Estimating the density of reef sharks from video surveys
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ABSTRACT

1. Policies about harvesting and conservation areldped in response to information
about trends in abundance, making precise estinwdtéise abundance of rare and
sparsely-distributed species is important.

2. Estimating the abundance of sparsely-distributegcigls is challenging, especially
where direct observations are difficult. Reef skaake typically sparsely distributed,
and methods for making observations have distiacbiases, further complicating
estimates of abundance.

3. We collected observations of reef sharks using teranderwater video cameras, and
developed an agent-based model to generate estimfitbe density of blacktip reef
sharks Carcharhinus melanopterygrom the frequency of observations made using
the video. We augmented these observations withnmsumas of diel patterns in
detections in different habitats, froif@. melanopteruswith surgically-implanted
acoustic transmitters.

4. Cameras recorded higher frequencies of observattodusk (94%) than at noon
(25%). Median estimates of density from matchingsthobservations with the agent-
based model's predictions ranged from 3.5-9.9 mti& noon to 10.7-29.5 ind/Knat
dusk; the estimates depended on whether modelle@ment paths were random or
directional. These estimates suggest that indivédugight exhibit diel patterns in
movement, with directional movement to the reef flaring dusk. Data from tagged
individuals supported this hypothesis, with morg@edgons recorded from reef flat
habitat during early evening and early morning tabather times of day.

5. Estimates of density yielded by the approach wenersg the highest reported in the
literature forC. melanopterusThe agent-based model approach is flexible, ancbe
extended to simulate a range of behaviours, anerotipes of observations.
Uncertainty around the estimates was high and cbeldeduced by increasing the
density of observations, and by improving knowledgeghe movement patterns of
individuals.

Key-words: camera trapCarcharhinus melanopterus.évy flight, Ningaloo, random walk,
rarity, sparsely-distributed species



INTRODUCTION

Large predators can play a key role in determiriivegabundance and composition of their
prey (Este®t al.2011; Rayet al.2005). As a consequence, declines in the abundsdribese
predators sometimes result in changes in abundainpeey, and these can further cascade
down to lower trophic levels (Hairston, Smith & Btwkin 1960; Pruglet al. 2009). Because

of their important role in ecosystems, it is impoit to get accurate estimates of the
abundances of large predators — a task which cathéienging, because these species are
often rare, sparsely distributed or elusive, charestics that make estimating abundance
particularly difficult (Thompson 2004).

There is evidence that the abundances of manyespe€icoastal sharks have declined, and
that these declines have been followed by chang#seiabundance and composition of prey
(Baum et al. 2003; Heithaust al. 2008; Myerset al. 2007). As a result, there have been a
number of efforts to quantify the abundances ofstalasharks. The methods that are most
typically used are visual censuses by divers, ebsens using video cameras (usually
employing the use of bait as an attractant) ancksrearapture methods based on tagging.
Each of these methods has its own attendant sbiasés and uncertainties, and different
methods can yield very different estimates of alamced (McCauleyet al. 2012). For
example, visual censuses can introduce biasesiassbevith behavioural responses to the
presence of divers, and uncertainties associatéd nain-instantaneous counts (Ward-Paige,
Flemming & Lotze 2010), while the use of bait migield results that vary according to the
dispersal of olfactory compounds and interspeansractions around the bait (Bassett &
Montgomery 2011; Trenkel & Lorance 2011).

Because policies about harvesting or conservingshare influenced by advice determined
— at least partly — from the results of such susv€lechera & Klein 2011), it is important

to understand the uncertainties associated wifierdifit methods, and also to attempt to use
methods that best reflect the true density of shérk. the number of individual sharks per
unit area). Observations made using remote underwatleo cameras without bait offer
perhaps the best opportunity to attain this goatabise they avoid biases that are associated
with divers and bait; the cameras themselves mightduce some biases (e.g. the potential
to attract or deter sharks), but any biases asedylito be minor compared to those associated
with divers and bait.

However, observations made using video cameras traweritical constraint — they do not
provide estimates of density. Rather, they providi®rmation about the frequency of
observation, or in some cases relative abundancsitdations in which individuals can be
distinguished, capture-recapture models can be (stdshall & Pierce 2012), but in
situations in which individuals cannot be distirghed, or in which recapture rates are very
low, these models are less useful. Here, we rapertesults of a study using an agent-based
model that incorporates information about sharkaledur to provide estimates of density
derived from video observations. We use this metiooestimate the density of the blacktip
reef sharkCarcharhinus melanopterus reef flat habitat at Ningaloo Reef (Australa)two
times of day: solar noon and just before sunset. gdneral approach we used involves: (i) an
agent-based model of the movement tracks of indalidharks, (ii) the use of this model to
estimate the frequency that sharks would be deteltevideo cameras (with associated
uncertainty) and (iii) a comparison between thisdeiled frequency and the frequencies of
shark observations from video camera deployments.



Estimating shark abundance in this manner is a@rg®/problem (Symons & Boschetti 2012;
Tarantola 1987). In applied mathematics, a forwamblem is one in which calculations are
made based on some parameters (e.g. the densghaoks) in order to reproduce some
observations (e.g. the frequency of observationshafks from video camera deployments).
We do the opposite: we use observations in ordestionate the parameters. The majority of
real world problems are inverse and can rarelyobeed by simple, closed-form mathematical
equations (Symons & Boschetti 2012).

If the movement tracks of individual sharks coudescribed by simple statistics, allowing
estimation of the probability of an observationaaghark at a given location, then the inverse
problem described above would be fairly simple.sThiould occur, if for example the
movement of each individual was unconstrained, deample mimicking foraging for a
uniformly- or randomly-distributed resource in asentially boundless area. This is roughly
the idea on which most algorithms to establish ahiabundance are based upon. However,
when the movement of individuals is constrainedr &xample by coastline, reefs,
heterogeneous habitat, interference with othewiddals or recording gear or ocean currents,
the probability of observing a shark at a speddeation is no longer describable by a simple
formula, but needs to be computed. This is whatagent-based model does.

METHOD
Study area and video camera deployments

We surveyed 16 sites in and around the Mandu Sanc#one (1,185 ha) in the Ningaloo
Marine Park (22° 04' S, 113° 53' E); we surveyeaphtesites in the Sanctuary Zone (SZ), and
eight sites in the adjoining Recreation Zone (REg focused the surveys on reef flat habitat,
which is typically shallow (<3 m) and dominated taypulate coral of the genuscropora
Surveys were conducted between 1-6 June 2010. Weyad each site at two times of day
— solar noon and dusk. At each site, we deploysidgle video camera (Sony DCR-HC15E)
in a housing mounted on a concrete block. Came@wded from at least 60 minutes before
sunset, and at least 60 minutes following solarnpaecording times ranged from 60-94
minutes (average 87).

In the laboratory, video footage was viewed on mpmater screen, and all sharks passing
through the field of view were recorded. We recdrttee date and time each individual shark
was observed, and the amount of time spent by mattidual in the field of view. From
these recordings, we calculated the observed frexyuef shark detectiorfons as the ratio
between the total time all sharks were observddomt of a camerds, and the total filming
time, tc.

The video camera deployments yielded 1,611 minofegideo around noon (average 89
minutes), and 1,258 minutes around dusk (averagriBdtes). Three species of carcharhinid
sharks were observed (Table 1). Sharks were olbertve5 sites (94%) around dusk, and 4
sites (25%) around noon. The most frequently olexkrgpecies wadsCarcharhinus
melanopteruswhich was observed at 13 sites (81%) around dars#t,4 sites (25%) around
noon. Subsequent modelling therefore focussedisrspecies.

The agent-based model

In the agent-based model, the movement of individharks is constrained by barriers, and is
influenced by habitat. We extracted the coastling eeef crest (both barriers to movement)
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from Google Earth. We represented these featuras,tlae reef flat, in a model domain
encompassing 3400 x 5050 m, with grid cells of X rh m (Figure 1). The model requires
three main components: (i) statistical distribusiotescribing the lengths of straight-line
movements and of turning angles, (i) an algoritbontrolling the way each individual
interacts with habitats and obstacles to movemadt (ai) a way to determine when each
modelled individual can be ‘detected’ by the caraénathe model.

In the current implementation we do not accounthfiow sharks interact with each other or
how they interact with the video camera. Howevémpusd these behaviours be deemed
important and should information about them be labé, they could be included in the
model.

Shark movement patterns
In our model the position of a shark at time staép given as
X; = Xj_1 +1;c080;; ¥; = Y1 +1;8inq; Equation 1

wherex andy determine the position of the shark (in Cartes@ordinates)t is the length of
a straight movement performed by the shark (hereaéferred to as a step) ands the
orientation of the step.anda are chosen stochastically from the following dlsttions:

P(r)~r™" for r € [minstep, maxstep] Equation 2
and

a; = aji_1+0;

0; = (1 —kgir)& + kairti kair € [0,1] Equation 3.

In Equation 2P(r) is the probability of occurrence of a step of Iy minstepandmaxstep
are the minimum and maximum step sizes, respegtirtimphrieset al. 2010; Simset al.
2008) andu is the scaling exponent, which determines how kegths are distributed within
this range — in particular the relative distributi@f small versus large steps, which
determines the complexity of the path moved by aadividual, as well as the total area
covered in a given time interval. Ideally, minstepand maxstepshould be determined
empirically from observations of shark movement, such information was not available, so
we chose to usminstep= 3 m,maxstep= 100 m, and three values farto encompass the
expected range (1.7, 2 and 2.3); these values eergen based on theoretical and empirical
studies of a range of taxa, including sharks (Humeglet al. 2010; Simset al.2012; Simset

al. 2008).

Depending on the value of the expongntEquation 2 reproduces two behavioural patterns
commonly described in the literature: Lévy fligHt<(<3) and Brownian motionpu&3).
Empirical observations suggest that Lévy flights aunitable for modelling foraging animal
behaviour (Marell, Ball & Hofgaard 2002; Reynolds al. 2007a; Reynold®t al. 2007b;
Viswanatharet al. 1996), including sharks (Humphries al. 2010; Simset al.2012; Simset

al. 2008). Withu~2, the Lévy flight should provide an optimal seapaitern (Humphriest

al. 2010; James, Plank & Edwards 2011; Reynolds 28iifiset al.2012; Simset al. 2008;
Viswanathan, Raposo & da Luz 2008) and consequsdhtig often assumed to be a



biologically-justified model for foraging animalslowever, the choice is not critical to our
approach and a different distribution could be aedfy modifying the algorithm.

In Equation 3,6 is the turning angle, defining the change of dioec between two
consecutive steps. Hetgis drawn from a uniform random distribution, ands the direction
towards a desired location, in the case of oriemiestement. For our discussion, the crucial
parameter in this equationkg;, € [0,1] which determines a balance between a fully random
(kgir=0) and a directionalk{;=1) movement. 0.09¢;;<0.3 has been suggested to provide a
realistic description of animal movement (Nams 20@guation 2 allows each individual to
follow paths which are constrained by the distiitmsg in Equation 3. However movement is
further constrained by the coastline and model Haties. The coastline and model
boundaries are treated as ‘hard’ boundaries whichndividual cannot cross and which
require movement in the opposite direction. Theonale for treating the model boundary this
way lies in the fairly short simulation time (90mutes), which lead us to treat both the shark
population and the study area as closed. Simildrg/yeef crest is treated as a boundary that a
shark cannot cross. We include two broad ‘hahitthts’ reef flat habitat in which the video
cameras were deployed, and the rest of the coastals (see Figure 1). We ran the model
with kgir=0, simulating unoriented Lévy flight (Bartumeetsal. 2002; Humphriet al. 2010;
James, Plank & Edwards 2011; Sietsal. 2008; Viswanatharet al. 1999). andkgy;=0.25
which, together withr; yields directed movement towards the reef flat tailffNams 2006).

In our model sharks move at a constant speed. Becthe most appropriate average
swimming speed is uncertain, we used 3 values 075,and 1 m/s) based on literature values
for other species of carcharhinid sharks (McCaelegl.2012; Sundstréret al.2001).

In the final step, we include cameras in the maahel define the cameras’ visual field (which
covers an aperture angle of 90 degrees and a maxuoistance from the camera of 6 metres)
and record the time a shark spends within each r@@neisual field. This provides us with
Fmos the modelled frequency of a shark being observed;

Frpq = —22 Equation 4

tsimMc

wheretgsy is the time a shark has spent in the camerasabvigeld, tsiy, is the simulation time
andn. is the number of cameras.

Model runs and statistics of shark abundance

Because some parameters governing the shark movémespeed minstepand maxstep)
were derived from estimates for related specie$,oon theoretical studies, we evaluated the
extent to which these parameters affect the refulliminary simulations suggested that
minstepand maxstephave a minor influence on the results (results simwn) and so we
decided to fix their values to 3 m and 100 m, respely. To account for the uncertainty in
the remaining parameters, we decided to allow tteewary within ranges.

In addition to parameter uncertainty, simulatiogutes can vary considerably between model
runs due to the inherent stochasticity in the Léight. In order to account for this, we ran
100 simulations for each parameter combinationyltieg in 900 simulations. This gives an
estimated distribution d¥moq

The resultingFmogis Nnow a function of the number of simulated shaBg calculatingFmoqg
for shark populations of different sizes, we ob#gjg,, wheres is the shark population size
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for the model domainF;,,; represents the modelled distribution of shark plag®ns, as a
function of the population size, which accounts @imicertainty in our knowledge of shark
behaviour as well as its inherent stochasticity.

The last step in our approach involves comparirgdhservations from field deployments,
Fobsto the modelled observatiors, ,,, to determine the value sfwhich provides the best
match (Figure 2). For a given valueXf{40 sharks per kfnsay), the location at which a line
parallel to theY axis intersects the percentile lines (80 peraensiby), gives thES , below
which 80% of observations lies. In other wordspap(X, Y) in Figure 2 shows the percentile
of models run with a density of sharks which gives modelled shark observatihs <.

Acoustic tracking

Because the results of the agent-based modelliggested that the best outcomes were
achieved wherky, was varied between noon and dusk and betweenflegednd lagoon
habitats (see results), we examined the resulésaicoustic tagging study for evidence that
this would be supported by available data. The stoouagging study was undertaken at
Mangrove Bay (21° 57" S, 113° 56' E), approximatilykm north of our study area. The
study has been running since 2008, and a totalOohdustic receivers (VR2: Vemco,
Canada) have been deployed over an area of apmt®lim28 km. 15 individuals ofC.
melanopterus(size range: 78-134 cm fork length) have been amjeld with coded
transmitters (V13 and V13, Vemco, Canada; intervatween transmissions 40 or 60
seconds), following the procedure outlined in P#lat al. (2011). We restricted the dataset to
11 individuals for which detections spanned a mknbat least 100 days. We then summed
all the detections by each individual into 90-meuntervals to examine diel patterns in
detection. This procedure was conducted for figdimit habitats: reef flat (6 receivers, 39683
detections), lagoon (24 receivers, 80272 detectionsef slope (24 receivers, 32836
detections), reef pass (2 receivers, 7910 detextiand Mangrove Bay (4 receivers, 8629
detections).

RESULTS

In order to determine the expected density of shéirid/knf) we check the modelled values
of F, ,,which correspond td,,, (Figure 2). Fork=0 the F,;,,; median curve (thick line)
suggests a density of approximately 29.5 ind/lah dusk (80% CI: 7.9 — 68.9), and 9.9
ind/knm? at noon (80% Cl: 1.5 — 31.8). Fd;=0.25 theFS,, suggests a density of
approximately 10.7 ind/kfnat dusk (80% CI: 2.3 — 23.9), and 3.5 ind?ka noon (80% CI:
0.5-12.9).

It might be reasonable to assume tkgt=0.25 at dusk (when they were more frequently
observed on the reef flat) akg=0 at noon, when sharks were assumed to not be faralgin
this case the two estimates match quite closelih 0% confidence intervals of 2.3-23.9
ind/kn? at dusk (median = 10.7), and 1.5-31.8 indflannoon (median = 9.9).

Results from the acoustic receivers in Mangrove Bayide some support to the hypothesis
that individuals exhibit different movement pat®rat noon and dusk; individual.
melanopterusvere detected by receivers in reef flat habitaterfeequently in the evening
and in the early morning than at other times of ()|agure 3). This result would be expected
if individuals were undertaking oriented movemetatshe reef flat at these times of day, so
that kyi;=0.25 might be appropriate. Diel patterns in devectvere observed for some of the



other habitats included in the acoustic tracking.(ecef slope and reef pass), but not other
(e.g. lagoon).

The wide confidence intervals around the estimat@®nsity indicate substantial uncertainty,
which is partly due to uncertainty in some of thegmeters used, but also to the inherent
stochasticity in shark behaviour. The uncertainiyn de reduced by improving the data
collection and improving the statistical analysippendix 1 contains a description of
analyses conducted to investigate this.

DISCUSSION

The blacktip reef shar€archarhinus melanopterusas the most frequently observed species
of shark in the reef flat habitat, where we conddatur surveys. Our model-based method for
estimating the density &. melanopterugielded estimates of 3.5-9.9 ind/kmt solar noon,
and 10.7-29.5 ind/kfrat dusk. These estimates are at the upper raregiofates reported by
other authors (Table 2). For example, UVC survdyésaslands in the Pacific Ocean yielded
4 islands with estimates of >10 ind/krfNadonet al. 2012). The highest of these was at
Palmyra, where estimates yielded 91 indikidigh densities have also been reported at
Aldabra (62 ind/krf), from mark and recapture surveys (Stevens 1984)ontrast, surveys
of 8 reefs on the Great Barrier Reef yielded very estimates of density &. melanopterus
(Ayling & Choat 2008). Direct comparisons amongsneestimates are complicated by the
different methods used: different methods can yiliifibrent estimates of density (McCauley
et al.2012), and UVC methods can yield over-estimategeokity (Ward-Paige, Flemming &
Lotze 2010). In addition, many of the surveys fa@®us on fore reef habitats, whe@
melanopterusoften occurs in low density, and other specieslurks are more abundant
(Ayling & Choat 2008; Nadoret al. 2012) — this pattern is also observed at Ning&eef
(author's unpublished data).

Our surveys yielded a higher frequency of obsemmatt dusk than at solar noon. This
suggests that. melanopterusnight have a crepuscular (or nocturnal) patterhaifitat use,
and that they use the reef flat during these perioding other habitats (such as the sandy
lagoon inshore) during the day. We have no data fother habitats with which we can test
this hypothesis, but we do note that the mediamasts of density at dusk with oriented
movement — which would be applicable if individuail®re moving towards this habitat
(10.7 ind/knf) — were similar to those obtained for noon witlorianted movement, which
would be applicable if individuals were not movitmyvards this habitat (9.9 ind/Kn The
hypothesis that individuals exhibit different movemh patterns at different times of day was
supported by results yielded by detection patteinsdividuals with surgically-implanted
acoustic transmitters.

This pattern is also congruent with observationstber species of sharks, although data on
diel patterns of density in different habitats &w. In one study, McCauley et al. (2012)
found no difference in the density of sharks betwday and evenindgC. melanopterusas
been observed to move into shallow habitats duainging tide (Stevens 1984), but this does
not account for our observations as the dusk ssrware conducted on a falling tide, while
solar noon coincided with a rising tide.

In our model the main variables are givenhyminstep, maxstepgikand swimming speed,
each of which can be altered as appropriate fder@ift species. However, our approach does
not rely on a specific model of animal behaviowgcduse the framework has the flexibility to
accommodate different types of behaviour. An exptiak distribution of step sizes,
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Brownian motion or species-specific movement pasierould easily be implemented and
included in the approach as appropriate.

Additional steps to implement the model in otheéuaions include: definition of the spatial
elements of the model domain (i.e. the dimensidnthe area, the grid size, obstacles to
movement) and how individuals behave (e.g. whetthey interact with each other, with the
video cameras or with map borders, whether thegirred memory of a previous path).
Implementation involves decisions about the ranfgeatues associated with each parameter,
such as we did for swimming speed andin addition, because of the stochasticity of the
model, a decision is needed about how many timesgeat each run (in our case, we chose
100 times for each combination of parameters).

Compared to traditional approaches to determinmanabundance (e.g. linear models based
on data collected from visual censuses and capéwagpture models), the proposed method is
time consuming to implement and to run. Howeverthogs for estimating abundance should
ideally account for patterns of animal movement ameractions with the environment.
Methods which do not require the user to make d®wson these processes will inevitably
take the decision for the user, in ways which drenchidden behind the maths. In such cases
the user might not know how results depend on thogdicit choices. The strength of the
agent-based model is the flexibility it provides,vaell as explicit incorporation of decisions
about parameters. In addition, no assumptions ageerabout the distribution of individuals;
for example, they can be distributed uniformly,damly or according to some other pattern.
However, if the modelled distributiafy;,,;, departs substantially from a uniform distribution,
effort should be allocated towards choosing a bletatatistic for comparisons withs

The agent-based model enabled us to generate esgtimmfidensity of blacktip reef sharks

from remote underwater video observations thatigem/data about detection frequency. The
estimates yielded by this method are among theeligteported, but have large uncertainty.
Such uncertainty is common is studies of sparsistyiduted or elusive species, and can be
reduced by combining methods (Gopalaswastyal. 2012). Because of the ecological

importance of these species, and the benefit tlcgurate estimates can provide to
development of policies about harvesting and coasien, continued refinement of the

methods is necessary.
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Table 1: Summary of species of sharks observed, number of sites at which each was recorded, the
average duration each individual spent in the field of view (in seconds, calculated only for sites at
which the species was observed), and the F,s for C. melanopterus.

Noon

Dusk
Species No. sites Ave Fobs No. sites Ave Fobs
duration duration
Carcharhinus 4 12 0.0006 13 21 0.005
melanopterus
Negaprion acutidens 0 2 15
Triaenodon obesus 1 4 5

Table 2: Densities of Carcharhinus melanopterus yielded by this study and others.

Density (ind/krd) Method

9.9 Noon K4;,=0
29.5 Duskkg;;=0
3.5 Noon kq;,=0.25
10.7 Duskkg;;=0.25
0 uvcC

0 uvcC

0.04 uvc

0.6-8.7 uvc

0-14.3 uvc
62 Mark-recapture
0-91.2 uvc

Location

Ningaloo Reef
Ningaloo Reef
Ningaloo Reef
Ningaloo Reef

Main Hawaiian Islands
Northwest Hawaiian Islands
Great Barrier Reef

American Samoa
Mariana Islands
Aldabra Island

Pacific Remote Islands

11

Study
This study
This study
This study
This study

Nadat al.2012
Nadenal.2012
Ayling & Choat

2008

Nadehal.2012
Nadehal.2012
Stevens 1984
Nadetral. 2012



Figure 1. An example of the movement patterns reproduced by the model, showing 40 movement
tracks (orange lines) for ky;=0, plotted over the study area. Magenta boundaries show the reef flat
habitat. Black represents land and reef crest (barriers to movement). Red dots indicate where cameras
were located in field surveys.
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Figure 2. Modelled frequency of observations (F;,,,) plotted against (modelled) shark density, for kq;=0
(a; with lower left part of plot magnified in ¢) and for k4;=0.25 (b, d). The X axis represents density s,
(ind/kmz). The Y axis represents F,,,,. The distribution of all model runs (900 runs) is represented in
terms of percentiles: the thick black line corresponds to the median; dashed lines correspond to the

10, 20,30, 70, 80 and 90 percentiles.
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Figure 3: Total number of detections of C. melanopterus with surgically-implanted acoustic tags
recorded by receivers in five different habitats at different times of day (binned into 90-minute
categories).
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Appendix 1: Description of analyses conducted to investigate sensitivity to parameter
uncertainty

The uncertainty in estimates of density dependtherdensity of cameras (i.e. the number of
cameras per unit area), the positioning of the camand the length of the camera recording.
Increasing the density of cameras would provideemetiable estimates of the frequency of
observation, but this would be nonlinear so thatrtHationship between the distance between
cameras and the shark movement is such that fuinbesases in camera density provides
diminished returns in term of accuracy (Figure iyuFe 5). The range between the"ldnd
90" percentile reduces as the camera density incre@i@igsre 4), demonstrating that
increasing camera density (e.g. from 0.3 to 2.9aramper ki) increases the accuracy of the
estimates of shark density.

A considerable improvement in accuracy is attaibetiveen 0.3 to 1 camerasfkmvhile
further increases in camera density seem to prodichenished return in terms of accuracy.
This result should be considered as problem depgndet as a general rule, as it specifically
applies to the configuration of habitats and cantecations used in our study. However, it
demonstrates how the approach could be used tgrdadield survey.

For low shark densities (e.g. < 1.5 sharkknestimates yielded by low camera densities
become unreliable (Figure 5); the™percentiles for different camera densities intetrse
low shark densities; $0percentiles converge towards infinity and th& p@rcentile shows a
non monotonic behaviour. This pattern provides sordeation for the minimum density of
cameras, as a function of the expected populaims svhich should be used in order to
obtain results of sufficient reliability. In our s® for example, we should not expect the use
of a camera density below 0.25 camerad/kmgive reliable estimates of density when the
true density is < 1.5 sharks/km

The location of the camera also will affect thelqability of an observation. Ideally, cameras
should be positioned in such a way to increasgitbkability of shark detection, and doing so
may require accounting for bathymetry and habiEgure 6 (obtained by modeling 500
individuals) illustrates this, showing an exampileh® how movement around obstacles could
influence the spatial distribution of individuals. situations in which unoriented movement
(e.g. Brownian motionkg;;=0), results in roughly similar visitation on bcttes of a reef, the
location of the cameras is likely to have relatvditle influence on the frequency of
observation (bottom left panel). The bottom riglaingel shows an alternative situation, in
which individuals follow a Lévy flight with direahal movement towards a foraging area at
the right hand sidek;;=0.25). In order to reach the foraging area, irdiigls need to move
around the obstacles (e.g. reefs), which resultsigh visitation left of the obstacles; once
they get around the obstacles, they can proceedtljirtto the foraging area, resulting in low
visitation immediately to the right of the obstacléocating the cameras in different areas
would result different frequencies of detectiond aronsequently high uncertainty around
estimates of shark abundance.

In this work the duration of the model simulatioasmdetermined by the limits of the video

cameras (i.e. ~90 minutes). A longer model simaitafand video recording) would increase

the probability of observing sharks. However, th#uence on the results depends on the
animal movement within the modelled area. For allsarea which can be considered as
approximately closed with respect to the movemdnthe specific animal under study, a

longer simulation time may not provide a considerdenefit, while accuracy may increase
considerably in the case of a large area whiclp&hdo animal movement.
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Figure 4: Modelled frequency of observations F$,,, plotted against shark densities for different camera
densities, for kg,=0. The 10th and 90th percentiles of the distributions for each camera density are
shown. Colours refer to camera densities ranging from 0.3 to 2.9 cameras per square kilometres.
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Figure 5: Camera density plotted against shark density ky;=0. Plot shows the range between the 10
and 90 percentiles. Thick black line represents the densities of cameras used in our study (0.3
cameras per km?).
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Figure 6: An example of the impact of how movement patterns can influence spatial distribution, and
therefore the probability of detection, obtained by modelling movement for 500 individuals. Top panel
shows a simplified model domain: black areas represent obstacles (e.g. coast and reefs), the white
area represents a foraging area. The bottom left panel shows the result of simulations with unoriented
movement (kq;=0), and the bottom right panel shows the result of simulations with oriented movement
(kgir =0.25); shading show the number of times individuals cross each pixel (dark=high visitation).

18



