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38000 Grenoble, France11

Key Points:12

• We build a dense catalog of 537,390 aftershocks of the 2010 Mw8.8 Maule earthquake,13

achieving a completeness magnitude of about Mw1.8.14

• Automated detection and relocation yield consistent magnitudes and improved loca-15

tions across variable network coverage.16

• Spatial b-values vary along strike, consistent with a weaker, fluid-rich northern inter-17

face and a stronger southern megathrust.18
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Abstract19

We re-examine the aftershock sequence of the Mw8.8 Maule earthquake in south-central20

Chile to understand how seismicity, magnitude-frequency distribution, and fault structure21

vary along the rupture zone. Using the International Maule Aftershock Deployment (IMAD)22

dataset, we analyze ten months of continuous data from 156 temporary stations and build23

a high-resolution aftershock catalog for the Maule rupture zone. We apply the BeamPower24

and Matched Filtering (BPMF) workflow, which integrates a deep-learning phase picker25

with backprojection-based association, relative relocation, and template matching. We ini-26

tially detect and relocate 130,578 earthquakes, then use a subset of high-quality events as27

templates to identify smaller earthquakes missed by the initial detection. The final catalog28

contains about 537,390 earthquakes, nearly 13 times more than previous studies, with a29

completeness magnitude of ∼ Mw1.8 and magnitudes ranging from Mw0.2 to Mw6.2. A30

regional local magnitude (ML) calibration ensures homogeneous magnitude scales across31

the network. The dense catalog resolves detailed seismotectonic features along the rupture.32

In the Pichilemu region, aftershocks delineate a shallow normal fault system with L-shaped33

geometry, whereas the Concepción area exhibits aseismic patches. Using classical maximum34

likelihood and b-more-incomplete methods, we find that temporal b-values range between 1.235

and 1.6 early in the sequence and converge toward about 1.0. Meanwhile, spatial b-values36

are strongly segmented along strike, with higher values in the north and lower values in37

the south. These contrasts are consistent with along-strike variations in effective stress and38

pore fluid pressure on the plate interface, in line with previous studies.39

Plain Language Summary40

After a large earthquake, the Earth continues to adjust through thousands of smaller events41

called aftershocks. Studying when and where these aftershocks occur helps scientists under-42

stand how the fault releases stress and improves future hazard assessments. We revisit the43

aftershocks of the 2010 magnitude 8.8 Maule earthquake in south-central Chile using nearly44

a year of data from 156 temporary seismic stations. By applying modern computer-based45

methods, including machine learning and template matching techniques, we detect and lo-46

cate many small earthquakes that were not identified before. The new earthquake catalog47

includes more than half a million events, about 13 times more than in previous studies,48

and shows that aftershocks are not distributed evenly along the fault. Near Pichilemu, they49

outline a shallow fault system, while deeper activity occurs within the oceanic plate that50

is sinking beneath South America. We also examine how the proportion of small to large51

earthquakes changes over time and along the fault, which provides clues about differences52

in stress, fluid presence, and rock strength. This study demonstrates how advanced analysis53

tools applied to existing data can reveal new details about how great earthquakes rupture54

and how subduction zones evolve over time.55

1 Introduction56

On February 27, 2010, a Mw 8.8 earthquake struck the Maule region in south-central57

Chile, causing significant loss of life and widespread damage (Salazar & McNutt, 2011).58

The rupture extended 500 km along the convergence margin between the Pacific and Nazca59

plates, between latitudes 33◦S and 38.5◦S (Figure 1a). This event ranks among the largest60

instrumentally recorded earthquakes worldwide, and is the strongest well-recorded in Chile61

(e.g., Delouis et al., 2010; Madariaga et al., 2010; Moreno et al., 2010; Vigny et al., 2011;62

S. Ruiz et al., 2012; Hicks et al., 2014; S. Ruiz &Madariaga, 2018). Its rupture coincides with63

the mature seismic gap left by the Mw 8.3 earthquake of 1835 (see, e.g., Campos et al., 2002),64

and overlaps segments of previous major earthquakes, including the Mw7.7 Talca (1928),65

Mw8.1 Concepción (1960, e.g., Ojeda et al., 2020), and Mw 7.8 Arauco (1975) earthquakes.66

It also partially overlaps the Mw 9.5 Valdivia earthquake area of 1960, the largest earthquake67

ever recorded in history (e.g., Madariaga et al., 2010; S. Ruiz et al., 2012).68
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Large megathrust earthquakes, such as those related to subduction zones, are typically69

followed by an increase in seismic activity known as aftershocks. Earthquakes are considered70

aftershocks when their magnitude is at least one unit smaller than the mainshock (B̊ath,71

1965), and can persist for weeks to years (Bilek & Lay, 2018). They result from stress per-72

turbations induced by the main rupture (Felzer et al., 2004), and their distribution across73

the rupture zone often correlates with regions of high postseismic strain and substantial74

static stress changes (Lange et al., 2012; Rietbrock et al., 2012). Among the many after-75

shocks of the Maule earthquake, shortly after the mainshock, two large aftershocks of Mw76

6.9 and Mw 6.7 struck the area of Pichilemu on March 11, 2010, at the northern edge of the77

rupture zone (Faŕıas et al., 2011; Lange et al., 2012; Rietbrock et al., 2012; Ryder et al.,78

2012; J. A. Ruiz et al., 2014; Jara-Muñoz et al., 2022). These aftershocks suggest a potential79

migration of seismicity or the reactivation of analogous fault systems in the region.80

Over the past decade, the International Maule Aftershock Deployment (IMAD) dataset81

has been a key resource for studying the Maule aftershock sequence. Deployed within a few82

weeks after the mainshock (Guéguen et al., 2011), this mobile seismic network covered83

the entire rupture area (Figure 1a) and enabled the construction of some early earthquake84

catalogs. For instance, Lange et al. (2012) and Rietbrock et al. (2012) applied classical85

Short-Term Average to Long-Term Average (STA/LTA) automatic pickers, detecting over86

20,000 events in six months and more than 30,000 events in just two months, respectively.87

These initial efforts provided a broad overview of the rupture segmentation, aftershock dis-88

tribution, and fault reactivation. Using the catalog from Rietbrock et al. (2012); Agurto et89

al. (2012), they refined the locations of the largest aftershocks and performed regional mo-90

ment tensor (RMT) inversions to characterize spatio-temporal variations in seismic moment91

release. One of the main observations was the apparent lack of large aftershocks in regions92

of highest coseismic slip (Agurto et al., 2012; Rietbrock et al., 2012). Although this pattern93

appears to depend on the selected slip model, both studies agreed that only low-magnitude94

seismicity was present in these high-slip patches. This emphasizes the need for accurate95

detection and location of small events to delineate and characterize the interaction between96

seismic and aseismic patches. As a result, the contribution of these regions to the total97

postseismic deformation budget remains unclear, and deeper intraslab contributions may98

also be underestimated. Moreover, Neighbors et al. (2015) estimated the high-frequency99

attenuation parameter κ, finding significant spatial variability likely reflecting the combined100

effects of source, path, and site conditions, though poorly correlated with surface geology. In101

parallel, Tassara et al. (2016) analyzed b-value patterns in relation to afterslip and identified102

contrasting mechanical domains along strike, which they related to variations in fluid con-103

tent and fault rheology. While both studies provided valuable constraints, their resolution104

was limited by the number of events used, as they considered only a few subsets of moderate-105

to-large magnitude aftershocks. In this study, we build on these previous constraints using106

a much denser, magnitude-calibrated aftershock catalog and a b-value estimator that is less107

sensitive to completeness, which allows us to resolve the along-strike segmentation of the108

Maule rupture and to reassess the role of fluids and effective normal stress in controlling109

aftershock behavior.110

A clear understanding of aftershock patterns, afterslip distribution, and triggering111

mechanisms is key to improving our knowledge of earthquake mechanics (Peng & Zhao, 2009;112

Yao et al., 2017; Minetto et al., 2022; Farge & Brodsky, 2025). Although often neglected in113

stress-transfer models, small-magnitude earthquakes can collectively have a significant im-114

pact due to their high occurrence and spatial clustering. Marsan (2005) demonstrated that115

stress perturbations from small earthquakes can be as influential as those from larger ones,116

highlighting the importance of including microseismicity in further analysis. For instance,117

S. Ruiz et al. (2017) used repeaters to reveal aseismic processes before and after the 2017118

Mw6.9 Valparaiso earthquake, suggesting that small-scale seismicity may have triggered the119

mainshock and played an important role in the rupture dynamics. However, current studies120

mainly rely on large-magnitude aftershocks, as detecting smaller ones remains challenging.121

Seismic noise often hinders the detection of low-magnitude aftershocks, particularly when122
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using traditional methods based on signal amplitude such as Signal-to-Noise Ratio (SNR)123

or the previously mentioned STA/LTA trigger (see, e.g., Allen, 1982). Other factors, such124

as wave scattering and attenuation, further complicate the detection of small aftershocks,125

especially in regions with extensive rupture zones and sparse seismic networks as in the126

present study (Figure 1b).127

Recent advances in deep learning have significantly improved the quality of earthquake128

catalogs (Ross et al., 2019; Mousavi & Beroza, 2023; Zhu & Beroza, 2019). These methods129

excel at identifying low-magnitude events and provide more reliable locations, unveiling the130

intricate details of seismic sequences and fault structures (Beaucé et al., 2019; Tan et al.,131

2021; Beaucé et al., 2022; Mancini et al., 2022; Minetto et al., 2022). In this study, we use132

these techniques to reassess an old, but distinctive dataset recorded by the IMAD network133

(Beck et al., 2014). We build a high resolution earthquake catalog of the Maule aftershock134

sequence and analyze how seismicity is distributed in space and time across the rupture135

zone. Our goal is to resolve how aftershock distribution, magnitude statistics, and fault136

structure vary along the Maule rupture zone, which remained only partially imaged in pre-137

vious studies. We pursue three main objectives. First, we construct a dense and internally138

consistent catalog under strongly variable station coverage, combining automatic phase pick-139

ing, backprojection-based association, and two relocation stages, so that small earthquakes140

can be used reliably to map fine-scale structures and stress heterogeneity. Second, we cali-141

brate a regional local magnitude scale directly from Maule waveforms and reference moment142

magnitudes, and use it to obtain homogeneous ML and Mw for all events. Third, we map143

spatial and temporal variations of the b-value and magnitude of completeness, and relate144

these patterns to the segmented plate interface and to the Pichilemu crustal fault system.145

To achieve this, we follow the BeamPower and Matched Filtering (BPMF) strategy of146

Beaucé et al. (2024), combining the deep-neural-network seismic phase picking PhaseNet147

(Zhu & Beroza, 2019) with backprojection (Frank & Shapiro, 2014) to detect and locate148

earthquakes, and two relocation stages with NonLinLoc (Lomax, 2001; Lomax & Savvaidis,149

2022) to build an initial catalog. We then apply a template matching to these well located150

events (Gibbons & Ringdal, 2006; Frank & Shapiro, 2014; Beaucé et al., 2018) to identify ad-151

ditional earthquakes that would otherwise be missed by conventional techniques, increasing152

the catalog completeness and extending the magnitude range (Minetto et al., 2022).153

In the following sections, we first outline the tectonic context of south-central Chile,154

with a focus on the 2010 Maule earthquake and its aftershock sequence. We then describe155

the IMAD database and the BPMF method used for earthquake detection, association,156

and relocation, and we summarize the resulting catalog. Next, we present the magnitude157

calibration, derive homogeneous ML and Mw , and perform a Gutenberg–Richter analysis,158

including a recent method for estimating the b-value that is less sensitive to time-dependent159

completeness. Finally, we analyze the spatiotemporal distribution of seismicity, compare160

the new catalog to previous ones, and discuss the implications for rupture segmentation and161

the Pichilemu fault system.162

2 Geotectonic setting163

The Maule segment of the south-central Chilean subduction zone (33 -39 S) is a tec-164

tonically transitional region that accommodates oblique convergence between the Nazca165

and South American plates at approximately 66 mm/year (Haberland et al., 2009). This166

segment is bounded by the subducted Juan Fernández Ridge to the north and the Mocha167

Fracture Zone to the south, and marks a transition from a strongly coupled interface in168

central Chile to a more weakly coupled regime farther south (Moreno et al., 2010; Vigny et169

al., 2011). The segmentation is shaped by inherited lithospheric discontinuities, including170

the Lanalhue Fault Zone and terrane boundaries across a metamorphic Paleozoic basement171

intruded by Mesozoic granitoids (Hervé et al., 1987, 1988; Mpodozis & Ramos, 1990; Glodny172

et al., 2008; Aron et al., 2015). These crustal features influence upper-plate faulting, forearc173
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Figure 1. Study area and data coverage. (a) Seismic stations deployed in south-central

Chile after the mainshock (triangles). Each color represents a network managed by different insti-

tutions: RESIF (XS in green, Vilotte et al., 2011), University of Florida (XY in red Steve Roecker

& Ray Russo, 2010), GFZ (ZE in yellow), and University of Liverpool (3A in blue, Beck et al.,

2014). The coseismic slip model presented by (Yue et al., 2014) is represented in background colors,

with darker zones related to larger slip. The yellow star marks the location of the Mw 8.8 main-

shock on February 27, 2010, as well as the largest aftershocks in the Pichilemu zone ( 34◦30’S),

with magnitudes Mw 6.9 and Mw 7.0, respectively. Historical rupture areas are depicted with gray

ellipses. (b) Spatiotemporal availability of data. The color indicates the daily density of stations

available every 0.2◦ of latitude.
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uplift, and variations in mechanical coupling (Melnick et al., 2009). This geotectonically174

complex segment ruptured during the Mw 8.8 mainshock and is believed to have released175

the strain accumulated since 1835 (Campos et al., 2002; Ruegg et al., 2009). The rupture176

nucleated near 36.5 S and propagated bilaterally, producing two major slip patches, a north-177

ern one with a peak up to 20 m, overlapping the probable 1928 rupture zone and extending178

north toward the 1985 rupture border, and a southern one, with approximately 10 m of slip179

overlapping the northern edge of the 1960 Mw 9.5 rupture zone (Figure 1a; Delouis et al.,180

2010; Lorito et al., 2011; Pollitz et al., 2011; S. Ruiz et al., 2012; Yue et al., 2014). Despite181

its magnitude, the Maule earthquake may not have fully released all the accumulated stress182

(Madariaga et al., 2010; Moreno et al., 2010), underscoring the role of margin segmentation183

and structural inheritance in governing rupture propagation and seismic potential. Along-184

strike changes in plate coupling, coseismic slip, and forearc structure suggest a segmented185

behavior of the Maule rupture, with contrasting conditions between the northern, central,186

and southern segments (Moreno et al., 2010; J. A. Ruiz et al., 2014; Tassara et al., 2016).187

The crustal Pichilemu fault system accommodates part of the shallow extension above the188

plate interface and hosts intense upper-crustal seismicity during the aftershock phase (Faŕıas189

et al., 2011; Rietbrock et al., 2012). These contrasts in structure and kinematics provide190

a natural framework to interpret spatial variations in frequency–magnitude statistics and191

b-values, and to relate them to differences in coupling, stress conditions, and fluid content192

along the margin.193

3 Data and Preprocessing194

We retrieve one year of seismic data from the IMAD dataset, which corresponds to a195

postseismic mobile network operated by France, the United States, Germany, the United196

Kingdom, and collaborating partners, covering from March 2010 to March 2011 (see, e.g.,197

Beck et al., 2014). This seismic array included nearly 156 instruments equipped with ac-198

celerometers, short-period seismometers, and broadband seismometers (Figure 1a). Stations199

were deployed across the entire rupture area (Figure 1a), though not all operated simulta-200

neously or for the same durations (Figure 1b). Also, external conditions caused fluctuations201

in station availability over time, making the dataset less stable and uniform (Lange et al.,202

2012), so that at certain periods, fewer than 20 stations were operational, while at most,203

nearly 120 stations were simultaneously active.204

To mitigate this variability, we exclude stations and traces with substantial data gaps.205

In regions with multiple stations within a 500m radius, we select one station to avoid206

redundancy. Finally, we focus on periods with consistent availability of at least five stations,207

defined as the lowest threshold providing sufficient spatial and temporal coverage. This208

minimum threshold does not vary across the study area or over time, although the specific209

station combinations may change depending on the variable network configuration. The210

sequential steps of the workflow are illustrated in Figure 2, with further details provided in211

the subsequent sections.212

We bandpass-filter the continuous data between 1 and 20 to discard low-frequency noise.213

We select this frequency range from an initial visual inspection of the data, which show en-214

ergy concentrations mainly above 1Hz. This approach is consistent with the parameters215

applied by Cabrera et al. (2021) in a similar tectonic context. Continuous waveforms were216

processed at the native sampling rates of each station, keeping them for the detection, relo-217

cation and magnitude estimation stages. In addition, we ensure the inclusion of only stations218

with minimal data gaps and consistent operational records. We include data segments if219

they meet two key criteria: (1) a minimum total duration of 75% of the expected recording220

period for the event or station, ensuring sufficient temporal coverage despite potential gaps,221

and (2) individual contiguous chunks with a duration of at least 600 s, excluding excessively222

short fragments unsuitable for the analysis.223
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Figure 2. Earthquake catalog workflow. Blue boxes represent data (inputs or outputs),

orange boxes indicate operations, and green boxes highlight some key steps. Continuous seismic

data are filtered between 1 and 20Hz and processed with PhaseNet to identify P and S-phase

likelihoods. We associate the phases in space with backprojection to detect and locate the initial

events, and relocate them with NonLinLoc. Additional techniques, such as template matching,

contribute to increase the catalog completeness, while SourceSpec enables the magnitude estimation.

–7–



manuscript submitted to JGR: Solid Earth

Figure 3. Earthquake detection and initial location. (a) Illustration of the grid with tested

source points. The yellow star indicates the true earthquake location, with corresponding signals

recorded at the seismic stations. (b) Example seismic record with the P and S likelihoods obtained

using PhaseNet (Zhu & Beroza, 2019), shown in blue and orange, respectively. (c) Composite

network response obtained by shifting and stacking the waveform features for each component and

station over time (Beaucé et al., 2024). The detection threshold is indicated with a dashed red line,

with red points indicating events interpreted as localized sources.

This workflow is based on the BPMF algorithm (Beaucé et al., 2024) whose outputs224

are post-processed with the NonLinLoc, Source-Specific Station Term (SSST) correction and225

waveform coherence relocation algorithm (Lomax & Savvaidis, 2022) to enhance earthquake226

locations, and SourceSpec to estimate the moment magnitudes (Satriano, 2021). These227

tools complement the original framework and were included to increase the robustness of228

the results.229

4 Earthquake Catalog230

4.1 Detection and Phase Association231

To detect and locate the initial earthquakes, we build a 3D spatial grid of potential232

point sources (Figure 3a). The grid covers the full extent of the rupture area, with a hori-233

zontal spacing of 0.03◦ in both latitude and longitude and a vertical spacing of 0.5 , reaching234

depths of up to 100 . This parameterization is consistent with the effective resolution of235

the 3D velocity model used in this study for south-central Chile (Figure S1 in the Support-236
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ing Information; Potin et al., 2025) and provides a practical compromise between spatial237

resolution and computational cost.238

We compute the P- and S-wave travel times (moveouts) τϕsk from each grid point k to239

station s for the seismic phase ϕ ∈ {P, S} by solving the eikonal equation (White et al.,240

2020).241

We then use the deep learning automatic phase picking algorithm PhaseNet (Zhu &242

Beroza, 2019) to estimate the probabilities νsϕ(t) of P - and S-wave arrivals in continuous243

seismic data (as illustrated in Figure 3b and Figure S2 in Supporting Information). Next,244

we shift νsϕ(t) according to the computed moveouts and stack the waveform features to245

identify the most likely source location. This serves as an efficient seismic phase association246

mechanism (see also Figure 3b). The stacked response, also named beamforming by Frank247

and Shapiro (2014), is defined as:248

bk(t) =
∑
s∈Sk

∑
ϕ∈{P,S}

νsϕ

(
t+ τϕsk

)
. (1)

Coherent seismic signals produce higher values of bk(t) when aligned with a likely source k,249

whereas incoherent noise does not contribute constructively. The set of seismic stations Sk250

only considers the ten closest stations to the source k to enhance source-to-station sensitivity.251

The final source location is determined by identifying the maximum value of the composite252

network response (CNR) defined as the beamforming maximum over time B(t) = maxk bk(t).253

The CNR allows the detection and location of earthquakes with increased sensitivity254

and precision (Beaucé et al., 2019, 2022, 2024). It provides an initial estimate of the event255

location by identifying the time at which the beam power reaches its peak. However, the256

accuracy of this location strongly depends on the grid resolution and the velocity model. A257

finer grid, with more potential source points k, improves spatial precision but drastically in-258

creases computational cost. A key challenge in this process is to distinguish between beams259

corresponding to real earthquakes and those resulting from noise, unlikely signals, or arti-260

facts. Finally, given the large study area and the heterogeneous station coverage, the stacked261

signal response varies over time, making the choice of a detection threshold non-trivial. To262

address this, we implement a dynamic threshold approach based on the cumulative distribu-263

tion function of the daily CNR. Assuming that most low-amplitude beams do not correspond264

to real events, we define the threshold at the inflection point, or “knee”, of the distribution265

(Figure 3c). However, in cases where the knee is not well-defined, the uncertainty in event266

detection could increase. To maintain a conservative yet effective detection criterion, we267

set the threshold at the 97th percentile of the beam power distribution. We also note that268

values between the 95th and 99th percentiles can effectively distinguish potential seismic sig-269

nals while reducing the likelihood of false detections. This adaptive approach ensures that270

the detection threshold dynamically adjusts to the empirical characteristics of the dataset,271

optimizing the balance between sensitivity and reliability.272

Applying this approach, we detect 130,578 earthquakes during the study period. Each273

event has P- and S-wave picks from at least five stations, resulting in nearly six million274

valid picks (about 2.7 million P and 3.1 million S arrivals). Backprojection provides initial275

locations on the 3D grid described above, and the computations are accelerated on GPUs276

to keep runtimes practical for this large dataset.277

4.2 Event relocation278

To improve location accuracy, we relocate all detections with the NonLinLoc-SSST-279

Coherence algorithm (Lomax, 2001; Lomax et al., 2009; Lomax & Savvaidis, 2022). Non-280

LinLoc uses the P - and S-wave picks previously identified by PhaseNet to perform a grid281

search and sample the likelihood of hypocenter locations in the regional 3D VP /VS velocity282

model (Figure S3 in the Supplementary Information; Potin et al., 2025). For each of the283
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130,578 events, it returns an absolute hypocenter and an uncertainty ellipsoid, which form284

the basis for the subsequent stages.285

Then, we apply Source-Specific Station Term (SSST) corrections, which iteratively re-286

fine travel-time estimates by minimizing residuals between observed and predicted seismic287

phase arrivals (Figure S4). This approach accounts for spatial velocity variations, produc-288

ing smoother station-specific travel-time corrections that adapt to regional heterogeneities,289

resulting in more precise earthquake locations. However, the S phase residuals show a con-290

sistently positive trend across stations (Figure S4), which suggests a systematic bias in the291

travel time predictions, likely caused by the network geometry. This mainly affects absolute292

depths and the most distant events, and it is partly mitigated by the coherence relocation,293

which sharpens relative locations within clusters.294

Finally, we apply a relative relocation method based on waveform coherence (Lomax295

& Savvaidis, 2022), conceptually similar to other techniques such as HypoDD (Waldhauser,296

2001) or GrowClust (Trugman & Shearer, 2017), but without relying on differential travel297

times. High waveform coherence, quantified by the maximum cross-correlation, suggests that298

close events originate from nearby sources. We stack the location PDFs of highly correlated299

events and relocate them within their shared probability region. This approach enhances300

location accuracy, even in regions with sparse station coverage and limited datasets, such301

as in our case.302

The result of this three-step workflow on the catalog is summarized in Figure 4. To303

allow a direct comparison of how earthquake locations evolve through the workflow, we plot304

only those events that successfully passed all relocation stages. Out of the initial 130,578305

earthquakes, only one event retains its first location, 74,977 events are updated only by the306

SSST correction, and 55,600 events undergo the full coherence relocation. The median semi307

major axis of the horizontal uncertainty ellipse is 1.2 , the median semi-minor axis is 0.5 ,308

and the median vertical uncertainty is 1.6 , for all the events. For the maps in Figure 4 we309

further restrict the plotting to the 49,230 relocated earthquakes with a horizontal uncertainty310

smaller than 10 . In the outer rise zone (Figure 4a-c) the three panels look very similar,311

with only minor depth changes, which suggests that the offshore velocity structure and312

network geometry are still poorly constrained and vertical locations improve only slightly.313

In contrast, within the red box Figure 4a’-c’, which encompasses the Pichilemu fault system,314

the relocation sharpens the seismicity distribution, with more compact clusters that better315

align with mapped structures.316

4.3 Template matching317

Template matching is a technique to identify new earthquakes with a low signal-to-noise318

ratio from existing templates (Anstey, 1964; Gibbons & Ringdal, 2006; Shelly et al., 2007;319

Frank & Shapiro, 2014; Skoumal et al., 2014; Beaucé et al., 2018; Cabrera et al., 2021;320

Beaucé et al., 2022; Minetto et al., 2022). This process quantifies the similarity between321

seismic waveforms, triggering a new detection when the correlation is sufficiently high (Fig-322

ure S5). We define as templates a subset of earthquakes whose largest horizontal semi-major323

axis of the location error ellipse is smaller than 2 . To avoid redundancy, we group highly324

correlated events and keep, for each group, the one with the smallest combined horizontal325

and vertical uncertainty. Each template consists of a 10 s window around the picked P wave326

on the vertical component and the picked S wave on the horizontal components.327

We finally cross-correlate the continuous data with the templates in search of coherent328

signals. New detections are identified when the cross-correlation coefficient exceeds a time-329

dependent threshold, calculated as 8 times the Root Mean Square (RMS) of each 30min330

segment, which is consistent with conservative thresholds used in previous template match-331

ing studies (e.g., Shelly et al., 2007; Ross et al., 2019; Beaucé et al., 2022). We require332

a minimum of three available stations and six channels to trigger a new detection, based333

on the network-averaged cross-correlation coefficient, and limit the search to a maximum334
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Figure 4. Earthquake locations at different steps of the relocation process. Panels

(a–c) show the entire study area at different stages of relocation. The dashed red ellipsoid outlines

the outer-rise zone, and the red box marks the area of the Pichilemu fault (a’-c’). (a-a’) Initial

locations based on automatic picks by PhaseNet. (b-b’) Time residual corrections between observed

picks and theoretical seismic phase arrivals, applied to the entire initial catalog. (c-c’) Relative

relocation based on coherence of nearby seismic signals, which could only be applied to a subset

of earthquakes, primarily those near the IMAD network. (a’–c’) Close-up view of the Pichilemu

fault system, an area with a high concentration of aftershocks.
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Figure 5. Spatial distribution of the aftershocks in the study area. The central panel

corresponds to the final locations of the whole catalog, including the coordinates of the Mw 8.8

mainshock, depicted with a red star and color coded by depth. The top and left panels respectively

show the number of earthquakes as a function of longitude and latitude. The green histograms

represent the initial catalog, while the grey histograms represent the final catalog after template

matching. The right and bottom panels display stacked depth profiles of the earthquake catalog.

The bottom panel clearly illustrates subduction across different longitudes, while the right panel

shows the concentration of seismicity with latitude as a function of depth. The yellow star marks

the location of the mainshock.
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Figure 6. Magnitude estimation method for the earthquake catalog. (a) Seismic

moment M0 plotted against the frequency content of the seismic signal for an example event. Red

lines show the displacement spectra recorded at different stations for this event, with Brune’s model

fitted to the stacked spectra (black line). The vertical dark gray rectangle indicates the estimated

corner frequency. (b) Local magnitude ML calibration for moment magnitude Mw estimation for

nearly 7,000 earthquakes in our catalog, represented by data with low standard deviation values.

of ten stations per template, selected based on proximity, to optimize performance in large335

seismic networks. For each new detection we assign the hypocenter of its parent template.336

Template detections therefore densify the catalog and extend the magnitude range, but they337

do not improve the spatial resolution beyond that of the template set. To ensure that the338

catalog contains only unique events, we apply a combination of geographic, temporal and339

similarity based filters. Events that occur within 4 s and 10 of each other are grouped as340

potential duplicates. Within each group we retain only one event, preferring the detection341

with the highest template correlation and, when correlations are similar, the one with the342

smallest location uncertainty. This procedure removes redundant detections while keeping343

the most reliable representative in each cluster.344

From the relocation process, we identify 55,328 well-located earthquakes (with location345

uncertainties below 2 km) to serve as templates for template matching. To prevent redun-346

dant detections caused by highly similar events, we perform a waveform cross-correlation347

analysis, removing duplicates and retaining 37,990 unique templates. Applying template348

matching with these events results in the detection of 406,812 new earthquakes, increas-349

ing the number of events by a factor 10.7 compared to the starting subset of templates.350

We assign the locations of these newly detected events to their corresponding parent tem-351

plate, assuming that family members rupture closely spaced sources around the template352

hypocenter. As shown in the histograms in Figure 5 (top and left panels), the green area353

represents the initial catalog, while the gray area corresponds to the final catalog after tem-354

plate matching, with bin sizes of 0.1◦. Most seismicity is concentrated in the Pichilemu355

area (34–35◦S, 71.5–72.5◦W), where we identify the highest density of events both before356

and after template matching. In practice, the spatial resolution of the catalog is related to357

the 130,578 initial detected events and relocated with NonLinLoc–SSST–Coherence, while358

template detections mainly extend the temporal sampling and magnitude range along the359

same rupture area.360
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4.4 Magnitude Estimation361

To complete our earthquake catalog, we compute the moment magnitude (Mw ) using362

the Hanks and Kanamori (1979) equation (see also Table S1 in Supporting Information):363

Mw =
2

3
(log10 M0 − 9.1), (2)

where M0 is the seismic moment, derived from the stacking and fitting of the Brune model364

(Brune, 1970) to the S-wave displacement spectra recorded by the seismic network (Satriano,365

2021). The obtained M0 values are then integrated into Equation 2 to compute Mw . Mo-366

ment magnitude is advantageous for representing earthquake size, as it does not suffer from367

saturation and remains reliable across a broad range of seismic events. However, estimat-368

ing Mw for small earthquakes is challenging because their related ground motion is often369

masked by background noise. Accurate estimation of Mw for these minor events relies heav-370

ily on the sensitivity of instruments and the density of near-field stations. For the smallest371

earthquakes, the sampling rate also becomes a limiting factor, because their expected corner372

frequencies approach or exceed the usable frequency band. In practice, we can only estimate373

M0 and Mw reliably for events whose spectra are well sampled around the corner frequency.374

Therefore, for smaller events or when data quality is insufficient, we estimate Mw scal-375

ing from local magnitudes (ML) to homogenize our catalog (Deichmann, 2017). To obtain376

ML values for our earthquakes, we first recalibrate the distance-dependent attenuation term377

in the classical Richter (1935) relation for south-central Chile. This calibration is performed378

with a joint inversion of amplitude and distance, following the procedure and recommenda-379

tions of Bormann (2012) and similar regional studies (e.g., Langston et al., 1998; Y.-M. Wu380

et al., 2005; Condori et al., 2017).381

We use 7,119 events with reliable Mw values computed with SourceSpec (Satriano,382

2021) as reference magnitudes. These earthquakes span from Mw ≈ 2.0 to 6.5 and cover383

hypocentral distances between 10 and 250 km. The inversion includes a soft constraint that384

keeps the estimated ML close to Mw for events with small Mw uncertainties, so that the re-385

sulting local-magnitude scale remains consistent with the moment-magnitude reference. For386

each event–station pair, we extract the horizontal waveforms, simulate a Wood–Anderson387

seismograph, and measure the zero-to-peak displacement amplitude, which we associate388

with the corresponding reference Mw and hypocentral distance.389

We describe the distance dependence with a two-term attenuation function that com-390

bines geometric spreading and anelastic decay. For each event i and station j we assume391

log10 Aij = ML,i − a log10

(
Rij

Rref

)
− b (Rij −Rref)− Sj , (3)

where each amplitude observation Aij is related to the unknown local magnitude ML,i, the392

hypocentral distance Rij , and a station correction Sj .393

We solve for all parameters simultaneously using a least squares inversion. The coef-394

ficients a and b control the average decay of amplitudes with distance, while Sj represents395

a static correction that accounts for local site and instrument effects. To avoid trade-offs396

between the Sj values and the overall magnitude level, we enforce that the network mean397

of the station terms is zero, which defines a unique reference for the entire network.398

We adopt a reference distance of Rref = 100 km, which is commonly used in regional399

ML calibrations (Richter, 1935). This value also lies near the center of our sampled distance400

range. The first term, a, mainly reflects the effective wavefront geometry and average crustal401

structure, while the second term, b, represents moderate anelastic attenuation. The station402

terms Sj describe local deviations from the mean amplitude field and are applied directly403

in the final magnitude equation (Eq. 5) to correct for site-specific amplification.404
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This approach yields a stable and physically consistent calibration of the local mag-405

nitude scale, so we can compute homogeneous ML values across the network and derive406

consistent Mw estimates for smaller events.407

The preferred solution of this inversion corresponds to,408

a = 1.4209, b = 0.000736 km−1, (4)

and provides a good fit to the amplitude data. The fit has a mean absolute error409

of 0.19 magnitude units, a root mean square error of 0.25, and a negligible mean bias in410

log10 A residuals. This root mean square error corresponds to a standard deviation of about411

0.25 magnitude units in the residuals. At the event level, the anchored ML values differ412

from M ref
w with a mean absolute difference of 0.20, a root mean square error of 0.30, and413

a small positive bias of 0.09 in magnitude. These values indicate that the calibrated ML414

scale is internally consistent with the observed amplitudes and externally consistent with the415

reference Mw . Once the inversion parameters are fixed, we use the following ML equation416

in this study,417

ML = log10 AWA + 1.4209 log10

(
Rhyp

100

)
+ 0.000736 (Rhyp − 100) + Sj , (5)

where AWA is the Wood–Anderson zero to peak displacement amplitude and Rhyp is the418

hypocentral distance in km.419

Figure 6a illustrates the stacking of displacement spectra from multiple stations for an420

earthquake (see also Figure S6 in Supporting Information), which we use to estimate the421

seismic momentM0 and deriveMw (Equation 2). Based on this information, we calibrate the422

local magnitude ML to estimate Mw for the entire catalog using the following relationship:423

Mw =

{
0.72ML + 0.79 if ML ≤ 3.6,
ML − 0.24 otherwise.

(6)

These two branches reflect the empirical observation that the scaling between ML and Mw424

deviates from linearity at low magnitudes (Figure 6b). Following the approach presented425

by Deichmann (2017), small earthquakes tend to follow a steeper scaling (approximately426

1.5:1), while moderate to large events approach a 1:1 relationship. We apply a maximum427

likelihood bilinear regression and identify a break point at ML = 3.6, although the precise428

break point may vary between datasets.429

This approach homogenizes the catalog magnitude types and deliversMw values ranging430

from 0.22 to 6.20, with an average of 2.08 and a completeness magnitude Mc of around 1.8.431

The majority of events cluster at lower magnitudes, with the first quartile at Mw1.83, the432

median at Mw 2.01, and the third quartile at Mw 2.25. Approximately 90 of the events have433

magnitudes below Mw 2.61. Periodic spikes in event counts indicate intervals of increased434

seismicity, which likely correspond to aftershock sequences. Most events fall within the435

Mw2–3 range, while the larger magnitudes, up to Mw 6, are concentrated in the Pichilemu436

region, which also hosted the two largest aftershocks (Mw7 and 6.9). However, the seismic437

network became fully operational only a few days after these two events, so they are not438

included in this catalog.439

4.5 Frequency–Magnitude Characteristics and b-Value Estimation440

We analyze the frequency and distribution of magnitudes across our study area, with441

the widely applied linear logarithmic relationship (Gutenberg & Richter, 1944)442

log10 N(≥ M) = a− bM, (7)

where N(≥ M) represents the cumulative number of earthquakes with magnitudes greater443

than or equal to M . The constant a estimates the seismic activity level in the region, while444
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b indicates the relative proportion of high- to low-magnitude earthquakes, typically near445

1. These parameters also serve to determine the catalog’s magnitude of completeness Mc446

defined as the minimum magnitude at which the likelihood of detecting all earthquakes447

approaches 1. However, this analysis may be biased in cases of periodically low availability448

of stations or general incompleteness within the dataset (Geffers et al., 2022).449

To address the challenges in estimating the b-value, we applied the b-more-incomplete450

method (Lippiello & Petrillo, 2024), which builds upon the b-positive method (van der Elst,451

2021) but improves accuracy by artificially increasing the level of incompleteness in the cat-452

alog before estimating b. While the b-positive method calculates b from positive magnitude453

differences between successive earthquakes, the b-more-incomplete method enhances robust-454

ness by filtering out smaller events that could introduce bias due to partial detection. This455

artificial filtering helps mitigate the effects of short-term aftershock incompleteness (STAI),456

ensuring that the estimated b-value is less affected by time-dependent variations in detection457

thresholds and minimizes the effects of overlapping coda waves and sparse network coverage458

in the catalogs, resulting in a more accurate b-value estimation. In practice, the b-more-459

incomplete progressively removes the smallest events until the estimated b-value becomes460

insensitive to further changes in the magnitude threshold. This results in an effective b that461

is controlled by the better recorded part of the catalog, without relying on the magnitude462

of completeness.463

The temporal variation in the number of available IMAD stations since March 12, 2010,464

is shown in Figure 7a, together with the daily median location uncertainties of earthquakes.465

Station availability fluctuates strongly, especially after the first three months, when a grad-466

ual decline is observed, with only short week-long recoveries. Toward the end of the period,467

the number of available stations stabilizes at approximately 15. These fluctuations directly468

affect earthquake detection and location accuracy, and periods of reduced station coverage469

coincide with increased location uncertainties (Figure 7a). This effect is also evident in470

Figure 7b, where regions with dense station coverage (Figure 1b), such as Pichilemu (34471

to 35 S), exhibit a higher density of events. Conversely, regions with lower station avail-472

ability show detection gaps, particularly between 35 to 37 S after about 100 days from the473

start of the study period. Larger magnitude events are predominantly concentrated at the474

beginning of the sequence and are mostly related to the Pichilemu area, which further en-475

hances the contrast in detection rates between space and time. As shown in Figure 7c, the476

magnitude distribution over time highlights a strong concentration of events around Mw477

2. The earthquake detection rates (Figure 7c) display the expected decay over time, with478

occasional swarms that coincide with short-term increases in station availability and local479

network reactivation. This underlines the strong impact of station coverage on the inter-480

pretation of earthquake catalogs. It also highlights the importance of having well located481

events, since there are periods where template matching could not be applied because of482

the lack of reliable reference locations, which produces a heterogeneous spatial distribution483

of new template detections.484

We compute the b-value using two different methods, as illustrated in Figure 7d. For485

this analysis, we use batches of 5,000 earthquakes to estimate the b-value as a function of486

time. Tests with 3,000 and 7,000 event windows give similar long-term trends, and 5,000487

events offer a good compromise between temporal resolution and stability. The black line488

represents the b-values obtained with the classical maximum likelihood method for events489

above Mc, while the red line corresponds to estimates from the b-more-incomplete method490

(Lippiello & Petrillo, 2024). At the beginning of the sequence, the classical b-values fluctuate491

between about 0.6 and 1.2, then they show a spike up to about 1.6 around day 120, and492

later fluctuate around 1.2 before tending toward a stable value close to 1.0 at the end of the493

period. The early values are characteristically low for an aftershock sequence, which likely494

reflects the limited station coverage and the resulting loss of small events in the catalog.495

In contrast, the b-more-incomplete estimates show a much more stable behavior over time,496
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Figure 7. Temporal variations in (a) station availability (gray area) and earthquake location

uncertainties (colored lines for maximum axis, minimum axis, and depth), (b) the spatial distri-

bution in latitude, where circle size represents event magnitude and color indicates depth, (c) the

magnitude variation in the final catalog (blue squares), and the trends accounting for the number

of earthquake detected per day, from the initial catalog (red) and the final catalog (black), and

(d) the estimated b-value using the b-more-incomplete method. Shaded areas indicate the uncer-

tainty ranges for both methods. The b-more-incomplete method is less sensitive to time-dependent

changes in detectability than the classical maximum likelihood estimator.
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with values that remain mostly between 1.2 and 1.6 during the first part of the sequence497

and then converge toward a value close to 1.0 near the end.498

Values of b above 1 indicate a relative predominance of smaller earthquakes over larger499

ones, which is typical for aftershock sequences. The fact that the b-more-incomplete method500

can be applied to more incomplete catalogs and relies on magnitude increments rather than501

strict completeness makes it less sensitive to station-dependent variations in detectability.502

As a result, it provides a more robust description of the temporal evolution of b in this503

sequence and reduces the impact of changes in station availability on the inferred stress504

state.505

5 Discussion506

5.1 Workflow Performance and Limitations507

In this study, we employ the BPMF automated detection and location workflow (Beaucé508

et al., 2024) to build a dense and internally consistent catalog of the Maule aftershock se-509

quence. The workflow performs well across most of the study area, although its effectiveness510

still depends on the daily station coverage, which remains the main limitation of the Maule511

network. PhaseNet produced between 6,000 and 12,000 P picks per day on average (maxi-512

mum around 24,000), and a similar number of S picks, even though the number of available513

stations changed strongly over time. Nevertheless, the performance decreases for distant514

offshore events where S-P times exceed 30 s. The sparse and time-variable network further515

limits detection consistency, especially during periods of strong data gaps.516

Within the BPMF workflow, detections rely on the coherence of PhaseNet P and S517

probability time series across stations rather than on the performance of individual sen-518

sors. A real earthquake produces coherent probability increases at consistent moveouts, so519

even low probabilities sum constructively and generate a clear CNR peak. This makes the520

detector sensitive to low amplitude events without requiring station-specific thresholds.521

Because the Maule network is sparse and highly variable in time, the amplitude of the522

CNR fluctuates strongly across days. In such conditions, a fixed detection threshold, as523

used in more stable networks (Beaucé et al., 2019, 2022), would either miss many events on524

quiet days or admit too many false detections when noise levels are high. Instead, we use a525

day-dependent threshold based on a high percentile of the daily CNR distribution, typically526

the 97th percentile (see Section 4.1). This percentile-based threshold keeps the detection527

performance more homogeneous through the 10-month sequence, at the cost of losing the528

smallest events on the quietest or noisiest days.529

Location accuracy benefits from the regional 3D velocity model (Potin et al., 2025),530

which improves the coherence of clusters in the central and northern parts of the domain,531

including the Pichilemu region. The improvement is clear in map view and in cross sections532

(Figure 10 and Figure S7 in the Supporting Information), where previously diffuse clouds533

align into narrower structures. However, certain areas remain less well constrained. Offshore534

events in the outer rise zone and events south of 37 S are affected by reduced station coverage535

and lower resolution in the velocity model. These locations should be interpreted with536

caution. Overall, the workflow performs well for a sparse and heterogeneous network, but537

it does not replace the benefits of a dense permanent array.538

The matched filter search is stable in this region. Some station–template correlations539

can be low (0.2–0.3), but averaging across at least five stations and six channels and applying540

a median absolute deviation criterion yields robust detections even when individual traces541

are noisy. This strategy is widely used in BPMF applications (Beaucé et al., 2019, 2022,542

2024) and behaves similarly in the Maule dataset. Matched filtering densifies the catalog543

and lowers the magnitude of completeness, but newly detected events inherit the location544

of their template. These detections refine the temporal sampling and magnitude range of545
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the sequence rather than its spatial resolution. The GPU implementation of BPMF makes546

the backprojection and template matching stages fast and scalable.547

Our regional ML calibration reproduces the reference magnitudes with small bias but548

still leaves some residual variability. The residuals, shown in Figure S8 in Supporting In-549

formation, defined as Mref −Mpred for each event, are centered near zero and most values550

lie between about −0.5 and 0.5 magnitude units over distances from 10 to 250 km, with551

only a few outliers reaching larger absolute values. There is no strong systematic drift with552

distance, although a mild trend remains at the smallest magnitudes. This suggests that the553

calibration captures the main attenuation pattern and that the remaining scatter is domi-554

nated by unresolved path and site effects, together with measurement noise. When residuals555

are averaged over several stations per event, they translate into typical ML uncertainties of556

about 0.2–0.3 magnitude units. A more detailed study of frequency-dependent Q, κ, and557

site amplification, using a generalized inversion technique (GIT) to separate source, path,558

and site contributions on the same dataset, could further reduce this scatter, but this is559

beyond the scope of the present work. Despite this scatter, the calibrated ML scale is inter-560

nally consistent and stabilizes the Mw–ML relation in the magnitude range most relevant561

for our aftershock statistics. This internal coherence is what matters for estimating b-values,562

mapping spatial variations in seismicity, and comparing the behavior of the crust and the563

subducting slab.564

5.2 Comparison with Previous Catalogs565

This aftershock sequence has already been the focus of previous studies, resulting in566

the development of other earthquake catalogs. For instance, Lange et al. (2012) utilized567

automatic picking methods to compile a catalog of over 20,000 events spanning the first six568

months of the sequence. Similarly, Rietbrock et al. (2012) applied the STA/LTA triggering569

method with 2D velocity models, detecting and locating approximately 40,000 earthquakes.570

While most of their detailed analyses focus on roughly the first two months after the main-571

shock, the published catalog spans nearly 300 days of seismicity. Additionally, Ryder et al.572

(2012) produced a catalog using comparable methods, although limited to a shorter period573

of two and a half months. All these works provided the foundation for our current under-574

standing of the Maule aftershock sequence and were produced with the methods available at575

the time. They all rely on the same mobile seismic network (IMAD) used in this study. We576

revisit the same dataset using modern detection and relocation techniques, with the goal577

of extending the magnitude range, improving location accuracy, and resolving smaller scale578

structures within the Maule rupture zone.579

These catalogs have served as the basis for numerous subsequent studies, including the580

characterization of afterslip seismic patterns (Agurto et al., 2012) and the development of581

velocity models through local earthquake tomography, which have revealed new structural582

features in this segment of the subduction zone (Hicks et al., 2014). Major structures583

associated with the Maule earthquake rupture, such as those linked to the subduction slab584

and the crustal portion with high seismic activity near Pichilemu, are well represented in585

these catalogs (e.g., Ryder et al., 2012) and are consistent in the seismicity distribution.586

However, the resolution of fine-scale seismic structures has remained limited.587

Figure 8 compares the magnitude distribution, temporal evolution, and spatial coverage588

of seismicity in three catalogs: Rietbrock et al. (2012), the International Seismic Catalog589

(ISC) (Di Giacomo et al., 2018), and ours, for the same time period. While all catalogs590

achieve consistent detection completeness for ML ≥ 3, our catalog captures a significantly591

higher number of small-magnitude events (ML ≤ 2). This improvement is especially clear592

during periods of low station coverage, where the adaptive threshold and matched-filter593

detections maintain stable performance. Our workflow detects 130,578 initial earthquakes594

and 537,390 total events after template matching, compared with 40,087 events in the catalog595

of Rietbrock et al. (2012) and 5,261 events in the ISC catalog (Di Giacomo et al., 2018).596
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Figure 8. Comparison of three earthquake catalogs based on magnitude distribution, temporal

evolution, and spatial coverage for the same period. (a), (b), and (c): 2D histograms showing the

distribution of local magnitudes (ML) over time with bins of 5 days and 0.5 in magnitude. Blue

represents the catalog presented in this study, red corresponds to the catalog by Rietbrock et al.

(2012), and green denotes the catalog from the ISC (Di Giacomo et al., 2018). Lighter tones indicate

lower data density, while darker tones represent higher densities. (d): Seismicity rate (events per

hour) over time for the three catalogs, following the same color coding. (e): Magnitude-frequency

distribution for the three catalogs. Solid lines represent the cumulative number of events following

the Gutenberg–Richter law, while triangles indicate the number of earthquakes for each magnitude

bin. (f), (g), and (h): Spatial distribution of seismicity in the rupture zone for each catalog.
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This increase reflects the combined effect of improved phase picking and matched filtering.597

The magnitude of completeness also improves from Mc ≈ 2.7 in Rietbrock et al. (2012) and598

above 3.5 in ISC to Mc ≈ 1.8 in our catalog, which corresponds roughly to a 10-times gain599

in sensitivity.600

The seismicity rate, as shown in Figure 8d, shows similar temporal trends across the601

three catalogs, but with clear differences in the total number of recorded events. In all three602

catalogs, short-term drops in rate follow larger earthquakes, when coda waves mask smaller603

aftershocks. These systematic gaps underscore the need to account for detection limits when604

interpreting aftershock productivity.605

The frequency–magnitude distribution of our catalog, compared to the catalogs of606

Rietbrock et al. (2012) and the ISC, is presented in Figure 8e. This comparison high-607

lights the improved detection capability of the proposed workflow, which achieves a lower608

magnitude of completeness by 1 to 2 orders of magnitude, significantly expanding the range609

of detectable seismic events. Differences in the number of moderate-magnitude events also610

reflect the fact that each catalog relies on a distinct local–magnitude scale. The Rietbrock611

et al. (2012) catalog uses a different ML formulation based on the methods available at612

the time, while our study recalibrates a regional attenuation model directly from the Maule613

dataset. Because the ISC catalog relies on a low-density permanent network, it detects fewer614

events across all magnitude ranges.615

Figure 8f–h show that the overall shape of the seismicity distribution is consistent be-616

tween catalogs, with a pronounced concentration around the Pichilemu region. Overall, our617

catalog reveals additional small-scale structures and secondary clusters, particularly in the618

Pichilemu fault area and in the central part of the rupture. In Pichilemu, aftershocks cluster619

more tightly along narrow NNW-striking structures and secondary NE-trending branches620

than in previous Maule catalogs. In Figure S7, we compare our locations with those of621

Rietbrock et al. (2012) using identical map views and cross sections. The tighter clusters622

and improved spatial coherence highlight the gains from combining increased completeness623

with a 3D velocity model and successive relocation stages (see Text S1 and Figure S7 in624

the Supporting Information). This improved resolution, together with the regional ML cal-625

ibration, allows us to map spatial and temporal b-value variations that were not resolved in626

earlier work. These improvements are most robust in regions with dense station coverage627

and good velocity control, whereas offshore and southern areas remain less well constrained628

and should be interpreted carefully.629

We successfully re-detect approximately 88% of the events reported by Rietbrock et al.630

(2012) and 90% of those cataloged by the Centro Nacional de Sismoloǵıa de Chile (CSN)631

and the ISC (Di Giacomo et al., 2018). Events not recovered usually correspond to signals632

with too few picks to meet the internal consistency criteria of our workflow. Excluding them633

keeps the catalog homogeneous and avoids introducing poorly constrained detections.634

5.3 Geotectonic Implications635

This catalog provides a detailed and consistent view of the aftershock sequence of the636

2010 Maule earthquake and shows how different structural domains responded to the main-637

shock. The most intense postseismic activity occurs in the Pichilemu area (Figure 9, B-B’638

and Figure 10), where a shallow normal fault system accommodates upper crustal extension639

above the main slip patch. The normal-faulting nature of this system and its potential640

reactivation within the area of highest coseismic slip have been already well documented641

(Faŕıas et al., 2011; Lange et al., 2012; Ryder et al., 2012; Lieser et al., 2014). Using642

the increased number of small earthquakes, we refine the view of the Pichilemu fault sys-643

tem in Figure 10. Seismicity related to this fault system was isolated using HDBSCAN,644

a hierarchical density-based algorithm (Campello et al., 2013), often used to distinguish645

earthquake patterns within catalogs (Essing & Poli, 2024). The clustering was applied in646

four dimensions considering location coordinates and origin time.647
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Figure 9. Spatial distribution of seismicity (colored dots) and profiles perpendicular to the

subduction trench (black lines, A-F). On the left panel, color represents depth, while in the cross-

sections on the right (A-F), color indicates magnitude. Black lines in the cross-sections correspond

to the slab model (Slab 2.0, Hayes et al., 2018) for the subduction zone in this region.
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In this area, we observe a main normal fault characterized by an azimuth–dip orientation648

of N40W/S30W and extending for about 49 (Figure 10, A–A’). The fault system shows649

distinct seismic patterns, with branches approximately perpendicular to the main structure650

and forming an L-shaped distribution. Seismicity is concentrated between 5 and 20 depth651

along these intersecting faults, defining a seismogenic thickness of roughly 5 km and a652

distributed deformation field around the main fault.653

This configuration points to a conjugate normal-fault system, where secondary NE–SW654

structures intersect the main NW–SE fault. The geometry is typical of upper-plate exten-655

sional regimes along the Chilean margin (e.g., J. A. Ruiz et al., 2014; Piquer et al., 2019;656

Santibáñez et al., 2019) and is consistent with seismological models of the largest 2010 Mw657

7.0–Mw 6.9 aftershocks in the area (J. A. Ruiz et al., 2014). Comparable conjugate fault658

patterns have been described in other complex normal-faulting sequences, such as the Mw659

6.5 Ludian earthquake (Li et al., 2024) and the Mw7.1 Ridgecrest earthquake (Liu et al.,660

2019), supporting an interpretation in terms of localized crustal stretching and stress trans-661

fer within the upper plate. Altogether, the seismicity distribution offers a coherent and662

high-resolution seismological image of the Pichilemu fault system and provides new con-663

straints on its geometry and on the mechanisms of upper-plate fault reactivation in central664

Chile.665

Offshore Pichilemu, we also observe clear seismic activity in the outer-rise zone. This666

finding aligns with previous studies, which suggest that this seismicity is a direct response667

to the high coseismic slip in the region, potentially resulting from the activation of shal-668

low normal fault systems under extensional forces following large slip events (Moscoso &669

Contreras-Reyes, 2012; Lange et al., 2012; Rietbrock et al., 2012; J. A. Ruiz & Contreras-670

Reyes, 2015). Several events appear near or below 30 depth. These values should be671

interpreted with caution because long travel paths and possible mixing between direct and672

reflected phases can affect depth estimates in this offshore region.673

Seismic activity associated with the subducting slab is present throughout the rupture674

zone. Notably, two distinct bands of seismicity are observed along the profiles: one at675

depths of 20 km to 35 km (Figure 9, A–F) and another, deeper band at approximately676

50 km, primarily in Figure 9, A–C. A horizontal gap in seismicity is evident in the region677

closest to the mainshock (Figure 5), suggesting minimal post-mainshock activity in this678

area, likely due to significant coseismic stress release. While some seismicity does not align679

precisely with the slab model, it follows a consistent depth distribution, highlighting distinct680

tectonic behaviors captured by this catalog.681

A marked decrease in aftershock activity is observed around 36◦S, near the mainshock682

hypocenter, forming a distinct low-seismicity zone within the rupture area (Figures 9 and683

5). South of this region, toward Concepción, the sequence shows sparse and discontinuous684

seismicity, with small clusters separated by aseismic patches (Figure 9). This quiescence685

is consistent with substantial coseismic stress release and a limited postseismic response in686

the southern segment. The scarcity of shallow or interface events emphasizes the along-687

strike segmentation of deformation and the heterogeneous reactivation of the plate interface688

following the Maule earthquake. Overall, these patterns outline how the crustal faulting689

system, the outer-rise region, and the slab responded to stress redistribution after the Maule690

earthquake.691

5.4 Spatial Patterns of Seismicity and b-Value Variations692

The b-value provides a simple way to follow how stress and structure vary across the693

rupture zone, being linked to fault coupling, stress regime, and fluid content (Custódio694

& Archuleta, 2006; Chiba, 2019; Folesky, 2024; Collettini & Tinti, 2025). We estimate it695

using two approaches, the classical maximum likelihood method (Aki, 1965) and the b-more-696

incomplete method (Lippiello & Petrillo, 2024), which reduces the impact of time-variable697

completeness. The classical estimate starts with unusually low values (0.6–1.2) during the698
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Figure 10. Spatial evolution of the Pichilemu fault system. Earthquakes are shown as

dots color-coded by depth in the latitude-longitude map, and by the estimated moment magnitude

(Mw ) in the cross-sections. Profiles along the black lines (A-D) include one in the main Pichilemu

fault’s azimuthal direction (A-A’) and three perpendicular sections (B-D). The cross-sections illus-

trate the southwest dip direction of the northwest-trending fault and a series of conjugate faults,

forming an L-shaped faulting system.
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Figure 11. Spatial distribution of the b-value and Mc. We compute these values within

earthquake clusters of at least 200 events. (a–c) Crustal seismicity. (d–f) Slab-related seismicity.

Columns show the classical b-value, the b-more-incomplete estimate, and the corresponding Mc.

The dashed blue line marks the 5m coseismic slip contour from the model of Yue et al. (2014);

regions inside the contour correspond to slip values exceeding 5m.

first weeks, rises sharply to ∼ 1.6 around day 120, and then stabilizes near 1.0 toward the699

end of the period (Figure 7d). In contrast, the b-more-incomplete remains much more stable,700

mostly between 1.2 and 1.6 during the first months, and gradually converges toward a value701

close to 1.0. These differences are closely linked to the evolution of station availability. As702

shown in Figure 7a, the number of IMAD stations decreases from more than 80 at the start703

to about 15 at the end of the study period, which affects detectability. As a result, the704

classical method drops to 0.6–0.8, while the b-more-incomplete remains stable at 1.2–1.6, as705

it is less sensitive to short-term aftershock incompleteness and variable detection thresholds.706

To map spatial variations (Figure 11), we follow an iterative clustering strategy (Hartigan,707

1975). For each of the N = 100 iterations, we randomly select a number of clusters k be-708

tween 50 and 500 and obtain them using mini-batch k-means (Sculley, 2010; J. Wu, 2012).709

This produces clusters of variable size, with a typical target of about 400 events per cluster.710

Clusters with fewer than 200 events are discarded to ensure stable statistics. For every itera-711

tion, we estimate Mc, the classical b-value (Aki, 1965), and the b-more-incomplete (Lippiello712

& Petrillo, 2024) within each remaining cluster, assign these values to all earthquakes in713

that iteration, and repeat the workflow. The final maps represent the average of all 100714

iterations, which smooths out random cluster boundaries and yields stable spatial patterns.715

We avoid interpreting clusters where Mc is high, since these areas are more sensitive to716

detection biases. Given the magnitude uncertainties and the finite number of events per717

cluster, we do not treat b-value differences smaller than about 0.2 as significant and focus718

instead on robust, large-scale patterns that are stable across different window sizes and719
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random cluster realizations. The gridded fields are obtained by interpolating the averaged720

cluster values onto a regular latitude–longitude grid.721

Figure 11 illustrates the spatial variability of the b-value and the corresponding mag-722

nitude of completeness Mc for crustal (a–c) and slab-related (d–f) seismicity. For crustal723

events, the classical b-value map (Figure 11a) shows values close to 1.0 along most of the724

rupture, increasing to about 1.3 around Pichilemu and in parts of the southern segment,725

and exceeding 1.5 in the northern onshore area where anthropogenic sources (e.g., copper726

mining) and numerous small, shallow events are present. We therefore interpret much of727

this high-b patch as non-tectonic in origin. The b-more-incomplete estimates (Figure 11b)728

retain the first-order along-strike pattern but appear smoother and less sensitive to local729

variations in Mc. The crustal Mc map (Figure 11c) ranges from about 1.5 to 3.0, with730

higher values offshore and in areas of sparse station coverage, and correlates strongly with731

the spatial variability of the classical b-value. This correlation indicates that part of the732

spatial variability in the classical b-value map reflects completeness changes rather than733

genuine changes in the magnitude–frequency distribution.734

For slab-related seismicity, classical b-values (Figure 11d) are generally lower, rang-735

ing from 0.5 to 1.0 beneath the southern segment and up to approximately 1.3 beneath736

Pichilemu, again following the main patterns in Mc. In contrast, the slab b-more-incomplete737

map (Figure 11e) reveals a clearer along-strike segmentation, with higher b-values in the738

northern part of the rupture and values close to 1.0 in the south. The slab Mc distribu-739

tion (Figure 11f) is similar, with higher values where station coverage is sparse. Together,740

these maps indicate that classical b-values are strongly influenced by spatial variations in741

Mc, whereas the b-more-incomplete estimates provide a more stable and less completeness-742

biased representation of the underlying crustal and slab segmentation.743

These spatially variable and temporally evolving b-values are consistent with the idea744

that earthquake magnitude distributions reflect a dynamically evolving stress field and struc-745

tural heterogeneity (Herrmann et al., 2022). Taken together, the b-more-incomplete esti-746

mates highlight a pronounced along-strike contrast in b-value for crustal earthquakes, with747

the highest b-values in the northern segment (∼33 to 35 S) and lower b-values in the south-748

ern segment (∼36 to 38 S). We interpret this contrast as consistent with a weaker, fluid-749

influenced plate interface in the north, where elevated pore fluid pressure (pf) tends to reduce750

the effective normal stress (σeff = σn − pf) and favors a higher proportion of small to mod-751

erate earthquakes (Schorlemmer et al., 2005; Scholz, 2015). In contrast, the lower b-values752

in the south are compatible with a relatively drier, more strongly coupled interface and a753

less fractured upper plate, characterized by lower pore fluid pressure and persistently high754

σeff . Classical b-value estimates remain more sensitive to spatial variations in Mc, whereas755

the b-more-incomplete estimates provide a more robust and less completeness-biased view756

of this segmentation.757

Other factors, such as heterogeneous path and site effects or local variations in magni-758

tude uncertainty, may also contribute to the observed patterns. This first-order north–south759

contrast is, however, consistent with previous interpretations of fluid-rich versus mechani-760

cally stronger domains derived from geodetic, structural, and b-value analyses (Tassara et761

al., 2016; Arroyo-Solórzano & Linkimer, 2021), and is compatible with scenarios in which762

fluids released from the dehydrating Nazca slab accumulate and are redistributed along the763

plate interface. The strongest b-value gradients occur adjacent to the regions of highest764

coseismic slip (Yue et al., 2014), consistent with stress concentration near the edges of the765

main slip patches. Together, these patterns support a segmented view of the Maule rupture766

and reflect the redistribution of stress, and possibly pore fluid pressure, after the Mw 8.8767

earthquake.768
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6 Conclusions769

This study presents a high-resolution catalog of the aftershock sequence of the 2010 Mw770

8.8 Maule earthquake in south-central Chile, covering the period from March 2010 to Jan-771

uary 2011. By reanalyzing data from the IMAD seismic network with a workflow that com-772

bines deep-learning-based detection method with relative relocation and template matching,773

we identify 537,390 earthquakes, about 13 times more events than reported in previous stud-774

ies. The catalog spans magnitudes from Mw 0.2 to Mw 6.2, reaches a completeness level of775

about Mw1.8, and resolves fine-scale seismic structures along the rupture zone, particularly776

in the Pichilemu region.777

The two estimation methods reveal markedly different temporal evolutions of the b-778

value. The b-more-incomplete approach yields consistently high values throughout most779

of the sequence, whereas the classical maximum likelihood estimate starts from low values780

and increases with time. Despite these contrasting trends, both methods converge toward781

b ∼ 1 after roughly 270 days. This apparent stabilization may reflect a progressive transition782

toward a more mature aftershock regime. However, the concurrent loss of seismic stations783

during the later stages introduces uncertainty as to whether this trend represents a genuine784

physical process or an artifact of decreasing detection capability.785

Spatially, the catalog reveals a clear along-strike segmentation of b-values. Higher b-786

values in the northern segment and lower values in the southern segment are consistent787

with along-strike variations in effective normal stress, σeff = σn − pf . Elevated pore-fluid788

pressure in the north likely reduces σeff , promoting a higher proportion of small to moderate789

earthquakes, whereas lower b-values in the south are consistent with a relatively dry, more790

strongly coupled plate interface and a less fractured upper plate. Taken together with791

previous geodetic and structural studies that document two main high-slip regions and792

long-term forearc segmentation along the Maule margin (Moreno et al., 2010; Jara-Munoz793

et al., 2015; Tassara et al., 2016), these contrasts suggest that along-strike variations in794

stress, fluid pressure, and inherited structure exert a first-order control on the postseismic795

evolution of the sequence.796

This catalog provides a detailed and internally consistent dataset that enables future in-797

vestigations of key physical processes governing the rupture potential and dynamic evolution798

of seismicity in subduction margins. It offers opportunities to correlate seismic observations799

with geodetic models (e.g., afterslip, coupling maps) and to better constrain earthquake800

parameters (e.g., source contribution, attenuation parameters, site effects). In this study,801

we apply this workflow to a large aftershock sequence and demonstrate that it is effec-802

tive and can be used in other tectonic settings with variable data coverage and network803

configurations.804

Data Availability Statement805

The complete earthquake catalog is provided both in the Supporting Information and806

in the Zenodo repository described by Flores-Allende et al. (2025) (https://doi.org/807

10.5281/zenodo.17858890). The Supporting Information provides complementary ma-808

terial related to the workflow, while the Zenodo repository contains the Python scripts809

together with detailed instructions on how to reproduce the workflow. Seismic waveform810

data were accessed online from the contributing seismic networks, and all records remain811

publicly available through their corresponding data centers. The IMAD network (Beck et812

al., 2014) includes the FDSN code XS (Vilotte et al., 2011), operated by CNRS-INSU and813

IRIS/PASSCAL, with data publicly available at the RESIF data center (https://doi.org/814

10.15778/RESIF.XS2010). The FDSN code XY (Steve Roecker & Ray Russo, 2010) was op-815

erated by GEF/SeisUK, and its data are accessible through the IRIS data center (https://816

www.iris.edu/hq/). The 3A network, also operated by GEF/SeisUK, is available via IRIS.817
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The ZE network, provided by GIPP (GFZ), can be accessed through the GEOFON data cen-818

ter (https://geofon.gfz.de/waveform/archive/network.php?ncode=ZE&year=2010).819

All algorithms used in this study are open source and publicly available. The BackPro-820

jection and Matched Filter (BPMF) workflow (Beaucé et al., 2024) is accessible at https://821

github.com/ebeauce/Seismic BPMF. The NonLinLoc-SSST-Coherence algorithm (Lomax822

& Savvaidis, 2022) is available at http://alomax.free.fr/nlloc/ and through Zenodo823

(https://zenodo.org/records/13693145). SourceSpec (Satriano, 2021) can be found at824

https://github.com/SeismicSource/sourcespec, and the implementation of b-value esti-825

mation methods (Lippiello & Petrillo, 2024) is provided at https://github.com/caccioppoli/826

$b$-more-positive.827

All computations were performed using Python version 3.11.11 (Van Rossum et al.,828

2007) (https://www.python.org/). The main scientific libraries used are ObsPy 1.4.2829

(Beyreuther et al., 2010) for waveform retrieval and preprocessing (https://doi.org/10830

.5281/zenodo.15309143); SciPy 1.13.0 (Virtanen et al., 2020) for optimization and interpo-831

lation (https://scipy.org/); and Scikit-learn 1.6.1 (Pedregosa et al., 2011) for data anal-832

ysis, including clustering with HDBSCAN (McInnes et al., 2017) and MiniBatch K-means833

(J. Wu, 2012) (https://scikit-learn.org/stable/). Figures were created using Mat-834

plotlib 3.10.1 (Hunter, 2007) (https://matplotlib.org/), and maps were produced with835

PyGMT (Wessel et al., 2019; Uieda et al., 2021) (https://www.genericmapping-tools836

.org/) and Cartopy 0.24.1 (Met Office, 2015) (https://scitools.org.uk/cartopy/docs/837

latest/). ).838
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