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Introduction

Abstract

Over the past 25 years, the Western Antarctic Peninsula (WAP) has experienced
dramatic shifts in sea ice extent. This change has coincided with rapid alter-
ations in ice-dependent ecosystems, including those supporting crabeater seals
—the most abundant Antarctic seal and one of the largest mammalian con-
sumers of krill. Despite their ecological importance, population estimates for
ice seals remain scarce due to the difficulty of surveying large-scale, remote,
ice-covered habitats. In 2023, during an abnormally low sea ice year, we con-
ducted aerial surveys over Crystal Sound and Marguerite Bay during the end of
the breeding season, flying over 1000 km of transects. Seals were extremely
sparse in the resulting imagery—occupying less than 1% of the surveyed area.
This posed a significant challenge for both manual annotation and automated
detection. Here, we present a semi-automated, rule-based image analysis pipe-
line to substantially reduce human annotation time. Our method leverages hier-
clustering with just two parameters, avoiding the
computational burden and opacity of deep learning models. Using this method,

archical tuneable
we identified 758 seals within an ~ 350 km” survey subset, achieving a test
recall of 79% £9.1%. In the absence of concurrent tagging data to estimate
haul-out corrections, we refrain from extrapolating to a population estimate.
However, the low observed densities highlight the urgent need for continued
monitoring. Our improved data processing pipeline is a key step in facilitating
the large-scale analysis required to inform conservation strategies for this key
species.

far exceeding the global average (Cook et al, 2016;
Henley et al., 2019; Moffat & Meredith, 2018; Siegert

Since the peak in Antarctic sea ice extent in 2014, subse-
quent years have experienced dramatic, nonlinear declines
(Diamond et al., 2024; Ionita, 2024; Parkinson, 2019).
These declines deviate from IPCC projections (Gilbert &
Holmes, 2024) and coincide with atmospheric warming

et al., 2019; Turner et al., 2005). Together, these changes
have caused profound impacts on the physical environ-
ment of the Antarctic Peninsula.

In terms of sea ice coverage and seasonality, sea surface
temperatures have risen (Meredith & King, 2005; Smith &
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Polvani, 2017; Vaughan et al., 2003); seasonal sea ice
thickness has decreased, and its persistence has shortened
by 3 months (Henley et al., 2019; Parkinson & Cava-
lieri, 2012). Glaciers have thinned (Cook et al., 2016),
freshening coastal waters (Azaneu et al, 2013; Dotto
et al, 2016), which in turn has triggered biological
responses. Notably, there has been a shift towards gelati-
nous zooplankton assemblages (Schofield et al., 2017),
along with a southward redistribution of Antarctic krill
(Euphausia superba; hereafter, krill) biomass (Atkinson
et al., 2017, 2019; Hiickstidt et al., 2020). There has also
been a significant reduction in suitable habitat, particu-
larly pack ice, for ice-dependent penguin and seal species
(Clucas et al., 2014; Forcada et al., 2012; Trivelpiece
et al., 2011).

Among the ice-dependent seal species on the Western
Antarctic Peninsula (WAP), crabeater seals (Lobodon car-
cinophaga) are by far the most abundant, with an esti-
mated population exceeding 1.8 million in the WAP
(Forcada et al.,, 2012), the highest known densities of this
species anywhere on the continent. Despite their name,
crabeater seals rely on krill for > 88% of their diet
(Hiickstddt et al, 2012), making them a key indicator
species (Hazen et al., 2019) as one of Antarctica’s most
specialized foragers and one of the most important
air-breathing consumers of krill (Hewitt & Lepsky, 2009;
Hill et al., 2006; Hiickstidt et al., 2012; Laws, 1977).
However, data collection on crabeater seals is challenging
due to their year-round residence within the pack ice
(Burns et al., 2004; Forcada et al., 2012), a notoriously
difficult habitat to sample without disturbance, and the
fact that they do not aggregate at breeding colonies nor
haul out at predictable locations. Crabeater seals are also
sighted at sea, and in large numbers, adding to the com-
plexity of data acquisition. As such, our understanding of
their population is coarse and out of date, an issue ampli-
fied by the fact that the ice conditions on the WAP have
changed rapidly in recent years.

Population metrics are essential to inform and validate
theoretical models, which in turn guide management and
conservation strategies (Torney et al., 2019). Remote sens-
ing overcomes many of the traditional difficulties of sur-
veying pack-ice species by ship (Bester et al., 2021), but
presents new challenges, namely the processing of the
drastically increased volume of data. Satellites and aircraft
(both piloted and remotely operated) are the main plat-
forms currently wused for animal detection (Xu
et al., 2024). However, these platforms, which are often
photo-based, produce data volumes that are impractical
to process manually (Charry et al, 2021; Stapleton
et al, 2014). To overcome processing demands,
researchers have implemented various methods including
citizen science campaigns to perform a ‘search area
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reduction” of >260000km®> of fast ice (LaRue
et al., 2021) and developing convolutional neural net-
works (CNNs) to detect pack-ice seals (Gongalves
et al., 2022), wildebeest (Connochaetes taurinus/gnou)
(Wu et al., 2023) and whales (Borowicz et al., 2019).
However, deep learning approaches such as CNNs inher-
ently lack transparency, interpretability and explainability
due to the model structure (Perry et al, 2022) and may
fail to generalize (Wu et al., 2023) outside their original,
often narrow, training environment. This may in part
have led to lower uptake of such methods, particularly
with the aforementioned species and within the ecological
field.

Deep learning is a powerful tool but requires large vol-
umes of labelled training data that are both specific to
and representative of the survey environment (Whang &
Lee, 2020). Published models are often highly case-specific
and typically require retraining for each new application
(Wu et al.,, 2023). Another major challenge is the scarcity
of publicly available training datasets for wildlife detection
(Xu et al.,, 2024); those that do exist are often narrowly
focused on a particular species, geographic region, or
datatype (Cubaynes & Fretwell, 2022). Consequently,
deploying deep learning in new conditions demands
extensive and tedious manual data labelling, a process
that is acknowledged not to produce perfect ground truth
on which to train and evaluate a model, with errors in
the training labels significantly reducing the accuracy of
neural net classifiers (Bishop, 2014; Heaton, 2018; Hest-
ness et al, 2017; Mnih & Hinton, 2012; Zhang
et al., 2021). Models with higher capacity, with parameter
count as a common proxy for model capacity, require
disproportionately more data to avoid overfitting
(Bishop, 2014; Heaton, 2018; Hestness et al., 2017).
High-capacity models can even memorize noisy labels
(Zhang et al., 2021), underscoring why label quality and
quantity remain a fundamental constraint for training
large models.

An especially challenging attribute of aerial surveys for
pack-ice seals is the sparsity of targets (i.e., ice seals)
within the vast background. The categorization of binary
classification tasks for which a single class represents
<15% of the distribution is regarded as highly unbal-
anced (Alshehri et al, 2022). However, for seals in
pack-ice environments, individuals are found to occupy
<1% (Forcada et al., 2012; LaRue et al., 2020) of the
background, a trend similarly reflected in our data
(Fig. 1).

Our classification problem is therefore a case of
extreme imbalance, which presents challenges for algo-
rithms and human annotators alike. Imbalance is known
to bias the predictive performance of many classification
algorithms towards the majority class (Hasanin
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Figure 1. Example of a single aerial image captured during the 2023
survey of the Western Antarctic Peninsula (WAP). Seals occupy less
than 1% of the surveyed area, posing a significant challenge for
classification algorithms as imbalanced data sets often skew predictive
performance towards the majority class, increasing the risk of seals
going undetected.

et al., 2019), which in our case would be negative. Man-
ual annotation suffers from similar performance prob-
lems; for instance, RoZanec et al. measured a 3-fold
increase in precision of human annotators when labelling
a balanced dataset over an imbalanced set, linking this to
improved participant attention (RoZzanec et al, 2022).
Additionally, the quality of human labelling is known to
degrade over time with fatigue (RoZanec et al., 2023),
which presents a further concern for the processing of
vast quantities of data produced in wildlife surveying.

In the face of the challenges posed by data sparsity,
class imbalance and the limitations of both deep learning
and human annotation, we adopt a parsimonious
approach to analyse data from a set of aerial surveys
flown over Crystal Sound and Marguerite Bay in 2023
(Fig. 2). Rules-based algorithms have been successfully
deployed to significantly reduce researcher workload. For
example, the count time for humpback whales was
reduced from 24h to ~30min by filtering the satellite
data using just a shape criterion (Laws et al., 2003).

Semi-Automated Seal Detection on the Western Antarctic Peninsula

Building on this rationale, we present a semi-automated,
rules-based image analysis pipeline that leverages unsu-
pervised machine learning, using hierarchical clustering to
streamline data processing with minimal parameter tun-
ing to significantly reduce the manual annotation burden,
making the processing of regular and large-scale wildlife
surveys more feasible.

In this study, we apply such methods to introduce and
evaluate a semi-automated image processing pipeline. We
then review previous seal survey efforts on the WAP,
highlighting methodological inconsistencies that have hin-
dered long-term comparisons. Finally, we argue for stan-
dardized survey design and concurrent tagging efforts as
essential components of a sustainable monitoring strategy.
Together, these steps offer a practical framework for
tracking population trends in a dynamic polar ecosystem.

Materials and Methods

Data collection and aerial photography

In 2023, dedicated surveys were flown with a De Havil-
land Canada DHC-6 Series 300 Twin-Otter aircraft oper-
ated by the British Antarctic Survey out of Rothera
Research Station (67.6°S 68.1°W, Fig. 2). These flights
took place in mid-November at the end of the breeding
season and targeted pack-ice habitat typically associated
with crabeater seals, with the chosen embayments anec-
dotally known for high densities of this species (Forcada
et al., 2012). However, 2023 was a year of record sea ice
lows, with a maximum extent 10% below the average and
a shortening of the sea ice season by 3—4 months in most
regions (Clem et al., 2024). It is unknown how this sea
ice volatility may have impacted ice seals in the surveyed
region, as reference baselines are limited.

Data were collected using a Phase One iXU 150
medium format aerial camera (16-bit 3-band, RGB), with
a sensor resolution of 50 megapixels and a 55-mm
Schneider lens. The surveys were undertaken at a
target altitude of 500 m, aiming to achieve a ground sam-
pling distance (GSD) of 4.5cm and a swath width of
400 m. A total of 1041.6 km was flown over Crystal Sound
and Marguerite Bay on the 18 November 2023 (Fig. 2).
The Phase One iXU 150 was configured to capture an
image every second, producing a forward overlap of
around 80%. The camera system lacked an integrated
IMU (inertial measurement unit), having only a GNSS
(Global Navigation Satellite System) receiver to record the
position of the camera in space. Without an IMU, collect-
ing precise orientation information of the system during
image capture was not possible. Instead, the average head-
ing for each flight line was calculated and used to correct
the orientation of the imagery. Using Socet GXP, each
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Figure 2. Surveys flown on the 18 November 2023 over Crystal Sound (560.2 km) and Marguerite Bay (481.4 km). Flights were conducted using
a twin-otter aircraft equipped with a Phase One iXU 150 medium format aerial camera (3-band, RGB). These regions were selected based on the
typical prevalence of pack-ice and the known association of the target species with this habitat.

image was then orthorectified against a flat surface with
an elevation of 0 m and exported as a georeferenced TIF,
using a geographic coordinate system (EPSG:4326—WGS
84). A subset of the orthorectified image tiles spanning
~ 350 km?® of ice were then passed to a semi-automated
pipeline, described below, aimed to improve the efficiency
of this process.

Seal detection

Seals in each image tile were identified by applying an
adaptation of a pipeline developed to process aerial mag-
netic surveys (McGinnity et al., 2024). This process lever-
ages real-world knowledge and unsupervised machine
learning to drastically reduce human review time while also
improving recall by significantly mitigating the imbalance
problem. We apply this new method to process > 5500
images from the surveys flown on 18 November 2023.

Of the three main species of ice seals on the WAP, each
of them typically grow to lengths in excess of 2m,
whether that be crabeater (2.05-2.4 m; Bengston, 2009;
Laws et al., 2003), Weddell (Leptonychotes weddellii,
2.5-3.3m; Thomas & Terhune, 2009) or leopard
(Hydrurga leptonyx, 3.3-3.8; Rogers, 2009). Their dark
pigmentation contrasts with the largely homogeneous
Antarctic environment, making these species easily identi-
fiable in aerial imagery. Initial experiments determined
that the contrast between the seals and ice was most sig-
nificant in the blue channel of the RGB imagery, with
their low saturation in the Hue Saturation Value (HSV)
decomposition aiding their differentiation from shadows
cast by geological features. This is intuitive given the col-
our profile of the Antarctic environment.

Our method utilizes these features as domain priors—
empirically derived knowledge of seal characteristics—to
guide unsupervised detection. These are not Bayesian

4 © 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.

35USD| SUOLULUOD SAITERID (D! (ddke au Ag pauLBACD 3.8 S3OILE YO ‘36N J0 S3INJ 104 AR1q1T3UIIUO AB|1M UO (SUOIPUCI-PLIE-SWLISIWI0D" A 1M AR 1[oul1UO//SANY) SUONIPUOD PUe SLLLB L 3L} 39S *[9202/€0/LT] U0 Afiqi78uliuo AB1IM “Aenins dnoeiuy usiug AQ 0900L Z881/200T OT/10p/wiod" A 1mAkeiqjouJuo'suo 1ea1jgnd sz//sany Wwouy papeojumod ‘0 ‘S8re9S0Z



C. McGinnity et al.

priors in a probabilistic sense, but rather heuristic con-
straints based on observable properties of seals in aerial
imagery. We produce a model with just two tuneable
parameters: (i) a darkness threshold on the blue channel
of the RGB image and (ii) a threshold on the saturation
channel of the HSV decomposition. Models with fewer
parameters are generally less prone to overfitting, which
can improve generalizability to new datasets (Montesinos
Lopez et al., 2022). Our approach therefore drastically
reduces the necessary amount of training data, mitigates
the risk of overfitting and has improved interpretability
compared with a deep learning model.

Our model’s main stages (Fig. 3) include data preproces-
sing, contouring, HSV conversion, filtering and clustering.
The original image is blurred to reduce noise (Gonzales &
Woods, 2018), a common preprocessing step in image anal-
ysis to reduce noise and improve stability of subsequent
operations (Gonzales & Woods, 2018). In the contouring
stage, the model removes areas that satisfy the darkness
threshold but are obviously too small or large to be a cra-
beater seal. Areas smaller than 1 m in both dimensions or
larger than 5m in either are discarded. This eliminates large
bodies of water and large portions of brash ice. To further
eliminate irrelevant dark areas that meet the shape criteria
but are not seals, we filter out regions of high saturation,
typical of shadows cast on the ice by terrain.

Hierarchical clustering is then performed on the
remaining pixels that satisfy the darkness threshold, using
the single linkage method with distance metric. Clusters
made up of less than 20 pixels (<0.05m?) are immedi-
ately discarded as noise and the remaining are processed
into a series of clipped images, centred on potential seals,
ready for human review.

Figure 3 shows examples of the output of the automatic
pipeline. Alongside the close-up image, the reviewer is pre-
sented with a wider view to employ context clues, such as the
presence of tracks or ice holes, when performing the final
classification. This also acts to catch and remove duplicated
seals present due to the forward overlap in the aerial imagery.
Even after tuning our parameters, we encounter a set of
images, typically of complex fields of brash ice, that our algo-
rithm fails to handle satisfactorily, flagging an excess number
of potential seals. We subject these outlier images to tradi-
tional manual review, removing the top 5% of images ranked
by total number of proposed seals.

Model tuning

In an effort to estimate a ground truth to enable evalua-
tion of model performance, ~ 1/3 of the images were first
manually reviewed by a human expert. The unaided
reviewer identified 125 seals across ~ 1600 images, with a
review time in excess of 25h. Additionally, a second

Semi-Automated Seal Detection on the Western Antarctic Peninsula

expert performed a subset review of ~800 of these
images, aided by a coarse filter and detected 63 additional
seals missed in the initial review. The coarse filter was
applied with conservative parameter settings, generating
over 30000 clipped images from these 800 full-size
images. This step supplemented the unaided manual
review to derive an improved ground truth estimate for
evaluating model parameters. Reviewing the clipped
images required a similar amount of time as the unaided
review.

Clipped images were standardized in size, with two
views provided to the reviewer: a zoomed-in square win-
dow with side length 3.25m and a wide-view square win-
dow with side length 12.5m. These dimensions were
chosen empirically through trial and error to capture the
seals while providing sufficient context.

We took clippings around these 188 seals and supple-
mented them with representative background images, cre-
ating a thinned dataset. We implemented a 10-fold
cross-validation procedure, randomly splitting the dataset
into 10 subsets of approximately equal size. In each fold,
9 subsets were used for training and 1 subset for testing.
All imagery was collected under highly consistent daylight
conditions, so a random split is appropriate and alterna-
tive partitioning strategies (e.g., temporal splits) would
not introduce meaningful variation. It should be noted
that these clippings represent an estimated ground truth;
some seals may have been missed during manual review
or the semi-automated selection process, so reported
recall and precision are relative to the detected seals
rather than a comprehensive census. We performed a
parameter grid search to tune our two parameters, and
we computed the recall (Equation 1; proportion of actual
positive cases correctly identified by the model) and pre-
cision (Equation 2; the proportion of predicted positive
cases that are actually correct) of the automatic portion
of our pipeline for all combinations of the saturation and
darkness thresholds

Recall True Positives ()
ecall =
True Positives + False Negatives

. True Positives
Precision = — — (2)
True Positives + False Positives

To select the final thresholds, we quantify the trade-off
between recall and precision of the candidate values by
computing the Fj score (Goutte & Gaussier, 2005) for a
range of f (Equation 3)

Precision x Recall

E=01+p)"x
p=(1+p) (ﬂz X Precision) + Recall

(3)

The thresholds that maximize the mean Fj score across
the 10 folds are optimal for a given f. Here,  controls
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Figure 3. The pipeline exploits visual domain priors related to seal size, shape and colour to streamline detection. In the first processing stage of
our algorithm, the original data are blurred to reduce noise. Contouring then eliminates large bodies of dark water and other irrelevant dark
areas that do not match the seal shape criteria. A HSV decomposition is used to distinguish seals by their low saturation compared with other
dark regions, such as shadows. Filter thresholds reflect the selected parameters from the model training. In the second algorithm stage, remaining
pixels are grouped into potential seals using hierarchical clustering. The cluster centroids are brought forward to the human review stage. The
reviewer is shown cropped candidate seals alongside wider context imagery. This dual-view format aids the human reviewer in distinguishing seals
from similar features (e.g., shadows or terrain artefacts). Example outputs from the semi-automated detection pipeline are shown. The left images
contain a false positive candidate seal that the reviewer ought to discard. When terrain elements closely resemble seals, the importance of the

wider contextual review increases in improving classification accuracy.

the relative weight of recall to precision, with higher
values emphasizing recall. Importantly, f is not treated as
a tuning parameter in the optimization process. Instead,
we compute Fj scores across a range of S values to
explore the trade-offs between recall and precision, and to
illustrate the resource implications of different operating
points. While =4 yields higher recall, it also results in a
significantly higher human review burden. f is a design
choice dependent on both the desired application of the
model and the available resources. Note that reported
recall values are specific to the dataset and conditions
used in this study and should be interpreted within this
intended domain.

Species identification and density
estimation

Species identification of the processed image was con-
ducted by an experienced observer who used differences
in body shape, length, colouration, presence of aggrega-
tions and associated habitat type/feature to differentiate
species (Table 1). Only ice-obligate seals were classified to
species level, with any ice-tolerant species, namely Antarc-
tic fur (Arctocephalus gazella) and southern elephant seals
(Mirounga leonina), were pooled with those where the
clarity of the imagery prevented identification. Ice seal
counts were used to estimate density D by dividing the
number of observed seals by the ice area surveyed accord-
ing to Equation (4). The total number of pixels was
summed over the ~ 5500 processed images, excluding

pixels corresponding to bodies of water or other non-ice
areas. No adjustments were made for forward overlap
between images in the density estimation. Instead, the
total number of detected seals, divided by the total image
area. We acknowledge that the exact surveyed area could
not be obtained because IMU/georeferencing data were
not available. While this calculation ignores potential
overlap and duplicate detections, it provides a reasonable
approximation of relative seal density (Casella & Ber-
ger, 2024). For a large number of images, the law of large
numbers implies that the ratio of total detected seals to
total image area converges to the true mean density
(Casella & Berger, 2024). Since the primary objective of
this study is to develop and validate the detection pipeline
rather than to derive precise population estimates, this
approximation is adequate for our purposes.

~ #seals observed 1
B eals observe

#pixels x area per pixel " model recall

As with all surveys of a species that are influenced by
availability bias (Marsh & Sinclair, 1989), the number of
seals observed on the ice represents only a subset of the
total number present. Accurate population estimates
therefore require correction for the proportion of animals
that are not hauled out at the time of the survey. This is
typically achieved using bio-logging data to parameterize
haul-out probabilities (Forcada et al., 2012). In the
absence of tagging data for the season (spring), we do not
attempt such extrapolation here.

Table 1. Morphological and contextual characteristics used to distinguish between Antarctic ice seal species (crabeater, Weddell and leopard
seals) in aerial imagery.

Species Crabeater Weddell Leopard
Length 2.05-2.4m 2.5-3.3m Up to 3.8m
Body shape Slender; pointed snout; obvious scarring Bulky fusiform shape Elongated; bulky

Colouration Medium brown to silver, fading through the year Dark, almost black with grey streaks; spotted belly Grey/silver
Aggregations Solo to large aggregation possible Small groups Rare

Habitat cues — Proximity to breathing holes —

Sources Bengston (2009) Thomas & Terhune (2009) Rogers (2009)

Note: Traits include body size and shape, colouration, group behaviour and proximity to habitat features. These distinctions support manual spe-
cies classification following initial automated detection.

© 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 7
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As with all surveys of a species that are influenced by
availability bias (Thomas & Terhune, 2009), the number
of seals observed on the ice represents only a subset of
the total number present. Accurate population estimates
therefore require correction for the proportion of animals
that are not hauled out at the time of the survey. This is
typically achieved using bio-logging data to parameterize
haul-out probabilities (Forcada et al., 2012). In the
absence of tagging data for the season (spring), we do not
attempt such extrapolation here.

Results

Model development

The recall and precision response surfaces for varying
thresholds are shown in Figure 4. Our final model
achieved a recall of 79% =+ 9.1%, surpassing the ~ 50%
recall from unaided manual review of the 2023 data while
also reducing the survey area requiring manual review by
~ 94%.

The nonlinear relationship between the threshold
parameters (Fig. 4) indicates that relaxing a threshold
does not necessarily result in the detection of more seals.
The scatter plot of precision and recall for all threshold

Recall Response Surface

100

EEEN]

(@)

C. McGinnity et al.

combinations (Fig. 5) provides insight into the trade-off
between these metrics. The final threshold choice will fall
along the red frontier, with combinations beneath the
curve being strictly suboptimal. The frontier’s gradient
captures how quickly the recall declines while seeking
greater precision. This provides a visual understanding of
the effect of changing the value of B. The F-score
response surface reveals the optimal threshold choice for
a given f as the surface global maximum. Figure 5 shows
the response surface when f=4.

Table 2 presents the training and test recall for
p=1, 2, 3 and 4 across the thinned dataset, where a
higher f places increasing importance on recall. As a
more insightful metric than precision in our
semi-automated system with expert review, we present
the search area reduction for the human reviewer
across the dataset of > 5500 images (as precision was
close to 100% for experts reviewing these
high-resolution images). The search area consists of
the cumulative area covered by the clipped images of
potential seals, as well as any complex images flagged
for traditional manual review.

The human review stage of this semi-automated pipe-
line was completed by an expert for the =2 case, pro-
cessing an equivalent of ~6% of the total survey area.

Precision Response Surface

uolsid3id

(b)

Figure 4. Response surfaces illustrate how model recall (a) and precision (b) vary as a function of threshold combinations applied to the blue
channel and saturation channel of the RGB aerial imagery. The irregular shape of these surfaces indicates a non-linear relationship between the
parameters. Due to this non-linearity, strictly increasing a threshold is not guaranteed to capture more seals; therefore, thresholds were varied
systematically across two dimensions, with a coarser grid in regions of low performance and a denser grid in regions approaching optimality. N.B.

Colour-scale only serves as a visual aid.

8 © 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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Fs Score Response Surface With g = 4 Recall vs Precision for All Threshold Combinations

recan

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
precision

(a) (b)

Figure 5. The F-score response surface (a) illustrates the balance between recall and precision for each model evaluated in the parameter grid
search, highlighting the optimal threshold choice for a given B. The F-score combines precision and recall into a single value using g as a
weighting factor, where > 1 gives greater importance to recall. Precision, recall and F-score were computed for every combination of our two
tuneable parameters, evaluated over our image subset. The subset consists of the 188 images containing seals supplemented with representative
background images. The global maximum on the surface in (a) corresponds to the optimal threshold when g=4. Similar surfaces can be
generated for other g values. While =4 yields higher recall, it also results in a significantly higher human review burden. We do not treat g as
an internal tuning parameter in this process; rather, it is a final design choice dependent on both the desired application of the model and the
available resources. (b) shows a scatter plot created by calculating the recall and precision for all threshold combinations. This provides an
additional decision-making tool, aiding in the selection of the desired B based on constraints such as resource availability and required
performance. Moving past the peak of the red frontier, the gradient captures how quickly the recall falls off as you seek greater precision.
Threshold choices beneath the frontier are strictly suboptimal.

The combined recall of the automated and human review . . .
. . . Density estimation
stages across the 800 manually reviewed images remained

79% =+ 9.1%. The density estimates by species are summarized in

Table 3. We used the presented algorithm to analyse a

Table 2. Model performance metrics for different g values, showing > 5500 image subset of the imagery captured in 2023

mean and standard deviation of recall on training and test datasets  along the track lines in Figure 2. Usinngquatlon (4), we
across 10-fold cross-validation, and the percentage of total image computed a D of 2.61 ice seals per km". We identified a

area reduced by the automated detection step.

p  Kfold mean test recall (%)  STD (%)  Area reduction (%) Table 3. Total seal counts, species-level distribution and estimated
on-ice densities derived from the semi-automated analysis of 350 km?
4 o4 6.0 9 of 2023 aerial imagery.
3 92 7.0 92
2 79 9.1 94 Species Count Percentage Density (seals/km?)
1 64 10.5 95
Crabeater 236 31 0.81
Note: Higher g values favour recall over precision. Recall and area Weddell 222 29 0.76
reduction move inversely: as recall increases, area reduction typically Leopard 12 2 0.04
decreases, meaning more image area must be inspected manually Unidentifiable 288 38 0.99
(e.g., @ 95% area reduction corresponds to only 5% of the images Total 758 2.61
remaining for manual inspection). We selected =2 for the final
model to balance detection sensitivity with human review effort Note: Crabeater and Weddell seals made up the majority of identifi-
across the >5500 images in the 2023 WAP survey dataset. Recall able individuals. Densities were estimated using a correction for model
values are calculated for the conditions and dataset used in this study recall (Equation 4). Unidentified seals reflect cases where image reso-
and may not generalize to substantially different survey conditions. lution precluded confident classification.
© 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 9
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total of 758 unique seals. Of these 758 seals, manual spe-
cies identification was carried out by an experienced
observer, with the species split between crabeater and
Weddell’s being approximately even in cases where species
could be confidently determined.

Discussion

Semi-automated pipeline

The semi-automated pipeline aims to reduce the human
review time while improving recall by mitigating the
inherent imbalance in the dataset via search area reduc-
tion. The unaided expert reviewer, who conducted tradi-
tional manual reviews over entire images, detected 63
seals in 800 images. The second expert, aided by a coarse
filter, detected 63 additional seals. These 126 seals form a
ground truth estimate, with an unknown number of seals
potentially undetected by either method. The true recall
for this unaided manual review is at best 50%, which
forms the baseline against which we compare our new
model performance. The manual review performance is
reflective of the imbalance in the dataset (RoZanec
et al.,, 2022) as well as the difficulty in identifying such
small objects among a vast background (Fig. 1); a skew
similarly reflected in other studies (Forcada et al., 2012;
LaRue et al., 2020). Our model’s improved recall of
79% £+ 9.1% stems in part from the re-framing of the
question posed to the reviewer into an easier, more bal-
anced task (Rozanec et al., 2022). In traditional review,
the reviewer must answer the question ‘How many seals
are in this large landscape?’, a task which combines object
localization and object classification; in our method, the
reviewer only classifies whether a bite-sized image is a seal
or not.

It should be noted that the recall and precision of the
model’s automated stage are distinct from the recall and
precision of the overall method, which includes human
review of the clipped images. The human can only dis-
card clipped images. Thus, the overall method recall is
less than or equal to the recall in the automated stage,
with the difference depending on the human reviewer’s
false negative rate. Likewise, the human quickly discards
false positives served by the algorithm, increasing the
method’s overall precision. Expert review of the
high-resolution clipped images had near perfect recall and
precision. However, the decision to perform expert review
in the =2 scenario reflects a bottleneck in expert avail-
ability to process the downstream clipped images. In
future research, we intend to investigate the potential of
both crowd sourcing this final review stage and
completely replacing the human review with a second
classification algorithm (e.g., de Zarza et al., 2023). We

C. McGinnity et al.

expect degradation of model performance when replacing
expert review with either. However, outsourcing the final
review stage to crowds or algorithms facilitates a higher g
selection, which could potentially offer improved overall
recall than our current 79% =+ 9.1%.

Our model systematically failed to detect seals in areas
of dark shadow on the ice, likely due to both the lower
contrast between the seal and its background and the
elimination of large dark shadows that may contain these
seals in the contouring stage. This was a rare occurrence
in the labelled dataset with just three instances of seals in
shadow. Methods to overcome this blind spot could
include the incorporation of adaptive contrast enhance-
ment (Mahmood et al., 2019) or other preprocessing
techniques (Chang et al., 2018; Kansal et al., 2018). How-
ever, with insufficient data points, there is a higher risk
that efforts to recapture these seals introduces overfitting.
As more data is gathered, efforts to handle these edge
cases can be more robustly developed.

Figure 6 displays a mosaic of seal proposals before the
human review stage, with arrows added manually indicat-
ing true seal detections. Within these images, those not
annotated with arrows show examples of false positives,
primarily stemming from geographical features in the ice.
Investigating additional methods to remove these features
could improve the precision of the automated stage and
further reduce the necessary human input. One previous
avenue that has been explored was the addition of infra-
red imagery to aid in the detection of penguins and pin-
nipeds in overhead drone imagery (Hinke et al., 2022).
However, the addition of this data stream was not shown
to increase model performance in their test case.
Although our developed model will not generalize to
other animals, environments, or conditions, the principle
of taking a priors-based approach to assist in processing
large datasets is sound (Giilgehre & Bengio, 2016). For
each new problem, new domain priors must be defined
and tuned, but the architecture can be recycled. For
example, because the current dataset lacks imagery from
different times of day or lighting conditions, we would
expect model performance to degrade under twilight or
other atypical conditions, and retuning of the relevant
parameters would likely be required. Because the method
encodes known domain rules, a small set of representative
images would likely be sufficient. This makes the
approach both computationally efficient and flexible for
future applications. Finally, it should be again noted that
the ground truth in these datasets can only be estimated,
as there is no way to guarantee seals are comprehensively
detected. Some seals may have been missed during both
manual and semi-automated review, so reported recall
and precision values represent best estimates relative to
observed detections. Such potential blind spots highlight

10 © 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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Semi-Automated Seal Detection on the Western Antarctic Peninsula

British
Antarctic Survey

NATURAL ENVIRONMENT RESEARCH COUNCIL

Figure 6. A collection of images (a-m) from the 2023 survey showing typical model outputs. The areas circled in red have been identified by the
model as potential seals. All true seal detections are indicated by a black arrow. All remaining model detections are examples of false positives,
which must then be discarded by the human reviewer. False positives typically follow terrain features. Developing additional methods to remove

terrain features could improve model precision.

the broader challenge of evaluating model performance
when ground truth itself is inherently uncertain.

Survey efforts in previous years

In 1999, observer-based aerial surveys were conducted as
part of the UK’s contribution to the Antarctic Pack Ice
Seals (APIS) surveys (Forcada et al, 2012; South-
well, 2012). These surveys were flown between the 22 and
29 January 1999, during the moult period, where seals are
hauled out on ice floes. These surveys specifically targeted
areas of pack ice and, to date, provide the most compre-
hensive published assessment of the density and abun-
dance of pack-ice seals on the Antarctic Peninsula. The
stated crabeater seal density in the Marguerite Bay area
was the highest of the areas observed at 8.428—-
20.258 seals/km?, with an abundance estimate of 373 132.
The flight lines conducted during these surveys are shown
in Figure 7 with red lines. However, the 1999 surveys dif-
fer in both scope and methodology from those conducted
in 2023. Firstly, the 1999 survey covered a larger set of
study areas, with data collected in real time by human

observers with unknown recall and without comprehen-
sive, permanent imagery that can be referred back to. Sec-
ondly, their estimates for seal density include corrections
for seal haul-out proportions, a factor highly dependent
on both environmental and behavioural conditions. In
the absence of bio-logging data corresponding to our own
survey dates in November, we cannot directly compare
recorded densities.

The next most significant aerial survey effort within the
Crystal Sound and Marguerite Bay area consisted of
1041.6 km of flight lines in late October/early November
2015; Figure 7, black lines. These data are available on
request from the UK Polar Data Centre. In the scope of
this study, areas of sea ice (282.7km?®) in the acquired
imagery were manually counted as ice seals by a single
observer by loading the imagery into ArcMap v10.3 and
placing shapefile points on top of every identified seal.
Analysis of this imagery data produced a total of 800
seals, corresponding to a density of 2.83seals per km?.
Although no bio-logging data was utilized in this survey,
we are again unable to compare our density estimates
directly without introducing bias. Furthermore, as the

© 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 1
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Figure 7. Previous ice seal aerial surveys conducted on the Antarctic Peninsula. Surveys conducted as part of the UK's contribution to the
Antarctic Pack Ice Seals (APIS) surveys in 1999 (de Zarza et al., 2023; Forcada et al., 2012) are depicted in red, with BAS aerial surveys flown in
2015 in black.

imagery collected in 2015 was panchromatic, and there- regularity of aerial surveys targeting ice seals. As a result,
fore it lacked the full spectral range of information survey efforts have been infrequent, methodologically
needed to apply our semi-automatic pipeline. inconsistent, or opportunistic, which has limited the

Historically, the substantial time and effort required to availability of reference baselines. Table 4 outlines key dif-
manually process aerial imagery has limited the scope and ferences in survey design, and Figure 7 shows the

Table 4. Key methodological differences between the 1999, 2015 and 2023 seal surveys in the Western Antarctic Peninsula.

1999 2015 2023
Survey method On-board observer Panchromatic camera RGB camera
Time of year January Late Oct/early November Mid November
Concurrent tagging data Y N N
Uncorrected counts available N Y Y
Area calculation Unknown Ice only, water excluded Ice only, water excluded
Suitable for our pipeline N N Y

Note: Variations in timing, imaging platforms, tagging data and image formats affect data comparability across years. Only the 2023 survey used
a full-colour RGB camera compatible with the current semi-automated detection pipeline, underscoring the need for standardized future survey
protocols. However, the lack of concurrent tagging data prevents extrapolation of on-ice densities into population estimates.

12 © 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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variation in spatial coverage across years. Together, these
undermine the ability to detect true trends in seal popula-
tions. Overcoming these constraints is essential for gener-
ating robust, repeatable population estimates.

Our development of a semi-automated image analysis
pipeline addresses this bottleneck, reducing the area
requiring manual review by more than 95% and making
it feasible to conduct standardized, high-resolution sur-
veys at regular intervals. By enabling consistent data col-
lection, this approach lays the groundwork for
meaningful long-term monitoring of ice-obligate seal spe-
cies in the WAP, or further afield. We strongly recom-
mend the concurrent deployment of satellite-linked
bio-logging instruments, where feasible, to complement
surveys and enable abundance estimates rather than being
limited to haul-out densities alone. Trans-dermal tagging
campaigns, which mitigate against tag loss during the
annual moult, are essential to quantify haul-out probabili-
ties and correct for detection biases, providing the miss-
ing link needed to convert on-ice counts into robust
population estimates.

The abnormally low sea ice conditions on the WAP in
2023 (Clem et al., 2024) may have contributed to unusu-
ally low observed densities of ice seals. While these trends
could indicate future patterns if sea ice remains scarce,
they should be interpreted cautiously until verified by fur-
ther surveys and further sea ice monitoring. The unusu-
ally low sea ice across the WAP region may have
prompted ice seals to redistribute away from historically
abundant areas; yet the presence of dense pack ice in the
surveyed areas, which would typically attract seals, sug-
gests the possibility of a more concerning decline.

Conclusion

Monitoring ice seal populations is crucial, as through a
more developed understanding of their population
dynamics, we can gain a more developed picture of the
wider health and functionality of the WAP ecosystem.
This is particularly important in light of climate change
and increased krill fishery pressure on the WAP (Nicol
et al., 2012). However, the processing of increased vol-
umes of primarily imagery-based survey data in line with
the fast-paced advances in remote sensing places onerous
demands on researchers. Here, we present a semi-
automatic model developed to process a > 5500 image
subset of the imagery captured in 2023 during our aerial
survey campaign over Marguerite Bay and Crystal
Sound. By using a priors-based approach and unsuper-
vised machine learning, we sidestep several key barriers
for deep learning: (i) insufficient volume of readily avail-
able labelled data; (ii) the imbalanced nature of the clas-
sification problem; (iii) and low quality ground truth

Semi-Automated Seal Detection on the Western Antarctic Peninsula

estimates due to human error exacerbated by data vol-
ume and imbalance. We tuned our model using the
F-score with =2 and achieved a recall of 79% £ 9.1%
after expert review of automatically generated image
clippings, outperforming the ~50% recall for unaided
manual review, while reducing the survey area, and
therefore human input, by ~94%. In future research,
we will evaluate both crowd sourcing and a secondary
classifier to replace the expert review, enabling a higher
P selection which could further improve the model’s
overall recall.

While previous aerial surveys have offered valuable
snapshots of seal presence along the WAP, methodologi-
cal inconsistencies have limited their utility for assessing
long-term trends. By providing a scalable, reproducible
and efficient framework for image-based survey proces-
sing, higher-frequency, standardized surveys become feasi-
ble. When paired with concurrent tagging campaigns, we
can uncover population trends for key indicator species
and take a critical step towards more responsive and
evidence-based polar conservation policy.
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Appendix Table. Model recall performance for each p
value on both train and test sets across 10-fold cross-vali-
dation. The means and standard deviations across the 10
folds was summarized above in Table 2. Recall that as
increases, so too does the relative importance of recall as
compared to precision. Train recall thus increases with
the trade-off that area reduction is decreased. We find
that performance is largely consistent between train and
test sets across folds, especially for higher values of j.
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85U8017 SUOWIWOD SAERID 3|deoldde aupy Aq peusenob ase seolie VO ‘85N JO Sa|n 10y Arlq1T8U1UO 8|1 LD (SUOTHPUOD-PUR-SLUIBY/WIO A8 | 1M ARe.d)1jBu 1 [UO//SdhLf) SUORIPUOD Pue SWLB | 8L 88S *[9202/20/LT] U0 ArldiTauluo A1 Aenins ooy usilig A 0900L 28S1/200T 0T/10p/Wod A8 | im Ake.d | jpuljuo'suo eol jandsz//:sdny wouy pepeojumoq ‘0 ‘S8re9s02


https://doi.org/10.1111/j.1467-2979.2011.00406.x
https://doi.org/10.1111/j.1467-2979.2011.00406.x
https://doi.org/10.1111/j.1467-2979.2011.00406.x
https://doi.org/10.1073/pnas.1906556116
https://doi.org/10.1073/pnas.1906556116
https://doi.org/10.5194/tc-6-871-2012
https://doi.org/10.5194/tc-6-871-2012
https://doi.org/10.5194/tc-6-871-2012
https://doi.org/10.5194/tc-6-871-2012
https://doi.org/10.5194/tc-6-871-2012
https://doi.org/10.5194/tc-6-871-2012
https://doi.org/10.5194/tc-6-871-2012
https://doi.org/10.1007/s10021-022-00789-y
https://doi.org/10.1007/s10021-022-00789-y
https://doi.org/10.1007/s10021-022-00789-y
https://doi.org/10.1007/s10021-022-00789-y
https://doi.org/10.1007/s10021-022-00789-y
https://doi.org/10.1007/s10021-022-00789-y
https://doi.org/10.1007/s10021-022-00789-y
https://doi.org/10.1007/s10021-022-00789-y
https://doi.org/10.1016/J.IFACOL.2023.10.1157
https://doi.org/10.1016/J.IFACOL.2023.10.1157
https://doi.org/10.1016/j.dsr.2017.04.014
https://doi.org/10.1016/j.dsr.2017.04.014
https://doi.org/10.3389/fenvs.2019.00102
https://doi.org/10.1007/s00382-016-3230-4
https://doi.org/10.1007/s00382-016-3230-4
https://doi.org/10.1007/s00382-016-3230-4
https://doi.org/10.1007/s00382-016-3230-4
https://doi.org/10.1007/s00382-016-3230-4
https://doi.org/10.1007/s00382-016-3230-4
https://doi.org/10.1007/s00382-016-3230-4
https://doi.org/10.1371/journal.pone.0101513
https://doi.org/10.1111/2041-210X.13165
https://doi.org/10.1111/2041-210X.13165
https://doi.org/10.1111/2041-210X.13165
https://doi.org/10.1073/pnas.1016560108
https://doi.org/10.1073/pnas.1016560108
https://doi.org/10.1002/joc.1130
https://doi.org/10.1023/A:1026021217991
https://doi.org/10.1023/A:1026021217991
https://doi.org/10.14778/3415478.3415562
https://doi.org/10.14778/3415478.3415562
https://doi.org/10.1038/s41467-023-38901-y
https://doi.org/10.1038/s41467-023-38901-y
https://doi.org/10.1038/s41467-023-38901-y
https://doi.org/10.1038/s41467-023-38901-y
https://doi.org/10.1038/s41467-023-38901-y
https://doi.org/10.1038/s41467-023-38901-y
https://doi.org/10.1038/s41467-023-38901-y
https://doi.org/10.1016/j.jag.2024.103732
https://doi.org/10.1016/j.jag.2024.103732
https://doi.org/10.1145/3446776

	Semi-automated seal detection on the Western Antarctic Peninsula: an unsupervised machine learning approach for detecting ice seals in aerial survey data
	 Abstract
	 Introduction
	 Materials and Methods
	 Data collection and aerial photography
	 Seal detection
	 Model tuning
	 Species identification and density estimation

	 Results
	 Model development
	 Density estimation

	 Discussion
	 Semi-automated pipeline
	 Survey efforts in previous years

	 Conclusion
	 Acknowledgements
	 Author Contributions
	 Conflict of Interest
	 Data Availability Statement
	 References
	Supporting Information


