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Abstract

Distance sampling surveys are extensively used to estimate the abundance of wide-ranging species but are prone to detection biases.
This may be particularly acute for strip-transect protocols, which assume perfect detection. We examined this assumption by quantifying
the detection probability of a declining seabird (Scopoli's shearwater, Calonectris diomedea), with particular attention to time of day
and observation conditions at sea. We found detection probability was negatively affected by sun glare but positively by cloud cover
and considerably dropped during mid-day hours due to circadian changes in behaviour (reduced detectability while resting). This result
urges for systematically assessing and correcting detection bias when using strip-transect data to derive abundance information. Here,
we did so by building a detection-corrected presence-absence ensemble model and combining it with a compilation of colony sizes and
locations. A Monte-Carlo simulation ensured uncertainty propagation within and across data sources. The corrected abundance map
showed shearwaters were largely prevalent in the central Mediterranean, Tunisia hosting most of the population both at sea and at
colonies (45% of the global population; 79% of breeding pairs). This first accurate map is an essential conservation tool, emphasizing
the importance of transnational actions for such species, that know no political boundaries.

Keywords: aerial survey; detection probability; detection bias; hour; distance sampling; Procellaridae; ACCOBAMS Survey Initiative; Calonectris diomedea,

species distribution models

Introduction

Abundance estimates are paramount for conservation, but
counting individuals is often not enough. We also need to
know where they live, how they distribute, and use the
geographic space available to them (Truchy et al. 2019). The
spatial distribution of abundance is nonetheless challenging
to estimate for wide-ranging and elusive marine megafauna
(mammals, birds, reptiles, cephalopods, and fishes; Buck-
land et al. 2015). For these, large-scale distance sampling
surveys (Buckland et al. 2015) based on visual observations
from plane or boat platforms are the only reliable way to
estimate population sizes and distributions. Biologging can
also provide information on the spatial ecology of marine
biota (Pereira et al. 2022), but they are often limited by
sample size, accessibility, or restricted to specific population
subsets, leading to biased estimates (Phillips et al. 2017),
while observation-based surveys provide a homogeneous and
representative assessment of entire populations.

In this context, the reliability of observation-based abun-
dance estimates and associated species distribution models
(SDMs) is critical but survey data are sensitive to detection
biases (Lahoz-Monfort et al. 2014, Buckland et al. 2015). The
detection of an animal present within the area surveyed by an
observer depends upon the availability of the animal to detec-
tion (i.e. a diving individual is not visible) and its perception
by the observer, which depends on observation conditions (sea

state, sea turbidity, sun glare, and cloud cover; Lambert et al.
2019).

Sighting an item at the sea surface, in flight or under the
water, is also strongly dependent upon the sun angle relative
to the sea surface (the closer the sun to the zenith, the farther
we see under the sea surface). To accommodate for this during
aerial surveys, flights are constrained to daylight hours when
the sun is above a certain angle. Given this, the effect of time
of day is generally neglected, but still may significantly impact
perception. Whether this impact is stronger than that of other
observation conditions (listed above) remains an open ques-
tion.

Most current large-scale aerial surveys use multi-species
protocols to provide valuable data about a wide variety of
ecosystem components (from wildlife to anthropogenic activi-
ties; Panigada et al. 2021, Rogan et al. 2018, Pettex et al. 2014,
Laran et al. 2017). Although such protocols do not hinder the
capacity of observers to detect some taxa relative to others
(Lambert et al. 2019), for practical reasons (mostly dependent
on the frequency of observations), during a single survey, some
taxa may be surveyed with line transects (e.g. cetaceans) but
others with strip transects (e.g. seabirds).

The latter considers that detection is perfect, with a 100%
probability of detecting an individual when it is present (Buck-
land et al. 2015). Yet, in the case of seabirds, this assumption
may be violated since their detectability is also affected by
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Figure 1. The study is based on three data sources and on a fourstep analysis: (1) we modelled detection probability based on observation conditions
experienced during the survey; (2) we modelled usage probability based on environmental conditions, leveraging by the detection probability; (3) we
constructed the statistical distribution of colony sizes for each colony separately based on best estimates; and (4) we built colony-specific abundance
maps by combining colony size distributions with usage probability maps predicted for each colony. By summing these colony-specific maps, we built
the final Mediterranean-wide abundance map of Scopoli's shearwaters during the breeding season.

observation conditions. Failing to account for such detection
bias hinders reliable abundance estimation from strip-transect
surveys, and considerably challenges their relevance for pop-
ulation status assessment or spatial planning.

The Scopoli’s shearwater (Calonectris diomedea) is
a medium-sized migratory procellariform species and a
Mediterranean endemic, where it is one of the most abundant
seabird species in summer, albeit severe bycatch is inducing
population declines (Garcia Barcelona et al. 2010, BirdLife
International 2023). Yet, we still lack reliable basin-scale map-
ping of the species at-sea abundance during breeding. The last
census of known colonies estimated the breeding population
to 177000 [141000; 223 000] breeding pairs (mean [min;
max]), which corresponds to 853 000 [679 000; 1073 000]
individuals roaming the Mediterranean (Defos du Rau et al.
2015). In the 2018 summer, the ACCOBAMS Survey ini-
tiative (ASI) was conducted over the entire Mediterranean.
Although focusing on cetaceans, the survey implemented a
multi-specific protocol and recorded all marine taxa and hu-
man activities. Based on this unprecedented information, two
estimates of the population size were provided for Scopoli’s
shearwater, using different methods (Panigada et al. 2021):
(1) the design-based estimate (219333 individuals) simply
scaled the observed density of individuals to the total area
of the survey (following the strip-transect methodology),
and (2) the model-based estimate (128 194 individuals; for
the complete population, comprising both breeders and
adult/immature non-breeders), derived from the abundance
map predicted from a density surface model (DSM), incor-
porating the relationship of the species to its environment.
The population estimates derived from ASI data are thus

surprisingly much lower than those derived from colony
censuses.

Such a discrepancy questions the reliability of estimates
based on aerial observation. Preliminary exploration of ASI
data revealed this underestimation may originate from detec-
tion issues, with the suspicion of a significant effect of the time
of the day. Such a pattern has to be thoroughly verified if we
are to generate reliable distribution maps for species surveyed
with strip-transect protocols.

Here, we first quantify detection bias for Scopoli’s shear-
waters during the ASI, assessing the effect of the time of day.
We know from a recent study that although detection-biased
SDMs cannot reliably estimate abundance, they still correctly
estimate spatial patterns (Lambert et al. In review). We built
upon these theoretical insights to propose a corrective method
for SDMs based on biased strip-transect data (Fig. 1), using
a Monte Carlo approach (Rubinstein and Kroese 2016) to
ensure the reliable propagation of uncertainty into the final
abundance map: (1) we estimated the detection probability
based on observation conditions and time of the day; (2) we
modelled the usage probability based on environmental con-
ditions while correcting for detection bias, within an ensemble
modelling approach; (3) we exhaustively censused colony lo-
cations and sizes and (4) we built colony-specific abundance
maps by combining the colony size with the usage probabil-
ity map predicted for the focal colony, which we summed
to build a Mediterranean-wide abundance map of Scopoli’s
shearwaters during the breeding period. We make the abun-
dance and the colony compilation available to be used for
conservation, management, and other research purposes. Fi-
nally, we assessed the responsibility of Mediterranean border
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(a)- Exclusive Economic Zones of Mediterranean border countries
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Figure 2. (a) Exclusive Economic Zones of the Mediterranean Sea. (b) Ecologically and biologically significant areas recognized under the Convention for
Biological Diversity. (c) ASI survey effort colourcoded according to the time of day at which each segment was sampled, alongside Scopoli's shearwater
sightings (point size proportional to the number of individuals, expressed as thousands of individuals). (d) Locations of breeding sites for Scopoli’s
shearwaters as compiled in the present study, where point size is proportional to the mean estimated number of breeding pairs in each site (in

thousands of pairs). The maps are displayed in WGS 1984.

countries and MPAs for the conservation of the Scopoli’s
shearwater by quantifying the proportion of the shearwater
population present in each EEZ or MPA, contrasting when
the birds are at colony or at sea.

Mediterranean wildlife faces multiple threats from anthro-
pogenic activities (overfishing, bycatch, pollution, and ship
strikes; Coll et al. 2012), and a better understanding of where
the species distribute while at sea will considerably help in
implementing relevant and efficient mitigation strategies to
reduce these threats. Our original approach, blending colony
counts with at-sea observations, offers a generalist statistical
toolkit that can be applied to similar datasets across all marine
systems, with the aim of providing improved abundance maps
and key spatial information for spatial planning and conser-
vation purposes.

Materials and methods

All analyses described hereafter were performed in R version
4.2.3 (R Core Team 2023).

ASI data

The ASI was conducted from June to August 2018 (Fig. 2;
Panigada et al. 2021, Lambert et al. 2020). High-wing air-
craft equipped with bubble windows were used to scan the
sea surface and sub-surface below the aircraft on the transect
line (constant speed ~167km h'! (90 knots), height ~183 m
asl). Two observers surveyed at all times during transect ob-
servations, one per side, while a third recorded data using
the SAMMOA software (Observatoire Pelagis LRUniv-CNRS,
Code Lutin, version 1.1.2. 2018).

Observation conditions (sea state, turbidity, cloud cover,
glare severity, and glare orientation) were continuously
recorded during survey effort, for each side separately, along-

side an overall observation conditions index. Observers
recorded all shearwaters sighted within a strip of 200 m from
the transect line (strip-transect methodology; Buckland et al.
2015).

Legs of homogeneous detection conditions were subse-
quently subdivided into 10 km segments, of which each side
was considered separately (Lambert et al. 2020). The number
of Scopoli’s shearwaters detected was tallied per segment side,
and the presence was considered one whenever at least one
shearwater was sighted.

Compilation of colony locations

The locations of colonies were compiled from the litera-
ture and from expert knowledge, building a comprehensive
database across the species breeding range and retrieving the
most recent estimations of breeding pair numbers. The loca-
tions were compiled at the island scale: when several colonies
were present on a single island, the whole island was registered
as a breeding site.

Environmental data

We used 20 environmental variables known to affect seabird
distribution (Wakefield et al. 2009). Bathymetry was retrieved
from the GEBCO 2020 database; slope was derived from
it (‘terrain’ function, ‘raster’ package; Hijmans et al. 2014).
We downloaded dynamic variables from the Copernicus
Marine Service (https://data.marine.copernicus.eu; Mediter-
ranean Sea Physics Reanalysis and Mediterranean Sea Bio-
geochemical Reanalysis products), namely the monthly cli-
matologies (June—August) for temperature (SST), sea surface
height above geoid (SSH), sea surface salinity (SSS), mixed
layer depth (MLD), chlorophyll a concentration (CHL), phy-
toplankton concentration, and net primary production (NPP).
Current Speed (,/(U? 4 V?)) and Eddy Kinetic Energy (EKE;
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0.5 x (U* + V?)) were estimated from northward (V) and
eastward (U) sea water velocities. All variables were provided
as mean (hereafter, avg) and standard deviation (sd). Environ-
mental conditions were extracted at segment centroids for the
corresponding month, and the Distance to the Nearest Colony
was computed for each survey segment and each cell of the
prediction grid. Variables with outliers were saturated to facil-
itate model fitting without discarding data: values below 1%
or 2% and/or above the 98% or 99% quantiles were set to this
quantile value where necessary (following visual inspection of
data).

Species distribution modelling
Detection model

We first constructed a detection model to test for the presence
of detection bias in ASI data and built a correction factor to
be used in the usage probability model. We tested the effect of
the time of the day, other observation conditions and segment
length, as the latter influences the final number of sighted indi-
viduals per sampling unit (the longer the segment, the higher
the number of sighted individuals).

We constructed the model using Generalized Additive Mod-
els (GAMs) relating either the presence (presence model) or
the number of sightings of shearwater (the number of times
the species was detected on a sampling unit; count models)
to the time of day, segment lengths, observation condition in-
dex, glare severity, and cloud cover (‘gam’ function, ‘mgcv’
package; Wood 2011). The residuals were modelled with a Bi-
nomial and a Tweedie distribution, respectively (the Tweedie
distribution is characterized by a mass at zero while being
continuous on other positive real numbers). For both mod-
els, the splines were constrained to four degrees of freedom
to avoid overfitting the data. We retrieved the explained de-
viances and RMSE (measuring the predictive capacity of the
models; ‘qpcR’ package; Spiess 2018) and plotted the partial
effects of each covariate with associated residuals. We com-
pared each model based on these parameters; the best was
used to predict a detection correction factor for each segment
based on its time of day, length, and observation conditions.

We also tested whether the observed circadian variation in
shearwater detectability was linked to behavioural changes,
by collating the GPS data from a subset of Mediterranean
colonies (French, Italian, and Tunisian colonies) during the
breeding season and computing the activity budget over the
course of a day (see Supplementary Material S1). Our GPS-
based analysis showed shearwaters rested more on the water
and flew less during mid-day hours, suggesting the low de-
tectability of birds at this period of the day was behaviour-
mediated.

Usage probability map estimation
We built a presence-absence GAM relating shearwater pres-
ence to environmental conditions, using the detection correc-
tion factor as a weight. We implemented a selection procedure
that tested every combination of up to four variables in the
model, discarding all combinations of variables whose Spear-
man’s correlation coefficients were higher than 50%. Splines
were bounded to four degrees of freedom maximum, models
were fitted with the REML method, and residuals were as-
sumed to follow a Binomial distribution.

It must be noted here that because shearwaters’ movement
ranges are larger than sampling units (they move in and out of

Lambert et al.

sampling units along the study period), the presence probabil-
ity must be interpreted as the probability a location is used by
at least one individual (Steenweg et al. 2018), i.e. our presence-
absence model provides a usage probability map.

Explained deviances and RMSE were retrieved for of the
4391 tested models, which were sorted based on AIC. Delta
AIC and Akaike weights were computed for all models
(‘akaike.weights’, ‘qpcR’ package), and we selected the top-
ranking models to be incorporated into the ensemble based
on these metrics.

A Monte Carlo simulation approach ensured the propaga-
tion of uncertainty throughout the ensemble (Rubinstein and
Kroese 2016). For each of the top-ranking models, the usage
probability was predicted for every month separately. These
were converted into distributions by drawing 500 samples,
using mean and standard deviation predicted from the model,
resulting in an array of 500 maps for each monthly prediction
(for one cell, the 500 values follow a normal distribution with
its mean and standard deviation matching the prediction from
the model). The three monthly arrays were then averaged to
obtain the final distribution of the usage probability map (an
array of 500 samples of the map) for the considered model.
Each sample was then normalized by its sum.

The usage probability maps of all single models were av-
eraged together to obtain the final ensemble prediction (500
samples of the map), whose distribution was summarized as
mean, standard deviation, 10%, and 90% quantiles of the fi-
nal usage probability map.

Conversion to abundance

The usage probability map was converted to abundance by
multiplying it by population size, following commonly used
methods (Carneiro et al. 2020). We re-ran the presence-
absence SDM for each colony separately to get colony-specific
usage maps. Shearwaters being central-place foragers when
breeding, all individuals of the population cannot use the en-
tire basin and are spatially constrained within a distance to
their colony. To account for such physical barriers, we re-
placed the Distance to Nearest Colony from the original SDM
by the least-cost distance to the colony of interest (‘costDist’,
‘terra’ package; Hijmans 2023).

These usage probability maps were subsequently multiplied
by the distribution of the number of breeders in the consid-
ered colony. This number of breeders was incorporated as a
continuous process to account for the uncertainty in the es-
timate (Fig. 1), and was built by drawing 500 values from a
normal distribution with the mean and standard deviation of
the estimated number of breeders. We considered the lower
and upper boundaries for colony size gathered in the colony
compilation to be the 95% confidence interval to derive the
mean and standard deviation used to build the size statisti-
cal distribution. Where the compilation only provided a single
value, we applied a 10% standard deviation.

The obtained map of the abundance of breeders was di-
vided by 0.485 to scale it up to the total number of individ-
uals for that colony (using the tool developed by Carneiro
et al. (2020) with demographic parameters from Jenouvrier
et al. (2008) and Igual et al. (2009), breeding individuals were
estimated to represent 48.5% of the population). Finally, we
summed the abundance maps of all colonies and summarized
the resulting arrays to retrieve the mean, standard deviation,
10%, and 90% quantiles of the final abundance map, which
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Figure 3. Partial effects of the five considered variables on (a) the presence of Scopoli's shearwater on sampled segments and on (b) the number of

Scopoli's shearwater sighted per segment.

must be interpreted as the average number of shearwaters us-
ing each cell over the study period.

National responsibility and MPA relevance

To estimate country-specific population numbers, we: (1) mea-
sured the proportion of colonies and breeding pairs per coun-
try (number of colonies/breeding pairs per country divided by
the total number of colonies/breeding pairs in the population);
(2) we measured the proportion of the total Mediterranean
surface encompassed in each country’s Economic Exclusive
Zone (EEZ) and the proportion of the population using each
country’s EEZ by summing the abundance of shearwaters in
the EEZ and dividing it by the total population abundance
over the entire basin. We finally built a responsibility score
by leveraging the proportion of the population in each EEZ
by the proportion of the basin this EEZ represents. These ex-
tractions were performed for mean estimates, lower 10%, and
upper 90% estimates. EEZ contours were retrieved from the
Flanders Marine Institute (Fig. 2a; Flanders Marine Institute
2019).

A similar analysis was conducted with the Ecologically
and Biologically Significant Areas (EBSA) recognized under
the Convention on Biological Diversity (https://www.cbd.int/
ebsa/; Twelfth Conference of the Parties to the Convention
on Biological Diversity 2014). Twelve areas have been recog-
nized as meeting the EBSA criteria in 2022 (Fig. 2b), and we
extracted the proportion of the population encompassed by
each of these sites, following the same method as with EEZs.

Results

Survey and colony locations

The entire survey effort summed up to 50 935 km, with 467
sightings totalling 645 individuals. Large numbers of sightings
occurred in the Gulf of Gabés and the Aegean Sea (Fig. 2¢), as
well as in the Tyrrhenian and Balearic Seas. The species was

also present in the central Adriatic Sea, Gulf of Lion, Alboran
Sea, and Gulf of Cadiz. This distribution largely reflected that
of breeding sites across the Mediterranean (Fig. 2d, Supple-
mentary Material S2). The largest colony is located on Zem-
bra island (113 720-176 750 pairs), off Tunisia, from where
shearwaters mostly forage in the Tunisian plateau (Gulf of
Gabes), alongside conspecific breeding in Malta (2665-3605
pairs), Pelagie Archipelago (10 070-10 120 pairs), and Pantel-
leria (500-5000 pairs).

Detection model

The presence model for detection explained 3.4% of the de-
viance, the count model 6.1%. The RMSE of the presence
model was lower (59%) than that of the count model (68%).
With the exception of cloud cover which showed a lower effect
on the response variable (P = 0.004 for the presence model, P
= 0.01 for the count model), all other variables had a highly
significant effect (P < 4.10* ) in both models: detection was
better in late afternoon, with shearwaters virtually not sighted
during mid-day hours (Fig. 3); detection increased with seg-
ment length and with the quality of observation conditions;
detection was highest when the glare severity was the lowest
and the cloud cover larger. Partial effect plots indicated resid-
uals slightly larger for the presence model, but some patterns
were present in those of the count model. Given these results,
we chose the presence model to estimate the correction factor
to be used in the SDM.

Usage probability map

Statistical metrics steadily increased along sorted models (Sup-
plementary Material S3), except Akaike weights which identi-
fied the first three models to share most of the statistical weight
(59%, 33%, and 7%, respectively) and the remaining models
having weights near zero. However, RMSE and explained de-
viances indicated similar performances for the seven top mod-
els, which were thus chosen to perform ensemble predictions.
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Figure 4. Partial effects of each covariate selected in the seven top-ranking models of Scopoli's shearwater spatial distribution of usage probability.

They all included seafloor depth, Distance to Nearest
Colony and SSH (avg) (Fig. 4). Only the fourth covariate
changed across models: SSH (sd); EKE (sd); Current Speed
(sd); SSS (sd); CHL (sd and avg); NPP (avg). The seven mod-
els achieved an explained deviance of 20% (20.5%-20.3%).

The ensemble-based usage probability was predicted to be
highest over shelf waters (Fig. 5a), especially on the Tunisian
plateau and the Sicily Channel, the southern Alboran Sea,
and the Aegean and Balearic Seas. The shelves surrounding
the Tuscan Archipelago and along the mainland coast of the
Tyrrhenian Sea, in the central Adriatic Sea, in the Gulf of Lion,
and along the eastern Spanish mainland were also predicted to
be extensively used by shearwaters. These high-use areas are in
the vicinity of breeding sites, but the southern Mediterranean
(Libyan and Egyptian coasts) and the Turkish shelf also ap-
peared to be suitable for the species despite being farther from
colonies.

Abundance map

When usage probability was converted into abundance and
leveraged by colony size (Fig. 5b), the large prevalence of
the central Mediterranean colonies was strongly visible: the
Tunisian plateau and the Sicily Channel hosted by far the
largest number of shearwaters. The Tyrrhenian Sea and
the Algerian basin, hosting large-sized colonies, also held
large abundances despite lower usage probability. Conversely,

the Alboran Sea, despite having large usage probabilities,
hosted only a small number of shearwaters due to the small
size of the colonies there.

National responsibility

Tunisia stood out as the most important Mediterranean na-
tion for the conservation of breeding Scopoli’s shearwater,
with 79.2% of global breeding pairs occurring there (Fig. 6a),
mostly on Zembra (>110 000 pairs), with a few hundred pairs
in La Galite. Italy, hosting the largest number of colonies (7 =
68, 48.6% of colonies), of whom the second largest (Pelagie
Archipelago) came second with 9.3% of pairs. Greece (5.3%
of pairs in 10.7% of colonies [# = 15]), Spain (2.9% of pairs
in 5.7% of colonies [# = 8]), and Malta (1.7% of pairs in
2.9% of colonies [# = 4]) also stood out. Algeria, Croatia,
and France hosted the remaining 1.4% of the population, de-
spite hosting 30.7% of colonies (17 colonies in Croatia, 22 in
France, and 4 in Algeria).

These figures are, however, largely different when we con-
sider the proportion of the population using EEZs (Fig. 6b):
44.8% of the population uses Tunisian waters, 22.3% Ital-
ian waters, 14.8% Libyan waters, and 6.2% Maltese waters.
Algerian, Greek, and Spanish waters are each used by 3.2%
of the population. The EEZs of France, Egypt, Croatia, Mo-
rocco, Turkey, Albania, Cyprus, and Montenegro are all used
by <0.5% of the population.
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Figure 5. (a) Ensemble-based predicted usage probability map and (b) abundance map for the total population of Scopoli's shearwaters in the
Mediterranean Sea, expressed as numbers of individuals. For each is displayed the mean estimation, standard deviation around the estimation, lower
10%, and upper 90% of the estimated distribution. The colour ramp was square-rooted for readability in (b). The maps are displayed in WGS 1984.

Because Tunisia hosts the largest proportion of the popula-
tion on a reduced portion of the Mediterranean (Fig. 6c¢), the
country stood out as having by far the highest relative respon-
sibility score, followed by Malta, Italy, and Libya.

EBSAs relevance to Scopoli’s shearwaters

All EBSAs but the East Levantine Canyon encompassed at
least part of the shearwater population. The most relevant EB-
SAs were the Sicilian Channel with 73.8% [72.5%; 74.2%]
(mean, [lower 10%; upper 90%]) of the population, followed
by the North West Mediterranean Pelagic Ecosystem with

4.6% [4.6%; 4.7%], the Gulf of Sirte with 2.3% [2.4%;
2.3%], and the Central Aegean Sea with 1.1% [1.4%; 0.9%]
of the population. The remaining sites each encompassed
<0.3% of the population.

Discussion

Correcting for detection bias in species distribution
models

The present work confirms the gap found between the ASI-
based abundance estimates and the colony censuses is due to
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Figure 6. (a) Proportion of the total number of Scopoli's shearwater breeding pairs hosted per country (dots) and proportion of the total number of
colonies hosted by each country (triangles). (b) Proportion of the total shearwater population using each country’s EEZ (dots) and proportion of the
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an important detection bias: Time of the day and other obser-
vation conditions significantly affected the detection of shear-
waters during aerial surveys, thereby violating the perfect de-
tection assumption.

The effects of observation condition index and glare sever-
ity are consistent with most studies based on line-transect pro-
tocols: The worse the observation conditions, the less prob-
able it is to detect an individual. In marine surveys, sun
glare is one of the most impactful factors, hindering ob-
servers from seeing above or under the sea surface. On the
contrary, cloud cover induces a sky glint on the sea sur-
face, preventing observers from seeing animals below the sea
surface but facilitating the detection of dark objects over
it. Shearwater detectability is promoted by their character-
istic flight, with fast-paced alternation of dark and light
colours while birds glide over the waves. Such behaviour is
more easily detected when the sea surface loses transparency,
thereby leading to improved detection when cloud cover is
larger.

The most impactful factor for shearwater detection prob-
ability was the time of the day. Interestingly, this major con-
straint had never been taken into account in previous studies,
neither for seabirds nor for other marine megafauna. Here,
we demonstrate that it may yet strongly affect abundance es-
timations. In our case, the elusiveness of the species to de-
tection during mid-day hours is behaviourally mediated, with
shearwaters spending more time resting on the sea surface at
this time (Supplementary Material S1). Because lone and dark
birds resting at the surface are especially difficult to detect, this
circadian pattern in behaviour lowers the species detectability
from plane during this period. This is consistent with the de-
tectability of shearwaters being mostly mediated by their flight
characteristics and with highest detection probabilities when
cloud cover is important (facilitating the detection of scattered
dark objects at the surface).

Whether such a pattern occurs in other species remains an
open question, since circadian activity budgets are lacking

for most seabird species. The two other shearwater species
present in the Mediterranean could also be affected by such
a time-dependent detectability, as they are functionally sim-
ilar to Scopoli’s shearwaters. Still, different effects could
be expected for other groups of seabirds (lighter-coloured
species, or with different flight patterns), and an opposite
effect might be expected for underwater species, whose de-
tectability might be optimal when the sun is at its high-
est, with sunlight penetrating the farthest into the water col-
umn and facilitating the perception of animals below the
surface.

Our results thus call for urgent consideration of detection
probability variation at the daily scale, whatever the species
and the observation protocol. Where possible, line-transect
protocols should be implemented and the time of the day mod-
elled in detection functions, alongside other factors. However,
using line-transect protocol for all species during a survey is
logistically complex, or even impossible when some taxa are
highly abundant. Fortunately, various solutions may be envi-
sioned to correct this bias when strip-transect protocol cannot
be avoided.

Here, we combined detection-corrected presence-absence
SDM with colony-based abundance estimations within a
Monte-Carlo framework, ensuring uncertainty propagation
(Rubinstein and Kroese 2016). This approach successfully
overcame the violation of the perfect detection assumption
and made the most out of the best available data. Our ap-
proach would nonetheless not be transferable to species for
which observation surveys are the only reliable source of
abundance estimation. In this case, however, correcting for
detection bias is still achievable through different means, de-
pending on the objectives.

Where the interest lies in identifying spatial patterns, pre-
dicting presence or usage probability distribution while cor-
recting for detection bias should provide reliable results,
as demonstrated here. However, results must be interpreted
with caution, since a presence or usage probability map
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provides a different picture of distribution than an abundance
map.

An alternative, precautionary approach would be to model
abundance through count-based approaches (DSMs, for ex-
ample; Miller et al. 2013), corrected or not for detection bias,
but only considering predictions as relative abundance by nor-
malizing them. Previous simulation studies indicate that such
models might be robust enough to correctly identify spatial
patterns despite being biased for absolute predicted abun-
dance (Lambert et al. In review), thus still providing reliable
information about where to find most of a species popula-
tion. Such an approach has previously been used successfully
to assess the relevance of marine protected areas for specific
populations (Lambert et al. 2017).

Abundance map and responsibilities for each
Mediterranean country

We obtained a robust estimation of Scopoli’s shearwater dis-
tribution throughout the Mediterranean Sea during its breed-
ing period. The species was most abundant in shelf waters,
particularly in the central Mediterranean along the Tunisian
plateau and the Sicily Channel, where the largest colonies are
located.

GPS-tracking studies of shearwaters conducted during this
period in the Western Mediterranean (Balearic and Chafarinas
Islands, Tyrrhenian Sea, Adriatic Sea, Sicily Channel; Louzao
etal. 2009, Afan et al. 2014, Cecere et al. 2013, 2014, Grémil-
let et al. 2014, Péron et al. 2018) all identified space use
patterns corroborating the predictions from our model. On
the other side of the Mediterranean, our model predicted
favourable areas along the African and Turkish coasts. Al-
though previously not described, these favourable areas were
recently confirmed as used by shearwaters breeding in Crete
(Raiil Ramos, unpublished data).

Our study also highlighted the Aegean Sea as a high-use
area. Given this sea is largely impacted by maritime traffic,
pollution, and bycatch, the large abundances there may hint
to conservation issues and calls for dedicated regional research
(Portolou et al. 2022).

The at-sea distribution of the species strongly underlines
the responsibility of some Mediterranean countries towards
its conservation. Specifically, although Tunisia hosts 79.2%
of the breeding population (Defos du Rau et al. 2015), be-
cause the species distribute largely at sea, the Tunisian EEZ
is used by 44.8% of the total population. Conversely, some
countries whose colony-based responsibility is low have a
high at-sea responsibility, their EEZ being used by many in-
dividuals (Malta, Algeria). Libya stands out as one of the
few countries without any referenced colony but still host-
ing a significant part of the population (14.8%), probably
mainly composed of birds associated with the colonies of
Zembra, La Galite, Pelagie Archipelago, and Malta (Cecere
etal. 2013, Grémillet et al. 2014). A similar pattern was found
in Morocco, whose EEZ is probably used by birds breeding in
Chafarinas and Las Palomas (Spanish territories; Afdn et al.
2014).

Such a huge concentration of individuals in the relatively
reduced space that is the Tunisian plateau confirms the out-
standing value of the area at the Mediterranean scale (Coll
et al. 2012). Being situated at the junction between West-
ern and Eastern Mediterranean basins, the area is a par-
ticularly rich system for both benthic (corals, maerl) and

pelagic realms (seabirds, bluefin tunas, cetaceans, elasmo-
branchs, and sea turtles) and has been recognized as an
Important Shark and Ray Area and an Important Marine
Mammal Area.

When the area was recognized as meeting EBSA criteria
during the Twelfth Conference of the Parties (Twelfth Con-
ference of the Parties to the Convention on Biological Diver-
sity 2014), it was considered that the area might host at least
30% of the Scopoli’s shearwater population, potentially up
to 50%. We show in the present study that this responsibility
was in fact largely underestimated: the Sicilian Channel EBSA
encompasses about half a million Scopoli’s shearwaters dur-
ing the breeding period (551700 [347 100; 761 000]), which
corresponds to 73.8% [72.5%; 74.2%] of the global popula-
tion.

Our work provides a novel and robust analytical frame-
work to estimate abundance maps of highly mobile marine
species, ensuring the correction of behaviour-mediated tempo-
ral detection bias. These results add a new piece of evidence
towards the necessity for transnational cooperation in achiev-
ing conservation efforts and management actions, and high-
light the relevance of converting such international large-scale
areas into effective marine protected areas (Bustamante et al.
2014).
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