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Abstract we analyze the seismicity of the Taupé Volcanic Zone (TVZ) over a 17-year period (2007-2024)
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finite duration of seismic swarm activity. This new model outperforms the classical ETAS, capturing the full
temporal evolution of swarm sequences. The inferred rate highlights recurrent swarm episodes and captures
known unrest periods in the TVZ (e.g., the 2019 Taupo unrest), illustrating how the proposed kernel can repre-
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1 Introduction

Statistical properties of earthquake occurrence can be
described in terms of spatial and temporal clustering,
as well as by the distribution of magnitudes.

Time clustering properties are, generally, defined by
the Omori-Utsu law (Omori, 1894):

"= T o (1)

where n is the number of earthquakes, ¢ is the time
elapsed from the occurrence of the mainshock, cis a
delay time during which »n assumes a constant value, p
controls the n decay speediness and k is a normalization
factor depending on the mainshock magnitude (Helm-
stetter, 2003). The Omori law is a milestone of statistical
seismology for the temporal characterization of earth-
quake occurrence as testified by the huge amount of lit-
erature produced on the argument (see among the oth-
ers Utsu et al. (1995) and references therein). It rep-
resents a crucial ingredient of the Epidemic Type Af-
tershock Sequences (ETAS) model (Ogata, 1985, 1988,
1998) and of its development (Kumazawa and Ogata,
2014; Xiong and Zhuang, 2023; Liu et al., 2024; Petrillo
and Zhuang, 2024; Petrillo et al., 2024b,a; Petrillo and
Taroni, 2025). However, it is not able to capture the be-
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havior of seismic swarms, which generally occur in vol-
canic areas.

Swarms are groups of earthquakes clustered in time
and space without any mainshock (Knett, 1899) and
their occurrence has been associated with pore pres-
sure changes (Miller et al., 2004), fluid intrusion (Toda
et al., 2002; Gentili et al., 2024), tectonic stress changes
(Mesimeri et al., 2018) and medium heterogeneity
(Mogi, 1962). More recently Godano et al. (2023) in-
troduced a new expression for swarms occurrence rate
described in terms of a Gamma distribution. In what
follows we introduce such expression as a kernel of an
epidemic model and compare it with a standard ETAS
model showing that the Gamma distribution model bet-
ter describes the behavior of the catalogue here ana-
lyzed.

The ability to model and interpret earthquake
swarms thus relies on two complementary dimensions:
the temporal clustering of the events, and the distri-
bution of their magnitude. While the former can be
addressed through point-process models such as ETAS
and its swarm-informed extensions, the latter is encap-
sulated in the Gutenberg-Richter (GR) (Gutenberg and
Richter, 1944) law through the b-value. Both aspects are
critical to understand the physical processes driving
swarm activity and to identify possible precursory
signals. In the next section, we shift our focus from
rate-based modeling to a detailed statistical analysis
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Figure1 Geographic map of the Kernel density of the epicenter of the earthquakes analyzed in this study. Blue triangles
identify the volcanoes. Active fault traces are from the New Zealand Active Faults Database (GNS Science; Morgenstern et al.,
2024). Allmapped faults are shown (purple lines) for comprehensive seismotectonic context, with higher-slip-rate faults high-

lighted in red.

of the magnitude distribution, placing particular em-
phasis on the robustness and spatial variability of the
b-value in the Taup6 Volcanic Zone (TVZ), New Zealand.
The GR law states that the cumulative number of
earthquakes with magnitude > m follows an exponen-

tial law:
logyg N(m) = a — bm, (2)

where a is a normalization constant and b is the scaling
exponent. In practice, the estimation of b requires se-
lecting a minimum magnitude m. above which the cat-
alog is complete.

The completeness magnitude m,. strongly influences
the estimate of the value b. In particular, if m, is under-
estimated, the value of b is also underestimated. In con-
trast, when m, is overestimated, the magnitude range
can be small, causing an increase in the estimation er-
ror. Recently, van der Elst (2021b) suggested to use the
distribution of om (the positive difference of magnitude
between two successive earthquakes). om follows the
Laplace distribution and allows a very efficient b-value

2

estimate being independent of m.. The method has
been named b-positive and it has been extended to the
b-more-positive method by Lippiello and Petrillo (2024).

The importance of the b-values relies on its propor-
tionality with differential stress (Scholz, 1968; Wyss,
1973; Amitrano, 2003; Gulia and Wiemer, 2010) and with
the heterogeneity of the medium (Mogi, 1962). As a
consequence, the investigation of this parameter has
produced a large amount of literature (see, among oth-
ers, Wiemer and Wyss, 1997, 2002; Westerhaus et al.,
2002; D. et al., 2005; Tormann et al., 2014; Kamer and
Hiemer, 2015; Gulia et al., 2018; Taroni et al., 2021; Col-
lettini et al., 2022; Godano et al., 2022a; Pino et al.,
2022; Godano et al., 2022b; Convertito et al., 2024a,b;
Taroni et al., 2025).In volcanic and geothermal regions,
spatial variations of the b-value have been repeatedly
linked to the thermo-mechanical state of the crust, with
higher b-values often reported in hotter, more fractured
and fluid-rich volumes (e.g., Wiemer and McNutt, 1997,
Wiemer et al., 1998; Jolly and McNutt, 1999; Murru
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Figure2 Temporalevolution of the seismic occurrence rate A(¢) inferred from the swarm-informed ETAS model (red curve),
together with the observed seismicity in the Taupo Volcanic Zone. Each gray circle represents an earthquake, with marker size
proportional to magnitude. Time is expressed in decimal years, providing a direct reference to calendar time and facilitating
comparison with periods of volcanic unrest. The figure highlights the strongly nonstationary character of the seismicity, with
repeated short-lived rate transients typical of swarm-like activity.

et al., 1999; Sanchez et al., 2004; Bridges and Gao, 2006;
Murru et al., 2007; Farrell et al., 2009; Silva et al., 2015;
Chiba and Shimizu, 2018; Rodriguez-Pérez et al., 2021;
Tramelli et al., 2021; Godano et al., 2024b; Convertito
et al., 2025). More broadly, recent studies have empha-
sized the sensitivity of b-value patterns to magma mi-
gration and fluid pressurization during volcanic unrest,
motivating the use of magnitude statistics as a quan-
titative monitoring tool. For instance, studies in the
Santorini volcanic complex reported systematic spatial
variations of b, highlighting the sensitivity of magnitude
statistics to volcano-tectonic processes (Lippiello et al.,
2025b; Zaccagnino et al., 2025; Triantafyllou et al., 2025;
Oynakov et al., 2025).

Time variations of b have been also observed and pro-
posed as a tool in earthquake forecasting (Gulia and
Wiemer, 2019; Gulia et al., 2020; Godano et al., 2024c,
2025b). In fact, changes in b-value before or after a
large earthquake indicate the occurrence of foreshocks
(Papale, 2018; Papadopoulos et al., 2010) or help distin-
guish between foreshocks and mainshocks (Gulia and
Wiemer, 2019; Petrillo and Lippiello, 2021, 2023; Lip-
piello et al., 2025a).

Maps of the b-value have been produced to delineate
its spatial variation and to correlate them with the stress
state of the crust (Scholz, 1968; Amitrano, 2003; Tor-
mann et al., 2014). The maps are usually evaluated by
gridding the space to group the earthquakes and by as-
suming a single b-value for each grid unit. In some
cases, the earthquakes are grouped on the basis of the
fault style (e.g., Gulia and Wiemer, 2010). More often,
maps are produced by gridding the space into constant-
size cells (e.g., Wiemer and Wyss, 1997, 2002). Then
earthquakes are selected according to some rules (min-
imum number of events, maximum distance from the

3

center of the cell, etc.). In what follows, we investigate
the seismicity of the Taupd Volcanic Zone using a com-
bination of complementary statistical analyses. We first
analyze the temporal evolution of seismicity through a
swarm-informed ETAS model, aimed at capturing the
characteristic rate variations associated with volcanic
swarms. We then investigate the spatial distribution of
the Gutenberg-Richter b-value using the unstruCtUred
B mappIng Tool (CUBIT) highlighting correlations be-
tween b-values and the age of the volcanic centers. Fi-
nally, we explore the temporal variations of the b-value
to assess transient stress changes accompanying swarm
activity.

2 Taupo Volcanic Zone and the seismic
catalogue

The TVZ is a ~ 300 km long extensional region in the
North Island of Aotearoa, New Zealand, known for its
intense volcanic and seismic activity. It hosts multi-
ple active volcanic centers such as Taupd, Okataina,
Tongariro, and Ruapehu, and it is characterized by a
high heat flow and extensive geothermal systems. The
TVZ is the on-land part of the Tonga-Kermadec back-
arc rift system, capable of producing both swarm-type
seismicity and larger tectonic earthquakes (e.g., the
1987 Mw=6.5 Edgecumbe earthquake). Although tec-
tonic earthquakes do occur in the TVZ, their contribu-
tion to the 2007-2024 seismic catalog analyzed here is
limited compared to the pervasive swarm-like seismic-
ity associated with volcanic and geothermal processes,
which dominates the temporal clustering properties of
the dataset. Seismicity in this region often reflects the
interplay between magmatic processes, hydrothermal
activity, and rift dynamics.

SEISMICA | volume 5.1| 2026



SEISMICA | RESEARCH ARTICLE | Seismic Swarms Occurrence Rate and b-value Mapping at Taupd Volcanic Zone

It is the on-land part of the Tonga-Kermadec rifting
arc, caused by the Australian and Pacific plates con-
verging. The Taupd Volcanic Zone hosts volcanic cen-
ters with a wide range of constructional ages, includ-
ing Ruapehu (~ 340 ka; Leonard et al., 2021), Tongariro
(~ 300 ka; Pure et al., 2020), Taupd (~ 255 ka; Barker
et al., 2021), Whakaari (~ 150 ka; Cole et al., 2000), and
Okataina (~ 500 ka; Shane and Smith, 2013). These ages
reflect the long-lived evolution of the volcanic arc and
do not necessarily correspond to present-day magmatic
or seismic activity. For our analysis, we use the high-
precision earthquake catalogue developed by Illsley-
Kemp and Mestel (2025), covering the period from Jan-
uary 2007 to December 2023. Figure 1 depicts the kernel
density, which provides the probability density func-
tion of the earthquakes’ epicentral distribution. This
catalogue includes 86,579 earthquakes located within
the crustal portion of the TVZ (depths shallower than
50 km), and represents a significant improvement in
spatial resolution compared to previous national cata-
logues. Approximately 65% of these events have been
relocated using differential travel time methods and a
3D seismic velocity model tailored to the North Island,
providing high-resolution hypocentral information.

The magnitude range spans from My = —1.2to M =
4.5, with a completeness magnitude of m. = 2.35 es-
timated using the method introduced by Godano et al.
(2024a). A magnitude cutoff is required only for the
ETAS-based temporal analysis, which assumes an ap-
proximately stationary detection capability. In contrast,
both the spatial and temporal b-value analyses are per-
formed using the b-more-positive method, which does
not require an explicit estimate of the magnitude of
completeness and can therefore exploit the full catalog.

The catalogue reveals a highly heterogeneous spa-
tiotemporal distribution of seismicity. Shallow events
dominate beneath Ruapehu and Tongariro, while mid-
crustal activity (8-20 km depth) is prevalent beneath
Taupd and Okataina.  Persistent seismic swarms
are also observed in specific geothermal fields (e.g.,
Waihi-Hipaua), suggesting fluid-driven processes. The
high resolution and consistency of this catalogue make
itideally suited for investigating both the temporal clus-
tering of events through point-process modeling and
the spatial variability of the Gutenberg-Richter b-value.

3 Swarm-informed temporal kernel
and ETAS modeling

A key challenge in statistical seismology is to cor-
rectly model the rate at which earthquakes occur
during swarm episodes, especially in volcanic envi-
ronments. Unlike classical mainshock-aftershock se-
quences, swarms typically consist of many events clus-
tered in time and space but lacking a clearly identifi-
able mainshock. This behavior is often driven by non-
tectonic mechanisms such as magma intrusions, fluid
pressurization, or hydrothermal activity, and cannot be
fully captured by standard models based on stress redis-
tribution from a single large rupture.

4

In what follows, we do not attempt to identify indi-
vidual swarm episodes a priori. Instead, we model the
conditional seismicity rate of the entire catalog using
a triggering kernel whose temporal form is motivated
by the phenomenology of volcanic swarms. In this
sense, the proposed formulation should be interpreted
as a swarm-informed ETAS model, rather than a method
that explicitly isolates a pure swarm-only occurrence
rate. The Epidemic-Type Aftershock Sequence (ETAS)
model (Ogata, 1989, 1998) is one of the most widely used
frameworks to describe clustered seismicity. In its clas-
sical formulation, the ETAS model assumes that each
earthquake can trigger subsequent events, with the total
conditional intensity \(¢) at time ¢ given by:

1
Mt)y=p+Y Ketmi=Mo_—__(t —t, 4+ ¢)7F, (3)
fzq Z(p,c)
cl-p
ith Z =
W-I (p’ C) p _ 1

where p is the background rate of spontaneous (Poisso-
nian) events, K represents the average number of after-
shocks triggered by an event of magnitude m;, and p and
c control the shape and onset of the normalized tempo-
ral decay kernel, respectively. The term Z(p, ¢) ensures
that the triggering kernel integrates to one. Despite its
success in modeling tectonic sequences, the classical
ETAS model has several limitations in volcanic settings:

« It assumes a long-tailed power-law memory kernel
that decays too slowly to reproduce the rapid onset
and termination of swarm activity.

« It does not account for physical processes such as
fluid injection or viscoelastic relaxation that can
truncate the triggering process at finite times.

+ The assumption of a triggering process driven en-
tirely by earthquake-induced stress transfer may
not hold when aseismic forces dominate.

To address these issues, Godano et al. (2023) proposed
an alternative expression for the average occurrence
rate of earthquakes during volcanic swarms. By first
identifying swarm episodes based on space-time clus-
tering criteria and then stacking the selected sequences,
they showed that the average occurrence rate of vol-
canic swarms can be well described by the function:

v(t) o< (877 + p) et (4)

where p controls the initial power-law decay, p intro-
duces a plateau or bump at intermediate times, and the
exponential taper e~*/7 captures the finite duration of
swarm activity. This form naturally ensures that the oc-
currence rate is normalizable even when ¢ = 0, and was
interpreted in terms of impulsive stress perturbations
and viscoelastic relaxation of the crust. In that study,
swarm sequences were explicitly identified prior to the
analysis, and the function above represents an average
swarm rate obtained from stacked sequences. In the
present work, we do not perform such a prior classifica-
tion. Instead, we use this empirically derived functional
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Figure 3 Cumulative number of events N(7) as a function of the transformed time 7 =

thl Au | Hy) du for the three

temporal models considered: stationary ETAS (blue), swarm-informed ETAS (orange), and nonstationary ETAS (green). Under
a correctly specified conditional intensity, the rescaled process is a unit-rate Poisson process and the expected behavior is
N(7) = 7 (black dashed line). The shaded area indicates the 95% confidence band for a Poisson process with unit rate.
Deviations from the diagonal quantify systematic misfit of the temporal model, independent of parameter dimensionality.
The swarm-informed ETAS model closely follows the expected behavior and performs comparably to the nonstationary ETAS,
while the stationary ETAS shows larger departures, particularly at intermediate and late transformed times.

form as a temporal kernel within an ETAS framework to
model the overall seismicity.

Inspired by this functional form, we introduce a mod-
ified ETAS model in which the classical Omori-type ker-
nel is replaced by a swarm-informed kernel. The result-
ing conditional intensity is given by:

~(t=t)/7 )P
Aty = 37 Keelmi=Mo) & =)™

= Z(1,p, 1) ’

where the summation runs over all previous events {¢;}
and the kernel is explicitly normalized via the factor

Z(7,p, ) = p7 + 7 PT(1 - p). (6)

This normalization ensures that the integral of the ker-
nel over the interval ¢ € [0, 00) is equal to one:

/ [+t Ple /mdt =
0
= Z(1.p, ),

allowing the kernel to be interpreted as a proper proba-
bility density and enabling the computation of the con-
ditional log-likelihood without further numerical ap-
proximations.

It is important to note that Eq. (5) defines the condi-
tional intensity of the full seismicity process, and there-
fore includes contributions from all triggering interac-
tions in the catalog. The term "swarm-informed” refers

uT—t—Tl*”F(l—p) 7)

5

to the choice of the temporal kernel, which is designed
to reproduce the typical temporal evolution of swarm-
like sequences, rather than to an explicit separation be-
tween swarm and non-swarm events. Compared to clas-
sical ETAS, this formulation introduces a finite memory
timescale 7, while preserving the short-time clustering
behavior governed by p. The exponent p controls the
early-time decay of the triggering process, similarly to
the Omori law, but the exponential taper e~*/7 imposes
a finite duration of the triggering memory, preventing
the unrealistically long-tailed behavior typical of clas-
sical ETAS kernels. The parameter 7 can therefore be
interpreted as a characteristic timescale over which the
triggering efficiency remains significant, and is consis-
tent with the finite duration of swarm activity observed
in volcanic environments. The additive p term, which
is part of the triggering kernel itself, introduces a tran-
sient plateau or secondary phase in the occurrence rate
and allows the model to reproduce sequences that do
not follow a purely monotonic decay. In contrast to
the classical ETAS formulation, this x term should not
be interpreted as an independent background rate, but
rather as an internal component of the triggering pro-
cess. This parametrization is consistent with the in-
terpretation proposed by Godano et al. (2023), where
the combined effect of impulsive stress perturbations
and time-dependent relaxation processes (e.g., fluid dif-
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Figure 4 Spatial distribution of the Gutenberg-Richter b-value across the Taup6 Volcanic Zone (TVZ), obtained using the
CUBIT algorithm. Each cell contains at least 500 events and the b-value is estimated via the b-more-positive method. The map
highlights clear spatial variability: higher b-values are concentrated in the younger volcanic centers (Whakaari and Taupo),
while lower values are found beneath the older volcanoes (Tongariro and Ruapehu), consistent with increased stressin colder

crustal volumes.

fusion or viscoelastic response) leads to a rate evolu-
tion characterized by an initial rapid decay followed by
a finite-duration activation. As a result, the model is
particularly suitable for describing swarm-like seismic-
ity in volcanic calderas, where fluid and magma-related
processes modulate the stress field independently of
tectonic loading.

Within this framework, the term ”"swarm-like” refers
to temporal clustering patterns characterized by the
absence of a dominant mainshock, repeated short-
lived increases in seismicity rate, and a finite-duration
memory. These features are consistent with the phe-
nomenology of volcanic swarms described in the lit-
erature. In the present study, we apply this swarm-
informed ETAS model to seismicity recorded in the
Taupd Volcanic Zone (TVZ), New Zealand. The TVZis a
highly active region characterized by persistent and in-
tense swarm activity, often associated with caldera dy-
namics and hydrothermal circulation. The goal is to
assess whether the new kernel formulation improves
the fit to the observed temporal clustering and provides
physical insights into the underlying driving mecha-
nisms.

6

Relation to alternative ETAS triggering kernel The
development of alternative triggering kernels within
the ETAS framework has a long history, motivated by
the need to better represent deviations from the classi-
cal Omori-Utsu temporal decay and to improve the de-
scription of seismicity rates in different contexts (e.g.,
Mignan, 2015; Hainzl and Christophersen, 2017). These
efforts include modifications of the temporal mem-
ory, departures from pure power-law decay, and phys-
ically motivated relaxations, often aimed at capturing
features that the standard Omori kernel cannot repro-
duce. Within this broader context, the kernel adopted
here is specifically tailored to swarm-dominated vol-
canic seismicity. Rather than proposing a universal
replacement of the Omori-Utsu law, our goal is to
model a well-defined class of sequences characterized
by finite-duration activation and the absence of a domi-
nant mainshock. The short-time behavior remains con-
trolled by the exponent p, while the exponential taper
introduces a finite characteristic timescale 7 that nat-
urally limits the memory of triggering, consistent with
the finite duration of swarm episodes. This regime-
specific formulation is motivated by the empirical scal-
ing identified for volcanic swarms by Godano et al.
(2023), and it provides a parsimonious extension of
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ETAS that remains compatible with standard likelihood-
based inference and operational forecasting workflows.

3.1 Parameter Estimation and Optimization

The parameters of the swarm-informed ETAS model are
estimated by maximizing the conditional log-likelihood
of the observed event times. The full parameter vector
is
0=(r.p,u, K, ),

where 7, p, and p control the temporal shape of the trig-
gering kernel, while K and « govern the productivity
and its magnitude dependence.

Let {t;}Y, denote the event times (in days) observed
over the interval [T, T ]. The log-likelihood function is
defined as

N TN

L) = [A(ti | Hei:6)] ~

i=2 T1

A(t [ He;0)dt, (8)

where H; denotes the history of events prior to time ¢,
and the conditional intensity is given by
At | Hy; 0) = Z K e*(mi=Mo)

" (©)
y e—(t—ti)/7 [‘u +(t— tz.)*P]

Z(1,p, 1)

)

with the normalization constant

Z(r,p,p) = p1+7PT(1 - p).

Optimization procedure. Parameter estimation is
performed by minimizing the negative log-likelihood
—L(#) using a quasi-Newton algorithm (L-BFGS-B),
which exploits both first-order gradients and an approx-
imation of the local curvature of the objective function
to ensure stable and efficient convergence.

The following bounds are imposed during optimiza-
tion:

7>0, O0<p<l, pu>0, K>0, a>0.
In practice, we use
7€ [107?, 00),
p €[1072, 0.99],
€ [1077, 00),
K €[107?, 0),
[

with initial guesses 7o = 1.0 day, po = 0.5, o = 0.1,
Ky = 0.1, and ap = 1.0. Convergence is declared when
both the relative change in the objective function and
the maximum absolute gradient component fall below
107°. Note that the admissible range of the exponent
p differs between the stationary and swarm-informed
ETAS formulations. In the classical ETAS model, p > 1
is required to ensure kernel normalizability, whereas in
the swarm-informed model the exponential taper guar-
antees convergence even for 0 < p < 1, allowing for
short-lived, non-Omori-type clustering typical of vol-
canic swarms.

7

Model selection and goodness-of-fit We assess model
performance using the Akaike Information Criterion
(AIC), defined as AIC = 2k — 2£(f), where k = 5 is the
number of fitted parameters. A lower AIC indicates a
better trade-off between goodness of fit and model com-
plexity.

To evaluate the benefits of the swarm-informed ker-
nel, we also fitted the classical ETAS model (Eq. (3)) to
the same dataset, using identical optimization proce-
dures and convergence criteria. Table 1 compares the
resulting AIC values.

Parameter uncertainties Formal uncertainties of the
ETAS parameters are estimated from the local curvature
of the log-likelihood function at the optimum. Specif-
ically, we compute a numerical approximation of the
Hessian matrix of the negative log-likelihood evaluated
at the maximume-likelihood solution. Assuming local
asymptotic normality of the estimator, the inverse Hes-
sian provides an estimate of the covariance matrix of
the parameters, and the reported uncertainties corre-
spond to one standard deviation. This approach is com-
monly adopted in ETAS studies when the likelihood sur-
face is sufficiently regular (e.g., Wang et al., 2010).

The swarm-informed model yields a significantly
lower AIC value, supporting the idea that the inclu-
sion of a finite memory timescale and an intermediate-
rate plateau provides a more accurate representation of
swarm dynamics in the TVZ.

The fitting improvement is quantified by AAIC =
671.9 (classical minus swarm-informed), which is far
above the conventional threshold AAIC > 10 indicat-
ing decisive support for the better model. In terms of
Akaike weights, this corresponds to an evidence ratio
exp(AAIC/2) ~ 10145 i.e., essentially all the weight is
assigned to the swarm-informed formulation within nu-
merical precision.

Although Table 1 reports the optimized parameters
for both models, it is important to stress that the pa-
rameterizations are not directly comparable one to one.
In particular, the parameter ;. has a fundamentally dif-
ferent meaning in the two formulations. In the classi-
cal ETAS model, u represents a background seismicity
rate, independent of the triggering process. In contrast,
in the swarm-informed ETAS model, i enters the trig-
gering kernel itself and controls the balance between a
quasi-stationary and a burst-like regime of seismic ac-
tivity. Therefore, the larger numerical value of i in the
swarm-informed model does not indicate a higher back-
ground rate, but rather reflects a different internal de-
composition of the seismicity rate. Direct comparison
between models should thus focus on global measures
such as likelihood or AIC, rather than on individual pa-
rameter values.

3.2 Results: Temporal Evolution of Seismic
Rate

Figure 2 shows the temporal evolution of the seis-
mic occurrence rate A(¢) estimated from the swarm-
informed ETAS model (Eq. (5)), together with the ob-
served earthquake magnitudes. The inferred rate high-
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Model K «@ c/ T (days) P 1 (events/day) AIC
Classical ETAS 0.40+0.04 | 0.714£0.07 | 76x1073+1.4x107* | 1.09+0.03 | 1.1 x 107+ 6.5 x 107° | 2818.75
Swarm-informed ETAS | 4.29 +0.76 | 1.85 4 0.09 100.02 + 13.4 0.96 £+ 0.01 0.036 + 0.007 2146.89

Table1 Optimized parameters and AIC for the classical and swarm-informed ETAS models. For the classical ETAS, the pa-
rameter c appears in the Omori kernel; for the swarm-informed ETAS, c is replaced by the exponential cutoff timescale .

lights a strongly nonstationary behavior, characterized
by alternating phases of enhanced seismic activity and
relative quiescence, which are typical of volcanic and
geothermal regions dominated by swarm-like seismic-
ity. At short timescales, the model captures rapid
increases in seismic rate followed by progressive de-
cays, reflecting the finite duration nature of individ-
ual swarm episodes. These rate transients are not con-
sistent with classical mainshock-aftershock sequences
(Lippiello etal., 2019; Petrillo et al., 2020; Lippiello et al.,
2021), but rather indicate repeated episodes of fluid or
magma driven activation, in agreement with the geo-
logical and geothermal setting of the Taupo Volcanic
Zone. At longer timescales, the estimated rate exhibits
a gradual decay between approximately 800 and 3000
days after the beginning of the catalog. This trend does
not show a clear periodic or seasonal modulation and
is therefore unlikely to reflect environmental forcing or
catalog artifacts. Instead, it is interpreted as the cumu-
lative effect of a progressive reduction in swarm produc-
tivity, possibly associated with the relaxation of tran-
sient magmatic or hydrothermal processes active dur-
ing the earlier phase of the catalog. Importantly, the
long-term decay of A(¢) coincides with a decrease in the
frequency of large swarm episodes rather than with a
systematic change in background seismicity. This sug-
gests that the observed rate variations primarily reflect
changes in swarm occurrence and intensity, rather than
variations in the tectonic loading rate. The temporal
evolution of the seismic rate is used to identify distinct
phases of seismic activity, which can be associated with
different regions of the Taupd Volcanic Zone and sub-

sequently analyzed in terms of their b-value variations.
Periods of elevated seismic rate correspond to swarm-
dominated phases, during which magnitude statistics
are expected to be more strongly influenced by fluid-
driven stress heterogeneity. This motivates the joint
analysis of seismic rate and b-value variations as com-
plementary diagnostics of the underlying physical pro-
cesses in the TVZ.

Link to documented unrest During the study period,
a number of volcanic eruptions affected the TVZ. Early
in the catalogue, the 25 September 2007 eruption of Ru-
apehu was a moderate, gas-driven event that produced
ballistic ejecta and a fallout apron (Kilgour et al., 2010).
This was followed by the 6 August and 21 November
2012 eruptions of Tongariro, both explosive events ac-
companied by substantial ash plumes (Leonard et al.,
2021). Later, on 9 December 2019, Whakaari experi-
enced a phreatic eruption characterized by the rapid
release of steam and volcanic gases, generating an ex-
plosion and widespread ballistic and lithic fallout (Cas,
2025). A prominent seismic rate enhancement occurs
at ~ 2018.75 (approximately Sep 2018), which coincides
with the beginning of 2019 unrest at Taup6 volcano doc-
umented by Illsley-Kemp et al. (2021). That episode con-
sisted of multiple swarms over several months and was
accompanied by measurable GNSS deformation inter-
preted as pressurization/intrusion at ~ 58 km depth.
The fact that this unrest is expressed in our catalog pri-
marily as repeated rate transients with finite duration
supports the use of a swarm-informed triggering ker-
nel consistent with the non-aftershock nature of the se-

SEISMICA | volume 5.1 | 2026




SEISMICA | RESEARCH ARTICLE | Seismic Swarms Occurrence Rate and b-value Mapping at Taupd Volcanic Zone

2.24 °
(a)

2.0
1.8 4
1.6 4
1.44
1.24

1.01

084 @

Op

0.015 0.020 0.025 0.030 0.035 0.040

Op

Figure 6

0.040
(B)
0.035 A
0.030
0.025 A

0.020 A

0.015 A

1.0 15 2.0 2.5 3.0

(a) b-value as a function of the corresponding standard error o}, across the volcanic system. b-value is estimated

in each cell using the b-more-positive method. (b) The corresponding standard error o}, as a function of the magnitude range

for each cell.

quence reported in that study.

Maximum magnitude Over the 17-year interval we
also observe an increase of the maximum recorded
magnitude toward the end of the catalog (including
the recent M; ~ 4.5 event). Given the strong clus-
tering and intermittency typical of TVZ seismicity, we
interpret this as reflecting the episodic occurrence of
larger swarm episodes rather than a systematic change
in background tectonic loading; a dedicated physical at-
tribution would require joint interpretation with geode-
tic and volcanic monitoring data.

Comparison with a nonstationary ETAS and goodness-
of-fit diagnostics. To benchmark the proposed
swarm-informed ETAS against a standard nonstation-
ary ETAS, we also fitted the non-stationary background
formulation of the ETAS model (Kumazawa and Ogata,
2014), in which the background rate and productivity
vary smoothly in time and are estimated by penalized
maximum likelihood, with the smoothing strength
selected by ABIC. Specifically, we parameterized:
w(t) = pret qu(t), Ko(t) = Koref qK,(t), where
qu(t) = expls,(t)] and gk, (t) = exp[sk,(t)], with s,(t)
and sk, (t) represented by cubic splines. This log-
spline formulation ensures positivity while allowing
flexible temporal variability. In the implementation
adopted here, no change point was introduced, and
each spline was defined using 8 uniformly spaced knots
over the observation window. The parameters were
estimated by maximizing a penalized log-likelihood
function. The roughness penalty was applied to the
spline coefficients through the sum of squared first
differences, thereby discouraging unrealistically rapid
temporal oscillations in ¢, (t) and gk, (t). The smooth-
ing strength w was selected by minimizing the ABIC. In
practice, we explored a discrete set of candidate values
w € {0.0,0.01,0.05,0.1,0.3,1.0}, and for each value we
performed a full likelihood optimization. The optimal
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model corresponds to ABIC = 520.30.

The nonstationary ETAS model remains a highly flex-
ible time-dependent formulation characterized by a
large number of spline coefficients. Therefore, its ef-
fective model complexity is not directly comparable to
that of the stationary or swarm-informed ETAS models,
and a standard AIC-based comparison is not appropri-
ate. For this reason, we assess model performance con-
sistently across all formulations using the transformed

time
t

T = AMu | Hy) du. (10)
T
A correctly specified conditional intensity yields a unit-
rate Poisson process in 7. We therefore compare N(7) to
the expected diagonal N(7) = 7, which provides a con-
sistent diagnostic across stationary, swarm-informed,
and nonstationary ETAS formulations (Fig.3).

4 The b-value variations

4.1 Results: The b-value mapping

To perform the b-value mapping we use the CUBIT al-
gorithm. Firstly, the algorithm was introduced by Go-
dano et al. (2022a) and then applied to characterize
the stress state on the Antakya fault (Convertito et al.,
2024a), on the faults of the major (m > 7) Californian
earthquakes Convertito et al. (2024b), in the volcanic
area of Campi Flegrei (Convertito et al., 2025) and in
other volcanic areas of the world (Godano et al., 2024Db).
The algorithm finds the largest event in the catalogue
not yet assigned to a cell and includes in the cell all
earthquakes close to the selected one until when the
number of events in the cell reaches the value n £ ny,;.
This choice could appear inappropriate because vol-
canic earthquakes swarms are not controlled by the oc-
currence of a mainshock. However, it is still possible to
define a productivity law governed by the largest event
in the swarm. This implies that the mechanism con-
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trolling swarm occurrence (most likely crustal deforma-
tion) also controls the magnitude of the largest event
within the swarm. Here n=500 and n.,;=50.

Then, the b-value in each cell is estimated using the
b-more-positive method (Lippiello and Petrillo, 2024).
The method is based on the statistical distribution of
positive magnitude differences ém = m; — m; between
pairs of earthquakes, which follows an exponential law
with slope controlled by the b-value. In contrast to the
original b-positive formulation (van der Elst, 2021a),
which considers only consecutive event pairs, the b-
more-positive method allows for non-consecutive pairs
provided that the two events are separated by less than
a prescribed spatial distance. This spatial constraint en-
sures that both earthquakes are subject to comparable
local detection conditions, under the assumption that
completeness varies smoothly in space (Lippiello and
Petrillo, 2024). As a result, the method mitigates spatial
incompleteness effects without requiring an explicit es-
timate of the magnitude of completeness. Lippiello and
Petrillo (2024) further demonstrated that reliable esti-
mation requires introducing a minimum magnitude in-
crement threshold dm, and excluding pairs with dm <
dmyp. Small magnitude differences are preferentially
affected by detection incompleteness and lead to a sys-
tematic underestimation of b when included. By re-
taining only m > dmy;,, the estimator effectively iso-
lates magnitude differences for which the conditional
detection probability is close to unity, yielding stable
and asymptotically unbiased b estimates. Recently, this
framework has been further generalized into an un-
supervised likelihood-based approach that jointly esti-
mates the b-value and incompleteness effects directly
from magnitude differences (Godano et al., 2025a). In
this study, we adopt a uniform threshold émy, = 0.5
for all cells, which provides stable estimates across the
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Taupd Volcanic Zone and ensures consistency in the
comparison of spatial b-value variations.

Figure 4 shows the map obtained for the TVZ earth-
quake catalogue. The algorithm creates 174 cell with b-
values € [0.75,2.26] and an estimation error (evaluated
following Shi and Bolt, 1982) o, € [0.014,0.039]. The
distribution of the b-value appears to be close to a Gaus-
sian one (Fig. 5). However, using the average b, 1.15 and
its standard deviation, 0.2 the gaussian distribution ap-
pears to be a very bad fit of the experimental curve. In
fact, the skewness of the distribution is 0.8. The fit, ob-
tained removing the tail for b > 1.35, greatly improves
using (b)=1.05 and a standard deviation 0=0.12.

The presence of the skewed data could be explained
by a correlation between the b-value and the range of the
magnitude differences dm,. (Figure 5). The red line rep-
resents the power law b = 1.656m,.*-5° with a x?=0.015.
The presence of such a correlation suggests that the b-
value is dependent on the estimation error as shown in
Figure 6(a). The very poor correlation between o, and
om, (Figure 6b) represents an indication that the corre-
lation showed in Figure 5b is not an artifact due to the
dependence of b on oy, but a significant relationship be-
tween b and the stress (when the earthquakes are small
the b-value is higher and the stress smaller).

Figure 4 shows as the higher b-values are observed for
Whakaairi and Taup0 volcanoes which are the younger
ones. On the contrary, the oldest volcanoes (Tongariro
and Ruapehu) exhibit the smaller b-values. Despite its
old constructional age, Okataina remains an active mag-
matic system characterized by significant heat and fluid
circulation, which can maintain elevated or intermedi-
ate b-values independent of its long-term volcanic his-
tory. This is in full agreement with what observed for
other volcanoes of the world (Godano et al., 2024b) and
confirms that the colder rocks of the older volcanoes
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can support larger stress in respect of the younger ones
where the temperature is higher.

4.2 Results: The b-value time variations

The temporal variations of the b-value were investigated
by estimating b in sliding windows of 500 earthquakes,
shifted one event at a time. As in the spatial analysis,
the b estimate was performed using the b-more-positive
method (Lippiello and Petrillo, 2024), with a threshold
dmy, = 0.5. This procedure yields 86079 b-value es-
timates spanning the interval [0.7,1.6]. The associated
uncertainties, evaluated following Shi and Bolt (1982),
range between 1072 and 6 x 10~2. The resulting distri-
bution is approximately Gaussian (Fig. 7b), although a
slight positive skewness is observed (y = 0.18). As in
the spatial case, a fit using (b)) = 1.0 and o = 0.12 pro-
vides a poorer description than a fit with (b) = 0.97 and
o = 0.10 (obtained removing the tail distribution for
b > 1.35), which better captures the central tendency
of the data. This discrepancy is attributed to the resid-
ual skewness of the distribution, although it is weaker
than in the spatial analysis.

The temporal evolution of the b-value is shown in
Fig. 7a. The time series exhibits pronounced fluctua-
tions, with variations that locally exceed the estimated
uncertainty range, indicating that the observed variabil-
ity cannot be attributed to statistical noise alone. Im-
portantly, the temporal evolution of the b-value shows a
co-variation with the seismic occurrence rate, with peri-
ods of increased seismic activity often accompanied by
noticeable changes in the magnitude distribution. Peri-
ods of enhanced seismic rate, associated with swarm-
like activity, tend to coincide with increased variabil-
ity and locally elevated b-values, whereas more quies-
cent intervals are characterized by more stable b esti-
mates. This behavior suggests that both the seismic rate
and the b-value respond to the same underlying physical
processes, likely related to transient fluid or magma mi-
gration and the resulting stress heterogeneity. In this
framework, elevated b-values reflect a dominance of
distributed microfracturing and fluid-assisted rupture,
while lower and more stable b-values are indicative of
comparatively more homogeneous stress conditions.

As in the spatial analysis, the slight skewness of the
b-value distribution can be related to the correlation be-
tween b and the magnitude increment dm, (Fig. 8a).
However, in the temporal case the power-law fit is sig-
nificantly poorer (Fig. 8), suggesting that this coupling
is weaker or more intermittent in time than in space.
This difference highlights a fundamental distinction be-
tween spatial and temporal analyses. Spatial corre-
lations may reflect persistent structural and thermo-
mechanical heterogeneities of the crust, such as vari-
ations in lithology, temperature, and long-lived fluid
pathways, which can sustain a stable relationship be-
tween magnitude statistics and rupture increments. In
contrast, temporal variations are governed by transient
processes, including episodic fluid or magma migration
and short-lived stress perturbations, which may inter-
mittently modify the magnitude distribution without es-
tablishing a robust scaling relation. Finally, no corre-
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lation is observed between b and its associated uncer-
tainty o, (Fig. 8b), confirming that the observed tempo-
ral variability of b is not driven by changes in estimation
precision.

5 Implicationsforforecasting volcanic
seismicity

This study does not aim to develop a forecasting model
for volcanic unrest. Instead, it focuses on the charac-
terization of seismic regimes through the joint analy-
sis of seismicity rate and b-value variations. Within this
framework, it is important to distinguish between:

« the seismicity rate, which can be modeled within
an ETAS-type framework and used for probabilistic
forecasting of earthquake occurrence,

« the b-value, which reflects the statistical distribu-
tion of magnitudes and provides insight into the
physical state of the system.

From an interpretative perspective, the joint analy-
sis of seismicity rate and b-value variations provides
complementary information on the evolving seismic
regime. Periods of elevated seismic rate combined with
enhanced b-value variability are indicative of swarm-
dominated, fluid-driven activity, whereas more stable b-
values and lower rates suggest comparatively homoge-
neous stress conditions (Godano et al., 2024b). We em-
phasize that these observations should be interpreted as
diagnostic indicators rather than as direct forecasting
tools. In particular, b-value variations are not used here
as predictive variables, but as proxies for the under-
lying thermo-mechanical state of the volcanic system.
A quantitative assessment of their predictive capability
would require a dedicated validation framework (e.g.,
prospective testing or retrospective skill evaluation),
which is beyond the scope of the present study. Never-
theless, the proposed framework suggests a promising
direction for integrating statistical and physical indica-
tors in future volcanic unrest forecasting models.

6 Conclusions

In this work, we have analyzed the seismicity of the
Taupd Volcanic Zone by integrating a swarm-informed
ETAS model with a high-resolution b-value mapping,
offering a combined perspective on the temporal and
magnitude clustering of earthquakes in a volcanic set-
ting.

We present a modified ETAS model incorporating a
kernel inspired by the Gamma distribution proposed by
Godano et al. (2023), which captures the finite duration
and complex triggering dynamics of seismic swarms.
This swarm-informed model significantly improves the
fit to TVZ seismicity compared to the classical ETAS for-
mulation, as evidenced by a substantial reduction in
AIC. The model provides a more realistic description of
volcanic swarm activity by accounting for a finite mem-
ory timescale.

In parallel, we performed a spatial and temporal anal-
ysis of the Gutenberg-Richter b-value using the CUBIT
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algorithm and the b-more-positive estimation method.
Our results reveal a clear spatial pattern: higher b-
values are associated with the younger, hotter volcanic
centers (Whakaari and Taup6), while older volcanoes
(Tongariro and Ruapehu) exhibit lower b-values. This
is consistent with previous results obtained for other
volcanoes of the world (Godano et al., 2024b). The dis-
tribution of b-values across space and time displays a
slight positive skewness, which we interpret as the re-
sult of a correlation between b and the local magnitude
range om,.. This highlights the genuine relationship be-
tween b-values and the stress state: when earthquakes
are smaller (small dm,.) b assumes larger values.

Altogether, this study underscores the necessity of us-
ing physically informed point-process models and ro-
bust statistical tools when analyzing complex volcanic
seismicity. Future work could explore the incorpora-
tion of additional geophysical observables (e.g., defor-
mation, fluid migration) into the swarm kernel and ex-
tend the b-value analysis to include real-time monitor-
ing and forecasting applications.
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