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Abstract

We develop a methodology to compile an objective tremor catalog by combining the envelope cross-correlation method with

clustering, utilizing distinctive event features that can differentiate tectonic tremors from non-tremor events. This approach

enables tremor extraction without subjective criteria, allowing for the detection of short-duration tremors overlooked in previous

studies. The event features are depth, the mean amplitudes at high and low frequencies, the ratio of these two amplitudes,

and event duration, which is defined as the minimum period within which 50 % of the seismic energy is concentrated. The

application of this method for western Japan detects 1.7 times more tremors compared with previous studies, with durations

of 0.3 to ˜100 s. The events with short durations are considered to be low-frequency earthquakes. The relationship between

seismic moment and the duration of the detected tremors adheres to the scaling law of slow earthquakes.
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Key Points: 11 
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 Event duration, newly defined using energy radiation, clearly separates tectonic 14 
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 Tectonic tremors, ranging in duration from 0.3 to 100 s, are consistent with the 16 
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Abstract 21 

We develop a methodology to compile an objective tremor catalog by combining the 22 

envelope cross-correlation method with clustering, utilizing distinctive event features that can 23 

differentiate tectonic tremors from non-tremor events. This approach enables tremor 24 

extraction without subjective criteria, allowing for the detection of short-duration tremors 25 

overlooked in previous studies. The event features are depth, the mean amplitudes at high and 26 

low frequencies, the ratio of these two amplitudes, and event duration, which is defined as the 27 

minimum period within which 50 % of the seismic energy is concentrated. The application of 28 

this method for western Japan detects 1.7 times more tremors compared with previous studies, 29 

with durations of 0.3 to ~100 s. The events with short durations are considered low-frequency 30 

earthquakes. The relationship between seismic moment and duration of the detected tremors 31 

adheres to the scaling law of slow earthquakes. 32 

Plain Language Summary 33 

Slow earthquakes are characterized by very slow underground deformation compared with 34 

regular (fast) earthquakes and are important in understanding the preparation period prior to 35 

large earthquakes. Tectonic tremors are a type of slow earthquakes. These tremors radiate tiny 36 

seismic waves with frequencies of several Hz, occur episodically and densely in space and 37 

time, and may last for long durations of up to several hundred seconds, which is much longer 38 

than the durations of fast earthquakes of equivalent magnitude. In this study, we detect 39 

tectonic tremors and differentiate them from fast earthquakes and anthropogenic events using 40 

a set of event features without relying on subjective criteria. The durations of tremors range 41 

from 0.3 to ~100 s and appear to be consistent with a previously proposed scaling 42 

relationship for slow earthquakes, which suggests that fast earthquakes and slow earthquakes 43 

have different physical mechanisms. 44 

 45 

1 Introduction 46 

 The recent development of seismological and geodetic observation networks has led 47 

to the discovery of slow earthquakes, which include phenomena such as tectonic tremors and 48 

low-frequency earthquakes (LFEs) observed in a seismological frequency range of 1–10 Hz, 49 

very low-frequency earthquakes (VLFEs) in a frequency range of 0.02–0.05 Hz, and 50 

geodetically observed slow slip events (SSEs). The history of the discovery of these events 51 

has been summarized by Beroza and Ide (2011), and their potential relationships with large or 52 

giant earthquakes have been discussed by Obara and Kato (2016). Recent developments in 53 
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slow earthquake research have been reviewed by Nishikawa et al. (2023), and geological 54 

aspects of slow earthquakes have been reviewed by Behr and Bürgmann (2021).  55 

 Although the time scales vary by more than 6–7 orders of magnitude from LFEs (<1 56 

s) to SSEs (>1 d), these slow earthquakes are strongly correlated both spatially and 57 

temporally, and have similar deformation mechanisms; consequently, they have been 58 

hypothesized to be different manifestations of a unified phenomenon across various 59 

frequency ranges (Ide et al., 2007). One feature that distinguishes these unified slow 60 

earthquakes from fast earthquakes is the relationship between seismic moment and duration. 61 

For slow earthquakes, a linear relationship between seismic moment and duration delineates 62 

the upper limit of slow earthquakes (Ide et al., 2007; Ide & Beroza, 2023), whereas the 63 

seismic moment of fast earthquakes is proportional to the cube of duration. In accordance 64 

with the hypothesis of a unified slow earthquake process, we may use seismically detected 65 

tremors as indicators of a longer geodetic process, as assumed in many recent studies (Aguiar 66 

et al., 2009; Bletery et al., 2017; Gomberg et al., 2016; Gombert & Hawthorne, 2023; Wech 67 

et al., 2010).  68 

 One of the most commonly employed methods to detect tremors is the envelope 69 

cross-correlation method (Ide, 2010; Obara, 2002; Wech & Creager, 2008), in which the 70 

inter-station similarity of S-wave envelopes is used to detect and locate tremors. However, 71 

this method detects all seismic events and cannot distinguish between slow and fast 72 

earthquakes. Therefore, additional selection criteria are required to compile a tremor catalog 73 

from detected candidate events. Previously adopted criteria include spatiotemporal event 74 

density (Wech & Creager, 2008), duration threshold (Mizuno & Ide, 2019), and even visual 75 

inspection (Romanet & Ide, 2019). Although these criteria rely on empirical knowledge or 76 

trial and error, better criteria may be established using more fundamental event features that 77 

differentiate slow earthquakes from fast earthquakes. 78 

 It is already known that (1) tremor depths are limited in some ranges, (2) tremors 79 

may last for seconds to minutes, (3) tremors lack high-frequency seismic wave energy, and 80 

(4) tremors tend to cluster spatiotemporally. Based on these observations, this study develops 81 

a method to compile a tremor catalog without subjective criteria by establishing a consistent 82 

framework for event detection, event feature calculation, and tremor extraction through 83 

machine learning. In this paper, we introduce the evaluation of event features and the 84 

clustering method in the Method section. We apply the evaluation and method to continuous 85 

seismic records for western Japan, one of the most intensively studied slow earthquakes 86 
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regions. The findings are given in the Result section. The tremors we detect have durations of 87 

0.3–100 s and show a scaling law between duration and seismic energy. In the Discussion 88 

section, we consider the significance of this scaling law compared with the previously 89 

suggested relationship between duration and seismic moment. Conclusion section 90 

summarizes our study. 91 

 92 

2 Method 93 

 We compile a tremor catalog through four steps (Figure 1). In the first step, we 94 

detect tremor candidates from continuous waveform data using the envelope cross-correlation 95 

method (Mizuno & Ide, 2019). In the second step, we compute event features for all detected 96 

candidate events. In the third step, we apply a density-based clustering algorithm to the set of 97 

event features to extract tremors. Finally, in the fourth step, to improve the completeness of 98 

the catalog, we reclassify noise events, which are not assigned to any meaningful clusters by 99 

the clustering algorithm, through supervised learning. The training data for supervised 100 

learning are prepared by removing isolated events from the established tremor clusters using 101 

the modified spatiotemporal clustering method of Zaliapin and Ben-Zion (2013). 102 

 103 
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 104 

Figure 1. Flow chart of the procedure for compiling tremor catalog. The four steps explained 105 

in the text correspond to the parts surrounded by red (step 1), orange (step 2), green (step 3), 106 

and blue (step 4). 107 

 108 
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2.1 Detection of Candidate Events 109 

We employ the method of Mizuno and Ide (2019) to detect seismic events. Those 110 

authors improved the conventional tremor detection methods (Wech & Creager, 2007, 2008) 111 

by integrating envelope cross-correlation and the maximum likelihood method, assuming that 112 

the observed envelope waveform at each seismic station results from the sum of a common 113 

envelope waveform emitted from the source and Gaussian noise. The input data are velocity 114 

seismograms resampled at 20 samples per second (sps), bandpass filtered at 2–8 Hz, squared, 115 

and resampled at 1 sps with a lowpass filter below 0.2 Hz. The square root of these data 116 

effectively approximates the envelopes. 117 

We search for events in each half-overlapping time window, spanning 300 s and 118 

shifted by 150 s. A single time window may contain multiple events because the method 119 

considers local maxima rather than a global maximum of the likelihood function. The 120 

bootstrap method is applied to assess the error in source determination, and events with 121 

standard errors exceeding 2.0 km are excluded from further analysis. We also compute an 122 

azimuthal gap for each event from all stations used to determine the hypocenter and remove 123 

the event if the azimuthal gap exceeds 180°. Owing to the overlap of the time window, one 124 

event is often identified twice in consecutive windows. We removed such multiple detections. 125 

The result of the procedure described above is a catalog of candidate events. 126 

The hypocentral time and size of each event are measured as follows. We 127 

backproject the waveforms at each station employed in the estimation of the hypocenter by 128 

the time-shift caused by the S-wave travel time and square the waveforms multiplied by the 129 

hypocentral distance. When multiplied by 4𝜋𝜌𝛽, the mean of these functions approximates 130 

the seismic energy rate, which we denote as �̇�(𝑡), where 𝜌 and 𝛽 are the density and 131 

S-wave velocity, respectively. The hypocentral time 𝑡ℎ𝑦𝑝𝑜 is identified as the moment when 132 

�̇�(𝑡) attains its maximum. We define the stacked envelope duration 𝜏𝑠 as the period during 133 

which �̇�(𝑡) exceeds one-quarter of its maximum value, and we quantify the observed 134 

seismic energy 𝐸𝑠
𝑜𝑏𝑠 as the integral of �̇�(𝑡) over the period 𝜏𝑠. We also divide 𝜏𝑠 into 135 

𝜏𝑝𝑟𝑒 and 𝜏𝑝𝑜𝑠, representing the periods before and after the peak of �̇�(𝑡), respectively. 136 

 137 

2.2 Event Features 138 

 We extract tremors by applying a clustering method to a set of features of detected 139 

candidates. One of the features is hypocentral depth, as tremor depth is known to be limited 140 

to a certain range. We introduce other features related to event duration and signal amplitudes, 141 
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as described below. 142 

Event duration is useful in selecting tectonic tremors. However, the stacked envelope 143 

duration 𝜏𝑠 is usually longer than a few seconds because we measure it using the smoothed 144 

seismic wave energy rate resampled at 1 sps after lowpass filtering below 0.2 Hz. The energy 145 

rate is also the average over all stations, which may include elongated signals caused by later 146 

phases, known to be critical for estimating the duration of shallow tectonic tremors (Toh et al., 147 

2023). Given this problem, 𝜏𝑠 tends to overestimate the duration of the real source process, 148 

if it is shorter than a few seconds. Therefore, we propose a new measure denoted as the 149 

minimum energy duration 𝜏𝑒, which represents the shortest duration over which half the 150 

seismic energy is concentrated. For each event, each original velocity seismogram is 151 

bandpass filtered at 2–8 Hz, squared, and integrated for the period 2𝜏𝑠  (Figure S1 in 152 

Supporting Information). The resulting function 𝐸𝑖(𝑡) approximates the seismic energy 153 

measured at the 𝑖-th channel. Given 𝐸𝑖(𝑡), we measure the shortest period 𝜏𝑖 that covers 154 

half the total seismic energy at the channel. We define the minimum of {𝜏𝑖} as the minimum 155 

energy duration 𝜏𝑒 . Computational details are explained in Text S1 in Supporting 156 

Information.  157 

As tremors usually lack high-frequency seismic energy, information about the 158 

relative amplitude between high- and low-frequency signals is also useful for selecting 159 

tremors (e.g. Nakajima & Hasegawa, 2021; Sit et al., 2012). In the present study, we define 160 

two features of the frequency domain: high-frequency amplitude 𝐴𝐻 and low-frequency 161 

amplitude 𝐴𝐿. These are the representative values of the spectral amplitude of original 162 

velocity waveforms within high- and low-frequency bands, respectively. Details of the 163 

calculation are explained in Text S2 in Supporting Information. 164 

 We use depth, 𝜏𝑒, 𝐴𝐻, 𝐴𝐿, and 𝐴𝐻/𝐴𝐿 as features for clustering. Each feature may 165 

have a distribution that differs markedly from a normal distribution. To facilitate the 166 

clustering, we subject all event features to the Box–Cox transformation (Box & Cox, 1964) 167 

and subsequently standardize them to achieve a mean of 0 and a variance of 1 (Text S3 in 168 

Supporting Information).  169 

 170 

2.3 Clustering of Candidate Events 171 

 We extract tremors from the detected candidate events using HDBSCAN (Campello 172 

et al., 2013), a density-based clustering method. HDBSCAN utilizes a mutual reachability 173 

distance instead of a Euclidean distance to efficiently form clusters with disparate densities. 174 
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The algorithm constructs a minimum spanning tree and subsequently determines whether 175 

each node and following trees should be considered as parts of distinct clusters or the same 176 

cluster, based on a stability index. We need to specify only one parameter, denoted as 𝑚𝑝𝑡𝑠, 177 

which represents the minimum number of elements required for cluster generation. The 178 

optimal value of 𝑚𝑝𝑡𝑠  can be objectively determined by assessing the density-based 179 

clustering validation (DBCV) score (Moulavi et al., 2014). The DBCV score is an index that 180 

compares the density in the sparsest region among clusters with that in the densest region 181 

among inter-cluster regions and deems a model favorable if the former surpasses the latter. In 182 

our study, we define 𝑚𝑝𝑡𝑠 as the number corresponding to 𝑝 % of the total number of 183 

candidate events. The value of 𝑝 is selected by varying it from 0.05 to 5.00 in increments of 184 

0.01 and choosing the 𝑝 that yields the best DBCV score. 185 

 186 

2.4 Reclassification Using Supervised Learning 187 

 Density-based clustering algorithms tend to classify events in low-density regions as 188 

noise events that do not belong to any of the meaningful clusters. This raises the possibility of 189 

improper clustering for the end-members of tremors, such as events with very long durations. 190 

Given that the clustering algorithm yields clusters 𝐶𝑡𝑟𝑒𝑚𝑜𝑟, 𝐶1, 𝐶2, ⋯, and 𝐶𝑛𝑜𝑖𝑠𝑒, where 191 

𝐶𝑡𝑟𝑒𝑚𝑜𝑟 and 𝐶𝑛𝑜𝑖𝑠𝑒 represent the tremor cluster and noise event group, respectively, we 192 

attempt to reclassify the events in 𝐶𝑛𝑜𝑖𝑠𝑒 using supervised learning to construct a more 193 

comprehensive tremor catalog. 194 

As the outcome of supervised learning is strongly influenced by the quality of 195 

training data, it is preferable to ensure that the tremor cluster for training data does not 196 

include non-tremor events. Given that tremors tend to occur close to each other, both spatially 197 

and temporally (e.g., Obara, 2002), we remove spatiotemporally isolated events from 198 

𝐶𝑡𝑟𝑒𝑚𝑜𝑟 and add them to 𝐶𝑛𝑜𝑖𝑠𝑒. We denote the clusters of tremors and the set of noise 199 

events after this change as 𝐶𝑡𝑟𝑒𝑚𝑜𝑟
′  and 𝐶𝑛𝑜𝑖𝑠𝑒

′ , respectively. We designate the tremors in 200 

𝐶𝑡𝑟𝑒𝑚𝑜𝑟
′  as “Quality A” tremors. We use 𝐶1, 𝐶2, ⋯, and 𝐶𝑡𝑟𝑒𝑚𝑜𝑟

′  (not 𝐶𝑡𝑟𝑒𝑚𝑜𝑟) for training 201 

data and reclassify the events in 𝐶𝑛𝑜𝑖𝑠𝑒
′  into all the established clusters 𝐶1, 𝐶2, ⋯, and 202 

𝐶𝑡𝑟𝑒𝑚𝑜𝑟
′ . 203 

 We identify isolated events using the modified nearest-neighbor clustering method of 204 

Zaliapin and Ben-Zion (2013), in which the association between seismic events in a region 205 

can be quantified by the product of spatial and temporal distances between events. Using this 206 

spatiotemporal distance, we can distinguish between isolated events following a Poisson 207 
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process and triggered events (Baiesi & Paczuski, 2004; Zaliapin et al., 2008; Zaliapin & 208 

Ben-Zion, 2013). In the present study, we modify the definition of temporal distance and 209 

define it as the time difference between events divided by event duration 𝜏𝑒. The details are 210 

given in Text S4 in Supporting Information. 211 

 We employ a neural network for the supervised learning reclassification. A neural 212 

network is a multi-layered network comprising one input layer, one or multiple hidden layers, 213 

and one output layer (Figure S2 in Supporting Information). By optimizing the parameters of 214 

the hidden layers using training data, the network can transform new input data linearly or 215 

nonlinearly in the hidden layers and output the probability of the data belonging to a specific 216 

group. In this study, we first optimize the neural network using the clusters 𝐶𝑡𝑟𝑒𝑚𝑜𝑟
′ , 𝐶1, 𝐶2, 217 

⋯, and then reclassify each event in 𝐶𝑛𝑜𝑖𝑠𝑒
′ . 218 

 As the result of the neural network has a weak dependence on the initial values of 219 

weights, which represent the coupling strength between two neurons, we perform 220 

reclassification five times while changing the initial values. Only those events that are 221 

reclassified as tremors with a probability of more than 99 % for all five times are assigned as 222 

“Quality B” tremors. Events whose probability of belonging to the tremor cluster is less than 223 

99 % at least once are assigned as neither Quality A nor Quality B tremors. The event 224 

information for training and reclassification includes 𝜏𝑒 , 𝐴𝐻 , and 𝐴𝐿 , with depth and 225 

𝐴𝐻/𝐴𝐿 being excluded. Hyperparameters of the neural network, such as the number of 226 

neurons, the number of hidden layers, and activation function, are determined through the 227 

procedure explained in Text 5 in Supporting Information.  228 

 Therefore, the final tremor catalog comprises two categories of events: those in 229 

𝐶𝑡𝑟𝑒𝑚𝑜𝑟
′  (Quality A) and those classified as tremors through the reclassification by neural 230 

network (Quality B). The former events are more reliable, and the latter events are included 231 

to improve the completeness of the tremor catalog. 232 

 233 

3 Data 234 

 We apply the method described above to continuous seismograms recorded at 366 235 

Hi-net stations maintained by the National Research Institute for Earth Science and Disaster 236 

Resilience in western Japan (Figure 2a and Table S1 in Supporting Information). We use two 237 

horizontal components of velocity data originally recorded at 100 sps. The analysis period 238 

covers one year (2010). The travel time is calculated based on the travel time table of the 239 

Japan Meteorological Agency (JMA) (Ueno et al., 2002). 240 



manuscript submitted to Geophysical Research Letters 

 241 

 242 

Figure 2. Distributions of (a) tremors detected in a previous study (Mizuno & Ide, 2019), (b) 243 

all seismic events detected in this study, (c) Quality A tremors, and (d) Quality B tremors. 244 

Red triangles and inversed gray triangles in (a) represent volcanoes and the Hi-net seismic 245 

stations used in this study, respectively. Dashed lines are contours of the upper surface of the 246 

subducting Philippine plate (Baba et al., 2002; Hirose et al., 2008; Nakajima & Hasegawa, 247 

2007). Seafloor topography in (a) is based on Tozer et al. (2019).  248 

 249 

4 Results 250 

 The envelope cross-correlation method detects 56,775 candidate events (Figure 2b). 251 

The depth distribution of these events has two distinct peaks (Figure 3a). The shallow (~5 252 
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km) peak corresponds to shallow crustal earthquakes, tremors, and anthropogenic events, 253 

whereas the deep peak (~35 km) represents deep crustal earthquakes and tremors around the 254 

plate boundary. The events deeper than 60 km are intraslab earthquakes. 255 

 The minimum energy duration 𝜏𝑒 is shorter than the stacked envelope duration 𝜏𝑠 256 

(Figure S3 in Supporting Information). 𝜏𝑒 has a conspicuous low-density region around 257 

𝜏𝑒 = 0.4 s (Figure 3b), clearly separating fast and slow earthquakes. The separation cannot 258 

be observed in 𝜏𝑠 (Figure 3d), as also reported in the observation of tectonic tremors in New 259 

Zealand (Romanet & Ide, 2019).  260 

 The two-dimensional density profile with 𝐴𝐿 and 𝐴𝐻 exhibits three distinct modes 261 

characterized by different values of 𝐴𝐻/𝐴𝐿 (Figure 3c), where we define 𝐴𝐻 as the mean 262 

amplitude of 10–20 Hz and 𝐴𝐿 as that of 2–8 Hz, given that the dominant frequencies for 263 

Mw 1 fast earthquakes and tremors are 10–20 Hz and 1–8 Hz, respectively (Beroza & Ide, 264 

2011), and the influence of microseism extends up to 2 Hz (Peterson, 1993). Following the 265 

Box–Cox transformation and standardization of depth, 𝜏𝑒 , 𝐴𝐻 , 𝐴𝐿 , and 𝐴𝐻/𝐴𝐿 , the 266 

HDBSCAN algorithm identifies four meaningful clusters: 𝐶𝑠ℎ𝑎𝑙𝑙𝑜𝑤 , comprising 11,795 267 

events corresponding to fast earthquakes in the crust; 𝐶𝑑𝑒𝑒𝑝, encompassing 2,116 events 268 

corresponding to fast earthquakes near the plate interface; 𝐶𝑡𝑟𝑒𝑚𝑜𝑟, comprising 24,881 events 269 

indicative of tremors; and 𝐶𝑎𝑛𝑡ℎ𝑟𝑜𝑝𝑜𝑔𝑒𝑛𝑖𝑐 , including 7,218 events corresponding to 270 

anthropogenic seismic events (Figure S4 in Supporting Information). HDBSCAN categorizes 271 

the remaining 10,765 events as noise events. Here, the clustering parameter 𝑚𝑝𝑡𝑠 is 34, 272 

corresponding to 𝑝 = 0.06 %. 273 

 In the tremor cluster 𝐶𝑡𝑟𝑒𝑚𝑜𝑟 , 1,859 events are identified as isolated events, 274 

resulting in 23,022 Quality A tremors. Subsequently, employing the neural network trained 275 

with 𝐶𝑠ℎ𝑎𝑙𝑙𝑜𝑤  (11,795 events), 𝐶𝑑𝑒𝑒𝑝  (2,116 events), 𝐶𝑡𝑟𝑒𝑚𝑜𝑟
′  (23,022 events), and 276 

𝐶𝑎𝑛𝑡ℎ𝑟𝑜𝑝𝑜𝑔𝑒𝑛𝑖𝑐 (7,218 events), we reclassify the 7,582 events that occurred at depths from 10 277 

km to 60 km out of 12,624 events in 𝐶𝑛𝑜𝑖𝑠𝑒
′ . Events in 𝐶𝑛𝑜𝑖𝑠𝑒

′  with depths shallower than 10 278 

km or deeper than 60 km are excluded before the reclassification because almost all of the 279 

events in the established four clusters occur within 10–60 km. We employ the neural network 280 

with eight neurons, two hidden layers, and the activation function tanh(𝑥)  for the 281 

reclassification, resulting in 830 Quality B tremors. Consequently, we obtain 23,022 Quality 282 

A tremors and 830 Quality B tremors (Figure 2c, d, Data Set S1 in Supporting Information).  283 

 Of 23,852 tremors (Quality A and B), 1,756 events are also listed in the JMA catalog, 284 

and 99.6 % of these events are labeled as LFE by the JMA; for the Quality A tremors, the rate 285 
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of correct classification exceeds 99.7 %. The events that are also listed in the JMA catalog 286 

tend to have a relatively large seismic energy among all tremors detected in this study. Figure 287 

S5 in Supporting Information shows an example of events classified as tremor in this study 288 

but not labeled as LFE in the JMA catalog.  289 

 290 

 291 

Figure 3. Distributions of (a) depth, (b) minimum energy duration 𝜏𝑒, (c) low-frequency 292 

amplitude 𝐴𝐿  and high-frequency amplitude 𝐴𝐻 , and (d) stacked envelope duration 𝜏𝑠 . 293 

Dashed lines in (c) are 𝐴𝐻 = 𝐴𝐿, 𝐴𝐻 = 0.4 × 𝐴𝐿, and 𝐴𝐻 = 0.2 × 𝐴𝐿. 294 

 295 

5 Discussion 296 

5.1 Duration Statistics 297 

 We detected 1.7 times more tremors compared with Mizuno and Ide (2019). This 298 

increase is due mainly to the detection of many short-duration events that were excluded in 299 

the previous study. The frequency distribution of duration in both 𝜏𝑠 and 𝜏𝑒 follows an 300 

exponential law (Figure S6 in Supporting Information). This result is consistent with previous 301 

studies (Chestler & Creager, 2017; Hiramatsu et al., 2008; Watanabe et al., 2007; Yabe & Ide, 302 
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2014), suggesting a scale limit in the tremor source (Aki & Koyanagi, 1981; Benoit et al., 303 

2003).  304 

 305 

5.2 Scaling Relationship 306 

 The duration of tremors in this study ranges between 0.3 to 100 s. Figure 4a 307 

compares observed seismic energy 𝐸𝑠
𝑜𝑏𝑠 and minimum energy duration 𝜏𝑒, revealing that 308 

𝜏𝑒  of tremors increases almost linearly with 𝐸𝑠
𝑜𝑏𝑠 , whereas the relationship for fast 309 

earthquakes is almost constant. However, caution is needed when interpretating the diagram 310 

as 𝐸𝑠
𝑜𝑏𝑠 is affected by bandwidth limitation and attenuation. 311 

 For fast earthquakes, we estimate the seismic moment 𝑀0 and event duration 𝜏 312 

from 𝐸𝑠
𝑜𝑏𝑠 by assuming the omega-square model and circular faults (Aki, 1967; Madariaga, 313 

1976). Details of the calculation are described in Text S6 in Supporting Information. 314 

However, the effects of bandwidth limitation and attenuation on tremors are almost negligible 315 

owing to the low predominant frequency and its coincidence with the frequency band we 316 

used. Several previous studied have demonstrated that the scaled energy of LFEs, VLFEs, 317 

and SSEs is around 10−10 to 10−9 (Maeda & Obara, 2009; Maury et al., 2018; Yabe & Ide, 318 

2014). Given these reports, we convert 𝐸𝑠
𝑜𝑏𝑠 of tremors to 𝑀0 by multiplying by 10−9.5. 319 

Figure 4b compares the estimated seismic moment and event duration. As we assume an 320 

omega-square model with constant stress drop, it is unsurprising that all fast earthquakes fall 321 

along a single straight line. 322 

 The scaling law of slow earthquakes within the time scale range of 0.5–20 s 323 

(between LFEs and VLFEs) has not been comprehensively observed or discussed. Previous 324 

studies examining a time scale of 1 s or less have produced varying conclusions, with reports 325 

suggesting that the scaling of slow earthquakes is close to 𝑀0 ∝ 𝜏3 (Supino et al., 2020), or 326 

neither 𝑀0 ∝ 𝜏3 nor 𝑀0 ∝ 𝜏 (Bostock et al., 2015; Farge et al., 2020). However, our results 327 

suggest that tremors follow the scaling relationship 𝑀0 ∝ 𝜏 even for events with a duration 328 

of less than 1 s. Those events with the shortest durations are impulsive and can be recognized 329 

as simple LFEs, whereas those with duration of more than several tens of seconds would 330 

include many LFEs. Therefore, our catalog contains a seamless distribution of LFEs and 331 

longer tremors. 332 

 333 
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 334 

Figure 4. (a) Comparison of observed seismic energy 𝐸𝑠
𝑜𝑏𝑠 and minimum energy duration 335 

𝜏𝑒. Light and dark blue dots correspond to 𝐶𝑠ℎ𝑎𝑙𝑙𝑜𝑤 and 𝐶𝑑𝑒𝑒𝑝, respectively. Orange dots 336 

depict Quality A and B tremors. (b) Comparison of estimated seismic moment 𝑀0 and event 337 

duration, where the duration of fast earthquakes is estimated from 𝐸𝑠
𝑜𝑏𝑠  using the 338 

omega-square model, whereas that of tremors is 𝜏𝑒 itself. The two gray lines represent 339 

𝑀0 = 𝜏3 × 1015−16 for fast earthquakes and 𝑀0 = 𝜏 × 1012−13 for slow earthquakes. The 340 

dashed ellipse shows the region containing 95 % of the tremors. 341 
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 342 

6 Conclusion 343 

 We improved the envelope cross-correlation method proposed by Mizuno and Ide 344 

(2019) to compile a more comprehensive catalog of tectonic tremors. We introduced a new 345 

definition of duration (minimum energy duration) and calculated mean amplitudes at high- 346 

and low-frequency ranges. Using these event features, we developed a scheme for compiling 347 

an objective tremor catalog using a density-based clustering algorithm and supervised 348 

learning. Detected tremors are categorized into Quality A and Quality B tremors, constituting 349 

more reliable and more complete catalogs, respectively. 350 

The application of our method to continuous seismograms for western Japan detects 351 

1.7 times more tremors compared with the original method. The spatial distribution of 352 

tremors is similar to that of previous results. Comparison with the JMA catalog reveals that 353 

the accuracy of our tremor detection exceeds 99 %. Detected tremors have a wide range of 354 

durations, from 0.3 to 100 s, encompassing 8,415 events with short durations that were 355 

previously rejected by the conventional method. Some of these short-duration events are 356 

LFEs that have been manually identified by the JMA. The duration distribution is described 357 

well by an exponential law, suggesting the existence of a scale limit in the background 358 

physical process. 359 

 This study is the first to provide a comprehensive scaling relationship for slow 360 

earthquakes, ranging from LFEs with durations of ~0.3 s to tremors with durations of more 361 

than 100 s. This relationship bridges the 1–10 s gap, in which seismological observation is 362 

difficult due to large microseism noise. Given that the proportionality between seismic energy 363 

and seismic moment holds for this scale range, the seismic moment is proportional to the 364 

duration, with a proportionality coefficient of approximately 1012−13 Nm/s, which is 365 

consistent with the relationship suggested for the very wide range of time scales from LFEs 366 

to SSEs. 367 
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