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Abstract. The rapid decline of marine biodiversity due to anthropogenic
climate change necessitates the development of scalable, non-intrusive
monitoring systems. While using “marine sentinels” such as elephant
seals equipped with acoustic bio-loggers offers a promising solution, the
manual processing of thousands of hours of recordings remains a critical
bottleneck. This paper presents a comparative analysis of three machine
learning paradigms for automated Anomalous Sound Detection (ASD) in
the Southern Ocean: a distance-based approach using Perch 2.0 embed-
dings, a supervised ConvNeXt-based CNN, and a self-supervised autore-
gressive model (AR-BEATS). Our results demonstrate that the Perch 2.0
pipeline achieves the highest performance with a PR-AUC of 0.954 and
an Fl-score of 91.0%, followed by AR-BEATs (F1: 87.0%), which prove
highly efficient for low-resource deployment requiring only ~12min of
confirmed normal audio with no anomalous labels. In contrast, the su-
pervised PyTorch CNN yielded an Fl-score of 74.7%. Expert valida-
tion further highlights a significant limitation: high-frequency biological
signals, such as sperm whale vocalizations (8-25kHz), are consistently
misclassified due to sampling rate constraints and terrestrial-biased pre-
training.
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1 Introduction

The Earth’s oceans harbour the vast majority of our planet’s biodiversity and
are currently facing an unprecedented crisis. While marine life has historically
survived various geological fluctuations, anthropogenic climate change is plac-
ing ecosystems under extreme pressure. Penn and Deutsch (2022) [13] suggest
that under “business-as-usual” scenarios, we are on track for a mass extinction
comparable to the Permian-Triassic event.

Regarding cetaceans, this pressure stems from a century-long whaling indus-
try that severely depleted baleen and sperm whale populations. Following the
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cessation of commercial whaling, research has focused on conservation status, dis-
tribution, and habitat use [16], with efforts recently expanding to delphinids [9]
and odontocete feeding ecology |15]. Ongoing work seeks to estimate popula-
tion abundance and assess recovery trajectories under changing environmental
conditions.

To address monitoring at scale, Dr. Gros-Martial |7] proposed utilising ele-
phant seals as marine “sentinels,” equipped with data loggers integrating a hy-
drophone, salinity, temperature, chlorophyll, accelerometer, and magnetometer
sensors. Mel-spectrogram analysis was used to correlate acoustic data with ani-
mal presence and behaviour without human interference.

Despite its potential, manual labelling of acoustic data remains a critical bot-
tleneck: processing thousands of hours of recordings is time-consuming, labour-
intensive, and prone to inter-annotator discrepancies |4]. This paper evaluates
and compares three ML architectures for autonomously labelling anomalies and
identifying animal presence in marine records.

2 Related Work

The field of acoustic anomaly detection is defined by three primary technical
paradigms.

Reconstruction-based Architectures. Auto-Encoders (AE) trained on mel-
spectrogram features [2] learn a compressed representation of “normal” ambient
noise |14]. Acoustic events that cannot be accurately reconstructed yield a high
reconstruction error, signalling an anomaly. Researchers have enhanced this ap-
proach through noise suppression and denoising layers [10] to isolate target sig-
nals from background hydrophone noise (flow noise, wave action). A fundamental
limitation is that these models may inadvertently learn to reconstruct consistent
background patterns, reducing discrimination between normal and anomalous
signals.

Autoregressive Density Estimation. Autoregressive (AR) methods [8] model
the joint distribution of an acoustic representation as a product of conditionals,
flagging observations that deviate from the learned normal likelihood. Erdil et al. |5]
extended this paradigm to structured patch embeddings from a frozen self-
supervised encoder, using a masked dilated CNN to model conditional depen-
dencies across a 2D token grid. Dilated convolutions extend the receptive field
without proportional cost, capturing long-range temporal structure across the
full clip with sensitivity to localised deviations such as brief biological vocaliza-
tions.

Transformer-based Detection. Transformers [6] treat mel-spectrogram patches
as tokens, using self-attention to model long-range dependencies across a record-
ing. Perch 2.0 |11] represents the current state-of-the-art, combining a large-scale
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linear classification head (14,795 species), a prototype-based similarity head, and
a large-vocabulary source classification head using low-rank (512-dimensional)
projections for scalable self-supervised learning. Given its demonstrated reliabil-
ity, it serves as our reference baseline.

Existing literature focuses on incremental enhancements of single methods on
standardised datasets. This paper addresses the need for cross-paradigm bench-
marking on a custom marine dataset derived from elephant seal bio-loggers.

3 Methodology

This section describes the three methods: acoustic feature extraction via Perch 2.0,
supervised fine-tuning via a ConvNeXt-based CNN, and autoregressive density
estimation via AR-BEATS.

Shared Data Pipeline. The dataset [7] consists of Southern Ocean soundscape
recordings from tagged elephant seals (32kHz sampling, 20 Hz—16 kHz effective
range). Animal movement introduces low-frequency flow noise, but during drift
phases—passive gliding periods when the seal sleeps—recordings are high-quality
and correlated with foraging activity. An unsupervised algorithm isolates these
phases into a subdataset of ~90% ambient noise and ~10% anomalous events.
Preprocessing involves: (1) Segmentation into 5-second windows with gain am-
plification; (2) Indexing via temporal metadata; and (3) Ground Truth Iso-
lation from manually verified clean recordings. 100 samples were independently
validated by Dr. Gros-Martial as the gold-standard test set; the remaining 1,202
samples serve as training and validation.

3.1 Perch 2.0

Each 5-second clip z; is mapped to a 1,536-dimensional embedding e; € R!?36
by the frozen Perch 2.0 encoder. A reference centroid is computed from N = 777
validated normal samples:

Vref = % Ziil €, (1>

under the assumption of a multivariate Gaussian distribution in latent space,
making Ve the maximum likelihood estimator of the nominal acoustic state.
Anomaly scoring uses cosine distance:

Vunk . Vrcf

DCOS(Vunka Vref) =1- — T o
||VunkH2||Vref||2

(2)

chosen for amplitude invariance. A clip is flagged anomalous if D.,s > £, with
& = 0.3278 selected by F1 maximisation on the self-annotated training set.
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3.2 PyTorch CNN

A fully unfrozen ConvNeXt backbone [12| with a logistic regression head is
fine-tuned end-to-end on mel-spectrograms. For logistic regression, training uses
BCEWithLogitsLoss to combine Sigmoid activation with binary cross-entropy
loss. The model captures the highest performing parameters by utilizing early
stopping (patience = 5) and ReduceLROnPlateau scheduling (patience = 2,
factor 0.6). Lastly, we incorporate Adam Optimizer L2 Regularization (Ir =
5x107°, weight decay 10~%). The architecture leverages ConvNeXt’s established
classification performance [3}/12] while adapting to the high-variance Southern
Ocean environment through pooling layers for translation robustness.

3.3 AR-BEATs

AR-BEATSs adapts the encoder—autoregressive framework of Erdil et al. [5] to
underwater bioacoustics, replacing the vision encoder with BEATs [1]. Trained
exclusively on 130 normal clips (10.8 min), it detects clips whose token-level
density deviates from the learned distribution with no anomalous labels required.

Raw 5s waveforms at 16kHz are encoded into a 248-token grid of 768-
dimensional embeddings (128-bin log-mel filterbank, 16x16 patches). The AR
model factorises the joint distribution as:

p(E) = [[N(Eijs pi . diag(o?,)) . (3)
i!j

predicted by a 6-layer masked dilated CNN (kernel 3x3, dilation 8, hidden dim
512). Training minimises the negative log-likelihood with AdamW (lr=1073,
weight decay 1072, batch 64). Each clip is scored as:

Aaip = A+2/E 5, (4 - AP, (4)

capturing average surprise and spatial unevenness. The deployable threshold {0
is the 60th percentile of validation scores.

Overall Metrics. Fl-score is the primary metric given class imbalance, as it
jointly accounts for precision and recall; PR-AUC provides threshold-independent
comparison across methods.

4 Results and Evaluation

Evaluation conditions. The three methods were developed independently and
evaluated under heterogeneous conditions: Perch 2.0 on 1,302 self-annotated
samples (positive rate 59.4%); PyTorch CNN on 384 balanced samples ran-
domly drawn with a fixed seed; and AR-BEATs on 1,159 samples (positive rate
66.8%). Threshold selection procedures also differ — Perch 2.0 and the CNN
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use annotated data to maximise F1, placing them on equivalent footing with
the AR-BEATS oracle rather than its label-free deployable threshold. Conse-
quently, the broad comparison in Table [4] should be interpreted as indicative
rather than definitive. The 100-sample expert-validated set, independently an-
notated by Dr. Gros-Martial and evaluated under identical conditions for all
three methods, constitutes the single unified benchmark of this study and is the
basis for the conclusions drawn in Table

4.1 Perch 2.0

A reference background vector was established using 777 validated noise samples
(mean per-dimension variance 0.1270). The optimal threshold ¢ = 0.3278 was
identified by sweeping candidates against 1,202 self-annotated samples, achieving
PR-AUC 0.954 and F1 90.98% (precision 92.06%, recall 89.92%). The model’s
performance was then tested against the 100-sample gold-standard set validated
by Dr. Gros-Martial (Fig, analysed under two criteria: Exploration (any acous-
tically unusual event) and Human Validation (confirmed animal vocalisation).

Human_validation Exploration
Précision: 0.558 | Recall: 0.800 Précision; 0.721 | Recall: 0.674
Fl-Score: 0.658 0.697

Réel

Fig. 1. Perch 2.0 confusion matrix on expert-validated set.

The results demonstrate robust precision during exploration and high re-
call for human validation (0.80). However, the model exhibits clear limitations
for high-frequency signals: Dr. Gros-Martial identified four false negatives corre-
sponding to sperm whale vocalizations (average D.os = 0.24 < §). As illustrated
in Fig. [2] sperm whale clicks range from 8 to 25kHz. With data sampled at
32kHz, the Nyquist limit (fs/2 = 16kHz) aliases or filters the upper register,
while Perch 2.0’s terrestrial pre-training lacks the spectral weights to represent
these high-frequency marine signals.

4.2 PyTorch CNN

The model was tested on 384 samples (190 Void, 194 Anomaly) using a dy-
namically calculated threshold &, resulting in a weighted F1-score of 74.69%
(precision 76.08%, recall 75%) as shown in Table [l Anomaly recall (85.56%)
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Fig. 2. Mel-spectrogram of a sperm whale click (ping).

exceeds void recall (64.21%), reflecting the supervised training’s prioritisation of
rare anomaly capture, at the cost of 83 false positives.

Table 1. PyTorch CNN classification report (384 test samples).

Class Prec. Rec. F1 Support

Void (noise) 0.8133 0.6421 0.7176 190
Anomaly  0.7094 0.8556 0.7757 194

Wtd. avg  0.7608 0.7500 0.7469 384

4.3 AR-BEATs Performance

AR-BEATS is evaluated under two complementary label sets on the 100-sample
expert-validated set: Ezploration (any acoustically unusual event) and Human
Validation (confirmed animal only). All 48 human-validated animal clips are
contained within the 62 exploration-labelled clips; the remaining 14 were acous-
tically unusual but not confirmed as biological in origin.

On the large self-annotated test set (1,159 clips, positive rate 66.8%), AR-
BEATS achieves AUROC 0.852 and PR-AUC 0.906 against a random baseline
of 0.668. The 60th-percentile threshold £,69 achieves F1 = 0.870, within 0.0007 of
the oracle upper bound, confirming near-perfect calibration from a single minute
of validation audio (Table [2).

High anomaly recall (92.3%) at the cost of moderate void recall (60.0%) is
inherent to one-class training: any deviation from the learned ambient distribu-
tion is flagged, naturally favoring sensitivity. On the expert-validated set, both
label sets are evaluated at the same deployable threshold &,99 = —411.47, set as
the 90th percentile of the 38 exploration normal scores (Table [3)). Both criteria
produce the exact same 60 flagged clips, confirming that the threshold is stable
across evaluation conditions.

The 60 flagged clips contain all 48 confirmed animal vocalisations, reducing
expert review workload by 40% on this subset, with all 48 expert-confirmed an-
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Table 2. AR-BEATS at &peo (1,159 test clips). PR-AUC = 0.906, AUROC = 0.852.
Trained on 130 clips (10.8 min), no anomalous labels. Oracle-to-deployable F1 gap:
0.0007.

Class Prec. Rec. F1 Support

Void (noise) 0.7938 0.6000 0.6834 385
Anomaly  0.8226 0.9225 0.8697 774

Wtd. avg  0.8134 0.8154 0.8078 1159

Table 3. AR-BEATS on expert-validated set (N = 100, &p90 = —411.47, flags 60/100
clips).

Criteria TP FP FN TN|Prec. Rec. F1

Exploration 56 4 6 34| 0.93 0.90 0.918
Human Val. 42 18 6 34| 0.70 0.88 0.778

FN = 6 is identical across both criteria — the same 6 clips are missed regardless of
label set. The 14-clip gap between FP =4 (exploration) and FP = 18 (human
validation) corresponds exactly to the 14 unusual but non-biological events. All 48
confirmed animal clips are recovered.

imal vocalisations recovered — noting that this claim is bounded by the scale
of the expert-validated set. The 14 clips flagged by AR-BEATSs as acoustically
unusual but not confirmed as biological events warrant further discussion. As
a one-class model, AR-BEATs flags any deviation from the learned ambient
distribution regardless of its origin: these false positives under the human val-
idation criterion likely correspond to transient non-biological sources such as
anthropogenic noise (shipping, sonar), hydrophone flow artefacts during brief
movement phases, or other marine environmental sounds outside the normative
acoustic profile of the training recordings. From a monitoring perspective, flag-
ging such events is not necessarily an error — it reflects the model operating as
designed, alerting to any acoustic anomaly and leaving the biological interpre-
tation to the expert reviewer. A dedicated classifier for non-biological transients
could be applied as a post-processing step to further reduce false alarms without
modifying the core detection pipeline.

4.4 Comparative Analysis

Tables [4] and [5] present the broad and expert-validated comparisons. Fig. [3]illus-
trates detection behaviour on a representative ~7-minute recording: Perch 2.0
(orange) closely tracks human annotations; the CNN (green) misses several event
clusters; AR-BEATS (red) produces the most temporally faithful detections with
few spurious flags.
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Table 4. Broad performance comparison. {: supervised.

Method PR-AUC F1 (deploy.)
Perch 2.0 0.954 0.910
PyTorch CNNT  0.876 0.747
AR-BEATS 0.906 0.870

Table 5. Performance on expert-validated set (N = 100). {: supervised. Exploration:
any unusual event. Human Val.: confirmed animal vocalisation only.

Method / Criteria TP FPFN TN F1

Perch 2.0 (Exploration) 31 12 15 42 0.70
Perch 2.0 (Human Val.) 24 19 6 51 0.66

CNN' (Exploration) 57 25 5 13 0.67
CNNT (Human Val.) 43 39 5 13 0.51
AR-BEATs (Exploration) 56 4 6 34 0.918
AR-BEATs (Human Val.) 42 18 6 34 0.778

AR-BEATS: &p90 = —411.47, applied identically to both label sets. Perch 2.0:
£ =0.3278. PyTorch CNN F1 from large-scale evaluation.

On the expert-validated set, Perch 2.0 misses 15 exploration anomalies (F1 0.70);
AR-BEATS and the CNN achieve higher recall (5-6 misses), but AR-BEATS pro-
duces far fewer false positives (4 vs. 25), yielding the best exploration F1 (0.918).
The CNN’s human-validation F1 collapses to 0.51 (39 FPs), reflecting poor gen-
eralisation to the stricter expert criterion. On the large self-annotated dataset,
Perch 2.0 leads (PR-AUC 0.954, F1 91.0%), while AR-BEATS reaches F1 87.0%
using only 130 normal clips with no anomalous labels, recovering all 48 expert-
confirmed animal vocalisations in this subset, across its 60 flagged clips and
reducing expert review by 40%.

5 Conclusion

This study benchmarked three machine learning paradigms for automated anoma-
lous sound detection in Southern Ocean elephant seal recordings. Perch 2.0
achieves the strongest large-scale performance (PR-AUC 0.954, F1 91.0%), sup-
ported by 777 manually validated normal samples. The supervised PyTorch CNN
reaches F1 74.7% but requires labelled anomalous data, limiting generalisation
to unseen vocalization types.

On this expert-validated subset, AR-BEATS shows higher performance than
both alternatives under both criteria, achieving F1 0.918 for general acoustic ex-
ploration and F1 0.778 for confirmed animal detection, using a single threshold
&poo = —411.47 calibrated from normal clips with no anomalous labels. Its 60
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Detection Comparison: ml19_292b_0081.wav

ANOMALY
Human Validation |
oK
ANOMALY
Perch2.0 | | |
oK
ANOMALY
Pytorch |-| | |
oK
ANOMALY
Ar-Beats | | |
oK

0:00 0:50 1:40 2:30 320 410 5:00 5:50 6:40
Time (seconds)

Fig. 3. Detection comparison on ml119_292b_0081.wav. Top: Mel-spectrogram (128
bins, fmaz = 8000Hz, 16 kHz sampling, power converted to dB). Lower panels: bi-
nary anomaly decisions for Human Validation (blue), Perch 2.0 (orange), PyTorch
CNN (green), and AR-BEATS (red) segmented in 5-second steps.

flagged clips recover all 48 confirmed animal vocalisations, reducing expert re-
view workload by 40% with zero missed biological events — including the sperm
whale clicks that were missed by Perch 2.0 at its fixed threshold (£ = 0.3278,
average click cosine distance 0.24 < §).

This distinction highlights the core deployment trade-off. AR-BEATS is the
method of choice when missing any biological event is unacceptable: its one-
class training flags any deviation from ambient conditions, making it robust to
unknown or rare vocalization types regardless of frequency content. Perch 2.0 is
a strong alternative when higher precision is prioritised, but its threshold must
be recalibrated for each new acoustic environment — a fixed £ tuned on one
dataset will not generalise reliably to recordings with different ambient noise
profiles or species compositions.

Future work should prioritise marine-specific self-supervised pre-training and
higher-rate hydrophone recordings to address the Nyquist aliasing of high-frequency
clicks (8-25kHz at 32kHz sampling), which remains a shared limitation for
feature-extraction-based methods.
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