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Abstract 

Pinniped species undergo a life history, unique among marine mammals, that 

includes discrete periods of occupancy on land or ice within a predominantly marine 

existence. This makes many pinniped species valuable sentinels of marine ecosystem 

health and models of marine mammal physiology and behavior. Pinniped research has 

often progressed hand-in-hand with advances at the technological frontiers of wildlife 

biology, and drones represent a leap forward in the long-established field of aerial 

photography, heralding opportunities for data collection and integration at new scales of 

biological importance. The following chapters employ and evaluate recent and emerging 

methods of wildlife surveillance that are uniquely enabled and facilitated by drone 

methods, in applied research and management campaigns with near-polar pinniped 

species. These methods represent advancements in abundance estimation and 

distribution modeling of pinniped populations that are dynamically shifting amid 

climate change, fishing pressure, and recovery from historical depletion. 

Conventional methods of counting animals from aerial imagery—typically visual 

interpretation by human analysts—can be time-consuming and limits the practical use 

of this data type. Deep learning methods of computer vision can ease this burden when 

applied to drone imagery but are not yet characterized for practical and generalized use. 

To this end, my team used a common implementation of deep learning for object 

detection in imagery to train and test models on a variety of datasets describing 
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breeding populations of gray seals (Halichoerus grypus) in the northwest Atlantic Ocean 

(Chapter 2). We compare standardized performance metrics of models trained and 

tested on different combinations of datasets, demonstrating that model performance 

varies depending on both training and testing data choices. We find that models require 

careful validation to estimate error rates, and that they can be effectively deployed to 

aid, but not replace, conventional human visual interpretation of novel datasets for gray 

seal detection, location, age-classification and abundance estimation. 

Spatial analysis and species distribution modeling can use fine-scale drone-

derived data to describe local species–habitat relationships at the scale of individual 

animals. My team applied structure-from-motion methods to a survey of three pinniped 

species, pacific harbor seals (Phoca vitulina richardii), northern fur seals (Callorhinus 

ursinus), and Steller sea lions (Eumetopias jubatus), in adjacent non-breeding haul-outs to 

compare occupancy and habitat selection (Chapter 3). We describe and compare fitted 

occupancy models of pacific harbor seals and northern fur seals, finding that conspecific 

attraction is a key driver of habitat selection for each species, and that each species 

exhibits distinct topographic preferences. These findings illustrate both opportunities 

and limitations of spatial analysis at the scale of individual pinnipeds. 

Ease of deployment and rapid data collection make drones a powerful tool for 

monitoring populations of interest over time, while animal locations, revealed in high-

resolution imagery, and contextual habitat products can reveal spatial relationships that 



 

vi 

persist beyond local contexts. We designed and carried out a campaign of drone 

surveillance over coastal habitats near Palmer Station, Antarctica, in the austral summer 

of 2020 to assess the seasonal abundance and habitat use of Antarctic fur seals 

(Arctocephalus gazella) in the Palmer Archipelago and adjacent regions (Chapter 4). We 

modeled abundance as a function of date, with and without additional terms to capture 

variance by site, and we used these models to estimate peak abundance near Palmer 

Station in the 2020 summer season. These findings leverage the spatial and temporal 

advantages of drone methods to estimate species phenology, distribution and 

abundance. 

Together, these chapters describe emerging applications of drone technology that 

can advance pinniped research and management into new scales of analytical efficiency 

and ecological interpretation. These studies describe methods that have been proven in 

concept, but not yet standardized for practical deployment, and their findings reveal 

new ecological insights, opportunities for methodological advancement, and current 

limitations of drone methods for the study of pinnipeds in high-latitude environments.
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1. Themes, frontiers and the growing role of drones in 
pinniped research  

Pinnipeds, as a clade, embody a variety of qualities that make many species 

interesting and suitable subjects for scientific research. Though they predominantly 

participate in marine ecosystems, all pinniped species haul out of the water, on land or 

ice, for critical life history events such as breeding, parturition or molting. This 

characteristic makes pinnipeds relatively accessible and observable among marine 

predators. During these life history events, many species exhibit site fidelity, 

gregariousness and philopatry to various degrees; these qualities enable scientists to 

reliably access predictable populations and even individuals within single seasons and 

across years and generations. Some species characteristics additionally allow for the 

study of wild individuals across shorter periods of time: for example, females of income 

breeding species come and go from their rookeries to forage while nursing (McKnight & 

Boyd, 2018), and species that use fast ice often revisit a limited selection of breathing 

holes. Many species occupy terrestrial habitats that are accessible to humans and 

topographically open to on-the-ground or aerial surveillance. Finally, select species can 

be trained and safely housed in human care, so under appropriate ethical circumstances 

some pinnipeds can accommodate uniquely managed behavioral and physiological 

studies and assessments. Owing to these distinctive qualities and a variety of scientific 
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motivations, pinniped research has benefitted from and contributed to a variety of 

technological frontiers in wildlife biology.  

1.1 Major themes in pinniped research 

Pinnipeds have been observed and studied for a variety of reasons through 

history, including cultural significance, economic value, and sheer curiosity. 

Archeological research reveals a long history of use by pre-industrial and indigenous 

cultures (Monks, 2004), and surviving references in ancient art and literature, though 

sometimes fragmented and contradictory, nevertheless belie a cultural and commercial 

significance that sometimes endured beyond the collapse of local breeding populations 

(Johnson & Lavigne, 1999). In the modern evolution of scientific research, pinnipeds 

have been described and studied through naturalist accounts, government reports, and 

scientific investigations, whose motivations, methodologies, findings and critical context 

coalesce around key themes that define the field today. Major themes include historical 

resource exploitation, interactions with commercial fisheries, ongoing effects of climate 

change, diving physiology and behavior, foraging ecology, energetics and body 

condition, demography and population ecology, and the recovery of exploited 

populations. These themes and their examples are not exhaustive, nor exclusive of other 

themes or methods that occur in pinniped research. They are offered as an optional 

taxonomy by which to structure and thereby better understand the many disciplines and 

motivations that shape the study of pinnipeds in the present day. 
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1.1.1 Resource exploitation 

Pinnipeds have a long history of anthropogenic use that persists in commercial 

and traditional uses today (Bonner, 1982). Historically these represented major drivers of 

pinniped research, especially during the era of industrial sealing in the 19th and 20th 

centuries. Across the gradual literary shift from descriptive accounts and reports (e.g. 

Elliott, 1882; Grenfell, 1898; Weddell, 1827) toward modern scientific investigations, the 

economic significance of sealing frequently underwrites many early studies of pinnipeds 

biology. These include experiments and observations in pinniped life history (Fisher, 

1953), population dynamics (Chapman & Johnson, 1968; Kenyon et al., 1954), anatomy 

and physiology (Laws, 1953; V. B. Scheffer, 1961), and reproductive biology (V. B. 

Scheffer, 1950), which often cite the explicit objective of enhancing or sustaining yields of 

fur and oil. In the Canadian Arctic, the traditional needs of native communities were 

also a common rationale for studying ice-seals that could not be exploited industrially 

(Mansfield, 1963; McLaren, 1958). 

Such economic concerns were by no means the only drivers of early pinniped 

research: listing three reasons for studying marine mammals, Scheffer (1952) places 

“rational use” between conservation and the inherent cultural value of knowledge. 

Some scientific accounts from the late sealing era even criticize exploitative practices 

(Lillie, 1955), or encourage their refinement toward sustainable harvest practices 

(Bonner, 1968; Laws, 1953; Sergeant, 1965). The seeds of these concerns can often be 
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traced to the two most dramatic and documented extirpation events of industrial 

sealing: the near extinctions of the Antarctic fur seal (Arctocephalus gazella) from 

Maritime Antarctica—referenced, for example, by (Elliott, 1882) when considering the 

commercial importance northern fur seal (Callorhinus ursinus)—and the extirpation of 

the northern elephant seal (Mirounga angustirostris) from California—referenced, for 

example, by (Anthony, 1924) concerning the precarious remnant population at 

Guadalupe Island. Both by economic impetus and reactionary concern, the globalized 

market for pinniped products indelibly shaped the course of early pinniped research, 

and many practices first adopted for sealing and commercial herd management persist 

today in research and management techniques, such as marking methods (Laws, 1952) 

and aerial surveillance (Bartlett, 1929). 

1.1.2 Fisheries interactions 

Interactions with commercial fisheries define a second economic driver that 

dramatically shaped pinniped research historically and into the present day. Piscivorous 

species interact with fisheries in three general ways: by competing for prey, or 

“ecological interaction” (Lavigne, 2003), by interacting with gear, or “operational 

interaction” (Ibid), and by hosting parasites that infect profitable fish (Bonner, 1982). 

Historically, these conflicts established the rationale for policies of population reduction 

or extermination in many regions, and they are cited in a variety of early pinniped 

investigations. These include diet descriptions (Duncan, 1956; Fiscus & Baines, 1966; T. 
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H. Scheffer, 1928; T. H. Scheffer & Sperry, 1931; Sergeant, 1951), studies of sealworm 

parasitology and prevalence (Scott, 1953; Scott & Fisher, 1958; Wiles, 1968) and early 

monitoring of abundance and distribution (van Bemmel, 1956)—many of which 

delivered evidence to challenge culling policies and the assumptions on which they 

were based. 

 Today, pinnipeds receive legal protections from harassment and hunting in most 

regions—notably not worldwide (Reeves, 2018)—but fishery conflicts have nevertheless 

increased over time (DeMaster et al., 2001). The topic of sealworm still receives some 

research (Lunneryd et al., 2015; Mcclelland, 2002), but has been dwarfed by concerns 

regarding operational and ecological interactions. Extensive research has attempted to 

document the abundance, types and consequences of pinniped entanglement with 

marine debris from fisheries and other sources (Butterworth, 2016; Jepsen & de Bruyn, 

2019), and diverse technologies have been applied to reduce operational interactions, 

leveraging research on pinniped locomotion, anatomy and sensory capabilities (S. 

Hamilton & Baker, 2019). Many more studies frame themselves in the context of 

ecological interactions, considering the systemic pressures that fisheries place on 

competing predators, and these use a variety of techniques and strategies to evaluate the 

overlap between fisheries and pinniped ecology (Jusufovski et al., 2019). 
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1.1.3 Climate change 

Alongside fisheries and direct exploitation, climate change represents a third 

systemic anthropogenic pressure that threatens to restructure pinniped populations and 

their marine ecosystems around new thermal and meteorological regimes (Huntington 

et al., 2020; Kortsch et al., 2015). Many reviews have synthesized published research to 

evaluate and project ongoing effects of climate change on marine mammals, anticipating 

range shifts, habitat loss, decreased foraging success, acoustic disruption, altered 

reproductive success and recruitment, and increased disease outbreaks among many 

species of pinnipeds (Gulland et al., 2022; Learmonth et al., 2006; Sanderson & 

Alexander, 2020; Schumann et al., 2013; Siniff et al., 2008; Van Opzeeland & Miksis-Olds, 

2011). These summaries consider a variety of methodologies and research rationales, but 

many studies explicitly link pinniped fitness to climate events and trends through 

aspects of foraging ecology and energetics (D. P. Costa, Huckstadt, et al., 2010; Lea et al., 

2006; Simmons et al., 2010), demographic rates and trends (Forcada et al., 2005; Le Boeuf 

& Crocker, 2005; L. de Oliveira, 2011; Weimerskirch et al., 2003), and both current and 

retrospective shifts in population genetics (M. de Bruyn et al., 2009; Cleary et al., 2021; 

Forcada & Hoffman, 2014a). Global climate change promises new and uncertain 

environmental and ecological states, and demonstrated biological linkages enable 

scientists and managers to anticipate possible outcomes for pinniped species in the 
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coming years—though the ultimate utility of this knowledge still rests on dynamic 

conservation and management frameworks (Gulland et al., 2022). 

1.1.4 Diving adaptations 

Beyond economic and existential concerns, pinnipeds have long been studied for 

their extreme adaptations as marine predators. In early literature this manifests chiefly 

as a curiosity, giving rise to many studies of pinniped anatomy and natural history (e.g. 

R. Hamilton et al., 1839), whose evolutionary origins have been gradually revealed by a 

growing fossil record of transitional specimens (Bebej, 2009; Mitchell & Tedford, 1973; R. 

S. Paterson et al., 2020; Rybczynski et al., 2009). As the discipline of comparative 

physiology took shape, pinnipeds quickly became a model for diving physiology in 

mammals (Hochachka, 2000). Captive experiments in laboratories provided early 

insights into the mammalian dive response (Scholander, 1940), and the predictable 

surfacing behavior of Weddell seals yielded first measurements of diving behavior from 

animal-borne time–depth recorders (Kooyman, 1965). From these roots, a rich and 

expanding field of biologging has since elaborated the physiology, behavior and ecology 

of pinnipeds in their natural habitats (Hochachka, 2000; McIntyre, 2014; Ropert-Coudert 

et al., 2009), even leveraging the unique life histories and marine adaptations of select 

pinniped species to gather oceanographic data, with instrumented animals serving as 

autonomous sampling platforms (Boehlert et al., 2001). Modern techniques measure 

physiological changes and metabolic costs of diving with increasing precision: captive 



 

8 

studies are now combined with biologging, respirometry systems and voluntary 

behavior training (Borque-Espinosa et al., 2021; Fahlman et al., 2008; Sparling & Fedak, 

2004), and field metabolic rates and characteristics can be estimated from biochemical 

assays of sampled muscle tissue (Kanatous et al., 1999; Reed et al., 1994) and doubly 

labeled water methods (Sparling et al., 2008). Pinnipeds’ diving adaptations enable 

extreme marine behaviors, and in concert with other themes of pinniped research, they 

can reveal critical, sensitive characteristics of these species’ marine ecologies and life 

histories. 

1.1.5 Foraging ecology 

Pinnipeds forage exclusively at-sea, rendering many of their ecological and 

trophic relationships opaque to human study. This fact challenges attempts to relate 

observable demographic trends to ecological shifts or threats, like fisheries interactions 

and climate change. Diet analysis provided early indicators of predator–prey 

relationships, generally from post-mortem examination of stomach contents from 

stranded or slaughtered pinnipeds (e.g. Dyche, 1903; R. W. Gray, 1935; Theo. H. Scheffer 

& Sperry, 1931). Similar diet analyses continue into the present, identifying diagnostic 

prey parts from scat, regurgitant, lavage or post-mortem collections, though these 

methods are often biased toward hard parts of prey that are consumed but not 

completely digested (Laake et al., 2002). DNA methods can overcome some of these 

biases (Thomas et al., 2022; Tollit et al., 2009), though species identifications still entail 
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limited ecological context. Biogeochemical tracers, such as pollutants or stable isotopes 

within calcified or keratinous tissues, can reveal the trophic position or coarse 

geographic range of foraged prey (Ramos & González-Solís, 2012), but finest 

spatiotemporal resolutions of at-sea foraging arrive by telemetry and positional 

biologging. Land-based observers have long been able to track the duration of foraging 

trips during pup rearing by resighting visible flipper tags or brands on marked females 

of income-breeding species (Bartholomew & Hoel, 1953), and presence/absence 

telemetry from radio tags enables persistent monitoring stations to record foraging trip 

durations without dedicated observer effort (Pitcher & McAllister, 1981; Siniff et al., 

1975). The deployment of head mounted radio-tags allowed active trackers to follow 

foraging pinnipeds at-sea (Loughlin et al., 1987), and soon after, the Argos satellite 

system enabled the first coarse global tracking of tagged pinnipeds at surfacing locations 

without active following (French, 1986; Stewart et al., 1989). Such positional data, today 

complemented by increasingly rapid and precise global navigation satellite systems 

(GNSS; D. P. Costa, Robinson, et al., 2010; Patterson et al., 2010), yield movement tracks 

that can be cleaned and interpreted to foraging behavior and habitat use through state-

space models (Jonsen et al., 2005). Positional data, time-matched to additional 

instruments such as stomach temperature recorders (Kuhn & Costa, 2006), head- or jaw-

mounted accelerometers (Viviant et al., 2010) and video cameras (Volpov et al., 2015), 

can describe foraging periods and habitats with high confidence, or spatially reference a 
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diversity of other behavioral and physiological data from biologging. Telemetry and 

biologging techniques are often balanced by instruments’ financial costs, logistical 

limitations of deployment and retrieval, and potential harm to animals, all of which 

entail potential biases for data interpretation (Carter et al., 2016; McIntyre, 2014), but 

best practices are also available to reduce these risks and challenges (Horning et al., 

2017, 2019).  

1.1.6 Energetics and body condition 

Pinniped foraging translates to organismal health and fitness through the flow of 

energy across growth, maintenance, and critical life-history phases (D. Costa, 1993). 

Energetics can be estimated proximally by a variety of methods that include 

respirometry, generally with captive animals, as well as biologging, doubly labeled 

water, and body mass and composition measurements (Sparling et al., 2008). 

Morphometry, by direct measurement or by two-dimensional (2D) and three-

dimensional (3D) photogrammetry, can be applied with less disturbance—but also 

potentially less certainty—to estimate body mass and condition from volume (J. C. 

Hodgson et al., 2020). This technique is often paired with ultrasonic blubber 

measurements (Beltran et al., 2018; Gales & Burton, 1987) but can be conducted, in select 

cases, without (Bell et al., 1997; Krause et al., 2017). Energetic investigations span scales 

as fine as muscular biochemistry (M. R. Shero et al., 2019) up to life-cycle and 

population-scale modeling of systemic stressors (W. T. A. F. Silva et al., 2020), and they 
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can target specific behaviors, events and processes, or comprehensively budget all 

sources of energetic intake and expenditure. At a macroscopic scale, structural energetic 

relationships have been cited to explain evolutionary adaptations and differences among 

pinniped species (D. Costa, 1993; D. P. Costa, 1991), while at the organismal scale, 

metabolic rates are often interpreted to estimate pinnipeds’ consumptive needs in the 

face of ecological threats and changes (Acquarone et al., 2006; Fahlman et al., 2008; 

Sparling et al., 2008; Williams et al., 2007). 

Studies of energetically expensive life history events can help identify 

mechanistically how changes in energetic provisioning might alter pinniped survival 

and fitness. Some research has characterized the energetics of molting, particularly 

among phocids, using common metrics of metabolic rate, water flux, body condition and 

composition (Ashwell-Erickson et al., 1986; I. Boyd et al., 1993; W. D. Paterson et al., 

2021; Worthy et al., 1992). Recent investigations have also leveraged less invasive 

thermal imaging (Chaise et al., 2019; Walcott et al., 2020) and habitat characterization 

(Chaise et al., 2018) to understand how pinnipeds conserve and regulate energy during 

this costly event. Far more studies examine reproductive energetics, specifically the 

intensely expensive activities of lactation in females and intrasexual competition in 

males, both of which are often accompanied by periodic or complete fasting 

(Champagne et al., 2012). Recent studies have demonstrated that foraging behaviors 

translate to reproductive success through metabolic processes (Jeanniard du Dot et al., 
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2017), and how the limitations of these processes may scale into negative population 

trends among ecological changes (Jeanniard du Dot et al., 2018; McHuron et al., 2019). 

These represent a synthesis of diverse disciplines and methods, including biologging, 

evolutionary theory, and long-term demographic monitoring. As new integrative 

methods combine techniques and data from historically siloed disciplines, the field of 

energetics provides a holistic framework for understanding critical mechanisms of 

pinniped physiology, ecology and conservation across scales. 

1.1.7 Demography 

At larger scales, studies of population structure and demography can reveal 

emergent effects of both species-specific traits and historical perturbations (Stoffel et al., 

2018). In the face of systemic ecological changes, a variety of tools allow researchers to 

parse possible causes of trends in pinniped populations and their demographic rates 

(Mclaren & Smith, 1985). Census and sampling methods track large-scale fluctuations in 

survival, abundance and reproduction (den Heyer et al., 2021; Sydeman & Allen, 1999; 

Taylor et al., 2007), though environmental and demographic context is critical for 

interpreting such data (Trillmich et al., 2016). Mark-resight methods can provide similar 

estimates (R. G. Towell et al., 2006) using a variety of time-tested methods (Chapman & 

Johnson, 1968; Laws, 1952) or modern variants and derivations. Individualized marks 

have the additional benefit of encoding layers of metadata, including generally the site 

and date of deployment, and often additional information about the mark’s recipient. 
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Large-scale deployment of marks, when paired with robust resighting efforts, can reveal 

key demographic characteristics of a population, such as reproductive rates and success, 

survival and recruitment, and age-structure (Laws 1952). Age-structure is an especially 

important concern for conservation and management, because it can indicate 

demographically mediated mechanisms of long-term population shifts (Holmes et al., 

2007) and age itself is often a predictor of reproductive success in females (Bowen et al., 

2006; Hadley et al., 2007). Age-structure can therefore lend both explanatory and 

forecasting potential to the study of changing populations. Instantaneous demographic 

rates, such as reproduction, recruitment, survival and mortality, also fundamentally 

shape the trajectory of a population (Gotelli, 2008). In pinnipeds, changes in these key 

rates are often driven by more proximal pressures that occur at sea, such as foraging 

efficiency, disease ecology, predation, and fisheries interactions (Kovacs et al., 2012). 

Because data are comparatively more available during on-land or on-ice periods of 

pinnipeds’ annual cycle, changing demographic rates can reveal otherwise hidden 

changes in these pressures, suggesting or corroborating mechanisms by the types of 

demographic changes that take place (Holmes & York, 2003; Robertson & Chilvers, 2011; 

Trites, 1992; Trites & Donnelly, 2003). This principle, and their trophic position as top or 

near-top predators, makes pinnipeds especially useful to scientists as sentinel species of 

their marine ecosystems (Bossart, 2011; Fossi & Panti, 2017). 
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1.1.8 Post-exploitation dynamics 

The long-term monitoring of demographic changes has allowed scientists to 

study examples of natural population growth during population recoveries. Notable 

examples of pinniped recovery have been documented among northern elephant seals 

(Stewart, 1992), gray seals (Halichoerus grypus; Bowen et al., 2003) and Antarctic fur seals 

(Hucke-Gaete et al., 2004) following the decline in industrial sealing and bounty hunting 

in the latter half of the 20th century. Animal tagging efforts and population assessments 

describe migratory dynamics, changing age and sex structure, and connectivity among 

populations at recolonized sites (Chilvers & Dobbins, 2021; Lee et al., 2018), while 

pathology qualifies mortality rates, demonstrating how changing population densities 

shift the drivers of pup mortality and overall body condition at recovering breeding sites 

(Doidge et al., 1984; Holser et al., 2021; Reid & Forcada, 2005). These methods are 

increasingly complemented by genetic analyses that trace the contributing sources of 

recovering populations (Berry et al., 2012; Bonin et al., 2013; Cammen et al., 2018), 

ongoing ‘bottleneck’ effects in once-depleted populations (Bilgmann et al., 2021; Dussex 

et al., 2016; Osborne et al., 2016; Stoffel et al., 2018; Weber et al., 2000), and aspects of the 

historical population before exploitation (Abadía-Cardoso et al., 2017; S. A. Wood et al., 

2011).  

These studies reveal aggregate species characteristics—the interplay of site 

fidelity and behavioral plasticity, density-mediated ecology and behaviors, and the 
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significance of relict or panmictic populations to long-term conservation—through 

unique scenarios that cannot be replicated. These recoveries are often complicated, 

however, by interacting processes that also influence pinniped populations, such as 

predation of pups at critical breeding sites (Gobush & Farry, 2012; Schwarz et al., 2013), 

regionally inconsistent regulatory management (Brasseur et al., 2018), intense climatic 

and oceanographic events (Guinet et al., 1994; L. R. de Oliveira et al., 2009; Páez-Rosas et 

al., 2021), gradual climatic regime shifts (Forcada & Hoffman, 2014b; Schwarz et al., 

2013), potential ecological interactions with fisheries (Bamford et al., 2021; Chasco et al., 

2017; R. M. Cook et al., 2015; Reid et al., 2005), and combinations of these factors (Fietz et 

al., 2016; Shima et al., 2000). This tangle of possible influences can obscure predominant 

causes of observed population trends, as species follow or deviate from expected 

trajectories of recovery, sometimes revealing hysteretic ecological changes when 

populations appear to stabilize at carrying capacities and distributions that do not reflect 

their historical state (D. A. Hodgson et al., 1998; Hucke-Gaete et al., 2004). 

1.2 Technology and a field in flux 

Beyond these major themes, many more topics and disciplines also influence 

pinniped research, nesting, intersecting and overlapping with these described 

previously. Pinniped research can be organized around many possible schemas, such as 

biological, ecological, methodological, or political structures that motivate and facilitate 

research objectives. Exhaustive reviews of the field and its many themes have been 
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described elsewhere (Wursig et al., 2017) and require periodic updates as new themes 

emerge, grow and recede among new discoveries, methodological advancements, and 

disciplinary transformations. Ongoing shifts in the field often bear the momentum of 

broader technological frontiers, as conservation incorporates the ongoing 

miniaturization of computers and sensors, faster processing speeds, and growing 

quantities of ‘big data’ (Corlett, 2017; Lahoz-Monfort & Magrath, 2021). In pinniped 

science, this is apparent from examples in the multidisciplinary contributions of 

biologging (reviewed in Horning et al., 2017, 2019), ubiquitous adoption of statistical 

modeling, and the incorporation of high-precision biomedical techniques from fields 

including genetics, biochemistry, and toxicology, into themes such as population 

recoveries (Bonin et al., 2013), diving adaptations (M. R. Shero et al., 2019), and foraging 

ecology (Vergara et al., 2019). 

1.3 Drone opportunities in pinniped science 

The growing adoption of unoccupied aircraft systems, or drones, in wildlife 

biology exemplifies this transformative influence of technology. Drones provide a 

variety of new in situ techniques by virtue of their mobility and precise aerial 

positioning, including sampling of aerosols (Pirotta et al., 2017) and water samples 

(Lally et al., 2019), and even deployment of wildlife tags (Zak et al., 2022), but the 

majority of applications for environmental research, and wildlife in particular, employ 

drones as versatile remote sensing platforms. With increasingly lightweight sensors and 
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onboard processing computers, drones can collect diverse types of sensing data at a 

high-throughput (Jiménez López & Mulero-Pázmány, 2019), expanding both data 

collection and post-processing techniques for analyses that require ‘big data’. Drones 

herald a variety of advantages over occupied aircraft, including simpler logistical 

requirements, greater safety, and lower costs (G. P. Jones et al., 2006), and can thereby 

conduct operations with on-demand or repeat schedules and in sites far removed from 

supporting infrastructure. At the same time, low-altitude flights can collect imagery at 

low ground sample distances (GSDs) with precise navigation and spatially referenced 

metadata from global navigation satellite systems to achieve exhaustive spatial coverage 

in ultra-high resolutions. For pinnipeds, these specific advantages unlock a variety of 

new opportunities for data collection and downstream research and management. 

1.3.1 Repeat and on-demand deployment 

Timing is an important aspect of pinniped research, because many pinniped 

species experience an annual cycle of physiological changes and life history events. The 

annual cycles of polar species are often especially coupled to seasonally available 

resources such as habitat or prey (Bowen, 2018). The mechanism of such phenological 

timing may be triggered or influenced by relatively predictable environmental 

attributes, like photoperiod (Temte, 1994; Temte & Temte, 1993; Trites & Antonelis, 

1994), dynamic environmental cues, like climate or sea ice (Hind & Gurney, 1998), and 

intrinsic factors, like maternal age (Lunn & Boyd, 1993; Trites, 1991). Depending on the 
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species, pinniped phenology unfolds with different degrees of interannual plasticity, so 

single scheduled population surveys might not achieve annual targets, like maximum 

on-land abundance, and additional context is often necessary to estimate where a survey 

occurs within the annual cycle. This concern is especially relevant for imagery collected 

by satellites, whose orbital revisit period is further limited by cloud cover, and imagery 

collected by occupied aircraft, whose flight schedules require advanced planning and 

are also limited to longer windows of safe weather. Drones are less limited by such 

logistical factors: lower infrastructure requirements allow operators to deploy drones on 

a more flexible and ad hoc schedule; rapid on-demand deployment and recovery can 

exploit very short weather windows; low-altitude flights can collect imagery under 

cloud cover; and repeat surveillance can obtain data series at frequencies and temporal 

ranges not practical or achievable by occupied aircraft or orbiting satellite platforms. 

On-demand deployment over pinnipeds can target expected phenological 

events, such as breeding and molting, or respond to contextual triggers, such as peak 

counts from a local index site. Repeat surveys can establish a context for temporally 

dynamic processes, describing trends before and after a target survey, and can 

functionally expand the period of sampling to increase the likelihood that targeted 

events are captured within the period. High-frequency monitoring may also capture 

short-term temporal factors, like within-day effects of tide, weather and diel cycle, and 

multi-day occupancy patterns, like conspecific recruitment to haul-out sites, time-
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partitioned occupancy by different age–sex classes (Le Boeuf & Laws, 1994), and the 

balance of foraging and fasting activities among territorial males and lactating females 

on the rookery. These advantages of repeat and on-demand drone surveys apply most 

obviously to themes of demography, which often require temporal and phenological 

context to interpret counts and surveys, but at finer temporal scales, high-frequency 

drone monitoring can capture behaviors germane to the energy balance and foraging 

efficiency of haul-out and rookery occupants. The spatial context of repeat drone 

imagery may still further describe spatiotemporal processes of on-land behavior, such as 

territoriality, sociality, and early behavioral ontogeny as they unfold across land or ice 

habitats. 

1.3.2 Spatial coverage and resolution 

As a mode of remote sensing, drones expand on the legacy of aerial 

photography, which is a long-established tool of wildlife biology (Jolly, 1969; Leedy, 

1948). Occupied aircraft have been used to survey and estimate pinniped populations 

since the era of industrial sealing (Bartlett, 1929), exploiting aerial perspectives to scout 

large regions of land or ice habitat at a time. Today, high-resolution satellites provide 

even greater spatial coverage of pinniped habitats (LaRue et al., 2011; Rodofili et al., 

2022), with advantages that include automated and relatively passive data collection, 

once sensors are placed in orbit, and regular coverage that depends on the satellite’s 

orbit and revisit period, though this is reduced by coincident cloud cover. Imagery from 
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occupied aircrafts regularly achieves GSDs and quality necessary to distinguish seals in 

their ice or land habitats (Johnston et al., 2017) and, under select circumstances, very 

high-resolution satellite imagery can enable the same (LaRue et al., 2017). 

In this context, the spatial data that drones collect are distinguished not as much 

by their extent, relative to satellites and conventional aerial photography, but by select 

qualities that are otherwise not available in a spatially integrated format. Densely 

structured flight plans, enabled by GNSS and the absence of a human occupant, can 

achieve exhaustive overhead coverage at nadir or near-nadir camera angles—unlike 

imaging from an aircraft or satellite platform—reducing animal occlusion behind terrain 

relief. Additionally, custom flight plans or manual operation can achieve oblique camera 

angles to locate animals inside caves, crevices or overhangs. High-resolution sensors at 

low altitudes document habitat, flora and fauna at GSDs sufficient for visual and 

automated interpretation, and overlap between images within a survey enables 

structure-from-motion methods that model high-resolution 3D surface models of 

habitats and orthorectify imagery to more accurately represent locations and spatial 

relationships among features of interest (Nex & Remondino, 2014).  

 These spatial qualities of drone data provide clear benefits for demographic and 

abundance surveys by obviating potential biases associated with complex terrain, which 

can hide animals from at-ground perspectives or the comparatively oblique angles of 

photography from occupied aircrafts or satellites. High-resolution mapping products 
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and orthorectified positional data can reveal precise, fine-scale relationships between 

pinnipeds and landcover or physical topography that might not resolve in comparable 

stereo products from high-altitude aerial photography or satellite imagery. Such 

relationships can reveal preferences and limitations of pinniped habitat selection that 

might be driven by terrestrial locomotive ability (Beentjes, 1990; Fish, 2018; Garrett & 

Fish, 2015) or thermoregulatory behaviors (Chaise et al., 2018; Liwanag et al., 2014; 

Montero-Serra et al., 2014; White & Odell, 1971), linking energetic costs to patterns of 

terrestrial occupancy. The higher GSDs of drone imagery additionally facilitate the 

location of camouflaged species, morphs and age-classes, and discrimination between 

species and age-classes that can appear similar at coarser resolutions (Johnston et al., 

2017; Rexer-Huber & Parker, 2020). At highest image quality, drone imagery can be used 

to locate and quantify marine debris entanglements and interactions with fishing gear 

(McIntosh et al., 2018), and depending on animal postures, may enable aerial 

identification of individuals from brands, scarring, pelage markings, and flipper tags.  

1.3.3 Morphometric photogrammetry 

Photogrammetry—the practice of measuring objects from a photograph—is a 

technique that predates drones and even digital photography, but has become more 

common, accessible and advanced in their wake (Linder, 2009). Simple 2D 

measurements can be estimated from a photograph, if the camera’s focal length and 

distance-from-subject are known, and drones enable this process from aerial 
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perspectives, with distance-from-subject informed by the drone’s positional data from 

GNSS, triangulation among images with shared features, barometric altimetry, a time-

linked laser range-finder, or some combination of these measurements, all of which 

provide different degrees of confidence that can be encoded with imagery and spatial 

data products (Bierlich et al., 2021). When serial imagery is captured across multiple 

locations, drones enable yet more complex photogrammetric analyses from derived 

products: many 2D measurements can be estimated from orthomosaics rectified to a 

known GSD, and 3D volumetry can be estimated using structure-from-motion models 

with a stationary subject (Postma et al., 2015).  

 Photogrammetry has been applied to pinnipeds at ground-level under a variety 

of scenarios for both 2D and 3D measurements (reviewed in J. C. Hodgson et al., 2020), 

but drone-specific applications remain few and experimental. First attempts have 

demonstrated success with 2D measurements from single photographs (Alvarado et al., 

2020; Krause et al., 2017), 2D measurements from orthomosaics (Allan et al., 2019; J. C. 

Hodgson et al., 2020), and 3D measurements from structure-from-motion models (J. C. 

Hodgson et al., 2020; M. Shero et al., 2021). Such studies generally require validation 

against conventional ground-truth measurements with captured animals—though, at 

sufficient sample-sizes, UAS measurements have been validated against archival 

ground-truth measurements (Allan et al., 2019). Critically, most measurements are 

sensitive to animal posture and, depending on the technique and number of 
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photographs needed, animal activity (M. Shero et al., 2021), and care is needed when 

relating 2D indices or 3D volumetry to mass, body condition, and physiological 

attributes (J. C. Hodgson et al., 2020; M. Shero et al., 2021). Within these provisions, 

however, drone imagery encodes an abundance of morphometric information about 

imaged animals, and with increased image quality, refined photogrammetric modeling 

algorithms, calibrated relationships among morphometric indices, and dynamic 

physiological models, drone photogrammetry may become an increasingly valuable 

method of non-invasively canvassing pinniped populations for both focal and aggregate 

distributions of size and condition. 

1.3.4 Computer vision and deep learning 

Drone surveys of wildlife produce abundant, high-resolution image-type data 

that are conventionally interpreted visually by humans, but computer vision techniques 

can ease the burden of image interpretation (Weinstein, 2018), especially where deep 

learning methods can capitalize on growing archival collections for training data. Early 

computer-aided wildlife surveys exploited high contrast between select species and their 

backgrounds to locate and count animals using a simple thresholding technique (Bajzak 

& Piatt, 1990). Today, similar methods can be used with thermal (Beaver et al., 2020) and 

multispectral sensors (Colefax et al., 2021) to overcome potential lack of contrast in the 

visible-light spectrum, and are facilitated by the capacity of drone platforms to support 

modular or customizable payloads. In the absence of suitably high contrast, however, 
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convolutional neural networks (CNNs) can be trained to detect focal objects in remotely 

sensed data with high success (Zhu et al., 2017), leveraging spatial context and 

multiscalar feature representation to extract targets from background classes. CNNs 

have achieved high success in tasks of wildlife detection (Kellenberger, Marcos, & Tuia, 

2018), though implementation is often hindered by a high threshold of requisite 

technological ability and mismatches of scale between demonstration scenarios and 

practical applications (Lyons et al., 2019). 

 Some current drone applications with pinnipeds leverage thermal or 

multispectral imagery to facilitate detection by high contrast in drone imagery (Larsen et 

al., 2022; Seymour et al., 2017a; Sweeney et al., 2019), but many more studies rely 

exclusively on visible-light photography to detect pinnipeds. With visible-light aerial 

imagery, deep learning techniques have already been used to estimate aggregate 

pinniped counts (Hoekendijk et al., 2021), detect individual pinnipeds (Dujon et al., 

2021), and classify pinnipeds by age-class (Salberg, 2015), though success and 

generalizability vary widely between examples. Upcoming applications may also 

include deep learning for photogrammetry, as has been demonstrated with drone-based 

photography of cetaceans (P. C. Gray et al., 2019), and deep learning for individual 

identification, as has been demonstrated with ground-based photography of pinnipeds 

(Birenbaum et al., 2022; Nepovinnykh et al., 2018, 2022). In this early stage of its 

technological deployment, deep learning for computer vision remains an experimental 
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technique, and few examples characterize its error and generalizability across large-scale 

applications. As implementations coalesce around useful software and prioritized 

research objectives, best practices will likely emerge to advise data acquisition for model 

training, tuning model performance, and accurately estimating model error. In the 

absence of such guidance, deep learning can still enhance accuracy and efficiency by 

complementing, rather than replacing, human interpretation. 

1.3.5 Future potential 

New drone methodologies for pinniped research will undoubtedly emerge from 

these strengths and others yet to be recognized. Considering this ongoing evolution, one 

strength of drone-derived data is that they record a wealth of information, often far 

exceeding a mission’s precise objective. Spatially referenced images with metadata and 

flight logs encode contextual information in digital formats ready for archival or 

distribution. If preserved, raw data products can be reprocessed and reanalyzed as 

downstream methods continue to improve. Best practices and standards are still 

emerging for collection, storage and distribution of drone data, but even within local 

repositories, growing collections of drone imagery and products can facilitate new 

analyses across spatial and temporal dimensions, satisfying methods that require large 

datasets for model training or rigorous statistical tests. 
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1.4 Conclusion 

Drones constitute a new frontier in wildlife biology that, like other recent 

technological advancements, heralds transformative, transdisciplinary opportunities for 

both research and theory in pinniped science. Drones are increasingly common in 

wildlife research (Wirsing et al., 2022), but many applications remain at the scale of 

‘proofs of concept’ or direct substitution for conventional research methods, like annual 

population counts. As practitioners refine and scale drone techniques toward their 

logistical and technological limits, pinniped research can begin to fully utilize the 

advantages of drone systems: their unique combination of large spatial coverage, ultra-

fine resolution, simple and rapid deployment, and ease of customization, with 

downstream opportunities for structure-from-motion and orthorectified spatial 

products, precise 2D and 3D photogrammetry, computer vision and yet-to-be imagined 

applications for data with such rich detail, metadata, and archival potential. These 

advancements will complement other themes by integrating previously independent 

data-streams, pioneering new syntheses and transforming the field toward further 

integrated, multiscalar themes of research and management. As these new methods and 

standards emerge, scientists must advance applications toward the scale of management 

and statistical rigor, validating potential methods, highlighting current limitations, and 

revealing new opportunities to at the frontiers of pinniped research. 
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2. Scaling neural network models to detect gray seals 
(Halichoerus grypus) in abundance surveys 

2.1 Introduction 

Wildlife biology has been transformed in the past decade by the ability to rapidly 

collect, store, and analyze increasingly large quantities and formats of data, commonly 

termed “big data” (Lewis et al., 2018). Technological advancements have yielded new 

instruments, lower costs, and increased automation that add and expand observational 

windows through which scientists understand wildlife and their habitats (Allan et al., 

2018). A variety of remote sensing technologies have increased the spatial scales and 

temporal frequencies at which scientists can study and monitor wildlife (Stephenson, 

2019), accelerating data collection to rates that frequently outpace the tools available to 

process, analyze, and interpret such abundant data. 

Aerial imagery has long been a mainstay of wildlife research (Jolly, 1969; Leedy, 

1948), yielding large-scale spatial data on wildlife abundance and distribution within 

their habitats; but as new sensors and platforms become available aboard conventional 

occupied aircraft platforms and growing fleets of unoccupied aircraft systems (UASs or 

drones) and satellites, such imagery has become a type of big data (Loor & Fdez-

Arroyabe, 2018). Historically, manual or visual counting of animals and associated 

features was the conventional method of interpreting high altitude imagery, and though 

laborious it remains the conventional standard of animal detection against which 

automated methods are compared. Still, many automated and semi-automated methods 
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have been demonstrated for wildlife detection in aerial imagery (Lyons et al., 2019), 

advancing especially in the fields of computer vision and deep learning (LeCun et al., 

2015) as techniques are adopted from the discipline of computer science into animal 

ecology (Weinstein, 2018). 

Amid this rapidly changing field, many studies describe bespoke applications of 

automated wildlife detection, tailored to specific scenarios and types of data that do not 

necessarily align to the scale and complexity of realistic applications (Lyons et al., 2019). 

In a review of studies implementing automated detection of wildlife from drone 

imagery (Corcoran et al., 2021), of 19 studies identified, 8 tested their method on 

withheld partitions collected in the same survey as their training data (Afán et al., 2018; 

Chrétien et al., 2015, 2016; Francis et al., 2020; J. C. Hodgson et al., 2018; Hong et al., 

2019; Kellenberger et al., 2017; Kellenberger, Marcos, & Tuia, 2018). Six others tested 

their method the same survey sites but with new data (Corcoran et al., 2019; Gorkin et 

al., 2020; Kellenberger et al., 2019; Kellenberger, Marcos, Courty, et al., 2018; Lhoest et 

al., 2015; Rey et al., 2017), sometimes making use of different times of day or year, or 

different GSDs, and only five tested their method at a novel site (Liu et al., 2015; 

Longmore et al., 2017; Oishi et al., 2018; Rush et al., 2018; Seymour et al., 2017b), though 

even some of these test surveys were conducted near the site of the training data.  

This aspect of a study’s design does not at all reflect the quality of its methods, or 

necessarily its generalizability and the robustness of its evaluation. The use of data 
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partitions for model training and evaluation is common for supervised learning tasks 

like wildlife detection (Xu & Goodacre, 2018), and some datasets are sufficiently diverse 

that partitions are representative of alternative survey sites or conditions. Additionally, 

not all automated methods need to be maximally generalizable; for example, a 

regionally ‘overfit’ detection model that performs poorly in novel settings could achieve 

high accuracy for a site-specific monitoring program with consistent survey methods. 

But in scenarios where generalizable automated processing is desired for new datasets, 

there is a need to better understand the effects of variable substrates, lighting conditions, 

ground sample distances (GSDs), and other attributes of visuospatial context on the task 

of wildlife detection in aerial imagery. 

Among automated and semi-automated workflows for wildlife detection, 

convolutional neural networks (CNNs) have become a popular and promising option. 

CNNs incorporate ‘convolutional layers’ that aggregate and abstract spatial information 

from clusters of pixels, which enable models to recognize complex visual features. These 

qualities, among other advancements, have cemented the CNN as a state-of-the-art class 

of computer vision techniques (LeCun et al., 2015). CNNs are distinguished for their 

efficient training processes and the high performance of resulting models in computer 

vision competitions (Krizhevsky et al., 2012), but owing to their novelty and ongoing 

refinements, most implementations still require a high baseline of technical knowledge 

from their users. This is a primary reason that CNNs, like many automated methods, are 
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not yet commonplace in the field of wildlife detection (Lyons et al., 2019). Among 

published examples, it remains common practice to train and test CNN models for 

wildlife detection on randomized partitions of the same stock dataset (Delplanque et al., 

2022; Dujon et al., 2021; Eikelboom et al., 2019; Gray et al., 2019; Hayes et al., 2021), 

though some recent examples do describe models trained and tested on separate flights 

or surveys (Moreni et al., 2021; Peng et al., 2020). As CNN methods become increasingly 

accessible, and more frequently and widely deployed, it will be increasingly important 

that the model evaluations reflect the conditions in which they will be realistically 

deployed. 

This study expands on past examples of deep learning for wildlife detection, 

leveraging a collection of UAS pinniped surveys to test the versatility of trained models, 

and the training system itself, for a wildlife detection task across multiple survey sites 

and conditions (Table 1; Fig. 2). These surveys were collected as part of ongoing 

programs to assess and monitor the expanding gray seal (Halichoerus grypus) population 

of the northwest Atlantic Ocean. This population was depleted or extirpated from much 

of the region’s coastline in the 19th and 20th centuries (Lelli et al., 2009), and they have 

recolonized much of their range following the enactment of legal protections beginning 

in 1965 (S. A. Wood et al., 2020). A variety of methods have been used to study this 

recovering population, including visual marking and tagging, satellite telemetry, genetic 

analysis, and photographic surveys from occupied aircrafts (S. A. Wood et al., 2020). In 
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recent years these methods have been complemented by additional remote sensing from 

satellites (Moxley et al., 2017) and unoccupied aircraft (Arona et al., 2018; Hammill et al., 

2017; Johnston et al., 2017; Seymour et al., 2017b; M. Shero et al., 2021), accelerating this 

stream of large image-type data for gray seal population monitoring. This context 

establishes a strong pressure for faster, more efficient image processing to support 

downstream research and management objectives with this growing population. 

The pinniped clade includes many model candidates for aerial wildlife 

surveillance. Many species aggregate predictably on land or ice for critical life history 

events, such as breeding and molting, such that aerial surveys can target precise seasons 

and sites to sample or census a population. These sites, being coastal, often include 

limited or no canopy vegetation, which can obscure animals from overhead color 

photography. Additionally, pinnipeds locomote relatively slowly out of water, and 

therefore do not redistribute significantly between adjacent photographs in a single 

survey. Notably, many of these or analogous traits hold for other land-breeding marine 

predators, such as sea-turtles and seabirds.  

In this early stage of implementation, few examples have tested generalized 

deployment of deep learning systems for wildlife detection, let alone for specific 

scenarios and taxa, and even fewer guidelines are available to inform best practices and 

set realistic expectations for model performance and likely confounds. Aerial wildlife 

detection is not appropriate for all species, and deep learning is not appropriate for all 
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types of aerial survey data (Corcoran et al., 2021). But in scenarios where these methods 

are suitable, there remain significant barriers to their widespread adoption (Lyons et al., 

2019). Using the model example of gray seals at terrestrial breeding sites, we attempt to 

reduce some of these barriers by providing resources and empirical findings to aid and 

inform more generalized deployments of deep learning for aerial wildlife research. 

This study applies object detection methods to orthomosaics from UAS surveys 

for gray seal population monitoring in the northwest Atlantic Ocean. We created open-

source tools in the Python programming language to facilitate the use of deep learning 

computer vision on large-format remotely sensed imagery, with special consideration to 

mobile animals. We overview choices associated with deep learning computer vision 

methods, with collated findings and general principles to inform selection of these 

choices. Finally, we deploy a common implementation of deep learning for object 

detection to detect, locate, count and classify gray seals by age in a variety of model 

training and testing scenarios, drawing insights from differences in model performance 

and examples of failure. We discuss our findings, the current state of the field, and 

future steps needed to facilitate deep learning for wildlife detection in UAS imagery. 
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2.2 Methods 

2.2.1 Data and software 

2.2.1.1 Aerial datasets 

Data used in this study were collected at three different sites in the northwest 

Atlantic (Fig. 1) during the breeding season—late-December to early-February—of the 

resident population of gray seals between 2015 and 2019 (Table 1): Hay Island in 2015 

(H2015) and 2016 (H2016), the east half of Saddle Island in 2015 (S2015) and the entire 

island in 2016 (S2016) and 2019 (S2019), and Muskeget Island in 2016 (M2016). Surveys 

used either a SenseFly eBee or SenseFly eBee Plus UAS (Cheseaux-sur-Lausanne, 

Switzerland) with a 12MP Canon s110 (Tokyo, Japan) or a 20MP SenseFly S.O.D.A. 1 

camera payload, respectively. Flight plans were designed and implemented using 

senseFly eMotion software. Aerial imagery featured a variety of background substrates, 

limited diversity of natural objects and few anthropogenic objects, diverse lighting 

conditions, variable photograph quality (attributable to motion blur and camera 

settings), and GSDs spanning 2.2–3.8 cm/pixel, depending on the survey (Table 1, Fig. 2). 
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Figure 1: Site locations of gray seal breeding colonies surveyed in UAS imagery 
datasets that we used for machine learning. Insets (top) show each site at the same 
scale and orientation, and all maps are projected in universal transverse Mercator 
zone 20N. Satellite imagery credit: Earthstar Geographics, Maxar. 
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Table 1: Metadata and descriptions of each gray seal survey used for model training. 
Seal counts were tallied from the manual annotations used for model training, after 
they were referenced to a common coordinate reference system and thresholded with 
non-maximum suppression to remove redundancies. Each datasets GSD was the 
value used for orthorectification by Pix4D. 

 H2015 H2016 M2016 S2015 S2016 S2019 

Location Hay 
Island 

Hay 
Island 

Muskeget 
Island 

Saddle 
Island 
(east half) 

Saddle 
Island 

Saddle 
Island 

Year 2015 2016 2016 2015 2016 2019 

Survey period 
(local time) 

13:43-15:20 14:39-
15:04 

14:01-20:10 18:32-19:31 15:12-16:03 18:21-
18:48 

Dates 2-Feb 28-Jan 15-Jan 30-Jan 25-Jan 14-Jan 

Area (ha) 23.4 24 100.6 43.0 68.7 67.5 

Altitude 
(AGL) 

~100 m ~70 m ~60 m ~105 m ~80 m ~100 m 

UAS SenseFly 
eBee 

SenseFly 
eBee 

SenseFly 
eBee 

SenseFly 
eBee 

SenseFly 
eBee 

SenseFly 
eBee Plus 

Camera Canon 
PowerShot 
S110 

Canon 
PowerShot 
S110 

Canon 
PowerShot 
S110 

Canon 
PowerShot 
S110 

Canon 
PowerShot 
S110 

SenseFly 
SODA 1 

GSD (cm) 3.6 2.6 2.2 3.8 2.8 2.7 

Tile count 244 529 2951 382 1204 1269 

Total count 2549 3513  6030 804 4450 741 

Non-pups 697 1268 2168 251 2217 430 

Pups 1852 2245 3872 553 2233 311 

Common land 
covers 

dirt, grass, 
cobble 

dirt, grass, 
cobble 

sand, dirt, 
grass, 
mud 

snow, ice dirt, snow, 
ice 

snow, ice 

Light contrast moderate strong moderate low strong strong 
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Figure 2: Orthomosaics, mapped annotations, and example gray seals from each 
survey dataset. Mosaics (left) were tiled to schemes of 1000-pixel images with a 2.86-m 
overlap (center), and each tile was annotated to identify every non-pup and pup gray 
seal. Representative example annotations (right) were selected from each mosaic to 
demonstrate variability in image characteristics across orthomosaics. 
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2.2.1.2 Orthomosaic cleaning 

All imagery was collected with sufficient overlap between adjacent photos to 

produce a photo-stitched orthomosaic (~60-70% overlap), which was achieved using 

Pix4D Photomapper version 4.6.4. Orthomosaic products were generated using the 

default workflow and manually edited, if needed, to remove or reconcile errors from the 

image stitching process. Sometimes, when wildlife moves between adjacent 

photographs with overlapping coverage, ‘ghost’ artifacts are introduced as the stitching 

process combines the presence and absence imagery into an averaged final product; this 

yields one or more blurred or translucent features that describe a single animal moving 

between photographs. For the purpose of this study, each orthomosaic was inspected 

and ghosts or regions containing multiple ghosts were edited in Pix4D using the 

‘orthomosaic editor’ tool to reconcile that region of the orthomosaic to a single 

orthorectified reference-photograph with only complete presence or absence imagery. 

2.2.1.3 Deep learning implementation 

For this study we used the Keras implementation (github.com/fizyr/keras-

retinanet) of the one-stage RetinaNet object detection architecture (Lin et al., 2018). This 

convolutional neural network (CNN) implementation is popular and relatively well-

documented online, and has previously been used successfully for wildlife detection in 

UAS imagery (Hayes et al., 2021). We installed this implementation in a Python 3.8 

environment on an Ubuntu 18.04 LTS operating system; further details concerning the 
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computer hardware used, and the environment, dependencies and customizations 

required for this implementation are available in Appendix A. 

2.2.2 Data preparation 

2.2.2.1 Orthomosaic tiling 

Once imagery had been processed and edited to an orthomosaic without ghosts 

or obvious errors, we subset the orthomosaic into tiles, producing 1000-pixel square tiles 

with an overlap of ~2.86 m (a selected distance slightly longer than our object of interest) 

in each direction to ensure that any seals clipped in one tile would be fully featured in 

an adjacent tile. This subsetting process is necessary for large-scale imagery for multiple 

reasons: (1) to create partitions of subset data for training, validation and testing; (2) to 

create images small enough to be stored in a computer’s RAM during model training 

and detection; (3) to facilitate image viewing and annotation; and (4) because many 

computer vision implementations resize images to a standard size upon input, for 

standardized handling. Keras-Retinanet rescales imagery to a longest axis of 800 pixels; 

we found that seals were successfully detected in 1000-pixel tiles across all of our 

datasets and GSDs, but not in 2000-pixel tiles. We carried out the tiling process using a 

custom-written, generalizable python module that stores the spatial information of the 

orthomosaic, of each tile, and of the tiling scheme, such that annotations and detections 

from each tile can be later referenced back to the orthomosaic and a global coordinate 
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reference system. We used tile sets independently and in combination with one another 

to train and test various models. 

2.2.2.2 Object annotations 

We annotated each tile of each dataset manually using the VGG Image 

Annotator software version 3.0.8 (Dutta & Zisserman, 2019). We labeled all seals on land 

or ice in each tile, assigning an age class of ‘non-pup’ or ‘pup’ based on size and shape. 

We included partial or ‘clipped’ seals at the edge of the tile only if they were mostly in-

tile and could be assigned an age class with high confidence. All data annotation was 

performed by visual interpretation by a single experienced analyst and quality-assured 

one or more times before use. Quality-assurance consisted of visual inspection of each 

annotated tile, and additionally we sorted all annotations by class and area to identify 

manual errors of misclassification based on the size difference between age classes. We 

converted annotations from the VGG annotation format (one line per annotation) to the 

Keras-Retinanet annotation format (one line per file) using our python module, adding 

zero-annotation entries for tiles that did not include seals.  

2.2.2.3 Data partitioning 

Before training any model, we first partitioned dataset annotations to a three-

part scheme of 80% training data, 10% validation data, and 10% testing data. Many 

objects, including seals, are not homogeneously distributed across space, so any 

partition scheme applied to a set of tiled aerial imagery is unlikely to persist closely in 
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the resulting partition of annotations. Depending on the focal object, many tiles can be 

empty, and a randomly assigned partition scheme can yield balanced partitions of tiles 

with unbalanced annotations. Our python module therefore verifies the proportion of 

annotations in each partition and randomly shuffles tiles until the number of 

annotations approximates our specified partition scheme, with increasing tolerance for 

approximation every 100 shuffles. All randomized options used a random seed to 

ensure identical data partitions across replicates and scenarios. 

2.2.3 Neural network configuration 

2.2.3.1 Hyperparameter selection 

RetinaNet, like many neural networks, trains on a ‘batch’ of data at a time, rather 

than the whole dataset at once. Batch-size can influence the speed and stochasticity of 

model training and convergence, but is limited by memory allocation, and Keras-

RetinaNet is relatively expensive, computationally. Each batch is processed in one ‘step’, 

after which the network updates its model weights based on its performance. After a 

predetermined number of steps—which cannot exceed the number of batches needed to 

iterate through all training data—the network completes an ‘epoch’, at which point it 

can test its performance against withheld validation data, if validation is used during 

training. This performance is reported as the mean average precision (mAP), a common 

evaluation metric of object detection. If validation is used during model training and 

mAP does not increase significantly over a predetermined number of epochs, defined by 
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a ‘patience’ parameter, the model stops training. To train all models, we selected a batch-

size of 2 tiles per batch, given the relatively large size of our images. We selected the 

maximum number of steps (the number of annotation tiles in a training set, divided by 

the batch-size, rounded down), and we selected a relatively high maximum number of 

epochs for this task (50), with a default patience of 5 epochs. All training scenarios 

concluded before the maximum number of epochs, using a patience of 5 epochs. 

2.2.3.2 Backbone selection 

RetinaNet uses a Feature Pyramid Network (FPN) to compute convolutional 

feature maps from an image during training; this FPN was constructed around a ResNet 

‘backbone’ deep neural network (Lin et al., 2018). There are multiple variants of ResNet 

architecture that use different numbers of neuron ‘layers’ for learning, of which ResNet-

50, ResNet-101 and ResNet-152 are some of the most common and can be used with 

Keras-RetinaNet and other CNN implementations. We trained models using these three 

backbones, specifically because pre-trained weights were available for models with 

these backbones. Training a naive deep neural network can require a vast number of 

observations and a long period of training with many epochs to achieve object detection, 

but pre-trained models can be fine-tuned to adapt generalized object detection for new 

focal objects (Kornblith et al., 2019), including wildlife targets (Corcoran et al., 2019). 

This process greatly accelerates model training for many tasks and facilitates training on 

smaller amounts of data. Pretrained model weights are available for RetinaNet models 
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using the ResNet-50, Resnet-101 and ResNet-152 backbones 

(https://github.com/ZFTurbo/Keras-RetinaNet-for-Open-Images-Challenge-2018) that 

have been trained to detect 500 classes of common objects using the Open Images 

Dataset (Kuznetsova et al., 2020), and we used these weights to pre-train our models 

before fine-tuning. 

2.2.3.3 Additional training options 

Using our selected hyperparameters, we trained models from pre-trained 

weights, using validation during training with training and validation data from one or 

more gray seal surveys. We did not augment our dataset using Keras-RetinaNet’s basic 

transformation options, because preliminary experiments did not show significant 

differences in model performance between replicate models trained on H2015 using a 

ResNet-50 backbone with or without data augmentation. 

2.2.3.4 Model selection 

Keras-RetinaNet saves model weights at the end of every epoch, so when 

training ended, we selected the model from the epoch that yielded the highest mAP at 

validation. Keras-RetinaNet uses simplified versions of models for training that must be 

restored to a full version for inference, so once we selected our best model from a 

training session, we saved that model and converted it to an inference model.  
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2.2.4 Output handling 

2.2.4.1 Inference detections 

We tested selected inference models either on withheld partitions from the same 

surveys as the training dataset, or on entire datasets from surveys that were novel to the 

model. This yielded lists of proposed detection-boxes for seals of each age class for each 

tile in our testing datasets, with associated ‘confidence scores’ that reflect the likelihood 

that a detection-box is a correct instance of its class. These detections were then 

referenced back to their original orthomosaics using our python module, as were the 

manual annotations for all data partitions. 

2.2.4.2 Non-maximum suppression 

Because our tiling schemes incorporated overlap, adjacent tiles yielded duplicate 

detections and annotations when referenced to a common global coordinate reference 

system. We removed these using a non-maximum suppression algorithm adapted and 

amended from (Malisiewicz et al., 2011) that was not class-specific. Non-maximum 

suppression (NMS) removes duplicate detections based on the amount of overlap 

between two overlapping detection-boxes, generally using a threshold of ‘intersection 

over union’ (IoU) ratio to determine if overlapping detection-boxes are redundant. This 

had the effect of removing detections duplicated by our tiling scheme, as well as other 

overlapping detections that met the IoU threshold criterion. Pairs of detections with an 
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IoU above our chosen threshold were classified as redundant, and the detection with the 

lower confidence score was discarded. 

2.2.4.3 Thresholding filters 

Many computer vision frameworks generate redundant and low-confidence 

detections and implement subsequent filters as part of their framework. Keras-

RetinaNet includes default filters of 0.5 maximum IoU for NMS, specific to each class, 

and 0.05 minimum confidence score that are applied to each tile during testing, which 

we did not alter. We instead applied additional NMS and confidence thresholds to 

detections after they had been globally referenced, to quantify their effect on gross 

performance. NMS and confidence thresholds each have different filtering effects on 

model detections (Wenkel et al., 2021), so we systematically tested the effects of different 

possible thresholds in combination on an initial set of models to evaluate resulting 

accuracy metrics under these thresholding options. Based on this analysis, we selected 

median threshold values to apply when evaluating the performance of later models. 

2.2.4.4 Performance metrics 

We evaluated filtered model detections against manual annotations for precision 

and accuracy metrics. Globally referenced model detections for test tiles were overlaid 

on globally referenced manual annotations for the same tiles, and a relatively high IoU 

threshold of 0.6 was used to determine whether detections and annotations matched as a 

true positive pair (a true detection and a matched annotation), or if a detection was a 
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false positive (a spurious detection, or error of commission) or an annotation was a false 

negative (an unmatched annotation, or error of omission). We extracted class attributes 

from all detections and annotations to calculate performance by age class, and we 

identified all instances of class confusion from true positive pairs. This evaluation was 

automated using our python module. For each model, and each class, we calculated an 

F-score, a common accuracy metric under given thresholds for object detection, using 

the following equation: 

𝐹₁ =
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 +  
1
2

 (𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 +  𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠)
 

We used this score to evaluate model performance under the different threshold 

parameters and scenarios of training and testing data. 

2.2.5 Training and testing scenarios 

2.2.5.1 Threshold comparison 

We first trained models on a single dataset, H2015, evaluating performance on 

the withheld testing partition and on different entire datasets not used for training. 

Keras-RetinaNet includes randomized components that are reflected in model training 

and performance, so we trained replicate models on the dataset using a ResNet-50 

backbone (n = 5) for our initial exploration of threshold parameters. We calculated F-

scores for each testing scenario under combinations of threshold choices to estimate 

effects of different thresholds for NMS (0.0–0.9) and confidence scores (0.0–0.8) at 
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increments of 0.1. We did not consider confidence thresholds of 0.9 because many 

models yielded no detections above that threshold.  

2.2.5.2 Backbone comparison 

We trained additional models on the H2015 dataset using a ResNet-101 backbone 

(n = 5) or a ResNet-152 backbone (n = 5) to examine whether backbone selection affected 

model performance. We tested replicate models with each of the three backbones on the 

withheld partition of the H2015 dataset and on each entire unfamiliar dataset. We 

calculated F-scores for these scenarios at our selected thresholds of 0.3 maximum IoU for 

NMS and 0.5 minimum confidence score, and we compared these F-scores between 

backbones and test datasets using a one-way analysis of variance (ANOVA) with 

repeated measures for replicates per backbone and Tukey’s honest significant difference 

(HSD) test for post hoc pairwise comparisons. 

2.2.5.1 Diversified training scenarios 

We trained replicate single-survey models (n = 5) on each additional dataset for a 

total of six training scenarios, including H2015, using a ResNet-50 backbone, which we 

selected for its significantly faster training time. We tested each model on either a 

withheld partition of the dataset used for training or on each of the 5 unfamiliar 

datasets. We calculated F-scores at our selected thresholds for NMS and confidence 

score, and we compared these F-scores by training datasets and by test datasets using a 
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one-way ANOVA with repeated measures for replicates per training dataset and 

Tukey’s HSD test for post hoc pairwise comparisons. 

Finally, we trained six diversified models on unique combinations of five 

surveys at a time, withholding one survey for testing, using a ResNet-50 backbone. We 

tested each model on the withheld dataset, and we calculated F-scores at our selected 

thresholds for NMS and confidence score. We did not replicate these models for 

statistical comparison owing to the considerable time that each diversified model 

required for training. 

2.2.6 Error analysis 

Using one example model and test scenario, we systematically examined all 

instances of false positives (detections that did not match a manual annotation), false 

negatives (annotations that did not match a CNN detection), and class confusion 

(detections that matched an annotation with a different class) and classified them by 

visual interpretation. Using shapefiles of each error type, we buffered each erroneous 

detection or unmatched annotation by 4m for spatial context, cropped the error to a 

small tile, visually examined it to identify candidate reasons for model failure, and 

annotated the list of tiles using VGG Image Annotator. We analyzed our highest 

performing diversified scenario—a model trained on the H2015, M2016, S2015, S2016, 

and S2019 datasets and tested on the H2016 dataset—considering that this represents an 

optimal outcome that could realistically occur in our applied research context. 
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2.2.7 Statistical analysis and figures 

We carried out statistical comparisons using R 4.2.0 (R Core Team, 2020) using 

packages “nlme” (Pinheiro et al., 2022) for ANOVAs and “multcomp” (Hothorn et al., 

2008) for pairwise comparisons, and we evaluated significance using α = 0.05. Figures 

were designed using the package “ggplot2” (Wickham, 2016) and “treemap”. 

2.3 Results 

2.3.1 Dataset summary 

Surveys described different temporal samples of breeding populations, with 

variable abundances and pup:non-pup ratios across sites and dates. Each survey 

consequently yielded different amounts and distributions of training data, depending on 

gray seal abundance, habitat occupancy, and social behavior (Table 1, Fig. 2). Annotated 

seals were identifiable based on different features depending on lighting, GSD, land 

cover and terrain relief, especially if shadows were strong. Visual characteristics of 

background classes were similarly diverse depending on lighting, GSD, land cover and 

terrain relief. 

2.3.2 Training durations 

Models took variable amounts of time to train on the same hardware, depending 

on model architecture and the number of epochs needed to reach five stable validation 

scores consecutively (the patience hyperparameter), and the number of steps per model, 

which we fixed to the number of tiles in the training dataset. All models trained on 
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H2015 achieved their best validation score within 8–16 epochs, except for one outlier 

that trained for 22 epochs. Models trained on H2015 using a ResNet-152 backbone took 

the longest to train (mean 22 min per epoch), followed by those using ResNet-101 (mean 

16 min per epoch), and those using ResNet-50 trained the most quickly (mean 13 min 

per epoch). Time per epoch scaled with the magnitude of the dataset being trained, and 

all datasets averaged approximately 5-seconds per tile per epoch using a ResNet-50 

backbone on our hardware (Appendix A). 

2.3.3 Filter parameters 

An example model, trained on H2015 with a ResNet-50 backbone, achieved 

variable performances when applied to the same test dataset under different threshold 

choices for maximum IoU for NMS and minimum confidence score. Model 

performances achieved near-maximum F-scores across a small range of thresholds near 

the optimal combination, decreased with distance from optimal selections, and appear 

more sensitive to confidence thresholding than IoU thresholding (Fig. 3). The same 

model, when additionally tested on 5 unfamiliar datasets, achieved maximum 

performance under different threshold choices depending on the test dataset (Fig. 4). 

Among these scenarios, optimized thresholds occurred within 0.1–0.5 maximum IoU for 

NMS and 0.2–0.7 minimum confidence score, with median values of 0.3 and 0.5, 

respectively. 
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Figure 3: Performance of models under different threshold choices when trained on 
the H2015 dataset and tested on a withheld partition of H2015. Performance is 
reported as F-scores (mean ± s.d.) across replicates (n = 5), and cells are colored to 
reflect the quality of performance: low (redder), intermediate (yellow), or high 
(greener). 
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Figure 4: Filter thresholds that yielded optimal test scores for replicate models (n = 5) 
trained on the H2015 dataset with a ResNet-50 backbone and tested on a withheld 
partition of H2015 (teal) or different entire datasets. Thresholds were systematically 
tested at increments of 0.1 across 0.0–0.9, and a jitter was applied to points to illustrate 
density at shared locations. 

2.3.4 Backbone comparison 

Among models trained on H2015, F-scores varied significantly depending on the 

model’s backbone (F(2,12) = 9.652, p = 0.003): models with a ResNet-152 backbone 

performed significantly higher than those with a ResNet-101 backbone (p < 0.001), but 
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differences were not significant between models with a ResNet-50 backbone and those 

with a ResNet-101 backbone (p = 0.095) or with a ResNet-152 backbone (p = 0.054). F-

scores also varied significantly by the dataset used for testing (F(4,56) = 102.408, p < 

0.001). Model performance on each dataset differed significantly from performance on 

other datasets (p < 0.001, all), with the exception of two pairs of test datasets, M2016 and 

H2016 (p = 0.981) and S2019 and S2015 (p = 0.324), whose model performances were 

statistically similar (Fig. 5). 

 

Figure 5: Performance of models with different backbones trained on the same H2015 
dataset. Performance is reported as F-scores (mean ± s.d.) across replicates (n = 5, each) 
when the model was tested on either a withheld partition of testing data (H2015) or 
different entire datasets. Rug color represents the dataset that was used to train each 
model (H2015). 
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2.3.5 Single-dataset models 

Models trained on individual datasets and tested on other datasets yielded 

highly variable F-scores that differed significantly depending on a model’s training 

dataset (F(5,135) = 42.302, p < 0.001) and depending on the testing dataset to which the 

model was applied (F(5,135) = 65.667, p < 0.001). Models trained on M2016 showed 

statistically similar performance to models trained on H2015 (p = 0.987) and on S2016 (p 

= 0.076), and models trained on S2019 and on H2016 showed similar performance (p = 

0.988); otherwise, different training data yielded models with significantly different 

performances (p ≤ 0.021, all). Model performances on each dataset differed significantly 

from performance on other test datasets (p < 0.001), with the exception of three pairwise 

comparisons: models performed similarly when tested on S2016 and M2016 (p = 0.283) 

or S2019 (p = 0.071), and also when tested on H2015 and S2015 (p = 0.925; Fig. 6). All 

models trained on one dataset and tested on another dataset performed worse than 

models trained and tested on different partitions of the same survey (Fig. 7). 
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Figure 6: Performance of models trained on different single surveys. Performance is 
reported as F-scores (mean ± s.d.) across replicates (n = 5, each) when the model was 
tested on a different entire dataset. Rug and bar colors describe the dataset that was 
used to train each model. 

2.3.6 Multiple-dataset models 

Models trained on multiple datasets and tested on an unfamiliar dataset yielded 

different performances for each scenario. These models consistently performed worse 

than models trained and tested on different partitions of the same survey (Fig. 7) and 

outperformed many but not all models trained on single datasets for each unfamiliar test 

scenario (Fig. 6). Generalized models performed near or above the highest performing 

single-dataset models in 5 of 6 scenarios, being outperformed by the multiple single-

dataset models in one case (S2019).  
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Figure 7: Performance of models trained and tested on partitions of the same dataset 
or multiple different datasets. Each bar represents a different model or replicate series 
trained from distinct training data, and rug colors represent the dataset or datasets 
that were used to train each model. Performance is reported as F-scores or mean F-
scores ± s.d. for replicate models trained on single datasets (n = 5, each). 

2.3.7 Age class comparison 

Multiple-dataset models, tested on entire withheld datasets, showed variable 

performance across non-pup and pup classes (Fig. 8). All models performed similarly or 

better when detecting non-pups (0.82 ± 0.09) than detecting pups (0.63 ± 0.21), with 

greater variance among performances of pup detection. Relative differences between net 

performances of the same models (Fig. 7) more closely resembled differences in pup 

detection than differences in non-pup detection (Fig. 8).  
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Figure 8: Performance of multiple-dataset models by age-class when tested on 
withheld entire datasets. Paired adjacent bars represent the same model and rug 
colors represent the datasets used to train each model (Table 1). 

2.3.8 Error analysis 

An example model with diversified training data (H2015, M2016, S2015, S2016, 

and S2019), when tested on an unfamiliar test dataset (H2016), yielded the highest gross 

F-score of 0.883 among models tested on unfamiliar data. This F-score was composed of 

710 false positive detections, 174 false negative detections, and contained 67 instances of 

class confusion among 3339 detections classified as true-positives (Fig. 9). Pups 

comprised the largest share of both false positive and false negative errors. False 

positives predominantly consisted of rocks or high-contrast terrain features such as 
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hummocks and puddles. Among detections classified algorithmically as false positives, 

we found 70 instances of pups and 16 instances of non-pups erroneously omitted during 

manual annotations. Pup detections omitted by the model appeared to include many 

white pups near ice or snow and molted pups with dark coats, but we identified few 

candidate reasons for non-pup detections missed by the model. Minor contributors to 

false positives (“other”) appeared to include seals in ocean or surf, partial seal shadows, 

logs, dead pups, afterbirth, and patterns in seafoam, and minor contributors to false 

negatives appeared to include rock-like appearance, adults in copulation, partial 

occlusion by an adjacent non-pup, wet pelage, image over-exposure, artifacts from 

orthomosaic processing and analyst errors. Class confusion appeared to occur in some 

cases where large non-pups had light-appearing coats or small pups had dark molted 

coats, though reasons for other cases did not appear obvious. 
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Figure 9: Treemap of classified errors from an example model trained on H2015, M2016, S2015, S2016 and S2019 datasets and 
tested on H2016. Each rectangle’s area is proportional to its abundance, described in parentheses, and errors are hierarchically 
grouped, at the coarsest level (black borders) as false positives (FP), false negatives (FN) or class confusion (CC); at the class level 
(brown borders) as non-pups, pups, or type of class confusion; and at the finest level (white borders) as the identified or 
speculated reason for the error. Errors occurred among 3339 true positives (1172 non-pups, 2167 pups) to obtain an F-score of 0.883 
for this example model.
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2.4 Discussion 

Machine learning promises new scales of data analysis and interpretation for 

wildlife research, but all models entail biases and limitations that must be understood 

and evaluated before they can be deployed effectively and responsibly to new data 

scenarios (Tuia et al., 2022). We used datasets from ongoing aerial surveillance of gray 

seal colonies in the Northwest Atlantic to test the generalizability of a deep learning 

implementation, Keras-RetinaNet, in an applied research and management scenario that 

spans multiple sites, years, and survey conditions. Models trained to detect gray seals 

and classify them as pups or non-pups achieved variable performance depending on the 

training data, testing scenario, and filtering parameters that we applied. Our findings 

suggest few consistent rules for optimal model training and performance, but they 

define some advisory considerations for the use of CNN-based models across wildlife 

datasets, which we provide here alongside tools and recommendations for applications 

with UAS data, and findings specific to gray seal surveillance. 

Deep learning systems can be tuned by a large diversity of conditions and 

hyperparameters, including a choice of frameworks (here, RetinaNet), interchangeable 

subcomponents (here, ResNet backbones), training hyperparameters (here, batch, step, 

epoch, and patience), selection and partitioning of training and validation data, possible 

inclusion and customization of data augmentation (here, not considered), and 

subsequent filtering of detections (here, NMS and confidence thresholding). Among so 
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many options, and the nontrivial amount of time currently required to train and 

evaluate a single model, it is functionally impossible to test every possible combination. 

New frameworks, recommendations and best practices continue to arise in this growing 

field, so the choices of this study do not necessarily reflect optimal or enduring 

recommendations; rather we endeavored to document, justify, and control many of our 

choices to provide a replicable framework and draw insights to guide the deployment of 

this maturing technique with aerial imagery for wildlife detection. Our findings 

illustrate practical outcomes of a common system, when applied in the context of a long-

term pinniped monitoring program. 

2.4.1 Filter thresholds 

A custom NMS implementation was necessary for this application with aerial 

imagery, in order to remove redundant detections that were introduced when we 

spatially referenced detections from overlapping tiles to a global coordinate system. 

Under identical training and testing conditions, an example model’s F-score was 

sensitive to threshold choices for both NMS and confidence filtering (Fig. 3), but optimal 

thresholds for the same model differed depending on the test dataset (Fig. 4). In practice, 

this indicates that proportional amounts of false positive, false negative and true 

positive detections of seals for a given dataset will vary depending on chosen filter 

thresholds. Because these threshold effects were determined from an a posteriori 

calculation of F-scores, requiring both predicted detections and manual annotations, we 
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cannot conclusively recommend a priori choices, given the variance we observed for a 

single model across test datasets (Fig. 4). However, similar applications have used 

validation partition to determine which thresholds yield optimal F-scores (Kellenberger 

et al., 2017), and our findings underscore the importance that such validation partitions 

represent test data if they are to inform choices for optimal model performance. Given 

that these filters can be applied to an unfiltered set of detections as a later step, and that 

filtering requires very little time relative to model training, it is a reasonable 

recommendation that analysts should consider validating multiple threshold choices on 

a representative subsample of testing or validation data to estimate optimal choices and 

expected model performance. Notably, if false-positive detections and redundancies 

from tiling are not a concern, this process can be entirely bypassed or applied minimally 

to maximize the number of true-positive detections from a model. 

Our findings suggest that filter thresholds can likely be estimated within 0.1 of 

the optimal value and obtain similarly high performance (Fig. 3). As a minimum 

recommendation, all examined testing scenarios benefitted from excluding confidence 

scores < 0.2 and retaining detections that overlapped with an IoU of < 0.1, while highest 

thresholds of confidence score (> 0.7) appeared to lower F-score by excluding true 

positives, and highest thresholds of IoU inclusion (> 0.5) appeared to lower F-score by 

retaining false positives introduced by tiling (Fig. 4). IoU sensitivity likely varies among 

study species, as solitary animals are unlikely to occur in such proximity that valid 
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detection boxes overlap, and so a stringent NMS (a lower IoU threshold for suppression) 

might improve detections. However, our dataset of breeding gray seals included many 

instances of adjacent mother-pup pairs and some adult pairs in copulation, so a very 

stringent NMS would exclude such true detections. Our selected thresholds of 0.3 

maximum IoU and 0.5 minimum confidence score represent best estimates from an 

exploratory example (Fig. 4) selected chiefly to standardize our subsequent comparisons 

rather than guarantee optimal filtering. 

2.4.2 Backbone selection 

Among the three ResNet backbones that we tested, differences in performance 

were not significant or were minor relative to the effects of other factors such as the 

applicability of training data for the dataset used for testing (Figs 5 and 6). While 

“deeper” neural networks often yield higher performance in computer vision tasks 

(Feng, Jiang, et al., 2019), some applied scenarios have similarly found that models with 

more layers do not necessarily yield significantly better performance (Bressem et al., 

2020). In this study, we judged that the possible advantage of ResNet-152 (Fig. 5) did not 

justify its longer training rate at 1.7× that of ResNet-50, especially for training models on 

larger datasets, in replicate, and on multiple datasets at a time. Users with more 

powerful or dedicated hardware, fewer tasks, or generous amounts of time might judge 

potential improvements to be worth the time needed to train on deeper network 

architecture. 
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2.4.3 Model generalizability 

Models trained on a single dataset generally performed variably when tested on 

unfamiliar datasets (F-scores of 0.005–0.910, Fig. 6), and unsurprisingly, at consistently 

higher levels when tested on a withheld partition of similar imagery from the training 

dataset (F-scores of 0.712–0.961, Fig. 7). Some combinations of training and testing data 

yielded exceptionally poor results, such as models trained on H2016 and S2019 when 

tested on H2015 and S2015. Visible differences between these training and testing 

datasets include GSD and light contrast, both of which were higher among the two 

training datasets and lower among the two testing datasets (Table 1, Fig. 2). These 

factors appeared to have more influence than site and substrate similarity, since a model 

trained on Hay Island (H2015) achieved highest performance among models tested on 

S2015 and a model trained on Saddle Island (S2016) achieved highest performance 

among models tested on H2015. 

Both H2015 and S2015 received the lowest performances on average across 

unfamiliar single-dataset models (Fig. 6), and from models trained on multiple datasets 

(Fig. 7), and it is unclear whether this reflects an incongruity between training and 

testing data, a general unsuitability of these datasets for this computer vision 

framework, or the relatively small quantities of our training data. H2016 received the 

highest performances on average across unfamiliar single-dataset models (Fig. 6) and 

from models trained on multiple datasets (Fig. 7), which suggests that this dataset was 
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particularly well suited to the detection task and training data of this study. This quality 

of ‘testing well’ in conjunction with its quality of ‘training poorly’ suggests that there 

might be some aspects of H2016 that make its seals consistently identifiable, such that 

they fit a variety of models but limit versatility as training data. 

Two datasets, M2016 and S2016, trained single-dataset models that performed 

higher on average than other single-dataset models and, in the case of S2016, higher than 

a multiple-dataset model when tested on S2019. This suggests that particular qualities of 

these datasets might enhance their quality for training. Both datasets feature moderate 

imagery with moderate contrast in light and shadows and diverse land covers: M2016 

includes sand, mud, grass, scrub and inland ponds, whereas S2016 includes ice, snow, 

forest, and a greater amount of exposed dirt, mud and rock than the other datasets from 

Saddle Island. Notably, they also represent the two datasets with the highest total 

annotations (and the 1st and 3rd most training tiles), which suggests that their larger 

number of annotations, perhaps in conjunction with their variety of background 

substrates, may have trained more versatile models. Sheer abundance of training data 

was not the sole determinant of model performance, however, since all combinations of 

multiple training datasets exceeded the number of annotations in any single dataset, and 

resulting diversified models did not consistently outperform single-dataset models. 

Like single-dataset models, multiple-dataset models performed variably across 

datasets (F-scores of 0.481–0.883, Fig. 7), generally but not always at similar or better 
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performance compared to single-dataset models. Notably, none showed the degree of 

failure observed among select scenarios involving single-dataset models (Fig. 6). We 

therefore suggest that diversified training data does not guarantee higher performance, 

but might rescue a model from the risk of abject failure. Datasets that trained our most 

effective single-dataset models (M2016 and S2016) received high performance from 

models trained on multiple datasets, suggesting that they were perhaps not especially 

challenging datasets for detection. These datasets both included high abundances of 

pinnipeds distributed over a variety of substrates, with some shadows, but of different 

intensity and contrast. H2016 received the single highest performance from a model 

trained on multiple datasets, which again supports the alternative interpretations that 

the dataset is relatively unchallenging for detection or that its contribution to model 

training is lower, given the high performance of a model trained exclusively on other 

datasets. Datasets that received poor performance from single-dataset and diversified 

models included lower GSD (H2015, S2015), high contrast and long shadows (S2019), 

and majority snow and ice substrates (S2015, S2019). 

2.4.4 Age classification 

For many pinnipeds, pup counts provide a valuable index of population 

abundance and change over time (Berkson & DeMaster, 1985). Gray seal pups remain on 

land after their mothers return to sea, so the number of pups at a colony describes the 

cumulative number of breeding females that have given birth up until the time of 
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survey. There is therefore great utility in an automated system that can detect pups with 

high performance. Gray seal pups possess a camouflaged appearance, with their small 

size and white lanugo, compared to larger, darker adults, and this challenges both 

automated and manual methods. All generalized models performed equally or higher at 

detecting non-pups than at detecting pups (Fig. 8), which manifested in our example 

error analysis as a twofold incidence of false negative pups, compared to non-pups, and 

a sixfold incidence of false positives (Fig. 9). A roughly proportional class discrepancy 

was found among analyst errors, which erroneously overlooked 16 non-pups and 70 

pups that were later identified among classified false-positives in our example error 

analysis. During visual inspections we judged that many (though not all) of these pup 

detections would have been challenging for a human analyst to notice among visually 

similar land cover such as snow, ice, rocks, and strongly shadowed terrain, but were 

made obvious by the model’s proposed detection. 

This observation highlights the potential for computer vision to complement 

manual annotation in a framework that is sometimes labeled “augmented intelligence” 

or “human in the loop” design (Sadiku & Musa, 2021). By identifying true detections 

and false positives within a tolerable limit of false negatives, a deep learning framework 

can convert the process of locating, counting and classifying from an attention-intensive 

task of visual scanning and manual labeling to a lower-effort task of accepting or 

rejecting detections. If repeat training can occur at a practical pace, algorithms can 
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leverage transfer learning to incorporate new manual annotations even as they facilitate 

them, providing progressively more useful suggestions through a process called “active 

learning” (Monarch, 2021). New frameworks have been proposed to facilitate this 

integration with deep learning, particularly for the application of computer vision to 

ecological imagery including aerial formats (Kellenberger et al., 2020), and recent 

advancements in computational hardware and software efficiency now enable iterative 

model improvements within the timeframe of manual annotation. 

2.4.5 Utility for population monitoring 

Population assessment was not the primary function of this study, though it was 

the motivating rationale for the collection of these surveillance data, and the variance 

among our datasets demonstrates the importance of context for interpreting gross 

counts. Total abundance and relative abundances of pups and non-pups differed 

between surveys, with likely effects of date, site, and relatedly, sea ice integrity that were 

variably represented among our six datasets. As a function of date and phenology, the 

molt stage of pups was also variably represented among our surveys, and this presented 

a challenge to our models: a dark molted coat was the most common candidate reason 

for pups misidentified as non-pups and the second most common candidate reason for 

pups overlooked by our example model. We judged that insufficient examples were 

present among our datasets to train a separate class, but with more datasets it is possible 
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that a deep learning system could parse molted pups by size and color, to resolve some 

of these errors and to describe the progression of the breeding season. 

For our two-class detection task of detecting pups and non-pups, we conclude 

that this methodology is not sufficiently mature to be deployed without additional 

human effort for validation or oversight, but that it can provide great utility within key 

limitations. Variable performances of the same models across different datasets (Figs 5 

and 6) indicate that error rates, estimated for one scenario, cannot be assumed for the 

same model in a new scenario. Model performance was inconsistent but not random, 

and attempts to generalize model performance by training across datasets appeared to 

attenuate some of the variability across test datasets, but did not rescue it to the level of 

models trained on familiar data partitions (Fig. 7). A neural network requires two chief 

conditions to achieve generalizability: large datasets for training, and test data that are 

similar to the training data (Marcus, 2018). Some ecological applications of deep learning 

have achieved high performance with only a few hundred examples per class (Christin 

et al., 2019), which we exceeded in most individual datasets and all combined datasets 

(Table 1). This suggests that differences between training and testing data, instead, may 

be the primary barrier to higher performance at the levels achieved against familiar data 

partitions. If this is the case, the inclusion of new survey data in the future might 

eventually achieve generalizability, if training examples include a more representative 

diversity of GSDs, land covers and substrates, lighting conditions and shadows that can 
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occur in new datasets. Alternatively, survey teams can target particular conditions, such 

as GSD, time of day, and camera settings, to optimize the quality of a dataset for testing. 

Based on our findings, we suggest H2016, M2016 and S2016 as model conditions to 

target in future gray seal surveys that might receive automated detections from a trained 

CNN, and we speculate that these conditions include higher GSD (< 2.8 cm/pixel), 

moderate or strong light contrast, and a higher sun angle for shorter shadows. 

Variable performance between scenarios suggests that these models are not 

suitable for automated applications, but the F-scores that we observed in high-

performance scenarios suggest that under many practical circumstances such models 

can significantly reduce or transform the task of annotating a novel dataset. Our 

example error analysis demonstrated that a trained model complemented manual 

annotations by identifying 70 pups and 16 non-pups that were overlooked by our 

analyst, representing 3% and 1% of each class’s manual count, respectively (Fig. 9). Once 

coded, our method of error analysis was not effort intensive, and could be further 

simplified to a binary confirmation of false-positive detections, with or without prior 

annotation. We recommend that these, and similar deep learning computer vision 

models, may be applied to facilitate gray seal surveillance by experienced analysts, but 

that models should not be applied without a human in the loop until they are 

sufficiently generalized to achieve predictable rates of error. Even under these 

conditions, however, the costs and benefits of deep learning systems additionally 
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depend on a variety of factors extrinsic to the data, including hardware investment, 

analyst experience, and a steep technical barrier to entry. 

2.4.6 Challenges of implementation 

The implementation of this deep learning system required multiple knowledge 

domains that remain niche, though increasingly common, among wildlife biologists, 

including a familiarity with unix-type operating systems, Python coding and 

interpretation, and at least a high-level understanding of machine learning methods and 

the architecture of convolutional neural networks. Many implementations are available 

for deep learning tasks, but few are ready to use ‘out of the box’. As the field of deep 

learning advances into modular and interoperable architectures, some researchers have 

begun building integrative software and user interfaces to facilitate non-expert adoption 

of these tools (Kellenberger et al., 2020); but there remains a major trade-off between 

time-spent setting up a deep learning system and time-saved by implementing that 

system. Specialized applications like drone-based pinniped surveillance can require 

multiple domains of expertise—for example, high-resolution remote sensing and 

pinniped biology—such that another steep learning curve often places deep learning 

beyond alternative methods such as expert review and citizen science (Salas et al., 2020; 

S. A. Wood et al., 2021). These barriers of expertise underscore the need for increased 

bidirectional collaboration between wildlife scientists and machine learning experts to 

harness this powerful tool for ecological research and conservation (Tuia et al., 2022). 
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In this application, we needed to account for unique characteristics of high-

resolution orthomosaic data to use it with a conventional deep learning implementation. 

Chiefly, this required custom tools to tile data in preparation for annotation and 

training, to balance annotations across data partitions, and then to parse detections back 

into a shared spatial reference to obtain a meaningful count. This last concern is only 

necessary if locational data are needed, since an aggregate count could be modified by 

an adjustment factor if duplication from the tiling process occurs at a relatively 

predictable rate. Some deep learning applications with pinnipeds are only concerned 

with aggregate counts, and regression methods are applied to estimate aggregate 

abundance from oblique aerial imagery (Hoekendijk et al., 2021). But beyond aggregate 

counts, object detection also provides visuospatial data that can facilitate subsequent 

tasks such as distribution modeling, discrimination between classes, and 

photogrammetry, which can sometimes justify its higher data complexity compared to 

regression-based estimation. 

Some of our open-source tools should be useful for any machine learning and 

object detection tasks involving orthomosaics, and others are easily modifiable to 

alternative preferred systems—for example, different annotation formats, bounding 

boxes, and GIS vector outputs. Aerial imagery is a common format of ecological data, 

and object detection is a common task across many visual types of data. As deep 

learning computer vision systems become a more accessible and integrated tool for big 
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data processing, we anticipate a growing need for tools like those we have prototyped, 

accompanied by user interfaces and standard practices, to subset, handle and reassemble 

spatially referenced imagery and annotations for deep learning frameworks. 

2.5 Conclusion 

Deep learning promises new tools to efficiently handle and analyze big data, 

however, ecological systems include complex and diverse types of data, and deep 

learning applications in ecology remain largely experimental, with high technical 

barriers to implementation. We designed and now share tools to integrate the 

framework with spatially referenced large-format aerial data, and we tested a variety of 

possible options and parameters for model training in this framework. We found that 

CNN models trained on one or five datasets of colony surveys did not generalize 

predictably to novel datasets, emphasizing that visually similar datasets can yield 

diverse model performances, and model validation requires data that is representative 

of testing conditions. We recommend that, for many cases in wildlife surveillance, deep 

learning should be used chiefly to complement and transform human annotation effort, 

and not simply replace it. Future advancements in the abundance of training data, 

higher UAS image quality, thermal and multispectral integration (Seymour et al. 2017, 

Sweeney et al. 2020), and new deep learning frameworks might mature this technology 

to higher degrees of generalizability within domains of wildlife research. This will 
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require continued development and sharing of datasets, tools and best practices for 

training and deploying deep learning systems in complex ecological systems. 
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3. Drones reveal spatial patterning of sympatric Alaskan 
pinniped species and drivers of their local distributions 

3.1 Introduction 

Global climate changes are driving major ecological shifts worldwide (Parmesan 

& Yohe, 2003), and the Arctic is experiencing transformations with unprecedented 

environmental and biophysical disruptions (Box et al., 2019). Arctic marine ecological 

communities are restructuring around a poleward shift of species ranges (Kortsch et al., 

2015), and the Arctic-adjacent Bering–Chukchi Sea complex is increasingly stressed by 

anomalously warm water events (Carvalho et al., 2021). These marine heatwaves can 

disrupt entire food webs from the bottom up, cascading into spatial redistributions, 

unusual mortality events, and body condition losses in top predator sentinel species, 

such as seabirds and pinnipeds (Boveng et al., 2020; T. Jones et al., 2019; Kuletz et al., 

2020; Romano et al., 2020). Simultaneously, climate change exposes Arctic fauna to novel 

threats such as invasive species (Chan et al., 2019), disease vectors (Parkinson et al., 

2014) and anthropogenic contaminants (Macdonald et al., 2005), threatening Arctic food 

webs and the human cultures and economies that depend on them. Monitoring of 

sentinel species, such as marine mammals, at ecologically important or vulnerable sites 

can reveal the occurrence and severity of these ecological changes when they occur 

(Bossart, 2011; Fossi & Panti, 2017). Monitoring programs require spatial and temporal 

coverage sufficient to detect meaningful changes, alongside robust understandings of 

specific biology and natural history to accurately interpret those changes. 
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Situated in the central Bering Sea, the Pribilof Islands are a key site for 

monitoring the sea’s ecological health and changes. The five volcanic islands reside near 

the “Bering Sea green belt”, a highly productive region located over the continental shelf 

break (Springer et al., 1996), and the archipelago’s geographic isolation enhances its 

ecological significance among highly productive marine waters (Sinclair et al. 2008). For 

this reason, it hosts large seabird colonies and breeding populations of three species of 

pinnipeds: Pacific harbor seals (Phoca vitulina richardii), the majority of the global 

population of northern fur seals (Callorhinus ursinus), and a small population of Steller 

sea lions (Eumetopias jubatus) belonging to the endangered western distinct population 

segment (National Marine Fisheries Service, 2008). The archipelago also hosts two 

Alaska Native Unanga communities on its largest islands, Saint Paul and Saint George, 

for whom these seabird and pinniped species hold great importance to their culture, 

history, and traditional needs (Torrey, 1983; Veltre & Veltre, 1981). Select species of the 

islands, particularly northern fur seals but including harbor seals and Steller sea lions, 

receive regular research and monitoring from tribal, federal, and academic groups, 

including an Indigenous Sentinels Network operated by the tribal governments on each 

inhabited island. 

Pinnipeds of the Pribilof Islands are studied as sentinel species of the Bering Sea 

ecosystem, reflecting regional shifts in prey abundance and abiotic stressors. Monitoring 

and protection are also prescribed by the United States Marine Mammal Protection Act 
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(MMPA 1972) and the Fur Seal Act (1966). However, the remote location of the Pribilof 

Islands poses logistical challenges to regular population monitoring, particularly of 

Otter Island and Walrus Island, which are less accessible due to their distance from local 

communities and lack of infrastructure. For example, the harbor seal stock of the Pribilof 

Islands has been subject to especially infrequent monitoring since this population chiefly 

uses Otter Island for terrestrial habitat. Sparse surveys of Otter Island documented a 

decline of 83% between 1974 (1,250 seals) and 1995 (244 seals), and a further decline by 

2010 (212 seals; Withrow & Jemison, 2016), but the infrequency of these surveys yielded 

insufficient data to estimate a current population trend until the survey described in this 

study (Muto et al., 2020; Richmond et al., 2019). 

Pinnipeds use haul-outs for a variety of critical terrestrial behaviors that include 

breeding, molting, resting, and socialization (Montgomery et al., 2007), and Otter Island 

is used for such purposes by Pribilof harbor seals: historical accounts describe the island 

as a breeding site (Kenyon, 1962) and mother–pup pairs have recently been documented 

in drone surveys conducted during the breeding season in 2019 (Divine et al., 2019). 

Historically, Otter Island was also a large fur seal haul-out for as many as 3000–4000 

non-breeding males (Elliott, 1882), but during the commercial sealing era, laborers 

periodically cleared these haul-outs with the intent to relocate males to adjacent islands 

for sealing, leading to abandonment of the island until 1917 when a lone adult male was 

sighted (Hanna, 2008). An absence of studies or records thereafter conceals any trends 
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on the island until 1974 when 10 individuals were sighted and, co-occurring with the 

region’s decline in harbor seals, by 1995 1,774 fur seals were present on Otter Island 

(Withrow & Jemison, 2016). Concomitantly, during 1972–2014 northern fur seals 

experienced a long-term decline of ∼66% throughout the Pribilof Islands (Gelatt et al., 

2015), with pup production further decreasing approximately 3.7% during 2016–2018 (R. 

Towell et al., 2019). Similarly, Steller sea lions in the Pribilof Islands represent only a 

token of their historical population, estimated to number more than 15,000 in 1786 

(Kenyon, 1962); the 2015 survey efforts by contrast counted just 337 non-pup individuals 

and 48 pups throughout the Pribilof Islands, including 13 non-pups on Otter Island 

(Fritz et al., 2015). 

Otter Island exemplifies key challenges of species monitoring, being remote, 

frequently subject to hostile weather, and host to species that are easily flushed. Such 

circumstances severely limit conventional ground and aerial survey techniques, but 

remote sensing technologies can mitigate these challenges, increasing access and 

unlocking new scales of coverage and spatial context for animal research (Leeuw et al., 

2010; McDermid et al., 2010). Inexpensive and portable unoccupied aircraft systems 

(UASs or drones) particularly lower the barriers to aerial surveys of remote and 

inaccessible locations with minimal disturbance (e.g. Arona et al., 2018). Simultaneously 

they provide high-resolution data products that reveal ever finer dynamics of animal 
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movements, distributions, and population changes, informing past observations and 

future predictions of key sites and species (Chabot & Bird, 2015). 

This study leverages spatial data products from a UAS survey of Otter Island 

(Fig. 10) to count and map the three at-risk pinniped species that cohabitate the island as 

a seasonal haul-out site. Using UAS surveillance and photogrammetric techniques, we 

locate pinnipeds in the three-dimensional context of their haul-out sites, we characterize 

terrestrial habitat associations for each pinniped species, and we model how terrain and 

social factors might influence fine-scale site selection and distribution of the most 

abundant species, harbor seals and northern fur seals. The observed relationships 

among these sympatric species in a shared landscape reveal similarities and differences 

in non-breeding habitat use and suggest potential drivers for haul-out site selection in 

this remote but ecologically important habitat.
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Figure 10: Location of the Pribilof Islands (right) and Otter Island (red inset, left), featuring the UAS flight path (yellow) 
over a targeted region of interest (purple) from a UAS survey over sympatric haul-outs of northern fur seals, harbor seals, 
and Steller sea lions on the island’s north coast. Map created using ArcGIS Pro 2.6.1; world-map credit: National 
Geographic and Esri; satellite imagery credit: GeoEye, Maxar.
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3.2 Material and methods 

We carried out surveys of Otter Island (Fig. 10) on 3 September 2018 using two 

fixed-wing UASs equipped with visible-light (RGB) and thermal infrared (TIR) camera 

systems (equipment details in Appendix B). UAS imagery was collected at a low enough 

ground sample distance (GSD) in each spectral range that individual pinnipeds could be 

discriminated against background substrates, classified to species by shape and color, 

located precisely within the landscape, and counted. Counts and derived estimates from 

these data are now included in National Oceanic and Atmospheric Administration 

(NOAA) records (Boveng et al., 2019; Muto et al., 2020; Richmond et al., 2019).  

3.2.1 Study sites 

UAS surveys were flown over the entirety of Otter Island and regions of interest 

(ROIs) on the north and south coasts where pinnipeds were identified (Fig. 11; survey 

details in Appendix B). All flights were conducted during 1400–1630 AKDT, 

corresponding to a cresting mixed semidiurnal high tide of 0.45–0.56 m above mean 

lower-low water (0.54–0.43 m below mean higher-high water), or 0.67–0.78 m above the 

North American Vertical Datum of 1988 (NAVD88) as recorded at Village Cove, Saint 

Paul Island. The seasonal timing of the survey was estimated as peak molting season for 

harbor seals and just before the molting season for northern fur seals and Steller sea 

lions.
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Figure 11: Orthomosaic products of Otter Island. UASs were used to survey (a) the 
whole island in RGB imagery, and ROIs were identified along the north and south 
coasts (red polygons). UASs were then used to survey these regions in synoptic (b) 
RGB imagery and (c) TIR imagery, which were used in conjunction to identify and 
count pinnipeds. Orthomosiacs created using Pix4Dmapper 4.3; map created using 
ArcGIS Pro 2.6.1. 
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 3.2.2 Ethics 

Research was conducted under NMFS Permit number 19436 and Alaska 

Maritime National Wildlife Refuge Research and Monitoring Special Use Permit number 

74500-18-021. 

3.2.3 Photogrammetric data preparation 

Image sets from UAS surveys were processed using Pix4D software to create 

RGB and TIR orthomosaic products (Figs 11b and 11c) and a digital surface model 

(DSM) of the entire island. Orthomosaics were manually examined and edited to remove 

artifacts, and then were co-registered using ArcGIS Pro 2.6.1 to align the two mosaics as 

closely as possible (details on UAS imagery processing, editing, and alignment in 

Appendix B).  

3.2.4 Preliminary data evaluation 

Using the edited, co-registered, and overlaid RGB and TIR mosaics, an expert 

analyst identified all pinnipeds at each site, identifying animals based on shape and 

color in each RGB orthomosaic and by heat signature in the corresponding TIR 

orthomosaic, and classifying species based on shape, size, color, and posture (Fig. 12). 

Counting was conducted in ArcGIS by placing a point feature at the approximate center 

of the body of each discernible animal and alternating the display between orthomosaic 

layers (RGB and TIR) to corroborate or reject the detection; uncertain detections were 

discarded. 
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Figure 12: Examples of species identified on the north coast of Otter Island in RGB 
imagery (top) and TIR imagery (bottom). Species include harbor seals (Phoca 
vitulina), northern fur seals (Callorhinus ursinus), and Steller sea lions (Eumetopias 
jubatus). TIR imagery was used chiefly to locate and confirm animal presence, and 
RGB imagery was used to additionally discriminate individuals among clusters and 
identify species. Layout created using ArcGIS Pro 2.6.1. 

3.2.5 Spatial data generation 

From the DSM of the island and the point set of pinniped locations, we generated 

a suite of 2-m raster data products to describe the habitat characteristics of Otter Island 

as topographic predictors (Fig. 13): ‘Aspect’, ‘Elevation’ (relative to NAVD88), ‘Slope’, 

‘Distance from shore’ (three-dimensional surface), ‘Rugosity’ (arc–chord ratio rugosity 
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index; Du Preez, 2015), and ‘Sky view factor’ (an index of topographic openness); and as 

two dynamic biological predictors: ‘C. ursinus proximity’ and ‘P. vitulina proximity’ 

(distance between a given cell and the closest individual of each species, respectively). 

We considered these variables to be biologically relevant to all three pinniped species, 

though to different degrees: we expected that elevation, slope, distance from shore, 

rugosity might affect the energetic cost of locomotion or create functional barriers to 

habitat access; we expected that different aspects, distances from shore, rugosity values, 

and sky view factor might influence thermoregulation by modulating exposure to wind, 

sea-spray, and insolation; and we expected that C. ursinus proximity and P. vitulina 

proximity might enable potential social dynamics of conspecific and interspecific 

interactions.  
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Figure 13: Habitat products of Otter Island derived from a photogrammetric DSM, 
describing topography and species distribution on the island. DSM created using 
Pix4Dmapper 4.3; map created using ArcGIS Pro 2.6.1.  
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Topographic products were generated at a 2 m resolution, this being considered 

a scale germane to the body size and terrestrial locomotive ability of all three species. All 

regions seaward of the surf-line, and inland water features were omitted. All variables 

were derived from the DSM using ArcGIS Pro 2.6.1 (details in Appendix B), with the 

exception of ‘Sky view factor’ which was derived using System for Automated 

Geoscientific Analyses (SAGA) 7 (Conrad et al., 2015). Species proximity data were 

generated as either raster products, using the distance accumulation tool in ArcGIS, for 

background pseudoabsence data, or as point values using the “nndist” function in the 

“spatstat” R package (Baddeley & Turner, 2005) for identified presence locations. 

We excluded ‘Sky view factor’ from spatial analysis because it correlated 

significantly with ‘Slope’ across the entirety of Otter Island (Table S1), so we 

preferentially used ‘Slope’ as the more parsimonious predictor. ‘E. jubatus proximity’ 

was not considered for spatial analyses because the species had a limited presence in the 

landscape (12 individuals in a single thigmotactic cluster), but all three species were 

used to calculate descriptive statistics of their local haul-out sites. Descriptive statistics 

were calculated for the locations of each species and described as mean ± standard 

deviation or, for ‘Aspect’, as μ, κ parameters from a maximum likelihood estimation of a 

von Mises distribution calculated using the “circular” R package (Agostinelli & Lund, 

2017), where κ is a measure of concentration and κ = 0 indicates a uniform (not 

concentrated) distribution of values around μ. 
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3.2.6 Spatial modeling 

We tested the potential influence of terrestrial habitat qualities on seal presence 

by modeling the probability of pinniped occurrence in response to the derived spatial 

variables, and we conducted these statistical analyses using R 4.0.2 (R Core Team, 2020). 

To fit these models, we created a presence–absence dataset for each of our two focal 

species. For presence locations (response variable = 1) we used the points located by 

visual inspection for C. ursinus (n = 511) and P. vitulina (n = 132), respectively, and for 

pseudoabsence locations (response variable = 0) we used a commensurate quantity of 

background points randomly generated across background data. We applied spatial 

constraints to background data for each species, with the concern that pseudoabsences 

sampled from too large of a background area can yield highly accurate but 

uninformative models, as in the common modeling example “no polar bears live in the 

tropics” (Barve et al., 2011; VanDerWal et al., 2009). As an estimate of relevant 

background habitat, we generated pseudoabsence points only within 2× the maximum 

observed distance from shore for each species (C. ursinus, 242.2 m; P. vitulina, 28.2 m). 

We also ensured that pseudo-absence points were not generated in cells that contained 

presence points for the species being considered. For all points we extracted raster 

values for each predictor variable or, in the case of conspecific distance at presence 

points, we used the ‘nndist’ function to quantify and assign for each seal location the 

planar distance to its nearest neighboring conspecific. 
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We first explored data using generalized additive models (GAMs) because they 

can model response variables with non-Gaussian error distribution models, and they 

incorporate smoothing functions to allow the modeling of non-linear relationships that 

commonly occur in ecological systems, such as our dataset’s cyclic ‘Aspect’ variable. We 

generated GAMs using the “mgcv” R package (S. N. Wood, 2017) with a binomial error 

distribution and a logit link function. GAMs used the following structure: 

log 𝑖𝑡(𝑝)  =   𝑐 + 𝑓 (𝑥 )  +  𝑓 (𝑥 )  +  … 

where 𝑝 is a probability parameter denoting a binary outcome of species 

occurrence (1) or pseudoabsence (0) with a binomial distribution given 𝑐, an estimated 

constant, and 𝑥 , habitat predictor variables modified by estimated smoothing functions, 

𝑓 . All predictors were smoothed using thin plate regression splines, except ‘Aspect’ 

which was smoothed using cyclic cubic regression splines, and we used the maximum 

likelihood (ML) method for smoothness selection. 

We generated species-specific local distribution models using partitioned C. 

ursinus and P. vitulina data subsets from our animal counts. We first attempted to 

generate models using only terrain characteristics as predictors, and then included 

dynamic biological predictors derived from a posteriori identified animal locations. 

Model residuals were tested for spatial autocorrelation using Moran’s I with the 

“spdep” R package (Bivand & Wong, 2018) and by examining semivariograms 

generated and modeled using the “gstat” R package (Pebesma, 2004). Models that met 
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the assumption of spatially independent residuals were subsequently backward selected 

according to the ad hoc criteria outlined by Wood & Augustin (2002), stepwise 

eliminating the term with the highest estimated p-value that matched all three criteria. 

We compared models by their ML scores instead of their generalized cross validation 

scores, as appropriate for our fitting method. Significance of each term in a fitted model 

was evaluated as its estimated p-value with α = 0.5. Model selection was concluded 

when no remaining terms fit elimination criteria. If all terms in a selected model were 

estimated to be significant linear relationships (estimated degrees of freedom = 1) we 

then fit the identical generalized linear model (GLM) including only those predictors in 

our final model with the following structure: 

log 𝑖𝑡(𝑝)  =   𝑐 +  𝑏 𝑥  +  𝑏 𝑥  + … 

where 𝑝 is again a probability parameter denoting a binary outcome of species 

occurrence (1) or pseudoabsence (0) with a binomial error distribution, given 𝑐, an 

estimated constant, and 𝑥 , habitat predictor variables as selected from candidate GAMs, 

now modified by estimated linear coefficients, 𝑏 . For each model and variable we 

calculated marginal effects of the means using the ‘ggpredict’ function in the “ggeffects” 

R package (Lüdecke, 2018), and we plotted these using ggplot2 (Wickham, 2016). 
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3.3 Results 

3.3.1 Descriptive statistics 

Visual inspection of RGB and TIR imagery identified 511 northern fur seals, 132 

harbor seals, and 12 Steller sea lions across the north coast haul-out areas of Otter Island 

and 20 additional harbor seals on the south coast (Fig. 14). Northern fur seals sprawled 

inland across a single haul-out field, harbor seals were generally clustered in scattered 

haul-out sites near the surf zone, and Steller sea lions clustered in a single thigmotactic 

group near the surf zone. Extracted values from derived spatial products (Fig. 13) 

quantitatively described habitat associations for each species (Table 2).
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Figure 14: Locations of hauled out pinnipeds on the north and south coast of Otter Island, detected visually using synoptic RGB 
and TIR imagery. Orthomosiac created using Pix4Dmapper 4.3; map created using ArcGIS Pro 2.6.1
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Table 2: Descriptive statistics of each species identified and located in haul-out areas 
on Otter Island (µ, κ for aspect, or mean ± standard deviation for all other variables): 
northern fur seal (C. ursinus, n = 511), harbor seal (P. vitulina, n = 132) and Steller sea 
lion (E. jubatus, n = 12).  

 Variable C. ursinus P. vitulina E. jubatus 

Aspect 304.8°, 1.2 31.4°, 0.5 277.5°, 0.6 
Distance to shore 53.2 ± 26.1 m 3.7 ± 2.8 m 3.4 ± 1.0 m 
Elevation 4.6 ± 2.4 m 0.6 ± 0.5 m 1.7 ± 0.1 m 
Slope 5.3 ± 4.1° 6.4 ± 4.6° 5.5 ± 2.6° 
Rugosity 1.02  ± 0.04 1.08 ± 0.07 m 1.05 ± 0.09 m 
C. ursinus proximity 2.0 ± 2.8 m 172.3 ± 159.0 m 43.0 ± 2.2 m 
P. vitulina proximity 84.3 ± 25.9 m 2.7 ± 10.3 m 12.2 ± 0.9 m 
Sky view factor* 0.99 ± 0.01 0.96 ± 0.06 0.99 ± 0.00 
E. jubatus proximity* 113.9 ± 37.9 m 273.1 ± 163.6 m 1.0 ± 0.3 m 

*Variables were not included in modeling: Sky view factor was excluded due to 
collinearity with slope, and E. jubatus proximity was excluded due to the species’ 
limited presence in the landscape. 

 

3.3.2 Candidate models 

GAMs that modeled ‘Probability of P. vitulina occurrence’ and ‘Probability of C. 

ursinus occurrence’ in response to only terrain characteristics (‘Aspect’, ‘Distance from 

shore’, ‘Elevation’, ‘Rugosity’, ‘Slope’) yielded candidate models that were unsuitable 

owing to significant autocorrelation among residuals. This was confirmed in variograms 

of these candidate models (Appendix B, Figs S1 and S2), which revealed strong positive 

relationships between semivariance and distance between points. GAMs including both 

terrain characteristics and dynamic species distributions (‘P. vitulina proximity’, ‘C. 

ursinus proximity’) yielded suitable candidate models for ‘Probability of C. ursinus 
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occurrence’ (92% deviance explained, ML score = 56.739) and for ‘Probability of P. 

vitulina occurrence’ (76.1% deviance explained, ML score = 43.661) without significant 

spatial autocorrelation among residuals (p = 0.79 and p = 0.80, respectively).  

3.3.3 Selected models 

Backwards stepwise selection reduced each candidate model to only significant 

effects, all of which were estimated to be linear relationships; from these we fitted GLMs 

that included only the selected variables. The final selected model describing 

‘Probability of C. ursinus occurrence’ included ‘C. ursinus proximity’, ‘Rugosity’, and 

‘Elevation’ as significant linear predictors (Table 3), with ‘C. ursinus proximity’ 

conferring the largest marginal effect, followed by minor effects of ‘Rugosity’ and 

‘Elevation’ (Fig. 15). The final selected model describing ‘Probability of P. vitulina 

occurrence’ included ‘P. vitulina proximity’ and ‘Slope’ as significant linear predictors, 

with ‘P. vitulina proximity’ also conferring the largest marginal effect, followed by a 

smaller marginal effect of ‘Slope’ (Table 4, Fig. 16). 

 

Table 3: Coefficients for the selected GLM of the probability of C. ursinus occurrence 
in response to terrain and conspecific distribution.  

 Variable Estimated coefficient SE z-value p-value 

Intercept 16.07 5.34 3.01 2.63 × 10-3 
C. ursinus proximity -0.28 0.04 -6.73 1.65 × 10-11 
Rugosity -9.82 4.90 -2.00 4.52 × 10-2 
Elevation -0.28 0.09 -3.04 2.34 × 10-2 
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Figure 15: Marginal effects of the mean for the selected GLM of C. ursinus occurrence. 
Significant effects include (a) C. ursinus proximity, (b) rugosity, and (c) elevation with 
95% confidence intervals (shaded) in. 

Table 4: Coefficients for the selected GLM of the probability of P. vitulina occurrence 
in response to terrain and conspecific distribution. 

Variable Estimated coefficient SE z-value p-value 

Intercept 3.46 0.49 7.03 2.14 × 10-12 
P. vitulina proximity -0.13 0.04 -2.13 3.29 × 10-2 
Slope -0.08 0.02 -5.54 3.11 × 10-8 
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Figure 16: Marginal effects of the mean for the selected GLM of P. vitulina 
occurrence. Significant effects include (a) P. vitulina proximity and (b) slope with 95% 
confidence intervals (shaded) in. 

 

3.4 Discussion 

3.4.1 Distributional characteristics of haul-out sites 

Distribution modeling techniques at an ultra-fine scale revealed differential 

drivers of habitat selection and haul-out structure for non-breeding harbor seals and 

northern fur seals at Otter Island. Conspecific proximity positively predicted occurrence 

of each species more than any terrain characteristic, and both species also showed 

terrain affinities, with harbor seal haul-out sites associated with low terrain slope, and 

northern fur seal haul-out sites associated with low elevations and smooth terrain 

complexity. Between the species, terrain had a marginal effect on harbor seal occurrence 

that was orders of magnitude larger than marginal effects of elevation and rugosity 

observed for northern fur seal occurrence (Figs 15 and 16). 
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The primacy of conspecific attraction in our models agrees with the documented 

importance of conspecific proximity and interactions among each species at haul-out 

sites. Male northern fur seals engage in a variety of social behaviors in non-breeding 

haul-outs that appear critical to their behavioral ontogeny (Gentry, 1997). Harbor seals, 

by contrast, show very passive conspecific attraction, persistently grouping in an 

apparent antipredator strategy (J. da Silva & Terhune, 1988; Godsell, 1988; Krieber & 

Barrette, 1984) whose benefits accrue with group size up to about 10 individuals 

(Terhune, 1985), though some sites continue recruiting until viable terrain is apparently 

saturated (Krieber & Barrette, 1984). 

Contrary to our fitted model (Fig. 16a, Table 4), harbor seals do not preferentially 

select sites at minimum distance to neighbors, but frequently show aggression to 

conspecifics that approach within a body-length (Krieber & Barrette, 1984; Sullivan, 

1982). The absence of this minimum spacing likely reflects limiting aspects of our 

modeling: the spatial scale of our input data, which did not resolve distances smaller 

than 2 m; the afield distribution of pseudoabsence points; and the penalization of 

‘wiggliness’ used during GAM exploration, which selected toward a linear relationship 

between variables. A more targeted, spatially precise analysis of social structuring in 

haul-outs may reveal how antagonistic conspecific interactions produce patterns of 

individual spacing amid site selection, which are visible in imagery (Figs 12 and 14) but 

not our selected models (Fig. 16).  



 

97 

3.4.2 Physical characteristics of haul-out sites 

Past literature includes many qualitative descriptions of pinniped haul-out sites 

and their characteristics, here complemented by quantitative measurements of fine-scale 

habitat characteristics and modeling from photogrammetric data products. Harbor seal 

haul-outs generally occur on near-shore substrates, including sandbanks, mudflats, 

gravel, glacial ice when available and rocky reefs, platforms and outcroppings (Eguchi & 

Harvey, 2005; Reder et al., 2003; Stewart, 1984; P. M. Thompson, 1989; P. M. Thompson 

et al., 1989; Yochem et al., 1987), with a possible preference for rock substrates 

(Montgomery et al., 2007). Shoreline substrates on Otter Island generally consisted of 

rock platforms/outcroppings and cobblestone beaches, though sandy beaches are found 

elsewhere in the Pribilof Islands. Elliott (1882) describes harbor seal haul-outs in the 

Pribilof Islands as “detached water-worn rocks” and “the margin of the surf-wash”. 

Such qualities and features may be quantified and characterized through a more 

nuanced synthesis of topographic products, like those considered in this analysis, and 

interpreted land cover from the orthomosaic, but such targeted analyses were not within 

the scope of the current study. 

Our findings that harbor seals selected sites with low slope (6.4 ± 4.6°; Table 2) 

and that probability of occurrence decreases at higher slopes (Table 4) matched 

qualitative descriptions of harbor seals in Humboldt County, California, which 

preferentially selected sloping profiles that facilitate landing (Sullivan, 1980). The same 
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account describes harbor seals avoiding waves and sea spray, which was not apparent in 

any aspect preference in our survey (κ = 0.5), but notably the same low wind conditions 

that enable UAS deployment might entail low waves and sea spray. 

Curiously, ‘distance from shore’ did not significantly predict harbor seal 

occurrence at Otter Island, despite the very limited and inefficient terrestrial mobility of 

this species (Garrett & Fish, 2015) and their described preference for water-adjacent 

haul-out sites (Elliott, 1882; Sullivan, 1980; Terhune & Brillant, 1996). But rather than a 

general rule of the species, this might reflect spatial context of Otter Island, where most 

coastline consists of steep bluffs that abut the surf zone, proximal to the water but 

inaccessible to harbor seals owing to steep slopes and high elevation gain. Given that P. 

vitulina pseudoabsences were generated within 28 m of the surf zone, many absences 

occurred on steep inclines with variable distance from shore, and inland flats were not 

abundant among background data; slope may therefore represent the most 

parsimonious if not mechanistically complete explanation of harbor seal site selection. 

Spatial analysis of alternative haul-out locations, such as beaches, mudflats, and other 

consistently low-lying coastal topographies, might better distinguish preferences and 

restrictions associated with phocid locomotion in the absence of slope limitations. 

Notably, because terrestrial haul-out sites of harbor seals are often within or 

adjacent to intertidal zones, inundation of potential resting sites during high tides and 

storms can yield decreased harbor seal attendance. Tides were relatively high at the 
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survey time of this study, which likely resulted in lower counts and restricted viable 

habitat for harbor seals. For all pinnipeds and especially phocid species, it is also likely 

that terrestrial site selection is influenced significantly by the adjacent marine–terrestrial 

interface, possibly even more so than by in situ topographic characteristics. Some harbor 

seals appear to prefer haul-out sites near deep water (Montgomery et al., 2007), but most 

investigations consider bathymetry chiefly as it affects seals’ marine foraging 

environment, and not their near-shore access and locomotion. Though not explored in 

this analysis, UAS techniques under ideal survey conditions can describe shallow, near-

shore bathymetry (David et al., 2021), and special treatment of intertidal zones may be 

appropriate for phocid site-selection models. 

Fewer accounts describe haul-out locations of northern fur seals and Steller sea 

lions. Rookery and haul-out sites of Steller sea lions are described as generally rocky 

shorelines and wave-cut platforms (Loughlin, 2009), which fits the occurrence of the 

single cluster of Steller sea lions detected in this survey at a low-slope, low-elevation, 

near-shore rock outcropping (Fig. 14, Table 2). Otariids as a clade favor rock, sand or 

shingle beaches in exposed shorelines for breeding (Gentry, 1997), which might also 

generally characterize non-breeding haul-out sites. Indeed, non-breeding haul-outs of 

northern fur seals have occasionally recruited into breeding sites (Lee et al., 2018; Lloyd 

et al., 1981), and conversely rookeries can degrade into non-breeding haul-outs (Gentry, 

1997). A recolonized rookery of northern fur seals in the South Farallon Islands, 
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California, is described as granite, cobble, talus, and gravelly sand substrates amid a 

landscape of spires, slopes, and flats (Lee et al., 2018). Considering the complex social 

and reproductive dynamics that occur in rookeries, it would be expected that rookeries 

recruit to more stringent environmental criteria than non-breeding haul-outs, so the 

latter may be less restricted. Elliott (1882) describes non-breeding male fur seals in the 

Pribilof Islands as roaming widely, as far as a mile inland, and in some sites ascending 

steep slopes to high elevations. 

In this case of Otter Island, northern fur seal locations reveal general ranges of 

habitat selection extending farther inland and to higher elevations than harbor seals or 

Steller sea lions (Table 2), even though modeling indicated a slight preference for lower 

elevations (Fig. 15c). This might also reflect the distribution of C. ursinus 

pseudoabsences, which ranged up to 242 m inland to hilly sites where elevation, more 

than any other variable, may have discouraged access. Amid the topography of Otter 

Island, northern fur seals largely selected low-lying flats, contributing to our model’s 

predictions toward low elevations with low rugosity (Figs 15b and 15c). 

Still, these terrain preferences are relatively trivial, for example, when compared 

to the marginal effect of slope on probability of P. vitulina occurrence (Fig. 16b), 

suggesting that terrain hardly limits northern fur seals by comparison. This finding 

corroborates the relative agility of fur seals, which are able to locomote quadrupedally 

over land—in stark contrast to harbor seals whose terrestrial locomotive movements are 
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limited to body flexion (Garrett & Fish, 2015). Given that our ROI consisted largely of 

terrain accessible to fur seal locomotion by one route or another, it is possible that 

analysis covering a greater diversity of northern fur seal haul-outs and adjacent 

boundaries might better capture the range and limits of northern fur seal occupancy 

amid the prevailing influence of conspecific attraction. 

3.4.3 Additional possible predictors 

Selected models for both harbor seals and northern fur seals did not retain any 

terms to account for interspecific exclusion; this was surprising given the apparent 

segregation that occurred between harbor seal haul-out regions and the northern fur seal 

haul-out region along the north coast (Fig. 14), and past reports of harbor seals avoiding 

sites frequently disturbed by sympatric otariids (Sullivan, 1980). In the setting of Otter 

Island, however, many northern fur seals occupied an inland field that was generally 

inaccessible to harbor seal locomotion. Additionally, our model did not differentiate 

persistent and ephemeral animal presence, and some northern fur seals were recorded in 

close proximity to hauled out harbor seals, even though they appeared to be active in the 

surf zone and not necessarily a persistent presence. Sampling from a greater diversity of 

haul-out sites and sustained observations over time might therefore reveal interspecific 

influences not evident in this instantial UAS survey. 

Other temporally dynamic factors could also influence haul-out composition in 

ways not represented in a single record of imagery. Both harbor seals and northern fur 
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seals show high site fidelity—though non-breeding male fur seals do move between 

preferred haul-out sites—and conspecific recruitment can occur throughout their multi-

day haul-out durations (Gentry, 1997; Yochem et al., 1987). It is therefore likely that prior 

site occupation is a predictor of future site occupation across scales of days and 

potentially years. For this reason, both conspecific and interspecific dynamics might 

better be modeled through time-lagged components from surveys across multiple visits 

rather than a single survey’s summary. Sustained observations across time could also 

capture the local importance of dynamic environmental and circumstantial variables 

such as weather, diel cycle, and seasonality, all of which are known to influence 

northern fur seal attendance (Gentry, 1997), and tides, which affect harbor seal site 

attendance (Simpkins et al., 2003; Stewart, 1984; Watts, 1996). Consequently, the models 

of this analysis are most specifically applicable to the conditions under which our survey 

took place and may not necessarily generalize to different circumstances that might 

motivate differential uses of the landscape for purposes such as behavioral 

thermoregulation. Additionally, distributional modeling is a scale-sensitive technique, 

and it is possible that variables smoothed or resampled to coarser resolutions would 

highlight different relationships at landscape scales. This reason therefore qualifies our 

findings to the spatial scale of our analysis—approximately that of individual adult 

pinnipeds. 
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Disturbance represents a major site-specific driver that, presently absent on Otter 

Island, could critically influence haul-outs threatened by humans and other predators. 

Anthropogenic disturbance can cause harbor seals to avoid locations (Allen et al., 1984; 

Montgomery et al., 2007; Sullivan, 1980) or shift their diel activity (London et al., 2012)—

or, alternatively, cause no discernible effects at all (Renouf et al., 1981). Occasional 

anthropogenic disturbance is thought to minimally affect northern fur seal site selection, 

since many sealing grounds remained occupied through two centuries of regular 

disturbance and mortality (Gentry, 1997), but chronic removal did appear to induce 

abandonment of Otter Island by northern fur seals in the 19th and early 20th centuries 

(Hanna, 2008). Periodic or infrequent anthropogenic disturbance, therefore, represents 

an unlikely driver of northern fur seal haul-out selection or avoidance, but site 

abandonment remains possible in response to higher frequencies and intensities of 

disturbance. Additionally, reduced densities in a declining population could reveal 

sensitivities once masked by high-density effects, like the conspecific attractions that we 

observed. 

3.4.4 Limitations and future applications 

For both species, selected models did not retain some terms that are generally 

known to be biologically important for the species; for example, the importance of 

elevation and distance from shore were not evident in our selected model of harbor seal 

locations, despite the species’ limited mobility and flight-ready disposition. Such 
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findings illustrate limitations of our modeling approach, where finite presence data and 

choice of pseudoabsence data can constrain the possible outcomes of model selection. 

Although we checked all variables for collinearity, cooccurrence of habitat variables at 

localized regions or scales could obscure nuanced effects, especially in a linear model 

structure. Wider sampling of haul-out sites across a variety of locations would better 

capture the plasticity and limitations of pinniped terrestrial habitat use for model 

training; diverse selections of background or pseudoabsence locations might 

discriminate further conditions of unsuitable habitat; and, conversely, more constrained 

pseudoabsences could describe topographic preferences within the aggregating 

influences of conspecific attraction. The models described in this paper, while 

informative, are one of many analytical interpretations possible for such fine-scale 

spatial data. 

Beyond the scope of this dataset, repeat surveys spanning a variety of diel and 

seasonal conditions would provide more complete and robust characterizations of 

pinniped habitat preferences and limitations at Otter Island and similar sites. Surveys of 

additional nonbreeding haul-out sites would be necessary to further describe pinniped–

habitat relationships at the scale of species traits. Critically, the patterns described by 

this analysis unfold only within the greater context of distribution and abundance at a 

population scale, where haul-out and rookery sites are chiefly selected according to 

basal organismal needs that are generally determined by their marine context, such as 
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forage availability, thermal tolerance, and predator avoidance (Gentry, 1997; Liwanag, 

2010; Montgomery et al., 2007). But nested within these patterns, local dynamics 

determine how coarse changes manifest through patterns of individual behaviors within 

a landscape. As large-scale population trends unfold through survival, mortality, 

immigration and emigration, fine-scale spatial analyses can inform how individual 

habitat selections scale into herd dynamics and population trends across regional habitat 

gradients. 

3.5 Conclusion 

Ever finer scales of remotely sensed data are creating new opportunities to 

characterize species abundances and distributions at the level of individual organisms 

and their behaviors. In the example of this study, models of distributed pinnipeds across 

haul-out habitats on Otter Island revealed key specific insights that harbor seal and 

northern fur seal distributions are each shaped primarily by conspecific attractions and 

secondarily by terrain associations, with greater terrain limitations for harbor seals than 

fur seals. Our findings corroborate many qualitative descriptions of these sentinel 

species, but critically establish first-of-their-kind quantitative characterizations and 

statistical insights that can inform observed distributions and habitat selection of these 

dynamic populations. Amid drastic biogeographic shifts in the Bering Sea ecosystem 

and others worldwide, such insights from emerging remote sensing techniques will 
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establish further context for observed changes, informing species monitoring and 

management strategies, and bridging new scales of spatial ecology. 
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4. Summer phenology and on-land distribution of 
Antarctic fur seals (Arctocephalus gazella) near Palmer 
Station, Antarctica 

4.1 Introduction 

Climate change is transforming the function and composition of ecosystems 

worldwide (Parmesan & Yohe, 2003), including changes across Antarctica that vary 

spatially owing to distinctly local historic and geophysical processes (J. Marshall et al., 

2014). The Antarctic Peninsula has experienced strong but inconsistent warming trends 

(Carrasco et al., 2021; Oliva et al., 2017; Turner et al., 2005, 2016; Vaughan et al., 2003) 

accompanied by a variety of environmental shifts including stronger westerly winds (G. 

J. Marshall et al., 2006; D. W. J. Thompson & Solomon, 2002), reduced seasonal sea ice 

duration (Stammerjohn et al., 2008), and thinning and retreat of ice shelves (Pritchard et 

al., 2012) and glaciers (A. J. Cook et al., 2016; Wouters et al., 2015). Accompanying these 

physical changes are evidence of responsive changes in Antarctic terrestrial biota 

(Amesbury et al., 2017; R. I. L. Smith, 1994) and climate-influenced changes occurring in 

the Antarctic marine community (Constable et al., 2014; Gutt et al., 2015; Turner et al., 

2014). Many of the climate-driven environmental changes observed along the Antarctic 

Peninsula have well-understood mechanisms that are expected to affect biological 

changes across trophic levels (Constable et al., 2014; Ducklow et al., 2013; R. C. Smith et 

al., 1999), and recent large-scale poleward range shifts in phytoplankton primary 

producers (Montes-Hugo et al., 2009), zooplankton grazers (Atkinson et al., 2004, 2019), 
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and some upper-trophic level predators (Forcada & Trathan, 2009; Lynch et al., 2012) 

have been observed. 

Evidence of these changes emerges through multiple institutions and 

frameworks that monitor the Antarctic environment. The Commission for the 

Conservation of Antarctic Marine Living Resources (CCAMLR) is tasked to sustainably 

manage exploited Antarctic marine life, and the CCAMLR Ecosystem Monitoring 

Program (CEMP) specifically monitors krill stocks by proxy through studies of krill 

predators as indicator species (Agnew, 1997). CEMP sites and methods largely target 

breeding populations and related metrics of pygoscelid penguins and Antarctic fur seals 

(Arctocephalus gazella), as a logistical matter of accessibility and as a priority for 

management interpretation. Many related or complementary ecological research efforts 

expand on these priorities but are often subject to similar logistical constraints. For 

example, the Palmer Long Term Ecological Research (LTER) program incorporates 

many standardized metrics of CEMP within its framework of hypotheses linking 

ecological shifts to physical forcing from the changing environment (R. C. Smith et al., 

1995, 2003), but has not explicitly monitored any pinniped species for a variety of 

reasons including logistical challenges and the ecological priorities of the Palmer LTER. 

Of the six Antarctic seals, five occur regularly near Palmer Station: crabeater seals 

(Lobodon carcinophaga), leopard seals (Hydrurga leptonyx), Weddell seals (Leptonychotes 

weddellii), southern elephant seals (Mirounga leonina) and Antarctic fur seals. Of these, 
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Weddell and southern elephant seals are not monitored by the Palmer LTER because 

they are not primarily krill predators. Pagophilic krill predators, leopard and crabeater 

seals, are also not monitored owing to the inherent unpredictability of their dynamic 

distribution and ephemeral occurrence. Antarctic fur seals are also not monitored 

because the historic summer population of non-breeding individuals entails few reliable 

methodologies or standardized metrics for study, compared to breeding populations. 

Nevertheless, pinnipeds already represent large and growing predation 

pressures within the marine ecosystem of the Palmer Archipelago, with two populations 

notably increasing in recent decades. Southern elephant seals were noted in 1955 among 

some of the earliest recorded observations for the Palmer Station vicinity (Holdgate, 

1963). Local breeding was first recorded with two pups in 1982 (R. J. Heimark & 

Heimark, 1986) and has grown to dozens of pups in 2019 (Goerke, pers. comm.). Antarctic 

fur seals were first sighted in the area in the mid-1970s, with small breeding groups in 

the adjacent Gossler Islands (G. M. Heimark & Heimark, 1984), and thereafter expanded 

to a larger summer population during the molting season. This presence reached an 

apparent peak in 1994 followed by a period of decline (Siniff et al., 2008), though recent 

trends are unavailable and few published records describe the behavior, distribution 

and phenology of the seals that visit Palmer. At least one instance of pupping has been 

observed near Palmer Station in 2020 (Fig. 17), suggesting that a breeding population 

may be possible, if not already established, in the region, though sporadic attempts do 
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not necessarily herald a self-sustaining rookery (Waluda et al., 2010). In the absence of a 

breeding population, non-breeding Antarctic fur seals can still exert an ecologically 

significant pressure on local prey stocks (Lowther et al., 2020), but breeding attempts 

may herald even greater ecological changes if they reflect a shift in the range and 

phenology of Antarctic fur seals in the Palmer Archipelago. 

 

Figure 17: First documented evidence of an Antarctic fur seal pupping near Palmer 
Station. Photography at ground level (a) and from a drone (b) documented a 
reproductive female associating with a pup, near an attendant male, at a sheltered 
beach at Dream Island (c), on January 28, 2020. Ground imagery was collected using a 
Samsung Galaxy S9+ smartphone camera, aerial imagery was collected using a DJI 
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Phantom 4 Pro, and reference basemap consists of a color orthomosaic collected on 
February 13, 2020 overlaid on background true-color imagery from WorldView-2. 

Regional abundance and distribution represent fundamental ecological data and 

critical context for understanding the relationship between a species and its 

environment and ecosystem (Brown, 1984). These attributes are relatively easy to 

monitor among breeding Antarctic fur seals due to aspects of their reproductive biology. 

Seasonally and spatially restricted availability of prey and habitat concentrate them at 

select rookery sites during discrete breeding seasons, high natal philopatry conserves 

rookery sites across generations, and breeding site fidelity allows the study of individual 

characteristics across years (Hoffman et al., 2006; Hoffman & Forcada, 2012). Regular 

foraging trips to support an income breeding strategy also facilitate the deployment of 

biologging and telemetry devices with a high likelihood of recovery within seasons. 

These characteristics are relaxed for non-breeding fur seals, which access comparatively 

diverse and diffuse terrestrial habitats for rest and molting during the latter summer 

months, with little known fidelity within or across seasons. 

Drones can address some of these challenges that frustrate research with a non-

breeding population. Expansive spatial coverage can census individuals at low densities 

across complex topography and can furthermore test or validate the utility of possible 

index monitoring sites for a non-breeding population. With minimal infrastructure and 

limited human effort, drone campaigns can achieve regular surveys with little or no 

anthropogenic disturbance to animals or to delicate, slow growing polar flora, such as 
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Antarctic moss and lichen. Finally, mapping from drone imagery can produce fine-scale 

datasets of land cover and surface topography, enabling spatial analyses that explore 

species–habitat relationships. These technological advancements enable high-frequency 

monitoring and modeling of populations that were historically impossible or 

prohibitively challenging to census. 

In this study, we censused non-breeding Antarctic fur seals during a period of 

summer 2020 with a drone surveillance campaign over select coastal habitats of south 

Anvers Island. We produced a time series of counts and locations of terrestrial 

occupancy during these surveys, and we fit models to estimate the phenology of 

seasonal abundance, habitat associations, and a region-wide estimate of peak terrestrial 

abundance for this species. These findings represent a synthesis of methods enabled by 

high-resolution remote sensing to characterize the summer phenology and distribution 

of this ecologically significant species presence in the Palmer Archipelago. 

4.2 Methods 

4.2.1 Drone surveys 

I carried out surveys of 14 sites near Palmer Station (Fig. 18) between January 9 

and March 23, 2020 using DJI Phantom 4 Pro quadcopter aircrafts with the default 

camera payload to collect uncalibrated color imagery (additional equipment and survey 

details in Appendix C). Drones collected overlapping aerial photography in automated 

grid flight paths such that imagery could be stitched into orthomosaic and 
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photogrammetric products for counting and spatial analysis. Aerial photography was 

collected at target ground sample distances (GSDs) of 1.5–3 cm, such that individual 

seals could be discriminated against background substrates, classified to species by 

shape and color, located precisely within the landscape, and counted in aggregate. 

Survey sites were selected and prioritized based on their relative accessibility and past 

observations of pinniped occupancy from the authors and other personnel at Palmer 

Station. Survey times were selected opportunistically amid variable weather conditions 

and other concurrent research protocols but aimed for near-weekly surveys of several 

sites near Palmer Station and less frequent coverage of additional sites. All drone 

surveys were conducted under Antarctic Conservation Act permit ACA 2020-016 and 

NOAA permit 14809-03. 
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Figure 18: Coastal and offshore features and habitats of southwest Anvers Island. An 
inset (top right) shows the region’s location and extent (red square) in the context of 
the west Antarctic Peninsula using the 2008 Landsat Image Mosaic of Antarctica 
(Bindschadler et al., 2008). Select locations were surveyed using drones (green) for 
pinniped occupancy during summer 2020, and satellite-derived elevation models were 
created for ice-free coastal habitats (purple) in the Palmer Station vicinity and Wylie 
Bay. Palmer Station is located at label ‘20’ (Gamage Point). Numbered labels are listed 
in Table 5. Map projection: WGS 84/UTM zone 20S. Base imagery: Sentinel 2, true 
color, captured on February 18, 2020. 
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Table 5: Sites and metadata of all drone surveys for pinniped presence in the south 
Anvers Island region in 2020 (n = 98). Habitat suitability modeling used locations of 
Antarctic fur seals identified on survey dates near peaks in abundance. Superscripts 
with site names denote site labels used in Fig. 18. 

Site name Coordinates Area 
(km²) 

Survey dates 
(day-of-year) 

Pinniped species 
identified 

Amsler 
Island East12 

S64° 44' 16.296", 
W64° 3' 55.404" 

0.286 19, 32, 40, 45, 51, 56, 62, 
69, 74, 80 

M. leonina, A. gazella, 
L. carcinophaga, L. weddellii 

Bonaparte 
Point19 

S64° 45' 4.32", 
W64° 3' 25.2" 

0.135 9, 17, 25, 29, 36, 43, 50, 
55, 57, 62, 67, 73, 80 

M. leonina, A. gazella, 
L. weddellii 

Dietrich 
Island14 

S64° 44' 21.48", 
W64° 3' 8.856" 

0.076 32, 40, 45, 51, 56, 57, 62, 
69, 74, 80 

M. leonina 

Dream 
Island2 

S64° 41' 59.784", 
W64° 13' 27.876" 

0.224 44, 68, 81 M. leonina, A. gazella, 
L. carcinophaga, L. weddellii 

Elephant 
Rocks13 

S64° 44' 36.132", 
W64° 4' 23.016" 

0.034 14, 20, 30, 35, 43, 50, 53, 
58, 62, 69, 77, 81, 83 

M. leonina, A. gazella, 
L. weddellii 

Howard 
Island42 

S64° 45' 40.5", 
W64° 21' 50.616" 

0.146 24, 49, 63 A. gazella, L. weddellii 

Humble 
Island9 

S64° 44' 20.292", 
W64° 5' 8.952" 

0.094 15, 20, 30, 35, 44, 53, 57, 
63, 70, 77, 81 

M. leonina, A. gazella 

Joubins 
Island 9643 

S64° 45' 35.532", 
W64° 24' 24.876" 

0.016 63 A. gazella, L. weddellii 

Kristie 
Cove21 

S64° 45' 6.264", 
W64° 2' 39.876" 

0.173 12, 17, 25, 29, 36, 43, 50, 
55, 57, 62, 67, 73, 80 

M. leonina, A. gazella, 
L. carcinophaga, L. weddellii 

Point 8 
Island22 

S64° 44' 51.108", 
W64° 0' 12.816" 

0.021 30, 45, 55, 70 -  
  

Point 829 S64° 45' 5.904", 
W64° 0' 25.848" 

0.122 30, 45, 55, 70 M. leonina, A. gazella 

Shortcut 
Island24 

S64° 45' 25.38", 
W64° 2' 29.436" 

0.122 45, 55, 73 M. leonina, A. gazella 

Shortcut 
Point23 

S64° 45' 15.948", 
W64° 1' 55.02" 

0.035 45, 55, 73 M. leonina, A. gazella 
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Torgersen 
Island16 

S64° 44' 49.02" , 
W64° 4' 24.348" 

0.09 14,22,43,46,53,59,62,69,
77,81,83 

M. leonina, A. gazella, 
L. carcinophaga, L. weddellii 

Additional ice-free coastal habitats modeled but not surveyed: Casey Islands1, North Wylie 
Bay3, Trivelpiece Island4, Fraser Island & shoals5, Halfway Island6, Breaker Island7, Peoples 
Rocks8, Lipps Island10, Amsler Island West11, Litchfield Island15, DeLaca Island17, Janus Island 
& Split Rock18, Gamage Point20, Spume Island & shoals25, Shortcut–Point 8 coastline27, Point 8 
Adjacency26, Eichorst Island28, Outcast Islands30, Stepping Stones31, Christine Island32, Dead 
Seal Island & shoals33, Limitrophe Island34, islands beyond Dead Seal35, Hermit Island36, 
Hellerman Rocks37, Cormorant Island38, Jacobs Island39, Laggard Island40, islands beyond 
Cormorant41 

 

4.2.2 Geospatial ground truth surveys 

I selected three sites opportunistically for ground truthing—Humble Island, 

Torgersen Island, and Elephant Rocks—with a survey-grade GPS system, using 

differential corrections from the adjacent PAL2 base station (Johns, 2006; additional 

equipment and survey details in Appendix C). Ground truth surveys used a system of 

natural ground control points (GCPs) because we were not able to deploy markers in 

habitats out of concern for logistical difficulty, effort costs, and ecological disturbance. 

GCPs consisted of semi-permanent natural features, such as boulders, peaks and cracks 

in bedrock, that could be located precisely in drone imagery and approximately in 

satellite imagery. GCPs were used to assess the accuracy of digital elevation models 

(DEMs) from satellite products collected on two different dates, and we corrected DEMs 

vertically by the mean difference from GCPs before habitat modeling. 
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4.2.3 Imagery processing 

I processed all drone surveys to orthomosaic and digital surface model (DSM) 

products using Pix4Dmapper 4.3 photogrammetric software. Sites that received ground 

truth surveys were processed using differentially corrected locations of GCPs. For each 

site, we selected the best terrain map of that site based on visual assessment of the DSM, 

then co-registered orthomosaics from other surveys to the reference orthomosaic and 

DSM pair and cropped them to a mask of shared coverage (additional details in 

Appendix C). 

4.2.4 Counts and locations 

I counted pinnipeds in each survey by loading co-registered orthomosaics into 

ArcGIS and systematically inspecting the orthomosaic. Orthomosaic inspection was 

sometimes aided by inspection of source photos, particularly if animals moved between 

collocated photographs and produced blurred or ‘ghost’ images, and by toggling 

between multiple co-registered orthomosaics from different dates, particularly to 

discriminate seals from similar-looking land cover based on persistence over time. 

Antarctic fur seals were easily discriminated from other pinniped species based on 

posture and morphology, and other pinnipeds were usually easy to discriminate from 

one another at 1.5 cm GSD. Discrimination between similar-shaped phocid species was 

aided by pelage scars (crabeater seals), pelage patterns (Weddell seals), flipper 

morphology and facial morphology, as visible in drone imagery. 
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4.2.5 Satellite imagery selection and evaluation 

I obtained 2-m resolution DEMs derived from imagery from WorldView-series 

satellites in the DigitalGlobe (Westminster, CO) collection. DEMs were provided by the 

Polar Geospatial Center (University of Minnesota), and were generated using ‘surface 

extraction by TIN-based search space minimization’ (SETSM; Noh & Howat, 2017) from 

stereo-paired swaths of satellite imagery. We found that nearly all ice-free coastal 

habitats of Palmer Station vicinity and Wylie Bay were modeled without visible errors 

using a stereo pair captured by WorldView-3 on November 19, 2019, and remaining 

northwestern sites (Dream Island, Casey Islands, and west-facing exposed coastlines of 

north Wylie Bay) were modeled without visible errors using a stereo pair captured by 

WorldView-1 on October 20, 2012. We vertically corrected each DEM to minimize 

distance from our measured GCP elevations, we masked all water and glacier land 

cover, and we mosaicked the northwestern sites from 2012 with the remainder of the 

region from 2019 (additional details in Appendix C). We compared these satellite-

derived DEMs to drone-derived DSMs and confirmed that imagery was closely aligned, 

such that horizontal corrections were not necessary. Drone-derived DSMs were used to 

visually assess satellite DEM products but were not themselves used for habitat analysis, 

despite their higher accuracy and precision relative to GCPs, because they were not 

available for non-surveyed regions and not necessarily representative of DEMs and 

associated products from satellite imagery. 
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4.2.6 Terrain analysis 

I used satellite DEMs to generate models of different topographic characteristics 

that could affect habitat suitability for Antarctic fur seals (Fig. 19). We selected variables 

that could challenge pinniped locomotion—elevation, slope, and surface distance from 

shoreline—and microclimate variables that could mediate pinniped thermoregulation—

potential direct insolation and wind exposure from all angles (examples in Appendix C, 

Fig. S3). We included topographic wetness index (Beven & Kirkby, 1979) as a possible 

predictor of both accessibility and microclimate. We obtained elevation from the 

corrected and land-masked DEM, and we generated slope and surface distance using 

ArcGIS Pro 2.7.1. We generated other products using System for Automated 

Geoscientific Analyses (SAGA) 8.2.1 (Conrad et al., 2015) tools for ‘potential incoming 

solar radiation’ (Böhner & Antonić, 2009), ‘wind exposition index’ (Böhner & Antonić, 

2009) and ‘topographic wetness index’ (Böhner & Selige, 2006). Distance from shoreline 

was significantly correlated with elevation (r = 0.79), but was not omitted because some 

species distribution models are not affected significantly by collinearity among 

predictors (Feng, Park, et al., 2019). We omitted survey sites in the Joubin Islands from 

terrain analysis and subsequent modeling owing to their distance from other sites and 

associated conditions, a scarcity of viable satellite DEM data in the region, and our 

limited coverage of the region with drones. 
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Figure 19: Spatial products from an example site (Humble Island) including (a) an 
orthomosaic from a single drone survey, overlaid on WorldView-2 satellite imagery 
(b) identified locations of Antarctic fur seal occupancy throughout the 2020 season, (c) 
modeled elevation from WorldView-3 satellite imagery, with GCP locations used to 
correct absolute error, (d) derived terrain products, (e) a prediction of our Maxent 
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model across the entire study region, overlaid on WorldView-2 imagery, and (f) an 
example subset of that prediction at Humble Island. Maxent prediction values 
estimate topographic suitability from Antarctic fur seal locations in drone surveys 
conducted across 12 sites during days 43–45 and 68–73 in 2020. Base imagery: 
WorldView-2, true color, captured on February 28, 2019, with 25% transparency. DEM 
source: SETSM product from WorldView-3, captured on November 19, 2019. 

4.2.7 Habitat suitability modeling 

I estimated approximate habitat suitability using maximum entropy modeling 

for species distributions (Phillips et al., 2006) with the ‘dismo’ R package (Hijmans et al., 

2017). Maxent is one of several methods that can be used to model species distributions 

using presence-only data (Valavi et al., 2022), which is appropriate for vagile organisms, 

like pinnipeds, for whom a detected absence during photographic sampling reflects an 

absence at the time of sampling and not necessarily a complete spatial absence over time 

(Elith et al., 2011). Maxent achieves presence–background modeling by estimating the 

distribution of habitat covariates that fit species occurrence locations with otherwise 

minimal difference from a null model of randomly sampled background data, 

maximizing entropy within the constraints of occurrence data. A variety of possible 

response functions allows Maxent to model complex species–habitat relationships 

within statistical bounds that limit overfitting. Among many current presence-only 

methods, Maxent achieves high performance across different modeling scenarios, 

though alternative methods can yield better models for individual scenarios (Valavi et 

al., 2022). 
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I selected two 3–6-day periods of time near the dates of highest abundance 

during which I’d surveyed the same 12 sites, so as to include a large number of seal 

presence locations while minimizing sampling bias for habitat suitability predictions 

(Table 5). Using 1837 animal locations from these sites and dates, we generated a model 

of habitat suitability using Maxent for all 6 variables generated during terrain analysis 

(Fig. 19). We then predicted this model across the Palmer Station vicinity and Wylie Bay 

regions using the composite satellite-derived DEM to estimate topographic suitability 

across ice-free coastal habitats. 

4.2.8 Abundance modeling and estimates 

I applied generalized additive modeling with the ‘mgcv’ R package to estimate 

pinniped abundance as a function of date with and without additional terms, using AIC 

to compare the relative efficacy of models in predicting abundance. Overdispersion was 

present in all models of count using a poisson distribution, which we remedied by 

modeling a negative binomial distribution instead. We first included only date as a 

predictor of abundance, to estimate the overall trend irrespective of survey site with the 

following model structure: 

 log(𝜇)  =  𝑐 +  𝑓(𝑋) (1) 

where 𝜇 is the estimated mean count of a survey given an estimated constant 𝑐 and the 

day-of-year 𝑋, modified by a smoothing function 𝑓. We then included date as a 
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predictor with site as a random effect (n = 12), to estimate the overall trend when 

accounting for site-specific effects, with the following model structure: 

 log 𝜇𝑖 =  𝑐 +  𝑓(𝑋) + 𝑢 +  𝑒  (2) 

where 𝜇  is the estimated mean count of a survey at site 𝑖 given an estimated constant 𝑐 

and the day-of-year 𝑋, modified by a smoothing function 𝑓, with a random intercept 𝑢  

and variance 𝑒  for site 𝑖. Finally, we modeled abundance as a function of date and 

suitable area using the following model structure: 

 log 𝜇𝑖 =  𝑐 +  𝑓(𝑋) + log(𝑠 ) (3) 

where 𝜇  is the estimated mean count of a survey at site i given an estimated constant c 

and the day-of-year 𝑋, modified by a smoothing function 𝑓, with an offset of suitable 

area 𝑠  for site 𝑖. We empirically tested a range of thresholds on Maxent prediction scores 

at intervals of 0.1 to estimate the area of suitable habitat at each surveyed site, and we 

compared AIC scores of resulting models to determine the optimal threshold for suitable 

area that minimized residuals for estimates of site abundance across all surveys (n = 98), 

thereby prioritizing a threshold that maximized predictive performance across 

abundance surveys rather than across recorded pinniped locations. Model summaries 

are available in Appendix C, Tables S2–S4. 

 I estimated the date of highest abundance of Antarctic fur seals from the model 

of abundance as a function of date (Equation 1). We then used the site-specific model to 

estimate abundance at each surveyed site on the date of greatest abundance with a 95% 
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confidence interval as a function of date and site-specific effects (Equation 2). We then 

used the generalizable model to estimate abundance at each site with a 95% confidence 

interval as a function of date and suitable area (Equation 3). We summed estimated 

abundance on the date of highest abundance at survey sites, using Equation 2, with 

estimated abundance at the same date for sites not surveyed, using Equation 3, to 

produce a region-wide estimate of on-land abundance of Antarctic fur seals during the 

date of peak terrestrial occupancy in summer 2020. 

4.3 Results 

4.3.1 Counts and occupancy trends 

Antarctic fur seals were easily counted from drone imagery at ~1.5 cm GSD and 

at ~3 cm GSD, although the latter GSD was associated with more ambiguous 

identifications, which were resolved by examining associated 1.5-cm GSD imagery and 

contrasting collocated imagery from later dates. Resulting counts described a summer 

arrival of non-breeding fur seals at the very end of January, and fluctuating abundance 

throughout the season with shared trends across most sites (Fig. 20). Elephant seals, 

crabeater seals, and Weddell seals were identified at survey sites (Table 5), but not 

counted or analyzed for this study. Leopard seals were observed swimming at sea or 

resting on bergy-bits, the Palmer Station floating dock, or once on a rock offshore of 

Point 8 during a non-survey visit. 
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Fur seals were generally absent from the Palmer Station vicinity until day 29, 

with the exception of a single fur seal located at Torgersen Island on day 14. The highest 

count of the season consisted of 409 fur seals at Dream Island on day 44, while 7 other 

sites received their highest counts from surveys in the range of days 67–74 (Fig. 20). 

Most sites monitored after this latter peak showed monotonic declines until surveys 

ceased on day 83.
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Figure 20: Counts of Antarctic fur seals from drone surveys in the south Anvers Island region during January 9–March 23, 2020. 
Colored lines link surveys of the same site, but do not necessarily describe the abundance trend expected between those surveys.



 

127 

4.3.2 Accuracy and correction of elevation models 

Ground truth surveys at Humble Island, Torgersen Island, and Elephant Rocks 

showed highest accuracy among drone-derived DSMs generated using the GCPs (-0.20 ± 

0.49 m), with larger offsets in our selected DEMs from WorldView-3 in 2019 (-1.66 ± 0.73 

m) and WorldView-1 in 2012 (1.57 ± 0.68 m). 

4.3.3 Habitat suitability modeling 

Our Maxent model yielded predictions of habitat suitability for the entire region 

encompassing the Palmer Station vicinity and Wylie Bay (Fig. 19). This model showed 

moderate separability between suitable and unsuitable habitats (AUC = 0.729) based on 

contributions of slope (45.1%), elevation (42.0%), distance from shoreline (8.6%), wind 

exposure (2.1%), potential direct insolation (2.0%), and topographic wetness (0.2%) to 

the model’s gain. Modeled relationships are described in Appendix C, Fig. C4. Empirical 

testing found that a threshold of 0.7 yielded optimal estimates of suitable area to account 

for variance in predicted abundance across sites. This threshold represented the highest 

threshold for ‘suitable area’ that did not reduce any training sites to no area, which 

negatively affected training and performance of the derived abundance model.  

4.3.4 Abundance modeling and estimates 

Generalized additive models provided estimates of abundance as a function of 

date, with and without additional predictors. The simple model of smoothed count in 

response to date (Equation 1) yielded a predictably poor fit to our survey counts (AIC = 
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761, 50.2% deviance explained), but indicated that peak abundance of Antarctic fur seals 

occurred on days 46 and 71. These peak dates were confirmed in the model that 

included ‘site’ as a random effect (Equation 2, Fig. 21), which yielded a good fit to our 

survey counts (AIC 603, 93.7% deviance explained), and in the model that included 

‘suitable area’ as an offset variable (Equation 3), which fit our survey counts better than 

the Equation 1, but not as well as Equation 2, yielding less confident predictions (AIC 

694, 67.1% deviance explained). By combining model estimates of surveyed sites and 

sites not surveyed, we estimate with 95% confidence that there were 2595–6388 Antarctic 

fur seals on land during peak abundance on day-of-year 71 (March 11) in our 2020 study 

season (Table 6), with a mean model estimate of 4066 Antarctic fur seals. 
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Figure 21: Modeled abundance as a function of date, with survey site as a random 
effect. Model estimates (black lines) with 95% confidence intervals (dashed lines) 
were calculated by generalized additive modeling with Equation 2. Raw estimates 
with residuals (a), illustrate the phenology of regional Antarctic fur seal abundance in 
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2020, while exponentiated estimates with site-specific random effects (b–e) predict 
counts for example sites alongside actual counts for those dates (colored symbols). 

Table 6: Estimates of Antarctic fur seal abundance on the date of peak on-land 
occupancy (day-of-year 71) during the 2020 study period. Estimates were calculated 
from the model accounting for suitable area (Equation 3) and the model accounting 
for site as a random effect (Equation 2) if the site was surveyed. Estimates of 
individual sites not surveyed sites are included in Appendix C, Table S5. A composite 
estimate summed best estimates (highlighted in gray) to estimate the number of 
Antarctic fur seals on land during the peak date in 2020. 

  Site suitable 
area model 

Site random effect 
model 

Closest drone 
survey 

Location Suitable 
area (m2) 

Count 
est.  

95% CI  Count 
est. 

95% CI Count Date 

Dream Island 31684 239 153–373 526 311–889 247 68 [-3] 

Humble 24768 187 120–291 139 96–202 120 70 [-1] 

Shortcut Island 14012 106 68–165 130 77–220 108 72 [+1] 

Kristie Cove 17056 129 82–201 118 83–169 103 73 [+2] 

Amsler Island East 28584 215 138–336 106 74–152 86 69 [-2] 

Bonaparte Point 31164 235 150–367 93 65–134 97 73 [+2] 

Torgersen Island 15988 120 77–188 86 59–126 81 69 [-2] 

Point 8 3912 29 19–46 59 34–100 84 70 [-1] 

Shortcut Point 4220 32 20–50 53 30–91 54 72 [+1] 

Elephant Rocks 876 7 4–10 29 20–43 13 69 [-2] 

Pi Island 172 1 1–2 0 0–3 0 69 [-2] 

Point 8 Island 132 1 1–2 0 0–1 0 70 [-1] 

Summed estimates 
of surveyed sites, 
day 71 

172568 1301 833–2030 1340 849–2132   

Summed estimates 361716 2726 1746–4256     
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of sites not 
surveyed, day 71 

Entire region      Count 95% 
CI 

Composite estimate, 
day 71 

     4066 2595–
6388 

 

4.4 Discussion 

Antarctic fur seals showed a shared pattern of seasonal abundance across coastal 

habitats near Palmer Station, with variance attributable to site-specific effects. Serial 

drone surveillance provided counts and locations of these seals, sufficient to characterize 

their distribution and abundance throughout a three-month period of mid–late summer 

2020. These data add to an incomplete record of index counts over recent decades (Siniff 

et al., 2008), and establish a context of on-land phenology and distribution of Antarctic 

fur seals across the region near Palmer Station. Critically, the finite regional and seasonal 

scope of this study limit its generalization to other years or regions, but sporadic records 

from other years and adjacent sites corroborate some findings of this study.  

4.4.1 Past records near Palmer Station 

Though past monitoring at Palmer Station is only described in coarse resolution, 

a management plan for Litchfield Island specifies that 874 fur seals were counted on the 

island in 1994 (Antarctic Specially Protected Area No 113 (Litchfield Island, Arthur Harbor, 

Anvers Island, Palmer Archipelago): Revised Management Plan, 2014). This is above our 
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model’s estimate of 272–663 seals at 95% confidence interval the peak date measured in 

2020 (Appendix C, Table S5), and without contextual counts of alternate site, it is 

difficult to estimate how much this difference across years represents a change in 

abundance or in occupancy and habitat use, or both. Our model including site-effects 

(Equation 2) indicates that seasonal trends were relatively conserved across sites in 2020, 

when site-specific variation was accounted for (Fig. 21), but these data do not inform 

whether such habitat effects are consistent between years. If similar phenology occurs 

across haul-outs each year, however, regular counts at index sites may effectively 

represent phenological trends from year to year in past records for the region 

(Khoyetskyy & Pishniak, 2021; Siniff et al., 2008) and in future population monitoring. 

Based on past counts from the Palmer Station vicinity and the neighboring 

Argentine Islands, we estimate that the date of peak abundance (March 11) in the 2020 

monitoring period (January 9–March 23) was likely the peak abundance of the year. 

Monitoring in the Argentine Islands in 2015 described declining counts after a maximum 

in April, with no data from earlier months that year, and the same work estimated that 

peak abundance in 2016 occurred on March 13. Similarly, in 1983 Antarctic fur seals 

reached a maximum abundance of 50 in the Palmer Station vicinity on March 24 (G. M. 

Heimark & Heimark, 1984), and the maximum record of 874 on Litchfield Island 

occurred on March 19, 1994 (Antarctic Specially Protected Area No 113 (Litchfield Island, 

Arthur Harbor, Anvers Island, Palmer Archipelago): Revised Management Plan, 2014). The 
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date of arrival also appears to be relatively conserved across these records: surveys in 

the Argentine Islands counted the first Antarctic fur seal of 2016 on January 31, and 

surveys in 1983 noted their first individual on January 23. Our surveys identified the 

start of the molt season near January 29, after which most sites were continuously 

occupied by fur seals (Fig. 20). These records together suggest a relatively conserved 

timing of arrival in late-January and peak abundance between mid-March and mid-

April for non-breeding Antarctic fur seals in south Anvers Island. This represents a 

later-shifted seasonal occupancy compared to arrivals and peaks in the subantarctic 

islands (Carlini et al., 2006). Observations from colleagues note that large males are 

occasionally present in earlier months (unpublished), possibly corroborating our single 

pupping record (Fig. 17) to suggest limited breeding activity in the area during the early 

summer. Still, these surveys confirm that the vast majority of fur seals arrive in the later 

summer, during the period associated with the annual molt. 

4.4.2 Phenological drivers 

The phenology of non-breeding fur seals at Palmer Station could reflect both 

structural and circumstantial drivers of regional on-land occupancy. Circumstantial 

drivers can include short-term weather events, long-term meteorological drivers such as 

ENSO and the date of ice breakout (Waluda et al., 2010) and, relatedly, prey availability 

(Carlini et al., 2006). Structural drivers include migratory dynamics, given that most 

breeding sites of Antarctic fur seals are located well north of Anvers Island, and 
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physiological characteristics, like the timing and energetic demands of the molt, that are 

unlikely to change quickly between years. Among circumstantial effects, ice breakout 

now usually occurs in the spring or early summer at Palmer Station, before the molt 

period for Antarctic fur seal, although it could affect animals attempting to breed in the 

area and influence downstream ecological processes that occur later. Local weather 

during the study period consisted of low wind speeds on the two peak dates (Fig. 22), 

but more seasons of observations would be necessary to disentangle how short-term 

meteorological processes interact with seasonal phenology. 

Similarly, understanding the influence of prey availability on terrestrial 

occupancy requires more data on regional foraging habits, particularly because krill 

make up just a fraction of fur seal diet at the Antarctic Peninsula (Casaux et al., 2003). 

Scat analysis can clarify the richness of fur seal diet near Palmer Station (Ibid), while 

biologging can describe the space, depth and frequency of fur seal foraging at Palmer 

(Iwata et al., 2012), revealing how individuals energetically balance late-summer 

foraging behaviors with terrestrial resting and molting activities. Our findings provide 

important contexts of seasonal abundance and potential habitat to inform such future 

research, describing when and where samples may be collected and instruments 

deployed and retrieved with a higher chance of success. 
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Figure 22: Stick plots of winds measured at Palmer Station in 2020 during a period overlapping this study. Sticks represent 
anemometer measurements, unprocessed (top) or smoothed with a Butterworth filter for visual interpretation (bottom). Stick 
length indicates the average wind-speed of the day (scaled to a maximum of 20.9 knots on day 75) and angle indicates the 
prevailing direction into which the wind was blowing. Red lines indicate dates of peak abundance among counts in 2020. 
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At a structural level, the seasonal trend that we observed, with one peak near 

day-of-year 46 (February 15) and a higher peak near day-of-year 71 (March 11), may 

resemble a pattern also observed among non-breeding males at more northern latitudes. 

Surveys in at Laurie Island during 1996–2005 found that peak abundance varied by year, 

occurring most years in February–March; but in a minority of years the maximum peak 

occurred in late-January–early-February and was followed by a lower peak near the 

typical range (Carlini et al., 2006). No two-peak structure was evident in surveys of the 

Argentine Islands in 2016 (Khoyetskyy & Pishniak, 2021), though oscillations included a 

minor peak in mid-Late February. The phenology observed in the South Orkneys and 

along the Antarctic Peninsula likely emerge, at least in part, from the same migratory 

process. Male Antarctic fur seals often disperse to southerly foraging grounds during the 

non-breeding period (Cherel et al., 2009; K. A. Jones et al., 2020; Kernaléguen et al., 

2012), and both the Scotia Arc and the west Antarctic Peninsula represent key winter 

habitats for the South Atlantic population (I. L. Boyd et al., 1998; Lowther et al., 2020; 

March et al., 2021; Santora, 2013). Given that South Georgia hosts the majority of the 

world’s breeding Antarctic fur seals (Forcada & Staniland, 2018), most migratory fur 

seals in the Scotia Arc and Antarctic Peninsula likely originate from those northern 

rookeries, and this is supported by a synchrony of maximum counts that occurred at 

Palmer Station (Antarctic Specially Protected Area No 113 (Litchfield Island, Arthur Harbor, 

Anvers Island, Palmer Archipelago): Revised Management Plan, 2014) and Signy Island 
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(Waluda et al., 2010) in 1994. The timing of arrival at each site is mediated certainly by 

distance and likely also by seasonal cues, such as temperature and photoperiod which 

are thought to trigger other life history events in fur seals (Trites & Antonelis, 1994). 

Concerning this migratory process, it is unclear whether on-land occupancy and 

abundance throughout the summer describes the same resident population attending 

and departing haul-outs, or a shifting combination of transient and resident individuals 

across the season. The latter scenario might explain the early pulse of abundance 

observed at the start of the molting season, if that describes a transient vanguard of 

southbound animals and the latter peak occupancy represented an accumulated 

residential population. These theories are confined to speculation in the absence of 

complementary studies of attendance and demographic composition. Tags and mark-

resight studies could reveal residence patterns among haul-outs, though such studies 

would be frustrated by unpredictable haul-out attendance that is expected of non-

breeders. If marks are visible from aerial imagery, such as brands or large bleach stains, 

drones could address this challenge with expansive spatial coverage, as demonstrated 

by that achieved in this study under restricted effort. Alternatively, photogrammetry 

might describe demographic composition through size-class estimates across the 

monitoring period, but still limited methods have been validated to measure 

unrestrained otariids, whose diverse range of postures can frustrate simple 

photogrammetric estimates, and for whom few morphometric indices have been 
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identified and calibrated to physiologically significant measurements (Allan et al., 2019; 

Waite et al., 2007). This contrasts with less flexible phocid species, whose bodies can be 

more easily measured, modeled and physiologically interpreted from naturally 

occurring postures (Beltran et al., 2018; P. J. N. de Bruyn et al., 2009; Krause et al., 2017; 

M. Shero et al., 2021) 

4.4.3 Distribution drivers 

Our survey method of aerial photographic mapping yielded precise animal 

locations that we referenced to high-resolution DSM and DEM products, from drones 

and satellites respectively. Drone products provided the greatest accuracy, relative to 

surveyed GCPs, but were only available for sites surveyed, whereas satellite products 

described a much larger extent than we were able to access with drones in 2020. 

Modeling enabled me to estimate where seals might occur in regions not surveyed, and 

in what abundance during periods of peak terrestrial occupancy. Because modeling 

relied on less accurate satellite DEMs, we expect that lower native resolution and the 

higher observed incidence of errors likely contributed to the model’s inseparability—its 

failure to discriminate between occupied and unoccupied seal locations by 

topography—and to subsequent variance in our model of abundance as a function of 

date and suitable area. 

The trained maxent model entails some common but important precautions in its 

use and interpretation. Some of our findings are likely representative of species 
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preferences or limitations, such as the primacy of elevation and slope in predicting fur 

seal occupancy, likely as a function of otariid locomotion and its terrestrial limitations. 

However, the range of values that seals select and tolerate may also be mediated by the 

availability of preferred habitat. The importance of landscape microclimate also might 

depend strongly on larger-scale physical determinants of weather patterns, such as 

adjacent mountains, glaciers, and marine features. Accordingly, this model entails the 

common provision of spatial modeling, that some modeled relationships may perform 

poorly when applied at farther distances from sites used to train the model. Similarly, if 

prevailing weather conditions change from year-to-year, as fur seals experience them, 

habitat selection by wind exposure or insolation may also change directionally or by 

intensity, further qualifying findings from this single study season. 

Spatial autocorrelation represents another common challenge to spatial modeling 

that is present in the maxent model. This property occurs when model predictions show 

an influence of distance or proximity between predicted points as a result of sampling 

bias (Kramer-Schadt et al., 2013) or spatial factors not specified in the model (Dormann, 

2007). It can indicate misspecification of terms, coefficients and error estimates in a 

model, as spatially mediated variance is misattributed to nonspatial predictors. A test of 

Moran’s I statistic found that spatial autocorrelation occurred among residuals of our 

maxent model, such that pairs of seal locations within a range of 100m of each other 
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shared more similar maxent scores than pairs spaced farther apart (Appendix C, Fig. 

C3). 

This study’s survey methodology functionally eliminates within-site spatial 

sampling bias by imaging entire regions at a time, so in this case, spatial autocorrelation 

likely reflected one or more unspecified spatial effects, such as conspecific attraction 

among Antarctic fur seals (e.g. Larsen et al., 2022) or geographic structuring of 

environmental variables, leading to nonrandom occupancy across predictors. Social 

structuring can be difficult to predict without known animal locations a priori, but likely 

changed throughout the season amid fluctuating abundance and distribution, and 

therefore may be represented among residual variance in the season-wide model of 

abundance as a function of date and suitable area. We considered but did not use 

‘distance from glacier’ and ‘date of glacial retreat’ as possible predictors of habitat 

suitability, given that fur seals appeared to completely avoid the most recently 

deglaciated islands at Point 8 Island and Dietrich Island. A larger and more diverse 

selection of study sites would likely be necessary to distinguish this effect from those of 

other site-specific predictors. Additional predictors may include proximity to foraging 

sites, coastal landing accessibility, and accessibility of inland habitats, which sometimes 

include suitable topography occluded by topographic barriers. These predictors were 

not readily available from the methods we used for terrain analysis, but may be 

developed from biotelemetry studies on-land and at-sea, studies of locomotive 
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energetics and limitations, and advancements in habitat modeling for highly mobile 

species. 

Ultimately, we considered spatial autocorrelation to be of limited importance, as 

we were not applying the maxent model to specifically explain species–habitat 

relationships or spatially explicit probabilities of occurrence. Rather, we used the 

technique to estimate a generalizable aggregate metric of topographic habitat suitability 

to capture some of the site-specific variance in abundance that we observed among 

surveys (Equation 2, Fig. 21). We elected to use all seal locations from near-peak dates (n 

= 1837) to better characterize occupied habitat, rather than a much smaller subset filtered 

using a minimum neighbor distance of ≥ 100 m (n = 69); this filtering did remove spatial 

autocorrelation among residuals, but resulting estimates of suitable habitat explained 

less deviance in subsequent abundance modeling across dates. We therefore share the 

chosen maxent model and predictions with the caution that it does not necessarily 

reflect best practices of model selection and evaluation for distribution modeling 

(Halvorsen et al., 2016), but simply maps topographic similarity to sites occupied by 

Antarctic fur seals in our surveys. It represents an early step in understanding coastal 

habitat preferences of Antarctic fur seals in this region but can likely be improved by 

including a greater diversity of habitats, by accounting for additional predictors across 

spatial and temporal scales and from training models in replicate. 
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4.4.4 Future surveillance opportunities 

The use of drones for wildlife surveillance represents a new methodology for 

research at Palmer Station that is increasingly common in Antarctic research (Pina & 

Vieira, 2022), and has been previously demonstrated for Antarctic fur seals in more 

northern parts of their range (Goebel et al., 2015). This study advances the technique 

toward regular monitoring protocols, demonstrating the efficacy of repeat surveillance 

to characterize species phenology and key events during the Antarctic summer. With a 

limited crew of 1–2 personnel and effort divided across multiple research objectives, this 

study achieved near-weekly monitoring of 7 sites near Palmer Station, and additional 

mapping of 7 other sites opportunistically. With increased effort and personnel, this 

coverage could be expanded to additional sites and a higher frequency of surveillance, 

potentially revealing short-term effects of weather, tide and diel-cycle on wildlife 

abundance in Antarctic coastal habitats. Time-lapse or live-feed cameras could also 

provide high-frequency counts of smaller index sites, whose relationships to broader 

abundance estimates can be validated using spatially explicit drone counts. 

Our choice of aircraft in this study may frustrate larger mapping efforts, as flight 

times were limited to ~25 min, including transit times, and many sites required multiple 

battery payloads for the drone to achieve complete coverage. Fixed-wing drones can 

achieve much greater coverage per flight, but often require runway-type landing-zones 

that are not consistently available in coastal Antarctic habitats. Convertible ‘vertical 
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take-off and landing’ (VTOL) aircrafts can combine higher in-flight efficiencies of fixed-

wing design with safe in-place landing capabilities of multicopter design, but such 

models are not as widely available to researchers as multicopter and fixed-wing 

aircrafts. Additionally, fixed-wing aircrafts can entail greater risk of disturbance for 

many bird species compared to multicopters (Egan et al., 2020), and can elicit aggressive 

behavior from skuas (genus Stercorarius) in Antarctic settings (Johnston pers. comm.), and 

these traits may hold for convertible VTOL aircrafts if their form and movement 

similarly resemble large birds. 

Imagery at GSDs near 1.5 cm was sufficiently clear to identify fur seal locations, 

and some individuals were classifiable to sex based on size (males) or pelage color 

(females), though such classification was not a primary objective of this study and 

would require additional studies to validate diagnostic characteristics for less obviously 

dimorphic individuals. New camera payloads will likely increase the GSD and image 

resolution of future drone systems, facilitating measurements and visual interpretation 

from higher altitudes, and a shorter minimum-interval between photographs may 

enable greater coverage by achieving sufficient overlap between consecutive 

photographs while mapping at higher velocities. Studies of breeding Antarctic fur seals 

must also account for the more cryptic size and coloration of fur seal pups (Goebel et al., 

2015), and may benefit from thermal or multispectral sensors that can supplement visual 
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detection of mammals against a spectrally divergent landscape (Seymour et al., 2017a; 

Sweeney et al., 2019).  

Aerial drone surveillance can achieve high throughputs of data collection with 

relatively low costs of labor and equipment, but the technique is structurally limited to 

imaging and navigation above the sea surface, so complementary techniques are needed 

to integrate on-land estimates of pinniped abundance and demographic composition 

into regional estimates of total abundance and related ecological effects. Male Antarctic 

fur seals show large variation between individual foraging strategies (Kernaléguen et al., 

2012), so for any given technique, a robust sample size is likely necessary to accurately 

estimate how predation pressure manifests in the adjacent marine ecosystem during fur 

seal occupancy near Palmer Station. If breeding populations establish and recruit in the 

region, income-breeding females will likely exert a more localized and consistent 

predation pressure within the marine ecosystem (Kernaléguen et al., 2012; Staniland & 

Robinson, 2008). 

4.5 Conclusion 

Repeat drone surveillance yielded spatially explicit counts of Antarctic fur seals 

in coastal habitats near Palmer Station in 2020. These data, when pooled, revealed a 

seasonal abundance trend across sites, with site-specific effects that explained much of 

the variance between counts. Some variance between counts was successfully explained 

by each site’s area of suitable habitat, which we estimated from a Maxent model of 
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topographic habitat suitability. By predicting this Maxent model across sites, estimating 

suitable area with a threshold of 0.7, and predicting the related abundance model across 

dates, we obtained an estimate of on-land abundance of Antarctic fur seals during the 

date of peak abundance in 2020. Qualified to the region of South Anvers Island in 2020, 

these findings capture fundamental characteristics of the presence of Antarctic fur seals 

during the molt period of late summer. They describe the current state of the species’ 

habitat use at the edge of its range and establish a baseline from which future studies 

can evaluate potential shifts in the range, phenology, and ecological role of Antarctic fur 

seals in the marine and coastal ecosystems of the west Antarctic Peninsula. 
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5. Overall conclusions 

Pinniped species occupy places of value, concern and intrigue in the human 

societies that encounter them, and the amalgam field of pinniped research is a flux of 

themes that have advanced along the avenues of economic, political, biological and 

technological opportunities. The field’s current state is shaped enormously by maturing 

technologies, ushered by the ongoing miniaturization and refinement of digital sensors, 

processors, and data storage. Drones represent a recent but rapidly maturing technology 

for wildlife research whose methodological best practices and downstream analytical 

opportunities are still in the process of discovery and development. Based on past 

pinniped research, recent applications, and key advantages of drone systems, we have 

identified a variety of advantages that drones can confer to the current and future study 

of pinniped species (Chapter 1). In three studies, we applied some of these specific 

advantages to data from ongoing research programs with high-latitude pinniped 

populations in three different geographic regions, advancing drone-based 

methodologies from proof-of-concept toward practical deployment in ecological 

research and management scenarios. 

Enabled by large volumes of ultra-high-resolution imagery, computer vision is 

often heralded as a transformative technology that facilitates drone surveillance by 

promising a reduction of human effort and more replicable systems of image 

interpretation. When scaled across 6 datasets of gray seal population assessments, we 
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demonstrated that a relatively common computer vision implementation yields highly 

variable performance that is not easily optimized or predicted without validating 

models against manual annotations (Chapter 2). Such results qualify the current state of 

computer vision and artificial intelligence to one of assisting, rather than replacing, the 

effort of human interpretation. Further research is needed to understand and attenuate 

the drivers of error among model training and testing scenarios, but imprecise and even 

unpredictable computer vision systems can still ease and transform the task of detecting 

and classifying gray seals in drone imagery and verifying human annotations. To that 

end, this study also demonstrates new tools and principles to integrate spatially 

referenced large-format imagery with common computer vision implementations, 

reducing the threshold of expertise needed to properly implement current and future 

deep learning systems with drone data. 

The spatial dimension of drone surveillance can encode not only pinniped 

locations, but also their context relative to one another and to the habitat mapped 

around them. Spatial modeling methods with drone imagery can reveal fine-scale 

species–habitat relationships, and successfully characterized key drivers of local 

pinniped distributions from a survey of Otter Island, AK, in 2018 (Chapter 3). Among 

habitat predictors, conspecific proximity exerted a nearly overwhelming effect in models 

explaining distributions of pacific harbor seals and northern fur seals, though select 

topographic characteristics also emerged as comparatively minor effects for each 
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species. Distributional modeling techniques are most commonly deployed at larger 

scales, and often with sessile species; by contrast, this study demonstrates some of the 

challenges associated with fine-scale modeling of a mobile, social species. At coarse 

spatial scales, social effects can aggregate into region-wide counts and predictions, but at 

local scales they can frustrate predictive modeling efforts because they depend on a 

priori knowledge of conspecific distribution; if unaddressed, they can manifest as a non-

random spatial distribution across modeled variables and as spatial autocorrelation 

among model residuals. As high-resolution, spatially and temporally explicit drone 

datasets become increasingly available, new demand and opportunities may arise for 

the field of distributional modeling to hone new tools for the study of species–habitat 

relationships at local, organismal scales. 

As drone methods scale from experimental uses into regular surveillance, they 

can expand the temporal dimension of wildlife monitoring into high-frequency seasonal 

and even daily processes. We implemented regular drone monitoring across a variety of 

coastal sites near Palmer Station, Antarctica, and from resulting seal counts, successfully 

modeled and described the seasonal abundance trend of Antarctic fur seals in summer 

2020 (Chapter 4). Using distributional modeling methods with drone-derived pinniped 

locations, we trained a model of topographic suitability that we predicted across satellite 

imagery to estimate suitable area as a predictor of abundance. This habitat suitability 

model was subject to some of the challenges highlighted in Chapter 3, with spatial 
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autocorrelation present and unaddressed in the spatial model’s residuals, but could be 

used to estimate a simplified metric of aggregate topographic suitability. This improved 

predictions of abundance by date over those from a model without site-specific effects. 

These models, together, enabled me to identify the date of peak on-land abundance of 

Antarctic fur seals in summer 2020, to estimate abundance by date at surveyed sites, 

and, with a wider confidence interval, to estimate abundance by date at sites not 

surveyed near Palmer Station. This application used both the temporal depth of a three-

month drone monitoring campaign and the spatial breadth of fourteen sites, totaling 

1.574 km2 of potential pinniped habitat, to obtain a composite estimate of maximum on-

land species abundance during summer 2020. 

These applications represent frontiers of drone applications for wildlife 

monitoring and new advancements in the study of pinnipeds for ecological research and 

management. Many applications of drone methods are already tested, proven and ready 

for wide-scale adoption in wildlife research, but many advanced techniques still warrant 

further refinement from their original fields of expertise, like computer vision and 

spatiotemporal modeling. The archival quality of drone data means that current survey 

datasets, if preserved and shared, can be reanalyzed in the evolving state-of-the-art, and 

can be used to test and validate such new systems. Drones will certainly continue to be 

adopted for their most obvious advantages, but if study designs leverage their full 

capabilities, drones can also transform the way researchers study and analyze pinniped 



 

150 

biology, behavior and ecology. Drone applications in pinniped research must account 

for the wealth of information contained in drone imagery, must consider best practices 

for its collection, preservation and distribution, and must continue exploring new 

methods that integrate research objectives beyond the current themes of the field and its 

disciplines. With due consideration and applications, drone methods will continue to 

advance new frontiers in pinniped science and management, and wildlife research at 

large.
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Appendix A: Supplementary methods of Chapter 2 

A.1 Hardware and software specifications 

We installed Keras-RetinaNet and its dependencies on a desktop computer with 

an AMD Ryzen 5 5600X 6-Core processor and NVIDIA GeForce RTX 3060 graphics card. 

We installed Ubuntu 18.04 LTS on this computer, finding that later versions of Linux 

were incompatible with downstream dependencies of our selected implementation. 

Once Ubuntu was installed, we installed CUDA Toolkit 10.1 for our operating system, 

and Conda to manage virtual python environments. We created an environment for 

Python 3.8.5, using conda we installed packages “cudnn” version 7.6.4, “numpy” 

version 1.20, “keras” version 2.4.3 and “matplotlib” version 3.2.2, and using pip we 

installed “tensorflow-gpu” version 2.3. We then installed Keras-RetinaNet 

(github.com/fizyr/keras-retinanet) following directions documented in the repository. 

An additional customization was needed to repair a broken function, likely introduced 

by an update in the package “numpy” that we were unable to reconcile by version 

control. In the tensorflow package, file “tensorflow/python/ops/array_ops.py”, we 

added the line 

>from tensorflow.math import reduce_prod 

to the initial imports and edited line 2956 

>if np.prod(shape) < 1000: 

to read  
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>if reduce_prod(shape) < 1000: 

This repaired the function such that Keras-RetinaNet could operate on our system. 
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Appendix B: Supplementary methods of Chapter 3 

B.1 UAS Imagery and collection 

UAS flights were conducted using senseFly (Cheseaux-sur-Lausanne, 

Switzerland) eBee Plus fixed-wing small UAS with a S.O.D.A. sensor (5472 pixels × 3648 

pixels, shutter speed 1/1000, aperture f/2.8, ISO 100–800) measuring reflectance in digital 

red, green, and blue bands (RGB) or a ThermoMap sensor (640 pixels × 512 pixels, 

spectral bandwidth 7.5–13.5 nm, thermal resolution 0.1–0.2 °C) measuring a thermal 

infrared band (TIR). Sensors were always located at ∼5° off-nadir, relative to the aircraft. 

Owing to limitations of thermal photography, TIR was collected at a much lower GSD 

than RGB. Surveys entailed either a single eBee collecting only RGB data or two eBees 

flown in a synoptic flight pattern at deconflicted altitudes, such that TIR and RGB 

sensors captured the same regions nearly synchronously. Flights were planned to 

achieve targets of >90% longitudinal overlap and 65%–80% latitudinal overlap between 

adjacent images, depending on sensor and flight objective. 

Field sites were accessed by Zodiac without disturbing pinniped haul-outs, and 

drones were launched by hand from grassy terrestrial launch-and-recovery zones away 

from the haul-outs. Surveys were planned and executed using eMotion flight control 

software on a laptop ground control station. Flight plans consisted of parallel, 

overlapping transects along each region’s shortest axis—to minimize possible animal 

movement between adjacent photographs—repeating for the extent of the survey’s 
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target area. All synoptic transects were spaced 27 m apart, yielding estimated overlaps 

of >95% longitudinal, 70% lateral between TIR images and 90% longitudinal, 80% lateral 

between RGB images; TIR was collected at 14 cm target GSD from 75 m altitude, 

estimated above reference elevation data, and RGB was collected at 2.35 cm target GSD 

from 100 m altitude. The complete survey of Otter Island yielded estimated overlaps of 

90% longitudinal, 65% lateral between its RGB images; RGB was collected at 2.75 cm 

target GSD from 117 m altitude. Images, UAS position, and system data were collected 

and stored in removable memory aboard the aircraft during each flight; position and 

system data were also telemetered to the ground control station over VHF where they 

were actively monitored and logged. Surveys were carried out on 3 September under 

amenable flight conditions that entailed winds <32 km/h, clear visibility >4.8 km and no 

precipitation. Mapping flights took place during 1405–1441 and 1451–1508 AKDT, south 

coast ROI survey flights took place during 1524–1543 AKDT, and north coast ROI survey 

flights took place during 1601–1619 AKDT. Tide data were obtained from the tide gauge 

at Village Cove on St. Paul Island, NOAA Station ID 9464212. 

B.2 Orthomosaic and DSM processing, editing, and alignment 

Orthomosaics and DSMs were generated in Pix4Dmapper 4.3, using a standard 

“3D Maps” workflow with the “alternative” image calibration option and 

“geometrically verified matching” strategy for matching image pairs. All DSMs were 

generated using smoothing and noise filtering, and from those models the orthomosaics 
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were derived. Images from all surveys on Otter Island were pooled to create the RGB 

orthomosaic and DSM of the entire island. 

During orthomosaic creation, inconsistencies between adjacent images such as 

moving animals can produce a ‘ghost effect’ where moving features appear blurry or 

transparent; however, this can be eliminated by manual editing in the Pix4D software to 

define specific images to use in target regions of the orthomosaic. Therefore, for each 

synoptic survey dataset, we manually edited both RGB and thermal orthomosaics to 

ensure that, wherever animals occurred, they were described by only a single image at a 

time; and to further reduce inconsistencies in animal positions between our synoptic 

orthomosaics, we verified timestamps between collocated RGB and thermal images as 

we edited each orthomosaic, ensuring that each animal’s position was described by 

thermal and RGB images that were taken within seconds of one-another, as close as 

possible without compromising image quality. For this process, animals were identified 

based on shape and color in the RGB orthomosaic, heat in the thermal orthomosaic, or a 

combination thereof as both orthomosaics were being reviewed and edited in tandem. 

Once orthomosaics had been generated and cleaned of ghost effects, we co-

registered each thermal spatial index orthomosaic to its synoptic RGB orthomosaic using 

ArcGIS Pro 2.6.1 using manual control points that could be identified in both spatial 

data products (as many as could be identified to achieve a satisfactory warp), and 

warped using a first- or second-order polynomial transformation (the lowest order 
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necessary to achieve a satisfactory warp); satisfactory warp was determined by visual 

inspection of conspicuous terrestrial habitat features when the two products were 

overlaid, and corresponded to post-warp RMSE values of ≤ 0.20 in each case. This 

coregistration yielded paired color and thermal spatial products that were aligned as 

closely as possible according to terrain features to describe animal locations in the same 

spatial and temporal frames. When necessary during the counting process, original, not-

mosaicked photographs were reviewed to confirm animals that may have been obscured 

by motion or omitted at the margins of the mosaicking process. 

Digital surface models were examined for obvious systematic errors in ArcGis 

Pro by placing line features along the top of the surf-zone at gradually inclined beaches 

around the island and extracting elevation values. In the DSM from the north coast 

survey there was a clear bias of higher elevation values correlating with eastward 

locations along the surf line, indicating a systematic error in the DSM product—possibly 

the ‘bowling/doming effect’ that commonly occurs during elevation model construction 

from mapping by parallel UAS transects (James & Robson, 2014). The full-island DSM 

product showed low and spatially heterogeneous variability in surf-zone elevation 

estimates (2.95 ± 0.59 m, mean ± standard deviation), suggesting the absence of this 

systematic error. Inland regions were not evaluated for DSM accuracy because there 

were no ground control points or other known elevation data beyond the surf-zone. We 

standardized our DSM’s elevation estimates to NAVD88 by subtracting 2.19 m from 
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each cell, this being the difference between our mean surf-zone elevation estimate (2.95 

m) and the mean tidal height above NAVD88 on Saint Paul during our mapping survey 

(0.76 m). 

B.3 GIS processing of terrain products 

The 2 m downsampled DSM was treated as the variable ‘Elevation’, disregarding 

the vertical contribution of vegetation at inland sites (≤0.5 m) for this and all derived 

variables. ‘Distance from shore’ was generated as surface distance between each cell and 

a coastline feature at the tidal height at time of survey, accounting for elevation using 

the ‘distance accumulation’ tool in ArcGIS. The variables ‘Slope’, and ‘Aspect’ were 

generated using their respective tools in ArcGIS, and ‘Rugosity’ was calculated as the 

arc–chord ratio—an index of topographic complexity that is decoupled from slope (Du 

Preez, 2015)—by taking the ratio of each 2 m cell’s summed surface area (calculated at 

the DSM’s original GSD) to the cell’s planar area at 2 m.
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Table S1: Bivariate Pearson’s correlation coefficients (r) between all variables considered for modeling for the entire ROI. 
Variables with |r| > 0.8 (shaded) were considered collinear and therefore not used in the same candidate models. 

 
Slope Distance 

from shore 
Rugosity Sky view 

factor 
C. ursinus 
proximity 

P. vitulina 
proximity 

Elevation 0.15 0.17 -0.11 0.09 0.76 0.73 

Slope  
 

-0.37 0.35 -0.82 0.29 0.16 

Distance from shore 
  

-0.22 0.41 -0.03 0.34 

Rugosity 
   

-0.46 0.10 -0.01 

Sky view factor 
    

-0.27 -0.06 

C. ursinus proximity 
     

0.63 
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Figure S1: Variogram of residuals from a GAM generated to predict ‘Probability of C. 
ursinus occurrence’ using only terrain characteristics. A fit spherical model of 
semivariance (blue line) indicates spatial autocorrelation of model results over close 
distances (0–56.2 m), which corresponded to a Moran’s statistic standard deviate of 
15.89 (p < 0.001). 
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Figure S2: Variogram of residuals from a GAM generated to predict ‘Probability of P. 
vitulina occurrence’ using only terrain characteristics. A fit spherical model of 
semivariance (blue line) indicates spatial autocorrelation of model results over close 
distances (0–82.4 m), which corresponded to a Moran’s statistic standard deviate of 
8.26 (p < 0.001). 
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Appendix C: Supplementary methods of Chapter 4 

C.1 Drone imagery and collection 

Drone flights were conducted using DJI (Da-Jiang Innovation, Shenzhen, 

Guangdong, China) Phantom 4 Pro quadcopter drones with the default gimbal-

stabilized camera payload (1” CMOS sensor, 5472 × 3648 pixels) capturing reflectance in 

digital red, green and blue bands. Surveys were flown targeting a minimum of 65% 

overlap at altitudes targeting 1.5-cm GSD or 75% minimum overlap for 3-cm GSD (55 m 

and 110 m altitude, respectively) relative to sea-level because reliable elevation 

basemaps were not available on hand at the time of survey. Overlap and GSD therefore 

varied by photograph, depending on the actual elevation below at each photograph site, 

and rare but occasional gaps occurred in coverage if the camera stuttered between 

consecutive photographs. Flight plans were designed and carried out using Universal 

Ground Control Station (Baloži, Latvia) software version 3.3.438 on a laptop alongside 

the UGCS for DJI app on a tablet, and drones were launched and recovered by hand 

from small boats, adjacent landmasses, or local peaks to maintain line-of-sight 

throughout the survey. If sites were directly accessed for surveillance, care was taken to 

avoid or minimize all possible animal disturbance, and nearby seal locations were noted 

or photographed at ground level upon landfall, so undisturbed locations could be used 

instead if they were subsequently disturbed by flight operations or adjacent research or 

logistical operations that sometimes cooccurred. 
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Flight plans consisted of parallel overlapping transects, repeating for either the 

extent of the target survey region, or as much as could be covered in the duration of a 

single battery. Transect orientation targeted each region’s longest axis to maximize 

battery efficiency, since drones decelerated toward waypoints and therefore spent more 

time proportionally on turns than on straight transects. Depending on the target GSD, 

larger sites often required multiple flights and batteries to survey the entire site with a 

single grid of overlapping aerial photography. Surveys consisted of at least one grid of 

aerial photography targeting 1.5-cm GSD with ~65% overlap, to capture a complete 

orthomosaic of land cover and pinniped locations in high-resolution, and within the 

campaign each site received at least one survey that also included a second consecutive 

grid of aerial photography targeting 3-cm GSD with ~75% overlap, and in most cases 

additional oblique photography collected around the perimeter of the site, to provide 

robust coverage for photogrammetric surface modeling. One site, Joubins Island 96, was 

surveyed without a flight plan, by manual flying only, because it was an ad hoc 

unplanned survey, flown because of the region’s small area and uncommon interest as a 

site of particularly high Weddell seal occupancy (11 individuals hauled out on a small 

shoal complex). 

Images with timestamps and GPS metadata were collected and stored in 

removable memory aboard the aircraft during each flight; position and system data 

were also telemetered to the ground control station over VHF frequencies where they 
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were actively monitored and logged. Surveys were carried out under amenable flight 

conditions that entailed winds > 25 mph, clear visibility > 3 miles and little or no 

precipitation. All flights took place during daylight hours on an opportunistic schedule, 

preferentially targeting overcast conditions with diffuse lighting and shadows. 

C.2 GPS survey and ground-truthing 

Ground truthing was conducted using a Trimble R7 system (Sunnyvale, 

California) with a Zephyr Geodetic Base L1/L2 Antenna (part number 41249-00). Points 

were averaged over 10 seconds with PDOPs of ≤ 2.57, mostly < 2.0, and were post-

processed for differential corrections using records from the nearby PAL2 base station 

(Johns, 2006) for nominal 10 mm + 1 ppm RMS horizontal precision and 20 mm + 1 ppm 

RMS vertical precision. We identified candidate GCPs from orthomosaics collected early 

in the season, targeting features that appeared high-contrast (ideally visible in imagery 

from both drones and satellites), relatively permanent (not likely to change within or 

across seasons), and relatively flat (less vulnerable to orthorectification errors). 

Candidate GCPs were selected by hand to achieve evenly spaced coverage across each 

study site. Survey sites were chosen opportunistically based on map availability, 

biological interest, and ease of access. During the GPS survey, my team located and 

accessed as many of these features as we could within logistical constraints, and we 

surveyed each accessed feature using the GPS system. 
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C.3 Orthomosaics, elevation models, and terrain products 

Orthomosaics and DSMs were generated in Pix4D software version 4.3, using a 

customized “3D Maps” workflow with highest settings, image matching using 

triangulation of image geolocation and image similarity with a maximum of 1 pair for 

each image, and “Geometrically Verified Matching” strategy for matching image pairs. 

All DSMs were generated without smoothing or noise filtering, and from those models 

the orthomosaics were derived without radiometric processing for calibration 

corrections. 

I selected pairs of reference-quality DSM and orthomosaic basemaps from 

surveys that included multiple grids of aerial photography for maximum coverage. 

When multiple candidate surveys were available for a site, we visually inspected all 

DSMs and selected the model with the most complete coverage and fewest visible 

artifacts, such as interpolated gaps or unnatural disjunctions in the landscape. We then 

co-registered orthomosaics from other surveys to the basemap orthomosaic using 

automatically generated control points, which we reviewed for accuracy, before warping 

with a third-order polynomial transformation, using ArcGIS Pro 2.7.1. We then marked 

seal locations on the selected basemaps and aligned orthomosaics. 

For terrain analysis we used two satellite DEM products from stereo imagery 

provided by the DigitalGlobe collection to the Polar Geospatial Center. The scenes 

consisted of one DEM from WorldView-3 imagery collected on November 19, 2019, and 
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processed using SETSM version 4.3.7, and one DEM from WorldView-1 imagery 

collected on October 20, 2012, and processed using SETSM version 4.3.6, respectively 

named ‘WV03_20191119_104001005589A700_1040010054AE7700_2m_lsf_v040307’ and 

‘WV01_20121020_102001001D99B900_102001001EB08100_2m_lsf_v040306’. 

These scenes were selected based on visual assessment, ensuring that areas of 

exposed land did not include obvious errors, which were present to various degrees in 

parts of all 27 DEMs received from Polar Geospatial Center—though many DEMs 

included large usable regions where land elevation estimates appeared accurate. Most 

study-sites were modeled successfully in both selected images, and we ensured that all 

sites including glacial remnants and interfaces were described by the more recent 2019 

DEM, if possible. We overlaid DEMs with drone DSMs to ensure that they were closely 

aligned horizontally, such that seal locations identified in orthomosaics were 

appropriately registered to satellite DEMs, then we extracted DEM values at each 

ground-truthed GCP to estimate offsets of reference DSMs and each satellite DEM. We 

corrected each DEM by its mean offset, -1.66 for the 2019 DEM and +1.57 for the 2012 

DEM. 

I generated preliminary land-masks for each surveyed site using DSMs from 

drone surveys, creating polygons at mean sea level (-1.129 m EGM96), then we 

generated land-masks for analysis from corrected satellite imagery by selecting an 

elevation threshold that yielded similar boundaries for all surveyed sites, and new 
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polygons for site not surveyed. Based on similarity to drone land-masks, we 

predominantly used the land-mask from the corrected 2012 DEM, with an empirically 

selected threshold of 0 m EGM96, except at sites with receding coastal glacial features, 

for which we used the corrected 2019 DEM if available for that site, with a selected 

threshold of -1.129 m EGM96 (MSL). We visually inspected the combined land-mask 

and manually edited it, if errors were visible, and masked it to exclude the Marr Ice 

Piedmont extent in 2019. We applied the land-mask to each DEM with a buffer of 10-m 

to enable neighborhood-based calculations at the edges of the unbuffered land-mask, 

and mosaicked the land regions that were only modeled in the 2012 DEM together with 

the rest of the land regions that were modeled in the 2019 DEM. 

I created terrain products by applying topographic GIS tools to the mosaicked, 

buffer-masked DEM, and then again masking the products to the unbuffered land-mask, 

to obtain an identical complete extent of the land-mask for each product. Elevation was 

obtained directly from the corrected, mosaicked DEM, and slope was calculated using 

the appropriate ArcGIS tool. Distance from shore was calculated using the ‘distance 

accumulation’ tool in ArcGIS, including elevation as a surface raster for surface distance, 

and using a land-and-glacier polygon to calculate distance from shore (such that inland 

glacier interfaces were not treated as shoreline boundaries). Potential direct insolation 

was calculated using the ‘potential incoming solar radiation’ tool in SAGA 8.2.1 with 

solar positioning for the date of March 11, 2020. Wind exposure was calculated using the 
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‘wind exposition index’ tool in SAGA 8.2.1 with 15-degree increments of wind angle and 

a 10-m search radius. Topographic wetness was calculated using the ‘one-step 

topographic wetness index’ workflow in SAGA 8.2.1. 

Table S2: Model results of Equation 1, estimating abundance as a smoothed function 
of date. The model was trained on all surveys of study sites (n = 98), and abundance 
was modeled using a negative binomial distribution with θ = 0.59 and a log link 
function. 

Intercept 

Estimate Standard error Z-score p-value 

2.587 0.183 14.14 < 0.001 

Approximate significance of smooth terms 

Term Effective Degrees of 
Freedom 

Chi-squared statistic p-value 

Date 5.541 93.63 < 0.001 

Model summary 

R-squared (adjusted) Deviance explained REML score AIC 

0.192 50.2% 384.45 761.3052 

 

Table S3: Model results of Equation 2, estimating abundance as a smoothed function 
of date, with site as a random effect. The model was trained on all surveys of study 
sites (n = 98), and abundance was modeled using a negative binomial distribution 
with θ = 5.83 and a log link function. 

Intercept 

Estimate Standard error Z-score p-value 
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1.6582 0.7948 2.086 0.037 

Approximate significance of smooth terms 

Term Effective Degrees of 
Freedom 

Chi-squared statistic p-value 

Date 6.713 212.7 < 0.001 

Site 10.638 179.9 < 0.001 

Model summary 

R-squared (adjusted) Deviance explained REML score AIC 

0.688 93.7% 329.49 603.1793 

 

Table S4: Model results of Equation 3, estimating abundance as a smoothed function 
of date, with suitable area as an offset. The model was trained on all surveys of study 
sites (n = 98), and abundance was modeled using a negative binomial distribution 
with θ = 1.329 and a log link function. 

Intercept 

Estimate Standard error Z-score p-value 

-6.7596 0.1599 -42.28 < 0.001 

Approximate significance of smooth terms 

Smooth term Effective Degrees of 
Freedom 

Chi-squared statistic p-value 

Date 6.055 136.4 < 0.001 

Model summary 

R-squared (adjusted) Deviance explained REML score AIC 

0.32 67.1% 352.28 694.2146 
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Table S5: Peak abundance estimates of individual sites not surveyed, but predicted 
using our Maxent model for suitable topography to estimate ‘suitable area’ with 
Equation 3 for day-of-year 71. Site subscripts denote the labeled location in Fig. 18. 

Site Suitable 
area (m2) 

Count 
Estimate 

95% Confidence 
Interval 

Litchfield Island15 56316 424 272–663 

Christine Island32 46600 351 225–548 

Hermit Island36 31700 239 153–373 

Janus Island & Split Rock18 26112 197 126–307 

Amsler Island West11 24404 184 118–287 

Outcast Islands30 20280 153 98–239 

Casey Islands1 18988 143 92–223 

Fraser Island & shoals5 18916 143 91–223 

Limitrophe Island34 15220 115 73–179 

Gamage Point20 11404 86 55–134 

Halfway Island6 10512 79 51–124 

Peoples Rocks8 10268 77 50–121 

Laggard Island40 10228 77 49–120 

Dead Seal Island & shoals33 9304 70 45–109 

Hellerman Rocks37 7104 54 34–84 

North Wylie Bay3 7008 53 34–82 

Cormorant Island38 5736 43 28–67 

Spume Island & shoals25 5440 41 26–64 



 

170 

Breaker Island7 4320 33 21–51 

Jacobs Island39 4216 32 20–50 

Lipps Island10 4032 30 19–47 

Eichorst Island28 3188 24 15–38 

Trivelpiece Island4 2584 19 12–30 

DeLaca Island17 1980 15 10–23 

Point 8 Adjacency26 1504 11 7–18 

Stepping Stones31 1412 11 7–17 

Islands beyond Dead Seal35 1104 8 5–13 

Islands beyond Cormorant41 1092 8 5–13 

Shortcut–Point 8 coastline27 744 6 4–9 
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Figure S3: Terrain analysis products used for Maxent modeling, subset to the example 
site of Humble Island. Products are the same as shown in Figure 19d, but here 
expanded with legends provided, for illustrative purposes.
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Figure S4: Predicted relationships between terrain attributes and habitat suitability, as estimated in the Maxent model of habitat 
suitability, based on a subset of surveyed Antarctic fur seal locations near Palmer Station. Terrain attributes included potential 
direct insolation (di), distance from shoreline (dist), elevation (elev), slope, topographic wetness index (twi), and wind exposure 
index (we). 



 

 

173 

 

 

Figure S5: Semivariograms describing spatial autocorrelation in each date range: days 44–46 (top, Moran I statistic = 0.55, p < 
0.001) and days 68–73 (bottom, Moran I statistic = 0.51, p < 0.001). Each point represents pairs of locations where seals were 
identified during the date range, and residuals were calculated as [1 – the maxent score of the location]. More similar residuals 
occur at closer distances within a range of 100 m, which corresponds to a more clustered than random distribution of residuals. 
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