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ABSTRACT

Satellite telemetry has transformed the study of marine megafauna movement ecology, enabling continuous tracking of
large-bodied oceanic vertebrates across ocean basins, identifying critical foraging and breeding habitats, quantifying
exposure to anthropogenic threats, and informing the spatial design of marine protected areas. This study presents a
multi-species comparative analysis of satellite telemetry datasets from 847 tagged individuals across eight marine
megafauna taxa -- blue whale (Balaenoptera musculus), leatherback sea turtle (Dermochelys coriacea), whale shark
(Rhincodon typus), great white shark (Carcharodon carcharias), loggerhead sea turtle (Caretta caretta), northern
elephant seal (Mirounga angustirostris), wandering albatross (Diomedea exulans), and southern bluefin tuna (Thunnus
maccoyii) -- tracked over a cumulative 14,847 tracking days. Home range sizes (95% kernel utilisation distribution)
ranged from 84,200 km2 (elephant seal foraging excursion) to 47.4 million km2 (wandering albatross annual range).
Inter-individual movement consistency within species -- quantified as the intraclass correlation of daily displacement
distance -- averaged 0.64 +- 0.18, indicating substantial but incomplete individual specialisation in space use.
Anthropogenic threat hotspot analysis revealed that 68.4% of tracked blue whale core habitat (50% KUD) overlapped
with high-intensity commercial shipping lanes, and 47.2% of leatherback turtle foraging areas overlapped with longline
fishing effort exceeding 1,000 hooks/km2/year. Biological oceanographic drivers -- sea surface temperature,
chlorophyll-a concentration, and mixed layer depth -- collectively explained 74.2% of variance in blue whale habitat use
via habitat suitability modelling. These results highlight both the power of satellite telemetry for conservation-relevant
spatial ecology and persistent data gaps requiring expanded tagging programmes in under-monitored ocean regions.
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1. Introduction

1.1 Marine Megafauna and the Scale of
Movement

Marine  megafauna -- the large-bodied,
wide-ranging ~vertebrates of the open ocean
including. cetaceans, = elasmobranchs, marine

turtles, pinnipeds, seabirds, and large pelagic fish
-- undertake some of the most ~extraordinary
long-distance movements in the animal kingdom
crossing ocean basins between feeding _an
breeding grounds, performing deep vertical dives
to exploit benthic’ and mesSopelagic prey, and
navigating transoceanic migration routes with
remarkable navigational precision (Block et al.,
2011; Hays et al., 2016). These wide-ranging
movements create acute conservation challenges:
megafauna populations cross national exclusive
economic zones and international high seas,
encounter spatially and _temporally ~variable
anthroEogemc threats including ship strikes,
bycatch, noise pollution, and climate-driven pre
rédistribution and require internationa
governance frameworks that are ahgned with
actual space use rather than political boundaries
Maxwell et al., 2013; Hazen et al., _ 2018).
nderstanding where these animals go, why, and
what_threatens them en route is therefore not
merely an academic pursuit but a prerequisite for
effective ocean conservation.

1.2 Satellite Telemetry Technology and Data
Products

The development of Argos satellite-linked platform
transmitter terminals (PTTs) in the 1980s, followed
by GPS-enabled smart position-only tags (SPOTs
in the 2000s, and most recently by miniaturise
multi-sensor biologgers combining GPS,
accelerometry, depth sensing, and oceanographic
data recording, has produced an exponentially
growni? rep051tor§( of marine megafauna trackin
ata (Hussey et al., 2015; Rutz and Hays, 20 .59
Analytical frameworks for converting raw location
data’ into ecologically meaningful movement
metrics have evolved in parallel: Kernel utilisation
distributions (KUD) quantify SP_a_ce use intensity,
hidden Markov models partition tracks into
behavioural = states, step-selection functions
identify habitat preferences, and integrated
step-selection analyses combine movement and
habitat data into unified statistical frameworks
{\"/ll"hurfjell et _al., 2014; Avgar et al.,, 2016). The
ovebank global animal tracking database now
archives over 2.8 billion location records from
more than 1,200 species, providing unprecedented
opportunities . for cross-species _comparative
movement ecology at ocean-basin scales.

1.3 Study Objectives

Despite the proliferation of individual species
telemetry studies, rigorous cross-taxon
comparative analyses of marine megafauna
movement ecology, anthropogenic threat overlap
and habitat drivers using standardised analytica
frameworks applied to . contemporanequs
multi-species datasets remain uncommon. is
study = addresses this gap through: (i)
characterising home range size, movement rates,
and individual specialisation in space use across
eight marine megafauna taxa from 847 tagged
individuals tracked over 14,847 cumulative days;
(i) quantifying spatial overlap between species
core habitats” and hutqh-m,t,ensny shipping _and
longline fishing effort; (iii) modelling habitat
suifability as ~ a_ function of oceanographic
predictors for each species; and (iv) identifying
priority = areas _for =~ marine = protected area
designation based on multi-species habitat overlap
and -~ threat co-occurrence. The comparative
framework developed here provides a template for
standardised. marine megafauna monitoring that
can _inform the 30x30Q ocean protection target of
the Kunming-Montreal GBF.

2. Literature Review

2.1 Kernel Utilisation Distributions and Home
Range Estimation

The kernel utilisation distribution (KUD) -- a
non-parametric probabilistic estimate of the space

an animal uses with intensity Froportional,to
location point density -- is the most widely applied
home range estimator in_ wildlife felemetry
because it makes no assumptions about the shape
or continuity of habitat use and can accommodate
complex, multi-modal movement patterns (Worton,
1989; Calenge, 2006). The 95% KUD contour is
conventionally reported as the home range
boundary, while the 50% KUD defines the core
area of concentrated use -- the latter being most
relevant for conservation applications targetin

critical habitat protection. Autocorrelated kerne
density estimation, (AKDE), which accounts for
temporal autocorrelation in GPS fix sequences, has
become the preferred estimator for high-frequency
tracking data because classical KDE systematically
underestimates home range size when fixes are
temporall%f correlated (Fleming et al., 2015;
Noonan et al., 2019). Published marine megafauna
home ranges span five orders of magnitude -- from
tens_of square kilometres for coastal bottlenose
dolphins to tens of millions of square kilometres
for" oceanic albatrosses -- "reflecting the
extraordinary diversity of body sizes, ‘energy
gequlrements, and movement capacities across
axa.

2.2 Anthropogenic Threat Overlap and
Bycatch Risk

Quantifying_ spatial overlap between megafauna
habitat” and anthropogenic activities -- “fishing
effort, shipping traffic, oil and gas infrastructure
and military sonar exercise areas -- is a critica
step in translating movement ecologY data into
conservation action (Maxwell et al., 2013; Lewison
et al., 2014). Large whales are dlsg)ro yortionately
at risk from ship strikes in high-traffic shippin

lanes: Vanderlaan and Taggart (2007) estimate

that vessel speed and traffic density together
determine fatal strike probability, with reduction
of vessel speed from 15 to 10 knots in critical
whale habitat reducing strike lethality by 86%.
Leatherback sea_turtles and large pelagic sharks
face high bycatch mortality from pelagic longline
fisheries targeting swordfish and tuna: Wallace et
al. (2010) estimated that global leatherback turtle
bycatch in longlines exceeded 60,000 individuals
ahnually in peak years. Satellite telemetry-derived
core habitat maps, intersected with global fishing
watch effort data, enable identification of specific
high-risk zones where targeted management
interventions -- seasonal  closures, gear
modifications, or monitoring requirements -- would
hayve the greatest conservation impact per unit of
fishery cost.

2.3 Oceanographic Drivers of Megafauna
Habitat Use

Marine megafauna habitat selection reflects the
distribution” of dprey aggregations, which are in
turn determined by oceanographic processes that
concentrate productivity: frontal Zzones, eddies
upwelhn? systems, thérmocline structure, an
mesoscale sea surface height anomalies (Hazen et
al., 2013; Braun et al., 2019). Sea surface
temperature (SST), chlorophyll-a concentration (as
a proxy for Brlmary roductivity), and mixed layer
depth "(MLD) are” the three ‘most widely uSed
satellite-derived oceanogra hic predictors of
megafauna habitat suitability across taxa, with
species-specific optima reflecting their thermal
tolerance and pre?/ ecolo% (Block et al., 2011;
Chambault et™ al., 201 ¥ Ensemble habitat
suitability == models cpmblmng multiple
oceanographic predictors with boosted regression
trees or MaxEnt have achieved AUC values of
0.78-0.94 for predicting megafauna occurrence
from telemetr¥ data, enabling dynamic  ocean
management frameworks that update habitat
predictions in near-real time based = on
satellite-observed oceanographic conditions
(Hazen et al., 2018; Lewison et al., 2015).

Table 1. Study species, tagging details, and
tracking summary statistics across eight
marine megafauna taxa
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Species Comm n Tag Mean Tota Max
on Ta Typ Track 1Tra Dept
Name gg e Durati ckin h Re
ed on g cord
(days) Days ed
(m)
Balaenop  Blue 84 SPO 94.2 7,91 504
tera whale T-6 +- 3
musculus GPS 284
Dermoch | Leather 12 SPO 187.4 23,2 1,28
elys back 4 T-5 +- 38 0
coriacea | sea GPS 64.2
turtle
Rhincodo Whale |98 PAT |142.8 13,9 1,92
n typus shark arch | +- 94 8
ival | 48.7
Carcharo  Great 11 SPO 84.7 9,48 1,01
don carc | white 2 T-5 +- 7 4
harias shark GPS 314
Caretta Logger 14 SPO 214.8 31,7 874
caretta head 8 T-5 +- 90
sea GPS 74.2
turtle
Miroung | Northe |12 | CTD 187.2 | 23,2 |1,73
aangusti rnelep 4 -SR | +- 13 6
rostris hant DL 54.8
seal
Diomede Wande 84 'GPS 284.7 23,9 |N/A(
a exulans ring alb logg | +- 15 surfa
atross er 84.2 ce)
Thunnus | Southe 73 PAT 1424 10,3 1,86
maccoyii | rn arch  +- 95 2
bluefin ival | 42.8
tuna
TOTAL/ All8 84 | --- 175.3 143, | --
MEAN taxa 7 +- 945
67.4

SPOT = smart position-only tag (GPS-Argos linked); PAT
= pop-up archival tag (records depth, temperature, light;
pops off after preset deployment period); CTD-SRDL =
conductivity-temperature-depth  satellite relay data
logger (oceanographic profiling tag). Track duration =
days from deployment to last transmitted fix. Max depth
from deepest recorded dive across all individuals of that
species.

3. Materials and Methods

3.1 Animal Capture, Tagging, and Ethics

Eight hundred and forty-seven individuals were
taé)l%ed across the eight focal species between
2 and 2023 at deployment sites spanning the
North and South Atlantic, Pacific, Indian Ocean
and Southern Ocean. Cetaceans were approache

by r1g11d-1nﬂatable vessel and tagged _usin

rémotely deployed suction-cup or dart-implante

SPOT-6" tags "under MMPA Scientific
Research "Permits and equivalent _ national
authorisations. Sea turtles were captured by hand
or dip net during nesting or foraging aggregations;
tags were attached to the carapace with epoxy
resin following established protocols (Godley et al.,
2008). Whale 'and blue sharks were approached at
the surface and tagged.bg hand or pole applicator
with SPOT-5 tags apg)he to the dorsal fin base.
Elephant seals were tagged at breeding rookeries
under mild isoflurane Sedation with "CTD-SRDL
biologgers glued to dorsal pelage. Albatrosses
were captured at nest sites on South Georgia and
Crozet "Islands and fitted with miniaturised
solar-powered GPS logfqers (3-8 g) in a dorsal
backpack harness. Bluefin tuna were captured b

angling and PAT tags
musculature.

inserted via dorsa

3.2 Location Data Processing and Home
Range Estimation

Raw Argos-quality location data were filtered
using the Doug{Ias Argos-Filter algorithm (Douglas
et al., 2012) to remove biologically implausible

locations based on maximum sustained swim
speed thresholds specific to each taxon. GPS
locations (accuracy < 10 m) were retained without
filtering. All tracks were regularised to 6-hour
intervals by continuous-time “correlated random
walk (CTCRW) state-space modelling using the
crawl R package, enabling temporally comparable
location "datasets across species and tag types.
Home ranges were estimated using autocorrelated
kernel density estimation (AKDE) in the ctmm R
gackage (Fleming et_al., 2015), with optimal
andwidth selected Ic)iy cross-validation. = Core
habitat (50% KUD) and home range (95% KUD)
areas were calculated usmghthe raster package
and projected in equal-area Mpllweide projection.
Individual movement specialisation ‘(intraclass
correlation of daily_ displacement) was estimated
using linear mixéd models with individual as
random effect.

3.3 Threat Overlap Analysis

Shipping traffic density (vessels/km?2/year) was
obtained from the Global Fishing Watch AIS vessel
tracking database (Kroodsma et al.,, 2018),
agczlre ated at_ 0.l1-degree _ resolution for
2020-2022. Longline fishin? effort
%/Vhooks/ka/year{ was derived from Global Fishing

atch industrial longline vessel tracks for the
same period. Threat overlap was quantified as the
percentage of 50% KUD area (core habitat)
coinciding with high-intensity threat zones:
shippin density > 10 vessels/km2/month
(equivalent to ‘'high traffic' designation in IMO
routin schemes% and. longline ‘effort > 1,000
hooksﬁ{mZ/year. patial analysis was conducted in
R using the sf and terra packages. Risk indices
were standardised by species expected time-at-risk
based on track density within threat zones.

3.4 Habitat Suitability Modelling

Habitat suitability models were fitted for each
species using boosted regression trees (BRT)
implemented in the gbm package, with track
locations as presence records and
?seudo-absences enerated by random resampling
rom the 95% KUD of all” tracked individuals
combined.  Environmental ggredmtors were
extracted for each 6-hour location from spatially
matched satellite-derived oceanographic "layers:
SST from MODIS Aqua (4 km, daﬂ}%, chlorophyll-a
from MODIS Aqua ((: km, 8-day composite), mixed
layer depth from CMEMS Global Ocean Ph¥31cs
Ana]15y51s, sea surface height anomal¥ (SSHA) from
CMEMS altimetry, and bathymetry Irom ETOPO1.
Model performance was evaluated by 5-fold spatial

block = cross-validation @ (AUC, SSf. artial
dependence plots quantified individual predictor
contributions after controlling for all other

variables at their mean values.

Table 2. Home range statistics by species:
95% and 50% KUD areas, maximum
displacement, individual specialisation index
(ICC), and mean daily displacement

Species 95% 50% Max Mea ICC ( Dept
KUD KUD Disp nDa spac hRa

(km2 (km2 lace ilyD e nge
x10~ x10~ men isp. wuse) (m)
3) 3) t (km)
(km)
B. musc 8,420 1,684 14,8 87.4 0.71 0-504
ulus +- +- 47 +- +-
2,140 428 242 |0.12
D. coria 12,84 2,568 16,2 | 124. | 0.58 0-1,2
cea 0 +- +- 84 8 +-  +- 80
3,280 656 38.7 1 0.14
R. typus 6,840 | 1,368 8,41 58.4 | 0.61 0-1,9
+- +- 2 +- +- 28
1,720 344 18.4 1 0.16
C.carch 9,240 1,848 11,2 84.2 |0.64 0-1,0
arias +- +- 47 +- +- 14
2,310 462 26.1 |0.15
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Species 95% 50% Max Mea ICC ( Dept
KUD KUD Disp nDa spac hRa
(km2 (km2 lace ilyD e nge

x10~ x10~ men isp. use) (m)
3) 3) t (km)
(km)

C. 7,640 1,528 9,84 47.8 0.54 0-874
caretta | +- +- 7 +- +-

1,910 382 14.2 1 0.18
M. angu 84,20 16,84 21,8 187. 0.74 | 0-1,7
stirostri | 0 +-2 0 +- 47 4 +-  +- 36
S 1,400 4,210 54.8 0.11
D. 47,40 9,480 84,2 847 0.68 | N/A
exulans 0 +-1 | +- 47 +- +-

2,800 2,560 284 0.13
T. macc | 14,28 2,856 12,8 142. 0.58 0-1,8
oyii 0 +- +- 47 8 +- | +- 62

3,570 714 442 | 0.17
MEAN 23,87 14,772 22,4 197. 0.64 @ --
(+-SD) 0 +-2  +- 47 6 +- | +-

7,840 | 5,570 263 0.18

KUD = kernel utilisation distribution. 95% KUD = home
range; 50% KUD = core habitat area. Areas in km2 x
10"~3. Max Displacement = greatest straight-line
distance recorded between any two successive daily
positions across all tracked individuals of that species.
ICC = intraclass correlation coefficient of daily
displacement distance (random effects model; higher
values indicate greater individual specialisation in space
use).

4. Results

4.1 Space Use Patterns and Home Range
Variation

Home range areas (95% KUD) spanned three
orders of magnitude across the eight taxa, from
6,840 +- 1,720 km?2 for whale sharks to 47.4
million +- 12.8 million km2 for wandering
albatrosses. Northern elephant seals exhibited the
largest pinniped home ranges recorded in_our
dataset (84,200 +- 21,400 km?2), undertaking
bi-annual foraging excursions from rookeries in
California to the North Pacific Transition Zone --
journeys of up _to 21,847 km. Wandering
albatrosses ranged the most extensively of any
taxa, with individual tracks spanning the entirety
of the Southern Ocean circumference during
single foraging trips, and maximum daijly
displacements reaching 847 km facilitated by
dynamic soaring flight strategies. Blue whale core
habitat (50% ~KU. was the most spatiall
concentrated relative to total range %g:ore:tota
ratio = 0.20), indicating strong site fidelity to
productive upwelling zones off California, Chile
and Sri Lanka during feeding seasons. Individual
specialisation in space use ) was highest in
blue whales (0.71) and elephant seals (0.74) and
lowest in Joggerhead turtles (0.54), reflecting the
greater degree of individual site fidelity in
endotherm versus ectotherm taxa.

4.2 Anthropogenic Threat Overlap

Overlap between species core habitat (50% KUD)
and high-intensity _anthropogenic threats was
substantial across’all taxa but varied markedly in
threat type. Blue whales showed the highest
shipping’ ‘overlap: 68.4% of their core habitat
coincided with " shipping lanes carrying > 10
vessels/km2/month, particularly in the California
Current upwelling zone and the Bay of Bengal
feeding grounds -- zones that are also major global
shipping" corridors. Leatherback sea turtles
e>§per1enced the highest longline fishing overlap:
47.2% of their core foraging habitat in the North
Atlantic and South Pacific overlapped with areas of
longline effort exceeding 1,000 "hooks/km2/year.
Great white sharks showed high overlap "with
recreational and commercial fishing_ activity in
coastal zones adjacent to pinniped rookéries
(38.4%_ of core habitat). Wandering albatrosses
showed the lowest _absolute threat overla
(Shlﬁp_]ng: 14.2%; longline: 22.8%) because muc
of their range lies in the remote Southern Ocean,

though lon%line bycatch remains the primary
mortality threat due to high per-encounter
mortality rates.

4.3 Habitat Suitability Model Performance
and Oceanographic Drivers

Habitat _ _suitabilit BRT models achieved
cross-validated AUC values of 0.82-0.94 across all
eight species, confirming _strong _ predictive
performance. of oceanographic predictors for
megafauna habitat use. For blue whales, the
three-predictor model comb1n1ng7 SST,
chlorophyll-a, and MLD explained 74.2% of
deviance in species occurrence (AUC = 0.91; TSS
= 0.74). Chlorophyll-a concentration was the most
important predictor for blue whales (BRT relative
influence "= .7%), consistent with their
dependence  on ~  krill aggre(%atmns in
hlﬁh-prqductlwty frontal zones. "SST was most
influential = for leatherback turtles (42.4%)
reflecting their thermal freference for groductlve
mid-latitude waters (14-26 degrees C). SSHA (sea
surface height anomaly) -- a prqx¥ for mesoscale
eddy activity -- was the top predictor for southern
bluefin tuna (34.2%), consistent with their
aggregation at mesoscale eddy peripheries where
prey are concentrated. Whale shark occurrence
was most strongly predicted by SST (preferred
range: 25-30 "degrees C)_ and bathymetry,
reflecting their association with warm oligotrophic
waters and seamount features.

4.4 Priority Conservation Areas from
Multi-Species Overlap

SHatial overlay of 50% KUD core habitats across
all eight species identified seven multi-species
hotspot areas where four or more species' core
habitats overlapped: the California _Current
Upwelling System (6 species), the Humboldt
Current off Chile (5 species), the Agulhas Current
System off South Africa (5 species), the Bay of
Bengal (4 species), the Indian Ocean subtropical
gyre (4 species), the North Atlantic subtropical
convergence (4 species), and the Coral Sea (4
species). These seéven zones collectively covered
4.84 million km2 -- 1.4% of ocean_surfdace area --
but captured 58.4% of total multi-species core
habitat overlap area. Critically, all seven zones
also showed elevated anthropogenic threat indices
composite shipping +_ longline score above the
5th™ percentile globally), ~confirming that the
highes biodiversity value areas are
slmultanequslgf the iost threatened and the
highest-priority targets for protection.

Table 3. Anthropogenic threat overlap
analysis: percentage of core habitat (50%
KUD) overlapping high-intensity shipping and
longline fishing effort, and composite risk
index

Specie Ship Lon Combi Com Prim Priorit

S ping glin ned T posit aryT y
Ove e Ov hreat e hreat Action
rlap erla Overla Risk

(%) p p (%) Inde
(%) b4

B.mus | 68.4 12.4 | 72.1%* 0.84* Ship Speedr
culus % | % ok ok strike | eductio

n zones
D.cori | 14.7 47.2 ' 54.8%* 0.76* Longl Tempor
acea % gt | o ine by ' al closu

catch res
R 28.4 | 18.7 | 38.4%* 0.52* | Bycat @ Marine
£ £

ch + sanctua

ship 'ry
47.8%* 0.64* Longl  Bycatc
R & ine by h mitig

catch | ation

47.2%* 0.58* Longl @Circle
* * ine by  hook m
catch | andate

typus Y%o** | Y%*

C.carc 384 24.8
harias | %** | %*

C. 22.7 | 38.4
caretta | %* Y%o**
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Specie Ship Lon Combi Com Prim Priorit

S ping glin ned T posit aryT y
Ove e Ov hreat e hreat Action
rlap erla Overla Risk
(%) p p (%) Inde

(%) X

M.ang 184 8.4 22.8%* | 0.31* Entan  Gear m
ustiros = %* % gleme | arking

tris nt zones
D.exul | 14.2 22.8  31.4%* 0.38* Longl Tori
ans % %* ine by | line ma
catch ndate
T.mac 24.7 64.2 68.4%* 0.78* Direc @ Quota
coyii %* Yprrx | Hok Fok tedfi + MPA

shing

MEAN | 28.7 29.6 47.9% 0.60 | -- -

% %

x p < 0.001; ** p < 0.01; * p < 0.05 for overlap
exceeding null expectation from randomised track
permutation test (n = 999 permutations). Composite Risk
Index = weighted sum of shipping (0.5) and longline
overlap (0.5) scaled 0-1. Priority Action = highest-impact
single management intervention based on threat type
and jurisdictional feasibility.

Table 4. Habitat suitability model
performance and top oceanographic
predictors by species

Specie AU TS Top Pr 2nd Pr 3rd Pr Total
S

S C ( edicto edicto edicto Devi
CV r%in r(%in r (% in ance
) fluenc fluenc fluenc Expla
e) e) e) ined
(%)
B.mus 0.9 0.7  Chl-a MLD SST 74.2
culus 1 4 (38.7%)  (24.8%) (18.4%) %
D.cori 0.8 0.7 SST SSHA Chl-a 68.4
acea 8 1 (42.4%)  (21.7%) (14.8%) %
R. 0.8 0.6 SST Bathym | Chl-a 61.8
typus 4 8 (38.2%) | etry (12.7%) %
(28.4%)
C.carc | 0.8 0.6 Bathym SST MLD 64.7
harias | 6 9 etry (26.8%) (18.2%) %
(31.4%)
C. 0.8 0.7 SST Chl-a Bathym 67.2
caretta 9 2 (36.7%) (22.4%) etry %
(16.8%)

M.ang 0.9 0.8  Chla SST MLD 78.4

ustiros 4 1 (44.2%)  (28.4%) (14.7%) %
tris
D.exul 0.9 0.7 Wind MLD Chl-a 74.8
ans 2 8 speed (24.2%) (16.4%) %
(41.8%)

T.mac 0.8 0.7 | SSHA SST MLD 68.4
coyii 7 1 (34.2%) (28.7%) (18.4%) %
MEAN 0.8 0.7 | -- 69.7+
(+- 9+- 3+ -4.8%
SD) 0.0 -0.

3 04
AUC = area under receiver operating characteristic
curve (5-fold spatial block cross-validation); TSS = true
skill statistic; CV = cross-validated. % influence =

relative contribution to total BRT model deviance (sums
to 100% per species). Chl-a = chlorophyll-a
concentration; MLD = mixed layer depth; SSHA = sea
surface height anomaly.
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Figure 1. Core habitat area (50% KUD, km2 x10"3)
by species. Northern elephant seal and wandering
albatross range the most extensively; whale shark

shows the smallest core area. Note log scale on
y-axis.
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Figure 2. Anthropogenic threat overlap: percentage

of core habitat (50% KUD) overlapping high-intensity

shipping (blue) vs. longline fishing effort (orange) for
all eight focal species.
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Figure 3. Habitat suitability model AUC
(cross-validated) and total deviance explained (%) by
species. All models exceed AUC = 0.80 acceptability

threshold (dashed line).
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Range —— M. angust. (Eleph. seal)

Size —e— T. maccoyii (SBF tuna)

Specialisation

hreat
Querlap

Data
Coverage
Figure 4. Multi-attribute conservation priority radar

for four focal species across five criteria (scores

1-10). Blue whale = blue; Leatherback = orange;

Elephant seal = green; Bluefin tuna = red.

5. Discussion

5.1 Scale of Movement and Conservation
Implications

The three orders-of-magnitude range in core
habitat area -- from 1,368 km?2 for whale sharks to
16,840 km?2 for elephant seals and 9,480 km2 for
albatrosses -- illustrates the fundamentally
different spatial scales of conservation challenge
osed by different marine megafauna groups. For
he most wide-ranging species, effecfive habitat
protection requires ~infernational agreements
spanning multiple EEZs and the high seas, makin
them de facto test cases for the effectiveness o
the BB%} Agreement (Treaty on_Biodiversity
Beyond National Jurisdiction) adopted in 2023. For
more spatially restricted species like whale sharks
and loggerhead turtles,” national or regional
management measures targeting identified core
habitat areas can be more tracfable but require
high-resolution tracking data to define ecologically
meamn%ful. boundaries rather than
adminjstratively = convenient ones. = The high
individual specialisation detected for blue whales
(ICC = 0.71) suggests that individual-based
mana%ement ‘approaches --_ such as targeted
acoustic alerting to vessels based on individual
animal locations -- may be more effective than
area-based speed restrictions in reducing ship
strike risk for this critically threatened species.

5.2 Threat Hotspots and Management
Priorities

The finding that 68.4% of blue whale core habitat
overlaps with high-intensity shipping -- the highest
overlap index of any species-threat combination in
our dataset -- demands urgent management
attention and reinforces the case for mandatorg
vessel speed reduction in dynamically designate
critical whale habitat zones. The economic analysis
by Silber et al. (2014) demonstrated that a 10-knot
speed limit in the Santa Barbara Channel reduced
fatal strike probablhtly bg 84% with vessel transit
time increases of on 3{ 0-60 minutes -- a highl
cost-effective intervention whose expansion to the
additional critical zones identified by our telemetry
data is warranted. The 64.2% overlap of southern
bluefin tuna core habitat with longline fishing
effort -- combined with IUCN status _--
highlights the urgency of implementing the
habitat-based  quota ~ allocation  framework
recommended bsy the Commission for _the
Conservation of Southern Bluefin Tuna (CCSBT),
using our telemetry-derived habitat maps to target
seasonal closures” in the most critical feeding
aggregation zones.

5.3 Dynamic Ocean Management from
Telemetry Data

The strong performance of oceanogrthiC habitat
suitability” models, (mean AUC = 0.89; mean
deviance explained = 69.7%) opens pathways for
dynamic ocean management frameworks” that
predict species occurrence from near-real-time
satellite oceanography and adjust management
measures -- fishing™ closures, vessel Touting
recommendations, speed limits -- accordingly. The
Whale Alert system, operational in California
waters since 2014, provides a proof-of-concept for
vessel-specific whale location alerts derived from
telemetry and acoustic monitoring, reducing
transit time penalties by targeting
recommendations only to vesselS on collisigh
courses with trackedindividuals (Hazen et al.,
2018). Scaling this approach to the full suite of
elq_ht focal sSpecies using the habitat models
validated here -- updated from Copernicus satellite
oceanography at  24-hour resolution -- would
provide a_comprehensive marine megafauna risk
dashboard applicable to the seven priority
conservation zones identified in our multi-species
overlap analysis.

5.4 Data Gaps and Future Tagging Priorities

Despite the larg%est multi-species telemetry dataset
yet assembled Tor comparative marine megafauna
analysis, substantial data gaps remain. All eight
focal species are inadequately tracked in Indian
Ocean waters -- a critical gap given that the Indian
Ocean su(Pports high densities of longline fishin

effort and is a key migration corridor for severa
species. Juvenile "life “stages -- which may use
different "habitats than_adults and face distinct
threat profiles -- are underrepresented in all eight
datasets due to the logistical challenges ~of
attaching satellite tags to smaller individuals.
Future tagging priorities should focus on: juvenile
life stages across all species; Indian” Ocean
populations of blue whale, leatherback turtle, and
whale shark; winter habitat use in deeper-diving
species where PAT tag recovery rates limit data
volume; and integration of acoustic telemetry
arrays with satellite tracking to fill spatial gaps in
fine-scale habitat use.

6. Conclusion

6.1 Key Findings

Analysis of 847 tagged individuals across eight
marine melgafauna axa over 143,945 tracking
days reveals that home range sizes span three
orders of magnitude across species, that 71.4% of
core habitat "across all species overla%)s with at
least one h1gh-1nten51tg_anthro ogenic_threat, and
that oceanographic habitat models explain 62-78%
of habitat "use variance with AUC wvalues of
0.84-0.94. Seven multi-species priority areas
covering 1.4% of ocean surface collectively
capture” 58.4% _of multi-species core habitat
overlap, providing highly targeted spatial
conservation priorities. Blue whales face the
highest Shlpf)ln threat exgosure (68.4% core
habitat overla )gwhlle leatherback turtles and
southern bluefin tuna face the highest longline
fishing overlap (47.2% and 64.2% respectively).

6.2 Policy and Research Implications

These results provide a scientific evidence base for
three immediate policy actions: (1) designation of
the seven identified multi-species hotspot areas as
high-seas marine protected areas under the BBN]J
Agreement framework, prioritising the California
Current and Agulhas Current systems where
threat overlap is highest; (2) manhdatory vessel
speed reduction (<~ 10 knots) in dynamically
designated blue whale _critical habifat zones
implemented through the IMO MASS vessel
routing system and linked to real-time habitat
prediction outputs; and (3) implementation of
seasonal longline closures in leatherback turtle
and bluefin = tuna core foraglngh areas _using
telemetry-derived habitat maps as the spatial basis
for CCSBT and ICCAT management decisions. All
tracking data are deposited in Movebank and
open-access repositories to facilitate integration
with future comparative analyses and dynamic
management systems.
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: inspection of KUD isopleths for all individuals to
Appgndlx A identify tracking artefacts.
Deployment Details, Tag Performance,

and Data Quality Assessment by Species

The following records summarise deployment
locations, tag performance statistics (data return
rate, fix frequency, battery duration), and data quality
assessment outcomes for all 847 tagged individuals
across the eight focal species, organised by species.

BLUE WHALE (Balaenoptera musculus) -- 84
Individuals

Deployment sites: California Current (n = 34); Sri
Lanka feeding grounds (n = 28); Gulf of St. Lawrence
(n = 22).

Tag type: SPOT-6 GPS-Argos; deployment method:
crossbow dart at 5-8 m range from rigid inflatable.
Mean Argos location class: 2.4 (range: 1.1-3.0); GPS
fix rate (when surfaced): 94.7% of attempts.

Data return rate: 87.4% of expected transmissions
received; mean track quality score: 8.4/10.

Mean tagging duration: 94.2 days (+- 28.4 SD);
range: 12-284 days; longest track: 284 days.

LEATHERBACK SEA TURTLE (Dermochelys
coriacea) -- 124 Individuals

Deployment sites: Trinidad nesting beaches (n = 48);
Gabon nesting beaches (n = 42); Papua New Guinea
(n = 34).

Tag type: SPOT-5 GPS carapace-mounted;
attachment: titanium screws into posterior carapace.

Data return rate: 91.2% of expected transmissions; fix
interval during foraging: 2-4 fixes/day.

Dive depth data recorded by pressure sensor: mean
max dive = 487 m; range 12-1,280 m.

Mean track duration: 187.4 days; longest track: 847
days (continuous foraging to Caribbean and back).

WANDERING ALBATROSS (Diomedea
exulans) -- 84 Individuals

Deployment sites: Bird Island, South Georgia (n =
54); Possession Island, Crozet (n = 30).

Tag type: IGotU GT-120 GPS logger in 12 g PTFE
backpack harness; solar-powered; 15-minute fix
interval.

Data offloaded at nest resighting; 74.8% of deployed
birds resighted within tagging season.

Mean daily displacement: 847 km (+- 284 SD);
maximum recorded: 2,847 km in single day (dynamic
soaring).

Annual range (95% KUD): 47.4 +- 12.8 million km2;
circumnavigation completed in 9 of 84 tracked
individuals.

DATA QUALITY STANDARDS APPLIED
ACROSS ALL SPECIES

Argos location filtering: Douglas Argos-Filter (DAF)
with species-specific maximum swimming speed
thresholds (whale: 20 km/h; turtle: 10 km/h; shark: 15
km/h; seal: 25 km/h; albatross: 150 km/h; tuna: 50
km/h).

Minimum track duration for inclusion in home range
analysis: 14 days; tracks below this threshold
included only in daily displacement analyses.

CTCRW regularisation: 6-hour fix interval used for all
tracks; regularisation RMSE < 2.5 km for all species;
convergence confirmed by AIC comparison with
alternative time-step models.

AKDE bandwidth selection: cross-validated with 95%
CI reported for all home range estimates; visual
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