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SUMMARY

The 2022 Hunga Tonga-Hunga Ha‘apai (HTHH) eruption highlighted the need for moni-
toring submarine volcanoes. Distributed Acoustic Sensing (DAS), utilizing existing seafloor
cables offers a promising solution. We analyze a one-week DAS dataset recorded in
February 2023, one year after the eruption, using a 30-km segment of the domestic
telecommunication cable in Tonga. The previous study (Nakano et al.[2024) analyzed the
data for relatively large local earthquake events with clear P- and S-phases. This study fo-
cuses on unclear and small events, plenty of which are included in the data. Our objective
is to create a comprehensive event catalogue and distinguish HTHH-related activity from
tectonic earthquakes at the Tonga Trench. We introduce a new method to identify tempo-
rally sustained events and distinguish them from brief incoherent noise. We define a new

parameter to represent the duration of sustained signal energy, with which we automati-
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cally pick events. This method successfully detects a total of 770 events, many of which
are missed by conventional methods that detect the sudden increases in amplitude. The
result also reveals a stable seismicity rate of approximately 110 events per day. To deter-
mine their origin, we estimate the apparent slowness of each event using a robust method
combining 2D Normalized Cross-Correlation and linear fitting. We find more events with
positive slowness values, which correspond to arrivals from the HTHH volcano direction,
than those from the Tonga Trench (negative slowness). The result suggests that a signifi-
cant fraction of the detected small earthquakes originate from the HTHH volcanic system,
indicating that the volcano or its surrounding magmatic system maintains a high level of

seismic activity one year after the major 2022 eruption.

Key words: Distributed acoustic sensing, Volcano monitoring, Ocean-floor seismic ob-

servations

1 INTRODUCTION

The January 2022 eruption of the Hunga Tonga-Hunga Ha‘apai (HTHH) volcano in the Tongan
archipelago highlighted the importance of monitoring submarine volcanic activity. Although seismic
observation is essential for the monitoring of volcanic activity, no seismic stations were operational in
Tonga at the time of the eruption(Garza-Girdn et al.|2023}; Kintner et al.|2023)). The seismic network
in Tonga is being revived, but the installation and maintenance of stations on remote islands are costly
challenges. Furthermore, there are a few accessible islands near the HTHH.

Distributed Acoustic Sensing (DAS) observation, utilizing submarine telecommunications cables,
may offer a more practical and economical solution to this problem. DAS technology, which uses a
single fiber-optic cable as a dense array of seismic sensors, has recently emerged as a transformative
tool for seismology, offering high spatial density. Researchers have successfully apply DAS to monitor
diverse volcanic activity and environments. For instance, studies have demonstrated its capability in
detecting and characterizing signals at active land volcanoes such as Mount Etna (Jousset et al.|2022;
Currenti et al.|2021)), Stromboli (Biagioli et al.[2024), and Azuma (Nishimura et al.|2021} 2025), as
well as in challenging volcano-glacial settings, including beneath glaciers in Iceland (Klaasen et al.
2021)).

These applications have enabled the detailed analysis of volcano-tectonic earthquakes, volcanic

tremor, and explosive events (Nishimura et al.|2021)). DAS is also used to resolve seismic structures
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Volcanic-like earthquakes in Tonga DAS data 3

(Fukushima et al.[2022; [Miyazawa[2024). Recently, DAS has also been applied to monitor underwater
volcanic degassing (Caudron et al.[2024), demonstrating its strong potential for monitoring of targets
in severe environments, including remote submarine volcanoes like HTHH. For example, observations
by Nakano et al.[(2024]) and Nakano et al.|(2026)) aimed to capture volcanic earthquakes occurring from
submarine volcanoes.

Nakano et al.|(2024) conducted a one-week preliminary DAS observation using the existing sub-
marine domestic telecommunications cable in Tonga. Their study showed that while DAS data had
high noise levels in shallow coral reef areas, the noise significantly decreased in deeper water, indicat-
ing its suitability for deep-sea seismic observations. Nakano et al.|(2024)) determined the hypocenters
of 17 earthquakes by picking P- and S-wave arrival times from this one-week DAS dataset and onshore
seismometer data. Although many of them were tectonic events related to the Tonga Trench, one event
was located beneath the HTHH crater, suggesting that volcanic activity at HTHH may had continued
since the 2022 eruption. However, their analysis was limited to relatively large and clear events. To un-
derstand the activity at HTHH one year after the eruption, it is necessary to comprehensively capture
the smaller earthquakes within the data.

This study aims to create a detailed seismic event catalogue from the same one-week DAS dataset
used by [Nakano et al.| (2024) by applying a more sensitive detection method to comprehensively
capture faint signals. Furthermore, we attempt to estimate the arrival directions of the detected signals
using the DAS array’s characteristics in order to distinguish whether they originate from the HTHH

volcano or the Tonga Trench.

2 DATA

This study analyzes the Distributed Acoustic Sensing (DAS) data obtained by (Nakano et al.|[2024),
who performed the DAS observation on a roughly 30-km-long segment of a submarine telecommuni-
cations cable in the Kingdom of Tonga (Fig.[I). The segment was available for sensing because it had
been unused after the damage caused by the eruption of the Hunga Tonga-Hunga Ha’apai (HTHH) vol-
cano in January 2022. The observation was performed for one week in February 2023, approximately
one year after the eruption.

The DAS data consist of optical phases continuously recorded at a sampling frequency of 312.5
Hz with a channel spacing of 2m, from which we obtain a high-resolution view of the strain field
along the cable using a gauge length of 30 m (Nakano et al.|2024).

Our analysis focuses specifically on the 3-km portion at the seaward end of the 30-km-long seg-
ment (Fig. [Ib). The first 20 km of the cable from the land-based interrogator sits on a shallow coral

reef (Fig. [Tk), which is heavily influenced by ocean surface waves and local ship traffic. Beyond this
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Figure 1. Map of the study area and the DAS cable configuration.

(a) Regional map showing the location of the Hunga Tonga-Hunga Ha‘'apai (HTHH) volcano (triangle) and
the submarine cable system (thin lines). The approximately 30-km-long ‘Observed segment’ is highlighted
as a thick line. The ‘Eruption break’ (a cross) indicates where the cable was severed by the January 2022
HTHH eruption, and the ‘Repair cut’ (a diamond) indicates the subsequent artificial cut made to facilitate repair
operations.

(b) Zoomed-in map of the cable path. The hollow black rectangle highlights the 3-km ‘Analyzed segment’ at
the seaward end of the cable. This section is approximately straight.

(c) Bathymetry profile along the cable. The horizontal distance axis corresponds to the distance markers shown
along the cable path in panel (b). The profile illustrates that the cable is situated in very shallow water for the
first approximately 20 km before the seafloor deepens rapidly.

The bathymetry data are from the GEBC0O2024 grid (GEBCO Compilation Group||2024), and the volcano

location is from the Global Volcanism Program (Global Volcanism Program|2025).

shallow region, the seafloor deepens sharply (Fig. [Ic), where some sections appear to be poorly cou-
pled with the seabed, resulting in high noise levels (Nakano et al.|2024). The last 3-km portion on a
deep gentle slope exhibits the highest data quality and signal-to-noise ratio, making it the most suitable
for the detailed analysis of small seismic events described in the following sections.

Hereafter, we define the array of strain time series as d(t, ch), where t is time and ch is the channel
index. This dataset consists of 1460 (= N_;,) channels at 2-m intervals, covering the range of 27-30 km
from the landing station. The channel index increases from the landward side to the seaward side.

To evaluate our analysis methodology, we utilize a set of known events determined by Nakano

et al.|(2024).
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Volcanic-like earthquakes in Tonga DAS data 5
3 METHODS

Volcanic earthquakes, particularly long-period (LP) events associated with fluid transport, are char-
acterized by dominant low-frequency components in the 0.5-5 Hz range (Chouet 2003} Iguchi &
Nishimura 201 1; [Konstantinou|2024). However, DAS data tend to exhibit high noise levels in this spe-
cific frequency band (Nakano et al.[2024). Therefore, as a compromise to balance capturing the target
signals against the high noise floor, a Butterworth band-pass filter between 2 and 4 Hz is selected and

applied to d(t, ch) prior to the analysis.

3.1 Event Detection

We aim to detect weak volcanic signals that are likely to be missed by conventional detection algo-
rithms, which are often tuned for distinct, high-amplitude earthquakes. To this end, we implement and

evaluate several automated detection algorithms.

3.1.1 Classic STA/LTA Methods

Short-Term Average / Long-Term Average (STA/LTA) methods are widely used in seismological stud-
ies, including our previous study (Nakano et al.|2024])). They have also been applied to detect volcanic
events from DAS data (Klaasen et al.[2021};|Biagioli et al.|2024). We test two standard STA/LTA meth-
ods: the single-channel STA/LTA method (Allen||1978)) and the Network Coincidence Trigger method
(Withers et al.|[1998)). The latter declares an event only when the STA/LTA trigger condition is met
on more than a minimum number of channels across the array nearly simultaneously. The condition

reduces the false detections caused by noise in individual channels.

3.1.2 Lower-Envelope Method

We design a new method targeting events with emergent or slow onsets. First, we compress the squared
array data, d(t, ch)?, (Fig. [2), to a single time series, Pred(t), that is the median power across all the

N¢p, channels:

Puea(t) = median [d(t, ch)?]. (1)

We take the median values to effectively suppress spatially incoherent noise and call Pyeq(t) *median
power’. It has a physical unit of squared strain and is thus dimensionless. Second, we track the baseline
fluctuations of the background noise by computing a lower "envelope’ of Pyeq(t). Here, the "envelope’
is not such a formal envelope as derived from a Hilbert transform but consists of the minimum value
of Phped(t) in a 101-sample window sliding with time. Events are then identified by applying a simple

thresholding trigger to the lower-envelope waveform.
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6  S. Nakao et al.

3.1.3 Duration-based Method

We design another method to identify temporally sustained events and distinguish them from brief
incoherent noise. We define a new parameter for calculating the STA/LTA ratio to detect events based
on the duration of sustained signal energy, rather than a sudden increase in amplitude.

First, we calculate the median power, Ppeq(t), as above using eq. . Next, which is the core of
the method, we transform Ppq(t) into a ”duration” waveform, Dur(t), in the following two steps, as

illustrated in Fig.[2b and c.

(i) Defining a Threshold: A dynamic threshold, Piesh(t), is established by computing a moving

average of Pped(t):

1 t+Tavg/2
thesh(t) = T /t Ton/2 Pmed(T)dTa ()
avg —Lavg

where Ty, is the window length (60 s). Piresh(t) provides the threshold that adapts to long-period
variations in the background noise level (Fig. [2b).

(ii) Calculating Duration: The algorithm then calculates a duration waveform, Dur(t):

min{7 > 0 | Ppea(t +7) < Presh(t + 7)1},
Dur(t) = if Pred(t) > Piresh(t), 3)
0, otherwise.

It represents the duration from any given time, ¢, when Pyed(t) > Pihresh(t) to the time when Ppeq(t)

next drops below Presn(t) (Fig. [2k).

Then, we apply a 0.1 Hz low-pass filter to Dur(t) to smooth out minor fluctuations and con-
solidate event durations into a final characteristic function, C(¢). Specifically, we use the impulse

response, h(t), of the fourth order Butterworth low-pass filter:
o
C(t) = Dur(t) x h(t) = / Dur(t)h(t — 7)dr. 4)
—00
Finally, we apply the standard STA/LTA algorithm to C'(¢), to detect events (Fig. ). The STA/LTA
ratio, R(t), is given by:

1 t
R(t) _ Tsta ftt_TSTA C(T)dT
1 )
Tita L*TLTA C(T)dT

where Ts74 = 20 s and T4 = 240 s. We pick an event time when R(t) rises above a threshold,

o)

which we set 2.5. We represent the n-th event time by ¢". We do not distinguish events occurring
within one minute.

After the event detections, we cut d(t, ch) from 30 s before to 45 s after the event time, ", for
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Figure 2. Procedural steps of the duration-based event detection algorithm. (a) The input 2D seismic power data
as a function of channel and time. The black triangles indicate the final detection times determined in panel (d).
(b) The median power across all channels (grey line, P,,.4(t)), creating a single time series that is robust against
spatially incoherent noise. A 60-s moving average is then computed (blue line, Pypesn(t)) to define a dynamic
threshold that adapts to long-period variations in the background noise.

(c) The “duration”, a new parameter (grey line, Dur(t)), calculated as the time for which the median power
continuously exceeds the dynamic threshold from (b). The duration time series is then low-pass filtered (orange
line, C(t)) to smooth out short-term fluctuations.

(d) The characteristic function from applying a classic STA/LTA algorithm (black line, R(t)) to the filtered
duration signal from (c). An event is triggered when the function exceeds the predefined threshold (dashed

line).

each event, which we call an event array, d" (¢, ch). When we limit the frequency range, a band-pass

filter is applied to the longer data before cutting the event array to avoid the edge effects.

3.2 Apparent Slowness Estimation

We estimate the apparent slowness of each event array, d"(t, ch), extracted by the Duration-based

Method. We develop a new method for estimating inter-channel time delays for the stable estimation
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Figure 3. Workflow of the apparent slowness estimation method using 2D Normalized Cross-Correlation (NCC)
and RANSAG, illustrated with a representative seismic event.

(a) Processed Data & Template Location. The 2D envelope of the preprocessed data (1-10 Hz bandpass) for
the 3-km array segment. Dashed rectangles indicate the locations identified for the P-wave (red) and S-wave
(green) templates.

(b) 1D Power Profile & Phase Detection. The median power across all channels (blue line), used to detect
phase arrivals. The P-wave (red) is identified by an SNR threshold, while the S-wave (green) is identified by its
prominent peak. The circle marks the peak, and squares mark the onsets, which are used as the temporal centers
for the templates. S-wave onset (green square) is equivalent to ¢]).

(c) NCC Map & Slowness Fit. The resulting NCC similarity map was computed using the template from (a).
The algorithm extracts the optimal travel-time path (cyan line) by finding the maximum NCC score within
a search window at each channel, followed by median smoothing. A robust linear fit is then applied to the
smoothed path using RANSAC (magenta line) to determine the apparent slowness (e.g., 0.290 s/km for this

event).
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Volcanic-like earthquakes in Tonga DAS data 9

of the slowness. It consists of three main steps: (1) automatic peak detection, (2) 2D Normalized
Cross-Correlation (NCC), and (3) robust linear fitting using RANSAC (Random Sample Consensus).

Here, we use the frequency range of 1-10 Hz, in which we obtain good NCC scores.

3.2.1 Automatic peak detection

The raw DAS data is contaminated by coherent noise that appears simultaneously across all channels.
This noise is likely attributed to instrumental sources, such as mechanical vibrations of the interrogator
or opto-electronic fluctuations, which exhibit an effectively infinite apparent velocity across the array.
In contrast, the seismic signals of interest propagate along the array with finite apparent velocities,
resulting in time delays between channels. Since the seismic phases are not synchronized across the
array at any given instant ¢, their contribution to the spatial mean is minimized due to destructive in-
terference. Therefore, we apply a common-mode noise removal process to enhance the signal-to-noise
ratio. This process assumes that subtracting the spatial mean at each time step removes the simultane-
ous noise while preserving the propagating seismic signals. The operation is defined as follows:
d"(t,ch) = d"(t,ch) — mean [d"(t,ch)]. (6)
ch=1...N_p,
Then, we compute the envelope of d™ (¢, ch) for each channel, using the Hilbert transform, which we

denote d7,,,

(t, ch) for the n-th event.

We also calculate the median power time series, P .

(t), using eq.(1) for d"(t, ch). We identify
the major energy peak of P"

" q(t) by searching for local maxima that satisfy constraints on mini-

mum height (above the 65th percentile), peak prominence (based on the 85th percentile), and peak

separation (at least 3.0 s). The onset time ¢; is defined as the last time index ¢ < fpqx satisfying:
P;rlled(t) S Pbase + 0.2 x (P;;Lled(tpeak) - Pbase)v (7)

where Py, is the pre-event noise level(Fig. [3b).

3.2.2 Normalized Cross-Correlation

We extract an array of 1000 time points x 100 channels of d,,,,

(t,ch) centered at (¢, N.j,/2), which
we use as the template of the n-th event, dj;,,, (Fig. ).

We then compute the Normalized Cross-Correlation (NCC) between the template and the individ-
ual 100-channel sub-arrays of the entire d7,, (¢, ch) using OpenCV’s(Bradski|[2000) fast matchTem-

plate function. This process generates a 2D similarity map of the n-th event, NC C;}mp(r, ch), where T
represents the time lag and ch denotes the channel position. The NCC value at a given location (7, ch)

is calculated as follows:
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NCCy,,, (T, ch)
opet Sget (d’;mp< 9) = diynp) (Ao (7 + prch+q) — 1)
mn n 7\ 2
\/21000 100 dtmp( tmp \/21000 100 denv (7_ + D, ch + q) - I)

where p and ¢ serve as the temporal and spatial indices, respectively, within the template and sub-

)

arrays. dtmp denotes the mean value of the template, and I represents the mean value of the local
sub-array of d,,, covered by the template at position (7, ch). This zero-mean normalization ensures
robustness against amplitude scaling and DC offsets.

A waveform from an ordinary earthquake has a P-wave phase before the main oscillation with
S-waves. PhaseNet algorithm has been proposed and used to automatically pick the onsets of the P-
and S-phases (Zhu & Beroza|2019; |Baillet et al.2025). However, volcanic earthquakes do not neces-
sary exhibit clear P- and S-phases. Therefore, we focus on the main oscillation part, assuming it is an
S-wave. When a noticeable preceding phase exists, we use competitive template matching in the fol-
lowing way to avoid the contamination of the P-wave. We define the preceding phase onset, ¢, as the
first time index where the smoothed median power time series exceeds a signal-to-noise ratio (SNR)
threshold based on the pre-event noise level. The threshold is defined as fiy05se + Q0 noise, Where finoise
and 0y,0;se are the median and standard deviation of the initial 15 s baseline window, and « is the SNR
parameter (set to 1.5). Using a template array centered at (t;l, N,p,/2), we calculated another similarity
map, NCC?.. .. (T, ch). We reduce the correlation scores in the "Main’ map, NCC}, (7, ch), to its

pmap map

30 % at each location (7, ch) where NCC} . (1,ch) < NCCY,

map pmap

(7, ch). This step ensures that the
subsequent path-finding focuses only on energy clearly associated with the "Main’ phase (Fig. 3k).
To extract the travel-time path from the similarity map, we define a limited search window centered
around the expected arrival time, assuming an apparent velocity larger than 1 km/s. We then find the
time lag, Tynqz(ch), of the maximum NCCy, (7, ch) within this window for each ch. The extracted

path, 7,4, (ch), may contain local jumps due to noise. We apply a median filter with the window size

of 21 to smooth the path.

3.2.3 Linear fitting

Finally, we perform a weighted linear regression on the smoothed path using the RANSAC algorithm
(Fischler & Bolles|1981). The NCC score at each path point is used as the weight for the fit. RANSAC
effectively identifies and excludes outliers if any remain after the above-mentioned median filtering.
The final linear fit is performed using only the inlier data points identified by RANSAC to determine

the robust slope (slowness, in s/km) and intercept.



203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

Volcanic-like earthquakes in Tonga DAS data 11

Table 1. Comparison of detection algorithm performance over a 24-hour test period. The duration-based method

demonstrates the highest F1-score, indicating the best balance between precision and recall.

Method TP FP FN Precision Recall FI1-Score

STA/LTA 58 23 17 0.716 0.773 0.744
Lower-Envelope 55 5 20 0.917 0.733 0.815
Duration-based 71 7 4 0.910 0.947 0.928

TP: True Positives, FP: False Positives, FN: False Negatives.

3.3 Amplitude Calibration Model

To establish an empirical relationship between the observed amplitude and the magnitude of the event,
we used the major energy peak of P . (t) (defined in Section 3.2.1) as the amplitude A.

To fit the data to a seismological attenuation model, we first converted the strain amplitude A
to velocity amplitude A,. This conversion was based on a plane-wave approximation, where A is
multiplied by the apparent velocity (Wang et al.2018). Although Trabattoni et al.| (2023) point out
that this approximation limits the correct conversion to only dominant phases and does not preserve
relative amplitudes between phases with different velocities, it has been shown to be effective for
magnitude estimation based on dominant phases.

We fitted the data of the known events from [Nakano et al.| (2024) to an empirical relationship
(eq. [9) based on a generalized seismological attenuation model, which assumes negligible anelastic
attenuation. The model for the velocity amplitude A, at a hypocenter distance r from an earthquake

of magnitude M is expressed as:
log;o(Ay) = 0.85M — 1.731og () + ¢, )

based onWatanabe| (1971)). We performed a linear regression using our dataset (A,, M, r) to solve for

the constant offset term c.

4 RESULTS
4.1 Event Detection

Table[T|compares the performance of the three automatic methods explained in Section 3.1 (STA/LTA,
lower-envelope, and duration-based) with a manually picked catalogue for a 24-hour period on Febru-
ary 7, 2023. We evaluate their performances by the F1-score, which measures the balance between the

precision and recall. The results show that the duration-based method achieves the F1-score as high as
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Figure 4. Twenty-four-hour drum plot of Pp,,. (7 February 2023). Each row shows one hour. Upward triangles

mark automatic triggers (black: True Positive; red: False Positive); blue x mark False Negative.

0.941, which is the highest of the three methods. Figure 4) demonstrates the excellent performance of
the duration-based method. We therefore use it for the analysis of the full dataset.

Applying the duration-based algorithm to the entire one-week observation period yields a cata-
logue of 770 discrete events. The cumulative number of events increases almost linearly with time,
indicating a persistent and stable rate of seismicity of approximately 110 events per day. No significant

temporal clustering or swarm-like activity is observed during this period.
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Figure 5. Histogram of apparent slowness estimated for the S-wave or unidentified phases detected in this study.

A positive slowness value indicates a wave propagating from higher to lower channel numbers.

A new catalogue includes the 770 events, with the onset time (¢7), the major energy peak of

P’Il

" q(t), and other results from the subsequent analyses (Supplementary material).

4.2 Apparent Slowness Estimation

We apply our NCC and RANSAC methods to estimate the apparent slowness for the Main phase of the
770 events. Figure [5] shows the distribution of the apparent slownesses. The distribution is unimodal
and broad. The modal bin (the peak of the histogram) is not centered at O s/km, but rather lies in the
positive slowness range of 0.07 to 0.20 s/km (150 counts), and the distribution shows a clear skew
towards positive slowness values.

We evaluate the accuracy of the slowness estimation by the ratio of the inlier points accepted by
the RANSAC algorithm, the residual of the linear fitting, and the amplitude of each event. These pa-
rameters are included in the catalogue (Supplementary material). We have confirmed that the slowness

distribution shape does not depend on these accuracy measures.

4.3 Amplitude Calibration

Figure[6fa) compares the velocity amplitude (A,) distribution, derived from the major energy peak of

b q(t) (Section 3.2.1), of the new catalogue with that of the earthquake events analyzed by
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Figure 6. Amplitude analysis of known seismic events used for calibration.

(a) Histogram of log; A, for all 770 detected events (grey) and the subset of known, catalogued events (blue).
The known events represent the higher-amplitude portion of the overall seismicity.

(b) Predicted versus observed RMS amplitude for the known events, based on the fitted attenuation model
described in the text. The points cluster around the 1:1 reference line (dashed), indicating a good model fit.

(c) Contour map of the fitted amplitude-distance-magnitude relationship (background color). Circles show the

observed data points from the known events, coloured by their observed log10(amplitude).
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et al.[(2024). The histogram of the new event catalogue is strongly skewed towards low amplitudes,
highlighting that the majority of the 770 events are weak earthquakes.

We fit the velocity amplitudes (A,) of the events in the previous catalogue (Nakano et al.|[2024)
to the attenuation model (eq. [9) described in Section 3.3. Using the A, values derived from this study,
along with the magnitude M and distances r from Nakano et al.|(2024)), we performed a linear regres-
sion to solve for the constant offset term c. This model provides a robust first-order fit to the data, as
shown by the comparison between predicted and observed amplitudes (Fig. [6b).

We use this fitted model (eq. [9) to create the amplitude-distance-magnitude relationship shown in
Fig. [f[(c), which contextualizes the amplitudes of our newly detected events. The colors show the A,
amplitudes expected by the model. The observed amplitude-distance-magnitude relationship for the
known events (circles colored by their A,) are also plotted, demonstrating the consistency of the data
with the model. The purpose of Fig.[6|c) is to infer the magnitudes of the events in our new catalogue.
We see that the modal log;,( A, ) of -1.5 (Fig. @a) corresponds to an earthquake of approximately M1.3

if they occur at a 50 km distance, or M2.0 at a 100 km distance, according to our model.

S DISCUSSION

Our study demonstrates that the high spatial density of DAS plays a critical role in detecting small
and unclear volcanic earthquakes. Conventional detection methods often struggle with low-amplitude
signals due to high background noise levels on individual channels. However, by leveraging the dense
spatial sampling of DAS (1460 channels over 3 km) 4, we were able to compute the spatial me-
dian power, P,,.4(t)5. This process effectively suppresses spatially incoherent noise6, significantly
enhancing the signal-to-noise ratio compared to single-point observations.

The apparent slowness distribution of the S-wave (or unidentified phases) for the detected events
(Fig. [5) shows a broad shape, having a peak near 0 s/km. The distribution is asymmetric, with more
events observed having positive slowness than those with negative slowness. The apparent slowness,

Sapp» and the angle of incidence, 0, has a relationship,
Sapp = Strue COS 0, (10)

where St 1 the slowness determined by the S-wave velocity of the medium, and # = 0 is defined as
the seaward direction along the cable. Based on eq. (I0) we can interpret the slowness to the direction
of signal arrival.

We assume that the events, detected in this study, consist of signals from at least two distinct
sources: (1) tectonic seismicity from the Tonga Trench, which is one of the most seismically active

subduction zones, and (2) activity originating from the HTHH volcano or its vicinity. Negative slow-



16 8. Nakao et al.

= (@) Computational vs Geometric
| ,/
:;" ---- |deal Match -’é 100
u % Earthquake beneath HTHH
o 027 ¢ Kknown events
E o ®
m '
o /,O
c ,/
i ’
E 0.0 ’, 80
. #
Q. ,"
< o @,
|'U s
5 o ./
2028
£ 60 £
T T T T T T o
© -0.2 0.0 0.2 s
o
@
— a
§ (b) Observed vs Geometric €
< P 40 &
ks s B
S 02 o
£ e
@) ol
: ;
&
s F20
E 0.0 ® ;
= @
g ? e
c f’
g ’ I,I O
2 _0.2- e
g /’ —-0
@ i
E 17
] - . - - '
Ju -0.2 0.0 0.2
o)

Geometric Apparent Slowness (s/km)
(Assumed Vs = 3.0 km/s)

Figure 7. Comparison of apparent slowness values calculated by different methods.

Relationships between geometric apparent slowness (x-axis) and (a) the computational apparent slowness (y-
axis), calculated using the ObsPy TauP toolkit (Crotwell et al.|[1999) with a 1D velocity model from
(2003), and (b) the observed apparent slowness (y-axis), derived from the inverse of the measured array
velocity. In both plots, event depth is indicated by color. Black dashed lines represent the ideal 1:1 match.

Gray dotted lines in (b) connect the corresponding y-axis values from plot (a) to plot (b) for the same event,
illustrating the deviation of inferred slowness from model-based slowness. Event numbers are shown as labels

for each data point.
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axis) with the angle inferred from apparent velocity measurements (y-axis), assuming a reference velocity of
Virue = 3.0 km/s. Colors indicate the focal depth of each event. The vertical red dashed line marks the relative

direction of the HTHH volcano (15.8°). Gray dotted lines denote deviation intervals of 15°.

ness indicates propagation from the lower to the higher channel numbers (see caption of Fig. [5). For
our DAS array, which is oriented at an azimuth of approximately 325°, measured clockwise from the
North, negative slowness corresponds to the azimuths of arrival from 55° to 135°. The events with
negative slowness likely originate from the Tonga Trench earthquakes. On the other hand, events with
positive slowness propagate from the opposite directions, where active volcanoes in Tonga exist, in-
cluding HTHH at ~ 340°. Waves from HTHH arrive nearly parallel to the array (end-fire, § ~ 15°),
meaning their apparent slowness s, should be close to the true slowness s, that is the possible
maximum absolute value (observed as a positive value in this case).

We examine the interpretation of the slowness to the source direction more quantitatively, using the
known regional earthquake source locations from the catalogue by Nakano et al.| (2024). We calculated
a “computational apparent slowness” from each source using the TauP toolkit (Crotwell et al.[1999)

based on the P-wave velocity structure of Crawford et al.| (2003) with an assumed constant V,,/Vy =
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1.73. The P-wave model linearly connects 1.8 km/s, 3.0 km/s, and 6.0 km/s at the depths of 0, 0.8,
and 4.9 km, respectively. Alternatively, we use the geometric incident angle from each source as 6 in
eq. @ with an assumed S-wave velocity of 3.0 km/s (s¢rye = 0.33 s/km) to estimate 54y, Which
we call “geometric apparent slowness.” Figure [7(a) compares the “computational apparent slowness”
and “geometric apparent slowness”. They show good agreement, especially for relatively shallow
earthquakes. The result confirms that the simple geometric model is a reasonable approximation for
interpreting slowness values in relation to source directions in this study.

Next, Figure [7(b) compares the above “geometric apparent slowness” with the “observed slow-
ness” obtained by the NCC-based method (section to evaluate the accuracy of the method. The
errors are significant for the two points with geometric apparent slowness close to zero. Their observed
values have large absolute values with opposite signs. The other events with larger absolute values of
apparent slowness exhibit better agreement between the observed and geometric values. The earth-
quake whose hypocenter was located directly beneath HTHH (Nakano et al.|2024) has a large positive
apparent slowness (the geometric value of 0.32 s/km and the observed value of 0.23 s/km). Therefore,
it is important to have a good resolution for large apparent slowness.

We convert the slowness values on both axes in Fig. [7(b) to the angles using eq. (I0) and present
them in Fig. [§to compare the "Inferred Relative Angle” (derived from the observed slowness) with
the ”Actual Relative Angle” (derived from the geometry). This comparison revealed the significant
angle discrepancies for some events. The discrepancies do not depend on the event depth or distance.

The errors in the geometric angles or slowness values from the actual incident angles are likely
inherited from the uncertainties in the S-wave velocity structure and the cable orientation. On the other
hand, a plausible error source of the “observed” angles or slowness values is a potential contamination
from P-wave coda. Even if we tried targeting only the S-wave phases, the contamination could have
degraded the quality of the S-wave template used for the NCC analysis, especially in events with short
P-S times.

The majority of the 770 events we newly detected were unclear events for which P- and S-phases
could not be clearly separated, in contrast to the clear seismic events used for the validation. This
unclear characteristic may reflect the nature of volcanic seismicity (e.g., long-period events or tremor),
which is often characterized by low-frequency content and less distinct onsets.

The slowness estimates for these unclear events inevitably include some error. Nevertheless, we
consider the sign (positive or negative) and the order of magnitude (near zero or large) of the estimated
slowness to be sufficiently robust for broadly classifying the wave’s arrival direction (e.g., “Trench-
side” vs. "THTHH-side”).

The slowness distribution (Fig. [5) shows that our data contains signals from multiple source re-
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gions. Many events may be associated with the background seismicity of the Tonga Trench. However,
we infer that the events with large positive slowness have their origin near the HTHH volcano. The
result of the amplitude calibration (Fig. [6)) indicates that their magnitudes are as large as M 1. If all of
these events are from the HTHH, the volcano was generating tens of M1-class events per day. One of
the most significant findings of this study is that the HTHH (or its surrounding magmatic system) may

have maintained a high level of seismic activity even one year after the 2022 eruption.

DATA AVAILABILITY

The event catalogue and median power data of 3-km-long analyzed section(Pyeq(t)), and the code to
reproduce Figs. 2 and 4-8 are available in the GitHub repository at https://github.com/dasvlc/
Supplementary. The location data of the cable is subject to confidentiality agreements with Tonga

Cable Ltd. and cannot be publicly shared.
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