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Abstract Microseismicity in the Central Arctic remains understudied due to its remoteness from land
seismic stations. Hydrophone arrays can be used to detect earthquakes from their T-phases, components
that propagate inwater. This approach canprovide a valuable alternative to traditional recording systemsand
improve the monitoring coverage. However, manual annotation of T-phases are a time-consuming process,
andmore automated approaches are needed. Recent studies in T-phase detection considermachine learning
techniques, but these methods are computationally intensive and sensitive to training data. In this study, an
automated detector is presented utilising a Regions Of Interest (ROI) algorithm on spectrograms, requiring
minimal parameter tuning and computational resources. The detector was applied to acoustic data recorded
along theNansenBasin fromSeptember 2019 toAugust 2020during theCAATEXexperiment. TheROI detector
correctly identified 82 out of 96 manually labelled earthquake events across all moorings, with the majority
of false detections linked to the presence of flow noise within hydrophones. The algorithm also characterised
spectro-temporal properties of T-phase signals, with energy focused between 3 and 50 Hz, peaking at around
20 Hz. This method is robust against the varying underwater background noise conditions encountered and
aids in studying the complexities of the T-phase signal structure.

1 Introduction

Monitoring seismic activity in the Arctic Ocean is logis-
tically difficult. Persistent ice cover in the Arctic Ocean
presents challenges for the deployment and recovery
of ocean-bottom seismometers (OBS), which are tradi-
tionally used to record microseismicity (Kong et al.,
1992; Wolfe et al., 1995; Sohn and Hildebrand, 2001;
Jeddi et al., 2021). OBSs are small enough that they can
drift with ocean currents during ascent to the surface,
potentially over greater distances than in conventional
deployments (Schlindwein et al., 2025). Consequently,
the recovery location (‘pop-up site’) can be consider-
ably displaced from the original deployment position
(Schlindwein et al., 2025). In such environments, hy-
drophones placed on largemooring systemsmay there-
fore represent an alternative approach for monitoring
seismic activity, as the moorings are generally easier to
relocate and recover than free-rising instruments. Hy-
drophone arrays have been successfully used (mainly at
mid-latitudes) as alternative tools for long-term deploy-
ments to reduce themonitoring gap in remote ocean ar-
eas, where only the larger events are detected by land-
based seismic networks (Fox et al., 2001; Bohnenstiehl
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et al., 2002; Dziak et al., 2004; Williams et al., 2006;
Parnell-Turner et al., 2022; Ingale et al., 2023, 2025).

Earthquakes contribute to the ocean’s soundscape
(Hildebrand, 2009; Schwardt et al., 2022; Ainslie et al.,
2025). Part of the seismic energy generated within the
oceanic crust can be released as hydroacoustic signals
into the water column, as T-phases, or tertiary waves
(Tolstoy and Ewing, 1950). In the current study, the
term T-phase is used broadly to describe any clearly hy-
droacoustic earthquake signal, generated at the crust-
water interface (source), travelling in water (path) and
recorded by a hydrophone (receiver). Importantly, the
T-phase generation can occur through different con-
version mechanisms. In the slope-generated mecha-
nism, seismic rays propagating through the crust in-
tersect steep bathymetric features, such as continen-
tal slopes, or seamounts, and part of their energy is
converted into hydroacoustic waves generating slope T-
phases (Williams et al., 2006; Talandier and Okal, 1998).
Alternatively, in abyssal environments, seismic rays
travelling through the crust may reach rough or irreg-
ular seafloor topography, where scattering and mode
conversion at the crust-water interface generate hy-
droacoustic energy, producing abyssal T-phases (Park
et al., 2001; de Groot-Hedlin and Orcutt, 1999; de Groot-
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Hedlin and Orcutt, 2001; Walker et al., 1992; Yang and
Forsyth, 2003).
Although the T-phase is the most common seismic

signal recordedbyhydrophones (Dziak et al., 2004;Guil-
bert et al., 2005; Ingale et al., 2025), direct arrivals of
body seismic phases (P and S) can also observable in hy-
droacoustic data, particularly for events occurring close
to the receiver (distance < 200 km) or at high enough
magnitude (Dziak et al., 2004; Goslin et al., 2012). P-
and S-phases can be easily discriminated by their lower
amplitudes, shorter durations and earlier arrival times,
as T-phases experience a lower velocity propagating
through water (Blackman et al., 2000; Dziak et al., 2004;
Sukhovich et al., 2014; Garibbo, 2023). Generally, T-
phase signals can last from a few seconds up to sev-
eral minutes, appearing as a sustained signal with both
an amplitude and spectral envelope, the onset of which
is typically shorter than the tail-off (Tolstoy and Ew-
ing, 1950; Schreiner et al., 1995; Okal, 2008; Tolstoy
and Bohnenstiehl, 2005). Whilst the majority of en-
ergy of T-phases is centred between 5 and 20 Hz, sig-
nificant energy can be carried at higher frequencies,
even beyond 100 Hz (Bohnenstiehl et al., 2002; Oliveira
et al., 2025). Body phases are unable to retain these
high frequency components during propagation to the
same extent as T-phases, due to the crust’s attenuative
properties compared to water (Fox et al., 2001; Okal,
2008). The temporal and spectral characteristics of T-
phases are partly determined by seismoacoustic cou-
pling at the crust–ocean interface (Okal, 2008; Jamet
et al., 2013), but also by the properties of the oceanic
waters. The latter can affect the T-phase path and al-
low for optimal acoustic propagation, such that even
earthquakes of moderate magnitudes (Mw < 4), can be
detected thousands of kilometres away from their epi-
centres (Williams et al., 2006; Okal, 2008; Ingale et al.,
2021).
Across mid-latitude oceans, the minimum sound ve-

locity is typically located around 800-1,200 m depth,
forming the SOFAR channel (SOund Fixing And Rang-
ing), allowing for efficient long-range acoustic propaga-
tion (Munk et al., 1995). In the Arctic Ocean (> 70°N),
the stratified water column (Sec. S6) results in a near-
surface sound speed minimum (Diachok, 1976; Sagen
et al., 2016, 2017; Dundas et al., 2026), in turn leading to
a ‘surface duct’ for optimal transmission of sounds be-
low 50 Hz, which includes the majority of acoustic en-
ergy of T-phases (Okal, 2008; Fox et al., 2001). The duct
can extend to depths of around 1,000 m (Buckingham,
1991), so once sound has upwardly refracted towards
this duct, it will experience few ocean bottom interac-
tions (limited to ridges and continental slopes) but will
scatter from the rough underside of sea ice (Diachok,
1976; Keenan and Merriam, 1990).
Consequently, as T-phases can be received far from

the seismoacoustic coupling region, they have been the
focus of numerous empirical studies with diverse appli-
cations: investigating earthquake source properties and
oceanic upper mantle structure (de Groot-Hedlin and
Orcutt, 2001; Dziak et al., 2004; de Melo et al., 2021);
monitoring underwater volcanic eruptions and their
processes (Talandier and Okal, 1987; Fox and Dziak,

1998; Bazin et al., 2022; Saurel et al., 2022; Lavayssière
et al., 2024; Guilbert et al., 2005) and expanding tsunami
warning systems (Takemura et al., 2024). In contrast to
the previous works, mainly performed at temperate lat-
itudes, there have been few studies of T-phases in the
Central Arctic, and, as such, there are still many un-
knowns about their generation and propagation mech-
anisms in the region (Blackman et al., 2000; Sohn and
Hildebrand, 2001; Schlindwein et al., 2005). T-phases
from microseismic events in the region may hold cru-
cial information for better understanding seismic activ-
ity along the Gakkel Ridge, one of the slowest-spreading
mid-ocean ridges on Earth (Sohn andHildebrand, 2001;
Schlindwein et al., 2007; Koulakov et al., 2022).
For spaced hydrophone networks, detection of T-

phases relies on human experts who visually inspect
large acoustic datasets and manually annotate target
signals (Fox et al., 2001; Ingale et al., 2021). Although
this labelling approach is widely adopted, it can be sub-
jective and time-consuming due to the large volumes
of data generated by continuous recordings (Sukhovich
et al., 2014; Vaezi and van der Baan, 2015; Raumer et al.,
2024b). Recentmethods for detectingT-phase signals in
hydrophone data have utilised Machine Learning (ML,
Sukhovich et al., 2014; Raumer et al., 2024b); however,
they may still be biased to only detect seismic signals
with features similar to those used to train the model.
Therefore, there is still a need to improve tools for

automatic file processing and T-phase signal detection,
with simpler parameter settings and higher robust-
ness to variable noise conditions. The present work
aims to address this, proposing a new signal-detection
method for T-phases in hydroacoustic data. Spectro-
grams are used to explore seismic activity and delin-
eate both temporal and spectral characteristics of T-
phase events. The adaptability of the method has
been tested using data from hydrophone deployments
in the Nansen Basin, where soundscape contributions
from wind, waves, cryophony (sounds from sea ice
processes) and biophony (mainly marine mammal vo-
calisations) can vary significantly, both seasonally and
hourly, allowing for the detector to be trialled against a
range of noise conditions.

2 Background
In seismology, detection triggers typically operate in
the time and frequency domains, employing template
matching or analysing signal envelopes and amplitudes
(Withers et al., 1998; Vaezi and van der Baan, 2015).
These methods require rigorous fine-tuning of several
parameters to accommodate the noise and signal char-
acteristics of specific seismic regions. The Short-Term-
Average/Long-Term-Average (STA/LTA, Allen, 1978), a
widely used approach, exemplifies this challenge. Its
threshold setting presents a fundamental trade-off. Set
too high, it may miss weak events (False Negatives).
Set too low, and it may generate an excessive num-
ber of irrelevant triggers (False Positives) (Vaezi and
van der Baan, 2015). This sensitivity-specificity char-
acteristic reflects a broader limitation in seismic trig-
ger algorithms: weak events often remain undetected
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when signal-to-noise ratio thresholds are set too conser-
vatively (Vaezi and van der Baan, 2015). Among the al-
ternative automatic detection methods for seismic sig-
nals, Matsumoto et al. (2006) presented an adaptive-
threshold approach specifically for T-phase detection,
combining simple signal processingwith adaptive noise
thresholds. Despite its dynamic adaptation to chang-
ing noise levels, the method exhibits high False Posi-
tive rates, suggesting that further refinement is needed
to monitor seismic activity across diverse underwater
soundscapes with higher accuracy.
Previous papers presenting ML techniques for iden-

tifying and categorising geophonic signals against
other sounds in hydrophone data have been published
(Sukhovich et al., 2014; Raumer et al., 2024b). While
the outcomes of thesemethods are promising, they still
lack universality in their applications. For instance,
in the method proposed by Sukhovich et al. (2014),
the training datasets included only four signal types
(T waves, teleseismic P waves, ship-generated sound,
and iceberg-generated sound), likely limiting its appli-
cability to more diverse environmental noise condi-
tions. Moreover, the method proposed by Raumer et al.
(2024b) does not explore in detail the types of seismic
signals detected, with their benchmark focusingmainly
on binary classification tasks. This aspect may reflect
that trained models may not generalise well to differ-
ent underwater noise conditions or signal types (e.g.
various T-phase spectral appearances) without further
adaptation.
The detection method proposed in the current study

uses the Regions Of Interest (ROI) algorithm, whereby
image processing techniques are applied to spectro-
grams to locate individual acoustic signatures (Ulloa
et al., 2021). Themethodology ismodular in its process-
ing steps, allowing for techniques to be easily swapped
at the various stages (e.g. noise removal). The pro-
cessing presented here is intentionallyminimalist to al-
low the algorithm to run with few input parameters and
be suitable for limited computing resources. ROI algo-
rithms have not seen much use as a stand-alone detec-
tor. They have been applied in conjunction with ma-
chine learning techniques to detect and categorise spe-
cific groups of sounds, such as calls of marine mam-
mal species (Thode et al., 2012; Escobar-Amado et al.,
2022). Other studies have shown that ROI algorithms
canbeused tohighlight periods of increased vocal activ-
ity (Cleverly et al., 2024), although difficulties were en-
countered in detecting overlapping sounds separately
and handling sounds of varying amplitudes. The ROI
algorithm has yet to be applied explicitly to geophonic
signals. T-phases appear distinctively on spectrograms;
therefore, the algorithm can be designed to focus solely
on detecting these events, whilst ignoring other sounds.
The ROI algorithm described is used as an automatic

tool for logging earthquake events across large spectro-
gram datasets. While spectro-temporal properties are
collected for every earthquake found, the technique is
currently not suitable for phase-time picking. As such,
‘detection’ refers to an event in the spectrogram that has
been recognised by the algorithm as a ROI; confirma-
tion of the event being geophonic was completed man-

ually, along with determining phase type.

3 Materials and Methodologies

3.1 Acoustic data collection and processing
The Coordinated Arctic Acoustic Thermometry Experi-
ment (CAATEX) deployed three multi-sensor moorings
(NERSC1-3) in the Nansen Basin (Dzieciuch et al., 2022,
2026) (Figure 1). Across the moorings, hydrophones
were synchronised to record every 12 hours for 45 min-
utes and 12 seconds, with a sample rate of 976 Hz.
One hydrophone at a depth within 1,000 to 1,050 m was
selected from each mooring to study seismic activity.
From this depth, noise from sources at the sea surface
is reduced, allowing for better conditions for studying
weak seismic signals. A low-frequency (< 50 Hz) contin-
uous M-sequence signal was transmitted from NERSC1
every 3 days to conduct thermometry measurements.
Due to both its high Received Level and rich harmonic
content, the parts of the recording containing this sig-
nal were removed from analyses (this corresponds to
the first 17 minutes of a recording, when the transmis-
sion was scheduled). All recordings were written to
losslessWaveformAudio File Format (.wav) with the fol-
lowing hydrophone calibration: a receiving sensitivity
of -168 dB re 1 V/µPa, a pre-amplifier gain of 12 dB and
an analogue-to-digital conversion voltage of 2.5 V. Dur-
ing the recording of data, a high-pass filter, with a cut-
off frequency at 7 Hz and an unrecorded roll-off, was
applied at each hydrophone, such that power levels be-
low 7 Hz cannot be accurately determined. For simplic-
ity, the hydrophone calibration was assumed to be con-
sistent across the entire frequency range available. The
dataset analysed in the current study included1,967files
(656 from each hydrophone - except NERSC3 that had
655 files) collected from 3rd September 2019 (11:59:50)
to 26th July 2020 (11:59:50).
Power Spectral Density (PSD) spectrograms were

used throughout this study, computed by dividing the
waveform into 2 s segments with 50% overlap and con-
volving with a Hann window function, following guide-
lines fromMerchant et al. (2015). With this setup, spec-
trograms had temporal and spectral resolutions of 1 s
and 0.5Hz, whichwere sufficient to capture finer details
of seismic signals along both axes.

3.2 Manual detection dataset and event qual-
ity determination

Recordings from NERSC1 were visually inspected by
an expert annotator (MA) using the Triton software
package (v.1.92, Wiggins et al. 2010) in MATLAB (Ver-
sion R2018b). Earthquake signals were observed and
manually labelled in spectrograms with a frequency
range of 0.5 to 300 Hz. Each seismic event was la-
belled chronologically with a timestamp and attributed
a unique ‘Event ID’. The visible seismic phases, either
P- and T-phases together (‘P_T’) or just the T-phases
by themselves (‘T’), have been assigned to each event.
Events were separated into three categories based on
signal quality: ‘Strong’, ‘Medium’ or ‘Weak’, presented
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Figure 1 Map presenting the region of study and locations of CAATEX moorings (NERSC1-3, yellow triangles). Earthquakes
recorded between 2019 and 2020 are presented, located by land stations of the Norwegian National Seismic Network (NNSN,
pink squares) and reported by the International Seismological Centre (ISC) (circles). Only those that occurred whilst hy-
drophones were actively recording are included in the plot (16 in total). The magnitude (Mw) of these events is indicated
by a colour scale (grey for missing Mw values). Five events have been found in both land stations (NNSN) and hydroacoustic
data (CAATEX): one located in the Gakkel Ridge, one located on the right side of the moorings, and three located in the Fram
Strait (more details in Table S2). Bathymetry data were sourced from the IBCAO v5 2025 400 m grid. (Jakobssen et al., 2024).

in Figure 2. The quality categories were based on two
primary criteria: signal clarity (howvisible the start and
end of signals were in the spectrogram) and amplitude
characteristics. Strong signals displayed both higher
amplitudes and clear temporal evolution throughout
the seismic event (Fig. 2a-b). Medium quality signals
were clearly defined in time, but with relative ampli-
tudes lower than the strong category (Fig. 2c). Weak sig-
nals were characterised by poorly defined start and end
times (Fig. 2d). The presence of each event was visually
checked and compared across all three hydrophones,
with different quality labels given to the T-phase sig-
nal depending on the criteria described above. Thus,
some events were assigned different quality categories
between moorings.
Mean PSD spectra were plotted to enhance the differ-

ence in amplitude of events classified within the three
quality categories (Fig. S1). From this analysis, the
mean PSD values of weak, medium and strong events
significantly differed in 5 dB re 1 µPa2/Hzwithin the fre-
quency range seismic sounds occupy. Finally, to test the

detector algorithm, the event dataset has been created
and included Event ID, phase type, quality, correspond-
ing .wav file name, mooring name, and date and start
time of the annotation.

3.3 Computation of Regions Of Interest (ROI)

The spectrogram representation of a signal can be
treated as an image, where each time step-frequency
bin pairing (referred to as ‘bin’) is equivalent to a pixel.
By combining multiple image processing techniques,
detectors for acoustic signatures can be designed, anal-
ogous to object detection within images. The ROI algo-
rithm considered in the present study is based on the
double-threshold hysteresis method for edge detection
in images, first described by Canny (1986). To identify
ROIs, two thresholds are initially applied to the spec-
trogram. The first finds the local maxima along the
spectrogram (bins with amplitude values greater than
the threshold), while the second is used to collect bins
around themaxima to form the outline of the signatures
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Figure 2 Comparison of different earthquake signal qualities and phase types discussed: a) Strong P_T-phase; b) Strong T-
Phase (note the presence of an undetected P-phase just before the detected T-phase); c) Medium T-Phase; d) Weak T-Phase;
e) Missed event at 12:10 (False Negative, FN); f) Flow noise (False Positive, FP). These detections were made using the ROI
algorithm, discussed inSection3.3andsubsequent sections,with theyellowboxesand redcrosses representing the temporal
boundsandcentroidof theROI computed. Spectrogramswere computedusing codederived fromPAMGuide (Merchant et al.,
2015) and PAM2Py (Rodríguez et al., 2021).

in the spectrogram. Afterwards, a binarisation mask
(assigning bins the value ‘0’ if they lie outside an ROI,
then ‘1’, ‘2’, ‘3’ etc. within ROIs) is applied to the spectro-
gram to separate acoustic signatures into individually
labelled ROIs (Shapiro, 1996). This approach is imple-
mented in the roismodule of scikit-maad, a Pythonpack-
age for quantitative soundscape analysis (Ulloa et al.,
2021), whichwas adapted in the current work for detect-
ing seismic activity.
The processing stages of the ROI algorithm are pre-

sented as a set of spectrograms in Figure 3. A seis-
mic event recorded from NERSC1 served as an exam-
ple of a detected target (Fig. 3a). Modifications were
made to the pre-processing stages of the ROI algorithm
in scikit-maad.rois. The default median equaliser, which
balances low-amplitude bins to the median level, was
replaced with a median threshold, where bins with an
amplitude less than or equal to the median level (along
the frequency axis) were dropped to theminimum level
of the spectrogram (Fig. 3b). Next, a Gaussian filter
was applied to the spectrogram (Fig. 3c), with a stan-
dard deviation of 5 bins (kernel size); 5 s along the
time axis, 2.5 Hz along the frequency axis. The filter
is primarily used to smooth the spectrogram, allowing
finer details of seismic event signatures to couple to-
gether, improving the prominence of the event. The
selection of the filter kernel size was wider than what
is typically recommended in scikit-maad.rois (between

0.5 to 3 bins), to suppress any non-seismic sounds of
shorter duration or narrower bandwidth that may have
been present in the spectrogram (e.g. whale calls). T-
phase signals featuring both short durations (< 5 s) and
narrow bandwidth may get suppressed partly by the
Gaussian filter, but given that the bandwidths are typ-
ically wider than the kernel size along the frequency
axis, these signals would not be erased entirely. Ad-
ditionally, the choice in kernel size further reduced
background noise, enabling the use of lower amplitude
thresholds of 75 and 60 dB re 1 µPa2/Hz for locating ROIs
within the spectrogram (Fig. 3d).
The ROI algorithm has a few drawbacks preventing it

from being used as an arrival time picker for an earth-
quake location. When computing spectrograms, a com-
promise needs to be made between preserving tempo-
ral and spectral resolutions. As such, the 1 s temporal
resolution used in this study (Sec. 3.1) is insufficient
for comparing arrival times of an earthquake signal be-
tween hydrophones to determine its origin, but it al-
lowed for an improved spectral resolution of 0.5 Hz for
studying spectral characteristics of earthquakes. While
the algorithm was tuned to detect individual T-phase
signals, if the P- phases were observable in the spectro-
gram, they could merge with the T-phase to form a sin-
gle, extendedROIduring thebinarisationmasking stage
(resulting from amplitude being smoothed by the Gaus-
sian filter between the two phase signatures), which is

5 SEISMICA | volume 5.2 | 2026



SEISMICA | RESEARCH ARTICLE | T-phase detection in the Arctic Ocean

Figure 3 Processing stages for computing ROIs within a spectrogram, using a seismic event recorded at NERSC1 (on 12th
July 2020) as an example target. a) Original spectrogram. b) Application ofmedian threshold. c) Smoothing using a Gaussian
filter. d) Applying thebinarymask, highlighting regionswithin the spectrogramcapturedby thedouble threshold. e) Spectro-
temporal bounds (yellow box) and centroid (red cross) of the ROI captured.

not optimal for automated time of arrival calculations,
particularly if there were differences in which phases
were detected between hydrophones.
Computation of ROIs was limited between

1 and 130 Hz, covering the typical frequency range
for seismic signals, with an extended upper frequency
limit to accommodate potential variations (Williams
et al., 2006; Garibbo, 2023). A set of acoustic features
for the extent and centroid of each computed ROI
(Fig. 3e) were written to file: start time, end time and
duration (tstart, tend, T ), minimum and maximum
frequency and bandwidth (fmin, fmax, ∆f ), temporal
centroid (tc, from tstart), spectral centroid (fc) and
time-frequency area (Atf , i.e. T × ∆f ). Only ROIs
with fc < 60 Hz were counted for analyses, as there
were occasions where sudden increased background
noise or impulsive sounds would merge into sizeable
ROIs, centred above 60 Hz and clearly not associated
with seismic activity (Fig. S9). ROIs with an area ≤
25 bins2 were not counted as ROIs (a default filter in
scikit-maad.rois), although the majority of these would
be removed from the spectrogram during the Gaussian
smoothing stage.
Using a computer of modest performance (Lenovo

ThinkPad L14 Gen 3 with 12th Gen Intel® Core™ i7-
1255U, 1700 MHz, 10 cores, 2 logical processors, 16 GB
physical RAM), processing of a single 45-min recording
to compute both its spectrogram and the ROIs within
it would take between 10 to 20 seconds. The number
of ROIs computed within the spectrogram did not affect

speed significantly.

3.4 Statistical analyses

ROIs were computed across the CAATEX hydrophone
dataset, then compared to the manually-annotated
dataset, determining the number of True Positives, seis-
mic signals captured by the detector (‘TP’ in figures and
tables); False Positives, non-seismic activity captured by
the detector (‘FP’); and False Negatives, seismic signals
recorded in the manual catalogue but not captured by
the detector (‘FN’). Signals were counted separately be-
tween hydrophones, such that if seismic signals from a
single earthquake event were identified as ROIs across
all hydrophones, that would equate to three True Posi-
tives. A False Negative would be counted for a missed
annotated T-phase signal at one hydrophone (Fig. 2e),
regardless of whether the eventwas captured at another
hydrophone. ROIs clearly associated with seismic ac-
tivity but not corresponding to an entry in the manual
catalogue were still labelled as a True Positive and re-
ferred to as ‘new seismic activity’ in subsequent sections
(‘TPnew’). The number of True Negatives (‘TN’) was not
determined, as they would constitute all non-seismic
sounds in the hydrophone recordings along with back-
ground noise, which cannot be discretely defined in the
spectrogram. Performancewas assessed using the stan-
dardmetrics used for classification tasks, precision and
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recall, given by the equations,

Precision = TP + TPnew

TP + TPnew + FP
(1)

and Recall = TP

TP + FN
. (2)

Specifically, precision refers to the percentage of ROIs
attributable to seismic events, whereas recall refers to
the percentage of events in the manual catalogue cap-
tured by the ROI detector.
Principal Component Analysis (PCA) was used to de-

termine which acoustic features (Sec. 3.3) were best
at characterising seismic signals. This is a common
approach for dimensionality reduction, selected to re-
duce the acoustic features into a set of independent
‘Principal Components’ (‘PCs’, Jolliffe and Cadima 2016;
Greenacre et al. 2022), explaining the underlying vari-
ance in the dataset. Correlation scores between fea-
tures and Principal Components highlight which fea-
tures contribute most to the variance (high correlation
scores with PC1), and which are redundant (low corre-
lation scores with the first few PCs). From this, correla-
tions between individual acoustic features were made,
along with observing how well separated True Positive
detections were from False Positives. All acoustic fea-
tures were included in these analyses, except for tstart

and tend.
PSD spectra within the computed ROIs were com-

pared to background noise from their corresponding
recordings to assess the performance of the detector
under different noise conditions. The 95th-percentile
PSD spectra, representing maximal energy (Merchant
et al., 2015), were computed for individual ROIs within
their temporal bounds, and then for each recording,
with ROI sections removed. With this, periods of in-
creased background noise can be observed, as they
were deemed potential obstacles for the performance
of the detector. Maximum Received Level (RLmax)
was also measured for each ROI associated with seis-
mic activity, i.e., TP and TPnew, by measuring Broad-
band Sound Pressure Level within the spectro-temporal
bounds of the ROI. These RLmax values were then com-
pared to the signal qualities determined during the
manual annotation of the dataset.

4 Results

4.1 Detection performance: from manual
dataset to detections with ROIs

A total of 1,968 files, corresponding to 1,476 hours of
recording time, were processed both manually and au-
tomatically. To evaluate the algorithm’s performance
on seismic activity, the ROI detections were compared
to the earthquakes reported in the manual dataset. Out
of the 96 labelled earthquake events, 82 (85%) were
detected as True Positives within at least one of the
hydrophone recordings by the ROI algorithm (Fig. 4).
For the remaining undetected 14 events, 11 were cat-
egorised as False Negatives (11%) between all three
hydrophones, whereas 3 (3%) could not be processed
(Tab. 1; Fig. 4). Event 53 was not detected due to the

spectro-temporal bounds of the ROI capturing it to-
gether with Event 52. Events 27 and 43 were concur-
rentwith omitted parts of the recording (due to the ther-
mometry signal), whereas Event 78 atNERSC3wasmiss-
ing due to the lack of a file at this time. There were 6 oc-
currences of an earthquake signal being present at both
NERSC1 and NERSC3, but absent at NERSC2 (Events 35,
42, 49, 58, 69 and 94), i.e., unobservable when man-
ually inspecting spectrograms. These missing earth-
quake signals at NERSC2 are referred to as ‘Absent’ sig-
nals hereinafter.
The majority of phase types attributed to signals in

the manual dataset were in agreement with what was
detected by the ROI algorithm. Using both detection
methods, manual and ROI, the most representative
phase type among True Positives was T, especially in
medium and weak quality signals (Tab. 1; Fig. 2c-d). In
the manual dataset, more P_T signals were labelled in
comparison with the ROI detections, although the pres-
ence of P_T was highest in Strong signals. The high-
est discrepancy between ROI and manual labels was
found with P_T signals, independent of signal quality
andmooring (Tab. 1). A total of 22 signals were noted as
having both P- and T-phases in the manual dataset, but
with only the T-phase detected as an ROI. There were 10
P_T signals where the P-phase was detected as a sepa-
rate ROI. These P-phase detections were omitted from
the rest of the statistical analyses.

4.2 Detection performance: event detection
between hydrophonemoorings

Out of the 342 ROIs computed across the CAATEX
dataset (excluding the aforementioned 10 P-phase
ROIs), 201 were associated with T-phase signals labelled
in the manual dataset. After completing comparisons
with themanual dataset, the remaining ROIswereman-
ually inspected and categorised: 100 were associated
with non-seismic sounds, hence labelled as False Pos-
itives; and 41 were determined to be seismic related
and, hence, labelled as ‘new seismic activity’ (Sec. 3.4).
Among these, 7 occurred in temporal proximity to pre-
viously labelled T-phase signals (i.e., within the same
recording). It is therefore unclear whether they repre-
sent T-phases generated by a distinct new signal or a
secondary signatureof anannotatedT-phase signal. For
the present analysis, these 7ROIs are treated as separate
T-phase signals.
Overall, the detector had a precision of 71% and a re-

call of 74%, as shown in Table 2. However, the perfor-
mance varied significantly across the three selected hy-
drophones in terms of True Positives (TP), False Posi-
tives (FP), False Negatives (FN), newly discovered seis-
mic signals and absent signals. Highest precision was
achieved at NERSC1, with 92% of the ROIs computed
being associated with either known or new seismic
signals. At NERSC3, 76% of ROIs were seismic sig-
nals, since there was a notable increase in False Posi-
tives, lowering the precision of the detector at this hy-
drophone. Precision was much lower at NERSC2, with
only 53% of ROIs being seismic signals. Absent signals
were only reported in NERSC2 (Tab. 2; Fig. 4). The high-
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Figure 4 Summary of events logged in themanual dataset (x-axis) compared to what was detected by the ROI algorithm at
each mooring (y-axis). Moorings are listed from north (top) to south (bottom). True Positive (TP) occurrences are separated
by quality labels: Strong (dark orange), Medium (light orange) andWeak (yellow), alongside False Negative (FN) occurrences
(dark grey). ‘Absent’ (white) refers to occasionswhere an earthquake signalwasnot observable at that particular hydrophone
(by eye when inspecting the spectrogram) but was observable from other hydrophones. ‘N/A’ (hatched) refers to occasions
where an event at a particular hydrophone could not be processed.

Mooring Quality Manual
T

Manual
P_T Auto T Auto

P_T
Total True
Positives

NERSC1 Weak 22 3 25 0 25
NERSC3 Weak 34 7 39 2 41
NERSC2 Weak 24 6 29 1 30
NERSC1 Medium 16 9 24 1 25
NERSC3 Medium 17 7 23 1 24
NERSC2 Medium 14 5 17 2 19
NERSC1 Strong 1 13 6 8 14
NERSC3 Strong 0 14 8 6 14
NERSC2 Strong 2 7 5 4 9

Table 1 Comparison between manual earthquake signal annotations and True Positive detections by the ROI algorithm,
counted per hydrophone mooring and quality. Manual T: signals manually labelled where only the T-phase was present,
Manual P_T: signalsmanually labelled where both the P- and T- phases were present, Auto T: ROI detections comprising only
the T phase, and Auto P_T: ROI detections comprising the P- and T- phases combined; Total True Positives: total number of
True Positive signals found in both the manual dataset and by the ROI algorithm.

est recall of manually annotated seismic signals was
achieved atNERSC3,with 86%of the known signals cap-
tured, whereasNERSC1 andNERSC2had similar perfor-
mance in this aspect, recalling 69% and 67%, respec-
tively (Tab. 2; Fig. 4). Regarding newly discovered seis-
mic signals, NERSC3 had the highest count, followed
by NERSC2 and then the fewest new signals at NERSC1
(Tab. 2).

In terms of phase types and signal quality, True Posi-
tives were mainly represented byWeak T-phase signals
at all hydrophones except NERSC1, which had the same
number of detections in the Medium quality category
(Fig. 4; Tab. 1). NERSC2 recorded the fewest number of
T-phase signals of Medium quality, while NERSC3 had
the highest. Lastly, the highest number of strong P_T
signals was captured at NERSC1. The vast majority of
False Negatives were Weak T-phase signals, but there
were some outlying signal types missed: two Weak P_T
phase signals (one fromNERSC1 andNERSC2 each) and
one Medium quality T-phase signal (NERSC2). The ma-

jority of newly discovered seismic signals were repre-
sented by just the T-phase, although there was one in-
stance of both the P- and T-phases being combined into
one ROI along NERSC2. Signal qualities were not as-
signed to these new signals, but they were largely com-
parable toWeak annotated signals detected.

4.3 Variance of acoustic features

Findings from performing PCA on the ROI acoustic fea-
tures (from all hydrophones) are presented in Figure 5.
More than 90% of the variance within the dataset was
explained by the first three components (‘PCs’), 45.8%
of which was explained by PC1 alone (Fig. 5a). The fea-
tures fmax, ∆f and fc positively correlate and had com-
parable scores of around 0.5 for PC1 (Fig. 5b), while low
scores were found for the remaining features, with only
slight positive influence from Atf and fmin. A slight
negative contribution came from T and tc. In turn, PC2
accounted for 33.2% of explained variance within the

8 SEISMICA | volume 5.2 | 2026



SEISMICA | RESEARCH ARTICLE | T-phase detection in the Arctic Ocean

Mooring TP FP FN TPnew Absent Precision (%) Recall (%)
NERSC1 64 6 29 9 0 92 69
NERSC3 79 31 13 19 0 76 86
NERSC2 58 63 29 13 6 53 67
Total 201 100 71 41 6 71 74

Table 2 ROI classification counts (including ‘Absent’ signals, i.e. signals that were not observed at that particular hy-
drophone, but were observable at other hydrophones), precision and recall per mooring. The 10 ROIs associated with P-
phases have been excluded from this count.

acoustic features, with T , tc and Atf correlating sig-
nificantly and positively (scores around 0.5) (Fig. 5c),
whereas fmin had a less significant negative correlation
with the component. Other spectral features had negli-
gible influence on PC2. Finally, 12.2% of the variance
in the dataset was explained by PC3, with fmin strongly
correlating positively with the component, andwithmi-
nor positive influences from T , tc, and aminor negative
influence from ∆f (Fig. 5d).
As seen in the projection of PC1 against PC2 in Fig-

ure 5e, most True Positives were clustered towards the
origin of the PC1-PC2 projection, highlighting a level
of uniformity between True Positive detections. Outly-
ing True Positives in the positive PC1-positive PC2 space
were all P_T signals, which ended up having a wider
Atf and longer T from the phases coupling into one
ROI (presented in Figure S2 in the Supplementarymate-
rial). Newly detected seismic signals weremostly found
in the negative PC1-negative PC2 space, indicating that
they generally had lower fmin, narrow ∆f and short T
(Fig. 5e). Among these new seismic signals, there were
two anomalies, most notably the one far into negative
PC1-positive PC2 space, suggesting an extended T , and
theone far into thepositive PC1 space, alluding to awide
∆f and higher fmax and fc. The latter of these two ex-
amples is also the only occurrence where a ROI of new
seismic activity combined the P-phase of the T-phase
signal of a seismic event. Conversely, False Positives
were largely scattered away from the origin of the pro-
jection,meaning that their acoustic features deviate sig-
nificantly from the means of the dataset (Fig. 5e). Many
False Positives congregate in the negative PC1 space, in-
dicating that they predominantly occupy the lower fre-
quencies. Several False Positives spread out along the
positive PC2 direction as well, suggesting increases in T
and tc were common (Fig. 5e).

4.4 Distribution of key acoustic features in
the ROIs

Distributions of key acoustic features are presented as
histograms in Figure 6. True Positive signals were char-
acterised by T under 200 seconds (Fig. 6a), fmax around
50 Hz (Fig. 6b), and ∆f between 20 and 60 Hz (Fig. 6c).
Similarly, fc values averaged around 25 Hz. Finally, Atf

was generally below 20,000 s Hz (Fig. S3). Newly dis-
covered seismic signals were mainly defined by a re-
duced ∆f and lower fmax and fc (Fig. 6b-d), although
the distribution of T was comparable to that of True
Positive signals (Fig. 6a). The reduced spectral proper-
ties of these newly discovered signals are comparable

to the weak True Positive signals. As previously seen in
the PCA projection, there was a notable outlier among
the newly discovered signals, which features awide∆f ,
nearly 120 Hz, and correspondingly increased fmax and
fc, suggesting a stronger seismic signal that wasmissed
during the manual annotation process. For the False
Positive detections, values of T followed a similar dis-
tribution to what was observed for True Positives, al-
though some detections had longer T (up to 1,600 s;
Fig. 6a). Additionally, a different pattern was found in
the distribution of False Positive spectral values. Al-
though these were still distributed in the low ranges,
theyhad fmax and∆f maximumvalues lower thanwhat
was found forTrue Positives (around 10Hz and between
1 and 20 Hz, respectively; Fig. 6b, c). Also, the fc re-
sulted below 15 Hz, well separated from the one char-
acterising the True Positives (Fig. 6d). Lastly, True and
False Positive Atf values did not significantly diverge
(Fig. S3).

4.5 Influence of background noise on seismic
event detection

Levels of background noise varied throughout the de-
ployment of the three hydrophone moorings, as shown
in Figure 7. Notably, the high-pass filter applied in the
original recording has suppressed ambient noise below
7 Hz (Sec. 3.1); as such, the PSD values presented
at lower frequencies do not reflect the natural sonic
environment. Noise levels generally increased during
the winter period (late October 2019 to mid-May 2020;
Fig. 7a, c and e), whenwind-sea ice interaction is known
to influence the soundscapes to a greater extent (Tollef-
sen and Buen, 2022). Between September and Novem-
ber 2019, across all hydrophones, there was a notable
frequency band of baleen whale vocal activity around
20 Hz (Fig. 2c, d). During the recordings, there were pe-
riods of near-continuous tonal sounds (with harmonics)
below 20 Hz, attributed to flow noise (Fig. 2f). This phe-
nomenon was compared to time series data for hydro-
static pressure along the hydrophone moorings (pre-
sented and discussed in Sec. S7, Fig. S5). While not
all periods of increased hydrostatic pressure resulted in
these tonal sounds, periods where these sounds were
concurrent with increased hydrostatic pressure were
attributed to current-driven mooring pull downs (Tan
et al., 2025). Some context on what is known about
ocean currents in the region is given in Section S6 and
S7. NERSC1 was least affected by flow noise, likely due
to a different flotation device used, with mid-May 2020
being the only time with sustained self-noise (Fig. 7a).
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Figure 5 Findings fromPCA of ROI acoustic features. a) Explained variance of each component, with accumulated variance.
b-d) Plots of correlation scores of acoustic features for the first three principal components. e) 2D projection of the first prin-
cipal component against the second, with the influence of each acoustic feature represented by arrows. Blue circles, teal
diamonds and orange triangles represent True Positive seismic detections (TP), newly discovered seismic detections (TPnew)
and False Positive detections (FP) respectively.

Figure 6 Histograms comparing the acoustic feature distributions for True Positive seismic detections (TP, blue), newly dis-
covered seismic detections (TPnew, teal) and False Positive detections (FP, orange): a) duration, T , b) maximum frequency,
fmax, c) bandwidth, ∆f , and d) centroid frequency, fc. Lines represent probability density functions for the distributions.
Note that panel d) has amore restricted frequency range than panels b) and c), as computed ROIswith fc > 60Hzwere filtered
out as part of the detector procedure.

For NERSC3 and NERSC2, flow noise was more com-
mon between January and June 2020, raising noise lev-
els considerably between 2 Hz and 20 Hz (Fig. 7c and e).

Weekly counts of True Positives, False Positives and
False Negatives were compared to the variations in
background noise across the dataset (Fig. 7b, d and
f). Manually detected seismic signals were more con-
centrated towards the first five months of the deploy-
ment (60 out of 96 occurring before February 2020), with

counts of True Positives being higher during this pe-
riod across all hydrophones. False Negative counts did
not appear to have any correlation with increased back-
ground noise levels; rather, signals were missed largely
due to their signal quality. Flownoise affected thedetec-
tion performance forWeak signals, such as Event 59 be-
ing missed by the detector at NERSC2 due to flow noise
producing higher PSD levels. Event 68 was captured
at NERSC3, but the earthquake signature was concur-
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Figure 7 Long-term spectrograms and weekly event counts across deployments at (a-b) NERSC1, (c-d) NERSC3 and (e-f)
NERSC2. The 95th-percentile PSD spectra of each recording are presented along the spectrograms, with any parts occupied
by an ROI omitted. Weekly counts of True Positives (TP and seismic activity discovered by the detector, TPnew), False Positives
(FP) and False Negatives (FN) are presented here to allow for more direct comparisons with background noise levels across
the dataset.

rent with flow noise, resulting in the two phenomena
combining into a 1200-s long ROI. Intermittent sounds
from sea ice or marine mammals were effectively sup-
pressed during the pre-processing stages of the ROI de-
tector; hence, they did not influence its performance.
The main causes for False Positive detections have

been summarised inTable S1. False Positive counts vary
dramatically between hydrophones, with very few in-
stances at NERSC1 (Fig. 7b) compared to NERSC3 and
NERSC2 (Fig. 7d and f). Many of the False Positives oc-
curred during weeks when flow noise was present, with
at least 66 out of the 100 False Positives resulting from

segments of the flow noise being picked up by the de-
tector. ROIs comprising flow noise were characterised
by low spectral and, at times, extended temporal acous-
tic features. The next most common cause for False
Positive detections, linked to 20 instances, was due to
intermittent low-frequency tones (again < 20 Hz), ac-
companied by many harmonics. These signals were
more complex than the tonal flow noise, and while
generally rare during the deployment of CAATEX, this
phenomenon was observable at all hydrophones when
present. These unidentified sounds dominated record-
ings during the last few days of the deployment (23rd to
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26th July 2020). For the remaining False Positive detec-
tions, only one has a verifiable sound, caused by a brief
increase in background noise, which can occur during
wind-sea ice interactions.
Differences in the PSD spectra for background noise

and ROIs were compared, as summarised in the empir-
ical probability density (EPD) plots in Figure 8. A com-
parison of backgroundnoise spectra across theCAATEX
moorings andpreviousmeasurements of ambient noise
across the Nansen Basin by Ozanich et al. (2017) is pre-
sented in Section S8 and Figure S6. Background noise
(Fig. 8a) was largely stable when only natural sources
were present, with a broad peak at 20 Hz. The presence
of flow noise introduced increased low-frequency con-
tent peaking between 5 and 8 Hz. The spectra within
True Positive ROIs are uniform, with a peak typically
centred between 10 and 30 Hz (Fig. 8b), with increases
in received level of up to 50 dB for the strongest signal.
Most of the acoustic energy of seismic activity was con-
tained within the 3 to 50 Hz frequency band, although
some of the stronger signals resulted in increased levels
across higher frequencies. When observing False Posi-
tive ROIs spectra (Fig. 8c), the prevalence of flow noise
artefacts being capturedwithinROIs is highlightedwell,
with an increase in EPD at the 5 to 8 Hz peak shared
with the background noise spectra. Above 10 Hz, PSD
levels within False Positive ROIs resemble that of back-
ground noise, suggesting that even if the frequency ex-
tents of ROIs were extended during computation, the
majority of acoustic energy was focussed below 10 Hz
for most occasions. For ROIs associated with unanno-
tated seismic activity (Fig. 8d), the peak in PSD is less
pronounced, as this activity was generally weaker than
the majority of annotated events. The average centre
frequency of unannotated seismic ROIs dropped down
to between 10 and 15 Hz when compared to ROIs asso-
ciated with annotated seismic signals.

4.6 Received Level of T-phase signals and
comparisons to land station data

Maximum Received Levels (RLmax) were measured
within the spectro-temporal bounds of each ROI associ-
atedwithTrue Positive detections and newly discovered
activity. Boxplots of RLmax values per hydrophone are
presented in Figure 9, withTrue Positive detections split
further by their signal qualities (Sec. 3.2 and 4.1). Gen-
erally, RLmax measurements align with the signal qual-
ities determined during the manual annotation stage.
There is overlap in values across qualities in part due
to visibility of T-phase signal in the spectrogram, be it
obscured by background noise or flow noise, affecting
themanual annotation process. Note that the high-pass
filter applied during the recording of CAATEX (Sec. 3.1)
has likely led to slight underestimates of RLmax as en-
ergy from seismic signals below 7 Hz would have been
suppressed.
For True Positive detections, RLmax was on aver-

age highest at NERSC3 across all signal qualities. At
NERSC2, where T-phase signals were often labelled
with a diminished signal quality compared to the cor-
responding event at NERSC1 and NERSC3, RLmax val-

ues still cover the same range of values, with a notably
wider range for ‘Medium’ signal qualities. Interestingly,
despite there being fewer ‘Strong’ signals at NERSC2,
the range of RLmax values was comparable to NERSC3.
There were 6 occasions where RLmax for ‘Strong’ T-
phase signals exceeded 130 dB re 1 µPa. These were as-
sociated with Events 52 (RLmax = 135.1 dB re 1 µPa at
NERSC1) and 89 (RLmax = 140.8 dB re 1 µPa at NERSC3).
For newly discovered seismic activity, the range of

RLmax values across hydrophones was significantly
different. At NERSC1, which had the fewest num-
ber of newly discovered seismic ROIs, the major-
ity of RLmax values were within a narrow range of
101 to 106 dB re 1 µPa. RLmax values were notably
varied at NERSC2, ranging from 95 to 123 dB re 1 µPa.
Nonetheless, across hydrophones, the majority of
newly discovered ROIs shared similar RLmax values to
the ‘Weak’ at the respective hydrophone. With the am-
plitude thresholds selected for this study, the lowest
RLmax for a seismic signal was 94.7 dB re 1 µPa, associ-
ated with a newly discovered seismic ROI at NERSC1.

5 Discussion and conclusion
Across the manual dataset, 85% of the annotated earth-
quake events recorded during the CAATEX experiment
were successfully detected by the ROI algorithm from
at least one hydrophone. Detection performance varied
among the three hydrophone moorings mainly due to
the quality of the observed T-phase signals. Seismic ac-
tivity was best recalled at NERSC3, where most labelled
T-phase signals were identified as ROIs. More T-phase
signals were missed at NERSC1 despite similar signal
quality to NERSC3, while NERSC2 received attenuated
signals that made some T-phases undetectable even by
manual inspection. When comparing the performance
of the ROI algorithm, the highest precision was notably
achieved at NERSC1, with fewer False Positive detec-
tions than NERSC2 and NERSC3. This was due to noise
conditions, particularly below 20 Hz, being lower at
NERSC1. Across all three hydrophones, nearly all an-
notated T-phase signals missed by the algorithm (False
Negatives) were characterised as having weak signal
quality during the annotation stage (excluding one of
medium quality). Interestingly, the phase type found in
both manual and automatic methods depended on sig-
nal quality. The majority of the weak earthquakes fea-
tured only the T-phase, whereas stronger earthquakes
would commonly feature both the P- and T-phases,
hence labelled as P_T signals. Strong and Weak quality
signals differed in their amplitude maximum values by
around 10 dB re 1 µPa2/Hz, affecting which phase types
were detectable. The capability of multiphase detec-
tion (P_T) is an indirect, yet interesting outcome of the
ROI algorithm. While T-phases remain the most com-
mon phase type recorded (Dziak et al., 2004; Okal, 2008;
Ingale et al., 2025), moored hydrophones can also de-
tect solid-earth P-phase converted into hydroacoustic
phases (Dziak et al., 2004; Sohn and Hildebrand, 2001;
Pulli and Upton, 2002). To our knowledge, the relation-
ship between signal quality (strength) and the observ-
ability of earthquake body phases in spectrograms has
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Figure 8 Empirical probability density plots (EPD) of the 95th percentile PSD spectra (PSD95) across all hydrophones.
PSD95 values (y-axis) are plotted on a set of histograms along the frequency axis (x-axis) to describe the recordings statis-
tically. a) Background noise spectra, taken from sections of the recordings which lie outside the temporal bounds of ROIs.
b) Spectra of seismic ROI detections (True Positives, TP). c) Spectra of non-seismic ROI detections (False Positives, FP). d)
Spectra of newly discovered seismic activity identified as ROIs (TPnew).

not been explored in previous studies.
The algorithm was able to identify additional seis-

mic activity that was not found during the manual an-
notation stage. These occurrences were characterised
by weak signal quality and were mainly recorded in
NERSC3 and NERSC2, which may have resulted from
manual annotation being completed only on NERSC1.
This highlights two interesting aspects of the study. The
first is that annotating acoustic datasets can be a time-
consuming part of analysis; the ROI algorithm can be
used to identify T-phases across unlabelled recordings,
thereby assisting the annotation process, provided that
the signals are above the amplitude thresholds used.
The second aspect relates to the nuanced seismic activ-
ity in the Nansen Basin. Despite the three hydrophones
being in fairly close proximity to each other, there were
several occasions where T-phase signals would be re-
ceived at some hydrophones but not others, and also
instances of the T-phase signals associated with one
earthquake appearing with different envelopes across
hydrophones. Thus, the direct link between True Pos-
itive ROI detections (TP) and the newly discovered seis-
mic activity (TPnew) should be carefully interpreted. It
is known that T-phase signals can split intomultiple sig-
nals during propagation, particularly due to reflections
off the seafloor, sea surface or underside of sea ice; as
such, the same T-phase may present multiple arrivals
recorded by the hydrophone (Pulli and Upton, 2002).
Beyond event detection, the ROI algorithm’s analysis

of the temporal and spectral characteristics of seismic
signals highlighted clear differences between True Pos-

itive and False Positive detections and provided addi-
tional evidence supporting the seismic activity identi-
fied. From the PCA analysis, the spectral features (max-
imumfrequency, bandwidth and spectral centroid) con-
tributed the most to explaining variance in the dataset,
disentangling the majority of False Positives (mainly
from flow noise) from True Positives. It is also visible
in the PCA projection how the unlabelled seismic ROIs
diverged from the False Positives, albeit with someover-
laps and outliers. This aspect is also noticeable when
observing distributions of the spectral features. Unla-
belled seismic ROIs were mainly characterised by nar-
rower bandwidth in comparison to True Positive detec-
tions. Despite that, analysis of Power Spectral Density
confirmed how True Positive detections were clearly
characterised by having their energy included mainly
between 3 and 50Hz, peaking between 10 and 30Hz, ac-
cordingly with previous studies of T-phases (Fox et al.,
2001; Bohnenstiehl et al., 2002; Okal, 2008). Stronger
signals had a higher fmax as a result of high-frequency
components of the signal being well retained during
propagation. This can also be seen in observations of
maximum Received Levels measured within seismic-
related ROIs. Signal quality labels assigned during the
annotation stage, while partly dependent on visibility
of T-phase signals against background noise, generally
correlated with Received Levels. The highest values
of Received Levels encountered were all belonging to
‘Strong’ T-phase signals. New seismic signals discov-
ered by the algorithm had Received Levels largely com-
parable to ‘Weak’ True Positive detections. The high-
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Figure 9 Boxplots of maximum Received Level measured within the temporal and spectral bounds of ROIs. Boxplots rep-
resent the True Positive (TP) detections separated by hydrophone (ordered northernmost to southernmost), then separated
further by signal quality (deduced during the manual annotation of seismic signals, see Sec. 3.2 and 4.1). Seismic activity
discovered by the ROI algorithm (TPnew) is represented with an additional boxplot per hydrophone. Box limits contain the
25th to 75th percentiles of Received Level values, with thehorizontal line representing themedian. Whiskers are placedat data
points closest to 1.5× IQR (interquartile range) above and below the box limits. Outlying values from the whisker ranges are
represented by crosses (‘x’). The number of ROIs included in each boxplot, taken from Tables 1 and 2, are also given.

pass filter at 7 Hz applied during the original recording
of data for CAATEX partly limits analyses of amplitude
of received seismic signals. Still, the results of this study
demonstrate how the ROI algorithm can be utilised to
calculate Received Levels of seismic signals.
When comparing the findings of the current hydroa-

coustic study to the earthquakes detected from the
NNSN land Station network, notable differences in the
activity recorded were observed. When considering the
16 earthquakes observed by land stations during the ac-
tive recording periods of CAATEX, only 5 events were
observable (from visual inspection of spectrograms) in
the hydrophone recordings from CAATEX. Out of these
earthquake events observed using bothmethods, only 3
had associatedEvent IDs: Events 52 and 89, theT-phases
of which had the highest Received Levels observed; and
Event 79, which was observed as a weak signal (max-
imum Received Level of 107 dB re 1 µPa) despite be-
ing recorded as a 4.0 magnitude earthquake at the land
stations. The remaining two earthquakes had associ-
ated T-phase signals, but these were discovered by the
ROI algorithm at NERSC2 and NERSC3, and were not
observed at NERSC1. A summary of earthquakes ob-
served by the NNSN land station network, along with
details of associated T-phase signals, when applicable,
is given in Section S5 and Table S2. It should be noted
that, aside from Events 52 and 89, the other 14 earth-

quakes observed by the land stations were distributed
in the Fram Strait (Fig. 1). Given that some earthquakes
(Event 79 and the two events with unlabelled seismic
ROIs) originated from this region and were observed
by the CAATEX hydrophones, there are several possible
explanations for why the other earthquakes may have
been missed by the hydrophones. The detectability of
T-phase signals is dependent on how efficiently they are
generated (Bottero et al., 2020), along with the com-
plexity of the ocean structure in the region (Sec. S6;
Fig. S4). The Arctic Ocean is distinguished by a shal-
low sound speedminimum (Diachok, 1976; Sagen et al.,
2016, 2017; Hope et al., 2017; Worcester et al., 2020),
leading to T-phases experiencing more complex prop-
agation paths (Sohn and Hildebrand, 2001; Blackman
et al., 2000; Schlindwein et al., 2005) than what occurs
along the SOFAR channel in mid-latitude ocean waters
(Ingale et al., 2025; Fox et al., 2001; Dziak et al., 2004).
It is worth considering that other factors, such as fault
mechanism, source depth, seabed properties, and lo-
cal bathymetric features (seafloor slopes and topogra-
phy), can influence how efficiently seismic energy cou-
ples into the water, hence affecting the detectability of
T-phase signals of a given earthquake (de Groot-Hedlin
and Orcutt, 2001; Okal, 2008; Lin et al., 2014; Bottero
et al., 2020; de Melo et al., 2021; Takemura et al., 2024).
The algorithm and its preprocessing steps were op-
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timised for detecting T-phase signals within a com-
plex Arctic underwater soundscape. Thus, a compro-
mise had to be made between limiting the number
of False Positives and False Negatives. The weakest
earthquake signals would appear on spectrograms with
shorter durations and narrower bandwidths, with am-
plitudes only just above background noise levels, so
they were not sufficiently retained during preprocess-
ing. With the current procedure, the weakest seismic
signal that was identified by the ROI algorithm had Re-
ceived Levels of 94.7 dB re 1 µPa. T-phase signals of
duration < 5 s and bandwidth < 2.5 Hz, within the ker-
nel size of the Gaussian filter applied to spectrograms,
may have been partly erased from spectrograms during
the pre-processing stages, but this was not the reason
why any labelled T-phase signals were missed by the al-
gorithm. The high-pass filter applied during recording
would have also suppressed seismic signal components
below 7 Hz, which may have impeded the algorithm in
identifying weaker signals. Currently, earthquake mag-
nitudes cannot be derived from the ROI dataset, as the
locations of the earthquakes recorded by hydrophones
but not by the land stations remain unknown. More-
over, without the source-receiver distance, it is not pos-
sible to calculate a precise Source Level to correlate it
with magnitude. This aspect will be the subject of fu-
ture studies.
Nevertheless, these pre-processing steps were effec-

tive in removing short, non-seismic sounds from the
spectrogram, as there were no instances of biophony,
such as the 20-Hz baleen whale calls (Vacquié-Garcia
et al., 2017;Duengen et al., 2022), or discrete cryophonic
sounds (crack transients or tones), withstanding the
smoothing step and being processed as an ROI. Some
cryophonic sounds, mainly increases in background
noise due to wind-ice interaction, were identified as
ROIs initially, but then discarded using the < 60Hz spec-
tral centroid filter (Sec. S10; Fig. S10). The majority of
False Positives across the dataset were caused by low-
frequency (< 20 Hz) continuous tones, which were asso-
ciated with flow noise. When present, the noise would
often withstand the pre-processing stages of the detec-
tor, remaining as a large area of increased PSD along
the spectrogram, and hence falsely detected as an ROI.
Identification of this phenomenon as flow noise was
supported by measurements of hydrostatic pressure at
the CAATEX moorings (Sec.S7; Fig. S5). While it is be-
yond the scopeof this study to further explore themech-
anismresponsible for this noise, its presencewas linked
to periods of increased hydrostatic pressure likely due
to mooring pull-downs driven by the ocean currents.
An adaptive filtermay be considered to remove the flow
noise, but furtherworkwould be needed to characterise
its frequency content (including harmonics) against hy-
drostatic pressures and current speeds. Aside from one
False Positive linked to a brief increase in background
noise, the sources of the remaining False Positives have
yet to be identified fully, and may be either external
sounds or mooring related.
Overall, when compared to existingmethods, the key

strengths of the ROI algorithm are the ability to iden-
tify seismic signals against a variety of environmental

noise conditions, as well as extracting spectral charac-
teristics of the signal, which cannot be obtained with
temporal-based detectors. Despite the wide usage of
STA/LTA (Short-Term-Average/Long-Term-Average) and
template matching for detecting seismic signals, both
methods present some limitations. STA/LTA works well
for impulsive arrivals with a high signal-to-noise ra-
tio, but it can fail to detect weak earthquakes and per-
forms poorly in complex noise conditions (Vaezi and
van der Baan, 2015; Yoon et al., 2015). Template match-
ing mainly identifies repeated signals matching a spe-
cific waveform, reducing its general applicability. As
an alternative, the ROI algorithmpresented in this work
shows robustness in handling a large variety of T-phase
signatures (from impulsive broadband short transients
to long-lasting spindle-shaped phases) once the spec-
trogram has been de-noised using simple preprocess-
ing techniques. An innovative aspect of the algorithm
is that it employs few parameters: the kernel size of the
Gaussian filter and two amplitude thresholds, allowing
greater flexibility in its applicability and the potential to
identify previously undetected seismic activity.
While using a manually labelled catalogue as a

ground truth may have some inherent limitations, the
ROI algorithm is not constrained by a specific dataset
characterising only a certain seismic signal type. More-
over, the dataset created to test the detection per-
formance was compiled by a single human expert
(MA), thereby reducing the potential label ambigu-
ity and inter-annotator disagreement that could occur
whenmultiple annotators label datasets (Raumer et al.,
2024b). One limitation of spectrogram-based detectors
is the lack of accuracy for seismic phase arrival. So
far, due to the reduced time resolution in spectrograms
(1 s set in the current work), the ROI algorithm cannot
be used for phase-picking and, in turn, for event loca-
tion. The detections made by the algorithm, however,
can be used to compute signal envelopes, to determine
the time of arrival of T-phases and locate the triggering
event.
For monitoring seismic activity with T-phase signals

recorded by hydrophones, Matsumoto et al. (2006) de-
scribed a time-domain detection algorithm. Although
the processing of real-time datasets is attractive, the
detector found a high number of False Positives (52%)
and False Negatives (25%), mainly due to the impact
of diverse sound environmental conditions. Although
studies exploring ML methods for detection of seismic
events in seismometer data have been published (re-
viewed in Kubo et al., 2024), fewer works reported the
use ofML tools forT-phase detections fromhydroacous-
tic data (Sukhovich et al., 2014; Raumer et al., 2024b).
Overall, whilst promising results have been obtained,
ML methods remain computationally demanding, with
outcomes difficult to interpret (Guidotti et al., 2018).
An initial limitation for ML detectors is their sensitivity
to the input data. An explicative example comes from
the work of Sukhovich et al. (2014), where an STA/LTA
trigger was used to detect P- and T-phases as the first
step. Afterwards, identification of seismic signatures
was completed using an ML tool trained on a sub-
set of collected signals (i.e. T-phases, P-phases, ship-
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generated sound, and iceberg sounds). Limitationsmay
be present in both steps; the use of only STA/LTA for de-
tectionmaymiss signals, and the applicability of theML
tool is constrained to the specific environmental noise
conditions encountered. In contrast, the ROI algorithm
is user-friendly, featuring only a few parameters and
modular steps which can be replaced (e.g. different ap-
proaches for noise removal).
To test how the ROI algorithm would perform under

different soundscape contexts in detecting regional and
teleseismic earthquakes, the benchmarking datasets
presented by Raumer et al. (2024a) were used for this
purpose. Hydroacoustic datasets from HYDROMOMAR
(mid-Atlantic Ocean) and OHASISBIO (southern Indian
Ocean) were considered, both available publicly on
IFREMER’s data store. All 82 of themanually annotated
T-phase signals across these two datasets were success-
fully identified by the ROI algorithm, without adding
any changes to the procedure or parameters (i.e., ampli-
tude thresholds) presented in the current work. A sum-
mary of results for this benchmarking test is given in
Section S9 and Figures S7-9. The use of additional filters
or cluster analysis could, however, be recommended to
disregard unwanted ROIs when they arise and improve
the overall detector performance.
This study presents a ‘proof of concept’ of detect-

ingmicroseismic signals in hydroacoustic data using an
ROI algorithm as a standalone detector, using record-
ings from the Nansen Basin. Focus has been placed on
observing the T-phase of seismic signals, which were
manually labelled by an expert annotator and sum-
marised in a test dataset. The detector performs com-
parably well to the manual annotator, quantifying tem-
poral and spectral features and offers an opportunity to
discover new seismic activity that was neither recorded
by the land stations nor manually annotated in the hy-
drophone datasets. The ROI detector has applications
in the preliminary screening of recordings, providing
a consistent automated procedure to accelerate anno-
tation of datasets with minimal assumptions about the
characteristics of incoming seismic signals. Further,
the ROI detector can strengthen ML techniques to de-
fine a classifier for seismic activity, using either acous-
tic features or the signal itself as training data. This
combination of techniques highlights a robust solution
to further explore earthquake properties generating T-
phase signals, particularly for remote regions with di-
verse seismic activity.
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