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Summary  10 
The accurate location of tectonic tremors helps improve understanding of their underlying 11 
physical processes. However, current location methods often do not statistically evaluate 12 
uncertainties to a satisfactory degree and do not account for potential biases due to 13 
subsurface structures not included in the model. To address these issues, we propose a 14 
novel three-step process for locating tectonic tremors. First, the measured time- and 15 
amplitude differences between station pairs are optimized to obtain station-specific 16 
relative time and amplitude measurements with uncertainty estimates. Second, the time– 17 
and amplitude–distance relationships in the optimized data are used to roughly estimate 18 
the propagation speed (i.e., shear wave velocity) and attenuation strength. Linear 19 
regression is applied to each event, and the resulting velocity and attenuation strength are 20 
used for quality control. Finally, the tremor location problem is formulated within a 21 
Bayesian framework where the model parameters include the source locations, local site 22 
delay/amplification factors, shear wave velocity, and attenuation strength. The Markov 23 
chain Monte Carlo algorithm is used to sample the posterior probability and is augmented 24 
by a parallel tempering scheme for an efficient global search. We tested the proposed 25 
method on ocean-bottom data indicating an intense episode of tectonic tremors in 26 
Kumano-nada within the Nankai Trough subduction zone. The results show that the range 27 
of the 95% confidence interval is typically <7 km horizontally and <10 km vertically. A 28 
series of experiments with different inversion settings reveals that adopting amplitude 29 
data and site correction factors help reduce random error and systematic bias, respectively. 30 
Probabilistic sampling allows us to spatially map the probability of a tremor occurring at 31 
a given location. The probability map is used to identify lineaments of tremor sources, 32 
which provides insights into structural factors that favor tremor activity.     33 
 34 
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Seismicity and tectonics 37 
 38 
1. Introduction 39 

Tectonic tremors, considered as a swarm of low-frequency earthquakes, constitute 40 
a broad spectrum of slow earthquakes together with very low-frequency earthquakes and 41 
slow-slip events. They were first discovered in southwestern Japan (Obara, 2002) and 42 
have since been identified at subducting plate interfaces worldwide (Araki et al., 2017; 43 
Brown et al., 2005; Nishikawa et al., 2019; Payero et al., 2008; Plata-Martinez et al., 44 
2021; Rogers, 2003; Todd et al., 2018; Yamashita et al., 2015). Slow earthquakes, 45 
including tectonic tremors, release seismic energy over a long time considering their 46 
magnitudes, which indicates that they may be governed by different physical processes 47 
than regular earthquakes (Ide et al., 2007). Owing to their proximity to the rupture areas 48 
of megathrust earthquakes, slow earthquakes have drawn significant attention for their 49 
potential to deepen our understanding of future devastating earthquakes (Obara & Kato, 50 
2016).  51 

  The accurate location of tectonic tremors is vital to understanding the slip 52 
behavior of plate interfaces. The spatiotemporal evolution of tectonic tremors has several 53 
unique but ubiquitous characteristics. First, tremors occur episodically, with their 54 
epicenters migrating parallel to the subduction margin, which indicates the simultaneous 55 
occurrence of slow-slip events. Second, tremors occasionally back-propagate against 56 
their main front at distinctly high speeds, known as rapid tremor reversal (e.g., Houston 57 
et al., 2011). Third, streaks of tremors in the dip direction of the subducting plate have 58 
been observed (e.g., Ghosh et al., 2010). These spatiotemporal patterns of tremors can 59 
constrain the frictional properties of the plate interface (Rubin, 2011), underlying physical 60 
processes (Cruz-Atienza et al., 2018), and structural factors that cause tremors (Ide, 2010). 61 

The signals of tectonic tremors emerge without a clear phase onset, which makes 62 
locating them using the same methods as for regular earthquakes impractical. A common 63 
approach is the envelope correlation method (e.g., Mizuno & Ide, 2019; Obara, 2002), 64 
which cross-correlates enveloped seismograms between pairs of stations and assumes that 65 
the resulting time lag represents a difference in S-wave travel time. Optimization methods 66 
can then be applied to determine the source locations that best explain the measured 67 
arrival time differences. Another approach is to use the amplitude (e.g., Husker et al., 68 
2012; Ogiso & Tamaribuchi, 2022), although such techniques are more widely used for 69 
locating volcanic tremors rather than tectonic tremors. Because seismic waves lose energy 70 
during propagation, the spatial pattern of amplitudes can provide clues about source 71 
locations. However, this approach requires knowledge of attenuation structures and local 72 
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site amplification, which typically necessitates additional analysis. Some studies have 73 
used a joint approach that combines both time- and amplitude-based methods, where the 74 
different datasets are often weighted subjectively (Maeda & Obara, 2009). 75 

Despite the importance of investigating the source locations of tectonic tremors, 76 
many studies have not formally estimated the uncertainties associated with these locations, 77 
with only a few exceptions (e.g., Bombardier et al., 2023; McCausland et al., 2010). The 78 
lack of uncertainty estimation increases the risk of misinterpreting results. Accurately 79 
estimating the uncertainties of tremor locations requires considering the statistics of the 80 
input measurements in the data domain (i.e., time and amplitude domains) and then 81 
converting them into the spatial domain by forward calculation. Uncertainties in the 82 
structure model used for the forward calculation must also be considered to prevent 83 
systematic biases. Such uncertainties in structures would be severe for offshore studies 84 
targeting shallow tectonic tremors (e.g., Yamashita et al., 2015). Typically, the seafloor is 85 
covered with unconsolidated sediments. Such near-surface structures amplify the 86 
amplitude and delay the arrival of seismic waves, and the degree of this effect varies 87 
according to the geographic location. 88 

To address the above issues, we propose a three-step method for locating tectonic 89 
tremors and estimating their uncertainty, which we applied to real tremor data obtained at 90 
Kumano-nada in the Nankai Trough subduction zone as a demonstration.  91 
 92 
2. Data 93 
     We collected data from a seismic network at Kumano-nada in the Nankai Trough 94 
subduction zone, where the Philippine Sea plate subducts beneath the fore-arc margin. As 95 
shown in Fig. 1, the network comprises 16 permanent cabled stations from the Dense 96 
Ocean Network for Earthquake and Tsunamis (DONET) (Kaneda et al., 2015; Kawaguchi 97 
et al., 2015) and 15 ocean-bottom seismometers (OBSs) temporarily installed from 98 
September 2019 to June 2021. All OBSs were equipped with three-component short-99 
period velocity sensors with a natural frequency of 1 Hz. The network includes two micro 100 
subarrays (SHM6 and SHM7) each comprising five OBSs. 101 
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 102 
Figure 1. Tectonic setting and station arrangement of the study area. The red squares are 103 
permanent DONET stations, and the yellow circles are temporary ocean-bottom 104 
seismometers (OBSs), which include two micro subarrays (SHM6 and SHM7) each 105 
comprising five OBSs with a separation distance of ~2.5 km (right panels). The inset 106 
shows the configuration of tectonic plates around Japan, where the red square encloses 107 
the study area. 108 
 109 

Intense episodes of slow earthquakes, including tectonic tremors and very low-110 
frequency earthquakes, repeatedly occur in this region at intervals of ~5 years (e.g., 111 
Takemura et al., 2022). The latest episode began on December 6, 2020, and persisted for 112 
approximately 2 months (Ogiso & Tamaribuchi, 2022) within the observation period of 113 
the OBSs. We collected data from a 85-day period including this episode, from December 114 
6, 2020 to February 28, 2021. 115 
     To detect tectonic tremors, we preprocessed continuous seismic waveform data as 116 
follows. First, 300-s time segments were successively extracted from the continuous data 117 
with 50% overlap. The extracted time series were corrected for instrument response, de-118 
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trended, tapered, 1–10 Hz bandpass-filtered, and converted to envelopes via the Hilbert 119 
transform. We then smoothed the resulting envelopes with a 6-s triangular filter and 120 
merged the two horizontal components by using the root sum squared method. We did not 121 
use the vertical component because shear waves dominate the seismic records of tectonic 122 
tremors. Finally, the data were decimated from 100 to 1 sample per second. 123 
     Every 150 s, we evaluated the existence of tremor signals in the subsequent 300-s 124 
time segment by calculating inter-station cross-correlation. This involved cross-125 
correlating the 300-s envelopes over a lag time from -150 to 150 s for each station pairs, 126 
and we deemed a tremor detected if the maximum value in the cross-correlation function 127 
exceeded a threshold for at least 300 station pairs. The threshold was set uniquely for each 128 
station pair, based on the 98th percentile of the histogram of correlation values (Fig. 2a). 129 
Fig. 2(b) summarizes the resulting thresholds from all station pairs. In general, smaller 130 
station separation distances corresponds to higher thresholds, with values spanning from 131 
0.38 to 0.84. This detection analysis was conducted on approximately 50,000 sets of 132 
envelopes, leading to the identification of 34,068 tremor events.  133 
 134 

 135 
Figure 2. (a) Histogram of cross-correlation values for the station pair SHM3 and SHM7c. 136 
The dashed line indicates the 98% percentile, which is used as the detection threshold. 137 
Note that the envelopes were subtracted by their mean amplitude before calculating the 138 
cross-correlation function, and thus the correlation value can be negative. (b) Detection 139 
threshold by cross-correlation value against the separation distance between stations. The 140 
red star corresponds to the station pair SHM3 and SHM7c, which is shown in (a). 141 
 142 
     We recognize inherent limitations of the above detection process. First, the 143 
detection process cannot distinguish the origin of high correlation values, which could 144 
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stem from various sources, such as distant earthquakes, artificial sources from seismic 145 
survey, or even random environmental noise. The high number of detections likely 146 
indicates a number of false detections of such non-tremor signals. Second, the detection 147 
process assumes a maximum of one tremor occurring within a 300-s time segment. 148 
Multiple tremors in a single time segment may lead to an unreliable source location in the 149 
later inversion analysis. However, we emphasize that the quality control process proposed 150 
later in Section 3.2 has the potential to alleviate these two issues by quantitatively 151 
evaluating wave propagation patterns. The other issue is that a single event may be 152 
detected twice due to the 50% overlap of adjacent time segments. This redundancy can 153 
be resolved after determining the source location.  154 
 155 
3. Method 156 

Our proposed method has three steps. Step 1 is to optimize measurements from 157 
station pairs such as the arrival time difference and logarithmic amplitude ratio, which 158 
outputs the relative arrival time and logarithmic amplitude ratio at each station along with 159 
their respective uncertainties. These uncertainties are obtained from the redundancy in 160 
the station pair measurements and can be incorporated in the final inversion stage to 161 
acquire uncertainties in the spatial domain. Step 2 is to extract the first-order features of 162 
wave propagation from the optimized station-specific data: the propagation speed and 163 
attenuation strength. These features are then used as quality control factors to retain good-164 
quality data. Step 3 is to invert the station-specific data and their uncertainties for 165 
hypocenters by using the Markov chain Monte Carlo (MCMC) algorithm in a Bayesian 166 
framework. To address biases from unknown structures, we jointly solve multiple 167 
hypocenters and include structural parameters and the associated correction factors in the 168 
model parameters. 169 

 170 
3.1. Step 1: Optimization of arrival time and amplitude differences 171 

The unclear phase onset makes direct measurements of the arrival times of tectonic 172 
tremors a challenge. A widely used alternative approach is to use cross-correlation to 173 
measure the arrival time difference between station pairs (e.g., Obara, 2002): 174 

Δ𝑡 arg max 𝑢 𝑡 𝑡 𝑢 𝑡 , 1  175 

where 𝑢 𝑡  is an envelope waveform recorded at the 𝑖th station and Δ𝑡  is the arrival 176 
time difference between the 𝑖th and 𝑗th stations. This approach only works when the two 177 
waveforms are sufficiently similar. If the waveforms differ (e.g., due to different 178 
propagation paths), the measured arrival time difference can deviate from the true value. 179 
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In addition, a high level of noise can easily pose artificial peaks in the cross-correlation 180 
functions. Once the arrival time difference is obtained, the amplitude ratio between the 181 
two envelopes is defined as follows:  182 

Δ𝑎
∑ 𝑢 𝑡 Δ𝑡 𝑢 𝑡

∑ 𝑢 𝑡 𝑢 𝑡
. 2  183 

This definition corresponds to the maximum likelihood estimation (MLE) of the 184 
amplitude ratio between two similar waveforms (Appendix A). The numerator has already 185 
been calculated to find the maximum of the cross-correlation function in Equation (1), so 186 
it does not require additional computation. Other definitions than Equation (2) may be 187 
used for the amplitude ratio, such as the squared sum (Maeda & Obara, 2009) or median 188 
value (Li et al., 2022). The obtained amplitude ratios are converted to amplitude 189 
differences by taking the logarithm so that they can be treated mathematically in the same 190 
manner as the arrival time differences: 191 

Δ𝑎 ≡ ln 𝛥𝑎 ln
∑ 𝑢 𝑡 Δ𝑡 𝑢 𝑡

∑ 𝑢 𝑡 𝑢 𝑡
. 3  192 

The above process yields 𝑁 𝑁 1 /2 pairs of measurements, where 𝑁  193 
is the number of stations. Individual pair measurements are dependent on other pairs 194 
(i.e., Δ𝑡 ∼ Δ𝑡 Δ𝑡  ). In other words, the 𝑁 𝑁 1 /2  measurements 195 
inherently include redundancy. We may optimize this redundancy by solving a linear 196 
system (VanDecar and Crosson, 1990):  197 

⎝
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, 4  198 

where 𝑡 ⋯ 𝑡  denote the relative arrival time of a tremor signal at each station. A 199 
regularization condition is added to the bottom row that imposes a zero-sum requirement 200 
on the relative arrival times (i.e., ∑ 𝑡 0). This regularization condition enables 201 
us to solve the system of Equation (4) in terms of 𝑡  in the least-square manner, but 202 
the resulting arrival times are only relative to other stations. Noting that Δ𝑡 0 from 203 
Equation (1), the least-square solution is given as follows (VanDecar & Crosson, 1990):  204 

𝑡
1

𝑁
Δ𝑡 . 5  205 

     This optimization reduces the redundant measurements of 𝑁 𝑁 1 /2 206 
arrival time differences between station pairs to 𝑁   station-specific relative arrival 207 
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times. The original redundancy provides insights into the uncertainty in the relative arrival 208 
times; in essence, relative arrival times would have larger uncertainties if the original 209 
arrival time differences (i.e., Δ𝑡 ) are inconsistent among station pairs. For example, the 210 
standard deviation of the error on 𝑡  can be calculated as the sum of squared residuals 211 
associated with the 𝑖th station (VanDecar & Crosson, 1990): 212 

𝜎
∑ Δ𝑡 𝑡 𝑡

𝑁 2
. 6  213 

It is important to note that Equation (6) provides conservative estimates of uncertainty, 214 
where relative arrival time is assumed uncertain only for the 𝑖th station. In other words, 215 
measurement error in Δ𝑡   is attributed solely to the 𝑖 th station. Alternatively, if we 216 
assume that all stations have the same degree of uncertainty, the magnitude of 217 
𝜎 decreases by 1/√2  compared to the estimate provided by Equation (6). In this 218 
study, we adopt the conservative definition given by Equation (6) to minimize the risk of 219 
overinterpretation.  220 

Similar equations hold for logarithmic amplitudes: 221 

𝑎
1

𝑁
Δ𝑎 , 7  222 

and 223 

𝜎
∑ Δ𝑎 𝑎 𝑎

𝑁 2
, 8  224 

where 𝑎   is a relative logarithmic amplitude at the 𝑖 th station, and 𝜎   is the 225 
corresponding standard deviation.  226 

In the later Bayesian inversion in Section 3.3, the relative arrival time (𝑡 ) and 227 
amplitude (𝑎 ) are used as input data, and the standard deviations (𝜎  and 𝜎 ) 228 
are used for calculating the likelihood.  229 

Fig. 3 demonstrates the effectiveness of the proposed method when applied to an 230 
example event. The envelopes exhibit improved waveform alignment after being shifted 231 
in time by the optimized values (Fig. 3a) and comparable amplitude levels after being 232 
scaled in amplitude (Fig. 3b). We found that the proposed optimization works well with 233 
good-quality data that shows high signal-to-noise ratios across the entire network. Typical 234 
failures involve an insufficient signal level at some stations, which results in poor 235 
temporal alignments by cross-correlation (Fig. S1). Such poor-quality data, even if 236 
present at only a few stations, can distort the optimized solution significantly because the 237 
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optimized solutions given by the arithmetic mean (i.e., Equations (5) and (7)) are not 238 
robust against outliers. This sensitivity to poor-quality data requires an automatic and 239 
objective process to reject ill-optimized results, as proposed in the next section.  240 
 241 

 242 
Figure 3. Tremor envelopes of a specific event. (a) Envelopes normalized by the 243 
maximum amplitude at each station. The black trace represents the original envelope, and 244 
the red trace is time-shifted by 𝑡  in Equation (5). The station names are listed along 245 
the vertical axis. (b) Envelopes that hold amplitude information. The red trace shows the 246 
time-shifted envelopes in the same way as (a), and the blue trace is amplitude-scaled by 247 
𝑎  in Equation (7). 248 
 249 
3.2. Step 2: Wave propagation-based quality control 250 

The optimization in Step 1 is useful for capturing seismic wave propagation 251 
intuitively. In cases where the optimization is successful and not affected by outliers, the 252 
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relative arrival times and amplitudes exhibit a concentrated pattern when viewed on a 253 
map where the center approximates the epicenter, as shown in Fig. 4. We can use this 254 
pattern to obtain time–distance and amplitude–distance relationships, which in turn can 255 
be used to roughly quantify the propagation speed (i.e., S-wave velocity 𝑉  ) or 256 
attenuation strength (i.e., quality factor 𝑄 ), respectively. 257 

For a uniform velocity structure throughout the medium, the arrival time 𝑡  is 258 
proportional to the propagation distance 𝑑: 259 

𝑡
𝑑
𝑉

. 9  260 

Thus, 𝑉  can be estimated from the slope of the time–distance plot (Fig. 4c).  261 
 262 

 263 
Figure 4. Wave propagation pattern from a specific event inferred from (a–c) relative 264 
arrival times and (d–f) relative logarithmic amplitudes. (a) Relative arrival time are shown 265 
in map view. The gray line denotes the trench. (b) Standard deviations of the error on the 266 
relative arrival times. (c) Relative arrival times plotted against propagation distances. The 267 
error bar denotes the standard deviation. The blue dashed line represents a regression line. 268 
(d–f) The same as (a–c), but relative logarithmic amplitudes are shown. Note that the 269 
effect of geometrical spreading is removed in (f). 270 
 271 
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The amplitude of a body wave at a propagation distance 𝑑 is described as 272 

𝑎′ 𝑎
exp 𝐵𝑑  

𝑑
, 10  273 

𝐵
𝜋𝑓
𝑄 𝑉

, 11  274 

where 𝑎   is the source amplitude, 𝑓  is the representative frequency, and 𝑄   is the 275 
quality factor. Taking the logarithm of Equation (10) leads to 276 

𝑎 ≡ ln 𝑎 𝐵𝑑 ln 𝑎 ln𝑑 . 12  277 
After removing the effect of the geometrical spreading (i.e., removing ln𝑑 term from 278 
Equation (12)), the logarithmic amplitude becomes proportional to the distance. 279 
Therefore, we can determine the attenuation strength 𝐵 from the slope of the amplitude–280 
distance plot (Fig. 4f). Equation (12) neglects the source radiation pattern, but because of 281 
the scattering caused by small-scale structural heterogeneities, the radiation pattern would 282 
be lost before seismic wave reach stations for the high frequency we use (Takemura et al., 283 
2009).    284 
     The well-defined linearity of data in the time– and amplitude–distance plots, such 285 
as Fig. 4(c) and (f), can be a reasonable indicator of good-quality events and vice versa. 286 
The correlation coefficient between travel time and distance (𝐶 ) or amplitude 287 
and distance (𝐶  provide useful quantification of such linearity. The high values 288 
of 𝐶   and 𝐶   guarantees that the source originates from single 289 
geographical point.  290 

Furthermore, we propose using the estimated 𝑉  and 𝐵 from the regression slope 291 
as quality control factors, which can pose different conditions than 𝐶   and 292 
𝐶 . The estimated 𝑉  and 𝐵 are representative of a broad region where source–293 
receiver paths pass through. Because tectonic tremors always occur in a narrow depth 294 
range along the subducting plate boundary (e.g., Audet & Kim, 2016; Saffer & Wallace, 295 
2015), all ray paths most likely propagate through similar depths. Considering that 296 
subsurface properties vary less laterally than vertically, the estimated 𝑉  and 𝐵 values 297 
from different events should fall into a narrow and physically reasonable range. Hence, 298 
events with outlier 𝑉  and 𝐵 values may be attributed to ill-optimized datasets or events 299 
far isolated from target tremors, such as teleseismic events.  300 
     In practice, the propagation distance 𝑑  is not known before the hypocenter is 301 
determined. In this study, we assume that the source is located beneath the station with 302 
the maximum relative amplitude. The focal depth is assumed to be 7 km below sea level, 303 
considering the depth of the subducting plate of the study area (e.g., Tsuji et al., 2014). 304 
This assumption can be replaced by any alternative, depending on the tectonic setting and 305 
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station geometry. For example, searching for high 𝐶  and 𝐶  values on 306 
a coarse grid would be a more appropriate option for any setting. The resulting time– and 307 
amplitude–distance plots from the assumed source location are then linearly regressed by 308 
the least squares method, as shown by the blue dashed lines in Figs 4(c) and (f).  309 

𝑉  and 𝐵 values from different events are shown in Fig. 5. We find that the results 310 
are relatively concentrated within an area of 𝑉 =2.0–4.0 km/s and 𝐵=0.015–0.030 (see 311 
the density plot in Fig. 5(c)). Additionally, 𝐶   and 𝐶   values tend to 312 
high and low, respectively, within this area, showing the increased linearity of time– and 313 
amplitude–distance relationships. Based on these features, we selected events with 314 
𝑉  =2.0–4.0 km/s and 𝐵 =0.015–0.030 as acceptable. These ranges are comparable to 315 
those previously estimated for the study area (Akuhara et al., 2020; Yabe et al., 2021), 316 
and they correspond to 𝑄  of 130–520 if a dominant frequency of 5 Hz is assumed. We 317 
did not impose any condition on  𝐶  and 𝐶  for this study because we 318 
found that the selection by 𝑉  and 𝑄  already requires high 𝐶  and 𝐶 . 319 
Under these criteria, 1296 of the 34,068 events were retained.  320 
 321 

 322 
Figure 5. Estimations of the S-wave velocity (𝑉 ) and attenuation strength (𝐵) based on 323 
the wave propagation pattern. Each red dot shows the results from different events. The 324 
dashed curves are contours of the quality factor (𝑄  ) from 100 to 1000. A dominant 325 
frequency of 5 Hz was assumed. The acceptable ranges of 𝑉  and 𝐵 are highlighted in 326 
pale blue.  327 
 328 
     It is crucial to note that the above 𝑉  and 𝑄  estimations are rough based on the 329 
simple assumptions on a source location and structures. Still, the above wave 330 
propagation-based criteria offer several advantages over conventional non-physics-based 331 
quality control factors, such as those based on waveform cross-correlations. In our 332 
approach, thresholding values can be selected based on existing knowledge of rock 333 
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properties (𝑉  and 𝑄 ) in the study area. In contrast, cross-correlation values have no 334 
clear physical interpretation, and their values highly depend on analysis conditions such 335 
as frequency ranges and time window lengths. Local site conditions also influence 336 
correlation values. In addition, our proposed criteria ensure that the global minimum 337 
exists near the propagation center during the hypocenter determination. In contrast, 338 
thresholding by cross-correlation cannot guarantee a global minimum even if cross-339 
correlation values are high. This can be illustrated by teleseismic events, where 340 
waveforms exhibit high coherency among stations, but no global minimum can be 341 
identified. 342 
 343 
3.3. Step 3: Bayesian inversion 344 
     In Step 3, we adopt a Bayesian interface to invert the relative arrival times and 345 
logarithmic amplitudes jointly for the hypocenters 𝑥 ,𝑦 , 𝑧 ; 𝑗 1,⋯ ,𝑁  , delay 346 
factor for each station ( 𝜏 ; 𝑖 1,⋯ ,𝑁  ), amplification factor for each station 347 
(𝛼 ; 𝑖 1,⋯𝑁  ), S-wave velocity (𝑉  ), and quality factor (𝑄  ). Here, 𝑁   and 348 
𝑁    represent the numbers of stations and events, respectively. The delay and 349 
amplification factors are used to account for the local site effects caused by seafloor 350 
sediment beneath the stations. We assumed uniform structures for the S-wave velocity 351 
and attenuation for simplicity. These model parameters are denoted by 𝒎 hereafter. 352 

The relative arrival times and logarithmic amplitudes and the associated 353 
uncertainties given by Equations (5)–(8) are used as inputs for the inversion. To 354 
distinguish different events, we append a subscript to the notation of these inputs. For 355 
instance, 𝑡  has the same meaning as 𝑡  in Equation (5) but is for the 𝑗th event. 𝑎 , 356 
𝜎  , and 𝜎   are defined in a similar manner. Furthermore, the following vector 357 
notation is used:       358 

𝒅 𝑡  ⋯𝑡 ⋯𝑡 , 13  359 

𝒅 𝑎  ⋯𝑎 ⋯𝑎 , 14  360 

𝝈 𝜎 ⋯𝜎 ⋯𝜎 , 15  361 

𝝈 𝜎 ⋯𝜎 ⋯𝜎 . 16  362 

The posterior probability of the model parameters 𝒎  can be written as  363 
𝑃 𝒎 𝒅 ,𝒅 ;𝝈 ,𝝈

𝐶𝑃 𝒎 𝑃 𝒅 𝒎;𝝈 𝑃 𝒅 |𝒎;𝝈 17
 364 
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where 𝑃 𝒎  is the prior probability; 𝑃 𝒅 |𝒎;𝝈  and 𝑃 𝒅 |𝒎;𝝈  are 365 
the likelihoods regarding the time and amplitude data, respectively; and 𝐶  is a 366 
normalization constant. Direct computation of Equation (17) is infeasible because the 367 
normalization constant involves integration over the entire model space. However, the 368 
posterior probability can be estimated via probabilistic sampling, such as with the MCMC 369 
algorithm.  370 
     We assumed a Gaussian distribution for the prior probability of the horizontal 371 
locations, station correction terms, S-wave velocity, and quality factor: 372 

𝑃 𝜃
1

2𝜋𝜎

exp
𝜃 𝜇

2𝜎
, 18  373 

where 𝜇  and 𝜎  are the mean and standard deviation, respectively, and 𝜃 is 374 
either 𝑥 , 𝑦 , 𝜏 , 𝛼 , 𝑉 , or 𝑄 .  375 

We adopted Rayleigh distribution for event depths:  376 

𝑃 𝑧
𝑧 𝑧

𝜎
exp

𝑧 𝑧

2𝜎
. 19  377 

Here, 𝑧  is added to the usual formulation of the Rayleigh distribution. Without this term, 378 
the Rayleigh distribution is defined for positive values (i.e., 𝑧 0). Adding 𝑧  changes 379 
the domain to 𝑧 𝑧 . Introducing 𝑧  may be useful for prohibiting hypocenters located 380 
above the seafloor, although we found that it did not affect the results significantly. For 381 

𝑧  = 0 km and 𝜎  = 10 km, the 95% confidence interval of the Rayleigh distribution 382 

is 2.3– 27.2 km, wide enough to be deemed as noninformative for the study area.  383 
Table 1 presents the selected parameter values for these priors. Note that the 384 

selected parameter values have a minimal impact on the posterior probability except in 385 
cases where extremely narrow ranges are employed. This insensitivity aligns with 386 
theoretical expectations: as the amount of data increases, the weight of the prior 387 
probability on the posterior probability exponentially decays. This behavior should not 388 
be confused with the regularization often used in geophysical inversion, which suppresses 389 
solutions that deviate from the initial model. In such analyses, the regularization weight 390 
is determined ad hoc regardless of the amount of data. 391 
 392 
Table 1. Parameter selection for the prior probability 393 
Description Notation Values used 
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Event horizontal locations 

(Equation (18)) 
𝜇 , 𝜇     

Station location showing 

the maximum amplitude 

𝜎 ,𝜎  
30 km 

Event depth (Equation 

(19)) 
𝜎  

10 km 

𝑧  0 km 

Delay factor (Equation 

(18)) 

𝜇  0 s 

𝜎  0.5 s 

Amplification factor 

(Equation (18)) 

𝜇  0 (= 0 dB) 

𝜎  0.02 (= 0.09 dB) 

S-wave velocity (Equation 

(18)) 
𝜇  

3.0 km/s 

𝜎  
1.0 km/s 

Quality factor (Equation 

(18)) 
𝜇  

250 

𝜎  
100 

 394 
The likelihood function for the arrival time can be defined as follows, assuming 395 

that the data errors are normally distributed without covariance: 396 
𝑃 𝒅 |𝒎;  𝝈

1

2𝜋𝜎
exp

𝑡 𝑥 ,𝑦 , 𝑧 ,𝑉 𝜏 𝜏 𝑡

2𝜎
, 20  397 

where 𝑡  is the synthetic travel time based on the hypocenter and S-wave velocity, and 398 
the subscripts 𝑖  and 𝑗  correspond to station and event indices, respectively. The 399 
synthetic travel time is added by 𝜏  to account for the time delay due to local site 400 
conditions. 401 

Note that the synthetic travel time 𝑡  , which is relative to the origin time, cannot 402 
be directly compared to the observed relative arrival times 𝑡 . These relative arrival 403 
times are subtracted by the station average, as per the regularization condition described 404 
in Equation (4)). To enable a meaningful comparison, Equation (20), introduces an 405 
adjustment by subtracting an event-specific term 𝜏  . Ideally, 𝜏   is equal to the 406 
average of the synthetic travel times across all stations, the same amount as subtracted by 407 
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the regularization condition. However, in practice, 𝜏   is unknown because it can 408 
deviate from the ideal value with the presence of measurement errors. We therefore 409 
incorporate 𝜏  as a model parameter, and set it to the MLE: 410 

𝜏

∑
𝑡 𝑥 ,𝑦 , 𝑧 ,𝑉 𝜏 𝑡

𝜎

∑ 1

𝜎

. 21  411 

Note that Equation (21) corresponds to the averaged residual over stations weighted by 412 

data variance, which can be derived from 
ℒ 0.  413 

Similar equations hold for the logarithmic amplitudes: 414 
𝑃 𝒅 |𝒎;  𝝈

1

2𝜋𝜎
exp

𝑎 𝑥 , 𝑦 , 𝑧 ,𝑉 ,𝑄 𝛼 𝛼 𝑎

2𝜎
, 22  415 

𝛼

∑
𝑎 𝑥 ,𝑦 , 𝑧 ,𝑉 ,𝑄 𝛼 𝑎

𝜎

∑ 1

𝜎

, 23  416 

where 𝑎  is synthetic logarithmic amplitude, and 𝛼  is the event-specific term to 417 
be set to the MLE, in accordance with Equation (23). Notably, the term for source 418 
amplitude 𝑎  is canceled out when Equation (12) is substituted into Equations (22) and 419 
(23), which eliminates the need to estimate the source amplitude beforehand. 420 

Based on Equations (17)–(23), we can use the MCMC algorithm to sample the 421 
posterior probability. At each iteration, one of the model parameters 𝒎  is perturbed 422 
randomly, where the amount of perturbation is drawn from a zero-mean Gaussian 423 
distribution with a standard deviation, as given in Table 2. We chose values for these 424 
perturbation parameters by trial and errors, referring to the likelihood evolution over 425 
iterations. The perturbed model parameters 𝒎′  is accepted in accordance with a 426 
probability 𝛼 described by the Metropolis–Hastings criteria (Hastings, 1970; Metropolis 427 
et al., 1953): 428 

𝛼 min 1,
𝑃 𝒎
𝑃 𝒎

⋅
𝑃 𝒅 |𝒎 ;𝝈  
𝑃 𝒅 |𝒎;𝝈

⋅
𝑃 𝒅 |𝒎 ;𝝈  
𝑃 𝒅 |𝒎;𝝈

. 24  429 

 430 
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 431 
Table 2. Random walk parameters for the MCMC algorithm 432 
Parameter to be perturbed  Standard deviation used to retrieve the perturbation 

amount 

𝑥  2.0 km 

𝑦  2.0 km 

𝑧  0.4 km 

𝜏  0.03 s 

𝛼  0.005 (= 0.022 dB) 

𝑉  0.2 km/s 

𝑄  5 

 433 
We performed 8 million iterations, with the first 4 million iterations treated as a 434 

burn-in period. The sampled model parameters were saved at every 4000 iterations during 435 
the second 4 million iterations. We ran 100 chains of the MCMC algorithm in parallel and 436 
allowed them to mutually interact by using a parallel tempering technique for an efficient 437 
global search (Geyer, 1991; Sambridge, 2014). In this technique, the likelihood-ratio in 438 
the acceptance criteria is adjusted based on temperature parameter, denoted as 𝑇: 439 

𝛼 min 1,
𝑃 𝒎
𝑃 𝒎

⋅
𝑃 𝒅 |𝒎 ;𝝈  
𝑃 𝒅 |𝒎;𝝈

⋅
𝑃 𝒅 |𝒎 ;𝝈  
𝑃 𝒅 |𝒎;𝝈

. 25  440 

With this modification, higher-temperature chains have more chance to accept new 441 
samples, leading to random sampling more globally. These temperatures are proposed to 442 
be swapped between a chain pair randomly selected, and the proposal is accepted with a 443 
certain probability to maintain the detailed balance (Sambridge, 2014). Through this 444 
temperature swap, non-tempered (𝑇 1  chains, which is used to calculate the posterior 445 
probability, can benefit from global sampling accomplished by higher-temperature chains. 446 
We set 𝑇 =1 for 20 Markov chains, while the remaining 80 chains were assigned 447 
temperatures between 1 and 200. The temperature swap was proposed 10 times per 448 
iteration.  449 
 450 
4. Results and discussion 451 
4.1. Inversion results 452 
     We applied the above inversion method of Step 3 to the amplitude and time data 453 
from the 1296 events that passed the quality control in Step 2. The likelihood almost 454 
monotonically increased with the number of iterations and converged within the burn-in 455 
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period (Fig. 6a, black dots), which suggests that model parameters sampled after the burn-456 
in period can simulate the posterior probability. To evaluate the effect of the parallel 457 
tempering scheme, we conducted a parallel inversion analysis using 100 MCMC chains 458 
but without tempering. As a result, the likelihood increased at a slower pace than the 459 
tempered analysis (Fig. 6a, gray dots). Only ~10% of chains reached the same likelihood 460 
level as the tempering method at the 600,000th iteration (Fig. 6b), highlighting the 461 
effective global search offered by the parallel tempering method. 462 
 463 

 464 
Figure 6. (a) Likelihood evolution. Black dots show the likelihood of MCMC samples 465 
by 20 non-tempered chains. The underlying gray dots show the results of independent 466 
inversion without parallel tempering for which 100 non-tempered chains were employed. 467 
The yellow-shaded area highlights iterations after the burn-in period. (b) Histograms of 468 
the likelihood sampled by non-tempered MCMC chains at the 600,000th iteration. The 469 
black and gray histograms show the results with and without the tempering scheme, 470 
respectively. 471 
  472 

After conducting the inversion analysis, we obtained 20,000 MCMC samples of 473 
model parameters. For most events, the posterior probability constructed by the MCMC 474 
samples exhibit monotonous peak for hypocenter parameters (i.e., 𝑥  , 𝑦  , and 𝑧  ), as 475 
some examples are shown in Fig. S2. From the MCMC samples, we calculated the median 476 
and 95% confidence intervals as statistical measures for each model parameter. Then, to 477 
prevent duplication of events between successive and overlapped 300-s time segments, 478 
we discarded the results from the later time segment if they shared a common hypocenter. 479 
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Specifically, if the median hypocenter fell within the 95% interval of the opponent, we 480 
considered them duplicates. Following this process, we retained 1208 unique events.   481 

The inversion results are summarized in Fig. 7. The epicenters, which we defined 482 
as the median of the MCMC samples, are tightly clustered in the map view. The 95% 483 
confidence interval of horizontal location is typically <5 km in the east–west direction 484 
(blue histogram in Fig. 7a) and <7 km in the north-south direction (blue histogram in Fig. 485 
7b). The confidence intervals are slightly less in the east–west direction than in the north–486 
south direction because the seismic network geometry is elongated in the east-west 487 
direction and variation of the subsurface structures is relatively gentle in the trench-488 
parallel direction. The typical confidence interval for event depths are < 10 km (blue 489 
histogram in Fig. 7c). Unfortunately, the vertical uncertainties are insufficient to discuss 490 
the source faults of the tectonic tremors considering the subduction depth of ~6–8 km. 491 
Because of this loose constraint on the depth, some hypocenters are located above the 492 
seafloor. We may explicitly prohibit such unlikely solutions by increasing 𝑧  in Equation 493 
(19), although this change had almost no influence on the horizontal locations (Fig. S3).  494 
We also found that consistent results were obtained from the non-tempered analysis (Fig. 495 
S4). However, because of the poor convergence, the non-tempered analysis produced 496 
more uncertain events with 95% intervals greater than 10 km than the tempered analysis 497 
(Fig. S5).  498 
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 499 
Figure 7. Inversion results. (a, b) Hypocenters. Each blue dot shows the median 500 
hypocenter of the MCMC samples for each event. The error bars represent the 95% 501 
confidence interval derived from MCMC samples. The inverted triangles are seismic 502 
stations. The thick gray line in (a) represents the trench. The thick gray line in (b) 503 
represents the bathymetry along 136.5°E. (c, d) Median estimates of  (c) delay factors 504 
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and (d) amplification factors of the MCMC samples. (e, f) Probability distributions of the 505 
(e) S-wave velocity and (f) quality factor. Red and gray histograms show the posterior 506 
and prior distributions, respectively. 507 
  508 

 509 
Figure 8. Histograms of the hypocenter uncertainties (i.e., the range of 95% confidence 510 
interval) in the (a) east–west, (b) north–south, and (c) vertical directions. The differently 511 
colored histograms show the hypocenter uncertainties from different inversion settings: 512 
the complete case (blue), without correction terms (green), amplitude data only (orange), 513 
and time data only (red).   514 
 515 
     The median values of the delay and amplification factors range from -7.0 to 8.0 s 516 
and from -8.6 to 4.2 dB, respectively (Figs 7c and d). These ranges are significantly larger 517 
than the 95% confidence interval obtained for individual stations (Fig. S6); therefore, the 518 
spatial pattern seen in Figs 7(c) and (d) is reliable. Overall, these values exhibit a smooth 519 
lateral variation, with stations near the trench experiencing earlier arrivals and a more 520 
significant amplification than predicted. The thinner accretionary prism near the trench 521 
likely explains the early arrivals, which allows seismic waves to travel through the 522 
subducted crust at faster velocities. In addition, the significant amplification at the trench 523 
is reasonable because the trench-fill sediments are less consolidated than the landward 524 
accretionary prism (Tsuji et al., 2011). Station MRE20 exceptionally shows a delayed 525 
arrival near the trench. Because this station is separated from the majority of events, this 526 
delayed arrival may account for the structural heterogeneities in the trench-parallel 527 
direction. 528 
     The posterior probabilities of the S-wave velocity and quality factor have narrow 529 
peaks, with mean values of 2.72 km/s and 263, respectively (Figs 7e and f). These values 530 
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correspond to an attenuation strength of 2.20 × 10-2 km-1, and they are consistent with 531 
those obtained from the regression analysis (Fig. 5). The S-wave velocity of 2.72 km/s is 532 
somewhat slower than that reported for the oceanic crust of this region (>3 km/s) but is 533 
comparable to the velocity of the underthrust sediment immediately above the crust 534 
(Akuhara et al., 2020). Yabe et al. (2021) independently estimated the attenuation strength 535 
of this region as a function of the hypocentral distance by using the seismic amplitudes 536 
of tectonic tremors that occurred in different periods, and their results are mostly 537 
consistent with our estimations.  538 
 539 
4.2. Contributions of each factor 540 
     The proposed method offers several improvements compared to conventional 541 
analyses. For better understanding of its advantages, the contributions of different factors 542 
need to be considered, and hence we performed inversion under different settings (Fig. 543 
9). Fig. 9(a) shows the inversion results from Fig. 7 (i.e., complete case). Fig. 9(b) shows 544 
the inversion results when the delay and amplification factors are excluded by setting 545 
their values to zero (i.e., without-correction case). Fig. 9(c) shows the inversion results 546 
when the relative arrival time data are excluded and only the amplitude information was 547 
used (i.e., amplitude-only case). In this case, the amplification and quality factors are 548 
solved while the S-wave velocity 𝑉  is fixed at 3.0 km/s. This fixed 𝑉  value affects the 549 
estimation of 𝑄  through Equation (11) but not the other parameters. Fig. 9(d) shows the 550 
inversion results when only the time data are used with the S-wave velocity and delay 551 
factors solved (i.e., time-only case). This case does not involve the attenuation parameter.  552 
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 553 
Figure 9. Inversion results under different settings: (a) complete, (b) without corrections 554 
(i.e., amplification and delay factors), (c) amplitude data only, and (d) time data only. The 555 
pale-blue dots are hypocenters (i.e., median values of the MCMC samples) in the 556 
complete case. The red dots are the resultant hypocenters in the other cases. The inverted 557 
triangles are seismic stations. The gray line represents the trench.  558 
 559 

In the without-correction case, the hypocenters are systemically located further 560 
seaward than in the complete case. Although we do not know the true hypocenters, the 561 
without-correction case shifts many events seaward of the trench, which is highly unlikely. 562 
We conjecture that adding correction factors accounts for structural heterogeneities in the 563 
along-dip direction, which helps correct this artificial shift. The seaward shift is ~10 km 564 
on the western side, where station coverage is relatively limited. These shifts are greater 565 
than the uncertainties of the hypocenters shown in Figs 8(a) and (b). Failing to consider 566 
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these corrections can significantly bias the results and lead to misinterpretation.  567 
The time-only case suffers from a greater uncertainty for the hypocenters than the 568 

amplitude-only case (Fig. 8). The hypocenters are more scattered in space in the time-569 
only case (Fig. 9d) whereas they are similar to the complete case in the amplitude-only 570 
case (Fig. 9c). These discrepancies can be attributed to the considerable uncertainty in the 571 
relative arrival times, which can be quantitatively understood from the distance plots in 572 
Figs 4(c) and (f). For example, the typical error in the relative arrival time 𝜎  can be 573 
read as 5 s from Fig. 4(c) while the typical error in the relative amplitude 𝜎  can be 574 
read as 0.05 from Fig. 4(f). The typical errors in epicenter can then be calculated as 575 
𝜎 ⋅ 𝜕𝑇 𝜕𝑑⁄     or 𝜎 ⋅ 𝜕𝐴 𝜕𝑑⁄  , where 𝜕𝑇 𝜕𝑑⁄   and 𝜕𝐴 𝜕𝑑⁄   represent the 576 
slopes of the regression lines in the time–distance and amplitude–distance plots, 577 
respectively. If 𝜕𝑇 𝜕𝑑⁄  is 0.3 s ⋅ km  and 𝜕𝐴 𝜕𝑑⁄  is 0.03, the error for the epicenter 578 
is 17 km using time data and 1.7 km using the amplitude data, which indicates a difference 579 
of an order of magnitude.  580 

The large uncertainties in the relative arrival times originates from the 581 
inconsistencies in arrival time differences among station pairs. Takemura et al. (2020) 582 
showed that a slow and heterogeneous accretionary prism complicates tremor waveforms 583 
as they propagate over longer distances. Measuring arrival time difference between 584 
stations at greater distances are more susceptible to this waveform distortion, which can 585 
increase the inconsistency (see envelopes in Fig. 3(a), where envelopes from closely 586 
located stations, e.g., KMA01–KMA02, show a higher degree of similarity than stations 587 
separated by greater distances, e.g., SHM1–SHM7c). A common strategy to mitigate this 588 
issue is to limit station pairs to those with shorter distances or high coherencies. However, 589 
such data selection is often based on subjective criteria. 590 

Our results demonstrate the superiority of amplitude data for tectonic tremor 591 
location because it can pose tight constraints on hypocenters without any ad hoc selection 592 
of data. Challenges associated with using amplitude data may include difficulties with 593 
estimating the source amplitude, attenuation strength, and local site effects beforehand. 594 
However, the proposed inversion approach eliminates the need for these prerequisite 595 
processes. 596 
 597 
4.3. Spatiotemporal evolution of tremors 598 

The proposed method provides well-constrained epicenters with typical confidence 599 
interval of <7 km. This allows the spatiotemporal evolution of the tremor activity to be 600 
discussed in detail. As shown in Fig. 10(a), the located tremors can be divided into three 601 
main groups (A‒C). The Groups A and B are separated by ~5 km, while the Groups B and 602 
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C by ~10 km.  603 
Fig. 10(b) shows that the tremor episode originates from the eastern end of Group 604 

A and then migrates southwestward, parallel to the trench, at a speed of ~3 km/day 605 
(referred to as Phase i). Such migration of tremors has been commonly observed 606 
worldwide, and it is thought to reflect an undergoing slow slip event. Immediately after 607 
the migration front reaches the western end of Group A, tremor activity in Group B starts 608 
at the eastern side (Phase ii), followed by backward migration within Group A at a speed 609 
of ~17 km/day (Phase iii). After this backward migration ceases, bilateral migration both 610 
southwestward and northeastward take place at different asymmetric propagation speed 611 
(Phases iv–vii). The southwestward migration seems to activate tremors in Group C 612 
(Phase v), and the relatively slow propagation at ~2 km/day suddenly speeds up to ~13 613 
km/day when the migration front approaches Group A (Phase vii). This fast migration 614 
lasted for 3 days. Then, after a quiescence period of about 1 day, relatively small-scale 615 
activity occurs in the eastern part of Group B (Phase viii). The observed spatiotemporal 616 
evolution of the tremors is roughly consistent with that described by Ogiso & Tamaribuchi 617 
(2022), who used amplitude data from DONET stations to determine tremor locations 618 
(Fig. S7). 619 
      620 

 621 
Figure 10. Spatiotemporal evolution of tremors. (a) Map view of tremor epicenters with 622 
colors corresponding to days of the study period. The gray line represents the trench. (b) 623 
Temporal evolution of tremors projected along the X–Y profile (red line in (a)). The color 624 
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notation corresponds to that in (a). The orange inclined lines delineate trench-parallel 625 
migration of tremors. Note that only the first 50 days are shown because this study 626 
detected no tremor after this period.  627 
 628 
     Our use of the stochastic sampling technique facilitates the exploration of subtle 629 
features within the tremor patterns while minimizing the risk of misinterpretation. For 630 
example, we can calculate the probability that any tremor epicenter is located at a 631 
particular geographical point 𝑥,𝑦   as 𝑝 𝑥,𝑦 1 ∏ 1 𝑝 𝑥,𝑦  , where 632 
𝑝 𝑥, 𝑦   denotes the marginalized posterior probability for the 𝑖 th event epicenter 633 
𝑥 , 𝑦 . Visualizing this probability allows us to identify fine-scale spatial patterns of 634 

tremors without being disturbed by events with large uncertainties because such uncertain 635 
events have a limited impact on 𝑝 .  636 

Fig. 11 shows the obtained map of 𝑝  , clearly highlighting the separations 637 
between Groups A–C. Furthermore, the probabilistic map reveals striations of tremors 638 
that are difficult to deduce from the standard epicenter map in Fig. 10(a). The epicenters 639 
of groups B and C exhibit lineaments oriented toward the direction perpendicular to the 640 
trench. These lineaments are identifiable throughout Phases iv–vi. The trench-normal 641 
striations may originate from the past subduction of rough topography, similar to what 642 
has been interpreted for deep tectonic tremors in southwestern Japan (Ide, 2010). For 643 
Group A, such trench-normal striations are not evident. Instead, during Phases iii and vii 644 
characterized by relatively high-speed migration (>10 km/day), the epicenters tend to 645 
align in a trench-parallel direction. This trench-parallel features might be linked to the 646 
topography of the decollement (Hashimoto et al., 2022), although a more detailed analysis 647 
is left for our future study.  648 
 649 



This manuscript is a non-peer reviewed preprint submitted to EarthArXiv and is 
under consideration at Geophysical Journal International 

  650 
Figure 11. Probability of at least one tremor being located within a 1 km  1 km cell. 651 
(a) The probability calculated for the entire observation period. (b–i) The probability 652 
calculated using events within a specific period defined in Fig. 10(b). The green dashed 653 
line represents the trench.   654 
 655 

 656 
 657 
5. Conclusions and future perspectives 658 

We proposed a novel three-step method for locating tectonic tremors that employs 659 
the optimization of time- and amplitude-difference data, quality control via rough 660 
estimates of the propagation speed and attenuation strength, and joint inversion of 661 
multiple events using the MCMC algorithm. The proposed method eliminates the need 662 
for subjective tuning of data weights and avoids relying on prior knowledge of subsurface 663 
structures, local site effects, and source amplitudes. Although some subjective choices are 664 
still necessary to set quality control thresholds for 𝑄  and 𝐵, these choices do not distort 665 
the uncertainty estimation. When applied to real data, the proposed method demonstrated 666 
its effectiveness. Appropriately weighting data by their uncertainties was shown to 667 
mitigate the undesirable influence of low-quality data (Figs 9c and d), and the correction 668 
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terms for time delay and amplification effects from local site conditions significantly 669 
reduced systematic biases (Fig. 9b). Furthermore, using a probabilistic mapping 670 
technique allowed us to better comprehend the detailed patterns in locations of tectonic 671 
tremors (Fig. 11). Specifically, we were able to identify striations in the tremor sources. 672 
This provides valuable insights into the underlying structural factors that favor tremor 673 
activities. 674 

The proposed method still has room for improvement. One of the main assumptions 675 
is that the subsurface structures for 𝑉   and 𝑄   are uniform, which can potentially 676 
impact the results. The difference between the assumed and real structures would be 677 
accounted for by time delay and amplification factors. Hence, using more sophisticated 678 
correction factors, such as source-specific corrections, may help address this bias (e.g., 679 
Lomax & Savvaidis, 2022; Richards-Dinger & Shearer, 2000). Alternatively, the spatial 680 
variation of 𝑉  and 𝑄  can be solved as unknown parameters, similar to a tomographic 681 
approach. The narrow peaks observed in the posterior probabilities (Figs7e and f) suggest 682 
that such an attempt could be promising.  683 
     One aspect that we did not discuss in the present study is the criteria for detecting 684 
tectonic tremors. In this study, we used the 98th percentile of the histograms of cross-685 
correlation values as a threshold, which was an arbitrary choice. However, the 686 
propagation-based quality control in Step 2 of the proposed method provides an 687 
alternative approach to detecting tremors. Specifically, applying the selection criteria 688 
based on 𝑉   and 𝐵  to all time segments not prescreened by cross-correlation 689 
coefficients can incorporate wave-propagation information into the detection process, 690 
which would increase its robustness compared to relying solely on waveform similarities. 691 
However, one drawback of this wave-propagation-based detection is that it requires high 692 
signal-to-noise ratios across the entire seismic network. Solving this problem is left for 693 
future work, but using such an objective detection method would help illuminate other 694 
important aspects of tectonic tremors, such as the frequency distribution (e.g., Nakano et 695 
al., 2019).  696 
     While obtaining the detailed features of tremor locations is the key to understanding 697 
the physical processes behind them, it is particularly challenging for offshore regions, 698 
where the accurate location of tremors is hindered by strong heterogeneities in the shallow 699 
sedimentary structure. Our results demonstrated that our proposed method is applicable 700 
even to such challenging ocean-bottom data. Tectonic tremors that occur in shallow 701 
subduction zones remain underexplored. We believe that applying our proposed technique 702 
can shed new light on these phenomena. 703 
 704 



This manuscript is a non-peer reviewed preprint submitted to EarthArXiv and is 
under consideration at Geophysical Journal International 

Appendix A. Maximum likelihood estimation for the amplitude ratio 705 
Consider two waveforms 𝑢 𝑡  and 𝑢 𝑡  mutually equivalent except for their 706 

normalization constants:  707 
𝑢 𝑡 𝐴 ⋅ 𝑢 𝑡 𝜀 𝑡 , 𝐴1  708 

where 𝐴  is a time-invariant constant representing an amplitude ratio and 𝜀 𝑡  is noise 709 
contribution. If the noise is assumed to obey a Gaussian distribution (i.e., 𝜀 𝑡 ∼710 
𝑁 0,𝜎   and to be temporarily independent, the likelihood of the amplitude ratio 711 
ℒ 𝐴  can be expressed as 712 

ℒ 𝐴
1

2𝜋𝜎
exp

𝑢 𝑡 𝐴 ⋅ 𝑢 𝑡
2𝜎

. 𝐴2  713 

Maximizing Equation (A2) corresponds to minimizing the sum of the exponents, which 714 
can be achieved under the following condition:  715 

𝜕
𝜕𝐴

𝑢 𝑡 𝐴 ⋅ 𝑢 𝑡 0. 𝐴3  717 

The left-hand side of Equation (A3) can be rearranged as follows: 716 

𝜕
𝜕𝐴

𝑢 𝑡 𝐴 ⋅ 𝑢 𝑡 2 𝑢 𝑡 𝑢 𝑡 2𝐴 𝑢 𝑡 𝑢 𝑡 . 𝐴4  718 

From Equations (A3) and (A4), we obtain the MLE of the amplitude ratio: 719 

𝐴 𝑢 𝑡 𝑢 𝑡 𝑢 𝑡 𝑢 𝑡 . 𝐴5  720 

 721 
Data availability  722 
Software for the proposed method has been developed on a GitHub repository 723 
(https://github.com/akuhara/HypoTremorMCMC) and the specific version used for 724 
producing the results of this study is archived at the Zenodo repository 725 
(https://doi.org/10.5281/zenodo.8333346). The continuous waveform data from DONET 726 
stations are publicly open (National Research Institute for Earth Science and Disaster 727 
Resilience, 2019). The continuous waveform data from temporary OBSs are available 728 
from the corresponding author upon reasonable request. Tectonic tremor locations 729 
determined by Ogiso & Tamaribuchi (2022) is available at Slow Earthquake Database 730 
(Kano et al., 2018; http://www-solid.eps.s.u-tokyo.ac.jp/~sloweq/). 731 
 732 
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Figure S1. A failure case of the optimization step. Notations are the same as Fig. 3.  
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Figure S2. Distribution of MCMC samples for three example events. (Left) Enlarged map 

view. Pale-blue, green, and pink dots are MCMC samples for each event. The circles and 

error bars represent the median hypocenters and the 95% confidence interval, respectively. 

The inverted triangles are stations. The gray line represents the trench. (Right) Cross 

section view.  
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Figure S3. Inversion results where 𝑧  is set to 4.5 km for the depth prior (see Eq. 19). 

Notations are the same as Fig. 7. 
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Figure S4. Inversion results without tempering. Notations are the same as Fig. 7. 
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Figure S5. Histograms of the hypocenter uncertainties (i.e., the range of 95% confidence 

interval) in the (a) east–west, (b) north–south, and (c) vertical directions. The blue and 

pink lines represent results from tempered and non-tempered analysis, respectively. (d–f) 

The same as (a–c), but cumulative histograms are shown to highlight the difference 

between the two analyses.   
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Figure S6. Delay (a) and amplification (b) factors obtained by the inversion analysis. The 

blue dots show the median value estimated from MCMC samples, with the error bars 

representing the 95% confidence interval. 
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Figure S7. The same as Figure 10 but with the comparison to the results from Ogiso & 

Tamaribuchi (2022). In both panels (a) and (b), underlying triangles represent tremor 

epicenters determined by Ogiso & Tamaribuchi (2022). 
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