aircraft frame and thus accounted for the pitch 

and roll to calculate the vertical altitude during image collection (Dawson et al. 2017). 
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Before take-off, images were taken of an iPad screen connected to a Bad Elf GPS unit 

displaying the current GPS time to correct for timestamp drift, which can lead to 

improper scaling of images due to incorrect altitudes used in calculating GSD (Voges et 

al. 2018; Raoult et al., 2020). 

 

Table 1.1: Camera specifications for each flight and aircraft. All aircraft 
contained a barometer and laser altimeter, except for Phantom 3 Std. The Olympus 
EPM2 is the same camera used on the APH-22 (Durban et al., 2015 & 2016).

 

1.2.1.2 Photogrammetry 

I measured the length of the calibration object at each 10 m altitude stop between 

10-120 m for each platform. For the P4Pro flight with video, a still frame was captured 

using the snapshot function in VLC Media Player Software (Versions 3.08, VideoLAN), 

Flight 
# Aircraft Data 

Collected Altimeter Camera
Focal 

Length 
(mm)

Camera 
Sensor 
(mm)

Image 
Dimensions 

(px)

Pixel 
Dimensions 

(mm/px)

f-
number

1 Alta 6 Images Barometer 
& Laser

Sony 
a5100 50 23.5 x 

15.6
6000 x 
4000

0.00392 x 
0.00390 f1.8

2 Alta 6 Images Barometer 
& Laser

Sony 
a5100 35 23.5 x 

15.6
6000 x 
4000

0.00392 x 
0.00390 f1.8

3 Lemhex-
44 Images Barometer 

& Laser
Sony 
a5100 35 23.5 x 

15.6
6000 x 
4000

0.00392 x 
0.00390 f1.8

4 CineStar Images Barometer 
& Laser

Olympus 
EPM2 25 17.3 x 

13
4608 x 
3456

0.00375 x 
0.00376 f1.8

5 Phantom 
4 Pro Images Barometer 

& Laser
Phantom 4 

Pro 8.8 13.20 x 
8.80

5472 x 
3078

0.00241 x 
0.00286

f/2.8 -  
f/11

6 Phantom 
4 Pro Video Barometer 

& Laser
Phantom 4 

Pro 8.8 13.20 x 
8.80

4096 x 
2160

0.00322 x 
0.00407

f/2.8 -  
f/11

7 Phantom 
3 Std Images Barometer Phantom 3 

Std 3.61 6.16 x 
4.62

4000 x 
3000

0.00154 x 
0.00154 f/2.8
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as in Lemos et al. (2020). The length of the calibration frame was measured in pixels (𝐿3′) 

using the straight-line tool in ImageJ 1.5i (Schneider et al. 2012) by three separate 

analysts (two considered “expert”, one considered “novice”). To assess measurement 

bias between analysts, the coefficient of variation (CV%) was calculated between the 

three 𝐿3′ measurements for each image.  

To compare the measurement error amongst platforms before incorporating into 

the model, i.e. to derive the “uncorrected measurement error”, I used Eqns. 1 and 2 to 

convert each 𝐿3′ measurement into two length measurements (m), one using the altitude 

recorded from the barometer and one from the laser altimeter. The uncorrected percent 

error was then calculated: 

 𝑢𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑	%	𝑒𝑟𝑟𝑜𝑟 = 	
;<=,?@ABC<'DE

<'D
∗ 100, (3) 

 

where Lco is the true length of the calibration object (1.48 m) and 𝐿3′ is the length (px) of 

the calibration object in each image i, measured by analyst j, using altimeter k (barometer 

or laser). 

1.2.2 Model development 

1.2.2.1 Overview of Bayesian approach 

Unlike frequentist statistical theory, the Bayesian approach views both data and 

the underlying parameters (i.e., variances) that generated the data as random (see 



 

 

22 

Austin et al. 2002 and Ellison et al. 2004 for review). Using Bayes’ Theorem, a model of 

the observed data, called the likelihood function, is combined with prior knowledge 

pertaining to the underlying parameters, called the prior probability distribution, to 

form the posterior probability distribution. The posterior probability distribution serves 

as updated knowledge about the underlying parameter and can be used as prior 

information for subsequent studies. 

Following this framework, I first estimate the posterior probability distribution 

for photogrammetric error (q) from different UAS platforms using calibration data of a 

known sized object (x) via 

 𝑓(𝜃|𝑥) = &(N|O)&(O)
&(N)

, (4) 

where f(x|q) is the likelihood function, f(q) is the prior probability distribution that 

defines the potential range for q, f(x) is the measurement data, and f(q|x) is the posterior 

distribution that defines the likely range of q given data x.  I design the likelihood 

function to account for UAS measurement error (Section 2.2.2).  I then use the posterior 

probability distributions for q as prior information to form posterior predictive 

distributions for measurements of an unknown-sized object (𝑥PQR) collected in the field 

(e.g., of whales) via 

 

 𝑓(𝑥PQR|𝑥) = 	∫ 𝑓(𝑥PQR|𝜃)	𝑓(𝜃|𝑥)	𝑑𝜃, (5) 
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where 𝑓(𝑥PQR|𝜃)	is the likelihood function, and 𝑓(𝜃|𝑥) is the posterior probability 

distribution from Eq. 4 that is set as the new prior probability distribution. The posterior 

predictive distribution 𝑓(𝑥PQR|𝑥) quantifies uncertainty in measurements of an 

unknown-sized object, based on the experimental study of measurement errors.  

 

1.2.2.2 Error estimations 

I design the likelihood function using Eqns. 1 and 2. I assume that a and Lp are 

the true, unobserved altitude and length in pixels, and x = (𝑎′, 𝐿3′) denotes the measured 

values with some level of uncertainty.  I assign a uniform prior distribution for a (min = 

5 m and max = 130 m), which focuses the model on the altitude range of UAS image 

collection.  I model the laser altimeter and barometer measurement error with a normal 

distribution 

 𝑎<′	~	𝛮(𝑎, 𝜎<X), (6)   

 

 𝑎Y′	~	𝑁(𝑎, 𝜎YX), (7) 

with an uninformative gamma prior distribution for 𝜎<X and 𝜎YX (shape = 4, rate = 2).  
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I use a calibration object of known length (Lco) in the experimental study, so 

rearranging Eqns. 1 and 2 shows that the true pixel length Lp is inversely proportional to, 

and thus dependent on, the true altitude a.  

 𝐿3 =
<'D∗	&'∗	+*
%∗)*

. (8) 

I then model 𝐿3′, the measured length, with the normal distribution 

 𝐿3′	~	Ν(𝐿3, 𝜎<3X ), (9) 

 

with a gamma prior distribution for 𝜎<3X  (shape = 1.5625, rate = 0.3125). The relationship 

between Lp and a in Eq. 8 implies a joint distribution that is conditional on Lco and has the 

following structure 

 𝑓;𝑎<\ , 𝑎Y\ , 𝐿3′]𝜃, 𝐿^_E = ∫ 𝑓(𝑎)𝑓(𝑎<\ |𝑎, 𝜃)𝑓(𝑎Y\ |𝑎, 𝜃)𝑓;𝐿3′]𝑎, 𝜃, 𝐿^_E𝑑(𝑎), (10) 

where 𝑓(𝑎) is the uniform prior for the true altitude, 𝑓(𝑎<\ |𝑎, 𝜃) and 𝑓(𝑎Y\ |𝑎, 𝜃) are the 

densities for the measurement error distributions (Eqns. 6 and 7), respectively, and 

𝑓;𝐿3′]𝑎, 𝜃, 𝐿^_E is the measurement error distribution for the pixels (Eq. 9), in which the 

true altitude determines the true pixel measurement 𝐿3 via Eq. 8.  Throughout, the 

parameter vector 𝜃 = (𝜎<X, 𝜎YX, 𝜎<3X ) contains the measurement error parameters. I then 

can use measurements of Lco as training data to estimate the error parameters 𝜃.  
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1.2.2.3 Measurement Predictions 

I now can then make inferences about the size of an unknown object (𝐿PQR), i.e., a 

whale, which is conditional on a new set of measurements (𝑎PQR\  and 𝐿3,PQR\ ) and our 

error parameter estimates. We assume 𝐿PQR is independent from the training data and 

thus has the following structure 

 𝑓(𝐿PQR|𝑎Y,PQR\ , 𝑎<,PQR\ , 𝐿3,PQR\ )

∝ 𝑓;𝑎	Y,PQR\ , 𝑎<,PQR\ , 𝐿3,PQR\ 	]𝐿PQR, 𝜃)𝑓;𝜃]𝜎<X, 𝜎YX, 𝜎<3X E	𝑓(𝐿PQR)	, 

(11) 

where 𝐿PQR is calculated using Eqns. 1 and 2 with an assumed gamma distribution for 

the unobserved, true 𝐿PQR (shape = 4.0, rate =0.0013).  

Model development and analyses were conducted in R (Version 3.6.1, R Core 

Team 2019). Estimation and prediction were performed using Markov Chain Monte 

Carlo (MCMC) sampling in NIMBLE (de Valpine et al. 2017) with 1,000 burn-in followed 

by 1,000,000 iterations. Three independent chains were run to confirm consistency 

between runs and inspected visually for convergence. Model code is available at  

https://github.com/KCBierlich/Predicting_Photogrammetric_Uncertainty.  

 

1.2.3 Testing data (xnew) 

I first validated the model by randomly sampling half of the training data (x) and used 

the error parameters to predict the length measurements for the remaining half to 
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compare with the known length (Lco). I then tested the model to predict length 

measurements of humpback whales (Megaptera novaengliae) (n = 52) from images 

collected using the LemHex (35 mm fc) and Alta (35 and 50 mm fc) along the Western 

Antarctic Peninsula between 2017 – 2019 from long-term ecological research projects 

focused on understanding population dynamics and the impacts of interannual 

environmental variability on whale body condition. Each image had a quality in 

measurability score of 1 (good quality) or 2 (medium quality) in the eight attributes set 

by Christiansen et al. (2018): camera focus, straightness of body, body roll, body arch, 

body pitch, total length measurability and body width measurability. I used the error 

parameters for the LemHex and Alta from Eq. 10 as the priors in Eq. 11. Barometers and 

laser altimeters have different levels of accuracy in recording altitude, so I tested how 

altimeter choice influences uncertainty predictions by simulating the model under two 

scenarios. Model 1 assumes each platform contains only a barometer to record altitude 

for predicting humpback whale lengths, and Model 2 assumes each platform has both a 

barometer and a laser altimeter. Because the underlying parameters follow a probability 

distribution, probabilistic statements can be made, i.e., if a parameter exceeds a specific 

threshold, and highest posterior density (HPD) intervals can be constructed (Austin et 

al. 2002). The 95% HPD interval represents the region with a 95% probability of 

encompassing the parameter of interest and ultimately serves as the measure of 
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uncertainty around each measurement prediction. I applied a 95% HPD interval to each 

predicted length for Model 1 and 2, and then compared results for classifying sexually 

mature animals from a threshold length of 11.2 m used by Christiansen et al. (2016 & 

2020) determined from data collected at whaling stations (Chittleborough 1955). I also 

compared how the widths of the 95% HPD intervals change with altitude between 

Models 1 and 2.  

 

1.3 Results 

1.3.1 Training data 

The max altitude recorded by the laser altimeter varied between platforms in the 

training dataset, but each platform recorded to an altitude of at least 62 m (Appendix A: 

Table S1). A total of 189 measurements with missing laser values (i.e., altitudes greater 

than max altitude recorded) were removed from the training data in the analysis. This 

resulted in a total of 534 length measurements using the barometer and 345 with the 

laser used in the training dataset. 

1.3.1.1 Uncorrected measurements 

There were clear resolution differences amongst platforms due to GSD, 

especially with the DJI P4Pro w/ video (Fig. 1.2). Differences in 𝐿3′ measurements of the 

same image amongst the three analysts were low, as CV < 5% for all measurements (min 
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= 0.01%, max = 4.02%, mean = 0.87%, sd = 0.83%). Thus, the variable analyst was 

removed from the analysis.  

Overall, each aircraft had greater uncorrected measurement error (before 

uncertainty model applied) when using the barometer for altitude compared to using 

the laser altimeter (Fig. 1.3, Appendix A: Table S2,).  The Alta w/ 50 mm fc had the lowest 

average uncorrected % error compared to other platforms with the barometer, but also 

had the third highest standard deviation (Fig. 1.3, Appendix A: Table S2), likely due to 

an outlier at a low altitude (Fig. 1.3). The mean uncorrected % error was reduced to <1% 

when the laser was used for all aircraft, except CineStar (Fig. 1.3, Appendix A: Table S2). 

Interestingly, the uncorrected % error was also slightly negatively biased for each 

platform when the laser altimeter was used. The P4Pro w/ video displayed wide 

variation in uncorrected % error for both barometer and laser (Fig. 1.3, Appendix A: 

Table S2), and was removed from the analysis. These results show that the choice of 

altimeter can have significant impacts on measurement error, with altitude measured by 

the barometer resulting with greater error (Fig. 1.3).  

Some differences were observed between uncorrected measurements of the 

calibration frame in the center vs. corner of the image, but further inspection revealed 

that these differences in error were likely driven by inaccuracies of the barometer, rather 

than object positioning (see Fig. S1). For this reason, object positioning was removed 
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from the analysis. Each camera displayed low distortion (mean error ≤ 1.03 pixels) and 

was thus assumed negligible for incorporating in the model.  

 

 

Figure 1.2: Differences in image resolution. Image of the calibration frame to 
demonstrate differences in resolution due to GSD amongst the Alta 6, P4Pro, and 
P4Pro w/ video at altitudes ~20 and ~120 m. “fc” = focal length lens. 
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Figure 1.3: The uncorrected % error for each UAS platform. Black dotted line 
represents 0% uncorrected error (true length = 1.48 m). The gray dotted lines represent 
the under- and over-estimation of the true length by 5% (1.41 m and 1.55 m, 
respectively). 

 

 

1.3.2 Measurement predictions 

I predicted length distributions of humpback whales using Models 1 (only 

barometer altitude) and 2 (laser and barometer altitude). An example of the predictive 

length distributions and 95% HPD intervals for a single animal from Models 1 & 2 is 
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shown in Figure 1.4. Overall, Model 1 predicted longer measurements with much 

greater uncertainty compared to Model 2, across all individuals (Fig. 1.5). Each HPD 

interval quantifies the most probable range in which an exact measurement lies. As 

such, the total uncertainty in each measurement can be represented using the width of 

the estimated HPD interval.  Model 1 predicted wider 95% HPD intervals (mean = 2.37, 

sd = 0.91, min = 1.00, max = 4.22) compared to Model 2 (mean = 0.51 m, sd = 0.21, min = 

0.20, max = 0.96) (Figs 1.5 & 1.6). These wider predicted distributions from Model 1 

resulted with more overlap across the 11.2 m maturity cutoff used by Christiansen et al. 

(2016 & 2020), with three points in particular that would clearly be considered ‘mature’ 

if using Model 1, but ‘immature’ if using Model 2 (highlighted in blue in Fig. 1.5).  These 

results suggest that when measurements are made solely with the barometer, extra 

caution needs to be taken to classify measured individuals into different life-history 

classes. The widths of the 95% HPD intervals decreased as altitude increased for both 

models (Figs 1.5 & 1.6). All uncorrected total length measurements (before applying 

uncertainty model) fit within each individual’s respective 95% HPD interval, except for 

four individuals in Model 1 (Appendix A, Fig. S1).  
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Figure 1.4: Predicted length distributions from Models 1 and 2 of the same 
individual humpback whale. Black bars represent 95% highest posterior density 
(HPD) interval. The red dashed line represents the cutoff length for mature vs. 
immature humpback whales (11.2 m) used by Christiansen et al., (2016 & 2020). 
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Figure 1.5: Comparing the predictive measurements of humpback whales 
using Model 1 and Model 2. Each point represents the mean of the predictive 
distribution for that measurement and the lines around each point represent the 95% 
highest posterior density (HPD) interval. The red dashed line represents the cutoff 
length for mature vs. immature humpback whales (11.2 m) used by Christiansen et al. 
(2016 & 2020). The blue points represent three individuals that would be classified 
differently depending on which model is used. 



 

 

34 

 

Figure 1.6: Uncertainty decreases with altitude. The 95% highest posterior 
density (HPD) interval widths (the width of the black bars in Figs. 1.4 & 1.5) of the 
predictive distribution decreases with increasing altitude for both Model 1 and Model 
2. Each point represents the difference between the upper and lower bound of the 
95% HPD interval for each measurement. 
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1.4 Discussion 

1.4.1 Novelty 

Here I establish a Bayesian statistical framework for predicting photogrammetric 

uncertainty around UAS derived measurements; I apply this framework to unknown 

sized objects that can be used for probabilistic assessments of ecological importance, e.g., 

determining sexual maturity, or assessing body condition. These results establish a 

standardized practice for reporting measurement uncertainty and facilitating 

collaboration amongst researchers using different UAS platforms and sensors. 

Importantly, these results also allow us to better measure and predict morphological 

features critical to understanding life history patterns and potential impacts from 

anthropogenically altered habitats.  

1.4.2 Laser altimeter reduces measurement uncertainty  

The results of the present study indicate that using a laser altimeter for altitude 

(Model 2) reduces measurement uncertainty compared to only using a barometer 

(Model 1). While 95% HPD interval widths decreased with altitude for both models, all 

widths for Model 2 were < 1 m compared to < 4.3 m for Model 1 (Figs 1.4-1.6). Thus, 

whenever feasible, a laser should be used for recording altitude. Results demonstrate 

how this can be achieved for “off-the-shelf” products, such as the DJI P4Pro, with a 

custom-made housing (https://github.com/kiwijuliandale/DJI_PH4_LaserAltimeter). 
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However, because DJI P4Pro w/ video displayed lower resolution and wider variation in 

uncorrected % error compared to DJI P4Pro w/ images (Figs. 1.2 & 1.3, Appendix A: 

Table S2), using still images instead of video should be considered to help minimize 

measurement uncertainty.  

While the maximum altitude recorded with the laser in the training data varied 

across platform (Appendix A: Table S2), all platforms obtained a minimum reading of 62 

m. Thus, flying at altitudes ≤ 62 m may help ensure consistent laser altimeter readings to 

yield tighter uncertainty predictions when using this particular laser altimeter. 

Researchers should also consider collecting data at altitudes that will yield an 

appropriate GSD (i.e., Fig. 1.1) and 95% HPD interval width (Fig. 1.6) that best 

accomplish research objectives. For example, to measure changes in body condition of a 

small cetacean, such as a harbor porpoise, then smaller 95% HPD widths will be 

required compared to measuring a larger species, such as a blue whale. 

Because barometers are susceptible to rapid changes in pressure unrelated to a 

shift in aircraft altitude, e.g., from gusts of wind, temperature, and changes in 

barometric pressure during flight, in general they have been noted to have poor 

accuracy (Sabatini and Genovese 2014) and problems with drift and delay. These 

problems are more severe with low-cost sensors commonly found on small UAS (Wei et 

al. 2016). Barometric altimeters convert changes in aerostatic pressure, the difference 



 

 

37 

between the atmospheric pressure at a given altitude and the pressure set as the zero 

point, to altitude measurement (Jan et al. 2008). Variations in temperature and humidity 

can impact the aerostatic pressure, and thus the recorded altitude (m) (Bao et al. 2017). 

These factors may be particularly influential when flying over water and may have 

contributed to the greater predicted uncertainty, especially at lower altitudes (Fig. 1.6). 

Jech et al. (2020) noted differences in barometer accuracies compared to Durban et al. 

(2015 & 2016), despite using the same UAS platform (APH-22), and noted that these 

differences were likely influenced by temperature. Jan et al. (2008) highlighted how a 

normal procedure for airplanes before arrival to destination is to adjust the onboard 

barometer to local barometric pressure provided by air traffic control. These studies 

suggest that UAS flown in different environments may be susceptible to different levels 

of barometric error.  

Model 2 also displayed greater 95% HPD interval widths at lower altitudes, 

though not nearly as wide as Model 1 (Fig. 1.6). The LightWare user manual states an 

accuracy of ± 0.1 m on a 70% reflective target @ 20˚C (LightWare Optoelectronics 2018), 

so perhaps a combination of temperature and a less reflective surface at lower altitudes 

caused this increased uncertainty. We recommend that future studies record 

environmental data on each UAS flight to further explore how different oceanic 

environments influence barometric and laser accuracy. This may be particularly 
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important for studies comparing migrating populations with foraging and breeding 

grounds in polar vs. tropical regions.  

It is important to note that the training data used in both models was collected in 

a much warmer climate compared to the testing data (North Carolina vs. Western 

Antarctic Peninsula). It is possible that the measurement predictions would be different 

if the training and testing data were both from the same environment. Thus, future 

studies should also record location and date of the training data. An advantage of the 

Bayesian framework is that it allows for the integration of new training data. Thus, 

researchers working in different environments or in similar places at different times of 

the year can collect, share, and update training data to further improve predictive 

distributions for future work. 

1.4.3 Bias 

No measurement bias was observed across the three different analysts, but these 

images were all pre-selected by a single analyst and were all of high quality in terms of 

measurability (a flat object floating at the surface). Future studies should further 

examine the potential for bias introduced when analysts have to choose which images to 

measure. This would likely have little influence in the present study, but could have an 

effect when selecting images of whales with larger variation in image quality, such as 

glare, refraction, water visibility, and different body orientations (e.g., such as straight, 
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fluke-down, etc.) and depths. The Bayesian framework allows for straightforward 

integration of additional covariates to the model, thus future studies should examine 

how length predictions are influenced by different analysts, image quality, and repeated 

measurements of individuals in different body orientations. 

1.4.4 Interpreting predicted measurements 

The mean predicted length for the posterior distribution of each measurement 

was larger using Model 1 compared to Model 2. Lengths are a common metric used to 

classify organisms into demographic units, such as sexual maturity (i.e., Lemos et al. 

2020, Christiansen et al. 2016 & 2020). Fig. 1.5 demonstrates the importance of including 

the uncertainty around a measurement in these types of analyses, as the conclusion for 

maturity classification changes depending on which altimeter is used. Several 

measurements could be classified differently, but three points in particular would 

clearly be classified as immature animals (< 11.2 m) if using the laser and barometer, but 

as mature animals if using only the barometer (> 11.2 m) (Fig. 1.5). Figure 1.4 further 

demonstrates this point by comparing the predictive measurement distribution and 95% 

HPD intervals from Models 1 and 2 for one of these individuals. By having uncertainty 

distributions around each measurement, researchers can draw more informed and 

accurate conclusions about the status of animals using length-based classifications and 

changes in growth or body condition. The posterior distribution can be used to compute 
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the probability that an animal exceeds specific lengths.  The computed probability can 

allow ages to be discussed and studied under uncertainty. For example, classification 

decisions can incorporate uncertainty through rules, such as “individuals were classified 

as sexually mature if 80% of their predictive distribution was > 11.2 m.” This further 

demonstrates the advantages of using a Bayesian approach to predict uncertainty, where 

a Frequentist approach is limited by standard deviations and confidence intervals, 

which may be less accurate and precise.  

Future studies should examine error propagation for metrics that require 

combining multiple measurements, such as body condition which often uses width 

measurements along the body. Adopting a Bayesian framework additionally allows us 

to naturally model and account for correlations between width measurements along the 

body.  Predicting uncertainty around these measurements is essential to determine if 

specific UAS platforms can achieve the accuracy required to detect a true change in an 

animal’s fat reserves. Incorporating uncertainty with these measurements will help 

strengthen scientific conclusions pertaining to length, classification of demographic 

class, and body condition estimates.  

The study provides a robust method for predicting the photogrammetric 

measurement uncertainty specific across UAS platforms. This approach will help 

researchers set protocols to minimize measurement errors during data collection and 
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yield scientifically more robust conclusions through an analytical workflow. Standard 

frameworks like the one presented here can facilitate collaboration amongst researchers 

using different UAS platforms to pool resources for comparative studies using past and 

future photogrammetric data to better monitor species and populations.  
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Chapter 2 A comparison of photogrammetric uncertainty 
associated with body condition measurements of baleen 

whales 
 

2.1 Introduction 

An animal’s body condition is one of the most important measures of its fitness, 

as it reflects the balance between energy intake and energetic investment toward 

growth, maintenance, and reproduction (Jakob et al., 1996; Millar & Hickling, 2001). 

Body condition is defined as the energy accumulated in the body as a result of feeding, 

which is assumed to be an indicator of individual health, and can be expressed as any 

morphological, physiological, or biochemical measure of an individual’s energy 

reserves, independent of its structural size (Green, 2001; Peig & Green, 2009). As such, 

body condition can reflect an individual’s foraging success and provide information on 

habitat quality and reproductive output (Stevenson & Woodward, 2006). For example, 

female North American brown bear populations in habitats with increased availability 

of salmon were in better body condition and had larger litter size and greater population 

density (Hilderbrand et al.,1999). As global temperatures continue to rise and are 

increasingly detectable at a local scale (Sippel et al., 2020), closely monitoring the body 

condition of populations in rapidly changing habitats becomes crucial for conservation 

and management decisions, especially for marine species who are disproportionally 

susceptible to changes in habitat compared to terrestrial species (Lenoir et al., 2020). 
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Baleen whales suitably serve as “ecosystem sentinels”, as their body condition 

can not only reflect the health of the population, but the health state of marine 

ecosystems (Moore, 2008; Bengston-Nash, et al., 2018). As such, obtaining frequent body 

condition measurements of baleen whales through time can help track ecosystem-level 

responses related to environmental change and anthropogenic stressors. Aerial 

photogrammetry provides a non-invasive method for acquiring morphological 

measurements of cetaceans (Whitehead & Payne, 1978) and assessing their body 

condition (Perryman and Lynn, 2002; Miller et al., 2012). More recently, unoccupied 

aerial systems (UAS or drones) have greatly increased the capacity to obtain aerial 

imagery for photogrammetry analysis (Johnston et al., 2019; Castrillon & Bengston-

Nash, 2020), as they are safer, yield higher resolution data, and are more accurate, 

immediate, and affordable compared to using traditional camera systems mounted in 

airplanes. Several studies have used UAS to measure the body condition on several 

different species of baleen whales, including blue, gray, humpback, and Southern and 

Northern Right whales (Durban et al., 2016; Lemos et al., 2016; Aoki et al., 2021; 

Christiansen et al., 2016, 2018, 2020, 2021). These studies have included estimating the 

intra- and inter-seasonal changes across individuals and populations (Durban et al., 

2016; Christiansen et al., 2016; Lemos et al., 2020), how calf growth rate is directly related 

to maternal loss during suckling (Christiansen et al., 2018), and even estimating body 

mass (Christiansen et al., 2019). However, several different photogrammetry-based 
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methods for measuring body condition in relative or absolute units have emerged from 

these studies, and no study has yet compared these methods and their associated 

measurement uncertainty.  

Analyzing body condition in cetaceans using morphometric measurements 

derived from aerial-photogrammetry typically relies on 1-, 2-, or 3-dimensional 

measurements – a single width, a surface area, or a body volume measure, respectively. 

These 1-, 2-, or 3-dimensional measurements are then converted into condition indices – 

either using a ratio to standardize by total length or using the residuals from a linear 

relationship with total length – to provide a relative measure of an individual’s body 

condition in relation to its structural size and compare individuals within and across 

populations (Stevenson and Woodward, 2006; Wilder et al., 2016). However, it is 

unknown how photogrammetric uncertainty scales across these 1D, 2D, and 3D body 

condition measurements, and this may affect inference derived from these 

measurements, such as determining the health state of an individual, which could 

manifest to population level health and the health state of the ecosystem they inhabit. 

For example, the surface area and volume of two geometrically similar bodies of 

different sizes are not related to their linear dimensions in the same ratio, but rather to 

the second and third power, respectively (Schmidt-Nielsen, 1975). Likewise, 

photogrammetric uncertainty should also not be expected to scale linearly across 1D, 2D, 

and 3D body condition measurements. Yet, no study to date has compared uncertainty 
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associated with these commonly used measurements, making it difficult for researchers 

to compare results across studies. 

1-dimensional (1D) measurements consist of a single width along the body that 

captures variability within an individual and population. 1D approaches are simple, can 

save time required by analysts to measure, and have proven to be a good representation 

of an animal’s relative energy reserves associated with reproductive costs and risks of 

mortality in some cases (Miller et al., 2012; Fearnbach et al. 2018). For example, Miller et 

al. (2012) found that photogrammetric body widths are comparable to diameter 

measurements from the girth of carcasses and Durban et al. (2016) demonstrated how a 

single width measure was able to distinguish between a “robust” and “lean” blue whale 

of similar length. Perryman and Lynn (2002) measured the maximum width of gray 

whales to show that individuals were skinnier on their northbound migration to the 

feeding grounds compared to the southbound migration from the feeding grounds. 

However, a 1D measurement requires knowing which width best captures change along 

the body, something that may be more challenging for species with a data deficiency in 

morphometry (e.g., Hooker et al., 2019). 1D approaches also risk missing variation in 

energy reserves along the body that collectively may produce better quantifications of 

body condition, as blubber thickness, deposition, and depletion have been shown to 

vary across the body of baleen whale species and reproductive classes (Lockyer, 1981, 

Miller et al., 2011; Miller et al., 2012; Christiansen et al., 2013, 2016). 
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In comparison, 2-dimensional (2D) and 3-dimensional (3D) measurements 

encompass variation along the body by measuring the total length of the animal and 

then segmenting the animal in perpendicular widths in increments (typically 5 or 10% ) 

of the total length (Fig. 2.1). 2D body condition measurements sum these width 

segments to calculate the flat dorsal surface area (m2). This approach has been used to 

measure changes in body condition of humpback whales on the breeding and foraging 

grounds (Christiansen et al., 2016; Aoki et al., 2021). 3D body condition measurements 

account for change of these width segments in the horizontal and vertical plane to 

calculate total body volume (m3) (Christiansen et al., 2018; 2020a,b,c). An advantage for 

selecting a volumetric model allows for estimation of body mass, which can then be 

used in energetic models to quantify the total amount of energy storage in absolute 

standard units of energy, rather than relative estimates of energy storage (Christiansen 

et al., 2019).  

Both surface area (2D) and body volume (3D) are commonly used to calculate a 

body condition index (BCI), which represent the residuals from a linear relationship 

between the 2D or 3D measurement and the total length of the animal. This has been 

used to compare relative body condition between different reproductive classes of 

humpback whales on the breeding grounds, as well as Southern and Northern Right 

whale populations (Christiansen et al., 2016; 2018; 2020a,b,c). Body area index (BAI) is a 

2D standardized measurement that was developed based off the body mass index 
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(BMI)—commonly used for humans—where BMI = mass (kg)/height (m2) (Gallagher et 

al., 1996; Flegal et al., 2012). BAI uses surface area as a surrogate for body mass and has 

been used to quantify body condition changes in individual gray whales across multiple 

years (Burnett et al., 2018; Lemos et al., 2020). An advantage of using BAI is that it is 

standardized by length and thus unitless and scale invariant, making it easier to 

compare individuals and populations over time (Burnett et al., 2018).  

Castrillon and Bengtson-Nash (2020) recently highlighted that body condition 

measurements derived from UAS photogrammetry show great promise for monitoring 

baleen whale populations, especially as ecosystem sentinels in changing habitats. 

Castrillon and Bengtson-Nash (2020) also argue that a standardization of measurements 

across studies is needed and uncertainty should be both quantified and minimized, as a 

measurement result is complete only when accompanied by a quantitative statement of 

its uncertainty (Taylor & Kuyatt, 1994). To date, measurement uncertainty associated 

with these different body condition measurements has not been compared, especially as 

they scale across three dimensions. In the present study, I use aerial imagery collected 

via UAS to provide the comparisons of 1D, 2D, and 3D photogrammetry-based body 

condition measurements of baleen whales. This analysis includes a similar approach as 

Chapter 1 and develops a Bayesian statistical model to predict uncertainty associated 

with the measured body condition across a range of baleen whale species with different 

sizes: blue, humpback, and Antarctic minke whales. 
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The objectives of this study are to 1) incorporate uncertainty associated with 

multiple measurements of the same individual from a single image, as well as across 

multiple images, to estimate the body condition of blue, humpback and minke whales, 

2) compare how uncertainty scales across 1D, 2D, and 3D body condition measurements 

of these estimates, 3) compare the precision in the posterior predictive distributions for 

each body condition estimate, and 4) compare how condition indices are correlated for 

these species. The focus of this study is to shed light on how uncertainty scales across 

each body condition measurement to help guide researchers in choosing a method that 

best addresses their research objectives with the least uncertainty. This study will 

ultimately provide a framework for researchers to quantify and report measurement 

uncertainty associated with these different body condition measurements to facilitate 

collaboration and help researcher make robust comparisons across studies. 

 

2.2 Methods 

2.2.1 Model development 

I followed the same Bayesian framework described in Chapter 1 to incorporate 

total length and width measurements of an individual whale from single and multiple 

images. In addition to using the same training data from Ch. 1, I also included known-

sized floating calibration objects collected in California (n = 2) and along the Western 

Antarctic Peninsula (n = 3) following the same methods described in Ch.1. I first 
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estimated the posterior probability distribution of photogrammetric error (𝜃) for each 

UAS platform using the calibration data of the known-sized objects (x) via 

 𝑓(𝜃|𝑥) =
𝑓(𝑥|𝜃)𝑓(𝜃)

𝑓(𝑥)
	, (1) 

where 𝑓(𝑥|𝜃) is the likelihood function, 𝑓(𝜃) is the prior probability distribution that 

defines the potential range for q, 𝑓(𝑥) is the marginal distribution of the measurement 

data, and 𝑓(𝜃|𝑥) is the posterior distribution that defines the likely range of q given data 

x. I then used the posterior probability distributions for 𝜃 as prior information to form a 

posterior predictive distribution for total length and width measurements of the whale 

via 

 𝑓(𝑥PQR|𝑥) = 	∫ 𝑓(𝑥PQR|𝜃)	𝑓(𝜃|𝑥)	𝑑𝜃 , (2) 

where 𝑓(𝑥PQR|𝜃)	is the likelihood function, and 𝑓(𝜃|𝑥) is the posterior probability 

distribution that is set as the new prior probability distribution. The posterior predictive 

distribution 𝑓(𝑥PQR|𝑥) quantifies uncertainty for each measurement (total length and 

widths) of the whale, based on the measurement errors from the calibration data. The 

length and width posterior distributions are then used to calculate a posterior predictive 

distribution for each body condition metric for each individual. 

2.2.1.1 Error estimation 

I designed the likelihood function based on the ground sampling distance (GSD) 

and length measurement in pixels (Lp) described in Ch. 1, with the addition of including 

multiple measurements from single or multiple images, that can be used to estimate 
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body condition and/or repeated measurements of individuals. I used the following 

equations: 

 𝐺𝑆𝐷a =
𝑎a
𝑓
∗
𝑆R
𝐼R
, (3) 

 

 𝐿𝑒𝑛𝑔𝑡ℎc,d 	= 𝐺𝑆𝐷a ∗ 𝐿3,c,d, (4) 

where a is altitude, or the distance (m) from the camera to the object of interest in image 

j,  fc is the focal length of the camera (mm), Sw is the sensor width of the camera (mm), Iw 

is the image width (px), and Lp is the length (px) of measurement k (i.e., total length, 5% 

width, 10% width, etc.) of whale i. As in Ch.1, a and Lp are assumed to be the true, 

unobserved altitude and lengths in pixels, respectively, and x = (𝑎′, 𝐿3′) denotes the 

measured values with some level of uncertainty. I set a uniform prior distribution for a 

(min = 5 m and max = 130 m) and modeled the barometer and laser altimeter’s 

measurement error with a normal distribution  

 𝑎<′	~	𝛮(𝑎, 𝜎<X), (5)   

 

 𝑎Y′	~	𝑁(𝑎, 𝜎YX), (6) 

with an uninformative gamma prior distribution for 𝜎<X and 𝜎YX (shape = 4, rate = 2).  

Following Ch. 1, I used the known length (Lco) of each calibration object i to 

calculate its true pixel length Lp by rearranging equations 3 and 4:  
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 𝐿3,d =
𝐿^_,d ∗ 	𝑓 ∗ 	 𝐼R

𝑎 ∗ 𝑆R
	. (7) 

I model the measured length, 𝐿3′, for each calibration object i with a normal distribution 

 𝐿3,d′	~	Ν(𝐿3,d, 𝜎<3X ), (8) 

with an assumed gamma prior distribution for 𝜎<3X  (shape = 1.5625, rate = 0.3125). The 

relationship between Lp and a in Eq. 7 implies a joint distribution that is conditional on 

Lco and has the following structure 

 𝑓;𝑎<\ , 𝑎Y\ , 𝐿3,d′]𝜃, 𝐿^_,dE = ∫ 𝑓(𝑎)𝑓(𝑎<\ |𝑎, 𝜃)𝑓(𝑎Y\ |𝑎, 𝜃)𝑓;𝐿3,d′]𝑎, 𝜃, 𝐿^_,dE𝑑(𝑎), (9) 

where 𝑓(𝑎) is the uniform prior for the true altitude, 𝑓(𝑎<\ |𝑎, 𝜃) and 𝑓(𝑎Y\ |𝑎, 𝜃) are the 

densities for the measurement error distributions (Eqns. 5 and 6), respectively, and 

𝑓;𝐿3\ ]𝑎, 𝜃, 𝐿^_E is the measurement error distribution for the pixels (Eq. 8), in which the 

true altitude determines the true pixel measurement 𝐿3 via Eq. 7.  Throughout, the 

parameter vector 𝜃 = (𝜎<X, 𝜎YX, 𝜎<3X ) contains the measurement error parameters. I then 

can use measurements of Lco as training data to estimate the error parameters.  

2.2.1.2 Measurement predictions 

I now can make inferences about measurements of an unknown sized object 

(𝐿PQR), i.e., a whale, which are conditional on a new set of measurements (𝑎PQR\  and 

𝐿3,PQR\ ) and the error parameter estimates (𝜃). I assume 𝐿PQR is independent from the 

training data and thus has the following structure 
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𝑓;𝐿PQR,c,d,a]𝑎Y,PQR,a\ , 𝑎<,PQR,a\ , 𝐿3,PQR,c,d,a\ E

∝ 𝑓;𝑎	Y,PQR,a\ , 𝑎<,PQR,a\ , 𝐿3,PQR,c,d,a\ 	]𝐿PQR,c,d,a, 𝜃)	𝑓;𝜃]𝜎<X, 𝜎YX, 𝜎<3X E	𝑓(𝐿PQR,c,d,a),	 

(10) 

where each 𝐿PQR of measurement k for individual i in image j is calculated using Eqns. 3 

and 4 with an assumed gamma prior distribution for the unobserved, true 𝐿PQR (shape = 

4.0, rate =0.0013). This model structure allows for multiple measurements (i.e., total 

length and widths) to be estimated from a single image, as well as repeated 

measurements across multiple images, of the same whale. The final model output 

produces a single posterior predictive distribution of each measurement for each 

individual. The posterior predictive total length and width distributions are then used to 

calculate body condition metrics described in Section 2.2.4.  

Model development and analyses were conducted in R (Version 3.6.1, R Core 

Team 2019) using the drake package (Landau, 2018). Estimation and prediction were 

performed using Markov Chain Monte Carlo (MCMC) sampling in NIMBLE (de Valpine 

et al. 2017) with 1,000 burn-in followed by 1,000,000 iterations with a thinning rate of 

every 10th sample. Three independent chains were run to confirm consistency between 

runs and inspected visually for convergence. The model was validated by randomly 

sampling half of the training data (x) and then using the error parameters to predict the 

length measurement for the remaining half to compare with the known length of the 

calibration object.  
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2.2.2 Testing data 

2.2.2.1 UAS data collection 

I used the model to predict total length and width measurements of blue 

(Balaenoptera musculus), humpback (Megaptera novaeangliae), and Antarctic minke (B. 

bonaerensis) whales from high resolution images collected using two hexacopters, a 

LemHex-44 and Alta 6. Both UAS platforms contain an onboard barometer and were 

fitted with a Lighware SF11/C laser altimeter, as well as a Sony Alpha a5100 camera with 

an APS-C (23.5 x 15.6 mm) sensor, 6000 x 4000 pixel resolution, and either a 35 or 50 mm 

Sony SEL fc. Images were collected between 2017 – 2019 along the coast of Monterey, CA 

(blue whales) or the Western Antarctic Peninsula (WAP) (humpbacks and Antarctic 

minke whales).  

2.2.2.2 Data filtering 

The best images were selected for each individual and ranked for quality in 

measurability following Christiansen et al. (2018), where a score of 1 (good quality), 2 

(medium quality), or 3 (poor quality) was applied to eight attributes: camera focus, 

straightness of body, body roll, body arch, body pitch, total length measurability and 

body width measurability. Images with a score of 3 in any attribute were removed from 

analysis, as well as any images that received a score of 2 in both roll and arch, roll and 

pitch, or arch and pitch (Christiansen et al., 2018). Measurements from up to five images 

were used per individual.  



 

54 

As in Ch.1, the model was designed to accommodate images with altitude 

readings from both the barometer and laser or from either – that is, a missing (NA) 

altitude value for the laser or barometer. For images with an altitude difference >10% 

between the barometer and laser altimeter, barometer values were changed to NA. 

Results from Ch.1 showed that measurements with barometer values as NA yield 

similar results to when both laser and barometer are included, supporting that this 

method should not alter results and helps avoid excluding usable data (Appendix B: Fig. 

S1).  

2.2.2.3 Photogrammetry 

I used MorphoMetriX (v1.0.2) open-source photogrammetry software (Torres 

and Bierlich, 2020) to measure (in pixels) the total length (TL, tip of rostrum to fluke 

notch) and perpendicular widths in 5% increments of the total length measurement (Fig. 

2.1). MorphoMetriX outputs were collated using CollatriX (v1.0) (Bird and Bierlich, 

2020), and then input into the uncertainty model.  

For individuals with measurements from multiple images (up to five different 

images, Section 2.2.2.2), initial analysis confirmed that filtering for images with quality 

scores of 1 or 2 was robust to potential biases of width measurements related to 

variation in TL measurements, such as from any slight bending or arching of the 

individual (Appendix B: Fig. S2). 
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2.2.2.4 Body condition metrics 

Selecting Head-Tail range 
For the purposes of this study, I define body condition as the morphological 

measure of an individual’s relative energy reserves compared to its structural size (Peig 

and Green (2009). Green (2001) noted that when choosing an index to measure body 

condition it is imperative to separate effects of structural size of the body from the size 

of the energy capital, since both aspects can have major consequences for fitness, 

survival rates, and habitat use. Therefore, a goal of any condition work in animals is to 

delineate the area along the body that best comprises species-specific energy reserves. 

While intra-seasonal changes in body condition is not exhibited homogenously along the 

body of baleen whales, and is species specific (Lockyer, 1981; Christiansen et al., 2013; 

Miller et al., 2012), evidence suggests that cetaceans do not store energy reserves in their 

fins, head, or tail (Brodie, 1975; Koopman et al., 2002; Lockyer, 1981). This was also 

confirmed photogrammetrically in UAS imagery by Christiansen et al. (2016), who 

found no intra-seasonal variation in the width of the head or the lower section of the 

peduncle across all reproductive classes of humpback whales. Thus, I used the width 

range along the body between the head and tail of each individual, which I refer to as 

the “Head-Tail Range”, to encompass changes in energy storage (Fig. 2.1). To account 

for potential individual variation across and within species, I assigned a Head-Tail 

Range specific to each individual to ensure that the range used to calculate each body 

condition metric captures the relative energy stores for that individual. The boundary of 
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the head was determined for each individual based on the location of the eyes to the 

nearest perpendicular width, while the boundary for the tail was determined as the 

nearest perpendicular width to the start of the peduncle (Fig. 2.1). The Head-Tail Range 

was 20-90% for all blue whales, 20-85% for Antarctic minke whales, 25-85% for all 

juvenile and mature humpback whales, and 20-85% for all humpback whale calves 

(Table 2.1).  

 
1D: Single-Width (SW) 

The single-width (SW) measurement was defined as the perpendicular width 

measurement within the Head-Tail Range that had the largest standard deviation across 

individuals in each species.  Thus, the SW measurement is species specific and should 

capture the greatest variability in width amongst individuals within that species (Miller 

et al., 2012; Durban et al., 2016) (Fig. 2.1). The SW measurement was the 40% width for 

Antarctic minke whales, 55% for blue whales, 60% for humpback whales, and 50% for 

humpback whale calves. I then standardized each SW measure, SWstd, by the TL of the 

individual (Fearnbach et al., 2018; Miller et al., 2012),  

 

 𝑆𝑊ghi = 	
𝑆𝑊
𝑇𝐿

		. (11) 

 

 

Table 2.1: The Head-Tail Range and single width (SW) measurement for each 
species used for measuring body condition. Head-Tail range excludes the head, fins, 
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and caudal peduncle and is used for 2D and 3D metrics. SW is determined from the 
width% within the Head-Tail Range with the largest standard deviation and is used 

as a 1D body condition measurement. AMW = Antarctic minke whale. 

Species Head-Tail 
Range 

Single 
Width (SW) 

AMW 20-85% 40% 
Blue 20-90% 55% 

Humpback 25-85% 60% 
Humpback calf 20-85% 50% 

 

 

2D: Flat Dorsal Surface Area (SA) 
The Head-Tail Range for each individual was used to calculate the flat dorsal 

surface area (SA) following Christiansen et al. (2016).  SA was modeled as a series of 

trapezoids connected at each width measurement site (Fig. 2.1), where the surface area 

(m2) of each trapezoid segment, As, was calculated using 

 𝐴g = 	
ℎ
2
(𝑎 + 𝑏)	, (12) 

where a is the anterior base (width) of a trapezoid segment, b is the posterior base 

(width) of a trapezoid segment and h is the distance between both width measurement 

sites (h = 0.05 x TL) (Fig. 2.1). The total SA (m2) for each individual was calculated by 

summing the area of each trapezoid segment, As, within the Head-Tail Range, 

 
𝑆𝐴	 = 	o𝐴g

)

gpq

	, 
 

(13) 

where S is the total number of trapezoid segments within the Head-Tail Range. 
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2D: Body Area Index (BAI) 
SA was also used to calculate body area index (BAI), but instead of modeling 

each perpendicular width segment as a series of trapezoids (as in Eqs. 12 and 13), a 

parabola is independently fit through each perpendicular width point within the Head-

Tail Range on each side of the whale (see Burnett et al., 2018). The SA is then calculated 

as the area under each parabola and is used to calculate BAI by  

 𝐵𝐴𝐼 =
𝑆𝐴

(𝐻𝑇		 × 	𝑇𝐿	)X
	× 	100, (14) 

where HT is the Head-Tail Range of the individual (i.e., 0.70 for a Head-Tail Range 

between 20-90% as in Fig. 2.1) and the multiplication by 100 allows for a more intuitive 

value (>1.0). Note, that a linear regression between the trapezoidal SA calculated in Eq. 

13 and the parabolic SA calculated in Eq. 14 yielded an r2 = 0.99, suggesting that these 

two methods for calculating SA are virtually identical. 

 

3D: Body Volume (BV) 
Body volume (BV) was modeled as a series of frustums (truncated cones) 

connected at each perpendicular width measurement site following Christiansen et al. 

(2018) (Fig. 2.1). The cross-section of each frustum is assumed circular and the volume of 

each frustum segment, Vs, was calculated by  

 𝑉g,d,c = 	
q
v
𝜋ℎ;𝑟d,cX + 𝑟d,c𝑅d,c + 𝑅d,cXE, (15) 

where h is the distance between both body width measurement sites (h = 0.05 x TL), r is 

the radius of the anterior girth measurement of the frustum (i.e., half the anterior width 
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measurement), and R is the radius of the posterior girth measurement of the frustum 

(i.e., half the posterior width measurement. The total body volume, BV (m3), was then 

calculated from the summation of all the frustum segments within the Head-Tail Range 

for each individual 

 
𝐵𝑉d = 	o𝑉g

)

gpq

 (16) 

where S is the total number of frustum segments within the Head-Tail Range.  

 

Predicted body condition posterior distributions  
Each of these body condition measurements were calculated in each MCMC 

iteration for each whale (niterations = 5000, after excluding first half as burn-in). This results 

with a posterior predictive distribution of SW, SWstd, SA, BAI, and BV for each 

individual (Fig. 2.1). I then calculated the mean and 95% highest posterior density (HPD) 

interval for each posterior distribution (Fig. 2.1). The 95% HPD interval represents the 

region with a 95% probability of encompassing the parameter of interest and ultimately 

serves as the measure of uncertainty around each measurement prediction (see Ch. 1). 

 

Body Condition Index (BCI) 
The mean of the predictive posterior distributions for SA and BV were then used 

to calculate the body condition index (BCI) following methods from Christiansen et al. 

(2018). BCISA was calculated as 
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 𝐵𝐶𝐼)z,d = 	
𝑆𝐴_{g,d −	𝑆𝐴QN3,d

𝑆𝐴QN3,d
 (17) 

where 𝑆𝐴_{g,d is the observed mean of the predicted SA posterior distribution of whale i, 

and 𝑆𝐴QN3,d is the expected SA for whale i from a linear relationship between 𝑆𝐴_{g,d and 

the observed mean of the predicted TL posterior distribution for whale i, on a log-log 

scale.  

Likewise, BCIBV was calculated using  

 

 𝐵𝐶𝐼Y},d = 	
𝐵𝑉_{g,d −	𝐵𝑉QN3,d

𝐵𝑉QN3,d
 (18) 

where 𝐵𝑉_{g,d is the observed mean of the predicted BV posterior distribution of whale i, 

and 𝐵𝑉QN3,d is the expected BV for whale i from the linear relationship between 𝐵𝑉_{g,d  

and observed mean of the predicted TL posterior distribution for whale i, on the log-log 

scale. It has been described that a positive BCI value is assumed to indicate an animal in 

“good” condition, while a negative value indicates an animal in “poor” condition 

(Christiansen et al., 2018. 2020).  

2.2.3 Statistical Analysis 

For the purposes of this study, the temporal considerations for when each whale 

was sampled (e.g., day within season, year) were intentionally ignored, as the focus is on 

comparing the different methods for measuring body condition rather than the direct 

ecological context.  
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2.2.3.1 Scaling 

To analyze the broad trend of how uncertainty scales across 1D, 2D, and 3D 

measurements, I analyzed the linear relationship between the standard deviation of the 

posterior predictive distribution for each unstandardized body condition measurement 

(SW, SA, BV) of each individual on a log-log scale.  

2.2.3.2 Precision 

I also compared the precision of the posterior predictive distributions for each 

body condition measurement (SW, SWstd, SA, BAI, BV). NIST defines precision as the 

closeness of agreement between independent measurements of a quantity under the 

same condition (Taylor and Kuyatt, 1994). Precision is a measure of how well a 

measurement can be made without reference to a true value, while uncertainty 

incorporates the range of values in the distribution that is expected to contain the true 

value. The true body condition of each individual in this study is not known, but 

precision can help identify a metric’s ability to detect small changes in body condition 

amongst individuals. Since each metric varies in measured units, i.e., unitless, m, m2, 

and m3, I analyzed the precision of each metric for each individual by calculating the 

coefficient of variation (CV%) as  

 𝐶𝑉%d,~ = 	�
𝜎d,~
𝜇d,~

� ∗ 100 (19) 

where 𝜎 is the standard deviation and 𝜇 is the mean of the predictive posterior 

distribution for each body condition metric m of individual i.   
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2.2.3.3 Correlation 

I used a correlation matrix and linear regression with Pearson’s correlation 

coefficient r to analyze the relationship between each standardized body condition index 

(SWstd, BAI, BCISA, and BCIBV) All analyses were conducted in R (Version 3.6.1, R Core 

Team, 2019).  

 

 

Figure 2.1: Overview of Bayesian framework for calculating the different body 
condition metrics in this study. A) An example of MorphoMetriX output from a UAS 
image of a blue whale. Total length (TL) measured from rostrum to fluke notch with 
perpendicular widths segmented in 5% increments of TL. Head-Tail Range represents 
the region of the body that excludes the fins, head, and tail that will be used to 
calculate each body condition metric. B) Predicted posterior distributions for each 5% 
width included in the Head-Tail Range (20-90%) that will be used to calculate each 
body condition metric. C) 1, 2, and 3D body condition metrics are calculated for each 
iteration in the MCMC output of the posterior predicted widths. D) Posterior 
predicted distribution for each body condition metric calculated for a single 
individual. 
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2.3 Results 

After filtering for image quality, I used photogrammetric measurements on 127 

individual whales for the analysis: 32 blue whales, 40 Antarctic minke whales (AMW), 

and 55 humpback whales (including 15 calves). Figure 2.2 shows the absolute and 

relative (standardized) perpendicular widths of each species, demonstrating differences 

in body shapes.  

2.3.1 Body condition measurements 

Figure 2.3 displays an example of the predictive posterior distributions for TL 

and each body condition measurement for an individual blue whale. Black bars/shaded 

region represents the 95% HPD interval for that distribution.  

Both the Head-Tail Range and SW captured variability in body condition 

amongst individuals in each species, as well as across species (Table 2.2, Fig. 2.4). As 

expected, SW, SA, and BV increased as the total length increased for each species, while 

SWstd and BAI did not since they are both standardized by TL (Fig. 2.4). Despite being 

almost 10 m shorter on average, humpback whales displayed similar and greater SW 

measurements (absolute width) compared to blue whales (Fig. 2.2 & 2.4). Overall, blue 

whales have smaller SWstd (relative width) and a lower BAI range compared to 

humpback and minke whales (Fig. 2.4), reflecting differences in their body shapes (Fig. 

2.2). While scale invariant, each species clearly displays its own unique range of BAI, 

with little overlap amongst species, suggesting BAI ranges are species specific (Fig. 2.4, 
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Table 2.2). Though also scale invariant, there was more overlap in SWstd values between 

AMW and humpback whales, especially with humpback whale calves (Fig. 2.4, Table 

2.2). 

2.3.2 Scaling of uncertainty 

Overall, uncertainty associated with 2D and 3D body condition measurements 

increased at a greater proportion than uncertainty associated with 1D measurements 

(Fig. 2.5). For every unit increase in 1D uncertainty, 2D uncertainty increased by 1.44 [CI: 

1.19, 1.69] and 3D uncertainty increased by 2.14 [CI: 1.80, 2.49] (Fig. 2.5).  

2.3.3 Precision  

The precision of each body condition measurement was calculated as the 

coefficient of variation (CV%) (Eq. 19) to analyze the closeness in agreement of the 

predicted posterior distribution for each in individual. In other words, CV% is 

comparing the relative width of the predictive posterior distributions of each body 

condition measurement for each individual, i.e., the measurements shown in Figure 2.3. 

BAI was the most precise measure with the smallest CV% (CV%: mean = 1.01%, sd = 

0.35%) (Table 2.3, Fig. 2.6). This means that BAI should in theory be able to detect 

relatively smaller changes in body condition compared to the other measurements. SWstd 

was the second most precise measurement (CV%: mean = 2.82%, sd = 1.05%), followed 

by SW (CV%: mean = 3.44%, sd = 1.05%), SA (CV%: mean = 3.91%, sd = 1.52%), and 

finally BV (CV%: mean = 5.95%, sd = 2.26%) (Table 2.3, Fig. 2.6).   
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2.3.4 Correlation 

Each standardized body condition measurement (SWstd, BAI, BCISA, BCIBV) was 

highly correlated across species (Fig. 2.7). This provides evidence that each of these 

standardized body condition measurements yield similar relative conclusions. AMWs 

had the strongest relationship between each metric (all r > 0.93), followed by humpback 

whales (all r > 0.91), blue whales (r > 0.88) and humpback calves (r > 0.77). Both BCISA 

and BCIBV were consistently the most correlated across each species (all r > 0.99). BAI 

showed the highest correlation with each metric for each species (all r > 0.88), followed 

by SA (all r > 0.80), SW (all r >0.77), and BV (all r > 0.77) (Fig. 2.7). 
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Figure 2.2: Body shapes for each species. A) Absolute widths (m), B) Relative 
widths, standardized by dividing each width by the total length of the individual. 
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AMW = Antarctic minke whale (n = 40), blue whales (n = 32), humpback (n = 40), and 
humpback calves (n = 15). The middle line in each box represents the median, or 
second quartile (50th percentile), the lower and upper hinge of the box represent the 
first and third quartile (the 25th and 75th percentile), respectively, and the lower and 
upper whisker represents the smallest and largest value that extend at most 1.5*IQR, 
where IQR is the interquartile range. Any data beyond these whiskers are considered 
outlying points and plotted individually. 

 

 

 

Figure 2.3: Example of predictive posterior distributions of an individual blue 
whale. Total length (TL), single-width (SW), single-width standardized (SWstd), 

Surface area (SA), body area index (BAI), and body volume (BV). The longer thin 
black bars represent the 95% HPD interval, the thicker shorter black bars represent 
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the 65% HPD interval, and the black dot represents the mean value. Note that each x-
axis is on a different scale. 

 

Table 2.2: Summary of each body condition measurement for each species. The 
mean, standard deviation (std.dev), minimum (min), and maximum (max) of each 

species are calculated from the mean predicted posterior distributions for total length 
and body condition measurements of each individual. 

TL mean std.dev min max 
AMW 7.79 1.23 4.63 9.75 
Blue 22.43 1.41 19.69 24.98 

Humpback 12.67 1.56 9.24 15.49 
Humpback calf 8.55 0.39 7.80 9.18 

SW mean std.dev min max 
AMW 1.34 0.22 0.72 1.86 
Blue 2.23 0.25 1.72 3.20 

Humpback 2.63 0.43 1.60 3.53 
Humpback calf 1.46 0.17 1.11 1.99 

SWstd mean std.dev min max 
AMW 0.17 0.01 0.15 0.17 
Blue 0.10 0.01 0.08 0.10 

Humpback 0.21 0.02 0.18 0.21 
Humpback calf 0.17 0.02 0.15 0.17 

SA mean std.dev min max 
AMW 5.32 1.58 1.93 7.95 
Blue 32.13 4.25 23.28 41.41 

Humpback 15.90 4.15 7.55 23.44 
Humpback calf 7.85 0.92 6.15 9.23 

BAI mean std.dev min max 
AMW 20.29 1.11 17.99 23.01 
Blue 12.99 0.78 11.84 15.03 

Humpback 26.95 1.90 23.89 31.39 
Humpback calf 25.29 1.31 23.52 27.37 

BV mean std.dev min max 
AMW 4.90 2.10 1.05 9.10 
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Blue 59.07 12.10 35.06 89.48 
Humpback 29.40 11.41 9.08 50.91 

Humpback calf 9.71 1.84 6.48 12.50 
 

 

 

Figure 2.4: 1D, 2D, and 3D body condition measurements w/ uncertainty. Each 
point represents the mean of the posterior predictive distribution of that body 

condition measurement with the bars representing the lower and upper bounds of the 
95% HPD interval for that specific individual whale (represented in Fig. 2.3). 

Unstandardized measurements are in the top three panels, while the bottom two 
panels are standardized versions of 1D and 2D measurements.  
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Figure 2.5: Scaling of 2D and 3D uncertainty with 1D uncertainty. Each point 
represents an individual whale and the uncertainty (defined here as the std dev of the 
posterior distribution for each metric), associated with 1D, 2D and 3D body condition 
metrics. The black lines represent the linear regression for uncertainty between 1D 
and 2D (slope = 1.44; CI: 1.19, 1.59; intercept = 3.2) and 1D and 3D (slope = 2.14; CI: 
1.80, 2.49, intercept = 5.88). Data from 40 Antarctic minke whales (AMW), 32 blue 
whales, 40 humpback whales, and 15 humpback whale calves. 

 

Table 2.3: Comparison of metric precision. The Coefficient of Variation (CV%) 
was calculated from the predicted posterior distribution for each body condition 

metric for each individual. Lower CV% equates to higher precision. 

Method 
CV % 

mean min max sd 
SW 3.44 1.6 7.27 1.05 
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SWstd 2.82 1.23 6.91 1.05 
BAI 1.01 0.4 2.49 0.35 
SA 3.91 1.23 10.37 1.52 
BV 5.95 2.02 15.55 2.26 

 

 

 

 

Figure 2.6: Comparison of metric precision. The Coefficient of Variation 
(CV%) was calculated from the predicted posterior distribution for each body 
condition metric for each individual. SW = single width (1D), SWstd = standardized 
single width (Eq. 11) (1D), BAI = body area index (2D) (Eq. 14), SA = surface area (2D) 
(Eq. 13), and BV = body volume (BV) (Eq. 16). The middle line in each box represents 
the median, or second quartile (50th percentile), the lower and upper hinge of the box 
represent the first and third quartile (the 25th and 75th percentile), respectively, and the 
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lower and upper whisker represents the smallest and largest value that at extend at 
most 1.5*IQR, where IQR is the interquartile range. Any data beyond these whiskers 
are considered outlying points and plotted individually. 

 

Figure 2.7: A) Correlogram (graph of correlation matrix) comparing each 
standardized metric for each species. SWstd = standardized single width (Eq. 11), 
SA_BCI = BCISA (Eq. 17), BV_BCI = BCIBV (Eq.18), BAI = body area index (Eq. 14). B) 
Regression between BAI and each standardized metric. BAI is highly correlated with 
each standardized metric, with Pearson’s correlation coefficient r > 0.88 for each 
comparison. 

 

2.4 Discussion 

2.4.1 Novelty 

Here I present the first comparison of 1D, 2D, and 3D photogrammetry-based 

body condition estimates of baleen whales, while incorporating uncertainty associated 

with each. This study builds on the Bayesian statistical framework described in Chapter 

1 to incorporate multiple measurements of the same individual from a single image, as 
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well as across multiple images, to create predicted posterior distributions for body 

condition. This study serves as a guide to help researchers select the most appropriate 

body condition measurement for their study and incorporate photogrammetric 

uncertainty associated with these measurements, which in turn will help make results 

across studies more comparable. 

2.4.2 Scaling of Uncertainty  

Uncertainty does not scale linearly across 1D, 2D, and 3D body condition 

metrics. Just as scaling relationships between multi-dimensional shapes do not change in 

the same ratio as their linear dimensions (Schmidt-Nielsen, 1975), uncertainty associated 

with 2D and 3D measurements of these three species increases by a factor of 1.44 and 

2.14 compared to 1D measurements, respectively (Fig. 2.5). This is an important finding, 

as choosing a multi-dimensional body condition measurement may incur a higher cost 

of increased uncertainty. This echoes Schulte-Hostedde et al. (2005), who cautioned 

calculating condition indices that are based off the linear relationship between 

measurements with high errors and body length. Thus, studies should consider 

choosing a body condition measurement with the lowest uncertainty to yield more 

robust measurements. For example, if solely interested in measuring relative body 

condition change for a given baleen whale species, it may be best to avoid a BV 

measurement to yield more robust measurements with less uncertainty. 
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Conversely, calculating BV is particularly useful in approximating body mass 

(Schmidt-Nielsen, 1975) and has been used in Southern Right whales to quantify the 

maternal cost of reproduction (Christiansen et al., 2018), as well as directly estimating 

body mass (Christiansen et al., 2019). BV has also been useful for studies comparing 

locomotion and hydrodynamic performance across baleen whale species (Woodward et 

al., 2006). Chapter 1 found that measurement error varies by UAS platform and altitude, 

so studies calculating BV can help mitigate associated uncertainty by selecting a UAS 

platform that yields low uncertainty and implementing strict field protocols to fly at 

altitudes that further minimizes errors.  

While the goal of this study was to describe broad trends in how uncertainty 

scales across different body condition measurements rather than a detailed comparison 

between species, it is interesting to note that uncertainty may scale differently for each 

species (Fig. 2.5). This is likely due to differences in body shapes (Fig. 2.2). For example, 

humpback whales had larger absolute and relative widths compared to blue whales 

along the mid-line of the body, despite being almost 10 m shorter on average (Table 2.2, 

Fig. 2.2 & 2.5). This reflects the more streamlined body of blue whales that enables 

steady, high speed, and efficient cruising ability in pelagic environments (Woodward et 

al., 2006) (Fig. 2.2). Humpback whales also displayed the largest variation in body 

widths compared to AMWs and blue whales (Table 2.2, Fig. 2.2). Overall, each species 
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followed the broader trend of increasing uncertainty with a similar positive slope, and 

these slight variations in scaling can be further studied using interaction effects.  

2.4.3 Comparing body condition change 

In measuring relative body condition change, standardized single-width (SWstd) 

and body area index (BAI) were both more precise measures compared to single-width 

(SW) and surface area (SA), respectively (Table 2.3, Fig. 2.6). SWstd provides a time 

saving advantage, as it only requires a single width measurement, ultimately reducing 

the time spent performing and processing measurements. This may be optimal for pilot 

or exploratory studies interested in detecting body condition change. However, a caveat 

for using SW is that it may miss additional widths that may contribute to the body 

condition of an individual. For example, while SW uses the perpendicular width with 

the largest standard deviation for each species, there are other neighboring widths that 

also display high variation and may collectively better contribute to the quantification of 

an individual’s body condition (Fig. 2.2). This is likely the reason why AMW and 

humpback whale calves had more overlap in their range of SWstd measurements 

compared to a more distinctive range in BAI (Fig. 2.4, Table 2.2). Thus, a 2D 

standardized metric, such as BAI, that captures this potential variation along the body, 

may be a preferred metric in some studies. Future studies interested in a more 

standardized volumetric approach similar to BAI, especially as more imagery is 
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collected on the lateral height of the animal, could incorporate a body volume index 

(BVI), where BV is divided by the cube of the Head-Tail Range multiplied by the TL.  

In comparing BCISA and BCIBV with the mean posterior predictive distributions 

for SWstd and BAI, each of these standardized metrics are highly correlated with one 

another (Fig. 2.4 & 2.7). This is an important finding, as it suggests that 1D, 2D, or 3D 

standardized metrics will draw similar relative predictions for body condition of 

individuals. In other words, researchers can be confident that similar conclusions will be 

drawn pertaining to the relative body condition of individuals in a study, regardless of 

which standardized metric they use. However, as mentioned previously, researchers 

should still expect differences in the uncertainty associated with these different 

measurements and employ the approach best suited to their question and study species. 

2.4.4 Advantages of BAI for detecting body condition change 

While all standardized measurements are highly correlated with one another, 

there are several clear advantages for using BAI that are worth noting for studies 

focused on detecting change in body condition. BAI incorporates multiple perpendicular 

widths to capture potential variation along the body and was the most precise measure 

across species, with a CV% range between 0.40 and 2.49% (mean = 1.01%, sd = 0.35%) 

(Table 2.3, Fig. 2.6). This means that it accounts for potential variation along the body, 

while being able to detect small changes in body condition. BAI is also a standardized 

measurement that can be calculated directly within the MCMC output from the 
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Bayesian statistical model. Thus, the predicted BAI posterior distribution is already 

standardized to the total length of the individual, making comparisons much easier 

across individuals, populations, species, and even the same individual over time (i.e., 

Lemos et al., 2020). BAI may also be particularly favorable for situations where sample 

size is limited, as in data deficient species or rare sightings (Hooker et al., 2019), where 

BCI needs a larger sample size to generate the relative index for the population (Eqs. 17 

& 18) (Miller et al., 2012). 

Yet, the conversion of SA and BV to BCI is a useful standardized measure for 

comparing the relative body condition of individuals across populations, as it provides a 

reference index of 0 to compare each individual’s BCI score. Other BCI-type 

measurements have also been used extensively across a variety of taxa (Schulte-

Hostedde et al., 2005; Woodward and Stevenson, 2006; Hamilton et al., 2017; Shirane et 

al., 2020). Christiansen et al. (2020) used BCI to demonstrate differences between the 

skinnier North Atlantic Right whales to the healthier more rotund Southern Right 

whales. BCI has also been used to compare maternal energy loss due to lactation in 

humpback (Christiansen et al., 2016) and Southern Right whales (Christiansen et al., 

2018).  

In addition to increased uncertainty from SA and BV, BCI can oversimplify 

conclusions about individuals in a population, as it assumes animals with a positive BCI 

are in “good” condition, while animals with negative BCI are in “poor” condition. For 
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example, if a healthier, or “fatter”, than normal population is sampled, there will still be 

individuals with negative BCI values, and thus individuals in “good” condition could be 

mislabeled as having “poor” condition. This issue may extend further if “bigger is 

better” – since BCI values rely on a linear regression with respects to TL, nominally 

about half of all whales within a population will have negative BCI values even if it is 

generally better within the population to be longer rather than shorter. If this “fatter” 

population is then compared to a population that is overall “skinnier” than normal and 

BCI is recalculated, then the “fatter” population would indeed have positive BCI 

compared to the more negative values of the “skinnier” population, more accurately 

reflecting the health of the individuals in each population. An advantage of using BAI 

over BCI in this context is that it produces a value that is directly comparable across 

populations. In using the same example, the individual whales in the “fatter” population 

would all have a higher BAI value compared to other “skinnier” populations.  

This, however, ultimately highlights a limitation that a “healthy” BAI range (or a 

“healthy” range in all measurements for that matter) is not yet known. In humans, a 

healthy BMI range is generally considered 18.5-24.9, where below 18.5 is considered 

underweight, above 24.9 is considered overweight, and above 30 is considered obese 

(Flegal et al., 2012), though BMI can be susceptible to misclassification and bias based on 

differences in muscle and fat gain due to sex and age (Rothman, 2008). This framework 

was adopted by Nieminen et al. (2001) to describe the seasonal “obesity” of racoon dogs 
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and blue foxes during their pre-hibernation fattening period. Results from this present 

study show strong evidence that a healthy range of BAI is species specific (Fig. 2.4), as 

each species displayed a distinctive range in BAI; blue whales: 11.84 – 15.03; AMW: 17.99 

– 23.01; humpback whales: 23.89 – 31.39; humpback whale calves: 23.52 – 27.37 (Table 

2.2). BAI values for each species in this study were also lower than reported for gray 

whales (Burnett et al., 2018; Lemos et al., 2018), although a body width range between 

20-60% was used rather than a Head-Tail Range in those studies. These differences in 

BAI ranges reflect differences in the body shapes of each species, e.g., humpbacks have 

the widest range in BAI compared to other species, which was also reflected in their 

larger variation in perpendicular widths compared to the other species (Fig. 2.2). It thus 

seems like BAI offers conditionally “scale-free” comparisons between species.  For 

example, it seems unreasonable to set a single, all-whale BAI threshold, above which a 

whale is considered to be healthy.  If this were attempted to the species in this study, 

then it is almost certain that either all blue whales will look unhealthy (if threshold > 15), 

or that that all other whales look healthy (if threshold < 15) (Table 2.2, Fig. 2.4).  

Collecting more body condition measurements on individuals and populations 

over space and time and linking these to vital rates will help elucidate what a healthy 

BAI range is for each species. For example, over 30 years of photographic observations 

of North Atlantic right whales were combined with survey effort, life history data, and 

visual body condition and health scores in a hierarchical Bayesian state-space model to 
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infer health status, movement, and survival at the individual, demographic, and 

population level (Pettis et al., 2004; Schick et al., 2013, 2016; Rolland et al., 2016). 

Incorporating quantitative measures of body condition, as well as other health 

parameters such as entanglement rate (Ramp et al., 2021), from UAS imagery will help 

improve measures of health for monitoring long term population effects of disturbance 

(Pirotta et al., 2018). This is especially important as baleen whales continue to face 

threats from changing habitats and anthropogenic disturbances such as fishing 

entanglement, ship strikes, contaminants, ocean noise, and increased tourism (Nowacek 

et al., 2007; Fossi et al., 2018; Pirotta et al., 2019; Nicol et al., 2020). 

2.4.5 Caveats and considerations 

It is worth noting that this present study intentionally ignored the effects of 

adding day within a season or year as a covariate to body condition. The season, day 

within season, and year have been shown to influence the body condition of baleen 

whales (i.e., Christiansen et al., 2016, 2018; Lemos et al., 2020). This was intentionally 

ignored for the present study, as the focus was on comparing different body condition 

measurements and developing a Bayesian statistical model to predict uncertainty 

associated with each, rather than the ecological context of these predicted body 

condition measurements. Future studies should follow the framework described here 

and collect intra- and inter-seasonal data and apply the effect of season and year on 

body condition in their ecological analyses. 
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Volumetric models using shapes other than frustums have also been used to 

analyze body condition in baleen whales where the entire body of the whale (0-100% of 

total length) is modeled as a series of ellipses (with 0-5% and 85-100% modeled as a 

cone) (Christiansen et al., 2019, 2020). The ellipses are calculated using a height to width 

ratio (H:W), where lateral height (H) is measured from UAS images of the animal 

turning on its side (Christiansen et al., 2020). I chose to not use this method in the 

analysis because 1) H:W measurements for the three species used in this chapter were 

not available and 2) these models include the head and peduncle – regions of the body 

not used for energy storage (i.e., Brodie, 1975; Koopman et al., 2002) – and would thus be 

less comparable to the other body condition measurements used in this study. Studies 

using these measurements should follow a similar framework presented here to 

incorporate uncertainty associated with these types of measurements. As stated earlier, 

BV is particularly useful in approximating body mass and will likely remain a preferred 

method. Collecting more UAS images of individuals on their sides will help elucidate 

variability in 3D body shapes and thus may help improve BV measurements (i.e., see 

Christiansen et al., 2020).
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Chapter 3 Seasonal gain in body condition of foraging 
humpback whales along the Western Antarctic 

Peninsula 
3.1 Introduction 

A species’ life history describes how an organism maximizes its fitness at each 

age by an appropriate allocation of resources toward growth, maintenance, and 

reproduction (Partridge & Harvey, 1988). Species are most commonly characterized as 

adopting a life-history strategy to meet the energetic demands of reproduction on a 

continuum between income and capital breeding (Stephen et al., 2009). Income breeders 

finance the costs of reproduction by continually feeding throughout their reproductive 

period, whereas capital breeders use stored energy accumulated in advance (Jönsson, 

1997). Breeding habitats that do not provide sufficient food resources to sustain the 

population typically favor capital breeding where energy is stored in body reserves to 

support periods in which foraging is reduced (Stephens et al., 2014).  

Like other baleen whales, humpback whales (Megaptera novaeangliae) are capital 

breeders that migrate from high latitude feeding grounds in the summer to low latitude 

breeding and calving grounds in the winter (Rasmussen et al., 2008). This extreme 

migratory behavior allows them to exploit the seasonal abundance of food and increase 

their body fat as energy reserves to finance the costs of reproduction on the breeding 

grounds (Lockyer, 1981). This life history strategy places a particularly large burden on 
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reproductive females, as they must supply enough energy to support gestation and 

lactation in addition to their own survival (Young, 1976; Partridge & Harvey, 1988; 

Jonsson, 1997). Hence, monitoring the seasonal gain in energy reserves while on the 

foraging grounds can provide greater understanding on how these animals are able to 

maximize food intake to support migration, growth, and reproduction.  

The eastern South Pacific humpback whale population, identified as stock G by 

the International Whaling Commission (IWC), undergoes one of the longest mammalian 

migrations, traveling roughly over 8,000 km from the Western Antarctic Peninsula 

(WAP) to the coastal waters off Ecuador and Columbia, and even extending North of the 

equator to Costa Rica (Acevedo et al., 2013; Avila et al., 2020) (Fig. 3.1). While on the 

WAP, humpback whales exploit the seasonal abundance of Antarctic krill (Euphausia 

superba, hereto referred to as “krill”) to finance the costs of reproduction on the breeding 

grounds. Like other baleen whales, Southern Hemisphere humpback whale populations 

were extirpated to near extinction from 20th century commercial whaling (Johnston et al., 

2011; Rocha et al., 2014). Despite this massive removal, strong evidence suggests 

humpback whale populations are successfully recovering (Bejder et al., 2016) and the 

International Union for Conservation of Nature (IUCN) Red List Category recently 

down-listed the global status of humpback whales from ‘Vulnerable’ to ‘Least Concern’ 

(Cooke, 2018). Though, there are concerns for this population in the long-term, as the 

WAP region has experienced significant warming since the 1950s that has coincided 
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with declines in krill density and recruitment, as well as an overall population 

distribution that has contracted southward and closer toward Antarctic shelves 

(Atkinson et al., 2004; 2019). The WAP region has also experienced dramatic increases in 

tourism since the 1990s (Cavanagh et al., 2021; and see Appendix C: Fig S1) and recent 

concentrated efforts of the krill fishery (Nicol & Foster, 2016), that have been shown to 

overlap with key foraging areas for humpback whales (Weinstein et al., 2017).  

Nevertheless, recent evidence suggests that the stock G population is growing 

more rapidly than previously suggested, as a mean pregnancy rate of 63.5% was 

documented between 2010-2014 and more than half of the lactating females sampled 

were also pregnant, indicative of annual pregnancies (Pallin et al., 2018). The recovery of 

this population has likely been facilitated by the high abundance of krill along the WAP 

(Nowacek et al., 2011; Johnston et al., 2012), as well as a lack of competition from other 

baleen whales that have not similarly recovered and resource partitioning with 

sympatric Antarctic minke whales (Balaenoptera bonaerensis) (Friedlaender et al., 2009). 

Rapid population growth is typically observed in vertebrate populations recovering 

from a previous catastrophic perturbation when there is a lack of competition and an 

adequate food supply (Leopald, 2018). For example, rapid population growth was 

observed in African elephants (Loxodonta africana) that was attributed to adequate food 

supply from favorable environmental conditions, lack of density-dependence, and a 

release from the stresses of heavy poaching (Foley & Faust, 2010). Similarly, a 
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comparison of two feral donkey populations (Equss asinus) found that increased food 

availability with lack of density-dependence led to increased population growth, 

individuals in better body condition, a decrease in age at sexual maturity, reduced 

juvenile mortality, and an increase in lactating females that were simultaneously 

pregnant (Choquenot 1991). Thus, it is likely that similar factors are contributing to the 

rapid growth in the stock G population.  

Like other rorquals, humpback whales are lunge feeders that have evolved 

morphological adaptations to feed on small patchy prey, such as krill (Goldbogen et al., 

2008; Goldbogen et al., 2017). The positive allometry associated with their skull and 

buccal cavity increases mouth area and enables extraordinary engulfment capacity 

relative to body size to exploit large volumes of prey (Goldbogen et al., 2012; Kahane-

Rapport & Goldbogen, 2019). While these adaptations have led to their evolution of 

extreme body sizes (Goldbogen et al., 2019), they also bear high energetic costs due to 

increases in drag, diving metabolic rate, and filtration time (Potvin et al., 2012 Golbogen 

et al., 2012; Kahane-Rapport et al., 2020). However, lunge feeding is predicted to remain 

energetically efficient overall if whales are able to exploit high-density prey patches 

proportional to gulp size (Golbogen et al., 2012; Kahane-Rapport et al., 2020). While on 

the WAP, humpback whales have been found to adopt optimal foraging strategies to 

minimize foraging costs while maximizing energy intake (Tyson et al., 2016). Humpback 

whale distribution is primarily related to areas of high krill abundance, where they 
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exhibit a threshold response to prey availability, in which whales do not forage below a 

threshold level of prey density (Friedlaender et al., 2006; 2011). In the early summer, 

their distribution is broad across the entire continental shelf region, including inshore, 

but then becomes more focused towards inshore regions in the fall (Curtice et al., 2015; 

Weinstein & Friedlaender, 2017), where high densities have been observed feeding on 

super-aggregations of krill (Nowacek et al., 2011; Johnston et al., 2012). Evidence exists 

that humpback whales will adjust their foraging behaviors based on depth and density 

of prey, where they follow the diel vertical migration of krill and forage almost 

exclusively at night and rest during the day (Friedlaender et al., 2016). As central place 

foragers needing to return to the surface for oxygen, humpback whales most often 

perform short, shallow dives enabling quicker recovery times at the surface and more 

efficient energy gain and storage (Tyson et al., 2016).  

Body condition is defined as the energy accumulated in the body as a result of 

feeding, which is assumed to be an indicator of individual health, and can be expressed 

as any morphological, physiological, or biochemical measure of an individual’s energy 

reserves, independent of its structural size (Green, 2001; Peig & Green, 2009). As such, 

body condition can reflect an individual’s foraging success and provide information on 

habitat quality and reproductive output (Stevenson & Woodward, 2006). Obtaining 

morphological measures of body condition of baleen whales is challenging, as these 

animals are often in remote locations, spend little time at the surface, and their large size 
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precludes capture. Photogrammetry from unoccupied aircraft systems (UAS, or drones) 

have recently been demonstrated to be an effective non-invasive tool to measure 

cetaceans in remote environments (Durban et al., 2015). Since then, UAS have been used 

on numerous morphological studies, including measuring body condition in blue, 

humpback, gray, and Northern and Southern right whales (Durban et al., 2016; 

Christiansen et al., 2016; 2018; 2020; Lemos et al., 2020). Hence, UAS provide an 

opportunity to increase foundational understanding of how healthy and growing 

populations store energy as a result of optimal foraging. 

This present study uses UAS imagery to measure the body condition of 

humpback whales throughout the foraging season along the WAP. The objectives of this 

study are to 1) examine how body condition changes over the course of the foraging 

season for stock G humpback whales and 2) describe how body condition changes for 

each reproductive class. This chapter follows the framework described in Chapters 1 and 

2 to incorporate measurement uncertainty associated with multiple UAS platforms used 

in these efforts. This work establishes foundational understanding for how healthy 

baleen whale populations increase energy stores over the course of the foraging season. 

This study also sets a baseline for studies to monitor future impacts from regional 

warming, as well increased anthropogenic pressures from the krill fishery and tourism. 
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Figure 3.1: The migration route of the stock G humpback whale population. 
Figure from Whales of the Antarctic Peninsula Report, Friedlaender and Modest, 2018. 

 

3.2 Methods 

3.2.1 Field operations 
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3.2.1.1 UAS data collection 

High resolution images of humpback whales were collected along the Western 

Antarctic Peninsula throughout the foraging season, between November – June in 2017 – 

2019 as part of the Palmer Long Term Ecological Research (LTER). Research excursions 

took place from Palmer Station and ARSV Laurence M Gould, as well as from tour ships 

as platforms of opportunity to help increase temporal data collection (Appendix C: 

Table S1).  

Images were acquired using a DJI Inspire 1 Pro quadcopter, a FreeFly Alta 6 

hexacopter, and a Mikrokopter-based LemHex-44 hexacopter. The LemHex-44 and Alta 

6 both contained a Sony Alpha a5100 camera with an APS-C (23.5 x 15.6 mm) sensor, 

6000 x 4000 pixel resolution, and either a 35 or 50 mm f1.8 Sony SEL focal length. The 

Inspire 1 Pro contained a DJI Zenmuse X5 micro four-thirds camera (17.3 x 23.5 mm 

sensor), 4608 x 3456 pixel resolution, and an Olympus M. Zuiko a 25 mm f1.8 focal 

length. UAS platforms were launched from a Zodiac Mark V rigid-hulled inflatable boat.  

Each platform contained an onboard barometer and a Lightware SF11/C laser 

altimeter. The two hexacopters contained the laser altimeter and camera co-located on a 

2-axis gimbal with pitch angle controlled via remote control to ensure image collection 

at nadir. The Inspire 1 Pro also had the camera on the 2-axis gimbal but instead had the 

laser fixed on the aircraft frame, and thus the pitch and roll of the aircraft were 
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accounted for in order to calculate the vertical altitude during image collection (Dawson 

et al. 2017).  

A first-person view (FPV) screen was attached to each flight controller of each 

platform. Both the LemHex-44 and Inspire 1 Pro required a single operator where the 

pilot manually controlled the gimbal and camera’s shutter, whereas the Alta 6 required 

two operators, a pilot and a camera operator. The LemHex-44 and Alta 6 collected still 

images in bursts, while the Inspire 1 Pro collected videos and then later extracted still 

images using VLC Media Player Software (Versions 3.08 VideoLAN).  

3.2.1.2 UAS Calibration data  

To account for photogrammetric uncertainty, I employed the Bayesian statistical 

framework described in Chapter 2. I used training data of known-sized objects to train 

the Bayesian statistical model for predicting photogrammetric uncertainty associated 

with each measurement (Chapter 1). I included the training data for the LemHex and 

Alta described in Chapter 2. For the Inspire 1 Pro, I used training data collected in 

Christiansen et al. (2018). 

3.2.1.3. Biopsy samples 

Where possible, biopsy samples were collected along with UAS imagery of 

humpback whales to determine the sex and if the individual was pregnant following 

methodology described in Pallin et al., (2018a,b). Biopsy samples were matched to UAS 

images using field notes and photo ID. 
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3.2.2 Image and data filtering  

I selected images for each individual and ranked for quality in measurability 

following Christiansen et al. (2018), where a score of 1 (good quality), 2 (medium 

quality), or 3 (poor quality) was applied to eight attributes: camera focus, straightness of 

body, body roll, body arch, body pitch, total length measurability and body width 

measurability. Images with a score of 3 in any attribute were removed from analysis, as 

well as any images that received a score of 2 in both roll and arch, roll and pitch, or arch 

and pitch (Christiansen et al., 2018). Measurements from up to five images were used 

per individual. For images with an altitude difference >10% between the barometer and 

laser altimeter, barometer values were changed to NA, following protocol in Chapter 2. 

3.2.3 Photogrammetry and predicting uncertainty 

I used MorphoMetriX open-source photogrammetry software (Torres and 

Bierlich, 2020) to measure (in pixels) the total length (tip of rostrum to fluke notch) and 

perpendicular widths in 5% increments of the total length measurement (Fig. 3.2). 

MorphoMetriX outputs were collated using CollatriX (Bird and Bierlich, 2020) and input 

into the Bayesian statistical model (Chapter 2). I generated a predicted posterior 

distribution for each category of measurements, i.e., TL and widths. I then used these 

distributions to calculate a predictive posterior distribution for body condition, 

measured as Body Area Index (BAI), for each individual. BAI was calculated using the 
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Head-Tail Range described in Chapter 2, where juvenile and mature humpbacks have a 

Head-Tail Range of 25-85% and calves have a range of 20-85%. The 95% highest 

posterior density intervals (HPD) were calculated for the predicted posterior 

distributions for TL and BAI (Ch. 2). 

3.2.4 Assigning individuals and reproductive class 

Individual whales were photo-identified by the size and shape of their dorsal fin 

and fluke and other natural markings, scars, and pigmentation patterns (Katona et al., 

1979) using images collected from the research boat and UAS.  

To examine how body condition changes throughout the foraging season for 

each reproductive class, each whale was assigned to one of eight reproductive classes: 

calf, immature, mature unknown sex, mature male, lactating female, pregnant, pregnant 

& lactating female, or non-pregnant mature female. Calves and lactating females were 

classified based on their relative size to each other and close and consistent association 

with each other (Christiansen et al., 2016). Non-pregnant females were defined as 

mature females that were confirmed to not be pregnant (Pallin et al., 2018). Maturity was 

assigned based on the proportion of the predicted TL posterior distribution that was 

greater than the minimum length of maturity for each sex. While data on the length at 

maturity for humpbacks along the WAP is scarce, Chittleborough (1955a) reported that 

female humpback whales on the Western Australian coast reach maturity between 10.73 

– 13.26 m (mean = 11.73 m) and Chittleborough (1955b) reported that males reach a 
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maturity between 10.15 – 12.44 m (mean = 11.20 m). For known males and females, I 

described them as ‘mature’ if >50% of their predicted posterior TL distribution was 

greater than 10.15, and 10.73 m, respectively. For unknown individuals, I used the 

female minimum length of maturity as the classification threshold (Leslie et al., 2020).  

3.2.5 Statistical analysis 

3.2.5.1 Seasonal gain in body condition  

The Antarctic foraging season spans between austral spring through fall, so the 

effect of season was used in analysis instead of year and was defined as November 

through June. The timing of humpback whale migration is related to age, sex, and 

reproductive class, where pregnant and non-pregnant females are typically the first to 

arrive to the Antarctic foraging grounds, closely followed by immature whales, then 

mature males and lactating females (Dabwin, 1967). Migration toward the breeding 

ground is somewhat in the reverse order, typically starting with lactating females, 

followed by immature whales, mature males, non-pregnant females, and then pregnant 

females. Based on satellite tagging of individuals (Weinstein et al., 2017; Modest et al., in 

prep) and documented arrival times to the breeding grounds beginning in early May 

(Avila et al. 2020), it is likely that Stock G humpback whales begin their northerly 

migration sometime between March and July.  
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Time within season was calculated as the number of days since the start of the 

foraging season, which was set as November 1, in POSIX notation, using the “lubridate” 

package in R (Grolemund and Wickman, 2011). The date and time of each flight was 

used to determine the time within season for each individual. I then evaluated how 

body condition changes over the course of the foraging season by analyzing how BAI is 

influenced by time and reproductive class. To account for uncertainty associated with 

each BAI measure in the statistical analysis, I calculated the variance of each of the 

predicted BAI posterior distributions for each individual. I then used weighted linear 

models to investigate how BAI and associated uncertainty is influenced by season, time, 

and reproductive class.  

To determine the best fitting, most parsimonious model, I compared each model 

using the anova() function in R (R Core Team, 2020). I then used the best fitting model to 

help describe how each reproductive class increases BAI over the course of the season by 

evaluating the expected BAI for three time points covering early, mid, and late season. 

Additionally, I compared how BAI differs amongst each reproductive class in late 

season, using a weighted ANOVA with Type III Sum of Squares (Fox & Weisberg, 2019).  

I also tested if TL is influenced by time for each reproductive class. I used a 

weighted linear model to account for uncertainty associated with TL measurements, 

where each individual’s TL and variance is calculated as the mean and variance of the 

predicted TL posterior distribution, respectively.  
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Figure 3.2: Overview of Bayesian framework for calculating the body 
condition. A) An example of MorphoMetriX output from a UAS image of a humpback 
whale. Total length (TL) measured from rostrum to fluke notch with perpendicular 
widths segmented in 5% increments of TL. Head-Tail Range represents the region of 
the body that excludes the fins, head, and tail that will be used to calculate body 
condition. B) Predicted posterior distributions for each 5% width included in the 
Head-Tail Range (25-85% for adults, 20-85% for calves) that is used to calculate body 
condition. C) Body condition is calculated as body area index (BAI) for each iteration 
in the MCMC output of each predicted posterior width distribution. D) Posterior 
predicted distributions for TL and BAI for a single individual. The longer thin black 
bars represent the 95% HPD interval, the thicker shorter black bars represent the 65% 
HPD interval, and the black dot represents the mean value. 
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3.3 Results 

UAS Images were collected for a total of 461 humpback whales along the WAP 

between November through June of 2017 – 2019. After filtering on image quality, 236 

individuals remained in the analysis. Each individual had measurements from up to five 

images, totaling 509 images overall. The sample size of each reproductive class varied 

per month, with no data collected during the months of April and May (Fig. 3.3, 

Appendix C: Table S2). Table 3.1 shows a summary of the total length (TL) for each 

reproductive class. Photoidentification revealed no individual was flown over more than 

once throughout the study period, representing a cross sectional sample of the 

population. I did not observe any behavioral response from the whales toward the UAS 

during flight operations.  

 

Table 3.1: Summary table of the mean predicted total length posterior 
distribution for each reproductive class. The lactating & pregnant female (n = 1) had a 

total length of 13.97. 

Class n Total length (m) 
mean sd min max range 

Calf 36 8.8 0.54 7.8 10.19 2.39 
Immature 38 9.93 0.56 8.75 10.65 1.9 
Lactating Female 35 13.06 1.09 10.61 15.21 4.6 
Mature Male 18 12.01 1 10.57 14.04 3.47 
Mature Sex Unknown 81 12.59 1.19 10.79 15.49 4.7 
Non-pregnant Female 23 12.47 0.9 10.93 14.25 3.32 
Pregnant 4 12.46 1.12 11.06 13.71 2.65 
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3.3.1 Range in BAI  

BAI, taken as the mean of the predicted BAI posterior distribution for each 

individual, overall ranged from 19.73 to 31.39 across all individuals. Within this range, 

mature unknown sex had the largest range (n = 81, min = 19.73, max = 30.35), followed 

by mature males (n = 18, min = 23.23, max = 31.39), lactating females (n = 35, min = 20.95, 

max = 29.1), non-pregnant females (n = 23, min =23.76, max = 30.51), immature whales (n 

= 38, min = 25.74, max = 28.33), calves (n = 36, min = 21.9, max = 27.84), and pregnant 

females (n = 4, min = 24.37, max = 28.13) (Table 3.2). The single lactating & pregnant 

female had a BAI of 25.75, similar to the other pregnant females (mean = 25.64, sd = 1.75) 

(Table 3.2).  

 

Table 3.2: Summary table of the mean predicted BAI posterior distribution for 
each reproductive class. The lactating & pregnant female had a BAI = 25.75. 

Class n mean sd min max range 
Calf 36 25.14 1.5 21.9 27.84 5.94 

Immature 38 25.74 1.44 22.14 28.33 6.19 
Mature unknown sex 81 26.08 2.14 19.73 30.35 10.62 

Mature male 18 27.54 2.01 23.23 31.39 8.16 
Non-pregnant females 23 26.75 2.09 23.76 30.51 6.75 

Lactating female 35 24.84 2.1 20.95 29.1 8.15 
Pregnant 4 25.64 1.75 24.37 28.13 3.76 
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Figure 3.3: Number of samples in each reproductive class by month, ntotal = 236. 
No individuals were sampled between April and May. No individuals were sampled 
twice. 
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3.3.2 Seasonal increase in body condition  

I excluded three classes from the analysis on seasonal change in BAI since they 

lacked samples in months across a season. These three were: mature males, pregnant 

females, and the single lactating & pregnant female (Fig. 3.3). TL did not significantly 

increase over the course of the foraging season for each reproductive class (F1,211 = 0.099, 

p > 0.05).  

BAI increase with time was best described by an orthogonal quadratic 

polynomial as opposed to a linear fit (p < 0.05) (Fig. 3.4). An interaction term between 

class and the quadratic polynomial for time significantly improved the model from an 

additive term (p<0.05), suggesting differences amongst reproductive classes. Adding the 

variable season (comparing BAI between years) did not significantly improve the model 

and was thus omitted from the analysis (p > 0.05). Thus, BAI increases curvilinearly over 

the course of the foraging season for each reproductive class (F14,198 = 7.97, p<0.001) (Fig. 

3.4).  

To help describe how each reproductive class increases BAI over the course of 

the season, the model was used to compare the expected BAI for the average whale in 

each class over three time points covering early, mid, and late season; I compared Day 

54 (Dec. 12) and Day 146 (Mar 26), as these were the earliest and last dates that each 

reproductive class had been sampled, respectively, with Day 100 (Feb 8) as the mid-
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point (Table 3.2, Fig. 3.4). Each reproductive class experienced greater increases in BAI 

in early to mid-season compared to mid- to late season (Table 3.2, Fig. 3.4).  

To compare body condition of each reproductive class late in the season, BAI was 

compared across reproductive classes for the month of March, Day 146 (Mar 26) 

represents the last day in the season that all reproductive classes had been sampled. 

Pregnant females and the single pregnant & lactating female were both excluded from 

the analysis since no imagery was collected of these reproductive classes in the month of 

March. BAI was significantly different amongst reproductive classes in the month of 

March (F1,5 = 10.16, p<0.001) (Fig. 3.6). Mature males and mature unknown sex were not 

significantly different from each other (p > 0.05) but were each significantly different 

than immatures, calves, and lactating females (p < 0.05) (Fig. 3.6). BAI for non-pregnant 

females was not significantly different than any of the other classes in the month of 

March (p > 0.05) (Fig. 3.6). BAI for mature unknown sex significantly increased from 

March to June (F1,33 = 6.09, p = 0.02), while there was no significant difference in BAI 

between March and June for non-pregnant females (F1,12 = 0.30, p > 0.05).  
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Figure 3.4: BAI change over the foraging season for each reproductive class. 
Each point represents the mean predicted BAI posterior distribution for an individual 
whale and the bars represents 95% highest posterior density (HPD) intervals. Note 
that mature males, pregnant females, and the single pregnant & lactating female are 
not shown due to low samples sizes across each month. 

 

 

Table 3.3: Expected BAI for the average whale in each reproductive class for 
early, mid, and late season. Day 54 was the first date each reproductive class had been 
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sampled, Day 100 was the midpoint, and Day 146 was the last date all reproductive 
classes had been sampled. 95% Confidence intervals are shown in parentheses. 

 

 

 

Reproductive Class Day 54:        
Dec. 12

Day 100:     
Feb 8

Day 146:     
Mar 26

Calf
22.91       

(17.48, 28.33)
24.85    

(23.39, 26.33)
25.66    

(22.34, 28.97)

Immature
25.34      

(23.86, 26.83)
26.15    

(25.22, 27.09)
24.39    

(22.46, 26.32)

Lactating Female
21.39       

(18.59, 24.19)
24.66     

(23.82, 25.50)
25.11    

(23.37, 26.86)

Mature unknown sex
24.54       

(23.46, 25.61)
26.11    

(25.67, 26.55)
27.42    

(26.87, 27.96)

Non-pregnant Female
26.12      

(25.08, 27.16)
27.54    

(26.76, 28.32)
27.99    

(27.19, 28.80) 
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Figure 3.5: The expected BAI for the average whale in each reproductive class 
for early, mid, and late season. Day 54 (Dec. 12) represents the first day that all 

reproductive classes had been sampled, with Day 100 (Feb. 8) represents the 
midpoint, and Day 146 (Mar 26) represents the last day in the season that all 

reproductive classes had been sampled. Point represents the mean expected BAI for 
that class, and the bars represent the 95% confidence intervals.  
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Figure 3.6:  Comparison of late season body area index (BAI) for each 
reproductive class. The month of March was used to represent late season, as Day 146 
(Mar 26) represents the last day in the season that all reproductive classes had been 
sampled. The middle line in each box represents the median, or second quartile (50th 
percentile), the lower and upper hinge of the box represent the first and third quartile 
(the 25th and 75th percentile), respectively, and the lower and upper whisker represents 
the smallest and largest value that at extend at most 1.5*IQR, where IQR is the 
interquartile range. Any data beyond these whiskers are considered outlying points 
and plotted individually. 
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3.4 Discussion 

3.4.1 Novelty 

This present study provides insight into how different reproductive classes of 

humpback whales increase their energy reserves over the course of the foraging season 

to support migration, growth, and reproduction. It also increases understanding of how 

populations that employ optimal foraging strategies on an abundance of prey are able 

acquire enough energy to help them recover quickly. This study also uses body 

condition measurements from multiple UAS platforms and follows the framework 

described in Chapters 1 and 2 to incorporate measurement uncertainty specific to each.  

3.4.2 Non-linear increases in body condition  

Body condition increased curvilinearly throughout the duration of the foraging 

season for each reproductive class, with greater increases in BAI earlier compared to 

later in the season (Fig. 3.4 & 3.5). A similar trend in body condition gain was also 

observed in North Atlantic fin whales (Williams et al., 2013) and Eastern North Pacific 

gray whales (Lemos et al., 2020), where body condition increased rapidly earlier in the 

foraging season and then began to asymptote later in the season prior to migration.  

The slowed increase in BAI experienced later in the season may be a result of 

where fat is deposited in the body. Slijper (1962) noted that in the beginning of the 

Antarctic foraging season, fat is mostly stored as blubber which rapidly increases in 

thickness and provides thermal insulation, but then after January blubber thickness only 
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increases slightly, as fat was then deposited mostly in the skeleton, muscles, and viscera. 

Results from this present study agree with this progression, as each reproductive class 

experienced greater increases in BAI between Dec 12 and Feb 8 compared to Feb 8 and 

March 26 (Table 3.2, Fig. 3.5). A recent study by Aoki et al. (2021) on North Atlantic 

humpback whales on their foraging grounds confirmed that increases in UAS-derived 

body condition measurements are directly linked to increases in buoyancy, explained by 

the proportion of total body lipid stores using the “Glide method” from animal borne 

tags. Thus, UAS photogrammetry may be capturing this late season transition of 

depositing fat into the skeleton, muscles, and viscera.  

Depositing fat first into blubber and then other parts of the body may optimize 

energy storage, without causing overheating from too thick of a blubber layer (Slijper, 

1962). Viscera fat is presumed to be solely used as energy storage, as it has a similar lipid 

and protein content as blubber (Lockyer, 1985), and increasing fat into bone should hold 

bone weight constant as fat replaces water (Lockyer, 1981). Thus, there is likely a 

maximum to blubber thickness to prevent overheating from occurring (Lockyer, 1981). 

This, for example, may explain why a study on North Atlantic minke whales instead 

found linear increases in body condition over the foraging season (Christiansen et al., 

2013), as smaller whales have relatively larger surface area to volume ratios compared to 

larger whales, and therefore have greater heat loss (Slijper 1962). This may also explain 

the asymptotic relationship in body condition over the foraging season in North Atlantic 
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fin whales, described by (Williams et al., 2013), where above an apparent threshold, 

body condition did not increase despite a surplus of prey available. Likewise, there is 

likely a maximum blubber thickness that will prevent whales from becoming excessively 

buoyant, which would increase the cost of transportation during foraging dives and 

horizontal swimming (Aoki et al., 2021). Together, the two forces of thermal regulation 

and buoyancy may in part explain the curvilinear relationship in BAI for humpback 

whales over the course of the season and may serve as a signal for when to commence 

migration.  

Hibernating mammals also experience curvilinear increases in body condition, 

where a period of hyperphagic activity results in a rapid increase in fattening until peak 

body mass is achieved, which remains relatively stable until hibernation occurs shortly 

thereafter (Florant and Healy, 2012). This has been observed in several different species 

including Arctic ground squirrels (Sheriff et al., 2013), European ground squirrels 

(Mellesi et al., 2008), golden mantel squirrels (Dark, 2005), the racoon dog (Nieminen et 

al., 2001), and little brown bats (Kronfeld-Schor et al., 2000; Townsend et al., 2008). While 

food consumption and body mass are positively correlated, food consumption during 

this hyperphagic period tends to peak and decrease before maximum body mass is 

achieved for mammals during the pre-fasting fattening period (Dark, 2005, Florant & 

Healy, 2012). Similarly, a recent study on humpback whales tagged along the WAP, 

showed decreases in foraging activity between January and June, that coincide with 
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increased diel vertical migration of krill later in the season, with humpbacks resting 

more during the day and foraging at night (Nichols, in prep). Results from Nichols (in 

prep) provides further evidence that humpback whale distribution and foraging 

behavior closely follows the movement of krill throughout the foraging season 

(Friedlaender et al., 2006; 2011; 2016; Nowacek et al., 2014; Curtice et al., 2015). In this 

present study, BAI does not show signs of peaking until between February and March 

(Fig. 3.5). Taken together, decreased foraging activity may also peak prior to the time 

when maximum body condition is reached for humpback whales along the WAP (Fig. 

3.4). Future studies should test this hypothesis by examining how foraging activity from 

tagged whales correlates with body condition on repeated samples of individuals 

throughout the foraging season.  

An interesting question arises then on how pre-fasting mammals are able to 

rapidly increase body condition while reducing foraging effort during this pre-migration 

and pre-hibernation fattening period. It has been suggested that migration and 

hibernation in mammals is preceded by a period of resistance to leptin, a hormone 

secreted by white adipose tissue that regulates feeding behavior in mammals. An 

increase in body mass is normally associated with increases in leptin, which acts on 

receptors in the hypothalamus to reduce appetite and increase metabolic rate, restoring 

normal energy balance (Sahu, 2004). However, during the pre-hibernating and pre-

migrating period of rapid fattening in mammals, leptin does not seem to inhibit feeding 
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nor stimulate metabolism (Florant and Healy, 2017). For example, leptin concentrations 

stayed relatively low during a period of rapid body mass gain until a significant spike 

occurred when max body mass was achieved just before winter fasting began in pre-

hibernating racoon dogs (Niemenen et al., 2001) and pre-migrating little brown bats 

(Townsend et al. 2008), suggesting temporal leptin resistance. Similarly, Ball et al. (2017) 

also found evidence of temporal leptin resistance in the blubber of late fall bowhead 

whales, suggesting a similar reduced sensitivity in leptin may occur in migrating baleen 

whales as they replenish energy reserves on the foraging grounds. These studies suggest 

that pre-hibernating and pre-migrating mammals are able to gain a surplus in their 

energy reserves via temporal leptin resistance that decreases hypothalamic sensitivity to 

the anorexigenic effects of leptin during fattening. Analyzing leptin from biopsy samples 

paired with UAS-based body condition measurements on repeated individuals over the 

season could help confirm if leptin resistance occurs during the early season rapid 

increase in BAI. 

3.4.3 Body condition increase in relation to reproductive class 

BAI increase for humpback whales along the WAP was closely associated with 

reproductive status. Lactating females had the poorest body condition, reflecting the 

high energetic demands of lactation (Lockyer, 1981; Miller et al., 2011; Christiansen et al., 

2018). On the breeding grounds, Christiansen et al. (2016) reported that lactating female 

humpback whales had the greatest rate of decline in body condition, which likely 
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explains why lactating females have such low BAI early in the season on the WAP (Fig. 

3.5). While lactating females displayed rapid increases in BAI between early and mid-

season (Fig. 3.4 & 3.5), they had significantly lower BAI compared to mature unknown 

sex and mature males in the month of March (late in the season) (Fig. 3.6). This was 

similar to findings by Aoki et al. (2021) who documented that the body condition of 

lactating female humpback whales increased during the foraging season but remained 

lower than mature males and females. This same trend was also observed in lactating 

North Pacific gray whales (Lemos et al., 2020).  

BAI in the month of March was similar between mature males, non-pregnant 

females, and mature sex unknown (Fig. 3.6). This is consistent with studies on fin and 

humpback whales, where mature males and non-pregnant females had similar energy 

reserves at the end of the foraging season (Williams et al., 2013; Irvine et al., 2017). In 

this study, mature males and mature unknown sex whales also had significantly greater 

BAI values in March compared to calves and immature whales, who likely invest the 

stored energy they accumulate on the foraging grounds toward skeletal growth during 

the breeding season rather than reproduction (Lockyer, 1981; Christiansen et al., 2013; 

2016; Irvine et al., 2017). These higher BAI values associated with mature whales in 

March reflect higher energy storage used for financing the costs of reproduction, as 

demonstrated by Christiansen et al. (2016) who reported linear declines in body 
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condition in mature humpback whales over the course of the breeding season, while 

calves and immature whales showed no change. 

Interestingly, immature whales showed early season increases in BAI that 

seemed to peak and then decline later in the season (Fig. 3.4 & 3.5). This could be a result 

of sampling skinnier immature whales later in the season, but could also be related to 

the timing of an early migration, as no immature whales were sampled in June (Fig. 3.3). 

Avila et al. (2020) documented that Stock G Humpback whales are now arriving to their 

Columbian breeding grounds one month earlier than they were 31 years ago and 

speculated that most of the early arrivals are immature whales. Pallin et al. (2018) 

documented high pregnancy rates (63.5%) for Stock G between 2010-2014, which would 

increase the number of immature whales in the population in subsequent years, 

increasing the number of whales arriving earlier to the breeding grounds in Columbia. 

While the arrival times to breeding grounds are now earlier, the departure from the 

breeding grounds have remained constant (Avila et al., 2020), and immature whales 

typically arrive earlier to the WAP foraging grounds than mature whales (Dawbin, 

1966). Since immature whales typically use energy storage toward skeletal growth rather 

than reproduction during the breeding season (Lockyer, 1981), an immature whale may 

commence migration once a BAI threshold is reached, leaving behind skinner immature 

whales that are still “catching up.” Additionally, immature whales may supplement the 

winter fast with feeding events at sites not associated with the breeding grounds, as 
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described in other humpback whale populations (Swingle et al., 1993). Interestingly, 

Richards et al. (2021) also documented that humpback whales have been arriving to the 

breeding grounds in Australia earlier than historically. Future studies should examine if 

this is a global trend across humpback whale populations and if it is indeed led by the 

onset of increased immature whales to the population.   

The calves sampled during this study are presumed to have been born on the 

breeding grounds in the months just prior to arriving to the WAP. As such, these 

samples represent the calves’ first foraging season along the WAP. Calves showed 

increases in BAI over the course of the season, but not in their total length (TL). The 

opposite was observed over the course of the breeding season by Christiansen et al. 

(2016), where newborn humpback whale calves increased their TL, but not their body 

condition, likely as a strategy to invest energy towards growth to reduce heat loss via 

reducing their surface area to volume ratio. Calves have also been observed to undergo 

a reduction in blubber thickness after weaning, presumably reflecting the energetic 

challenges of transitioning to becoming nutritionally independent (Miller et al., 2012). 

Taken together, these findings suggest that calves invest energy first towards growth 

(length), then towards fat reserves. The maximum TL reported for calves on the 

breeding grounds by Christiansen et al. (2016) was 7.76 m, while the minimum TL for 

calves observed in this current study was 7.80 m [95% HPD: 7.51, 8.14], suggesting that 
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this transition in investing energy may take place once a calf reaches a TL between 7.5 – 

8 m. 

 

3.4.4 BAI in March vs. June  

Large aggregations of humpbacks have been documented along WAP in the late 

autumn (Nowacek et al., 2011; Johnston et al., 2012). While sample size was low (n = 10), 

all whales sampled in June were mature (Fig. 3.3). BAI continued to increase through 

June for mature unknown sex whales, as BAI was significantly higher in June than 

March (Fig. 3.4). This reproductive class likely contains a mixture of mature males, 

pregnant females, and non-pregnant females, which is reflected by their large range in 

BAI compared to the other reproductive classes (min = 19.73, max = 30.35) (Table 3.2). 

Pregnant females are consistently the last reproductive class to begin their northerly 

migration to the breeding grounds (Dawbin, 1966). Thus, it is likely that some of these 

unknown sex mature whales sampled in June are pregnant females preparing for 

lactation, which would explain the continued increased in BAI (Fig. 3.4).  

Reproductive effort is based on the assumption of reproductive costs, and 

organisms are expected to maximize their reproductive value at each age by an 

appropriate allocation of resources towards growth, maintenance, and reproduction 

(Partridge & Harvey, 1988). Thus, mature males and non-pregnant females staying late 

in June may postpone reproduction to allocate resources toward body condition 
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replenishment to increase their chances of reproductive success in the future. This may 

reflect why there was no significant difference in BAI between March and June for non-

pregnant females. While annual pregnancy rates are presently high for this population 

(Pallin et al., 2018), some of these non-pregnant females may be recovering from the 

higher energetic demands of lactation the previous season, as females are known to skip 

a year of breeding to recover from the higher energetic demands of lactation (Dawbin, 

1966). This may also explain why BAI was not significantly different between non-

pregnant females and lactating females in the month of March (Fig. 3.6). 

3.4.6 Caveats and Considerations 

While this study was able to describe the broader trend in body condition 

increase for each reproductive class, there were no repeated measurements of 

individuals throughout the season. Future studies should aim to obtain repeated 

measurements of individuals to help better understand the rate of change in BAI over 

the course of the season, as well as variation across seasons and life history events. 

While this study found no inter-seasonal differences in BAI, inter-seasonal differences 

have been shown to influence the body condition of baleen whales in other studies (i.e., 

Lemos et al., 2020), and would thus likely have an effect on a longer time scale. This will 

be especially important in monitoring how variations in body condition across seasons 

is related to changes in sea ice, krill abundance, krill fishery catches, and tourism. 

Linking repeated measurements of individuals over time with vital rates will further 
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elucidate a baseline for the energetic demands of each reproductive class and help 

monitor species responses to these environmental and anthropogenic disturbances 

(Pirotta et al., 2018).  

 

While each reproductive class generally follows a consistent trend in migration 

timing (Dawbin, 1966), it is unknown when each individual in this study arrived to the 

WAP, which may also explain some of the variation in BAI within in each class. This 

study also assumes similar foraging rates across individuals, which may vary per 

reproductive class and further explain differences in BAI increase between early and late 

season (Fig. 3.4 & 3.5). Paired measurements of foraging rates and body condition 

change will further elucidate this trend. It is also possible that there is sampling bias 

towards more approachable whales. Though, no behavioral response was observed by 

individuals toward the UAS and sample size for each reproductive class was relatively 

consistent across each UAS platform (Appendix C: Table S2).  

Chapter 2 found that BAI yields low measurement uncertainty and best captures 

body condition differences amongst individuals. It is important to note, that BAI does 

not capture body condition change in the vertical plane, which may also contribute to 

energy storage (Lockyer, 1987). Collecting opportunistic imagery of animals rolling on 

their side throughout the season can help determine if changes in the horizontal and 

vertical plane are consistent across reproductive classes by incorporating into a 



 

116 

volumetric model (i.e., Christiansen et al., 2020). Though, as Chapter 2 pointed out, 

volumetric body condition estimates have greater uncertainty compared to area 

estimates such as BAI. 

 

3.4.7 Future monitoring  

With forecasts predicting continued regional warming along the WAP that may 

negatively impact prey availability (Richerson et al., 2018; Atkinson et al., 2019), it is 

important to continue to monitor the body condition of stock G in the future. Additional 

concern exists for the impact of increased tourism (Cavanagh et al., 2021) and the 

recently concentrated efforts of the krill fishery along the WAP in key foraging areas for 

stock G (Weinstein et al., 2017), as recent evidence shows negative impacts on krill-

eating penguin populations that is associated with fishing catches (Watters et al., 2020; 

Krüger et al., 2021). The work presented in this study provides a foundational baseline 

for how this healthy population increases their energy reserves over the season that can 

be used to more effectively assess any negative impacts from increasing environmental 

and anthropogenic stressors in the future. 
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Chapter 4 Best practices for incorporating uncertainty in 
drone-based morphometric measurements to increase 

interoperability 
 

4.0 Introduction 

The recent advancement and commercialization of unoccupied aerial systems 

(UAS, or drones) has revolutionized the ability to obtain morphological data on large 

elusive marine animals, such as cetaceans. Durban et al. (2015) first demonstrated the 

utility of UAS for non-invasively obtaining morphological measurements of killer 

whales in remote environments. Since then, UAS-based morphological measurements 

have been applied to a wide range of studies on cetaceans that have included measuring 

the body length related to nutritional stress (Groskreutz et al., 2019), skull morphology 

to distinguish a sub-species (Leslie et al., 2020), and body condition as a measure of 

stored energy reserves to monitor changes across seasons (Christiansen et al., 2016; 

Lemos et al., 2020) and populations (Christiansen et al., 2020), as well as maternal energy 

transfer during suckling (Christiansen et al., 2018). UAS-based morphological 

measurements have also recently been combined with whale-borne inertial sensing tag 

data to study functional morphology of several different baleen whale species to analyze 

the biomechanics of filtration times (Kahane-Rapport et al., 2019), locomotion 

efficiencies (Gough et al., 2019), and even breaching performance (Segre et al., 2019).  
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However, several different UAS platforms and protocols have been used in these 

efforts, and no centralized framework has been established for quantifying and 

incorporating measurement uncertainty. This creates confusion over the pros and cons 

for using one UAS platform or method over another and difficulty in comparing results 

across studies, ultimately hindering collaboration and interoperability. Since UAS 

platforms vary in the types of cameras, focal length lenses, and altimeters, each will also 

vary in photogrammetric uncertainty (Chapters 1 and 2). It is crucial for studies to 

incorporate uncertainty associated with measurements specific to each UAS platform, as 

a measurement is not complete unless accompanied by a quantitative statement of its 

uncertainty (Taylor & Kuyatt, 1994). Quantifying and reporting uncertainty associated 

with each measurement not only allows one to check the reliability of their 

measurements, i.e., if they are able to measure a true change in body condition, but also 

yields more robust scientific conclusions that are more comparable across studies using 

different UAS platforms. 

This Chapter serves as a best-practices guide to help researchers select UAS 

platforms and adopt protocols that will minimize uncertainty and yield more robust 

scientific conclusions. This guide also provides steps for incorporating uncertainty in the 

post-processing and analysis of measurement data, as well as in collaborations. This 

guide focuses on measuring the morphology of cetaceans from UAS as an example, but 

can equally be applied across other taxa.  
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4.1 Identify research objectives 

Projects should first identify if using UAS imagery is the best method to obtain 

morphological measurements for their research objectives, or if other alternative 

methods should be used. For example, Kahane-Rapport & Goldbogen (2019) used 

morphological measurements collated from stranding events and industrial whaling 

records to compare allometric scaling relationships between several species of rorqual 

whales. Others, such as Hart et al., (2013), have used stranding events and capture-

release research to publish reference ranges for the predicted body mass and maximum 

girth of bottlenose dolphins based on body length.  

Nevertheless, if obtaining morphological measurements from UAS imagery is 

determined to be the most suitable method to address research objectives, then it is 

crucial that best practices are adopted to minimize measurement uncertainty. Accuracy 

is the closeness of agreement between a measured value and its true value, while 

precision is the closeness of agreement between independent measurements without 

reference to a true or theoretical value (Taylor & Kuyatt, 1994). Uncertainty characterizes 

the range of values where the true value is asserted to lie with some level of confidence 

(Taylor & Kuyatt, 1994). Thus, protocols that quantify and incorporate uncertainty 

associated with each measurement will yield more robust scientific conclusions as they 

provide a measure of accuracy and precision. This is especially important in cases such 

as, for example, assigning length-based age or reproductive classes and detecting 
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absolute or relative changes in body condition. The following sections discuss selecting a 

UAS platform and sensor combination that yields the resolution and low uncertainty 

range required to effectively address the research question, adopting field protocols for 

minimizing errors, quantifying uncertainty associated with measurements, and 

incorporating uncertainty within analyses.  

4.2 Selecting a UAS Platform 

This guide focuses on best practices associated with multi-rotor UAS, rather than 

fixed wing and transitional UAS, but these platforms likely follow similar ruleset if set 

up appropriately. 

4.2.1 Budget 

Deciding on which UAS platform is best for research objectives will likely be 

influenced by the project budget and if any additional funding will be required to 

support research costs. UAS platforms vary in price and the ability to customize the 

camera, swap sensors, vary focal length of lenses, and integrate precision altimeters. For 

example, the DJI Phantom 4 Pro (P4Pro) quadcopter is relatively inexpensive – presently 

$1,599 on the DJI website (https://store.dji.com) – and is the standard “off-the-shelf” 

UAS, easy to operate but limited in terms of sensor flexibility with customization. 

Whereas the baseline price for the DJI Inspire 2 quadcopter is $3,299 and offers options 

to select from various cameras and focal length lenses. Other platforms offer greater 

flexibility in customization and can vary in price between $2000 to over $20,000, such as 



 

121 

the Bullfrog quadcopter (Hughes et al., 2019) and the LemHex-44 (i.e., Chapter 3), APH-

22 (i.e., Durban et al., 2015), and FreeFly Alta (i.e., Chapter 3) hexacopters. In some cases, 

hexacopters are preferred over quadcopters, as they add redundancy with an extra set of 

motors (in case of failure) and can often carry larger and heavier payloads, allowing for 

the addition of multiple sensors and cameras, i.e., still camera and simultaneous high 

definition video. Nevertheless, the following sub-sections are designed to help 

researchers choose a UAS platform and sensor combination that yields the least 

expected photogrammetric uncertainty to best accomplish their research objectives 

within their project budget.  

4.2.2 GSD: selecting a camera and focal length lens 

In order obtain measurements from an image, measurements made in pixels are 

multiplied by the ground sampling distance (GSD) to convert to standard units (e.g., 

meters) (Fig. 4.1A). GSD represents the distance on the ground that each pixel 

represents, and thus sets the scale of the image. Figure 4.1A describes how GSD is 

dependent on the camera sensor, focal length, and the altitude used to collect the image. 

Thus, UAS platforms equipped with different cameras and focal length lenses will have 

inherent differences in GSD as altitude increases (Fig. 4.1B). A larger GSD changes the 

area of a photo represented by each pixel, possibly obscuring important details and 

introducing measurement error (Fig. 4.1C).  
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Table 4.1 provides example of various cameras that are commonly used in 

studies measuring cetaceans. While the cameras used in Chapter 1 had low distortion, 

some cameras have been demonstrated to have high distortion, e.g., GoPro (see Burnett 

et al., 2018), and should be avoided if possible. Recording video provides several 

advantages over collecting photographs, such as more flexibility in selecting a still frame 

that best captures the desired animal position for the measurement (e.g., straight at the 

surface, see Section 4.3.3), as well as simultaneously recording behavioral observations 

(Torres et al., 2018). However, it is important to note that using video over still 

photographs increases the GSD, resulting from lower quality frame grabs used in the 

photogrammetric workflow (Fig. 4.1B,C).  

A longer focal length lens provides higher resolution images (lower GSD) at 

higher altitudes (Fig. 4.1B, C), though it provides a narrower field of view and image 

collection at higher altitudes may increase measurement error depending on the 

altimeter used (see Section 4.2.3 & 4.2.4). This may become increasingly important 

depending on the size of the animal, as longer species may require flying at higher 

altitudes to capture the animal in full frame. For instance, a P4Pro with an 8.8 mm focal 

length lens will be able to collect images of a 23 m blue whale at 30 m altitude, while the 

same blue whale would be too large for the field of view of a LemHex with a 35 mm 

focal length lens (i.e., Section 4.2.4.1). Likewise, if images of groups of animals are 
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expected, a smaller focal length (wider field of view) may also be preferred to ensure 

capture of the entire group, depending on the size of the individuals in the group.  
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Figure 4.1: Overview of photogrammetry methods and calculating ground 
sampling distance (GSD).  

A) Photogrammetry methods for how each image is scaled to obtain convert 
measurements in pixels to standard units (e.g., meters). Altitude is the distance 

between the camera lens and whale (usually as the surface of the water). Figure from 
Torres & Bierlich (2020). B) The exact (not accounting for distortion or altitude error) 

ground sampling distance (GSD) for UAS platforms commonly used to obtain 
morphological measurements of cetaceans. Camera specifications for each UAS 

platform described in Table 4.1. Figure from Chapter 1. C) Image of a calibration 
object (described in Section 4.3.1) to demonstrate the differences in resolution due to 
the GSD amongst the Alta 6, P4Pro w/ video at altitudes ~20 and ~120 m. “fc” = focal 

length lens. Figure from Chapter 1. 

 

Table 4.1: UAS platforms commonly used in studies measuring the 
morphology of cetaceans. *represents adding a laser altimeter voids warranty on UAS 

Aircraft Altimeter Camera 
Focal 

Length 
(mm) 

Camera 
Sensor 
(mm) 

Image 
Dimensions 

(px) 

Pixel 
Dimensions 

(mm/px) 
f-number 

Alta 6 Barometer & 
Laser Sony a5100 50 23.5 x 

15.6 
6000 x 
4000 

0.00392 x 
0.00390 f1.8 

C 
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Alta 6 Barometer & 
Laser Sony a5100 35 23.5 x 

15.6 
6000 x 
4000 

0.00392 x 
0.00390 f1.8 

Lemhex-
44 

Barometer & 
Laser Sony a5100 35 23.5 x 

15.6 
6000 x 
4000 

0.00392 x 
0.00390 f1.8 

APH-22 Barometer & 
Laser 

Olympus 
EPM2 25 17.3 x 

13 
4608 x 
3456 

0.00375 x 
0.00376 f1.8 

Inspire Barometer & 
Laser* 

DJI 
Zenmuse 
X5 micro 

4/3s 

25 17.3 x 
13 

4608 x 
3456 

0.00375 x 
0.00376 f1.8 

Inspire Barometer & 
Laser* 

DJI 
Zenmuse 
X5 micro 

4/3s 

25 17.3 x 
13 

3840 x 
2953 

0.00451 x 
0.00440 f1.8 

Phantom 4 
Pro 

Barometer & 
Laser* 

Phantom 4 
Pro 8.8 13.20 x 

8.80 
5472 x 
3078 

0.00241 x 
0.00286 f/2.8 -f/11 

Phantom 4 
Pro 

Barometer & 
Laser* 

Phantom 4 
Pro 8.8 13.20 x 

8.80 
4096 x 
2160 

0.00322 x 
0.00407 

f/2.8 
- f/11 

Phantom 3 
Std Barometer Phantom 3 

Std 3.61 6.16 x 
4.62 

4000 x 
3000 

0.00154 x 
0.00154 f/2.8 

 

 

4.2.3 Altimeter 

Once the camera and focal length lens are selected, the GSD is dependent on the 

altitude (Fig. 4.1A). It thus becomes crucial to obtain accurate altitude readings to 

accurately set the scale of the image for measurements. Chapter 1 revealed that the 

greatest contribution to photogrammetric error is from the recorded altitude by the 

altimeter, particularly if altitude is recorded using a barometer instead of a laser 

altimeter. All UAS platforms come with a barometer, which is a pressure sensor for 

recording altitude, and each have some level of inaccuracy in recording the true altitude. 

In general, lower accuracy is usually associated with low-cost sensors commonly found 
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on small UAS (Wei et al., 2010). Some studies have improved the accuracy by measuring 

a known sized object in the same frame as the whale, e.g., the research vessel 

(Christiansen et al., 2016), or during each flight to correct for barometric altitude 

inaccuracies using linear equations (Burnett et al. 2018, Lemos et al. 2020). Other studies 

have included the addition of a laser altimeter for improving the accuracy of recording 

the altitude, i.e., LightWare SF11/C LIDAR (Dawson et al., 2017). Chapter 1 found that 

measurements using a laser altimeter have greater accuracy compared to a barometer 

which over-predicts measurements and yields much greater uncertainty. While off-the-

shelf UAS (e.g., DJI products) do not come with a laser altimeter, Chapter 1 included 

instructions for a custom designed housing to support and power the laser altimeter on 

the P4Pro (instructions at https://github.com/kiwijuliandale/DJI_PH4_LaserAltimeter). 

Others have also included the addition of a laser altimeter on the DJI Inspire 

(Christiansen et al., 2018; 2020). Though, it is important to note that the addition of a 

laser altimeter to these off-the-shelf products often voids the warranty.  

In general, barometers tend to decrease uncertainty as altitude increases (Chapter 

1; Burnett et al., 2018), while laser altimeters are prone to recording nulled readings (e.g. 

NA) at higher altitudes, especially over water. Chapter 1 compared several different 

UAS platforms with laser altimeters and found that each recorded a minimum altitude 

of 62 m. Thus, it is generally recommended flying below 62 m when using a laser 

altimeter depending on the selected camera sensor and focal length lens (see Section 



 

127 

4.2.2). The next section describes how to determine the expected uncertainty at 

increasing altitudes per UAS platform. 

4.2.4 Expected uncertainty  

Since UAS platforms can vary in the types of cameras, focal length lenses, and 

altimeters they carry, each will also vary in photogrammetric uncertainty. It is crucial for 

studies to incorporate uncertainty associated with measurements specific to each UAS 

platform, as a measurement is not complete unless accompanied by a quantitative 

statement of its uncertainty (Taylor & Kuyatt, 1994). Quantifying and reporting the 

uncertainty associated with each measurement allows one to check the reliability of their 

measurements, i.e., if they are able to measure a true change in body condition. This 

ultimately yields more robust scientific conclusions that are more comparable across 

studies using different UAS platforms. Thus, accounting for the expected uncertainty is 

the most important factor to consider when selecting a UAS platform to ensure results 

will be reliable and comparable.  

Chapters 1 and 2 developed a Bayesian statistical model that uses training data 

of known-sized objects to predict length measurements and associated uncertainty of an 

unknown-sized object (e.g., a whale) based on the UAS platform and altitude (see 

section 4.3.1 for a brief overview). Examples 1 and 2 below follow the framework 

discussed in Chapters 1 and 2 to simulate expected measurement uncertainty at different 

altitudes for two UAS platforms, an off-the-shelf DJI P4Pro quadcopter and the 
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customizable LemHex-44. Both simulated UAS platforms are equipped with a barometer 

and laser altimeter and used to image a 2.3 m bottlenose dolphin and a one order of 

magnitude longer 23 m blue whale at increasing altitudes. Example 1 compares the 

predicted total length and uncertainty for each animal when using a barometer versus a 

laser altimeter, while Example 2 simulates measuring a decrease in width 

measurements, as a proxy for body condition, between two timepoints.  

4.2.4.1 Example 1: Expected uncertainty associated with UAS platforms measuring 
total length. 

This simulation provides an example of how imagery from different UAS 

platforms will generate different levels of measurement uncertainty across altitudes and 

study species’ length. Specifically, this example will help guide researchers in selecting a 

UAS platform/sensor combination by illustrating expected measurement uncertainty for 

two UAS platforms measuring the total length of a 2.3 m bottlenose dolphin and a 23 m 

blue whale (one order of magnitude longer) at increasing altitudes. This use case is 

focused on establishing age or reproductive class of an animal based on length 

measurements (e.g. Cosens & Blouw, 2001; Lemos et al., 2020). The simulation compares 

an off-the-shelf DJI P4Pro quadcopter and the custom LemHex-44 with a Sony a5100 

camera and 35 mm focal length lens (hereafter referred to “LemHex”) (see Table 4.1 for 

specifications and Fig. 4.1B for inherent GSD with increasing altitude). Both simulated 

UAS platforms are equipped with a barometer and laser altimeter to demonstrate the 

expected measurement uncertainties specific to each.  



 

129 

 

The length in pixels of the bottlenose dolphin and blue whale were calculated at 

altitudes in 10 m increments between 20 – 80 m by re-arranging the equation in Fig. 4.1: 

length (in pixels) = Length (m) ÷ GSD. The length in pixels at each altitude was then used 

as input into the Bayesian statistical model described in Chapter 2, where the training 

data for P4Pro and LemHex from Chapter 1 are used as prior distributions to predict the 

length of the bottlenose dolphin and blue whale at each simulated altitude (see Sections 

4.3.1 and 4.4.3). The model outputs a predicted length posterior distribution for the 

bottlenose dolphin and blue whale at each altitude using a barometer or laser altimeter 

for the P4Pro and LemHex (Fig. 4.2A). The precision for each predictive distribution was 

also calculated as the coefficient of variation (CV%), where CV% = (standard deviation ÷ 

mean) *100 (Fig. 4.2B). Note that altitudes for the LemHex < 40 m are excluded for the 

blue whale, as a 23 m blue whale is longer than the field of view for this camera and 

focal length lens combination below 40m (see Section 4.2.2). Also, it is important to note 

that these simulations assume a “best case scenario”, where no error is associated with 

measuring the length in pixels or from altimeter readings. 

The output of the simulation demonstrates that using a laser altimeter 

dramatically reduces measurement uncertainty for length measurements for both 

species, regardless of platform (Fig. 4.2). Measurements with the barometer tend to over-

predict the true length of each animal at lower altitudes, while the measurements using 
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the laser altimeter accurately predict the true length consistently across altitudes. 

Uncertainty associated with measurements using the barometer decrease as altitude 

increases for both UAS platforms, though the P4Pro displays larger uncertainty at lower 

altitudes compared to the LemHex, where all altitudes > 40 m for the LemHex had a 

CV% less than 5% compared to all altitudes > 60 m for the P4Pro (Fig. 4.2). Uncertainty 

associated with measurements using the laser were fairly consistent for both UAS 

platforms > 20 m, with a slight increase for P4Pro at altitude 70-80 m. Yet both UAS 

platforms had a CV% < 5% for all altitudes when using a laser (Fig. 4.2).  

Based on these simulated results, it is strongly recommended that a laser 

altimeter is used for recording altitude during image acquisition for photogrammetric 

purposes. When a laser altimeter is used, both UAS platforms have similar levels of 

uncertainty, especially at altitudes >40 m. This is an important point to consider when 

budgets may limit purchasing more expensive UAS platforms, or when flexibility in 

camera sensors and focal length lenses is not needed. Flying below 62 m generally yields 

consistent laser altimeter readings (i.e., non-nulled values), thus researchers using either 

a P4Pro or LemHex using a laser altimeter should consider flying at altitudes between 30 

– 62 m to yield the lowest expected uncertainty. Alternatively, if only a barometer is 

available to use, then flying at altitudes >40 m for the LemHex and > 50 m for the P4Pro 

will help reduce uncertainty, but at the cost of an increase in the GSD, which will lower 

the resolution of the image (Fig. 4.1). 
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Figure 4.2: Expected uncertainty .Simulation results using a P4Pro and 
LemHex-44 with a Sony a5100 camera and 35mm focal length lens (“LemHex”) using a 
barometer vs. laser altimeter. A) The expected total length posterior distributions for a 
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2.3 m bottlenose dolphin and a 23 m blue whale measured at increasing altitudes with 
a barometer and a laser altimeter from a DJI Phantom 4 Pro (P4Pro) and LemHex-44 w/ 
a Sony a5100 camera and 35 mm focal length lens. Dashed vertical line represents the 

true length of the animal. B) The precision, measured as coefficient of variation 
(CV%), for each posterior distribution in Fig. 4.2A. Smaller CV% equates to a more 

precise measurement (narrower distribution). Horizontal dashed line represents CV% 
of 5%.   

 

4.2.4.2 Example 2: Expected uncertainty associated with detecting changes in body 
condition  

This simulation provides an example of the expected measurement uncertainty 

at various altitudes associated with two UAS platforms in the context of detecting 

changes in body condition of individual cetaceans over two timepoints. Specifically, this 

can guide researchers on choosing a UAS platform with the appropriate expected 

measurement uncertainty to confidently identify body condition change of individuals 

over time. The simulation compares an off-the-shelf DJI P4Pro quadcopter and the 

customizable LemHex-44 with a Sony a5100 camera and 35 mm focal length lens 

(hereafter referred to as “LemHex”) (see Table 1 for specifications and Fig. 4.1B for 

inherent GSD with increasing altitude). Both simulated UAS platforms are equipped 

with a barometer and laser altimeter to demonstrate the expected measurement 

uncertainties specific to each.  

The simulation uses the same 2.3 m bottlenose dolphin and 23 m blue whale 

from Example 1 and considers body width measurements taken across two time points, 

where there is a change in the width measured between timepoint 1 to timepoint 2. Live 
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capture and stranding event data reported by Hart et al. (2013) were used to determine 

the two width measurements for the bottlenose dolphin, where timepoint 1 and 

timepoint 2 represent the lower and upper 95th quantile values, respectively, for the 

predicted maximum girth of a 2.3 m female bottlenose dolphin. Girth measurements 

were converted to width measurements by assuming the girth is equal to the 

circumference of a circle and then calculating the diameter. As such, timepoint 1 for the 

bottlenose dolphin had a width measurement of 0.46 m, while timepoint 2 had a width 

measurement of 0.38 m. The blue whale widths were determined from using the 

minimum and maximum single width measurement (SW) for a blue whale with a body 

length between 22.5 and 23.5 m. As described in Chapter 2, SW represents the 

perpendicular width with the largest standard deviation for that population, which is 

55% for blue whales. As such, the width at timepoint 1 for the blue whale was 2.5 m, 

while timepoint 2 was 2.0 m.  

As described in Example 1, each width was converted to measurements in pixels 

at altitudes in 10 m increments between 20 – 80 m. The widths in pixels at each altitude 

were then used as input into the Bayesian statistical model described in Chapter 2, 

where the training data for P4Pro and LemHex from Chapter 1 are used as prior 

distributions to predict each width of the bottlenose dolphin and blue whale at each 

simulated altitude (see Sections 4.3.1 and 4.4.3). The model outputs a predicted posterior 

distribution for the widths at timepoint 1 and timepoint 2 for each species and UAS 
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platform. The precision for each predictive distribution was also calculated as the 

coefficient of variation (CV%), where CV = (standard deviation ÷ mean) *100. Note that 

altitudes for the LemHex < 40 m are excluded for the blue whale, as a 23 m blue whale is 

longer than the field of view for this camera and focal length lens combination (as 

described in Section 4.2.2). Also, important to note that these simulations assume a “best 

case scenario”, where no error is associated with measuring the length in pixels or from 

altimeter readings. 

Figure 4.3A shows the predicted posterior distributions for the width at 

timepoint 1 and timepoint 2 for both UAS platforms using the laser altimeter (see 

Appendix D: Fig. S1 for the barometer output). For the bottlenose dolphin, the expected 

uncertainty increases as altitude increases, with greater overlap between the predicted 

width posterior distributions. For the blue whale, uncertainty stays relatively constant as 

altitude increases, with a clear distinction between each predicted width posterior 

distribution. Figure 4.3B compares the precision (CV%) for the posterior width 

distributions at each timepoint using the barometer and laser altimeter for the bottlenose 

dolphin and blue whale. Width measurements using the barometer are clearly less 

precise than using the laser altimeter, particularly for the bottlenose dolphin. As altitude 

increases, measurements become more precise for the bottlenose dolphin, while the 

precision remains relatively constant across altitudes for the blue whale. 
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The results from this simulation suggest that changes in widths can be detected 

when using a P4Pro and LemHex with a laser altimeter. However, it is imperative to use 

a laser altimeter and to fly at lower altitudes when measuring small widths, such as for a 

bottlenose dolphin. This has less of an effect when measuring larger species, such as 

blue whales, though the P4Pro displayed larger uncertainty than the LemHex when only 

using the barometer for the measurements (Fig. 4.3, Appendix D: Fig. S1). As in Example 

1, these results suggest that using a laser altimeter on a P4Pro yields similar uncertainty 

levels as a more customizable UAS platform.  
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Figure 4.3: Simulation results for the expected uncertainty associated with 
measuring width changes across two timepoints. A reduction in widths was measured 
for the same bottlenose dolphin and blue whale in Fig. 4.2 (Box 1) using a DJI 
Phantom 4 Pro (P4Pro) and LemHex-44 w/ a Sony a5100 camera and 35 mm focal 
length lens (“LemHex”). The bottlenose dolphin has a width of 0.46 m at timepoint 1, 
and 0.38 m at timepoint 2.  The blue whale has a width of 2.5 m at timepoint 1, and 2.0 
m at timepoint 2. A) The expected posterior distributions for each width at timepoint 
1 and timepoint 2 using the laser altimeter (see Appendix D: Figure 1S for expected 
posterior distributions using the barometer). B) The precision, measured as coefficient 
of variation (CV%), of the expected posterior distributions at each width timepoint for 
measurements using the barometer and laser altimeter. Smaller CV% equates to a 
more precise measurement (narrower distribution). Horizontal dashed line represents 
the CV% at 5%. 

 

4.2.4.3 Take-aways from simulated example  

These simulations shed light on how to obtain low measurement uncertainty 

based on a given UAS platform and targeted species. The results demonstrate how 

expected uncertainty is dramatically reduced when measurements are made using a 

laser altimeter compared to a barometer for the P4Pro and LemHex and on objects of 

vastly different sizes, i.e., bottlenose dolphin and blue whale. When a laser altimeter is 

unable to be included on the UAS platform, simulations such as these provide guidance 

on which altitudes will yield the least uncertainty. These simulations also highlight how 

small changes in width, i.e., of a bottlenose dolphin, can be detected when considering 

the altimeter and altitude. Researchers interested in comparing other UAS platforms or 

species for their projects can re-create these simulations to help determine the expected 

uncertainty specific to each. 
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4.2.5 Anticipated environment 

It is important to consider the anticipated environment where field work will 

take place when considering a UAS platform. The immediacy of UAS provides great 

opportunity to collect data on species in remote environments, such as the Western 

Antarctic Peninsula (Chapter 3). Accordingly, it should be considered whether a UAS 

platform is appropriate for the field site. This includes factors such as temperature, 

humidity, precipitation, and wind, as well as the ease of transporting the UAS to the 

field site, assembling and operating from small research boats vs. from ashore, and if 

batteries will be able to be recharged (see Raoult et al., 2020). The remoteness of the 

work should also be considered in the context of requiring potential maintenance, spare 

parts, or even an additional UAS platform as back-up.  

4.2.6 Select UAS 

After considering the GSD, altimeter, target species and group size, expected 

uncertainty, and the anticipated environment, a UAS platform should be selected that 

will best address the research objectives based on the available budget. As Section 4.2.5 

discussed, this may also require purchasing additional spare parts, batteries, or an entire 

UAS platform as back-up. Box 1 and Box 2 provide simulations that researchers can 

modify to view expected uncertainty for a given UAS platforms or species of interest. 

4.3 Data Collection  
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4.3.1 Quantify error (training data) 

Chapter 1 discussed sources contributing to photogrammetric error in the 

context of collecting UAS imagery of cetaceans for morphometric analysis. These errors 

can be introduced from environmental conditions, animal behavior, and systematic 

errors specific to the UAS platform. Errors from environment and animal behavior are 

mostly uncontrollable and can be mitigated to an extent (see Section 4.3.3). Therefore, it 

becomes crucial to minimize errors associated with the UAS platform.  

Chapter 1 developed a Bayesian statistical model for propagating the 

photogrammetric errors associated with UAS platforms. The Bayesian statistical model 

is trained using a known-sized object floating at the surface (“calibration object”) to 

quantify how measurement error scales with altitude for different UAS platforms 

equipped with different cameras, focal length lenses, and altimeters. The fitted model is 

then used to predict length and measurement uncertainty around an unknown-sized 

object (e.g., a whale). This framework jointly estimates errors from altitude and length 

measurements, and combines altitudes measured w/ a barometer and laser altimeter 

while incorporating errors specific to each. 

To collect training data, images of the calibration object should be collected at 

altitudes between 10 – 120 m, with the calibration object in the center and corner of 

image frame to also assess the effects of camera distortion (Fig. 4.1C shows an example 

of a calibration object). Training data should ideally be conducted before field work 
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begins because researchers can confirm which altitudes yield the least amount of 

uncertainty for their specific UAS platform and then set strict field protocols to fly 

within those altitudes. Collecting additional training data, especially while in the field 

will help improve model output. If training data was not collected beforehand or during 

field excursions (e.g., data has already been collected), training data can still be collected 

post-hoc and then applied to the measurements to predict associated uncertainty. 

Researchers can also use the freely-available and open-source training data for Alta 6, 

LemHex-44, CineStar, P4Pro, and P3 Standard published by Bierlich et al. (2020) 

https://doi.org/10.7924/r4wd3x28b. 

4.3.2 Set field protocols  

Evidence from Ch. 1 suggests that errors across altitudes are not uniform. Thus, 

quantifying measurement error specific to the UAS platform using the calibration object 

before field work is conducted will help confirm which altitudes yield the least 

uncertainty (Section 4.3.1). That way, field protocols can be set to fly within a specific 

range to further minimize measurement errors. Prior to takeoff, the launch height, which 

is measured as the distance from the water surface to the camera lens, must be recorded 

and then later added to the barometer altitude readings during flight to account for the 

bias introduced from the barometer zeroed at launch height (Burnett et al. 2018; Raoult 

et al., 2020). Also, an image of the current GPS time should be taken before takeoff to 
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correct for timestamp drift of the camera, which can lead to improper scaling of images 

due to incorrect altitudes used in calculating GSD (Voges et al. 2018; Raoult et al., 2020).  

4.3.3 Image Collection (reducing environmental and animal 
positioning error) 

As mentioned in Section 4.3.1, measurements errors can also be introduced by 

environmental conditions and animal behavior. Environmental errors can affect the 

accuracy of the barometer and laser altimeter (e.g., humidity, precipitation, gusts of 

wind, water clarity) or the camera sensor (e.g., glare), which can lead to poor or 

unusable image quality (Raoult et al., 2020). These errors are mostly uncontrollable, but 

can be mitigated to an extent, for example, by avoiding flying during times with high 

glare or at altitudes that yield larger error. Collecting and publishing open-access 

training data across different environments and climates that may affect the accuracy of 

altimeters will help improve overall uncertainty predictions.  

Errors from animal behavior can include animal body positioning (curved or 

arched), as well as the depth of the animal, which may misrepresent the true GSD if 

altitude is measured from the camera to the surface of the water (Fig. 4.1A). Animal 

behavior is also largely uncontrollable, but can be mitigated to an extent, for example, by 

collecting imagery of the animal when it is straight at the surface with minimal 

refraction from waves. Collecting images in bursts can help accomplish this, as well as 

collecting video instead of still images, though this will increase GSD (see Section 4.2.2 

and Fig. 4.1). Some species or populations may be more difficult to obtain body length 
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measurement from a single frame, and thus may require measuring the length in 

segments across multiple images and then summing together. For example, Groskreutz 

et al. (2019) measured the body length of Northern resident killer whales from two 

measurements across images – one from the snout to dorsal fin and the other from 

dorsal fin to fluke notch.  

4.4 Post Processing & Analysis 

4.4.1 Ranking image quality 

Before measuring, images should be systematically ranked for quality. 

Christiansen et al. (2018) developed a framework for ranking image quality based on the 

attributes: camera focus, straightness of body, degree of body roll, degree of body arch, 

body pitch, body length measurability, and body width measurability. Each image is 

then given a score of 1 (good quality), 2 (medium quality) or 3 (poor quality) for each 

attribute. Images that receive a score of 3 in any attribute are typically excluded from 

analysis, as well as images that receive a score of 2 for both body arch and pitch, pitch 

and roll, or arch and roll.  

4.4.2 Measuring 

Several photogrammetry software programs have been used to measure 

cetaceans from UAS imagery (see Torres and Bierlich, 2020 for a brief review). ImageJ is 

an open-source photogrammetry software that is widely used across a range of scientific 

disciplines (Schneider et al., 2012). In aerial photogrammetry analyses on cetaceans, 
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ImageJ has been commonly used to measure single length measurements, such as body, 

head, and tail length (i.e., see Durban et al., 2015; Groskreutz et al., 2019; Leslie et al., 

2020). ImageJ, however, lacks the capability of automatically segmenting length 

measurement into proportional perpendicular widths, a key method commonly used for 

measuring the body condition of cetaceans (e.g., body width measurement in 5% 

increments of body length). As a result, several custom scripts to accommodate 

perpendicular widths for measuring body condition in cetaceans have been designed in 

R (Christiansen et al., 2016) and MATLAB (Burnett et al., 2018; Dawson et al., 2017). 

However, as Torres & Bierlich (2020) pointed out, many of these custom scripts are 

designed for specific workflows, specific UAS platforms, have limited zoom capabilities, 

are slow, may require purchased or institutional licensing (e.g., MATLAB), and/or are 

only customizable if the user has knowledge of the specific coding language.  

MorphoMetriX is an open-source application designed by Torres & Bierlich 

(2020) that combines the powerful zoom, accuracy, speed, and accessibility of ImageJ, 

with a simple to use graphical user interface (GUI) that does not require knowledge of 

any scripting language for customization of measurements.  As such, the user is able to 

create custom length, area, and angle measurements, as well as segment any length into 

perpendicular widths for measuring body condition (Fig. 4.4). MorphoMetriX can also 

automatically convert measurements in pixels into standard units (i.e., meters) by 

calculating the GSD of the image (Fig. 4.4). Since MorphoMetriX generates an output file 
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containing the custom measurements for each image, datasets with a large number of 

images generate a large number of output files. CollatriX is a user-friendly open-source 

application that collates MorphoMetriX output files into a single csv file based on an 

animal’s ID (Bird & Bierlich, 2020). CollatriX also contains features to export 

MorphoMetriX measurements in meters or pixels, as well as an “add-on” function to 

automatically calculate several different body condition measurements, such surface 

area, body volume, or body area index (BAI) (Bird & Bierlich, 2020). 

 4.4.2.1 A note on measurement definitions  

It is important to note the importance of remaining consistent with 

morphological measurement definitions. Norris (1961) developed standardized methods 

for morphological measurements of odontocetes and baleen whales, and defines the 

total length as the “tip of the upper jaw to the deepest part of the notch between flukes”, 

where “tip of the upper jaw” refers to the “anteriormost point on the animal’s head 

(excluding lower jaw)”. The “tip of the upper jaw”, also commonly referred to as the 

rostrum or snout, is historically the preferred measure for total length in baleen whales – 

even though the lower jaw typically protrudes farther than the upper jaw – because the 

lower jaw of stranded or killed baleen whales is often open or not in its natural position 

making it difficult to measure. For example, Mackintosh & Wheeler (1929) noted that 

total length was “measured in a straight line from tip of snout to the notch of the tail 

fluke. It is appreciably shorter than the overall length for the whale, but it is the only 
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reliable method of the measure length” (pg. 265). The same definition has been used by 

Japan’s Research Program in the Antarctic (JARPA) (Ichii et al., 1998). While aerial 

photogrammetry methods are able to measure live animals with their lower jaw in its 

natural state, it is worth remaining consistent with the traditional definition of total 

length to make measurements on current populations more comparable to their 

ancestral populations. Otherwise, researchers should accurately define the total length 

measure they use, i.e., as “lower jaw to fluke notch”. 

4.4.2.2 Measuring body condition 

As discussed in Chapter 2, several different methods have been used to measure 

body condition in cetaceans that ultimately take a 1-, 2-, or 3-dimensional approach. 1-

dimensional (1D) measurements consist of a single width along the body that captures 

variability within the population. 1D approaches are simple, can save time required by 

analysts to measure, and have proven to be a good representation of an animal’s relative 

energy reserves associated with reproductive costs and risks of mortality in some cases 

(Miller et al., 2012; Fearnbach et al. 2018). In comparison, 2-dimensional (2D) and 3-

dimensional (3D) measurements encompass variation along the body by measuring the 

total length of the animal and then segmenting the animal in perpendicular widths in 

either 5 or 10% increments of the total length (i.e., Fig. 4.4). 2D body condition 

measurements sum these width segments to calculate the flat dorsal surface area (m2) 

(Christiansen et al., 2016; Aoki et al., 2021), while 3D body condition measurements 
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account for change of these width segments in the horizontal and vertical plane to 

calculate total body volume (m3) (Christiansen et al., 2018; 2020a,b,c). An advantage for 

selecting a volumetric model allows for estimation of body mass, which can then be 

used in energetic models to quantify the total amount of energy storage in absolute 

standard units of energy, rather than relative estimates of energy storage (Christiansen 

et al., 2019).  

Chapter 2 compared these different methods and their associated uncertainty 

and found that while each body condition estimate was highly correlated with one 

another – meaning each should draw relatively similar conclusions – measurement 

uncertainty does not scale linearly across theses multi-dimensional measurements. 

Specifically, measurement uncertainty associated with 2D and 3D measurements 

increased by a factor of 1.44 and 2.14 compared to 1D measurements, respectively. Thus, 

studies should consider choosing a body condition measurement with the lowest 

uncertainty to yield more robust measurements. For studies solely interested in 

measuring relative body condition change, the standardized body area index (BAI) was 

found to be the most precise measure that accounts for potential variation along the 

body while being able to detect small changes in body condition. BAI also can be 

calculated from the Bayesian statistical model output (see Section 4.4.3) to generate a 

predicted posterior distribution that is already standardized to the total length of the 
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individual, making comparisons much easier across individuals, populations, species, 

and even the same individual over time (i.e., Lemos et al., 2020).  

 

 

Figure 4.4: Image of an Antarctic minke whale imported into MorphoMetriX 
(Torres & Bierlich, 2020). Measurements of total length and widths (in 5% increments 
of total length in this case), as well as the area of a diatom patch (shaded polygon) and 
the fluke span. Figure from Torres & Bierlich (2020). 

 

4.4.3 Predicting length and measurement uncertainty  

As Section 4.3.1 mentioned, Chapter 1 developed a Bayesian statistical model 

that uses training data from measuring a known-sized object at various altitudes to 

predict length and measurement uncertainty of an unknown sized object (e.g., a whale). 

The empirical measurements (i.e., from MorphoMetriX and CollatriX, Section 4.4.2), are 
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used with the training data (Section 4.3.1) in the Bayesian statistical model to predict the 

length with associated measurement uncertainty. Chapter 1 describes this framework for 

single measurements (e.g., body length, rostrum to blowhole) and Chapter 2 

incorporates multiple measurement from within and across multiple photos to measure 

body condition. Rather than a single point-estimate, the model output is a posterior 

predicted distribution of measurements around the object of unknown length (e.g., a 

whale). This allows for construction of highest posterior density (HPD) intervals, which 

is an interval that represents the region with a percent probability (e.g., 95%) of 

encompassing the parameter of interest, and can be used to define measurement 

uncertainty. This in turn allows one to make probabilistic statements to help reach 

stronger conclusions. For example, when assigning maturity based on a cutoff length, 

rules can be applied, such as if > 70% of the predicted total length posterior distribution 

is greater than a set maturity threshold, then the animal is classified as ‘mature’. 

4.4.4 Analysis 

Once the Bayesian statistical model generates a predicted posterior distribution, 

a length or body condition measurement can be defined based on the distribution and 

HPD interval. For example, the reported total length of an animal can be reported as the 

mean of the predicted posterior distribution with its uncertainty as the lower and upper 

bounds of the 95% HPD interval (e.g., total length = 12.5 [95% HPD: 12.3, 12.7]). Further 

statistical analyses can incorporate measurement uncertainty via directly within the 
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Bayesian framework, or by calculating the variance of the predicted posterior 

distribution and incorporating into statistical models, such as weighted linear models, 

which account for error in y, and Deming regressions, which account for errors in both x 

and y (see Chapter 3). 

 

4.5 Collaboration 

Following the framework put forth in this guide (Sections 4.1 – 4.4), researchers 

can now incorporate measurements from multiple UAS platforms with different levels 

of uncertainty into their analyses. This provides opportunities for greater collaboration 

to ultimately better track species and populations. For example, Chapter 3 followed the 

framework in this guide to incorporate measurements and associated uncertainty 

collected from five different UAS platforms to measure seasonal body condition changes 

of an understudied and remote humpback whale population along the Western 

Antarctic Peninsula (Fig. 4.5).  

Adopting a collaborative framework can increases the temporal and spatial 

coverage for monitoring populations. Different research groups have varying budgets 

and capabilities and will likely not be able use the same UAS platform. Thus, 

frameworks like the one presented here are essential so that measurements collected 

using different UAS platforms are comparable and can be used to better monitor 
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populations, especially as they are exposed to threats from climate change and 

anthropogenic stressors. 

For collaborative projects, if data has not yet been collected, then researchers 

should start at Section 4.1 of this guide. For collaborative projects where data has 

already been collected, but uncertainty has not yet been accounted for, then researcher 

should start at Section 4.3.1 to incorporate training data into the Bayesian statistical 

model with their existing measurements (Section 4.4.2). Once measurement uncertainty 

associated with each UAS platform in the collaboration has been accounted, the project 

can proceed with analyses that incorporate measurement uncertainty (Section 4.4.4).  
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Figure 4.5: Collaborative effort using multiple UAS platforms with associated 
uncertainty to measure seasonal body condition of humpback whales. Numbers in 
parenthesis represent the focal length lens for each UAS platform.   

 

4.6 Future Considerations 

As the capacity to collect UAS-based morphological data of elusive marine 

animals continues to rise, it is important to have a standardized framework such as the 

one presented here to account for uncertainty associated with different UAS platforms. 

This ultimately facilitates greater capacity for collaboration and better monitoring of 

populations as they face threats from climate change and anthropogenic stressors. Using 

photogrammetry to assess growth rates and body condition changes of populations can 



 

152 

be incorporated into more holistic health models to link environmental and 

anthropogenic stressors to changes in physiology, reproduction, and survival (Pirotta et 

al., 2018). For example, understanding the health of critically endangered North Atlantic 

Right Whales has come from decades of collaborative research incorporating several 

different tools and methods for assessing health (Schick et al., 2013, 2016; Moore et al., 

2021). Incorporating UAS-derived measuring into this long-term framework will help 

enhance health monitoring (Moore et al., 2021), but it is essential to incorporate 

uncertainty across different UAS platforms used in these efforts, especially when 

monitoring changes in body condition over time. By following the best practices guide 

presented here, UAS-based morphological measurements can greatly contribute to these 

efforts and increase interoperability amongst researchers collecting morphometric data. 

Creating a research network, such as through the National Science Foundation Research 

Coordinated Network, can help facilitate this process of increasing interoperability to 

better monitor the health of populations 
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Conclusion 
The recent advancement and commercialization of unoccupied aircraft systems 

(UAS) has revolutionized the ability to obtain high-resolution photogrammetric data to 

obtain morphological measurements of large elusive marine animals. This has ultimately 

provided an increased capacity to enhance our understanding of how these animals 

perform and function in their environments, as well as a greater opportunity to monitor 

population health over time and space. However, no centralized framework has been 

established for quantifying and incorporating measurement uncertainty associated with 

the large diversity of UAS platforms used in these efforts. This creates confusion over 

the pros and cons for using one UAS platform or method over another and difficulty in 

comparing results across studies, ultimately hindering collaboration.  

My dissertation established a framework to easily quantify and incorporate 

uncertainty associated with different UAS platforms that I then use to provide novel 

insights into how humpback whales increase their energy reserves over the course of the 

foraging season. Chapter 1 identified that the greatest source of error for a given UAS 

platforms is error associated with altitude readings from altimeters. Most notably, using 

a laser altimeter dramatically reduces measurement uncertainty compared to using a 

barometer. I developed a Bayesian statistical model that uses training data of known-

sized objects to predict length measurements and associated uncertainty of unknown-

sized objects (e.g., a whale) based on the UAS platform and altitude. I used the model to 
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predict the total length of humpback whales and to assign length-based sexual maturity 

classes. Predicted measurements with the barometer produced both larger total lengths 

and greater uncertainty compared to the laser altimeter, leading to different sexual 

maturity classifications between individual humpback whales. This highlights the 

importance of incorporating uncertainty for each measurement, as scientific conclusions 

may differ depending on the altimeter used for the measurements. 

Chapter 2 compared methods commonly used for measuring the body condition 

of baleen whales, while incorporating uncertainty. My results demonstrate how 

uncertainty does not scale linearly across 1-, 2-, and 3-dimensional (1D, 2D, and 3D, 

respectively) body condition measurements. Uncertainty associated with 2D and 3D 

measurements increased by a factor of 1.44 and 2.14 compared to 1D measurements, 

respectively. Importantly, each standardized body condition estimate was highly 

correlated with one another, suggesting that each method will draw relatively the same 

conclusions. However, researchers should choose a body condition measurement that 

yields low uncertainty to best address their research objectives. Body area index (BAI) 

accounts for potential variation along the body and was the most precise measurement, 

meaning it would likely be able to detect a smaller difference in body condition 

compared to the other methods. BAI is standardized by total length of the individual, 

making comparisons much easier across individuals, populations, species, and even the 
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same individual over time. Importantly, a healthy BAI range is not yet known and 

results from Chapter 2 demonstrate that a healthy range is likely species specific.  

In Chapter 3, I measured how body condition (as BAI) changes over the course of 

the foraging season for humpback whales along the Western Antarctic Peninsula (WAP). 

I used lessons learned from Chapters 1 and 2 to incorporate uncertainty in 

measurements from multiple UAS. The WAP humpback whale population was 

extirpated to near extinction from 20th century commercial whaling, but the population 

is showing strong signs of recovery, with evidence of high pregnancy rates and optimal 

foraging behaviors that maximize energy intake from the high abundance of food 

available. Results show that BAI increases curvilinearly for humpback whales over the 

course of the foraging season, with greater increases earlier in the season compared to 

later in the season for each reproductive class. Lactating females had the lowest BAI, 

reflecting the high energetic demands of lactation. Mature whales and non-pregnant 

females had similar BAI later in the season, reflecting their high energy stores used for 

financing the costs of reproduction. Calves invested energy toward increasing BAI 

rather than solely length, which is the opposite when they are on the breeding grounds 

prior to migrating to the WAP. Immature whales displayed increases in BAI that 

plateaued by mid-season and then began to decrease, which may reflect early 

northbound migration by individuals who reach a threshold level of energy storage. 

These results set a foundational baseline for monitoring this healthy population in the 
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future as they face potential impacts from climate change, increased tourism, and spatial 

overlap with the krill fishery. 

My 4th and final Chapter combines lessons learned from Chapters 1, 2, and 3, and 

develops a best practices guide for minimizing, quantifying, and incorporating 

uncertainty into analyses. This chapter provides guidance on selecting UAS platforms 

and adopting protocols that will minimize uncertainty and yield more robust scientific 

conclusions. It includes two simulations that demonstrate the expected uncertainty 

when measuring total lengths or body condition of different sized species at various 

altitudes based on a given UAS platform and sensor combination. This best practices 

guide also provides steps for incorporating uncertainty in the post-processing and 

analysis of measurement data, as well as in collaborations using multiple UAS 

platforms.  

 As the capacity to collect morphometric data on various species using UAS 

continues to grow, frameworks such as the one presented in this dissertation will be key 

to help yield robust scientific conclusions and increase interoperability amongst 

researchers using UAS. Results from this dissertation have provided novel insights into 

how to obtain more accurate morphological measurements to help increase our 

understanding of how animals perform and function in their environment, as well as 

better track the health of populations over time and space.  
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Appendix A: Chapter 1 Supplementary Material 

This section contains supplementary material for Chapter 1. 

Table S1: Maximum altitude (m) recorded by the laser altimeter for each 
aircraft. Note, P3Std did not have a laser altimeter. 

UAS platform Max laser altimeter 
recorded (m) 

Alta 6 (50 mm) 84.0 
Alta 6 (35 mm) 67.1 
LemHex 116.9 
CineStar 118.0 
P4Pro 62.6 
P4Pro (video) 117.9 

  

Table S2: Uncorrected measurements and % error (before uncertainty model 
applied) for each UAS platform. The true length of calibration object is 1.48 m. Note 

that P3Std did not have a laser altimeter. 

barometer 

Platform  
uncorrected length 

(m) 
uncorrected % 

error 
Mean Std Dev Mean Std Dev 

Alta w/ 50mm fc 1.49 0.14 0.99 9.26 
Alta w/ 35mm fc 1.36 0.02 -7.83 1.16 
LemHex 1.41 0.02 -4.45 1.19 
CineStar 1.32 0.03 -10.56 2.03 
P3Std 1.66 0.07 12.33 4.93 
P4Pro 1.54 0.19 4.37 12.52 
P4Pro w/ video 1.42 0.42 -4.22 28.17 

laser altimeter 

Platform 
uncorrected length 

(m) 
uncorrected % 

error 
Mean Std Dev Mean Std Dev 

Alta w/ 50mm fc 1.48 0.02 -0.32 1.35 
Alta w/ 35mm fc 1.47 0.01 -0.90 0.82 
LemHex 1.47 0.03 -0.36 2.15 
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CineStar 1.43 0.03 -3.30 2.15 
P3Std - - - - 
P4Pro 1.47 0.04 -0.32 2.37 
P4Pro w/ video 1.48 0.10 -0.31 6.47 
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Figure S1: The red x represents the uncorrected total length without running 
the uncertainty model, while the black bars represent the 95% credible intervals 
predicted from the uncertainty model for each respective individual. All point 
estimates fit within each credible interval width except for four points > 65 m when 
only the barometer is used in Model 1. The red dashed line represents the cutoff 
length for mature vs. immature humpback whales (11.2 m) used by Christiansen et al. 
(2016 & 2020) determined from data collected at whaling stations (Chittleborough, 
1955). 
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Appendix B: Chapter 2 Supplementary Material 

This section contains supplementary material for Chapter 2. 

 

 

Figure S1: Example of uncertainty associated with altimeters on a subset of 
data used in Ch. 2. Measurements using altitude from only laser (barometer = NA) 
yield similar results as when both barometer and laser are used, suggesting that the 
laser altimeter altitude dominates the reduction in photogrammetric uncertainty. 
Alternatively, when only barometer (laser = NA) is used, uncertainty increases 
compared to when both barometer and laser are used for altitude. 
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Figure S2: Variation in Width:TL ratios for individuals with multiple images. 
For individuals with measurements from multiple images (up to 5 images, and after 
images were filtered for quality scores of 1 or 2, see Section 2.2.2.2), the coefficient of 

variation (CV%) was calculated for the total length (TL), Width (measured as the 
single-width measurement, “SW”, in section 2.2.4), and the ratio between the two 
(Width:TL). Variation in Width:TL ratios was influenced more by variation in the 

Width measurements (R2 = 0.60) rather than variation in TL measurements (R2 = 0.08). 
This indicates that filtering for image quality 1 and 2 is robust to potential biases in 

width measurements that may be caused by variation in TL, i.e., arising from any 
slight bending or arching of the animal. 
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Appendix C: Chapter 3 Supplementary Material 

This section contains supplementary material for Chapter 3. 

 

Table S1: Data collection from scientific excursions and platforms of 
opportunity. NSF = National Science Foundation, LTER = Palmer Long term 

ecological Research Program, OOE = One Ocean Expeditions (tour operators), LMG = 
Laurence M. Gould, fc = focal length of camera on UAS. 

Season Year Month Platform Vessel UAS Pilot UAS Aircraft fc 

1 2017 Jan NSF LTER 
R/V LM 
Gould Dale Alta 6 50 

2 2018 Jan NSF LTER 
R/V LM 
Gould Dale Alta 6 50 

2 2018 
Feb - 
Mar OOE 

Akademik 
Ioffe Christiansen Inspire 1 25 

2 2018 Mar 
NSF LMG-
03 

R/V LM 
Gould Bierlich LemHex-44 50 

2 2018 June 
NSF LMG-
05 

R/V LM 
Gould Bierlich LemHex-44 50 

3 2018 
Nov - 
Dec OOE 

RCGS 
Resolute Christiansen Inspire 1 25 

3 2018 Dec OOE 
RCGS 
Resolute Bierlich LemHex-44 35 

3 2019 
Feb - 
Mar 

Palmer 
Station 

Palmer 
Station Larsen LemHex-44 35 

3 2019 
Feb - 
Mar 

NSF LMG-
03 

R/V LM 
Gould Dale Alta 6 35 

3 2019 Mar OOE 
RCGS 
Resolute Bierlich/Dale 

LemHex-
44/Alta 6 35 
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Figure S1: Number of ships and voyages to the Antarctic Peninsula per year. 
National Science Foundation (NSF) has two ships, the R/V Nathaniel B. Palmer, a 
research ship with icebreaking capabilities that works throughout the Southern 
Ocean, and the R/V Laurence M. Gould, an ice-strengthened research and resupply 
ship for Palmer Station that works along the Antarctic Peninsula. Data source: NSF - 
https://www.usap.gov/vesselScienceAndOperations/index.cfm?m=3, IAATO - 
https://iaato.org/documents/10157/2398215/IAATO+overview/bc34db24-e1dc-4eab-
997a-4401836b7033 
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Table S2: Sample size for each reproductive class by UAS platform. 

Reproductive Class  Alta 6 Inspire 1 Pro LemHex-44 
Calf 12 7 17 

Immature 15 9 14 
Mature Unknown Sex 46 16 19 

Mature Male 7 5 6 
Lactating Female 12 4 19 

Pregnant 4 0 0 
Pregnant & Lactating Female 0 1 0 

Non-pregnant Female 2 11 10 
Total  98 53 85 
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Appendix D: Chapter 4 Supplementary Material 

This section contains supplementary material for Chapter 4. 

 

 

Figure S1: Simulation results for the expected uncertainty associated with 
measuring width changes across two timepoints using a barometer. A reduction in 
widths was measured for the same bottlenose dolphin and blue whale in Fig. 2 (Box 1) 
using a DJI Phantom 4 Pro (P4Pro) and LemHex-44 w/ a Sony a5100 camera and 35 mm 
focal length lens. The bottlenose dolphin has a width of 0.46 m at timepoint 1, and 
0.38 m at timepoint 2.  The blue whale has a width of 2.5 m at timepoint 1, and 2.0 m at 
timepoint 2. 
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