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Abstract

Seabirds spend most of their time at sea, yet our knowledge of their activities and behaviour is limited due
to difficulties of in-situ data collection. In particular, we know virtually nothing about their acoustic
communication when at sea. We benefited from the recent development of miniaturised audio-recording
devices to deployacoustic recorders on breeding Cape gannets Morus capensis to study their vocal
activity while foraging. Call sequences were recorded on 1718 occasions, from which acoustic variables
were measured on calls with good recording quality. A total of 1348 calls from 18 birds were measured in
temporal and frequency domains. Each call was assigned to a behavioural context defined acoustically:
sitting on the water, flying, taking off or just before diving. Potential discrimination among calls from
different contexts was tested using the random forest algorithm. Within each context, individual
stereotypy in the calls was assessed per acoustic variable using a measure of potential of individual
coding, and as a combination of variables using a similar multivariate analysis. The acoustic structure
differed according to the behavioural context (global accuracy of prediction 75 %). Temporal variables
(sequence and call duration sequence and ) were most important to correctly classify the calls among the
four contexts. When considering only two contexts, on the water and in the air (merging flying and
diving), frequency and spectral variables (percentage of energy below 1200 Hz and fundamental
frequency) were of most importance (accuracy 86 %). A combination of acoustic variables was necessary
to discriminate individuals, but calls from all contexts were not strongly individually distinct (accuracy
41 % - 63 %). We provided the first detailed acoustic analysis of a foraging seabird and demonstrated
context-specific acoustic structure in its vocalisations at sea. Our results suggest that seabirds use vocal

communication to exchange various types of information that likely improves foraging success.
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Introduction

Birds interact socially with their conspecifics or other species using mainly visual and acoustic signals.
The latter, in particular, fundamentally contributes to vital biological functions such as feeding (Elgar
1986, Stoddard 1988), breeding (Kroodsman et al. 1982), localisation in space (Mathevon et al. 2008),
warning about danger (Aubin 1991), or species and individual's identification (Ceugniet et al. 1999,
Draganoiu et al. 2006). Studies on acoustic communication have been largely conducted on terrestrial

bird species, while for seabirds they have been limited by their elusive lifestyle.

Seabirds constitute a group of more than 300 species classified in five Orders. They show a diversity of
morphological and behavioural adaptations developed to exploit the marine environment, from inshore to
offshore as well as from the surface to the seabed through the water column. Beyond this diversity,
seabirds are often observed gathering in groups (Hoffman et al. 1981, Harrison et al. 1991, Danchin and
Wagner 1997, Camphuysen and Webb 1999, Clua and Grosvalet 2001), which suggests that social

interactions are important in their respective life-history strategies.

On land, about 95 % of seabird species breed colonially (Danchin and Wagner 1997). The accessibility of
these birds during the breeding stage have allowed for the study of vocal communications in several
species. Species-specific, individual and sexual coding have been found in the vocal signals of
Spheniscidae (Aubin et al. 2000, Aubin and Jouventin 2002), Sulidae (White et al. 1970, Dentressangle et
al. 2012, Krull et al. 2012), Laridae (Charrier et al. 2001b, Mulard et al. 2009), Stercorariidae (Charrier et
al. 2001a) and Procellariidae (Bourgeois et al. 2007, Curé et al. 2009, 2012) and seem to be common in
seabirds in a breeding context. Nevertheless, seabirds spend most of their lives at sea and the current

knowledge of their vocal behaviour at sea is extremely poor.

At sea, these birds generally forage on spatially dynamic patchily distributed prey (Russell et al. 1992,
Weimerskirch 2007). They need to acquire information on the location of food during each and every
foraging trip. Oceanographic fronts (Schneider 1982, Bost et al. 2009, Scales et al. 2014) and prior
experience (Davoren et al. 2003, Carroll et al. 2018) can be used to narrow down the search to productive
areas. At a finer scale, seabirds cue on conspecifics and other marine predators to locate the presence of
prey (Silverman et al. 2004, Tremblay et al. 2014). As a consequence, species from all seabird orders
commonly gather at sites where prey resources are concentrated, most often in multi-species associations

(Siegfried et al. 1975, Hoffman et al. 1981, Harrison et al. 1991, Camphuysen and Webb 1999, Clua and
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Grosvalet 2001). In this context, individuals may benefit from group foraging (Ryan et al. 2012, Lett et al.
2014, Thiebault et al. 2015, MclInnes et al. 2017) and use both visual and acoustic cues (Thiebault et al.
2014b, 2016). Despite numerous descriptions of seabird aggregations (mainly from boat observations),
studies addressing the mechanisms involved in their social interactions at sea have long been constrained
by technical limitations. Since the 1990's, tremendous technological development has improved the
ability to track animals beyond our boundaries of perception (Boyd et al. 2004, Kooyman 2004), thereby
advancing our knowledge of seabird ecology and behaviour at sea (Ropert-Coudert and Wilson 2005).
Nonetheless, studies are limited by the devices used (often measuring a single variable at a time such as
the geographical position or the body acceleration) and the (often small) number of individuals that can
be equipped simultaneously (Cooke et al. 2004). As a consequence, tracked individuals are often
considered moving alone in the seascape. It is only recently that studies quantifying seabirds interactions
at sea have gained impetus thanks to the miniaturisation of image recording devices in particular
(Tremblay et al. 2014, Berlincourt and Arnould 2014, Mclnnes et al. 2017). Although visual observation
of in-situ foraging seabirds have greatly improved interpretation of remote movement data, the study of

their vocal communication at sea has only very recently started (Thiebault et al. 2016, Choi et al. 2017).

Here, we aimed to study the acoustic structure of calls emitted at sea by a seabird. We chose the Cape
gannet Morus capensis because of the known importance of social interactions in the foraging strategies
of this particular species (Thiebault et al. 20144, b, 2015, 2016). The Cape gannet is a monomorphic
seabird endemic to southern Africa with adults breeding in dense colonies (Nelson 2005). Individual
signature was found in the calls emitted at the colony in their closest related species, the Northern gannet
M. bassanus (White and White 1970, White 1971) and the Australasian gannet M. serrator (Krull et al.
2012). At sea, Cape gannets feed mainly on small pelagic fish, sardines Sardinops sagax and anchovies
Engraulis encrasicolus (Green et al. 2014). They use the central place of the colony to gather information
on the feeding ground, tracking the direction from which conspecifics return (Thiebault et al. 2014a).
They also use the aggregations of predators as cues of the presence of prey over large distances (Thiebault
et al. 2014b). Once aggregated at a fish school, they benefit from the quasi-synchronisation of attacks by
the group of predators to capture prey (Thiebault et al. 2015). During those foraging activities, we know
that Cape gannets do emit calls, but no detailed acoustic analysis could previously be done due to the poor
quality of the sound recorded (Thiebault et al. 2016). In particular, we do not know if the calls emitted in

different behavioural contexts have different acoustic structures. To address this question, we benefited
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from the recent development of miniaturised audio-recording devices, which have for example recently
been used on free-ranging small mammals (llany et al. 2013, Couchoux et al. 2015), terrestrial birds
(Anisimov et al. 2014, Stowell et al. 2017, Gill et al. 2016) and bats (Greif and Yovel 2019). Here we
faced the challenge of recording the vocalisations of wild seabirds when foraging, for which we need
recorders small enough to be carried by a flying animal and both shock- and water-proof to resist the
dives of a marine animal, still recording high quality vocal activity. We first investigated the acoustic
structure of calls in relation to their behavioural context of emission, thereby testing for the existence of a
repertoire of different call types in a seabird when foraging. Secondly, we investigated individual-specific

signatures in these vocalisations.

Materials and methods

Data collection
Fieldwork took place on Bird Island (Algoa Bay, South Africa) during December 2015. Twenty chick-

rearing Cape gannets were deployed with devices to record their behaviour and vocal communication
while foraging at sea. Nests were observed unceasingly until a change-over (characterised by a display
dance) between two partners was observed. The bird on departure to sea was captured near the nest using
a pole with a hook on the end (thus staying as far from the colony as possible). Only one parent (of either
sex since the species is monomorphic) was captured per nest and devices were attached for one foraging
trip only, while the partner was on the nest guarding the chick. Nests were then monitored every hour
from sunrise to sunset, so the deployed birds were captured again soon after their return to the colony and
the devices were retrieved. Birds were handled for eight and six minutes on average for the first and
second capture respectively. It consisted of attaching devices (using adhesive tape, Tesa, Germany, see
Thiebault et al. 2014a), measuring the bird's body mass and marking the bird with a spot on the head for
further identification (using sticks for short-term animal marking, Raidex, Germany) for the first capture,
and retrieving devices and taking standard measurements (not used in this study except for body mass) for
the second capture. Body mass was measured using a spring balance (Pesola, Switzerland; precision

50 g). Devices deployed included acoustic recorders, video cameras, global positioning system devices
(GPS) and time-depth recorders (TDR). Acoustic recorders were deployed in combination with a GPS on
eight birds (total mass 60 g), a GPS and a video camera on one bird (90 g), or a TDR and a video camera
on eleven birds (80 g). Only the data from the acoustic recorders were used in this study. Audio recorders

(Edic-mini Tiny+ B8O, frequency response 100 Hz — 10 kHz + 3 dB, 65 dB dynamic range, TS-Market
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Ltd., Russia, fitted with a CR2450 battery) were set up to record sound in mono at a 22.05 kHz sampling
frequency. They recorded continuously, hence collecting data during the whole foraging trips of the birds
(one to two days). Five different units were deployed successively on the 20 individuals. The main
challenge for collecting such acoustic data was to ensure high quality recordings on board of a flying and
diving bird. To limit disturbance from the wind, we placed the audio recorder on the lower back of the
bird, under feathers and facing backward. In addition, a thin layer of foam was added after the first
deployment to reduce flow and background noise. To keep the devices sufficiently dry when immersed in
the sea water but still ensure sound recordings at a decent amplitude level (avoiding thick waterproof
casing), we sealed the microphones in nitrile gloves (amplitude attenuation of 3 dB measured in the

laboratory, no modification of the frequency response).

Potential instrument effects

The total mass of devices attached to the birds (60-90 g) corresponded on average to 2.7 % (range 1.1 % -
3.4 %) of their body mass (2350-2975 g) . This is within commonly accepted practice in seabird research

(Phillips et al. 2003, Vandenabeele et al. 2012).

The body mass of equipped birds measured before and after their foraging trip was compared in order to
assess the capacity of those birds to fulfil the purpose of their foraging trip (finding and capturing food),

despite the presence of devices on their back.

In order to further check for potential effect of our devices on the behaviour of the birds, we compared the
foraging trip duration between equipped and non-equipped birds, as well as between trips with or without
devices for equipped birds. Foraging trip duration has been shown to be a reliable proxy for foraging
effort in Cape Gannets (Pichegru et al. 2007, Mullers et al. 2009, Rishworth et al. 2014a) and is regularly
used to assess the effects of tagging on seabirds (Wilson et al. 1986, Phillips et al. 2003). In particular, the
presence of devices has been shown to increase foraging trip duration (Croll et al. 1991, Ballard et al.
2001, Passos et al. 2010). We monitored the attendance of both partners (every hour from sunrise to
sunset) on all the nests where a bird was equipped with devices. On those nests, only the equipped birds
were captured twice (for deployment and retrieval of devices) and marked for identification. In addition,
we monitored the attendance of both partners on 10 independent nests in the vicinity, where a chick of
similar size was reared. On those nests both partners were captured once (duration <1min) and marked

differently (left VS right wing) for identification on the nest. The nest monitoring was undertaken in the
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shortest time possible (usually within five minutes) and at the largest distance possible from the nests
(just close enough to identify markings) in order to limit potential observer effects. The effect of being a
control bird, a deployed bird, or a partner of a deployed bird on the duration of trips was tested using
linear mixed-effects models (package “lme4” in R software, (R Core Team 2013, Bates et al. 2014)). A
null model including only individual birds as a random effect was compared to a model including the
group (control, deployed, partner) as a fixed effect in addition to the random effect using an analysis of
variance. Among the deployed birds, the effect of carrying devices was tested in a similar way. Residuals
of all models were checked graphically for normality and heteroscedasticity. Results are shown as

mean + standard deviation.

Measure of acoustic variables

Sound data were resampled at 12 kHz to increase the accuracy of frequency measurements and because
no call was observed to contain energy at frequencies higher than 5 kHz. All the vocalisations were
analysed using Avisoft-SASLab Pro (version 5.2.09, Avisoft Bioacoustics, Germany). The spectrogram
of each recording (Hamming function, FFT 512 points window size, 75 % overlap) was visualised over a
sliding window of 20 sec length to identify and label all the calls. Calls were produced in sequences, and
sometimes composed of two parts (with only one occurrence of three parts), identifiable by a drop in
amplitude (a call made of two parts is illustrated on Figure 1d). Calls were selected for measurements
wherever the quality of the recordings allowed (i.e. low background noise, good signal to noise ratio, no
overlap with other vocalisations, no clipping). The background noise was due to wind and water sounds,
and its energy was mostly concentrated below 300 Hz. The calls produced at sea by the Cape gannets
were tonal sounds, they did not contain noisy components, and they were produced above 300 Hz. We
thus assume that there was no bias in selecting calls from low background noise, only an improvement of

the acoustic measurements performed.

Selected calls (only the first part if the call was made of two parts) were measured in both temporal and
frequency domains. Temporal variables were measured on the oscillogram and included the duration of
the sequence (DurSeq, s), the duration of the call measured (DurCall, s) and if more than one call was
emitted in the sequence, the rhythm of call emission in the sequence (number of calls divided by duration
of the sequence, Rhythm, s). Spectral features were extracted from the average energy spectrum
displayed between 300 and 5000 Hz and included the fundamental frequency (FO, Hz), the frequency of

maximum amplitude (Fmax, Hz), the second (Q50, Hz) and third quartiles (Q75, Hz) of the energy
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distribution, and the percentage of energy occurring below 1200 Hz (E1200, %). From the spectrogram,
the ascending (between start and inflection point, SlopeAsc, Hz.s™) and descending (between inflection
point and end, SlopeDesc, Hz.s™) slopes of the call were measured. In addition, the number of calls in the

sequence (Ncalls) and the number of parts composing the call (Nparts) were counted.

For multivariate analyses, the set of acoustic variables was tested for multicollinearity at the level of 0.8
(Kuhn 2008) and the variables Q50 and Ncalls were removed to limit potential overestimation of
importance for highly correlated variables (Strobl et al. 2007). The variable Rhythm was also removed
because it could not be measured on call sequences composed of a single call. So, in the end, nine
acoustic variables were included in the multivariate analyses: DurSeq, DurCall, FO, Fmax, Q75, E1200,

SlopeAsc, SlopeDesc, Nparts.

Acoustic structure in relation to behavioural context

The context of call emission was defined from our knowledge of the behaviour of the study species, based
on previous work with observations from bird-borne video cameras with built-in microphones (Thiebault
et al. 2014a, 2016). Four categories were defined: on the water (WAT), taking off (TOF), flying (FLY)
and just before diving (DIV). The context of each call sequence was then identified from the sound data,
with taking off, landings on the water or diving events clearly audible and identifiable from the
spectrograms (Supplementary Figure 1, Supplementary audio recording 1, Supplementary audio
recording 2). The acoustic stucture of the calls produced in those different contexts were compared to

assess if they are structurally different, and if they really correspond to four different call types.

The distribution of each variable per context was tested for normality using a Shapiro-Wilk test. As none
of them were normally distributed, their variance was compared using a Fligner-Killeen test of

homogeneity of variance and their median using a Kruskal-Wallis rank sum test.

The acoustic structure of calls emitted in the different behavioural contexts was then compared in a
multivariate analysis, using the random forest algorithm (RF) for classification (details below). In
addition to an analysis comparing the four groups, calls emitted on the water (WAT) and in the air
(combining FLY and DIV) were compared to study potential acoustic differences between the calls
emitted in these two different environments. Finally, calls defined as FLY and DIV were compared to

study potential finer acoustic differences between calls in a similar environment.
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Those analyses were conducted on the entire dataset as a whole, thereby assessing the potential existence
of call types in the population. Similar analyses were conducted per individual in order to test for
potential individual variability and they led us to the same conclusions on different call types (results not

shown).

Individual signature

The analysis of individual signature was conducted per context of emission, including WAT, FLY and
DIV. The context TOF was excluded from this analysis because of a small sample size (Supplementary
Table 1). The calls measured were assumed to be emitted by the equipped bird. In the contexts FLY and
DIV, neighbouring birds must be situated at a minimum of 2 m (average wingspan 170 cm) limiting
greatly the risk of recording calls from surrounding birds, except if the birds were flying staggered on top
of each other at the moment of calling. In the context WAT, birds can be sitting closer to each other,
increasing the risk of recording calls from neighbouring birds. However, given the short active space of
the audio recorders, calls emitted by surrounding birds would have been of noticeably lower amplitude
(Gill et al. 2016), and thus not selected for acoustic measurements. Only individuals for which at least
eight calls were recorded in a given context were kept in the analyses. We assessed the potential of
individual coding (PIC) for each acoustic variable and per call context. We used the coefficient of
variation (CV): CV={100(SD/Xmean)[1+(1/4n)]}, where SD is the standard deviation, Xmean the mean
of the sample and n the population sample (Sokal and Rohlf 1995). This coefficient was calculated for all
the individuals pooled together (CVbetween) and for each individual (CVwithin). The PIC is then
calculated by dividing the CVbetween by the mean of the CVVwithin of all the individuals (Robisson et al.
1993). A PIC value greater than 1 means that the intra-individual variability is smaller than the inter-
individual variability and so the given variable can be interpreted as individual-specific. In addition, the
distribution of each variable per context and per individual was compared using a Kruskal-Wallis rank

sum test.

Individual identity can be coded from a combination of variables. The set of acoustic variables was then
compared per individual for each context using a multivariate analysis. For consistency, the same set of
acoustic variables used in the analysis per behavioural context was used here. The RF was used to classify

the acoustic structure of calls per individual within each context of emission.
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All those analyses were conducted per context, since the individual signature may vary depending on the
context and function of different types of calls. In order to assess whether potential bias resulting from the
use of different acoustic units, we also conducted the analyses per context and per acoustic unit. The
results obtained were similar and more importantly they led to the same conclusion regarding the

individual signature in the different types of calls (results not shown).

Classification procedure

The RF was chosen because it does not require assumptions on the distribution of predictor variables, and
for its capacity to deal with imbalanced data (when some classes, contexts in our case, are represented
more than others). The RF is based on the classification and regression tree algorithm (Breiman et al.
1984) where a tree is constructed by recursively splitting the dataset into two subsets. RF adds two levels
of randomization (Breiman 2001): several trees are grown from bootstrap samples of the dataset (random
selection with replacement), and at each node a subset of variables is randomly selected to split the data.
The accuracy of prediction is estimated intrinsically using the bootstrap process. For each tree grown, the
class of data that were left out of the bootstrap sample (out-of-bag data) are predicted using the
constructed tree, so their predicted classes are compared to their correct known classes. The accuracy is
then calculated as a proportion of correct classification. In addition we used the indicator “precision”
(Altman and Bland 1994) to calculate the number of correct prediction per class, based on the confusion
matrix. This accuracy of prediction per class is compared to a prediction by chance, calculated as the
number of occurrences in the class divided by the total number of occurrences for a given analysis. This
evaluates how much the prediction by RF is better than a random allocation of class based on
occurrences. The importance of variables can also be estimated intrinsically in the RF using the bootstrap
process. For each tree grown, the values of the variable to be tested are randomly permuted and the
classes of the out-of-bag data are predicted and compared to their correct known classes. The difference
in accuracy of prediction using the original and the randomised values gives a measure of the importance

of the given variable (the larger the difference is, the more important the variable was for prediction).

The RF was run in R software using the package “randomForest” (Liaw et al. 2014). The number of trees
to be grown from bootstrap samples of the dataset (parameter “ntree””) was set at 1000 for the analysis per
contexts, and at 2000 for the analysis per individual. This ensures convergence of the results
(Supplementary Figure 2, Supplementary Figure 3) as well as robustness in the measure of variable of

importance (Genuer et al. 2008). To set the number of variables to be randomly selected at each node
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(parameter “mtry”’) we used the default value proposed in the R package: the square root of the total
number of variables, so three in our case. This setting provides the best results for datasets where the

number of individuals is largely bigger than the number of variables (Genuer et al. 2008).

Our dataset is imbalanced, with the context TOF representing 2% of all the observations. We used a mix
of over-sampling the minority class and down-sampling the majority classes to deal with the issue. The
over-sampling increases the accuracy of prediction of the minority class, but also of the other classes
since it allows to keep in more data when down-sampling. The down-sampling ensures that data from the
minority class are present at each bootstrap, and thus increases accuracy of prediction for this class. We
over-sampled the minority class TOF to twice its size using the package “unbalanced” in R (Dal Pozzolo
et al. 2015). We then used the balanced random forest algorithm proposed by (Chen et al. 2004), which
down-samples the major observational classes according to the occurrence of the minor class. For the
analysis comparing the calls defined as WAT and in the air (FLY &DIV), the imbalance of the dataset was
not as extreme with calls in the air representing 40% of the observations, so only the down-sampling
technique was used (Chen et al. 2004). The analysis comparing the calls defined as FLY and DIV was not
imbalanced. Finally for the analyses on individuality we used the down-sampling method (Chen et al.

2004).

Results

We recorded and analysed a total of 214 h 50 min and 43 s of sound data, from 18 foraging Cape gannets.
No data could be retrieved from the audio recorders deployed on the other two individuals (the recorders
could not connect to the laptop and software, possibly due to water damage). The number of call
sequences recorded for each individual varied between seven and 276 (median 75), irrespective of the
duration of the trips and recordings (Supplementary Table 1). In total, vocalisations were recorded on
1718 occasions (957 times when the birds were resting on the water, 30 during taking off, 412 when
flying and 319 just before diving). For the latter, 75 % of the calls were emitted 1 s before the birds hit the
water (maximum 3.4 s). Call sequences were made up of one to 23 calls emitted in close succession

(2.3 £1.8). Acoustic variables were measured on a total of 1348 of those calls for which recordings were
of good quality (776 when the birds were resting on the water, 32 while taking off, 269 when flying and

271 just before diving).
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Potential instrument effects
All but one equipped bird gained weight (mean 267 g, range 0 g - 550 g, mean mass at deployment

2595 g, n=17 equipped birds with retrieved acoustic data, mass not available for one equipped bird)
during their foraging trip. Knowing that all birds had time to feed their chick before we captured them for
retrieval, those measures can be considered as a low estimate of the real mass gain of the birds. We can

thus conclude the deployed birds were able to find food despite being fitted with devices.

The duration of trips undertaken by deployed birds fitted with devices lasted 13.2 £ 6.6 h, ranging from 4
to 25 h (n=18 birds). There was no significant difference between those trips when carrying the devices
and the duration of following trips from the same birds without devices (Chi2=0.72, p=0.40). During the
whole study period, the duration of trips of deployed birds was very similar to that of control birds:

11.6 £ 2.7 h on average (n=18 birds, 3 to 15 trip durations averaged per bird) vs 11.3 + 2.7 h on average
(n=20 birds, 10 to 19 trip durations averaged per bird, Supplementary Figure 3). The duration of trips was
not significantly explained by the categorization of birds as control, deployed or partner of deployed

(Chi2=2.05, p=0.36).

Acoustic structure in relation to behavioural context

The distribution of all the acoustic variables per context significantly differed in median and most of them

also differed in variance (Table 1).

When including all the four contexts, the RF showed a global accuracy of prediction of 75 %. The
indicators of precision per context showed that 88 %, 62 %, 56 % and 66 % of the data predicted as
WAT, TOF, FLY or DIV, respectively, were correct. These predictions were 1.5, 31, 2.8 and 3.3 times
better than a prediction by chance (Table 2). To discriminate among the four different calls, the temporal
variables appeared to be the most important ones. Both the duration of the sequence followed by the
duration of the call were clearly ranked before the other variables in the RF measure of variable
importance (Figure 2a). Call sequences FLY were the shortest ones (mean 0.47 s), composed mostly of a
single call (57% of call sequences) of average duration (mean 0.09 s, Table 1). The calls WAT were
slightly shorter (mean 0.07 s) but the sequences emitted were more often composed of more than one call
(43 % of single calls, 23 % of double calls) so that their average duration was longer (mean 0.66 s,

Table 1). Calls DIV were composed of one, two or three calls in similar proportions (23%, 29%, 24% of

call sequences respectively). Those calls were the longest ones (mean 0.12 s), often composed of two
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parts (Figure 1). Knowing that only the first part of the call was measured, when relevant, the calls
emitted before diving were clearly longer than the calls emitted in all other contexts. The calls TOF were
the shortest ones (mean 0.05 s), with more calls emitted in series (median 5 calls per sequence) making

them the longest sequences (mean 1.48 s, Table 1).

When comparing the calls on the water (WAT) and in the air (FLY &DIV), the RF showed a global
accuracy of prediction of 86 %. The indicator precision shows that 88 % and 83 % of the data predicted as
WAT and FLY&DIV, respectively, were correctly classified. These predictions were 1.5 and 2 times
better than a prediction by chance (Table 2). Frequency and spectral variables appeared to be the most
important variables to discriminate between calls emitted in those two different environments, with the
percentage of energy emitted below 1200 Hz and the fundamental frequency of calls ranked first in the
measure of variable importance (Figure 2b). Calls WAT were in general lower in frequency than calls
emitted in all other contexts (Figure 1), displaying both the lowest FO and Fmax values and the highest

E1200 values accordingly (Table 1).

Classifying the calls FLY and DIV, the RF showed a global accuracy of prediction of 79 %, with 77 %
and 81 % of correct classification for the two classes, respectively. These predictions per class were 1.5
and 1.6 times better than a prediction by chance (Table 2). The duration of the sequence was the most
important variable to discriminate between those two contexts (Figure 2c), with the sequences DIV longer

than the FLY ones (mean 1.00 s vs 0.47 s respectively, Table 1).

Individual signature

The PIC of the acoustic variables was studied on 767 calls from 14 individuals for the context on water,
on 256 calls from 11 individuals for the context flying, and on 262 calls from 13 individuals for the
context before diving. The values of PIC were low in all behavioural contexts, most of them being around
1 (i.e. the variability per individual is similar to the variability of the population) and only a few slightly
higher than 1.1 (Table 3). The FO, the Nparts and the Ncalls in particular were identified as potential cues
to discriminate between individuals in all contexts. In addition, the distribution of energy contributed to
individual signatures of calls WAT and FLY, with the variables Q75 and E1200, respectively, yielded a
PIC higher than 1.1 (Table 3). Almost all distributions of acoustic variables per individual and per context

were significantly different according to the Kruskal-Wallis rank sum test.
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Since a call is a single unit from which we measured different variables, the potential for individual
discrimination is stronger (and more realistic) when considering a combination of all acoustic variables.
The RF was able to predict the emitter of a call with an accuracy of 41 %, 63 % and 59 % for calls WAT,
FLY and DIV respectively. The percentage of correct classification varied greatly per context and per
individual, with values of the indicator precision ranging between 0 and 83 % depending on the individual
(Table 4). Individuals for which a larger number of calls were recorded and measured were in general
showing higher percentages of correct classification than individuals for which less calls were available.
Those values were nonetheless higher than a prediction by chance in all but one case (Table 4), with
improvement of prediction ranging between 2.3 and 22.3 depending on individuals and contexts. The FO
was the most important variable to discriminate individuals in contexts FLY and DIV, while the

distribution of energy (variables Q75 and E1200) was of most importance in the context WAT (Figure 3).

Discussion

This paper demonstrates the vocal repertoire of a seabird during its foraging trip at sea. This is, to our
knowledge, the first study to provide a detailed analysis of the acoustic signals by a bird while at sea,
based on data collected from bird-borne audio recording devices. We showed that the acoustic structure
of the calls differed according to the behavioural context of emission, namely when the birds were resting
on the water, at the moment of taking off, when they were flying, or a few seconds before hitting the
water and diving to capture prey. Calls that are structurally different must be conveying different
information, suggesting that they would be used for different biological functions. Furthermore, we found
that each call type contains sufficient information to distinguish among individuals, although a

combination of acoustic features is needed for improved inter-individual discrimination.

The different types of calls emitted by Cape gannets when at sea can be differentiated by both temporal
and spectral variables. The calls emitted when taking off were the rarest ones recorded, yet they contained
on average the highest number of calls in a sequence (Table 1). The calls emitted before diving were the
longest ones, as if the signal was elongated in this context. The repetition or increased duration of a signal
increases the chances for the information to be received, which can be crucial when there is a risk of
collision between birds (Thiebault et al. 2016). In contrast, spectral variables can be explained by
differences in anatomy according to the source-filter theory (Fant 1960, Fitch 1999). The different body

posture of the birds when flying or preparing to dive compared to when they are on the water could
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explain our results on the comparison of calls emitted in the two environments. The vocal production
mechanisms in birds is poorly understood compared to those in terrestrial mammals. It is known that
birds can adjust their vocal filter by varying their tracheal length, constricting the syrinx or changing the
position of their neck or beak (Nowicki 1987, Riede and Suthers 2009). All these modifications
correspond to changes in head movements of the bird. When flying and even more so before diving, the
birds stretch their neck which elongates the trachea but reduces its diameter (lumen), hence increasing air
flow and pressure in the trachea (Daley and Goller 2004). The increase in air flow could result in the
production of higher frequencies. This could thus explain our results showing vocalisations at higher
frequencies when the birds are flying or diving compared to when they are on the water (Figure 1, Table

1).

During their foraging trips, the Cape gannets engage in different activities. Our results suggest that they
make use of vocal communication for different purposes in each of those contexts. When forming rafts on
the water, calls could be used for individuals to maintain contact and group cohesion. Indeed, the fact this
context was associated with the lowest FO and Fmax of all calls emitted by those birds at sea (Table 1)
makes them the ones that will transmit over the longest distance. Calls on the water could also intervene
during agonistic encounters in a high density group and avoid individuals colliding with each other
(Thiebault et al. 2016). When flying, the birds emitted the shortest sequences recorded suggesting that
they were involved in a brief interaction between birds. At the colony, calls in flight are always involved
in a near-collision event (pers. obs.), birds “honking” at each other (Thiebault et al. 2016). Before diving,
calls could also be used to avoid collision. Those calls were the longest ones and the ones emitted at the
highest frequency (Table 1). Those acoustic features make the emitter easier to locate. In this context, a
collision can be fatal when birds are diving at high speed (Lee and Reddish 1981, Machovsky-Capuska et
al. 2011) so the localisation of the emitter of the call could be of higher importance. Since not all dives
were preceded by a call, the immediate surrounding of a bird when about to dive could explain the need
to produce a call (when crowded) or not (when scattered). Furthermore, since gannets benefit from
previous attacks to disturb the fish school and capture prey (Thiebault et al. 2015), a signal informing that
a gannet is going to dive may be used by surrounding birds to synchronize their attack and increase their
chance of capturing a prey. Gannets initiating a dive are easy to identify from visual observation: they
turn upside down and elongate their body shape. But in a large busy flock, acoustic communication may

be more efficient than visual communication. This second potential function of the calls emitted before
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diving might be an add-on value of a warning signal and could potentially be used differently by
individuals depending on theirexperience. Indeed, adult seabirds commonly show higher foraging
performances than juveniles (Porter and Sealy 1982, Bertellotti and Yorio 2000, Riotte-Lambert and
Weimerskirch 2013), suggesting that they acquire knowledge and skills over consecutive experiences.
Given the long life span of the Cape gannets (oldest ringed bird over 30 years old, The South African

Bird Ringing Unit, http://safring.adu.org.za/safring_stories.php), we may suppose that breeding birds
continue to acquire experience and improve their foraging skills during adulthood (first breeding at three
to four years old, (Nelson 2005)). As a consequence the potential use of a before-diving warning signal by
a gannet to dive immediately after and increase its chances to capture prey might depend on its experience

with group foraging.

Within each context, calls were specific to individuals which can be explained by differences in anatomy
based on the source-filter theory (Fant 1960, Fitch 1999). Different individuals may have vocal tracts of
slightly different sizes including their syrinx, the “source” from which they emit calls (Greenewalt 1968,
Suthers and Zollinger 2008, Riede and Goller 2010, Fitch and Suthers 2016). Accordingly, the FO was the
variable with the highest PIC value in contexts FLY and DIV (Table 2) and the variable of most
importance to correctly predict the emitter of the call with the RF (Figure 3). Nonetheless, the PIC
calculated per variable were relatively low (maximum of 1.52 for the FO) compared to other seabird
species in a breeding context (no other study conducted at sea to compare with): e.g. 4.7 and 4.9 for the
FO in the black-headed gull Larus ridibundus and the slender-billed gull L. genei respectively (Mathevon
et al. 2003), 1.88 for the FO in the kittiwake Rissa tridactyla (Aubin et al. 2007), up to 3.84 and 4.49 for
measures on duration of signals and silences in the Yelkouan shearwater Puffinus yelkouan and the Cory's
shearwater Calonectris diomedea diomedea (Curé et al. 2009), or 1.85 for a measure on amplitude
modulation in the African penguin Spheniscus demersus (Favaro et al. 2015). A combination of variables
would then be necessary for individual Cape gannets to identify each other at sea, although still with a
risk of confusion. While individual recognition at the nest is of major importance in a breeding context, it
might not be crucial for seabirds when foraging at sea, at least as it is suggested by our results. The Cape
gannet colony breeding at Bird Island (Aloga Bay) numbers over 90 000 breeding pairs (Department of
Environmental Affairs, unpublished data), and individuals leave to forage at various unsynchronised

times (Rishworth et al. 2014b). As a consequence, there is little evidence of individuals to repeatedly
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forage with the same conspecifics. More probably, birds will opportunistically meet at sea to forage in

groups made of individuals present at that time.

Our understanding of acoustic communication among seabirds when at sea is still poor but we have in this
study made some major advances. Better knowledge on the function of seabirds' calls when foraging is,
however, necessary. This could be addressed using playback experiments for example, observing the
behavioural response of birds to different signals (Beer 1970). Together with artificial modification of the
acoustic signals (Aubin et al. 2000, Charrier et al. 2001b), this would provide insights into the acoustic
communication of those species. Moreover, the marine environment will have to be considered with its
own specificities (Larsen and Radford 2018), being wide and open and containing typical sounds from the
wind and the waves. The adaptation of acoustic communication in such an environment will also have to
be addressed to fully understand the use of this type of communication among other communication
channels. Since many seabird species commonly form groups when at sea (i.e. Hoffman et al. 1981,
Harrison et al. 1991, Hodges and Woehler 1993, Camphuysen and Webb 1999, Assali et al. 2017), the

exploration of this field of research promises to hold much potential.
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Figure Legends

= gure 1. Hlustration of calls emitted by two different individuals of Cape gannets in the four behavioural contexts: (a,e)
WAT = on water, (b,f) TOF =taking off, (c,g) FLY = flying, (d,h) DIV = before diving. Figure designed using the

'seewave' package (Sueur et al. 2008) in R software.
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Figure 2. Ranking of importance of acoustic variables (top to bottom) calculated as a mean decrease in accuracy in the
r7 1dom forest algorithm, for the three analyses conducted on behavioural contexts: (a) comparing calls from all the four
behavioural contexts observed, (b) comparing calls on the water and in the air, (¢) comparing calls in the air.
Behavioural contexts of call emission: WAT = on water, TOF = taking off, FLY = flying, DIV = before diving.
»_toustic variables: DurSeq = duration of the sequence (s), DurCall = duration of the call measured (s), FO =
.undamental frequency (Hz), Fmax = frequency of maximum amplitude (Hz), Q75 = third quartile of the energy
distribution (Hz), E1200 = percentage of energy occurring below 1200 Hz (%), SlopeAsc = ascending slope of the call

(Hz.s™), SlopeDesc = descending slope of the call (Hz.s™), Nparts = number of parts composing the call.
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(b) 2 environments: WAT, FLY&DIV.
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Figure 3. Ranking of importance of acoustic variables (top to bottom) calculated as a mean decrease in accuracy in the
r7 1dom forest algorithm, for the analyses conducted on individual signature for three behavioural contexts: (a) on calls
emitted on water, (b) on calls emitted when flying (c) on calls emitted just before diving. Acoustic variables: DurSeq =
duration of the sequence (s), DurCall = duration of the call measured (s), FO = fundamental frequency (Hz), Fmax =

» 2gquency of maximum amplitude (Hz), Q75 = third quartile of the energy distribution (Hz), E1200 = percentage of
cnergy occurring below 1200 Hz (%), SlopeAsc = ascending slope of the call (Hz.s™), SlopeDesc = descending slope of

tha call (Hz.s™), Nparts = number of parts composing the call.
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Table Legends

Table 1. Summary of distribution of acoustic variables measured on calls per behavioural context: WAT = on water, TOF = taking off, FLY = flying, DIV = before diving.

Difference in variance of distribution pe.»===2Cxt was evaluated using the Fligner-Killeen test of homogeneity of variance. Difference in median of distribution per context

was evaluated using the Kruskal-We.lis. ...

number of calls divided by duration 0f¢ »2:22

-.m test. Acoustic variables: DurSeq = duration of the sequence (s), DurCall = duration of the call measured (s), Rhythm =

= ence (s7), FO = fundamental frequency (Hz), Fmax = frequency of maximum amplitude (Hz), Q50 = second quartile of the

energy distribution (Hz), Q75 = third guartile of the energy distribution (Hz), E1200 = percentage of energy occurring below 1200 Hz (%), SlopeAsc = ascending slope of the

call (Hz.s™), SlopeDesc = descending slope of *he call (Hz.s™), Ncalls = number of calls in the sequence, Nparts = number of parts composing the call. N = number of calls,

SD = standard deviation, NS = non-s. nific nt.

Acoustic WAT TOF FLY DIV Fligner- Kruskal-
variable Killeen Wallis
S N | Meant wwang | N| Mean £ Rang |[N | Mean * Rang | N | Mean £ Rang p- p-

SD . SD e SD e SD e value value

DurSeq | 77 | 0.66£0.6 | [0.04 |3 | 1.48+1.0| [0.06 |26 | 0.47+0.8 | [0.04 |27 | 1.00£0.8 | [0.07 <0.00 | <0.00
© 16 |6 742 2] 6 325] |9 |0 496] |1 |0 4.18] 1 1

DurCall |77 [ 0.0740.0 | [0.02 |3 | 0.05£0.0 | [0.04 |26 | 0.09x0.0 | [0.03 |27 | 0.12+0.0 | [0.04 <0.00|  <0.00
© e |2 eha 2] 1 0.08] |9 | 4 024] |1 |5 0.27] 1 1

Rhythm (59 | 5.6+1.0 | [12 |3 | 53+11 | [3.87.5][13 | 5.1£1.2 3.2 |23] 39t11] [L6 NS <0.00
D g 36] 1|0 9 91] |8 7.1] 1

FO(Hz) | 77| 388458 | [211 |5 | 418%53 | [311 |26 | 446%53 | [263 |27 | 454#45| [295 <0.05|  <0.00
6 6557 |2 510] |9 546] |1 554] 1

Fmax |77 | 843286 | [3¢2 |3 | 903312 | [320 |26 | 1035+27 | [457 |27 | 1008+28 | [433 NS <0.00
H e 2140] . |2 2000] |9 | 3 2070] |1 |4 2210] 1

Q50 |77 | 1101+23 | [€D0 |3 | 119731 | [720 |26 | 133918 | [820 |27 | 1350£18 | [826 <0.00|  <0.00
H) e |1 1910] |2 7 2020] |9 | 4 2000] |1 |1 2160] 1 1

Q75 |77 | 175431 | [1030 |3 | 209439 | [1300 |26 | 208329 | [1370 |27 | 2062+27 | [1458 <0.01|  <0.00
H e | 8 28557 (2] 0 2940] |9 | 5 3090] [1 |9 2917] 1
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E1200 |77 | 54%14 T3 47415 23 |26 4249 21 |27 ] 4319 [15 <0.00| <0.00
®) |6 831 |2 74] |9 67] |1 69] 1 1
SlopeAsc | 77 | 20.8+20. | [-35.0 |3 | 33.6£26.| [-10.0 |26 | 31.7+25.| [-35.0 |27 | 39.2+27. | [-25.0 <0.00 | <0.00

Hzs-l) g |1 115.0]% |2 | 7 105.0] |9 | 1 1049] |1 |1 114.9] 1 1
SlopeDesc | 77 | - [x20 3] 9.6219.3| [57.0 |26 - [-200.1 |27 | - [165.1 <0.00| <0.00
HzsD) 16 | 23.4428. | 70.01 |2 200] |9 | 354#36.| 59.9] |1 | 49.137.| 60.0] 1 1
3 9 8
Nealls |77 | 3.5%2.7 | 1231 (3 | 7.24.3 [115] |26 | 2.3£3.0 [119] |27 | 3.4+21| [113]| <0.00| <0.00
6 2 9 1 1 1
Nparts | 77 | 1.2#04 | .2 _[3 | 1.1%0.2 [12] |26| 1.2%04| [12] |27 | 1.3%05| [12] <0.00 | <0.00
6 2 9 1 1 1
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Table 2. Comparison of the accuracy of prediction of the behavioural context of emission of calls,

obtained by chance (number of calls for the given context divided by total number of calls in the given

analysis) or using the random forest algorithm (indicator precision). Behavioural contexts of call

emission: WAT = on water, TOF = taking off, FLY = flying, DIV = before diving.

Analysis Context Number Prediction (%) Improvement off
of calls | py chance with RE _ |prediction with RF
4 contexts WAT 776 58 88 1.5
TOF 32 2 62 31.0
FLY 269 20 56 2.8
DIV 271 20 66 3.3
2 WAT 776 59 88 1.5
environments | FLY&DIV| 540 41 83 2.0
2 aerial FLY 269 50 77 1.5
contexts DIV 271 50 81 1.6
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Table 3. Potential of individual coding (PIC) calculated for each acoustic variable and per behavioural
context: WAT = on water, FLY = flying, DIV = before diving. Difference in median of distribution per
context and per individual was evaluated using the Kruskal-Wallis rank sum test. Acoustic variables:
DurSeq = duration of the sequence (s), DurCall = duration of the call measured (s), Rhythm = number of
calls divided by duration of the sequence (s™), FO = fundamental frequency (Hz), Fmax = frequency of
maximum amplitude (Hz), Q50 = second quartile of the energy distribution (Hz), Q75 = third quartile of
the energy distribution (Hz), E1200 = percentage of energy occurring below 1200 Hz (%), SlopeAsc =
ascending slope of the call (Hz.s™), SlopeDesc = descending slope of the call (Hz.s™), Ncalls = number
of calls in the sequence, Nparts = number of parts composing the call. Ni = number of individuals, Nc =

number of calls. NS = non-significant.

WAT (Ni =14; Nc FLY DIV

=1767) (Ni =11; Nc = 256) (Ni = 13; Nc = 262)
IAcoustic PIC Kruskal-Wallis p- | PIC Kruskal-Wallis p- | PIC Kruskal-Wallis p-
\variables value value value
DurSeq 1.03 <0.001 1.00 <0.001 1.06 <0.001
DurCall 1.03 <0.001 1.01 <0.001 0.98 <0.001
FO 1.14 <0.001 1.27 <0.001 1.52 <0.001
Fmax 0.86 <0.001 1.06 <0.05 1.08 <0.001
Q50 1.08 <0.001 1.02 <0.001 1.05 <0.001
Q75 1.27 <0.001 0.90 <0.001 1.00 <0.001
E1200 0.92 <0.001 1.14 <0.001 1.09 <0.001
SlopeAsc 0.89 NS 0.99 <0.05 1.02 <0.001
SlopeDesc 1.01 <0.001 0.92 <0.01 0.92 <0.001
Ncalls 1.17 <0.001 1.10 <0.001 1.30 <0.001
Nparts 1.42 <0.001 1.19 <0.001 1.35 <0.001
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Table 4. Comparison of the accuracy of prediction of the emitter of a call (individual) per behavioural
context, obtained by chance (number of calls for the given context divided by total number of calls in the
given analysis) or using the random forest algorithm (indicator precision). Behavioural contexts of call
emission: WAT = on water, TOF = taking off, FLY = flying, DIV = before diving.

Context Individual Number Prediction (%) Improvement of
of calls by chance with RF prediction with RF

17M 136 18 58 3.2
19M 12 2 14 7.0
24M 11 1 21 21.0
34M 29 4 33 8.3
38M 93 12 57 4.8
39M 17 2 16 8.0

WAT 41M 17 2 23 11.5
42M 86 11 55 5.0
43M 11 1 7 7.0
45M 129 17 53 3.1
46M 62 8 48 6.0
47M 8 1 0 0.0
48M 69 9 51 5.7
49M 87 11 25 2.3
19M 47 18 67 3.7
38M 31 12 41 34
39M 27 11 76 6.9
41M 26 10 39 3.9
42M 17 7 47 6.7

FLY 43M 20 8 47 5.9
45M 14 5 38 7.6
46M 28 11 71 6.5
47M 8 3 50 16.7
48M 29 11 70 6.4
49M 9 4 67 16.8
17M 8 3 67 22.3
19M 47 18 83 4.6
38M 55 21 83 4.0
39M 21 8 66 8.3
40M 10 4 55 13.8
41M 14 5 43 8.6

DIV 42M 17 6 58 9.7
43M 8 3 18 6.0
45M 14 5 50 10.0
46M 10 4 43 10.8
47M 9 3 50 16.7
48M 32 12 76 6.3
49M 17 6 50 8.3
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