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Earthquake clustering is a fundamental feature of seismicity and underpins many short-term forecasting models.
However, conventional clustering techniques based on fixed space-time windows often fail in tectonically
complex regions such as the Sumatra subduction zone, where seismicity is heterogeneous, offshore station

Keywords: . . i . . i .
Farthquake clustering coverage is sparse, and location uncertainties are substantial. Here, we develop a region-specific, physics-
ETAS model informed framework for clustering and forecasting earthquakes in Sumatra, combining stochastic modelling

with empirical spatial and temporal constraints. We apply GRETAS (GRaph-based approach to ETAS), a graph-
theoretical method based on the Epidemic-Type Aftershock Sequence (ETAS) model, enhanced with physically
motivated filtering. Compared to traditional window-based methods, GRETAS produces more compact and
physically consistent clusters, with improved performance measured by the Silhouette coefficient and Davies—
Bouldin index. We also evaluate the forecasting potential of the Gutenberg—Richter b-value using a probabilistic,
weighted version of the b-more-positive estimator, which accounts for classification uncertainty and magnitude
incompleteness. Our results show no statistically significant difference in b-values between background and
triggered events, and no consistent precursory trend prior to large earthquakes. These findings underscore
the importance of probabilistic, regionally tailored approaches for robust seismic analysis in complex tectonic

Graph-based stochastic declustering
Sumatra subduction zone

b-value estimation

Earthquake forecasting

settings.

1. Introduction

Earthquakes rarely occur in isolation. Instead, they tend to cluster
in space and time, forming complex sequences such as foreshocks
(Mignan, 2014; Petrillo and Lippiello, 2021), aftershocks (Omori,
1894), and swarms (Hainzl, 2004; Godano et al., 2023). These patterns
reflect a wide range of interacting physical processes, including stress
transfer (Petrillo et al., 2020), pore pressure perturbations (Petrillo
et al., 2024a), aseismic slip (Radiguet et al.,, 2016), and dynamic
triggering (Brodsky and van der Elst, 2014). Deciphering the origin and
structure of these clusters remains a central goal in seismology, with
significant implications for real-time hazard assessment and earthquake
forecasting. Indeed, many operational and research-driven forecasting
models (Lippiello et al., 2019; Gentili and Di Giovambattista, 2017,
2020, 2022; Anyfadi et al., 2023; Brondi et al., 2024; Gentili et al.,
2025b; Lippiello et al., 2025b) rely on the accurate identification of
clustered seismicity, a process that is itself highly sensitive to the
choice of clustering methodology (Gentili et al., 2024).

Over the past two decades, statistical models — most notably the
Epidemic-Type Aftershock Sequence (ETAS) model (Ogata, 1988, 1989;

* Corresponding author.
E-mail address: giuseppe.petrillo@ntu.edu.sg (G. Petrillo).

https://doi.org/10.1016/j.tecto.2026.231137

Console et al.,, 2007, 2010; Omi et al., 2014) and its many exten-
sions (Petrillo and Lippiello, 2021, 2023; Petrillo and Zhuang, 2024;
Petrillo et al., 2024b; Molkenthin et al., 2024; Ross, 2021; Petrillo
and Taroni, 2025) - have transformed how earthquake interactions
are modelled. These frameworks represent seismicity as a branching
process, allowing a more realistic and probabilistic characterization of
earthquake cascades beyond deterministic mainshock-aftershock clas-
sifications. However, the practical identification of earthquake clus-
ters from real catalogues remains methodologically challenging. Many
widely used techniques rely on fixed space-time windows or empirical
rules, with limited grounding in physics and little consideration of
catalogue uncertainties (Reasenberg, 1985; Uhrhammer, 1986; Gentili
et al., 2025a). This issue is particularly acute in tectonically complex or
poorly instrumented regions, where observational limitations (e.g., sta-
tion density, offshore coverage) introduce spatially variable uncertainty
in event detection and location.

The Sumatra subduction zone illustrates these challenges. As part
of the Sunda arc, Sumatra accommodates the convergence of the Indo-
Australian and Eurasian plates, hosting some of the largest and most
destructive earthquakes of the past century, including the 2004 Mw
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9.1 Aceh-Andaman and the 2005 Mw 8.6 Nias events (Lay et al.,
2005; Borrero et al., 2011). Despite its tectonic significance, the region
has received comparatively limited attention in the statistical seismol-
ogy literature. Previous studies have tended to focus on individual
megathrust events or have applied globally calibrated models, often
overlooking regional features such as elongated rupture geometries,
spatiotemporal variations in catalogue completeness, and the elevated
location uncertainties associated with offshore seismicity (Widiyantoro
et al., 2024; Diantari et al., 2018; Haridhi et al., 2018). These lim-
itations underscore the need for tailored approaches that integrate
both physical constraints and probabilistic modelling adapted to the
Sumatran context.

In this study, we present a comprehensive framework for cluster-
ing and forecasting earthquakes in Sumatra. Central to our approach
is GRETAS (GRaph-based approach to ETAS), a novel method that
combines stochastic declustering (Zhuang et al., 2002) with graph
theory to flexibly identify clusters of interacting events (Gentili et al.,
2025b). Unlike conventional declustering techniques or window-based
methods, GRETAS constructs a network of triggering probabilities and
identifies clusters based on the persistence of these links across multiple
stochastic realizations. The resulting structure captures the probabilis-
tic nature of seismic triggering and is further refined using empirically
calibrated spatial and temporal constraints, ensuring that the iden-
tified clusters are both statistically robust and physically plausible.
This step is particularly important in Sumatra, where uncertainties in
earthquake locations can otherwise lead to spurious long-range associ-
ations. Alongside physics-based and statistical approaches, a growing
number of studies have explored data-driven and machine learning-
based methods for earthquake clustering and forecasting. These include
pattern-recognition techniques based on supervised (Shcherbakov and
Kothari, 2025) or unsupervised classifiers (Scarfi et al., 2025; Piegari
et al., 2022; Birant and Kut, 2007) designed to identify clustered seis-
micity. Such methods have shown encouraging performance in specific
tectonic settings, particularly where long, homogeneous catalogs are
available and the seismic regime is relatively stable. Nevertheless,
the application of purely data-driven approaches to regions such as
Sumatra remains challenging. Strong spatial heterogeneity, variable
detection capability, offshore seismicity, and evolving catalog com-
pleteness can limit the transferability and interpretability of machine
learning models. Moreover, training labels in supervised approaches
often rely on prior declustering assumptions, potentially propagating
methodological biases. For these reasons, we adopt here a probabilistic,
physics-informed framework based on stochastic seismicity modelling,
while recognizing machine learning approaches as a complementary
avenue for future developments.

Beyond clustering, we also revisit a long-standing and controver-
sial question in earthquake forecasting: can the Gutenberg-Richter
b-value (Gutenberg and Richter, 1944) serve as a reliable precursor
to large earthquakes? The b-value is often interpreted as a proxy for
crustal stress state (Amitrano, 2003), and numerous studies have re-
ported systematic decreases in b preceding major events (Papadopoulos
et al., 2018, 2010; Gulia and Wiemer, 2019; Nanjo et al., 2012).
However, other investigations have failed to find consistent precur-
sory signals, or have shown that apparent changes in » may reflect
biases arising from catalogue incompleteness, regional heterogeneity,
or assumptions in declustering (Lombardi, 2023; Godano et al., 2024b;
Herrmann and Marzocchi, 2021). The reliability of b-value variations
as a forecasting tool thus remains uncertain and may depend strongly
on both region-specific factors and methodological choices.

Traditional b-value estimators also neglect key sources of uncer-
tainty, such as whether a given event is part of the background or
triggered population, or whether the catalogue is complete above a
uniform magnitude threshold. To address these issues, we adopt the
recently proposed b more positive method (Lippiello and Petrillo, 2024;
Lippiello et al., 2025a), which is based on inter-event magnitude differ-
ences and provides greater robustness against such biases. We further
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extend this method by introducing a probabilistic, weighted estimator
that explicitly incorporates the posterior classification probabilities
of each event derived from ETAS-based declustering (Zhuang et al.,
2002). This formulation allows us to directly account for classification
uncertainty and to construct principled confidence intervals on b-value
estimates.

We apply this methodology to the regional catalogue of the Indone-
sian Agency for Meteorology, Climatology and Geophysics (BMKG),
covering the period 2008-2024. We find that GRETAS produces more
compact and geophysically meaningful clusters than conventional
methods, as quantified by standard clustering metrics such as the
Silhouette coefficient (Rousseeuw, 1987) and the Davies-Bouldin in-
dex (Davies and Bouldin, 2009). Our probabilistic b-value analysis
reveals no statistically significant difference between background and
triggered events, and a retrospective analysis of large earthquakes
shows no systematic decrease in b prior to major ruptures. These
findings suggest that the predictive power of the b-value, at least
in the Sumatran context, may be limited. More broadly, our results
highlight the need for region-specific, probabilistic models that ex-
plicitly incorporate observational and methodological uncertainties.
By integrating stochastic simulations, physical constraints, and robust
statistical estimators, the framework developed here contributes to a
more transparent and reliable understanding of clustered seismicity in
one of the world’s most hazardous tectonic environments.

2. Seismic catalogue characterization

We begin by characterizing the key statistical features of the earth-
quake catalogue compiled by the Indonesian Agency for Meteorology,
Climatology and Geophysics (BMKG), and highlighting the limitations
of conventional clustering methods when applied to this tectonically
complex region. We focus on the Sumatra segment of the Sunda Arc,
where the Indo-Australian plate subducts beneath the Eurasian Sunda
plate (Lay et al., 2005; Haridhi et al., 2018; Widiyantoro et al., 2024).
The region of interest spans from 95°E to 141°E longitude and from 11°S
to 6°N latitude, encompassing the main seismogenic segments of the
megathrust and associated tectonic domains, including the accretionary
prism and the back-arc region.

The catalogue spans the period from 1 November 2008 to 24
November 2024 and aggregates seismic records from an extensive
network of broadband and short-period stations operated by BMKG,
supplemented in some regions by international networks (Haridhi et al.,
2018). Earthquake magnitudes are reported using multiple scales, in-
cluding local magnitude (M ), short-period body-wave magnitude (),
and moment magnitude (M,,). To ensure consistency across the dataset,
all magnitudes were converted to moment magnitude (M,) using
empirical regression models calibrated by Diantari et al. (2018), who
fitted least-squares relationships between BMKG-reported values and
the GFZ reference catalogue. These conversions yielded coefficients of
determination ranging from 0.54 to 0.92, depending on the original
magnitude type (see Table 2 in Diantari et al. (2018)).

The magnitude of completeness (M) of the catalogue was estimated
using the Coefficient of Variation (CV) stabilization method recently
proposed by Godano et al. (2024a) (see Methods). To account for poten-
tial temporal fluctuations in detectability — due to changes in network
configuration, background noise levels, or seismic rate — we computed
M (1) over a moving window of 250 events. The completeness threshold
for the entire dataset was conservatively defined as M, = max(M, (1)) =
4.7, consistent with previous assessments for this region (Diantari et al.,
2018). Only events with M,, > 4.7 were retained for subsequent
analyses. This threshold ensures that spatial and temporal variations in
seismicity are not biased by incomplete detection at lower magnitudes
(see, e.g., Petrillo and Zhuang (2022, 2023)). The spatial distribution of
the selected events is shown in Fig. 1. Each epicentre is colour-coded by
magnitude, and larger events (M,, > 7) are marked with yellow stars. A
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Fig. 1. Epicentres from the BMKG catalogue (1 November 2008 to 24 November 2024), for events with M, > 4.7, corresponding to the estimated magnitude
of completeness. Dot size scales with magnitude; yellow stars denote M,, > 7 events. The shaded region was excluded due to a locally elevated magnitude of

completeness.

subset of the region, shaded in grey, was excluded from further analysis
due to locally elevated completeness thresholds.

To ensure catalogue reliability, we conducted a systematic inspec-
tion for potential duplicate events, which can arise when an earthquake
is relocated but the original entry is not removed, leading to artificial
repetitions. Each event was checked for the occurrence of a nearby
event within a spatial window of 0.5° in both latitude and longitude
and within 5 s in origin time. Suspected duplicates were manually
cross-checked against the ISC catalogue (Storchak et al., 2013); if no
distinct events were confirmed, the earlier record-presumed to corre-
spond to the initial, uncorrected location-was removed. This filtering
step eliminated 32 events with magnitudes between 4.7 and 6.9.

3. Methods

In the following, we describe in detail the methods we used for
declustering and cluster identification (stochastic declustering and
GRETAS), and to estimate of cluster quality (Silhouette mean and
Davies-Bouldin index), the completeness magnitude (Godano et al.
unbiased b value estimate), and b value (b-more positive). For further
details please refer to the original publications in literature listed in the
following sub sections.

3.1. ETAS model and stochastic declustering

The Epidemic Type Aftershock Sequence (ETAS) model is a branch-
ing process model designed to represent how seismic events are trig-
gered by other earthquakes in both space and time (Ogata, 1988, 1998).
It views each event as a potential “ancestor” that can produce “off-
spring”, depending on its magnitude, time, and location. The model’s
conditional intensity function for an earthquake occurring at time f,
location (x, y) and magnitude M, given the earthquake history up to a
time ¢, is formulated as:

A, x,y, MIH,) = p(x,y, M)+ Z K(M)g(t=1) f(x=x;, y=y;, Mph(M, M), (1)
i<t
where A(7,x,y, M|H,) is the conditional intensity at given the earth-
quake history H,. u(x,y, M) is the time-independent space-dependent
background seismic rate. The sum represents the triggered part, i.e.,
seismicity caused by past events, x(M;|a) = Aexp(a(M; — M,)) is the
productivity of the ith event, which depends on its magnitude M; and
M, is the lower magnitude; g(t — t;|p, ¢) is the Omori-Utsu law (Utsu
etal., 1995); f(x—x;, y—y; M;|q,d,y) = [(x=x;)* +(y—y,)* +dy10rMi]=4
is the spatial distribution function with the aftershock rupture area
included (Ogata and Zhuang, 2006; Kagan, 2002), representing how
far aftershocks are distributed from their parent event; h(M, M;|b) is

the magnitude distribution of the triggered events. We assume that
the magnitude distribution of the background events is independent
on its location (Ogata and Zhuang, 2006), u(x,y, M) = pu(x, y)h,(M|b)
and is identical for background events and their offspring (Petrillo and
Zhuang, 2022, 2023; Taroni, 2024; Corrado et al., 2024), that is,

h(M, M;|b) = h,(M|b) = bIn(10)10~"M~Mo), )

Although this formulation implies a spatially uniform b-value across
the study region, we explicitly tested the validity of this assumption
for the Sumatra catalog. To this end, we subdivided the study area
into four longitudinal sectors (105E, 118E, 130E) and independently
estimated the b-value in each subregion using the same magnitude
threshold and estimation procedure. The resulting b-values overlap
within their respective uncertainties, and no statistically significant
spatial variations were observed. This supports the use of a spatially
uniform magnitude distribution in the ETAS formulation and indicates
that the declustering results and subsequent analyses are robust with
respect to plausible regional variations in b. We set the form of the
background intensity as in Zhuang et al. (2002), namely u(x,y) =
vu(x, y).

The set of parameters 6= {a,p,c,q.d.y,dy, u} is optimized by means
of Maximum Likelihood Estimation (MLE). Which means that we need
to maximize the log-likelihood function

N
logL = Z log A(t;. x;, y;1H,,) — ///T Y Ao(t, x, y|H,)dtdxdy 3)
i=1 x

However, it is possible to use alternative methods for parameter esti-
mation, such as Bayesian inversion (Ross, 2021; Ross and Kolev, 2022;
Molkenthin et al., 2022; Petrillo and Zhuang, 2024) or other techniques
use for models where there is no analytical form of the likelihood
function (Petrillo and Lippiello, 2021, 2023).

Once the parameters have been optimized, it is necessary to re-
construct the family tree of events, that is, to determine which events
are “immigrants” (background) and which are offsprings (triggered).
Probabilistic approaches, such as the stochastic declustering method
(Zhuang et al., 2002), allow us to estimate the probability that an event
is spontaneous or triggered by others. Specifically, the probability that
event j is triggered by event i is given by

k(m) g(t; —1;) f(x; =X, ¥, — ;)
H(xjy;) + Zk:rk<l/ k(my) g(t; = 1) Fx; = X, ;= i)

Pij=Pr{j<—i|Hz}= (4)
where j « i denotes that event j is a direct offspring of event i, and ¥,
is the history of the process up to time 1. In other words, p;; measures
the conditional probability that i is the parent of j, given all previous
events. Accordingly, we denote by j € T the case where event j is an
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immigrant (background) event. Its probability is
j—1
w,=Pr{jel|H)=1-) p; 5
i=1
Thus, each event is assigned a probability of being spontaneous or trig-
gered, and the collection of these probabilities provides a probabilistic
reconstruction of the underlying branching structure of the catalog.

3.2. GRETAS: Graph-based approach to ETAS clustering

To identify seismic clusters in a flexible yet physically motivated
way, we developed a hybrid deterministic-probabilistic method re-
ferred to as GRETAS. This method combines the stochastic declus-
tering capabilities of the ETAS model (Zhuang et al., 2002) with a
graph-theoretical framework that captures the persistent connectivity
between events.

Traditional clustering techniques, such as window-based methods,
rely on fixed spatial and temporal thresholds (e.g., Uhrhammer (1986))
and are prone to over-clustering or misclassification in complex tectonic
regions. In contrast, GRETAS leverages the probability of causal inter-
action between earthquake pairs to identify clusters in a more adaptive
and data-driven manner.

Step 1: Stochastic declustering via ETAS. We first apply the stochastic
declustering method (Zhuang et al., 2002), which estimates the proba-
bility p;; that a given event j was triggered by a previous event i, and
the complementary probability y; that event j is part of the background
(i.e., not triggered) (see Egs. (4), (5))

The declustering algorithm is then executed k = 10 times, each
time assigning events to background or triggered categories based on
a random number U, ;€ 10,1] compared to vj. The resulting cluster
configurations vary across runs due to this stochastic assignment.

Step 2: Graph construction and event connectivity. We interpret the
declustering output as an oriented graph, where nodes represent events
and directed edges (with weight p;;) represent possible triggering links.
Strongly connected events, i.e., those consistently linked to the same
mainshock across multiple stochastic realizations, are considered robust
members of a seismic cluster.

Step 3: Clustre stabilization and mainshock assignment. For each of the
k declustering realizations, we identify clusters and assign to each
cluster a representative mainshock, the largest magnitude event (or
the earliest if magnitudes are equal). We then retain only those events
that consistently appear in the same cluster across all k realizations.
This intersection yields a stable and unique set of cluster members for
each mainshock. Importantly, the graph-based nature of GRETAS is not
intended to recover a unique parent-child genealogy, as in classical
stochastic ETAS declustering. Instead, it uses the triggering graph to
define stable cluster membership across an ensemble of stochastic real-
izations. While individual parent links can change from one realization
to another, an event is interpreted as a robust member of a given
cluster if it remains connected to the same mainshock in a consistent
way across realizations, possibly through different intermediate events.
In this ensemble view, cluster membership is treated separately from
specific ancestry, and events supported only by weak or unstable
connectivity are naturally excluded from the final clusters.

Step 4: Post-processing via empirical spatial constraints. This step con-
sists in applying empirically calibrated spatial and temporal filters to
exclude outliers that fall beyond plausible bounds of cluster extent.
Formally, for each event associated to a mainshock of magnitude M,,,
we define admissible spatial and temporal windows:

Cluster = {j : r,;; < D(M,,), 41; <T(M,)},

where r;; is the spatial (e.g., epicentral) distance between event j and
the mainshock i, and 4¢;; is the time difference. The functions D(M,,)
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and T(M,,) represent empirically derived distance and duration thresh-
olds, which can be calibrated for each region based on observational
data or physical heuristics (e.g., rupture scaling laws, typical aftershock
decay times). Note that in this application, no temporal filtering was
necessary.

This filtering acts as a deterministic envelope that constrains the
output of the probabilistic clustering. It serves two complementary
purposes: (i) it removes events that are spuriously linked to a cluster via
long-range weak associations, and (ii) it ensures that the final clusters
respect known physical characteristics of aftershock sequences, such as
spatial compactness and temporal decay.

Note that this step is modular: the functional form of D(M,,) and
T(M,) is not fixed by the GRETAS method itself, but is specified
depending on the region and the seismicity under study. This mod-
ularity allows GRETAS to adapt to different tectonic settings without
compromising methodological consistency.

It is important to clarify that Steps 1-3 constitute the core of the
GRETAS algorithm. These steps define cluster membership through an
ensemble-based probabilistic framework grounded in the ETAS model,
without relying on fixed space-time windows or empirical thresholds.
Step 4 is introduced as an optional post-processing procedure adopted
in this application to facilitate comparison with classical window-based
declustering methods and to enforce additional spatial constraints mo-
tivated by location uncertainties. As such, Step 4 is not a fundamen-
tal component of the GRETAS framework and does not affect the
probabilistic definition of clusters provided by Steps 1-3.

To facilitate comparison with classical window-based declustering
approaches, we explicitly note how each step of GRETAS addresses
their main limitations. Step 1 replaces fixed space-time windows with
probabilistic, model-based triggering relationships, avoiding arbitrary
threshold choices. Step 2 propagates these relationships through mul-
tiple generations, overcoming the inability of window methods to
account for cascade triggering. Steps 3 and 4 jointly account for un-
certainty in cluster membership and clustering variability, whereas
window-based methods typically produce a single, deterministic par-
tition of the catalog.

3.3. Silhouette mean and Davies—Bouldin index

To quantitatively compare the clustering quality produced by dif-
ferent methods (GRETAS without correction, GRETAS with spatial
correction, and window-based clustering), we evaluated two well es-
tablished internal validation metrics: the Silhouette mean and the
Davies-Bouldin index.

Silhouette mean. For each event i assigned to cluster Cy, the silhouette
coefficient s, is defined as:

. —a.
P /N ®)

max(a;, b;)

where:

* a; is the average distance between event i and all other events
within the same cluster C;, (intra-cluster cohesion),

* p; is the minimum of the average distances between event i and all
events in other clusters C;, with / # k (inter-cluster separation).

The silhouette value s; ranges from —1 to 1, where values close to
1 indicate well-clustered events, values around O suggest overlapping
clusters, and negative values indicate possible misclassification. The
Silhouette mean is the average of s; over all events in the dataset,
providing an overall measure of clustering quality.

Davies—Bouldin index. This index evaluates clustering compactness and
separation by comparing intra-cluster scatter with inter-cluster dis-
tances. It is computed as follows:



G. Petrillo et al.

1. For each cluster C;, compute the average intra-cluster distance
(scatter):

1
Si=1= 2, IIx=&l.
e x;, '

where §; is the centroid of cluster C;.
2. For each pair of clusters (i, j), compute the inter-centroid dis-
tance:

Mij =1¢; _§j||~
3. Compute the similarity between clusters:
S+,

Ry = =51

4. For each cluster i, take the worst-case (maximum) similarity:
R; = r;lilx R;;.

5. The Davies-Bouldin index is then defined as:

1 G
DB=FZRi,

¢ i=1

where N, is the total number of clusters.

Lower values of the Davies-Bouldin index indicate better cluster-
ing performance, as they correspond to compact and well separated
clusters.

Distance definition for spatio-temporal clustering. Since our clustering is
performed in both space and time, we defined a composite metric
between events i and j as:

T,.(jfw) = At?j + (r] Axij)z,

where 4t;; is the time difference in days, Ax;; is the spatial (epicen-
tral) distance in km. Here, n has dimensions of time per unit length
(days/km), corresponding to the inverse of a characteristic propagation
velocity. Consequently, the term 5 x 4x;; has dimensions of time, ensur-
ing that the spatio-temporal distance metric is dimensionally consistent.
We tested values of # ranging from 0.1 to 1000 days/km to assess the
robustness of the clustering methods across different space-time scales.

3.4. Completeness magnitude

Seismic catalogs often suffer from incompleteness, meaning that
many smaller earthquakes go unreported. The extent of this incom-
pleteness depends on factors such as the ability to distinguish seismic
events from background noise and the proximity of seismic stations
to the earthquake epicentre, which determines whether an event is
recorded in the catalog (Schorlemmer and Woessner, 2008; Mignan,
2012). This issue is particularly pronounced in the early stages of
aftershock sequences, where coda waves from large earthquakes and
their aftershocks obscure subsequent smaller events (Kagan, 2004;
Helmstetter et al., 2006; Peng et al., 2007; de Arcangelis et al., 2016;
Hainzl, 2016). Accurately estimating the completeness magnitude, M,
is crucial for a reliable evaluation of the b value in seismic analysis
but also for simulating stochastic models like ETAS. Several methods
exist to estimate M., including the maximum curvature technique,
which identifies based on the peak of the non-cumulative GR distribu-
tion (Wiemer and Wyss, 2000) and the goodness-of-fit method, which
performs an exponential fit of the GR distribution as a function of
threshold magnitude and selects as the smallest yielding an accurate
fit (Wiemer and Wyss, 2000). The b-value stability approach identifies
as the point where the estimated b-value becomes stable (Cao and Gao,
2002; Godano and Petrillo, 2023). Other techniques include the entire
magnitude range method, utilizing the full magnitude range modified
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by a complementary error function (Ogata and Katsura, 1993), and the
harmonic mean-based method (Godano, 2017).

In this study, we employ the method developed by Godano et al.
(2024a), where the completeness magnitude is estimated by analysing
the relationship between the estimated b-value and the variability
coefficient CV. More precisely, we define the quantity m* = m — M,
and evaluate its variability coefficient

Oth
CV = 7
ey @)
where o, is the standard deviation of m* and (m*) is its mean. For

an exponential distribution CV = 1. Therefore, CV is evaluated as a
function of M,,. When CV ~1 > M, = M,,.

3.5. Weighted b-more-positive estimation

From the stochastic declustering we can disentangle two subset from
the seismicity: the set of background events S, and the set of triggered
events Sy;,. For each pair (i, /) that belongs to the background subset
Spg» We define a weight

(bg) _
wiT =g
where y is defined in Eq. (5)

Analogously, for a pair (i, j) in the triggered subset Strigs
(trig) __
W = (1 -y -y,
Below, we illustrate the procedure for the background case; the trig-
gered case is handled the same way, simply using its respective weights
(trig)
i
We accumulate the following sums over all valid pairs (i, j) in Sp,:

Y w, AMy,

(i,j)eSbg
Z (wij )2-

(i.))ESpg

@ z, = Z w; (2)

w ij>
(1.))ESpg

Zpam =

@) Zpamp = Z w;; (AM))?, @ zZp =
(i.))EShg
Therefore the weighted mean of AM is given by

m — Z‘wAM
> .

w

We denote it as u,,, whenever needed:

" — Z"wAM
AM > .

w

To capture the variance of AM, we define the weighted variance in a
manner consistent with typical weighted least squares or physics-based
conventions:

1 2
Var,(AM) = 5 ¥ w,-j(AMl-j —yAM) .

w (i.j)es‘bg
We use an algebraic trick to avoid summing in two passes:

2
S w@dMY = 2pg Y w@M) + i3y Yw = 3w, (AM,-J-—yAM) .
(@@.j)

Thus:

Zamy — 2Hant Zwoam + 1y Zw

Var,,(AM) = >

w

Since we have a set of weights w;;, we can define an “effective number

of independent observations” via

)

eff —
z.2

This quantity accounts for the fact that some pairs have larger or
smaller weights than others.
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The standard deviation of AM can be approximated as

Var,,,(AM) Var,,,(AM)
O’W ~ = sz
N 2
eff ( zw)

Once we have the weighted mean difference of magnitudes,

Hay = AM,

we define
_ 1
In(10) prgps

Denote o437 as the standard error of AM. We seek ¢, such that

2
2 db ) 2

o, ~X e o_—.
b ( dugpm aM

Since
1
blpay) = 7=
AM7 7 In(10) pyps
its derivative is
db 1
dpam In(10) 3,
Hence,
o) = ———— oz = b In(10) o5y
In(10) 2,
4. Results

4.1. Physically informed probabilistic clustering of seismicity

Traditional window-based declustering methods remain widely used
in seismology, yet their performance is highly sensitive to the region
and catalogue properties. These methods require tuning of empirical
laws and often struggle to separate closely spaced events in time and
space, leading to ambiguities in cluster assignment. To address these
limitations, we apply a hybrid deterministic—probabilistic clustering
framework tailored to the Sumatran context. Building on our recent
work in Japan (Gentili et al., 2025b), we employ GRETAS (GRaph-
based approach to ETAS; see Methods), a flexible graph-theoretical
method based on ETAS stochastic declustering (Zhuang et al., 2002).
Unlike window-based techniques, GRETAS avoids arbitrary thresholds
and instead constructs clusters using probabilistic triggering links in-
ferred from ETAS simulations. However, in the absence of additional
physical constraints, this flexibility may lead to unrealistic associations
between spatially or temporally distant events, particularly in regions
with significant location uncertainty.

We illustrate this issue in Fig. 2a, where GRETAS is applied without
spatial or temporal filtering to identify clusters associated with M,, > 7
mainshocks. Although many aftershock-rich sequences are captured
successfully, several clusters (e.g., labels 1-3) include events located
more than 100-200 km from the mainshock. These long-range links,
while permitted by ETAS triggering probabilities, are likely artefacts
caused by offshore location uncertainty or misclassified background
events. To improve spatial realism, we introduce a modified version
of the classic Uhrhammer law, adding a tolerance of 55 km to account
for the elevated location uncertainties characteristic of the Indonesian
region. The resulting spatial threshold is:

D =exp(—1.024 + 0.804 x M) + 55 (km) (€)]

The additional 55 km term in Eq. (8) is introduced tentatively as
a tolerance margin accounting for epicentral location uncertainties,
which are particularly pronounced for offshore earthquakes in the
Sumatran region. This value corresponds approximately to half a degree
in latitude or longitude and was empirically motivated by the distri-
bution of cluster-member distances obtained from the unconstrained
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Algorithm 1 Procedure for computing the weighted b-more-positive

1: Read the event catalog: For each event, read (M,, p;, lat;, lon,).
2: Thresholding: Filter events by magnitude: keep only M; > M.
3: For each event i:

« Look up to / subsequent events (i + 1), ..., (i + ).
« For each candidate j, compute:

- Epicentral distance r; 7 (km) between events i and j.
- Magnitude difference AM;; = M; — M,.

« Selection criteria: Select the first j such that:

ri; < dy,

AM;; > dM..

« If such j is found, form the pair (i, j) and compute the shifted
magnitude difference:

AM!

lj:

AM;; —dM,.
4: Background vs. triggered:

» Accumulate sums in the background subset, i.e.
s Zwam’s Zyamryzs Sy With weight w;; = p; - p;.

* Similarly, accumulate in the triggered subset, with w;; = (1 -
) —pj).

5: Compute the weighted mean of AM’ for each subset:

Uy = ZwAlM’
AM > .

w

6: Compute the weighted variance Var,(4M’) and the effective
sample size N ;.
7: Derive the standard error of the mean:

Var,,(AM')
o = Negr
8: Compute b and its error:
1 1

= —, = ———— 077
In(10) p1gpgr In(10) 2, M

9: Repeat for the background and triggered subsets separately.

GRETAS clustering (Fig. 3a), where many events systematically fall
beyond the classical Uhrhammer limit but remain within an additional
~50-60 km envelope. The impact of this spatial constraint is shown
in Figs. 2(b—d). Compared to the unconstrained version, clusters be-
come more compact, and distant outliers are removed. To validate
the filtering radius, we analysed the distribution of distances between
cluster events and their mainshock as a function of mainshock magni-
tude (Fig. 3a). Many events lie just beyond the classical Uhrhammer
limit but within the extended +55 km envelope. These results confirm
that applying a tolerance is crucial for reducing false associations
in a catalogue with variable location quality. Next, we turn to the
temporal extent of seismic clusters. Standard declustering algorithms
often rely on fixed or magnitude-dependent time windows, which may
inadequately represent the evolving nature of earthquake sequences,
particularly in the presence of swarm-like activity. Rigid time cutoffs
can lead to inclusion of unrelated background events or the omission of
delayed aftershocks that remain physically connected to the mainshock.
To address this, we propose a new empirically derived time-windowing
rule, based on observations from the Sumatran catalogue (Fig. 3b):

T 10Mn=45 if M, < 6.5

100 otherwise

)]



G. Petrillo et al.

Tectonophysics 926 (2026) 231137

140°E

M5 M6 M7
> 0 O

10° |

Fig. 2. Comparison of seismic clusters identified with different levels of spatiotemporal filtering, using the GRETAS method for mainshocks with M,, > 7. (a)
Map showing clusters from ETAS-based stochastic declustering without additional filters. Several clusters (e.g., b—d) include spatial outliers. (b—c) Applying the
modified Uhrhammer law (Eq. (8)) removes distant outliers and yields more compact clusters.
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Fig. 3. Empirical justification for the spatial and temporal filters. (a) Distance from mainshock vs. magnitude for all cluster events. Dots show observations;
the blue and green lines correspond to the original and modified spatial laws, respectively. Black crosses mark events excluded by spatial filtering. (b) Cluster
duration vs. mainshock magnitude. The proposed law (orange) captures the observed temporal evolution and saturates at 100 days.

This scaling captures the typical increase in aftershock duration
with mainshock magnitude, consistent with earlier studies (Gentili
and Bressan, 2008), but saturates at 100 days—likely due to the rel-
atively high completeness threshold of the catalogue (M, > 4.7),
which excludes later, lower-magnitude aftershocks. To test this rule,
we implemented a window-based clustering scheme that includes all
events occurring within the spatial radius (Eq. (8)) and within time T
from the mainshock. This test evaluates whether a physically informed
yet simple windowing strategy can approximate more sophisticated
probabilistic clustering.

Different cluster methods outline similarly general characteristics of
the region. First of all, the level of seismic hazard in the area: the region
on the west of Sumatra around longitude 100 (Sumatra Subduction
zone) and the one around longitude 125-130 (Philippine Trench) is
the more prone to earthquakes with magnitude greater than 7 (see
Fig. 1). In particular, from the cluster analysis, the smaller difference

in magnitude between the mainshock and the strongest aftershock is
recorded in the Philippine Trench; a difference in magnitude smaller
or equal to 1 correspond to the most dangerous clusters, because the
strong aftershock occurs when structures have been already damaged
by the mainshock (Gentili et al., 2025b). These results are in good
agreement with analyses available in literature (Petersen et al., 2004;
Hutchings and Mooney, 2021).

To compare the different clustering approaches quantitatively, we
computed the Silhouette coefficient (Rousseeuw, 1987) and the Davies—
Bouldin index (Davies and Bouldin, 2009) for clusters with M,, > 7
(see Methods). The Silhouette coefficient measures the degree to which
events are more similar to their own cluster than to others (ranging
from -1 to 1, with higher values indicating better separation), while
the Davies-Bouldin index evaluates intra-cluster compactness and inter-
cluster separation (lower values indicate better performance). Because
our clusters span space and time, we define a composite distance
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Fig. 4. Comparison of clustering performance and scaling relations. (a) Cluster duration versus maximum distance from the mainshock for clusters associated with
M > 7 earthquakes. Orange circles indicate window-based clustering and blue circles GRETAS. Solid lines show reference trends (Y = X, Y = X —40, Y = X —80).
The broader spread of the window-based method reflects the inclusion of unrelated background events, inflating cluster durations. (b) Mean silhouette coefficient as
a function of spatial dimension. Higher values denote more coherent clusters; GRETAS and its space-corrected variant consistently outperform the window-based
method. (c) Davies-Bouldin index versus spatial dimension. Lower values indicate more compact and well-separated clusters. Both GRETAS variants achieve

superior performance compared to the window-based approach.

metric that combines spatial and temporal coordinates, expressed in
kilometres and days, respectively. We examine the effect of rescaling
the spatial dimension using a multiplicative factor from 0.1 to 1000,
thereby tuning the relative importance of space and time (e.g., 1 day
corresponds to 0.1-1000 km).

Fig. 4a shows the relationship between cluster duration and spatial
extent for the window-based method and the unconstrained GRETAS
method. The broader spread observed in the window-based clusters
reflects the inclusion of temporally unrelated events. This suggests that
rigid time-space windows tend to overestimate cluster duration due
to background contamination. Figs. 4b and 4c show how performance
metrics vary with the assumed space-time scaling. The GRETAS-based
methods consistently outperform the window-based approach across
a broad range of scaling factors. At small space-to-time ratios, the
unconstrained GRETAS method performs best, whereas at larger ratios
the spatially constrained variant is superior. This behaviour can be
explained by the presence of spatial outliers that are temporally close
to mainshock events: when time dominates the metric, these events
remain in the cluster; when space dominates, they are excluded. This
phenomenon is consistent with known limitations of other space-time
clustering methods, such as the Nearest-Neighbour approach (Zaliapin
et al., 2008; Zaliapin and Ben-Zion, 2013; Gentili et al., 2025a).

In summary, while empirical windowing rules (e.g., Eq. (9)) may
offer marginal improvements over classical methods, they remain lim-
ited by their rigidity and inability to account for the diversity of
seismic sequences. Our results demonstrate that probabilistic, data-
driven methods such as GRETAS offer significantly greater robustness

and flexibility. By incorporating physical constraints into a stochas-
tic framework, GRETAS provides a more realistic representation of
clustered seismicity in complex tectonic environments.

4.2. Evaluating the forecasting potential of the Gutenberg—Richter b-value

Whether the Gutenberg-Richter b-value differs systematically be-
tween background and triggered earthquakes remains a subject of
ongoing debate. Previous global studies, including analyses of the
GCMT catalogue (Taroni et al., 2025), found no statistically signif-
icant difference between the b-values of background and triggered
events. However, global catalogues aggregate data from a wide range
of tectonic settings, which may obscure region-specific behaviours.
Moreover, earlier analyses often relied on estimators that are suscep-
tible to biases introduced by catalogue incompleteness and magnitude
uncertainties. In this study, we revisit this question using a refined
methodology that combines the b-more-positive estimator (Lippiello
and Petrillo, 2024) with recent advances in probabilistic s-value infer-
ence (Pastoressa et al., 2023; Taroni et al., 2024, 2025). This approach
explicitly incorporates magnitude uncertainties and the posterior prob-
abilities of event classification derived from stochastic declustering.
By applying this method to the Sumatra subduction zone, we assess
whether regional variations exist and whether b-values can serve as
reliable indicators of impending large earthquakes.

We analyse seismicity from the BMKG instrumental catalogue, se-
lecting all events with moment magnitude M,, > M, = 4.7 and
focal depths z < 70 km. This selection yields a dataset of Ng; =
6378 events. Events are classified as background or triggered based
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Fig. 5. Estimated b-values for background and triggered events as a function of threshold magnitude. (a) Synthetic ETAS catalogue results. The estimator correctly
recovers the input b-values for background (blue) and triggered (red) events. (b) BMKG catalogue results. No statistically significant difference is observed between
the b-values of background and triggered events across magnitude thresholds. Error bars denote 1o standard errors derived from uncertainty propagation of

weighted magnitude differences.

on stochastic declustering using the original method of Zhuang et al.
(2002). Unlike full clustering, declustering only requires assigning a
probability that an event was triggered, without identifying its spe-
cific parent. For this reason, we adopt the classical ETAS model for
this analysis, calibrated for Sumatra with optimized parameters § =
(. K., c,a,p,d,q,7) = (0.98,0.54,0.014, 1.67, 1.07,0.0008, 1.07, 0.66). Using
a posterior probability threshold of 0.5, we classify 62% of events (N, =
3,965) as background and 38% (N, = 2,413) as triggered. To estimate
the b-value, we implement a new weighted version of the b-more-
positive method (Lippiello and Petrillo, 2024) (see Methods), which
assigns probabilistic weights to each event based on its classification
likelihood. This formulation provides a more robust estimate of the b-
value and its uncertainty, accounting for both classification ambiguity
and magnitude measurement errors, while reducing biases associated
with magnitude truncation and catalogue incompleteness.

The accuracy of this estimator was validated using synthetic ETAS
catalogues with a known input b-value and a magnitude threshold
My, = 4.7. Stochastic declustering yields classification probabilities for
each synthetic event, and the weighted estimator is then applied to
compute separate b-values for background and triggered populations.
As shown in Fig. 5a, the method successfully recovers the input values:
b ~ 1.0 for background and » ~ 1.2 for triggered events, consistent
with the simulation parameters. We then apply the same weighted
estimator to the real BMKG data. Following stochastic declustering,
we reconstruct the probabilistic ancestry of each event and compute b-
values for background and triggered events over a range of magnitude
thresholds. The results, presented in Fig. 5b, reveal no statistically sig-
nificant difference between the two populations. This finding confirms,
in a region-specific context, the results previously obtained from global
catalogues (Taroni et al., 2025). Next, we investigate whether temporal
variations in the b-value can serve as a precursor to large earthquakes.
Since our earlier analysis showed no significant b-value differences
between background and triggered events, we treat the entire dataset as
a single population. We use the classical (unweighted) b-more-positive
estimator (Lippiello and Petrillo, 2024) to track changes in b preceding
each M > 7 mainshock.

For each mainshock, we compute the b-value within spatial win-
dows defined by Eq. (8) and temporal windows of 4, 3, 2, and 1 years
preceding the event. This approach mirrors that of earlier forecasting
studies (Gulia and Wiemer, 2019; Godano et al., 2024b), but is system-
atically applied to a regionally homogenized, completeness-corrected

catalogue. While some mainshocks are preceded by low b-values that
could be interpreted as possible precursors, the pattern is inconsistent
across the dataset. Furthermore, as the temporal window shortens, the
number of events decreases, leading to larger uncertainties and more
variable estimates. These results suggest that, in this region, b-value
fluctuations do not provide a reliable or consistent forecasting signal
for large earthquakes.

5. Discussion and conclusions

We introduced a new framework for clustering and forecasting
seismicity in the Sumatra subduction zone—an area of complex tec-
tonics, spatially heterogeneous seismicity, and limited offshore ob-
servational coverage. Our approach integrates stochastic modelling
of earthquake interactions with graph-based classification techniques,
culminating in the development and application of GRETAS. By com-
bining probabilistic triggering with empirically calibrated spatial and
temporal constraints, GRETAS addresses key limitations of traditional
window-based clustering and provides a more flexible, physically in-
formed means of identifying seismic sequences. Quantitative bench-
marking using the Silhouette coefficient and Davies-Bouldin index
demonstrates that window-based clustering methods tend to over-
assign events to clusters. In particular, background events falling within
arbitrary space-time windows are often misclassified as aftershocks.
This effect, previously noted in studies on declustering artefacts and
spatial biases (Peresan and Gentili, 2020; Gentili et al., 2025a), be-
comes especially pronounced in regions with elongated rupture ge-
ometries, non-uniform station coverage, or complex spatiotemporal
seismicity patterns (Reasenberg, 1985; Uhrhammer, 1986). In contrast,
GRETAS, especially when supplemented with spatial constraints based
on location uncertainty, produces more coherent and compact clusters
while preserving the inherent flexibility of stochastic modelling.

Our analysis also shows that the durations of seismic sequences
identified by GRETAS are typically shorter than those predicted by
classical rules (e.g., the Uhrhammer law), and better captured by the
empirical time window defined in Eq. (9). Even when the same empir-
ical time window is used with a traditional window-based method, the
resulting clusters tend to be longer in duration and more spatially dis-
persed than those obtained by GRETAS (Fig. 4a). These results confirm
the added value of probabilistic, data-driven clustering frameworks in
regions where traditional rules are poorly suited. Beyond clustering,
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we assessed the forecasting potential of the Gutenberg-Richter b-value.
While previous studies have reported that a systematically decreasing
b-value may signal increased hazard (Gulia and Wiemer, 2019), our
analysis of the BMKG catalogue reveals that temporal fluctuations in b
preceding large earthquakes are inconsistent and subject to substantial
statistical uncertainty. These results reinforce earlier findings from
global studies (e.g., Taroni et al. (2025)) and suggest that the predictive
utility of the b-value is both region-dependent and highly sensitive to
methodological assumptions, including the declustering approach and
magnitude of completeness.

A key methodological advance in our forecasting analysis is the
implementation of a probabilistic b-value estimator that incorporates
classification uncertainty and magnitude measurement error (Lippiello
and Petrillo, 2024; Pastoressa et al., 2023). By using posterior proba-
bilities from stochastic declustering (Zhuang et al., 2002), we compute
weighted b-values for background and triggered populations and vali-
date the method on synthetic data. Both in synthetic and real datasets,
we find no statistically significant difference between the b-values of
background and triggered events. Overall, our results underscore the
need for regionally calibrated, physically informed, and probabilisti-
cally rigorous tools for analysing clustered seismicity and assessing
seismic hazard. See the Data Availability section for the link to down-
load the clusters obtained using the three different approaches. The
flexibility of GRETAS makes it suitable for application to other regions
and catalogues, particularly in offshore or data-sparse environments
where conventional clustering approaches fail to perform reliably. Fu-
ture work should focus on incorporating additional physical constraints
into the clustering and forecasting pipeline. This includes integrating
geodetic data, Coulomb stress changes, and rate-and-state frictional
properties, as well as exploring hybrid frameworks that combine sta-
tistical indicators such as the b-value with physics-based models of
fault loading and rupture nucleation. Moreover, extending the proba-
bilistic framework to explicitly include epistemic uncertainty in model
structure—such as through ensemble approaches or Bayesian model
averaging (Petrillo and Zhuang, 2024; Laporte et al., 2025), may offer
a path toward more robust and generalizable earthquake forecasting
strategies.
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