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The accurate identification of foraging locations is critical for wildlife
conservation. While remote sensing and biologging devices provide much
of the necessary data, their deployment is often complicated by factors
such as weight, battery life and sensor capacity, limiting their effectiveness
for long-term tracking of wide-ranging species. In this study, we evaluate
the effectiveness of saltwater immersion data from light-level geolocation
loggers (global location sensor; GLS) as a predictor of foraging behaviour
in a pursuit-diving seabird, the red-footed booby (Sula sula rubripes). Using
co-deployed tri-axial acceleration data as a high-resolution benchmark, we
compare the performance of deep learning models for classifying dive and
non-dive states. Predictions are cross-validated on withheld individuals
for generalizability. Using a small pilot dataset, we find that models
trained solely on GLS data only slightly underperform those trained on
acceleration data despite the resolution discrepancy, classifying the diving
behaviours of unseen birds with 93.65% accuracy. These findings suggest
that GLS data alone may be sufficient to reliably infer dive events and,
by extension, foraging locations, for pursuit-diving seabirds, providing a
minimally invasive, scalable method to enrich year-round GLS migratory
tracking studies using models derived from co-deployment of GLS and
global positioning system devices.

1. Introduction

In the marine environment, the foraging behaviours of many predators are
shaped by the distribution and predictability of resources across large spatial
scales and are accordingly considered to encode valuable information about
global ecosystem health [1-3]. Pelagic seabirds, in particular, are often proposed
as valuable ecological indicators and have been used extensively to inform
ecosystem management and conservation strategies [4-8]. However, with
direct observation largely precluded by their elusive and wide-ranging nature,
fine-scale behavioural data on these species have only become available in recent
years thanks to innovations in telemetry and biologging technology, which have
liberated researchers from the constraints of sparse presence/absence datasets
generated by traditional collection methods such as at-sea surveys and ringing
recoveries [9-15].

Perhaps most notably, the advent and declining size and cost of global
positioning systems (GPS) and time-depth recorders (TDR) have enabled the
collection of vast quantities of high-resolution movement data that have been
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especially valuable in identifying the behaviours associated with foraging for pursuit-diving seabirds [5,16]. Studies investigat-
ing such behaviours typically use a combination of the two, mapping continuous TDR-derived dive profiles to GPS coordinates
to pinpoint dive events that can serve as proxies for identifying foraging locations [17-20]. However, this technique has several
limitations. Multi-sensor deployments increase net device load, can cause significant behavioural confounds [21-24], and when
deployed with a harness can have acute impacts [25,26]. For seabirds specifically, Gillies et al. [27] found that Manx shearwaters
(Puffinus puffinus) fitted with 17 g GPS loggers (4.2% of bird body mass) more than doubled the length of their foraging trips
and gained 25% less body mass from those same trips compared with birds carrying no device or small 2.5 g leg-mounted
global location sensor (GLS) devices (approx. 0.62% of bird body mass). Furthermore, the expense and relatively short battery
lives of high-sampling-rate GPS loggers often restrict the duration of studies that use them to just several weeks or months.

One alternative to GPS for long-term animal tracking is light-level geolocation (GLS). These lightweight devices (greater
than 0.3 g) are equipped with wet/dry sensors as well as ambient light sensors to determine location and are often used to
infer bird migration routes [28,29]. The spatio-temporal resolution of the location data they produce is coarse compared with
GPS data (approx. 12 h and up to 304 + 413 km; [30,31]). However, their exceptional battery lives permit deployments lasting
several years, resulting in vast GLS datasets covering numerous species and individuals for which no other data are available.
This widespread availability of existing data, in combination with the device’s ultra-light weight and long operational life,
offers the opportunity to develop methods to increase the value of data from these devices. In particular, while the location
data they produce is coarse, they often collect coincident saltwater immersion data at a much higher temporal resolution. By
leveraging modern analytical techniques such as deep learning, researchers may be able to extract much finer-scale behavioural
insights from such data than previously thought possible. Indeed, if it were possible, for instance, to confidently infer foraging
behaviour from GLS/immersion data alone, it would significantly extend the reach of movement ecology studies at a fraction of
the cost while minimizing potential impacts on study animals.

Traditionally, the challenges of analysing large, complex biologging datasets have been tackled in behavioural studies
with unsupervised approaches such as state-space models (e.g. hidden Markov models and Gaussian mixture models [19,32—
34]. More recently, some have undertaken the laborious task of assembling labelled datasets to leverage the power of tradi-
tional supervised machine learning (ML) techniques that can achieve similar predictive feats with greater accuracy [9,35-38].
However, many of these techniques require substantial user input, such as manual feature extraction, which in turn requires
substantial domain expertise and can dramatically increase implementation complexity.

Deep neural networks (DNNs) are a family of highly flexible, general-purpose ML models that learn hierarchical represen-
tations directly from raw inputs, thereby reducing the need for manual feature engineering. This capability has led to state-
of-the-art performance across various domains, including computer vision, natural language processing and bioinformatics.
([39,40], see [41-43] for reviews). In the context of behavioural ecology, Browning et al. [44] recently demonstrated that DNNs
outperform both hidden Markov models and a naive Bayes classifier in predicting the diving behaviour of three pelagic seabird
species (Gulosus aristotelis, Uria aalge and Alca torda) from GPS data alone. These findings not only attest to the untapped
potential of DNNs as behavioural classification models, but also importantly highlight a potential shift away from relying on
costly and cumbersome TDR devices for identifying seabird foraging. However, with GPS loggers still limited by short battery
life and potential challenges associated with long-term device attachment (e.g. using a harness), there remains a strong incentive
to explore whether similar insights can be derived from a less obstructive and longer-lasting alternative such as GLS.

Here, we use GPS devices with integrated accelerometers and time-depth/pressure recorders that enable us to independ-
ently identify dives. We then use DNNs to evaluate how well co-deployed, GLS-derived saltwater immersion data (hereafter,
immersion) are able to predict these dives in a pelagic seabird. As a performance benchmark, we also assess the predictive
power of the high-resolution tri-axial acceleration data (hereafter, acceleration) for the same task. Building such models on the
co-deployments in our study here would enable their application to individuals tracked solely with GLS-derived immersion
data. Acceleration data is a useful benchmark as it has previously been demonstrated as a useful and accurate method for
identifying behaviour and energy expenditure (e.g. [45,46]). We construct our datasets using a sliding window approach,
assigning depth-validated binary labels from pressure sensor data to indicate the occurrence of diving events. For both
predictors (immersion and acceleration), we also examine the impact of input window width on model performance and map
dive predictions to GPS coordinates under a custom georeferencing method to examine their spatial distributions. We apply
these methods to investigate the foraging behaviour of the red-footed booby (Sula sula; hereafter ‘RFB’), a pantropical, diurnal,
central-place foraging seabird widely understood to be the most pelagic of its genus [13,47,48]. We have recently explored
the spatial foraging patterns and environmental drivers of diving behaviour in this species [13,20]. By combining data from
multi-sensor deployments, we here investigate if models trained on immersion data alone can accurately predict diving
behaviour and if they perform as well as those trained on tri-axial acceleration data, exploring the potential of immersion
sensors as lightweight, long-term alternatives for monitoring diving behaviour in a pelagic species.

2. Methods and material

2.1. Problem formulation

We evaluate the ability of DNNs to identify dive events in fixed-length rolling windows of sensor time-series data. Specifically,
we compare two different predictors: tri-axial acceleration data and GLS immersion data, evaluating their relative effectiveness
in detecting dive behaviour. We formally define our problem as a binary classification task in which the objective is to learn a
function
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fo:RT = {0,1)
where

— d represents the number of predictor features (three for acceleration, one for immersion).
— T is the rolling window length.

— fois the DNN, parametrized by 6, tasked with predicting the presence (y; = 1) or absence (J; = 0) of a dive event within
each window x, € R4 T,

2.2. Data collection

Fieldwork was conducted at Barton Point, Diego Garcia in the Chagos Archipelago, Indian Ocean (07°14" S, 72°26'E). Fifteen
adult RFBs were caught by hand over a three to six days period in February 2019 during chick-rearing. All individuals were
fitted with high-sampling-rate tail-mounted multi-sensor GPS loggers (AxyTrek Marine, Technosmart, 18 g, 1.7-2.3% bird body
mass, range = 790-1020 g; devices were tail mounted oriented along the body axis, Trevail et al. [13], Dunn et al. [20] for further
details) and leg-mounted light-level GLS/saltwater immersion loggers (Intigeo C330, Migrate Technology, 3 g, 0.3-0.4% bird
body mass, attached to PVC leg rings from Interrex-rings, Poland). Geolocator devices were configured to use mode ‘9, light
range 4, max light regime (sampling light every 60 s, recording the maximum value in each 5 min window), and sampling
a binary wet/dry value every 6 s (recording the duration of time spent before switching state). GPS loggers were configured
to record geographical location every 30 s, pressure/depth every 1 s, and tri-axial acceleration at 25 Hz (+2G, 10-bit). Figure 1
illustrates an example of how these data are distributed over the study period for a single bird. Of the 15 sets deployed, failure
to recover hardware or subsequent data corruption meant that data could only be successfully extracted from nine GPS and six
GLS loggers.

2.3. Data pre-processing

All pre-processing was carried out using the programming languages R (v. 4.1.0) [49] and Python (v. 3.9.6). First, raw pressure
readings from the GPS logger were converted to depth data using XManager software (https://www.technosmart.eu/), and
subsequently “de-noised’ to control for device idiosyncrasies. This was achieved by offsetting all values within a rolling window
of 30 records by the median of that window, effectively smoothing the low-level background fluctuations in each time series
while preserving the shape and location of each spike, thus enabling the determination of a fixed threshold for identifying dive
events (see electronic supplementary material “Depth de-noising & window size’). For each bird, all data preceding the first aerial
departure and following the final return to the island were clipped to ensure that none of the data reviewed here were influenced
by device attachment/detachment processes (as multiple devices were logging data before and after their time fixed to a bird).
GPS coordinates were also linearly interpolated in gaps of 60 s or more (i.e. where one or more readings had been missed, to
a consistent 30 s resolution). GLS data (immersion) were then matched by ID to their corresponding GPS and depth recordings
(dropping excess data according to the same time frames). Ultimately, this resulted in a preliminary dataset comprising 87 787 041
multivariate samples of 25 Hz tri-axial acceleration data (d = 3) across nine birds for acceleration, and 214 838 univariate samples
of GLS immersion data (d = 1) across five birds for GLS. To visualize these data, we mapped at-sea GPS tracks for all nine birds
(trimmed to first departure and last arrival to colony) and calculated for each bird the total time tracked, total distance travelled
(km), furthest distance from the nest (assumed to be the mode lat/lon coordinates), maximum depth recorded and the total number
of observed dive and non-dive events (see figure 2; method for determining these described below).

From the processed data, several labelled datasets were then constructed for each predictor (immersion and acceleration)
using a rolling window of raw data points as inputs and binary values indicating whether a dive had occurred within each
given window as the corresponding targets. Dives were classified in windows where at least one depth value exceeded a
predetermined threshold of 0.1 m, which was chosen through visual inspection of depth time-series plots to distinguish periods
of residual background noise from the periods of sharp fluctuation that are characteristic of genuine diving events. A range of
window widths was tested for each predictor to determine the optimum. These were chosen to span time intervals that could
reasonably be expected to capture dive behaviour based on the resolution and distribution of the data (2, 4, 6, 8 and 10 s for
acceleration, and 1, 3, 5, 7 and 9 min for immersion). To investigate the effects of using a much simpler ‘diluted” metric from the
acceleration data, an additional dataset was also created using only the mean and sum of absolute differences of 4 min windows
of data points along the z-axis as inputs.

The method described above produced a number of large datasets that were highly imbalanced (up to 1 TB for larger
window widths, in which only approx. 0.18% of rows contained dive behaviour), so to sidestep consequent performance and
memory-related issues, a smaller, more balanced subset was extracted from each by randomly undersampling the majority class
(i.e. non-dives) to roughly match the number of dive rows, reducing the maximum file size to approximately 2 GB.

2.4. Model training

Model training and evaluation were conducted using Keras (v. 2.5.0), implementing a basic feed-forward architecture with
two hidden layers, each consisting of 200 ReLU-activated nodes and a dropout rate of 0.2 to mitigate overfitting. The final
output layer was a binary softmax classifier, producing probabilistic predictions for each behavioural state P (y,=1 | x;). The
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Figure 1. Example distribution showing a 3 days section of (a) ambient light level Lux; (b) binary saltwater immersion; and (c) de-noised depth data for a single
bird (ch_gps16) over the period it was tracked. Dark (night-time) periods are shown shaded grey. The plot shows how the bird interacts with the water exclusively
during daylight hours and spends the whole of 5 February off the water, probably on the nest when LUX levels are consistently low. Spikes in depth (i.e. diving events)
correlate strongly with periods immersed.
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Figure 2. Flight paths for all nine GPS-tagged red-footed boobies in the Chagos Archipelago Marine Protected Area (outlined).

shape of the input layer varied based on the selected rolling window width T, the number of predictor features d and the
predictor sampling frequency s (Hz), following the equation: input = T x d x s. Input layer dimensionality therefore ranged from
10 nodes where a window width of 1 min (T = 60) was used, to 90 where a width of 9 min (T = 540) was used for the univariate
immersion data (d=1,s= %), and two nodes where summary statistics were used to 750 where a width of 10 s was used for the
25 Hz tri-axial acceleration data (d = 3, s = 25).
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2.5. Evaluation

A customized ‘leave-one-out’ cross-validation method was adopted, whereby each model was validated with data from a
withheld bird, ensuring generalizability of results and reflecting how such models would probably be used in practice. All
models were saved for downstream analysis, resulting in a single saved model for each bird for each window width. As an
additional benchmark for the immersion classifier, a ‘naive’ classifier was constructed that simply predicts dive events wherever
windows contained a mix of wet and dry samples and non-dive events otherwise (i.e. where windows were all dry or all wet).
We applied this model to the same, downsampled 5 min data as the DNNs to ensure a valid performance comparison. The
classification accuracy, area under the receiver operating characteristic (ROC) curve (AUC), precision, sensitivity and specificity
were calculated for all models, as well as scaled confusion matrices. These metrics were then individually averaged to produce
single, cross-validated scores for each window width, which were used to determine the optimum window size for each
predictor. The model with the highest accuracy was selected as the best model (highlighted in table 1).

2.6. Georeferencing predictions

The predictions of the best models were georeferenced to gain a deeper understanding of how these can be used to pinpoint foraging
locations in practice. To this end, the timestamp at the midpoint of each input window was saved along with its corresponding
class during the construction of the rolling window data to enable mapping to the nearest GPS coordinates. GPS data were at the
original 30 s resolution for mapping high-resolution acceleration predictions, but for the immersion predictions, to account for the
relatively large window widths used to compensate for the data’s low temporal resolution (4 m in the best model), GPS data were
first collapsed to 5 min resolution to ensure that the window surrounding each GPS coordinate (+2.5 min) contained the majority
of several immersion windows rather than just a minority of a handful. Keeping GPS data at 30 s resolution would result in the
midpoint of six immersion windows falling within 15 s of —and consequently being mapped to—each GPS coordinate, despite the
fact that each of the 4 min immersion windows could also contain up to 18 other GPS coordinates. Using this approach, the class
of a specific GPS location was then determined from the proportion of dive predictions in its immediate vicinity. If this proportion
exceeded a threshold of 0.5 (50% of predictions within the GPS windows being dives), then the GPS coordinate would qualify as
a dive location. This georeferencing method was applied for both predictors, with the threshold set to a default value of 50% of
predictions within the corresponding GPS window in each case (the effect of changing this value was not investigated here but could
be subject to further inquiry —see §4).

3. Results

Of the 15 sets of GLS/GPS deployed, failure to recover devices or data corruption meant we only successfully extracted data
from nine GPS and six GLS loggers. Full data (GPS and GLS) was therefore available for five birds and GPS data for an
additional four birds. Figure 2 shows the mapped GPS tracks for all nine GPS-tagged red-footed boobies, with accompanying
summary statistics displayed in table 2.

3.1. Acceleration data

Using raw tri-axial acceleration data to predict dive events, we found all leave-one-out cross-validated models scored mean
accuracy values exceeding 97%, demonstrating strong predictive power for this modality that generalizes to unseen individ-
uals (table 1). Additionally, sensitivity and specificity remained high across all window widths tested, indicating a general
proficiency at detecting both dive events and non-dive events (table 1). The optimal model used a 4 s time window to generate
training data (see figure 3 for the resulting confusion matrix, and figure 4 for the distribution of metrics across cross-validation
folds for this model), scoring a mean accuracy of 98.22% that varied negligibly across cross-validation folds (figure 4). Mean
sensitivity and precision scores for this model were each second highest of those tested (table 1), representing the best combina-
tion of minimizing the number of genuine dive sites missed (false negatives) while preventing over-classification by penalizing
bogus dive sites (false positives). Models trained only with z-axis acceleration summary statistics performed substantially
worse, scoring a mean classification accuracy of 87.15% (sensitivity = 95.6%, specificity = 78.7%), suggesting that diluting the
data in this way does preserve some measure of what constitutes a dive, but also drives misclassification of non-dive events.

3.2. Immersion data

The results of models using immersion data to predict dive events showed increased variation and slightly reduced accuracy,
ranging from 81.47% to 93.65%, where window widths of 1 and 5 min were used, respectively (table 1). Precision saw the most
significant reductions of all metrics compared with acceleration data, dropping by a mean average of nearly 8% (figure 4). While
sensitivity scaled roughly in proportion to window width, a negative correlation was observed between window width and
precision (and window width and specificity), suggesting that larger window widths capture higher proportions of genuine
dive events but also lead to increased misclassification of non-dive events. The optimal window width was the median of those
tested (see figure 3 for the resulting confusion matrix, and figure 4 for the distribution of metrics across cross-validation folds
for this model). When cross-validating the predictions of this model, the model evaluated using data from unseen bird ch_gps12
scored significantly lower precision (87.01%) than the others (93.51%), suggesting that this bird often exhibited “dive-looking’
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Table 1. The ability of acceleration and immersion to predict seabird dive behaviour. Cross-validated mean classification metrics for each window width tested for each |}
predictor. Using accuracy as a quide, optimal predictions were produced when a 4 s window width was used for acceleration data and a 5> min window width was used
forimmersion data. Italic values indicate best performance for that predictor/metric.

predictor window width  accuracy (%) AUC (%) precision (%) sensitivity (%) specificity (%)
acceleration 2s 98.17 98.97 98.31 97.97 98.39

Table 2. Summary statistics for each GPS-tracked bird, with birds from whom GLS data were also successfully recovered highlighted with an asterisk. (One outlier
sample was removed from ch_gps03 where the TDR recorded a single depth value of over 10 m.) Dive (depths recorded greater than 0.1 m) and non-dive counts are
presented over the whole dataset as recorded by TDR pressure data. Mean dive durations are the period over which the dive was recorded as exceeding 0.1 m—this
can result in some dives appearing to have instantaneous duration, as they are only briefly recorded as exceeding the threshold—these dives are recorded as having
duration 1.

2000700 €7 Popa 20547 ysyBioBuisygndigaposiefos

daystracked total distance = max.distance  maximum mean dive duration dives non-dives
travelled (km) travelled from diving depth (m) (s, min*-max)
the colony (km)

ch_gps03 5.78 1969 40 3.89 5.96 (1-90) 162 16 555
ch_gps07* 3.91 619 156 2.15 5.76 (1-31) 25 11300
ch_gps08 5.24 1268 226 2.58 7.99 (1-90) 154 14979
ch_gps09 432 790 86 1.91 8.71(1-61) Al 12397
ch_gps10* 431 597 81 1.90 10.07 (1-60) 34 12428
ch_gps11* 3.19 731 182 2.59 8.58 (1-60) 67 9149

ch_gps12* 4.10 1027 234 239 2.45(1-31) 52 11 807
ch_gps13 5.78 1308 231 2.60 13.33(1-179) 109 16 582
ch_gps16* 4.02 902 157 2.53 9.33(1-182) 135 11491

behaviour while not actually foraging (figure 3). A larger number of individuals may highlight if this variation in behaviour is
expected or may allow models to better predict dives given a better distribution of training data.

The 5 min naive immersion classifier correctly classified 92.62% of the same data with high sensitivity (92.71%), but lower
specificity (88.01%) and precision (88.64%). Electronic supplementary material, figure S1 compares the performance of the DNN
immersion classifier and the naive immersion classifier. We note that there are a few ‘true’ dives that were recorded as fully wet.

3.3. Georeferencing predictions

When mapped to nearest GPS coordinates, the distribution of dive and non-dive predictions showed an imbalance comparable
to that of the data prior to downsampling (figure 5). This was due to most dives produced in the rolling window data
subsets being generated around single, highly localized events, meaning that any positive predictions corresponding to these
samples collapsed back into a small handful of points when georeferenced. Both predictors remained highly proficient at
detecting genuine dive and non-dive sites (sensitivity = 96.43% and specificity = 99.16% for acceleration; sensitivity = 96.55% and
specificity = 95.23% for immersion—calculated from the confusion matrix statistics displayed in figure 3). Naturally, however,
the increase in non-dive sites pushed up the relative incidence rate of true negatives and false positives. Therefore, the negative
predictive value of this georeferencing method was near-perfect (99.96% for acceleration, 99.81% for immersion), while the
precision was significantly lower (56.25% for acceleration, 51.85% for immersion). When we explore the spatial distribution of

errors, false positives seem to generally cluster around true positives and are spread much more sporadically elsewhere (figure
5).
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Figure 3. Scaled confusion matrices for the optimal models of both (a) acceleration and (b) immersion data, showing the proportion of total data points in each
classification bucket. TP, true positives (correctly predicted dives); FP, false positives (predicted dives that were not dives); FN, false negatives (dives that were not
predicted); TN, true negatives (correctly predicted non-dives).
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Figure 4. The performance of models using acceleration (a) and immersion (b) data to predict seabird dive events. Plots show classification metrics scored by optimal
models for both predictors across folds of the leave-one-out cross-validation process. Each observation corresponds to a bird withheld for model testing. Outliers are
labelled with tag ID.

4. Discussion

Combining data from GLS and integrated GPS/TDR/acceleration loggers, we trained a feed-forward DNN to compare the
performances of 25 Hz tri-axial acceleration data and 6 s saltwater immersion data as predictors of seabird diving behaviour.
Predictions were validated with diving events identified using pressure data. We found that DNNs can predict the dive events
within a 4 s window of 25 Hz tri-axial acceleration data with 98.22% accuracy, and within a 5 min window of 6 s immersion
data with 93.65% accuracy. Nevertheless, while immersion data could correctly classify similar proportions of genuine diving
events to acceleration data, it identified significantly fewer non-dives. It therefore seems plausible that immersion data from
GLS devices can be used to reveal diving behaviour for wide-ranging animals throughout their annual cycles; a promising
result in a field where large datasets exist and such insights have hitherto been available only for larger birds over short time
frames.

Reconciling these dives spatially would be harder with positions inferred from GLS (as the spatial errors are so large), but
the temporal resolution (e.g. 5 min windows) would still be high—this would enable exploration of timings and duration of
foraging bouts (and approximate locations of these) across much longer-term deployments. It is also important to note that the
method of attachment of GLS devices (often leg-mounted) versus GPS/TDR (back or tail-mounted) allows the former device to
be deployed for much longer periods, resulting in large datasets for several species.

The specific foraging behaviours of the target species also have important implications for data labelling under our method.
For example, we here use a fixed depth threshold of 0.1 m to identify dive events for all birds. However, it is possible
that idiosyncrasies in both individual bird behaviour and device sampling could make a single threshold inappropriate for
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Figure 5. Example of a GPS track with georeferenced model predictions overlaid for (a) 4 s windows of acceleration data; and (b) 5 min windows of immersion data
from the reduced data for bird ch_gps07 clusters of overlapping points in the same region. The mismatch of the total number of predictions between the two maps
is due to the differing resolutions of the GPS data and the predictors between them. Tracks show an increase in the proportion of false positives compared with the
distribution of errors in the predictions prior to mapping, yet largely clustered around true positives and sparse elsewhere.

multiple birds. While our median filtering presents a method to establish a consistent baseline approach to establishing this
threshold, differing values for different birds (e.g. using change-point analysis) may improve the labelling accuracy of the
data and consequently reduce the errors made by models trained on it. Furthermore, RFBs engage in a variety of diving
behaviours when foraging, including surface dives, plunge dives from low altitudes and aerial pursuit to catch flying fish
or squid above the surface [50-52]. Their mix of shallow diving behaviours and near-surface aerial pursuit could complicate
inferring any distinctions from depth data alone, as, for example, the depth value separating a shallow surface dive from a
period merely sitting on the surface with legs submerged may be obscure. Indeed, in the case of immersion data for RFBs,
aerial foraging activity will be missed altogether. This may be compounded by unknown shifts in foraging modality outside of
the breeding season. Without ground-truth data through the annual cycle, it will be important to make the caveats clear. For
species whose interactions with the water during foraging are more distinctive, such as deep-divers or those who engage in an
active swim phase (e.g. gannets; [17]), determining labels in the training data should be less problematic, leading to improved
model performance. However, the existing models are probably very species-specific, and multi-species studies would help
demonstrate and probably improve generalizability.

Model performance could also be improved by using more sophisticated machine learning techniques. For example, as
all models evaluated here were only exposed to a small proportion of the available ‘non-dive’ data during training, it is
possible that important insights as to what constitutes a ‘non-dive” sample were missed. Model precision (and, therefore, overall
performance) could therefore possibly be enhanced by adopting alternative data balancing methods such as oversampling
the minority class (e.g. by generating synthetic data samples using SMOTE; [53]), or adjusting class weights to assign higher
misclassification costs to the minority class, thereby accounting for the class imbalance without altering the original data
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distribution. Additionally, specialized model architectures better suited to capturing temporal dependencies in structured E
time-series data, such as Long Short-Term Memory networks (LSTMs) and transformers, could extract more meaningful
features for identifying nuanced diving behaviours. A comparison of different deep architectures for predicting dives from GPS
data highlighted that CNN and U-Net architectures outperform Hidden Markov Models (HMMs), can do so using less data,
and transfer well from other species [54].

In line with previous studies [55], our results confirm that tri-axial acceleration data are excellent predictors of diving
behaviour in pelagic seabirds. The relatively poor performance of models trained here using only ‘diluted’ z-axis summary
statistics emphasizes the importance of incorporating full tri-axial data. While the devices used here (approx. 18 g) can
only currently be deployed on birds of a similar size (greater than 1 kg) for a relatively short period (days to weeks), our
findings indicate that smaller, lightweight accelerometers could enable long-term data collection, further enhancing the utility
of predictive models for studying seabird foraging ecology. We also note that the much higher temporal frequency of the
accelerometers may be additional utility in identifying higher frequency behaviours (e.g. descent/ascent/foraging phases) than
the immersion data.

Our results demonstrate the potential of immersion loggers to accurately quantify diving behaviour (here with accuracies
of up to 93.65%), only marginally underperforming those trained on tri-axial acceleration data (—4.57%). We also note that
the naive classifier performed surprisingly well (92.62%). Its strong performance, as well as its increased over-classification of
dives, is probably linked to the specific foraging behaviours of the RFB. Namely, RFBs engage in frequent sea-surface landings
during foraging bouts [50], which generate windows with mixed wet and dry readings. These ‘mixed” windows, therefore, often
either overlap with true dive events, driving true positives, or lie near them, driving false positives. Electronic supplementary
material, figure S1 illustrates this pattern, showing that these windows cluster at moderate-to-high wet proportions under the
naive model, inflating dive predictions. In contrast, the DNN better distinguishes true dives from transient wet/dry transitions,
thus outperforming the naive model overall by reducing false positives and improving specificity (see electronic supplemen-
tary material, figure S2). It follows that the DNN offers a more ecologically meaningful classification of dive behaviour by
incorporating more nuanced immersion patterns. However, we note that even with this naive model (identifying dives as
those locations that are not entirely dry or immersed), it performs surprisingly well at identifying diving locations in the data
and may be a useful tool in analysing GLS datasets. However, it is worth considering the relative complexity of the models
here—training the DNNs is much more computationally intensive and requires more voluminous data compared with a naive
classifier.

Identifying the spatial locations of diving is also complicated by the disparate timescales of the GPS data and immersion
data (figure 5). False positives cluster near true positives but are much more spread out elsewhere. If the aim is to identify
regions in which foraging behaviours occur, then it can be argued that the occurrence of the former when implementing this
georeferencing method is benign. The more isolated false positives, however, pose more of a problem as they have the potential
to detrimentally influence mapping efforts. However, it is possible that this can be resolved simply by including more data
and/or adjusting the threshold used to classify individual sites.

Our results suggest high classification accuracy and perform well on entirely withheld individuals, but we note that
data were only available for a small sample of individuals and should therefore be viewed as a pilot demonstration of this
methodology. Some individuals” behaviour appears harder to classify (ch_gps_12, figure 4), and this may be due to different
patterns of behaviour, but also note that our low sample size may overestimate the rarity of this behaviour. Classifiers that can
accurately predict diving from GLS data alone offer the possibility of identifying diving for the duration of GLS deployment,
either throughout the annual cycle (e.g. [56]) or even over multiple years. At present, there are 387 studies comprising over 10
000 tracks using GLS data listed on the global Seabird Tracking Database [57]. It is unclear if any of the associated immersion
data often collected alongside the processed tracks have been suitably archived. Our study highlights the potential importance
of archiving these data for future studies exploring long-term behavioural patterns. While developing the underlying models
requires co-deployment of devices/double-tagged individuals (to learn to predict dives from TDR/GPS-TDR using GLS), these
models can then be used across this wealth of data to identify diving during migration and over-wintering. However, under-
standing how generalizable such models are (e.g. does diving during breeding correspond to diving during non-breeding)
would be a valuable next step. A shared database of multi-tagged individuals may help provide critical ground-truth data to
develop and validate further models.

By demonstrating that saltwater immersion data from GLS loggers can reliably predict diving behaviour in seabirds, this
study highlights new possibilities for enriching the long-term monitoring of foraging behaviours across both historical and
future datasets. This approach offers the opportunity to leverage the vast amounts of GLS data already collected, paving the
way for more comprehensive and scalable studies in marine ecology.
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