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Many large coastal sharks are vulnerable to population declines, however, conflict with human activities often results in unselective culls. Successfully and non-destructively, addressing human-wildlife conflicts requires understanding of animal behavior. However, knowledge about white shark (Carcharodon carcharias) behavior near surf zones, where shark bites usually occur, is still limited. We used drones to obtain high-resolution tracks of 108 white sharks directly off coastal beaches on the east coast of Australia. White sharks ranged from 1.9 to 4.0 m (total length) and typically swam parallel to the beach line at an average speed of 0.82 m s−1 (∼3.0 km h−1), with behavior being characteristic of energy conserving motion and foraging. Notably the presence of schools of fish increased mean swim speeds of sharks by 0.33 m s−1 and caused tracks to be more convoluted. White sharks were also observed to swim straighter and faster with time either side of midday, increasing predicted mean swim speeds by 0.11 m s−1, and net travel velocities by 0.25 m s−1. White sharks also displayed inquisitive behavior toward various potential food and non-food items. We demonstrate that white sharks display largely predictable track trajectories and slow movement speeds along coastal beaches, which has utility in further developing non-destructive shark mitigation strategies. Whilst some of the behavior observed might support the exploratory bite hypothesis, there is likely an increased risk of a shark bite to bathers during situations where there are large shark-attracting food sources present.

Keywords: animal behavior, drone tracking, human-wildlife conflict, shark behavior, shark mitigation, wildlife conservation


INTRODUCTION

The importance of large sharks for exerting predation influence across marine ecosystems is increasingly recognized (Ferretti et al., 2010; Hussey et al., 2014). However, many are undergoing severe population declines from direct and indirect human exploitation (Dulvy et al., 2014; Roff et al., 2018). Amongst the most vulnerable are large coastal sharks, with many being protected or assigned a conservation status with the International Union for the Conservation of Nature (IUCN; Dulvy et al., 2014; Davidson et al., 2016). However, despite global conservation concerns, the potential for unprovoked shark bites, or “shark attacks,” presents a human-wildlife conflict dilemma that often jeopardizes conservation efforts (Reid et al., 2011; Roff et al., 2018). The occurrence of shark bites often results in reactionary cull-based strategies, which can be largescale, unselective, and long lasting (Cressey, 2013; Roff et al., 2018). Furthermore, common forms of cull-based mitigation can often cause negative consequences for other threatened marine wildlife caught as bycatch (Sumpton et al., 2011).

In addition to ecological considerations, there is mounting social pressure for management agencies to deal with the social and safety issues of shark bites in a non-destructive way (Pepin-Neff and Wynter, 2017; Simmons and Mehmet, 2018). However, to successfully address human-wildlife conflict involving a large predator requires a detailed understanding of the animal’s behavior, which is reflected by the increase of animal movement research (McGowan et al., 2017; Fraser et al., 2018; Suraci et al., 2019). Additionally, increasing the knowledge base on feared animals is also critical for addressing misconceptions and improving social attitudes to support non-destructive management approaches (Dickman, 2010; Draheim et al., 2015).

White sharks (Carcharodon carcharias) are involved in the majority of reported global shark bites and are arguably the most feared ocean predators (Taylor et al., 2019). Although they are susceptible to human-driven population declines and consequently being listed as “vulnerable” on the IUCN red list of threatened species, they are often the driver for cull-based shark mitigation (e.g., Cressey, 2013). Despite tagging and tracking efforts, there is a conceptual understanding of long-range movement patterns of white sharks and their propensity to reside in continental shelf waters (Skomal et al., 2017; Bruce et al., 2019; Watanabe et al., 2019), but little is known about their localized behavior when nearing the surf zone, where unprovoked shark bites are known to occur. Such small-scale movement information has been critical in curbing human-wildlife conflict in terrestrial systems (e.g., McGowan et al., 2017; Suraci et al., 2019).

To capture localized behavior of white sharks, we used drones to obtain fine-scale movement patterns along coastal beaches on the east coast of Australia to determine their movement patterns around the surf zone and their common size ranges. We further quantify track metrics of direction, average (instantaneous) speed, straightness, and net velocity across shark vector (a function of net distance over duration), as well as the potential influence of biological and environmental parameters on track metrics. We illustrate the largely predictable nature of white shark movement patterns at fine scales along coastal beaches.



METHODS


Sampling Location and Tracking Procedures

We used <2 kg multirotor drones (DJI Phantom 4) to obtain movement tracks of 108 white sharks off coastal beaches of eastern Australia from September 2016 to October 2018. While over 30 beaches between Brunswick Heads and Anna Bay in New South Wales (NSW) were haphazardly sampled for white sharks, we only encountered them at 10 beaches (Figure 1). To obtain a statistically meaningful quantity of white shark tracks, locations targeted for sampling were a mix of non-probability convenience sampling and haphazardly selecting underrepresented locations along the coastline, whereby around 650–700 targeted drone flights were made. White shark catch and detection information from other shark management strategies were also used as a guide to indicate shark presence, such as from SMART drumlines, VR4G acoustic receivers and aerial surveillance patrols along the NSW coastline. We also used additional opportunistic tracks of two white sharks from drone-based shark surveillance trials operating at Ballina and Evans Head (Colefax et al., 2019; Kelaher et al., 2020a). The majority of targeted search effort and subsequent collected data was from July to October months, coinciding with broad seasonal migrations (Bruce et al., 2019). Due to the nature of sampling, search effort was not recorded as it was not necessarily representative of shark abundance.
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FIGURE 1. Locations off eastern Australia, where localized movement tracks of white sharks (Carcharodon carcharias) were obtained. Numbers of white sharks tracked at each location are given in parenthesis. The righthand panel shows a scaled comparison of the approximate range of lengths of white sharks observed during this study.


At each beach, the area within and behind the surf break was searched with the drone. Once a white shark was detected, the drone was lowered to 20–25 m for tracking, with the camera pitched at 90°, or nadir (see online Supplementary Material for more information). Smooth course corrections were made so that the shark was maintained in the centre of the screen (marked by digital crosshairs) and the same heading as the aircraft for the entire tracking duration. Video was recorded in UHD 4k resolution (3840 × 2160 pixels) along with active subtitles of time, GPS and altitude information. A track ended when the shark was lost in deep or highly turbid water, traveled beyond regulatory drone “line-of-sight” requirements, or lost between drone battery changes. With each flight, the wind direction and strength were recorded using a Skywatch BL portable weather station. Wind strengths during tracking ranged between 0–11.78 m s−1 with a mean (±SD) of 2.76 m s−1 (±2.05). Tidal data was obtained from the Australian Bureau of Meteorology tide prediction charts relevant to the sampling location, and was later categorized from 1–6 per the stage of the tide. Water clarity index was assessed on a scale from 1–5 with increasing clarity (see Colefax et al., 2019). The median water clarity across all shark tracks was 3.5, indicating good sightability for the majority of tracks, with 25% of tracks in a water clarity of under three where the seabed could not readily be distinguished. Potential sharks that could not reliably be identified as a white shark by the end of a track were excluded from the analysis.

Post flights, we accessed the drone’s flight logs and extracted the GPS coordinate and altitude information pertaining to each shark track (Raoult et al., 2018). This was then averaged to a rate of 1 Hz and plotted in QGIS (QGIS Development Team, 2019). Total length (TL) of each tracked white shark was estimated by extracting multiple still images from corresponding videos at points when the shark was nearest the surface and body straight. The shark in each image was then measured in number of pixels, for the given drone height and estimated depth of the shark. This was then converted to a total length (m) using a calculated equation for the drone’s sensor (see online Supplementary Material for additional information).



Data Analysis

During post analysis of video footage, any shark behavior association was recorded. These included “interactions” with conspecifics and dolphins, schools of fish, and “objects,” such as rays, isolated rocks or reef, and drifting seaweed clumps. For the analysis, drifting seaweed, rays, or isolated rock/reef sections were combined with unclassified objects, which may have been any of the former. Dolphin interactions and exchanges with conspecifics were combined, as were small and large schools of fish. Unattributed behavior, where a reaction or sudden change in behavior was observed but could not be attributed to an object or fish, were disregarded from the analysis. Additionally, a track segment containing boat interactions was removed prior to analysis. We used the trajr package (McLean et al., 2018) in R (R Core Team, 2019) to extract track metrics of mean (instantaneous) swim speed, straightness (Benhamou, 2004), and net velocity across shark vector (net track distance over duration, or rate of movement; Johnson et al., 2009), herein referred to as “net velocity.” Where there were multiple track segments for each shark, a weighted average was calculated, with weights proportional to the track duration, and applied to each shark. A weighted average was also calculated for the frequency of objects encountered along the swim path, as well as interactions with conspecifics and dolphins, and presence of fish schools. Environmental covariates in the analyses included wind strength (m s−1); wind direction, expressed as “nil,” “onshore,” or “offshore” relative to the location; tidal stage, transformed to a sine and cosine scale; water clarity (visibility), as a scale from 1–5; and time (24 h), from the center timepoint in the track, transformed to a sine and cosine scale.

Four statistical models were constructed and fitted using Bayesian inference through the Rstanarm package (Goodrich et al., 2018), which determined if swim direction and each of the track metrics were influenced by shark size or the environmental covariates. For the models of track metrics, we also included white shark interactions with objects, fish schools, and conspecifics and dolphins. Both dependent and independent variables were rescaled to the range [0, 1] prior to analysis to ensure numerical stability of the Markov Chain Monte Carlo (MCMC) methods. All variables and model coefficients were rescaled for use on the natural scale following the MCMC. For each model, location and date were each assigned random intercepts to account for locational variation, and where multiple sharks were tracked on the same day from the same location (see online Supplementary Material for R code and more information). Uninformative priors were assigned, and outputs used 95% Bayesian credible intervals and model diagnostics were examined using shinystan (Stan Development Team, 2017). We visualized model outputs by plotting kernel density estimates of the posterior probability density functions and to further support statistical inferences for the various fixed effects in each model.

In looking for evidence of a fixed-effect having either a positive or negative effect on the response variable, we summarized posterior distributions in two ways. Firstly, we looked at whether there was substantial probability mass concentrated on either positive or negative values of the regression coefficients. Where there was sufficient probability mass (>90%) concentrated on positive (negative) values, we concluded that there was some evidence of a positive (negative) effect on the response variable. Secondly, to summarize the posterior distribution, we constructed Bayesian 95% credible intervals for the parameters. Credible intervals that did not contain zero were considered to show strong evidence of being concentrated on either positive values (indicating an increase on the response variable) or negative values (a decrease in the response variable).




RESULTS

A total of 108 white sharks were tracked (Figure 1), amounting to 26.33 h of footage and associated data (see online Supplementary Material for sample footage). The mean track time (±SD) was 17.1 (±18.3) min, with the longest track being 107.2 min and covering a straight line distance of over 3.47 km. Observed white sharks ranged between 1.9–4.0 m TL, with a mean of 2.7 m, and six sharks being ≥3.4 m.

White shark movement near the surf zone tended to be parallel to the beach line and in constant motion (Figure 2). Mostly, sharks tracked behind the surf zone, but were occasionally observed venturing into the surf zone, particularly when large schools of fish were present. Sometimes, tracks went for a few kilometers along the beachline, before heading back out to deeper water or into the channel waters of an estuarine bar (Figure 3). White sharks often appeared to be inquisitive because they opportunistically investigated fish schools and objects such as isolated patches of reef, rays, and drifting seaweed along their swim paths (Table 1). This was observed as a white shark notably turning toward the object, sometimes circling, before continuing on. In a few cases, white sharks were observed to momentarily increase speed toward fish, often accompanied by a sharp turn, and there were a number of cases where this behavior was observed but no fish could be discerned. There were also few notable instances where large schools of fish caused tracks of white sharks to be more circular and tortuous (Figure 2).


TABLE 1. Frequency of occurrences by the number of individual white sharks that were visually interpreted to be investigating each object classification.
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FIGURE 2. Examples of white shark (Carcharodon carcharias) tracks off some of the coastal beaches from the study. Plots 1 – 6 show common track behavior. Plot 7 shows the effect of a small school of fish and some seaweed rack, and plots 8 and 9 show the effect of large schools of fish on movement tracks. For each of the track plots, an image of the shark indicating direction is shown, along with the location, total length (TL) in m, mean speed (Sp) in m s−1, straightness index (St), and net velocity of shark vector (Ve) in m s−1.
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FIGURE 3. An overview of all white shark (Carcharodon carcharias) tracks from Anna Bay, Hawks Nest, Forster–Tuncurry, and Lake Arragan. Red tracks indicate a southward movement direction, yellow tracks a northward direction, and blue indicate no direction assigned.


Thirty-five white sharks were observed moving in a “northern” direction along coastal beaches compared to 59 moving in a “southern” direction. Seven white sharks were either tracked moving in closer to shore from deeper water or moving offshore away from the beach, and a further seven displayed highly tortuous tracks where no net direction could reliably be discerned (Table 2 and Figure 3). There was no statistical evidence to support hypotheses that swim direction of white sharks along the beach was influenced by any of the fixed model coefficients including environmental parameters of tide, visibility, wind direction and strength, or time of day.


TABLE 2. Numbers of white sharks tracked according to broad direction of travel along the beach.
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The mean swim speed of observed white sharks was 0.82 m s−1 (±0.15), and ranged between 0.54–1.23 m s−1. From the model, mean swim speed showed statistical evidence for the shark length coefficient to be non-zero, such that the 95% credible intervals did not enclose zero (Table 3). This indicated that the mean swim speed of sharks increased with size, such that for every meter increase in shark length, mean speed increased by 0.10 m s−1 (±0.04). Similarly, the presence of schools of fish increased mean swim speeds by a predicted mean of up to 0.33 m s−1 (±0.12). Interactions with dolphins or conspecifics potentially had a similar effect of increasing average swim speeds by a predicted mean of up to 0.15 m s−1 (±0.10). However, the 95% credible intervals for interactions did not exclude zero (Table 3), but did show 93% probability mass on positive values of the regression coefficient, indicating some evidence to support increased average swim speed. Time of day also influenced mean swim speeds of white sharks. The model showed statistical evidence for mean swim speeds to be faster during morning and afternoon periods compared to around midday, such that swim speed was predicted to increase in the order of 0.11 m s−1 (±0.08) in the morning and afternoon compared with midday. Similarly, the model showed some evidence to suggest a weaker trend of mean swim speeds increasing with time of day by 0.05 m s−1 (±0.03) in the afternoon compared with morning. However, the 95% credible intervals did not exclude zero (Table 1), with 94% probability mass on negative values of the regression coefficient.


TABLE 3. Coefficient means and 95% credible intervals (in brackets) for parameters in each modeled track metric where posterior probability density functions had at least 90% probability of being above or below zero.
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The mean straightness index across all tracks was 0.74 (±0.24). The model for straightness demonstrated statistical evidence for tracks to become straighter with increasing shark size, such that for every meter increase in shark size, track straightness increased by 0.14 (±0.06). Conversely, the presence of fish schools (overall) along the swim path showed a trend for tracks to be less straight to a predicted mean effect of decreasing straightness by -0.34 (±0.19). Although the 95% credible intervals for fish schools did not exclude zero (Table 3), there was 96% of the probability mass stacked on negative values of the regression coefficient, indicating some evidence for fish schools having a negative effect on track straightness. Time of day may have also affected track straightness, with the model providing some evidence to suggest the straightness of tracks increased by a predicted mean of 0.15 (±0.11) in the morning and afternoon compared with midday. However, only 91% probability mass (for the cosine of time) was stacked on positive values of the regression coefficient.

The mean net velocity of white sharks was 0.61 m s−1 (±0.23), with a maximum net velocity of 1.11 m s−1. The model demonstrated statistical evidence for net velocity to increase with shark size (Table 3), with every meter increase in shark size predicting a 0.16 m s−1 (±0.06) increase in net velocity. The model also showed statistical evidence for net velocities to increase in morning and afternoon periods by a mean increase of up to 0.25 m s−1 (±0.10). There was no evidence to support environmental covariates of wind strength and direction, tide, or water clarity having any influence over the nature of white shark movement patterns along coastal beaches according to the track metrics of mean speed, straightness or net velocity.



DISCUSSION

We demonstrate for the first time the localized movement behavior of white sharks along coastal beaches using drones. From the white sharks sampled, which were not influenced by the presence of whale carcasses or seal colonies, movements observed were typically behind the surf break, relatively parallel to the shoreline at around 0.61 m s−1 (∼2.2 km h−1) for potentially long stretches (up to a few kilometers or more) of beach. This relatively predictable pattern of localized movements is contrary to their long-range spatial movements, where white sharks often take solitary journeys over thousands of kilometers in a largely unpredictable fashion (Bruce et al., 2006, 2019; Skomal et al., 2017). The consistent patterns of nearshore movement has useful implications for the development of non-destructive management approaches that address unprovoked shark bites. These findings could also aid in dispelling some of the public misconceptions and fear around white sharks, which may aid in gaining wider support for mitigation approaches that complement conservation objectives (Pepin-Neff and Wynter, 2017, 2018; Simmons and Mehmet, 2018).

When it came to white sharks potentially detecting objects of interest, which included isolated reef, rays, drifting seaweed, and a surfer, they did not deviate significantly from their predicted swim path. This was also reaffirmed by the high degree of straightness across tracks and the lack of influence on track metrics from investigating objects, which was different from the effect of fish schools. Thus, a white shark traveling parallel to the beach beyond a certain distance from the surf break would unlikely pose a threat to a person in the surf zone. This might have implications for the functionality of shark mitigation methods targeting sharks a distance from the surf break, such as SMART drumlines (Tate et al., 2019). These are often placed ∼500 m from the shore and parallel to the shoreline in a similar fashion to traditional drum lines (Reid et al., 2011; Sumpton et al., 2011). It has been acknowledged that SMART drumlines currently do not prevent bull sharks from entering closer to shore (Guyomard et al., 2019), and it is likely that this is also the case for white sharks. However, the interception rate of white sharks by SMART drum lines might be improved by placing them perpendicular to the shoreline near the ends of the beach or where river mouths and their associated rock training walls are located. This would also apply to traditional drumlines and shark mesh nets, which may explain in part the extremely low capture rates of white sharks from current shark mesh net operations (Reid et al., 2011; Sumpton et al., 2011). In changing the orientation of traditional drumlines and mesh nets, ethical considerations around depleting wide-ranging vulnerable populations, together with communities increasingly opposing cull-based approaches should be carefully considered (Hillary et al., 2018; Pepin-Neff and Wynter, 2018; Roff et al., 2018; Simmons and Mehmet, 2018). There could also be some merit in exploring the potential to exploit the inquisitive nature of white sharks by strategically placing objects providing visual stimuli at the ends of a beach. These could be arranged to incrementally guide sharks back further offshore as they make minor adjustments to their swim path to investigate the objects, acting as passive “shark deflectors.” However, although sharks are known to be highly inquisitive (Strong, 1996), which was reaffirmed in this study, the utility to consistently draw sharks away may be limited and would need thorough research investigation.

Considering white shark movements, being slow and relatively linear along the beach, it would generally allow for more than one surveillance pass with a drone in a transect-based survey procedure, increasing the chance of detection in reasonable water clarity (Colefax et al., 2019; Kelaher et al., 2020a). This utility would be most useful at locations with long stretches of beach and with drone operations not being limited by line of sight aviation restrictions (Colefax et al., 2017). An advantage of drones in such a scenario over manned aircraft would be the ability to make a higher frequency of passes over an area, increasing the chance of intercepting a white shark upon it entering the area (Kelaher et al., 2020b). Additionally, because mean swim speeds and rates of travel were fairly consistent, with tracks broadly linear (in absence of large schools of fish), predictions could generally be made on where a white shark might be along the beach after a given time. This information could be used by surveillance approaches to shark mitigation, where appropriate safe distances between people and white sharks could be better defined and based on how long it would take people to evacuate the water in the context of shark movement speed. This would aid developing better operating protocols for deciding when it might be appropriate to evacuate people from the water.

Water clarity did not influence swim behavior according to track metrics in our study, however, it has been reported to affect the assemblages of large fauna in beach environments from drone-based surveys (Kelaher et al., 2020a). In addition, depleting water clarity reduces the reliability of detections from aerial surveys, which would confound any behavioral associations with water clarity (Pollock et al., 2006; Butcher et al., 2019). Thus, the effect of water clarity might not reduce the chance of a white shark swimming nearshore. In this study, 25% of white sharks were tracked during poor water clarity, with these cases often requiring the animal to be tracked for a few minutes before a reliable classification could be made. There were also a few cases where the track was disregarded due to an inability to classify the animal as a white shark. Consequently, whilst white shark behavior observed in this study may compliment drone-based surveillance approaches to shark mitigation, the reliability of detections during low water clarity would need to be further addressed if people are utilizing the surf during such conditions.

Average swim speeds of sharks off beaches were relatively slow (0.82 m s−1), with even slower net velocities (0.61 m s−1). Other studies have reported similar average speeds and velocities of between 0.52–1.35 m s−1 (Bonfil et al., 2005; Johnson et al., 2009; Watanabe et al., 2019), with faster average speeds of up to 2.91 m s−1 being recorded around seal colonies (Semmens et al., 2013). It has been suggested that white sharks travel at slower speeds to conserve energy and maximize foraging efficiency for locating prey (Johnson et al., 2009; Watanabe et al., 2019), and at faster speeds with associated high energy expenditure when actively patrolling for prey (Johnson et al., 2009; Semmens et al., 2013). Whilst the size classes of white sharks are larger around seal colonies, with an average of 3.6 m TL (Semmens et al., 2013; Watanabe et al., 2019) as opposed to 2.7 m (TL) in this study, the effect of shark size on swim speeds was relatively subtle. Track patterns and behavior were also different to those observed at seal colonies, suggesting that swim speed and associated behavior near the surf break to be characteristic of energy conservation and opportunistic foraging, rather than actively patrolling for prey (Martin et al., 2009; Semmens et al., 2013). However, as this was an observational study limited to relatively short tracking durations and by the numbers of white sharks, it is also plausible that the observed behavior would change with provisional prey items such as seals or whale carcasses.

Time of day influenced white shark behavior in terms of average swim speed, track straightness and net velocity. Notably, the slightly faster swim speeds and higher net velocities, as well as potentially slightly straighter tracks, in morning and afternoon periods. Whilst white sharks were seen to display inquisitive behavior throughout the day, this result could indicate more purposeful foraging during lower light periods outside of our sampling times. White sharks attribute a large portion of their brain for visual processing, and their eye morphology is believed to provide better visibility in low light at the cost of visual resolution (Strong, 1996; Collin, 2018). Hence, higher rates of movement and straighter track trajectories around crepuscular periods has been observed on white sharks, with it being attributed to more directed patrolling activities (Johnson et al., 2009). For example, white sharks predate on seals more effectively in the early mornings, with their hunting effort apportioned accordingly (Martin et al., 2005). Therefore, although white sharks in this study were found to be more representative of inquisitive behavior and opportunistic foraging, it may be plausible that white sharks display more of a patrolling type behavior along coastal beaches around crepuscular periods. Obtaining high resolution behavioral data on white sharks along coastal beaches during low light periods may be logistically difficult, however, it would confirm the assumption of dawn and dusk being higher risk periods for unprovoked shark bites.

White sharks found near the surf zone in this study were juvenile to sub-adult size classes, which is consistent with those reported for nearshore habitats outside of seal colonies where white sharks aggregate (Reid et al., 2011; Bruce et al., 2019; Tate et al., 2019). Ontogenetic feeding preferences of white sharks incorporate elasmobranchs and mammals into their diets at around 3.0 m (TL), with significant dietary trophic shifts measured in vertebrae isotopes between 3.4 and 4.0 m (Estrada et al., 2006). The majority of sharks tracked in this study would still have fish as a major food source (Estrada et al., 2006; French et al., 2017). This was evident by the observed effects of fish schools on behavior, particularly swim speeds and track straightness, and the willingness of similar sized sharks to take fish baits (Bruce et al., 2006, 2019; Tate et al., 2019). It was also observed a few times where white sharks would rapidly accelerate for a feeding attempt on fish. Similar, albeit more aggressive attack strategies have been observed on seals, which resemble a much larger prey (Martin et al., 2005; Ritter and Quester, 2016). Conversely, the observed inquisitive behavior of white sharks to other objects, including non-food items, may lend support to the exploratory bite hypothesis as a causal factor behind unprovoked shark bites given the often superficial wounds inflicted on humans compared to seals (Ritter and Quester, 2016). However, despite the occasional presence of water users (particularly surfers) during the current study, and apart from one minor investigation by a white shark toward a surfer, we did not observe any noticeable interactions with people and so inferences are speculative. Furthermore, there could be individuals that display different behavior than typically observed in the current study (Clua and Linnell, 2018). Whether food sources such as the presence of large schools of fish might alter the behavior of sharks toward humans in the water at the same time is unknown. However, because sharks are likely to exhibit an alteration from “typical” behavior and display more tortuous tracks, they are more likely to remain longer in an area with less relaxed behavior, which may infer increased risk to bathers when large schools of fish are present.

There is an urgent need for effective approaches to shark bite mitigation that can resolve underlying social issues around the conflict, adequately address beach safety, and support conservation values (Dickman, 2010; Reid et al., 2011; Simmons and Mehmet, 2018). In terrestrial settings, relevant animal tracking information has proved invaluable for supporting conservation and alleviating human-wildlife conflict (McGowan et al., 2017; Fraser et al., 2018; Suraci et al., 2019). Likewise, the fairly consistent movement patterns of white sharks, relevant to the area and scale that shark bites occur, will allow further development of non-destructive management approaches. Such developments might include changing the placement and orientation of SMART drumlines to increase catch probabilities of white sharks prone to entering near the surf zone. Similarly, research into visual stimuli that may direct sharks away from the surf zone might provide a new avenue of mitigation research regarding shark bites. Furthermore, the slow swim speeds and largely predictable track trajectories will allow greater chances for detection in transect-based drone-surveillance when water clarity is reasonable. Further investigation into the effect on white shark behavior of bait schools and other large provisional food sources, as well as around crepuscular periods, will provide better resolve regarding potential heightened risk to bathers. However, from the observations of this study, it is likely that such situations present an increased risk. Thus, it might be considered prudent to abstain from water-based activities at coastal beaches when large shark-attracting food sources are present.
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The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmars.2020.00268/full#supplementary-material

DATA SHEET S1 | Provides additional detail on drone tracking specifications and shark length calculations can be found in the online version.

DATA SHEET S2 | Contains the R code pertaining to the analysis and two sample videos (credit: A. Colefax) of a typical swimming motion of a 2.6 m white shark near the surf break in clear water (Video 1), and an interaction of a different 2.6 m white shark with a large bait school (Video 2).

VIDEO S1 | Typical white shark swim motion observed along coastal beaches.

VIDEO S2 | An example of a white shark interaction with a large school of fish.
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