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Abstract

Passive acoustic detection of divers faces challenges such as low signal-to-noise ratios (SNRs),
data scarcity, and latency in conventional methods. This paper proposes Keyword Spotting for
Diver Detection (KWS-DD)—a transfer learning framework that repurposes speech-oriented KWS
models for data-efficient diver detection. Diver inhalation signatures are treated as acoustic
"keywords," enabling adaptation of the transformer-based HuBERT architecture (pre-trained on
speech) to identify quasi-periodic respiratory events in underwater audio. The core innovation of
this work lies in adapting the state-of-the-art speech model HuBERT for accurate diver detection
via non-speech inhalation acoustics. This approach eliminates the need for respiratory cycles
accumulation, enabling real-time detection using minimal domain-specific data (120 inhalation
samples). Deployed in diverse marine conditions, the solution achieved 94.4% accuracy and 94.6%
Fl-score for inhalation sounds. This represents a more than 50% range extension over
conventional methods, which proved unreliable beyond 10 meters in low-SNR environments. The
framework reduces false alarms caused by boat noise and generalizes to external datasets,

validating cross-domain transferability. This work bridges Al-based speech processing and passive



sonar signal processing, offering a resource-efficient solution for real-time underwater

surveillance.

1. INTRODUCTION

The acoustic signal generated by a scuba diver breathing through a regulator serves as the basis
for passive sonar detection. This signal exhibits a broadband frequency spectrum (Johansson et al.,
2010), ranging from several hundreds of hertz to 75 kHz (Tu et al., 2020), and characterized by
quasi-periodicity (Gorovoy et al., 2015). The repetition interval varies with activity level, ranging
from approximately 7.09 seconds at rest to 2.44 seconds during heavy flapping (Donskoy et al.,
2008), directly reflecting respiratory rates of 0.14-0.41 Hz. These rates and associated emitted
power vary based on diver experience, exertion level, and equipment (Donskoy et al., 2008). The
respiratory cycle acoustically bifurcates: inhalation manifests predominantly above 2 kHz,
whereas bubble-generating exhalation manifests predominantly below 2 kHz (Sun et al., 2022).
Both phases are useful for detection (Sun et al., 2022). However, inhalation signals are often
considered preferable due to their pulse characteristics (Tu et al., 2020).

Detectability depends on both signal power within relevant frequency bands and repetition rate
(Stolkin et al., 2006). Research focus diverges between high-frequency band (>2 kHz) (Tu et al.,
2020; B. Jin and Xu, 2020) and low-frequency band (<2kHz) (Mahmoud et al., 2025; Radford et
al., 2005; Hari et al., 2015), with notable challenges in detecting closed-circuit scuba (rebreather)
that emits significantly lower acoustic energy than open-circuit scuba (Gorovoy et al., 2015;
Radford et al., 2005).

Two primary methodologies are employed for detecting diver-generated acoustic signals:
traditional signal processing techniques and artificial intelligence Al approaches. The first method

follows a sequential processing chain. Initial band-pass filtering enhances the signal-to-noise ratio



(SNR) by focusing on frequency bands relevant to the diver's spectrum signature, which varies
with the diving apparatus (Chung et al., 2007; Hari et al., 2015). This results in the use of different
bands, such as 25-75 kHz (Hari et al., 2015), 200-500 Hz in (Gorovoy et al., 2014), or 13—18 kHz
(Tu et al., 2020). Subsequently, periodicity detection leverages energy estimation (Gorovoy et al.,
2014), envelope detection (Tu et al., 2020), or matched filtering (Gorovoy et al., 2014; X. Chen et
al., 2006). Finally, Fast Fourier Transform (FFT) analysis quantifies power around breathing rate
and a threshold-based trigger is launched when results exceed predetermined level (Stolkin et al.,
2006), (Lennartsson et al., 2009). These approaches have been augmented through adaptive noise
subtraction for range extension (20 m to 40 m) (Tu et al., 2020), background noise whitening to
suppress transient interference (Johansson et al., 2010), and complementary cross-correlation
techniques applied dual-hydrophone signals for enhanced detection ranges (Chung et al., 2007;
Korenbaum et al., 2020).

Traditional signal processing techniques demonstrate constrained performance in diver
detection and the general problem of underwater object detection, particularly in detection
accuracy and latency. These limitations have motivated the adoption of artificial intelligence
approaches (second method), with machine learning and deep learning emerging as promising
solutions (Feng et al., 2024). Like most Al-based solutions, the machine learning (ML) pipeline
for this application typically comprises four critical stages as shown in Fig. 1: (1) data acquisition,
where Generative Adversarial Networks (GANs) are used for both synthetic data generation and
augmentation (Fuchs et al., 2019; G. Jin et al., 2020; Karjalainen et al., 2019; Phung et al., 2019;
J. Zhao et al., 2023), (2) preprocessing, where Autoencoder architectures have been successfully
applied to critical preprocessing tasks including noise reduction, resampling, and signal

enhancement(Dong et al., 2022; Huang et al., 2020; Vincent et al., 2010; W. Wang et al., 2014),



(3) feature extraction, where learned features derived through autoencoders and self-supervised
learning techniques demonstrate the ability to automatically extract high-level representations by
exploiting inherent data structures(Y. Chen and Shang, 2019; X. Wang et al., 2022) and (4)
classification which has evolved through successive generations of machine learning approaches
including but not limited to: Support Vector Machines (SVMs)(Zhang et al., 2003), K-Nearest
Neighbors (KNN)(Alvaro et al., 2021), Recurrent Neural Networks (RNNs), Convolutional Neural
Networks (CNNs), attention-based mechanisms and Transformers (Hewamalage et al., 2021; Y.
Wang et al., 2021). Among all of these types, Transformers, with their multi-head self-attention
(MHSA) mechanisms, have shown particular promise despite computational challenges,
prompting the development of specialized training protocols incorporating transfer learning and
advanced data augmentation techniques to mitigate these constraints (Gong et al., 2022; Li et al.,

2022).
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Fig. 1. General ML-based pipeline for underwater acoustic detection task

Diver detection constitutes a specialized application of underwater acoustic signal processing,
distinguished by the unique temporal and spectral characteristics of respiratory signatures. Of
particular diagnostic value are inhalation patterns, which exhibit distinctive pulsed waveforms(Tu
et al.,, 2020). SVM classifier, employing energy characteristics across eight distinct non-
overlapping sub-bands (49-51 kHz) as discriminative features, demonstrated superior capability in
processing irregular respiratory patterns that challenge conventional matched filter approaches (W.

Zhao et al., 2016). However, it should be noted that these promising results were exclusively



validated in controlled pool environments, potentially limiting generalizability to real-world
settings. Subsequent research demonstrates the superiority of Frequency—domain
Multi—Sub—band Energy (FMSE) features over both Mel Frequency Cepstral Coefficient filtering
(MFCC) and Gamma tone Frequency Cepstral Coefficient filtering (GFCC) within 2—8kHz band
when processed through SVM classifiers (Sun et al., 2024), with validation extended to diverse
environments including pools, lakes, and shallow sea. While these approaches operate on one-
dimensional acoustic data, Convolutional Neural Networks (CNNs) processing two-dimensional
spectrogram demonstrates robust detection capabilities in marine environments, achieving 93%
correct classification rates at ranges up to 12m (Cole et al., 2019).

The aforementioned methods (both traditional and Al-based) rely heavily on respiratory
periodicity—a feature consistently leveraged in existing literature. This dependence introduces
inherent latency of up to 10 seconds due to the requisite observation window for capturing multiple
respiratory cycles (B. Jin and Xu, 2020) which is considered a large time for some application
especially those related to protecting strategic maritime facilities (military and civilian) such as
aircraft carriers and oil platforms against terrorist attacks. While approaches using energy
exclusively within dominant diver frequencies eliminate this delay, they exhibit proportionally
heightened vulnerability to noise interference, compromising detection reliability (Stolkin et al.,
2006). Jin et al. (2020) addressed this limitation through a deep learning framework that uses time-
frequency features and treats the diver's signal as a keyword; however, their framework relies on
a synthesized and augmented dataset (B. Jin and Xu, 2020).

Recent breakthroughs in speech processing using deep learning present significant
opportunities for cross-domain applications. Keyword spotting (KWS) systems exemplify this

potential, achieving >99% accuracy in detecting target keywords within continuous speech. This



success suggests promising applicability to diver detection by treating characteristic acoustic
signatures (e.g., inhalation/exhalation patterns) as analogous to spoken keywords. Extending the
keyword spotting architecture of (Deeb et al., 2025), which leverages a pretrained Hidden Unit
Bidirectional Encoder Representations from Transformers (HuBERT) model to achieve 99.7%
classification accuracy with only 15 samples per keyword, this work adapts the framework for
diver detection via respiratory acoustic pattern recognition. Although HuBERT was originally
trained on speech data, its transformer-based architecture, employing multi-head self-attention,
exhibits robust representation learning capabilities. Through fine-tuning, the model can discern
fundamental sound units within divers' non-speech vocal signals and align them with latent
representations acquired during pretraining. This adaptation facilitates effective detection and
discrimination of acoustic patterns in diver respiratory signals. This extension delivers three
principal advantages:

(1) Enhanced detection accuracy through physiologically distinctive acoustic signatures.

(2) Real-time processing capability eliminating detection latency.

(3) Data-efficient through employing transfer learning from the speech domain that makes it

suitable for resource-constrained scenarios.

Collectively, this approach directly addresses the critical challenge of limited training data
availability inherent in diver detection applications.

Beyond this introductory section, the paper is organized into eight parts: Section II details the
characteristics of acoustic signals produced by divers. Section III describes the experimental setup,
including location, conditions, and instrumentation used for data acquisition. Section IV reviews
the traditional signal processing algorithm employed for diver detection using acoustic signatures.

Section V introduces the novel transfer learning algorithm designed for keyword spotting, and its



adaptation for detecting divers based on inhalation signatures. Section VI presents the
experimental tests performed, providing a comparative analysis of the traditional method versus
the proposed Al-based approach. Section VII analyzes the obtained experimental results and
examines the shortcomings of the proposed algorithm.

Section VIII concludes the paper, summarizing the system's principal advantages and outlining

potential avenues for future enhancement.

2. ACOUSTIC SIGNALS EMITTED BY DIVER

Diver breathing generates two distinct acoustic signatures: an inhalation signal characterized
by energy predominantly above 2 kHz, and an exhalation signal concentrated below 2 kHz. Each
respiratory cycle exhibits a duration of approximately 3 seconds, as illustrated in Fig. 2. This figure
presents the time-domain waveform and corresponding spectrogram of acoustic data recorded
from a diver swimming within a ~3-meter radius of the hydrophone used in this research. The
spectrogram was computed using a 1024-sample Hamming window, 50% overlap, and 1024-point
FFT.

Analysis of Fig. 2 reveals that inhalation manifests as a series of quasi-periodic transient events
visible as vertical striations in the spectrogram, though the periodicity is not strictly constant. The
exhalation signal is less prominent in the time-domain waveform but appears in the spectrogram

as low-frequency energy band preceding each inhalation event.
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Fig. 2. Time-domain waveform and spectrogram of acoustic emissions from a diver breathing
while swimming within a 3-meter radius of the hydrophone. The spectrogram was computed using

a 1024-sample Hamming window, 50% overlap, and 1024-point FFT.

As the diver's distance from the hydrophone increases, signal attenuation increases
significantly, particularly for the higher-frequency inhalation components due to greater
absorption losses in the water column (Tu et al., 2020). Consequently, robust detection of diver
presence using conventional signal processing techniques presents significant challenges. Fig. 3
illustrates this difficulty, showing the time-domain waveform and corresponding spectrogram of
acoustic data recorded from a diver swimming within a ~10-meter radius of the hydrophone. The

spectrogram was computed using a 1024-sample Hamming window, 50% overlap, and 1024-point



FFT. Critically, the effect of inhalation is not clearly discernible in either the time-domain signal

or the spectrogram representation.
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Fig. 3. Time-domain waveform and spectrogram of diver acoustic emissions at extended range
(10m). Spectrogram computed using a 96 kHz, 1024-sample Hamming window, 50% overlap, and

1024-point FFT.

3. DATA ACQUISITION
Acoustic signatures were acquired during three collection rounds (August 2—3 and October 2,
2024) using two omnidirectional hydrophones mounted 70 cm apart on a rigid stationary platform

positioned 60 cm above the seabed. An Acoustic Vector Sensor (AVS) was co-located at the



platform center but remained unused in this study, as shown in Fig. 4. Critically, each hydrophone
channel was processed in strict isolation with zero cross-sensor techniques applied—including
beamforming, time-difference-of-arrival estimation, coherence analysis, or other array-based
methods. This dual-hydrophone configuration provided exclusively time-synchronized redundant
measurements.

Experiments were conducted in a large seawater basin (350 m x 250 m X 5 m depth), where
two divers, equipped with an open-circuit SCUBA, sequentially executed controlled maneuvers:
circular traversals at 1-30 m radial distances, radial approaches/moves away, and swimming-to-
stationary state transitions. Activities spanned 0°-360° azimuthal bearings relative to the sensor
platform to capture representative single-channel signatures across diverse source-receiver
geometries and motion dynamics. Environmental conditions were deliberately varied: Days 1-2
(August) featured calm, sunny conditions, while Day 3 (October) experienced sustained winds
generating surface wave disturbance. This deliberate diversity in diver activities, motion profiles,
and environmental conditions yields a rich source for building a diverse dataset that closely mirrors
real-world operational variability, making it particularly valuable for training and validating robust

Al-based detection models. All data was recorded at 44.1 kHz with 24-bit resolution per channel.
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Fig. 4 Experimental setup showing diver, sensor platform (hydrophones + AVS), and support boat

To rigorously evaluate both traditional diver detection methods and the proposed transfer
learning-based model, a diverse set of acoustic signals was curated. These signals encompass
varying environmental conditions, signal-to-noise ratios (SNRs), motion patterns, and interference
sources. The test suite includes both locally recorded data and externally sourced signals to assess
robustness and generalization capability. Table I describes these signals.

Table I Evaluation Signal Specifications.

ID Description
Diver 1 diver moves within 3 m (high SNR (~ 10dB))
Diver 2 Stationary diver at 10 m (low SNR <-8 dB)

11



Moving diver: starts at 25 m, approaches up to 15 m at t=22s, stays

Diver 3
in place for 25s, moves away at t =47s
Noise Ambient noise (no divers/boats)
Boat Moving boat (0—150 m) approaching and departing
Diver 4 Externally sourced diver signal (Davi-sh, 2022)
Externally sourced sonar signal (Sonar | Royalty-Free Music -
Sonar

Pixabay, 2024)

These signals were reserved for testing purposes and never used for model training.

4. CONVENTIONAL DIVER DETECTION ALGORITHM

The conventional passive diver detection algorithm follows the processing chain illustrated in

Fig. 5, consisting of these sequential stages (Mahmoud et al., 2025):

1. Acoustic Signal Acquisition: Raw hydrophone signals are captured for processing.

2. Bandpass Filtering: Signals are filtered within the dominant breathing frequency band

to enhance the signal-to-noise ratio (SNR) by attenuating out-of-band 2—7 kHz.

3. Periodicity Enhancement: An envelope detector highlights breathing periodicity by

computing signal power within 100-ms sliding windows with 50% overlap.

4. Spectral Analysis: The Fast Fourier Transform (FFT) is applied to the envelope signal.

5. Diver Index Calculation: Detection energy is quantified by integrating FFT power

within the 0.14-0.42 Hz band, corresponding to expected breathing rates.

12



6. Detection Decision: The computed diver index is compared against a predefined

threshold to determine diver presence.

Decision

No
Diver

FFT & n
Hydrophone e Band Pass Filter s> Envelope Detector el Energy Calculatlon_> > pY

within Diver

Breath Band
Fig. 5. Diver detection algorithm
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A critical implementation challenge involves the non-stationary nature of ambient noise, which

necessitates adaptive threshold determination. This may be achieved through either:
e A reference hydrophone at suitable distance from the primary sensor, or
e Real-time noise power estimation algorithms applied to the acquired signal.

Fig. 6 demonstrates the performance of the algorithm when applied to the signals described in
Section III (Table I). The analysis uses a 10-second window, with power estimation windows (100-
ms duration, advanced in 50-ms increments). Key observations include:

e "Diver 1": The diver index significantly exceeds noise levels more than 100 times,
enabling reliable detection.

e "Diver 2": Reduced diver index amplitude degrades detection reliability.

e "Boat": The diver index for boat noise reaches observed levels for distant divers,

highlighting susceptibility to false alarms from high-energy sources.
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Fig. 6. Diver index estimation for a close-proximity diver (<3 m), distant diver (>10 m), boat noise,

and ambient noise.

5. AI-BASED DIVER DETECTION
This section introduces the proposed method that leverages transfer learning to adopt an Al-

based KWS model to solve the diver detection task.

A. Adapting Keyword Spotting for Diver Detection

The primary challenge in applying keyword spotting (KWS) systems to diver detection lies in
the substantial training data requirements. Conventional KWS frameworks typically demand
approximately 4,000 positive and negative samples per keyword to achieve sufficient accuracy(Lin
et al., 2020). This requirement proves particularly problematic for diver detection given the
inherent difficulties in acquiring sufficient sonar acoustic data, which has limited the adoption of

advanced machine learning architectures like transformers. While data augmentation and synthesis
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techniques offer partial solutions, transfer learning presents a more fundamental approach by
enabling knowledge transfer between domains. This paradigm has demonstrated particular
effectiveness in KWS applications, where models pre-trained on English speech could be adapted
to other languages with minimal target-language samples through fine-tuning(Seo et al., 2021).
Building on this foundation, A transfer learning framework is proposed, where a general speech
representation model -using transformers in its architecture- is fine-tuned to detect diver
respiratory sounds (particularly inhalation patterns), significantly reducing the required training
data while maintaining the performance advantages of transformer architectures, as demonstrated

in underwater object detection tasks(Feng et al., 2024; Domingos et al., 2022).

B. Model Architecture

The proposed framework adapts and modifies a previously established keyword spotting
architecture (Deeb et al., 2025) for the diver detection downstream task through fine-tuning on
underwater acoustic recordings of diver sounds. As illustrated in Fig. 7, the architecture comprises
two fundamental components: (1) a HuBERT (Hsu et al., 2021) encoder block and (2) a classifier
block (this architecture is denoted as KWS-DD). The HuBERT block employs a multi-head self-
attention mechanism and has demonstrated state-of-the-art performance in speech processing since
its introduction in 2021. Pretrained using masked prediction self-supervised learning, this
component generates discriminative contextual representations of input signals that effectively
separate distinct acoustic patterns in the embedding space.

The classifier block subsequently learns to map these representations to predefined target
classes during fine-tuning. Notably, the HuBERT architecture processes raw waveform inputs
without requiring manual feature engineering, as its integrated feature extractor—comprising 7-

layer convolutional network—automatically extracts optimal acoustic features. This end-to-end
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design preserves signal integrity while allowing feature extraction parameters to be jointly
optimized during training, yielding superior representational capacity compared to conventional

preprocessing pipelines.
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Fig. 7. KWS-based Diver detection model

Upon receiving a raw underwater waveform lasting approximately one second, the pretrained
HuBERT model segments it into 20 milliseconds frames, each frame is represented as a (1x1024)-
dimensional tensor at the output of HuBERT. These tensors are fed to the matching layer which
computes the average of the tensor across the time, resulting in a condensed (1x1024)-tensor for
the whole waveform, which is subsequently fed into the classifier. The classifier is designed to
categorize the output tensors into Noise or Diver classes. A softmax layer at the final stage of the
classifier generates the posterior probabilities P(c;/w):i € [Diver, Noise]|, which quantify the
likelihood of observing the class c; at the output of the model when a tensor representing the input
word w is applied to its input. The final classification decision is made based on these posteriors

following the formula provided in Eq. (1).

ChosenClass = Argmax(P (ci/w)) @)
ci
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The framework employs HUBERT-Large, a pretrained version of HuBERT with 317 million
parameters, to extract contextual embeddings from raw acoustic waveforms, followed by the KWS
head. The final diver detection model contains (317.02 million parameter), it was trained by fine-
tuning the whole model’s parameters to adapt the system for diver detection. The fine-tuning
process was performed using a specialized dataset containing: (1) positive samples of authentic
diver-generated acoustic signatures (inhaling signals), and (2) negative samples encompassing
various underwater acoustic interference sources. This approach enables effective transfer learning
while maintaining the model's ability to discriminate subtle acoustic patterns characteristic of diver

presence.

C. Upgrading model for continuous waveform

In operational scenarios, the exact timing of diver inhalation events is inherently unpredictable,
necessitating continuous analysis of the hydrophone's time-domain acoustic signal. To reconcile
this streaming data requirement with the model's fixed-length input specification (1.0 £ 0.2 s
segments), a sliding window algorithm with 100ms temporal increments was implemented (This
temporal resolution was carefully selected to optimize the trade-off between computational
efficiency and signal capture reliability, ensuring complete coverage of critical acoustic features
while enabling near-real-time operation). Each 1-second window undergoes probabilistic
classification, generating posterior estimatesP(c;/w):i € [Diver, Noise] through the trained
model. As the window advances across the continuous waveform, this process produces discrete-
time probability functions (Eq. (2)) that quantitatively characterize the evolving likelihood of diver
presence versus ambient noise (Fig. 8), enabling real-time detection without compromising
accuracy.

fe, (k) = P(c;/wy)  @k"'window (2)
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Fig. 8 applying the sliding window approach on a waveform containing a single inhaling signal,

the blue curve indicates the discrete probability function of diver’s inhaling signal, the orange

curve represents the discrete probability function of the noise

The discrete probability functions enable robust diver detection through temporal analysis of the
posterior probability evolution. A detection event is triggered when P(Diver|w) exceeds a
predefined threshold 6 for a minimum duration At, ensuring protection against transient false
positives. While not strictly required, observed periodicity in detection events (typically 0.14-0.42
Hz for human respiration) provides secondary validation of diver presence. In the following, the

continuous-processing variant of KWS-DD will be denoted as CKWS-DD.

6. EXPERIMENTS AND RESULTS

A. Data preparation

The most distinctive acoustic signatures associated with divers and their equipment are
generated by respiratory activity, particularly inhalation and exhalation processes. Air bubble

movement during exhalation produces unique signatures that aid detection. However, since similar
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acoustic patterns may be produced by marine creatures or equipment, the inhalation signal was
selected as the primary discriminative feature due to its high specificity to human divers.

For model fine-tuning, representative acoustic samples were required for each target class
(inhalation signatures and ambient noise). Sample extraction involved segmentation of
hydrophone recordings with different SNRs into 1-second intervals, corresponding to the mean
inhalation duration (1.0 + 0.2 s). Two qualified experts independently performed the segmentation
through aural and visual inspection of spectrographic representations. Inter-rater reliability was
enforced, with only concordantly verified samples retained for the final dataset. The curated
collection ultimately comprised four distinct marine acoustic categories relevant for coastal
surveillance:

1. Inhalation Signatures: Isolated inhalation events.

2. Exhalation Signatures: Isolated exhalation events.

3. Vessel Signatures: Propeller cavitation and engine harmonics.

4. Ambient Noise: Site-specific hydrodynamic and biological noise.

While the present study employs binary classification, this categorical taxonomy enables future
transition to multiclass detection frameworks. For the current objective of diver detection, samples
were aggregated into two classes: Diver Class encompasses verified inhalation events and Noise
Class encompassing composite non-target acoustics (exhalation, vessels, ambient noise).

The acquired acoustic samples underwent standard preprocessing, including down sampling to
16 kHz to ensure compatibility with the HUBERT architecture's input specifications. The curated
dataset consisted of 120 validated inhalation exemplars (diver class) and 344 interference samples
(noise class). The dataset was partitioned into three subsets while preserving class distributions: a

training set (70%), validation set (15%), and test set (15%). The dataset's limited scale, particularly
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the test portion containing fewer than 70 samples, restricts its ability to provide a comprehensive
evaluation of model performance. While this constrained benchmark may not fully represent the
model's generalization capabilities, it serves as an initial performance indicator. The definitive
evaluation will instead utilize extended continuous audio samples incorporating diverse acoustic

conditions, as presented in the experiments section.

B. Implementation and Training Details

The proposed architecture was implemented in Python using PyTorch, incorporating the pre-
trained Hubert-large model (facebook/hubert-large-1s960-ft) as described in Section V. During
fine-tuning, the 7-layer convolutional feature extractor parameters remained frozen to preserve
learned acoustic representations. Model optimization was performed on a workstation equipped
with an Intel Core i7- 11370H processor and NVIDIA GTX 1650 GPU (16GB RAM) using the
training partition of the dataset. Training ran for 30 epochs, converging in ~110 minutes. Fig. 9
illustrates the training dynamics through the evolution of both training and validation loss curves
throughout the optimization process.

Training Metrics
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Fig. 9. Training metrics of the KWS-DD model through the fine-tuning phase
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The trained model underwent comprehensive performance assessment using the reserved test
dataset subset. Quantitative evaluation employed four standard classification metrics: Accuracy,
Precision, Recall, and F1-score, providing complementary perspectives on detection capability.
These metrics collectively characterize: (1) overall prediction correctness (Accuracy), (2) positive
prediction reliability (Precision), (3) target detection sensitivity (Recall), and (4) their harmonic
balance (F1-score), enabling robust assessment of the system's operational viability. Results are
shown in Table IL

Table II Testing result of the KWS-DD model using the curated dataset

Precision Recall F1-score Accuracy

0.955 0.944 0.946 0.944

C. Results of continuous signals

Following the evaluation of the model on the curated dataset containing isolated samples of
various underwater sounds, a comprehensive evaluation is conducted on evaluation signals
presented in Table I. These results will be compared with the traditional detection methods
presented in Section IV.

DIVER WITH HIGH SNR"DIVER 1"

Fig. 10 shows the detection results of the CKWS-DD model when applying “Diver 1” to its
input. The model detected nearly all inhalations with high probabilistic value, and could
successfully distinguish it from the ambient noise. The periodicity is clear also, and it enhances
the detection decision. Both CKWS-DD model and traditional method successfully detect the

diver, demonstrating robust performance under high-SNR conditions.
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Diver with low SNR "Diver_2", "Diver_3"

In this case, "Diver 2" was applied to CKWS-DD model, and results are shown in Fig. 11,
traditional method failed to distinguish diver signals from ambient noise on this signal as depicted
in section 4 (Fig. 6). In contrast, CKWS-DD model exhibited reliable detection. To demonstrate
the model's performance in a moving target, "Diver 3" was applied to the system input. Fig. 12
shows the result. It can be seen the detection becomes unstable when the distance between the

diver and the sensor is greater than 15 meters, whether approaching or departing.

100 1

4 threshold

o
o

60 -
—— Inhaling

—+«— Noise
40 -

Probability * 100

20

0 10 20 20 40 50 60
Time in seconds
Fig. 11. Model prediction for diver signal “Diver 2”
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Ambient Noise Detection “Noise”
The model accurately identifies ambient noise with minimal false alarms, confirming strong

noise-rejection capabilities as shown in Fig. 13 resulted when applying (Noise) to the model.
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Fig. 13. Model prediction for ambient noise "Noise"

Boat Signal Detection “Boat”

Boat signals are classified as noise but exhibit sporadic false alarms (Fig. 14, "Boat"). This

stems from non-stationary motor noise and dynamic electrical status variations.
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D. Cross-Platform Generalizability Assessment

To evaluate model robustness across different acquisition systems, we conducted validation
testing using externally-collected recordings comprising: diver respiratory and active sonar signal
captured with alternative hydrophone. This independent verification protocol assesses the system's
ability to maintain detection performance when deployed with varying sensor configurations and
environmental conditions. The model generalizes effectively to real-world data:

e Diver detection: Robust inhaling signal identification when evaluating ("Diver 4"),
(Fig. 15).

e Sonar rejection: Sonar signals are correctly classified as noise when evaluating

("Sonar"), (Fig. 16).
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As illustrated, the model discriminated the sonar signal from the diver's inhalation signal even

though the sonar data were acquired using different equipment and under different environmental

conditions—highlighting the trained model's high generalization ability.

7. DISCUSSION

The results demonstrate that the CKWS-DD model represents a significant advancement in
diver signal detection by addressing critical limitations of traditional methods. Most notably, the
system extends reliable diver detection range up to 15 meters, outperforming conventional
approaches that typically fail beyond 10 meters in low-SNR conditions. This enhanced capability

25



originates from the model's noise-resilient architecture, which effectively extracts faint inhaling
signatures obscured by ambient noise.

The proposed system achieves an inference time of less than 0.45 seconds on a standard laptop
computer (see Section 6—B). Although the model requires a 1-second audio input window for
reliable detection, the total decision latency from the start of a recording segment is approximately
1.45 seconds. This is substantially shorter than traditional periodicity-based methods, which often
need more than 10 seconds to analyze multiple breathing cycles. By making frame-wise
predictions on 1-second windows without waiting for periodic structure to emerge, our model
enables near-instantaneous detection.

Furthermore, transfer learning facilitates effective model training, even with limited data
while maintains high detection accuracy. Validation using external real-world data, including
publicly available diver and interference recordings, confirms robust generalization to unknown
environments, underscoring practical deploy ability for underwater surveillance systems.

Despite these advances, two key limitations require consideration. First, false alarms during
boat detection occur due to non-stationary motor noise and dynamic electrical variations related to
motor type and operation mode, suggesting a need for additional dataset samples covering diverse
boat noise profiles. Second, detection instability beyond 15 meters appears linked to hydrophone
sensitivity limitations.

The model depicts a clear performance dichotomy: while demonstrating comparable
performance to traditional methods in high-SNR scenarios, it provides distinct advantages in noisy
environments where conventional approaches prove ineffective.

While the current model demonstrates robust performance in distinguishing diver breathing

sounds from various non-biological transient noises—including boat engine sounds and sonar
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pulses—we acknowledge that further enhancements are possible. In future work, we plan to enrich
the training and testing dataset by incorporating a wider variety of marine animal sounds (e.g.,
snapping shrimp, fish vocalizations, and marine mammal calls) as well as additional artificial noise
sources such as different types of boat engines, ship propellers, and other mechanical underwater
equipment. We believe that exposing the model to a more diverse and challenging acoustic
environment will further improve its generalization capability and reduce the risk of false positives
in real-world deployment scenarios. This dataset expansion, along with corresponding model
retraining and evaluation, constitutes a key direction for our ongoing research.

Another thing that should be mentioned is that water temperature and salinity gradients create
sound speed profiles that can refract acoustic waves, thereby affecting the signal-to-noise ratio of
a diver's regulator sound over distance. Negative thermoclines, for example, may bend sound
downward and reduce surface-detected energy. Our experiments were conducted in a shallow,
well-mixed environment where such gradients were minimal. For deeper or stratified waters, these

effects could impact detection range and should be considered in system deployment.

8. CONCLUSION

This study establishes the viability of repurposing speech-focused keyword spotting (KWS)
models for passive diver detection. Distinctive inhalation signatures are treated as acoustic
"keywords" in CKWS-DD, a transfer learning framework leveraging the HUBERT transformer
architecture pre-trained on speech data. When fine-tuned with only 120 curated inhalation samples
and 344 noise samples, the model achieves 94.4% accuracy and 94.6% F1-score, demonstrating
significant data efficiency compared to conventional deep learning approaches (B. Jin and Xu,

2020). Key advantages include:
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1. Real-time capability: Detection latency reduces to <ls through analysis of 1s audio
segments, eliminating the 10s observation windows required by periodicity-based
methods.

2. Noise resilience: Reliable detection is maintained at SNRs as low as -8 dB (at ranges
<15m), outperforming traditional methods that fail beyond 10m.

3. Interference rejection: False alarms from boat noise decrease relative to spectral energy
thresholding approaches.

Current limitations included performance degradation beyond 15m and occasional false
positives from non-stationary motor noise. Cross-validation using externally sourced data
confirms strong generalizability. Future research directions include dataset expansion with diverse
interference signals, incorporation of marine animal sounds, and investigation of multi-diver
scenarios. The CKWS-DD framework provides a scalable solution for resource-constrained
underwater monitoring systems by enabling accurate, low-latency diver identification with
minimal training data requirements.
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