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The forecast of pulsatory explosions during volcanic unrest periods is an essential issue for the assessment and
mitigation of volcanic hazards. Although various precursors are detectable through geophysical and geochemical
monitoring, difficulties remain in precisely constraining possible scenarios. A probabilistic approach is effective
in assessing risk while considering various uncertainties. Sakurajima volcano characterized by frequent Vulca-
nian activity is one of the suitable fields for the probabilistic forecast of pulsatory explosions. Their inflation-
deflation patterns of ground deformation related to Vulcanian explosions are useful for evaluating the immi-
nence and size of the next event. The large database obtained from its vigorous activity can contribute to sta-
tistical analysis. In this study, aiming the probabilistic forecast of the timing and size of explosions, we
investigated the duration of inflation and volume changes at the pressure source using strain records of over 5000
events of Sakurajima volcano. Then, a stochastic model was estimated to explain the distribution of these events.
The log-logistic distribution was found to be an appropriate model for data distribution, indicating the presence
of competing processes, such as pressurization and depressurization, in the conduit. The model parameters of the
log-logistic distribution temporally fluctuated reflecting the volcanic activity, especially increasing the magma
supply from a deep region. We also suggested a methodology to constrain the probabilities of the likely timing
and size of an imminent explosion using real-time strain monitoring and an estimated model distribution.
Although some improvements would be needed for practical forecasting, our approach could be useful in pre-
dicting possible ash hazards.

1. Introduction

During an eruptive period, pulsatory eruptive events are observed
with short time intervals from minutes to days in many volcanoes.
Strombolian explosions and Vulcanian explosions are representatives of
pulsatory eruptive styles (Taddeucci et al., 2015; Voight et al., 1998).
Pyroclastic flows due to lava dome collapse (Nakada et al., 1999) and
the lava overflows (Bonaccorso et al., 2020) could also occur intermit-
tently with short-term intervals. Those pulsatory events tend to occur in
the same area keeping the similar eruptive style. Therefore, information
on the timing and size of the next single event is important for the
assessment and mitigation of volcanic hazard. This study focuses on the
forecast of such recurring individual events.

Geophysical and geochemical monitoring of volcanic activity is an

effective way to forecast pulsatory events by detecting precursors, such
as seismicity, ground deformation, and gas emissions (Swanson et al.,
1983; Sparks, 2003). Especially continuous monitoring of ground
deformation can directly capture pressure build-up due to magma
movement to shallow regions before explosions (Voight et al., 1998;
Nishimura et al., 2012; Lyons et al., 2012). At Stromboli volcano, tilt
change is observed prior to each Strombolian explosion (Genco and
Ripepe, 2010), and the duration and amplitude of ground inflation
scales with the volume of erupted materials (Ripepe et al., 2021). The
borehole dilatometer network on Etna volcano also shows significant
advantages in detecting precursory ground inflation and deflation
related to repeated lava fountains (Currenti and Bonaccorso, 2019;
Bonaccorso et al., 2020). The amount of strain change correlates with
the erupted volume calculated from satellite images (Bonaccorso et al.,
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2023). As these previous studies suggest, monitoring of durations and/or
amounts of ground deformation leads to predicting the timing and size
of the next explosions.

Sakurajima volcano in Japan is also a suitable field for the forecast of
pulsatory explosions using ground deformation observation. Over the
last 60 years, its volcanic activity has been characterized by frequent
Vulcanian explosions (Iguchi et al., 2013). Ground deformation is
typically observed before and after an explosion (Ishihara, 1990; Iguchi
et al., 2008, 2013). Prior to the explosions, the inflation of the pressure
source (<4 km depth) can usually be observed using tilt meters and
extensometers installed in the underground observation tunnels.
Immediately after the explosion, the pressure source is deflated owing to
depressurization in the conduit. Deformation data, particularly pre-
eruptive inflation data, have contributed to forecasting the occurrence
of explosions since the 1980s (Kamo and Ishihara, 1989; Le et al., 2020).
In addition, Iguchi (2016) revealed a linear relationship between the
deflation volume of the pressure source estimated from strain data and
the weight of erupted volcanic ash. Iguchi (2016) proposed an empirical
formula to estimate the weight of erupted ash using ground deformation
data. It is also possible to perform ash fall numerical simulations using
the estimated ash weight as an input parameter (Iguchi et al., 2022a).

However, it is still challenging to deterministically forecast the
timing and size of the next pulsatory event when ground inflation is
currently being detected. All we know is that the next explosion is
“soon,” but in many cases, we cannot definitively constrain how long
this inflation will last and how much the amount of inflation will reach.
This is due to the lack of a well-developed physical model of pulsatory
explosions and the inherent uncertainty of the eruptive phenomenon
itself. Therefore, a probabilistic approach is needed to forecast the
explosions.

The methodology of the probabilistic forecast has been particularly
advanced in the explosion timing prediction using repose interval da-
tabases (Marzocchi and Bebbington, 2012). Repose interval is usually
defined as a time interval between the onsets of consecutive explosions
(Dominguez et al., 2016). The repose intervals of Vulcanian explosions
were investigated at Soufriere Hills (Connor et al., 2003), Tungurahua
(Varley et al., 2006), Santiaguito (Dominguez et al., 2016), Sabancaya
(Fries et al., 2023), and Sakurajima (Udagawa et al., 1999; Dominguez
etal., 2016; Jenkins et al., 2019). The distributions of repose intervals at
those volcanoes were fitted by several stochastic models, such as Wei-
bull, log-logistic, log-normal, gamma, or exponential distributions, to
calculate the probability of the next event. The most important point of
this approach is that it allows us to obtain a probability density function,
which makes it possible to calculate the probability of an explosion
based on past activity trends and quantify the risk of explosions. This
type of time-series data analysis is called survival analysis, which is a
statistical method that deals with the length of time it takes for a
particular event to occur. It is applied in a wide range of fields, including
the financial and engineering fields, regardless of volcanology.

We aim to apply a probabilistic approach to the forecast of the timing
and size of Vulcanian explosions using ground deformation data of
Sakurajima volcano. The duration of the ground deformation preceding
the explosion can be viewed as the time to event occurrence, which can
be treated in the survival analysis. Furthermore, as previous studies have
pointed out, the amount of ground deformation is correlated with the
amount of erupted material. Therefore, the statistical analysis of the
ground deformation data of past explosions should lead to a probabi-
listic forecast of the timing and size of explosions. This paper focused on
clarifying the statistical properties of the time scale and amount of
ground deformation, particularly estimating their probability density
functions. We investigated four variables estimated from strain data of
Vulcanian explosions: (i) duration of inflation, (ii) inflation volume at
the pressure source, (iii) deflation volume at the pressure source, and
(iv) ratio of deflation volume to inflation volume. Then, we estimated
appropriate stochastic models to explain the distributions of these var-
iables. We finally discussed some insights from the estimated model and
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a method to evaluate the probabilities of explosions.
2. Data and methods
2.1. Data acquisition and overview

We created a database for statistic analysis that included (i) duration
of inflation, (ii) inflation volume of the pressure source, (iii) deflation
volume of the pressure source, and (iv) deflation ratio (= deflation
volume/inflation volume). These four variables were calculated from
strain data of Vulcanian explosions observed at the underground
observation tunnel. Sakurajima volcano has three underground obser-
vation tunnels with 28-m long extensometers (Fig. 1a). The strain data of
AVOT station is used for this study since the strain data of this station
were more sensitive to pressure changes in the shallow region than data
of other tunnels (Iguchi et al., 2013). The data were automatically
processed for the removal of ocean tide effects using sea-level observa-
tions and a Bayesian method (BAYTAP-G; Tamura et al., 1991) and can
be viewed in real-time online with a 1-min resolution.

Fig. 1b shows two components of strain data associated with typical
Vulcanian explosions. The radial strain is a strain of the direction toward
craters, and the tangential strain is that of the perpendicular direction to
the radial strain. Before the explosion, a contraction in the radial strain
and an extension in the tangential strain were typically observed
(Fig. 1b). These features are interpreted as inflation of a shallow
spherical source under the crater (Iguchi et al., 2008, 2013). From the
time the explosion occurred, the radial strain rapidly increased. Simul-
taneously, the tangential strain contracted. These trends conversely
correspond to the deflation of the shallow spherical pressure source due
to the emission of ash and gas into the atmosphere.

There are two active craters at Sakurajima volcano, Minami-dake
and Showa craters (Fig. 1a). Minami-dake crater began its Vulcanian
activity since 1955 until now (2024). The Vulcanian explosions at
Showa crater occurred from 2006 to 2018 with a brief increase in ex-
plosions in 2023. This study targeted the explosions at Showa crater
from February 2009 to September 2015 and at Minami-dake crater from
November 2017 to December 2020 (Fig. 1c). Because the period from
October 2015 to October 2017 corresponds to the period when eruptive
activity shifted from Showa crater to Minami-dake crater, it was
excluded from the analysis.

We listed explosion events with large infrasound signals (>10 Pa)
recorded at the HAR or AVOT stations (Fig. 1a; Iguchi et al., 2022b).
Then, a database was created from the strain data of the listed events as
written in the next section. Some exceptional cases were not used for the
following analysis, such as missing strain data and explosions with un-
clear deformation. We identified 4970 events at Showa crater and 710
events at Minami-dake crater as the analysis events, which accounted for
86 % of all listed explosions (Fig. 1c).

2.2. Database creation

The four variables included in the database (duration of inflation,
inflation volume, deflation volume, and deflation ratio) were defined as
follows. The duration of inflation is the time since the strain change due
to ground inflation is detected until the explosion starts (Fig. 1b). The
inflationary phase is defined by a contraction of radial strain and an
extension of tangential strain. Note that the duration of inflation is not
the same as the repose interval which corresponds to the time interval
between the onsets of consecutive explosions. The duration of inflation
does not include the period when the explosion is occurring, in which
deflation is detected. In addition, the inflation for the next explosion
does not always begin immediately after the end of the previous ex-
plosion. In such cases, the strain data remain flat for a while after a
previous eruption or small-scale fluctuations that are not counted as
explosions occur (Fig. 1b). Thus, the duration of inflation tends to be
shorter than the repose interval. Later discussion will deal with the
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Fig. 1. Vulcanian explosions at Sakurajima volcano.

(a) Map around Sakurajima volcano. Two triangles indicate the active craters, Minami-dake and Showa craters. Solid circles represent underground tunnels (HVOT,
AVOT, and KMT). In this study, we used the data recorded at AVOT. Open squares indicate low-frequency microphones.

(b) Snapshot of strain data at AVOT on November 23, 2019 (black: radial strain, gray: tangential strain). Black triangles indicate the time of the explosion. In the
inflation phase of the pressure source before the explosion, the radial strain contracts and the tangential strain extends (hatched by pink). On the contrary, the radial
strain extends and the tangential one contracts in the deflation phase after the explosion.

(c) Monthly number of explosions. Orange bars are events that occurred at Showa crater and blue bars are those that occurred at Minami-dake crater. Gray bars
indicate events that are not used for analysis owing to unclear deformation data. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

repose intervals investigated in several previous studies, which will be
used only for a comparison with the duration of inflation.

The second and third variables, the inflation and deflation volumes
of the pressure source, were calculated using both the radial and
tangential strains (Iguchi et al., 2013, 2022b) assuming a spherical
source located beneath the crater (Mogi model; Mogi, 1958). Radial
strain (e;) and tangential strain (e;) derived from a spherical pressure
source are written below (Ishihara, 1990):

D? — 2r?
e @
1
€ = KW7 (3]

where D is the depth of the source and r is the horizontal distance from
the source to the station. K is a function of Lame constants (4, G), source
radius (a), and pressure change (AP):

2
A+ 26 )a3AP. 3)

T26(1+G

Although shear modulus G is often written as u, G is used here since u is
used as a parameter of the statistical model in the next section. By
dividing Eq.(1) by Eq.(2), the source depth is obtained (Iguchi et al.,
2013):

4

where = €;/e;. The volume change on the surface (AVj) is represented
by integrating the vertical displacement as 2zK (Ishihara, 1990). The
volume change of the pressure source (AV}) is given the relationship
between volume change on the surface and that at the pressure source
(Delaney and McTigue, 1994):

AV

A = =
Ve 2(1 -v)

27K
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where v is the Poisson rate (0.25 in this study). Therefore, AV, can be
described as a function of the strain changes using Egs.(1) and (4),

me(D? + r2)5/2

AV, = A= or =2y

(6)

The inflation volume and deflation volume included in our database
were defined as AV, in the inflation and deflation phases, respectively
(Fig. 1b). Iguchi et al. (2019) reported that the inflation volumes of the
pressure source for explosions at Minami-dake crater are 4 x
10%-10° m?3. Inflation volumes for explosions at Showa crater are
typically less than 2 x 10* m®, so they are generally smaller than the
volume changes for Minami-dake craters’ explosions.

In the case of Sakurajima volcano, deflation volume is strongly
related to the size of the explosion. Iguchi (2016) revealed that the
deflation volume of Vulcanian explosions and the seismic amplitude of
volcanic tremors correlate positively with the monthly summed weight
of ejected volcanic ash. An empirical formula was proposed to estimate
the monthly weight of volcanic ash, which is composed of a linear
combination of terms of the deflation volume and seismic amplitude.
Concerning the weight of volcanic ash derived from an individual
Vulcanian explosion, it strongly depends on the deflation volume rather
than on the seismic amplitude because the seismic amplitude of volcanic
tremors indicates the contribution of non-explosive continuous ash
emission lasting for a long time.

Therefore, the fourth variable is the deflation ratio which is defined
as the deflation volume relative to the inflation volume. All we can know
before an explosion is not the deflation volume but the inflation volume
so that the ratio between inflation and deflation volumes is needed to
predict the amount of erupted materials. In Sakurajima volcano, the
explosion does not always cancel all amounts of the precursory inflation,
and a part of the inflation may remain.

2.3. Statistical analysis

After creating the database, we estimated stochastic models for the
distributions of the four listed variables. Assuming several candidate
stochastic models, the best model was determined. This procedure fol-
lows the conventional approach for the survival analysis of repose in-
tervals (Marzocchi and Bebbington, 2012). Survival analysis is a field of
statistics dealing with the time until an event occurs, such as the time to
recover from disease and the time to failure of mechanics. In
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volcanology, survival analysis is often applied to repose intervals since
intermittent eruptive activity is assumed as a renewal process where the
elapsed time since the last event is the only control factor for the time of
the next event. The duration of inflation dealt with in this study is
related to the time until the events, so survival analysis can be applied.
The other three variables of our study are not the variables of time.
However, we estimated the stochastic models for these three variables as
well. This is because our purpose is to statistically describe the charac-
teristics of the distribution of ground deformation data, in particular, to
estimate the probability density function.

Model estimation was performed on three different-sized data sets:
1) all events of each crater, 2) sub-datasets extracted from eruptive
episodes, and 3) every 100 events. At first, we estimated stochastic
models for the four variables using the data of 1) all events for Minami-
dake and Showa craters in order to get an overall picture of the data.
However, it generally needs to confirm the stationarity and indepen-
dence of the data when conducting survival analysis (Cox and Oakes,
1984). Therefore, as a second step, we divided the analysis period into
several eruptive episodes. Then, 2) sub-datasets were extracted from
each episode, and the best stochastic model for sub-datasets was
estimated.

The eruptive episodes were defined considering the temporal change
in deflation rate which corresponds to the slope of the cumulative
deflation volume due to individual Vulcanian explosions (Fig. 2, Sup-
plementary material 1). The analysis period was divided into 14 epi-
sodes, of which nine were related to the activity at Showa Crater and five
to the activity at Minami-dake. The deflation rate was high in even-
numbered episodes, and that was low in odd-numbered episodes.

Sub-dataset is defined as a shorter period included in every eruptive
episode indicated in the top panels of Fig. 2, where independence and
stationarity of the data are guaranteed. The stationary of the sub-
datasets were evaluated by using moving-average (Dominguez et al.,
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2016). Moving averages for the sub-datasets were confirmed to be
within the mean +o¢ for each episode. As a simple test of data inde-
pendence, autocorrelations were calculated using each dataset (Sup-
plementary material 2).

After the model estimation for the sub-datasets, we also estimated
the best model for 3) every 100 events by sliding the analysis window by
one event. This is intended to eliminate arbitrariness in extracting the
sub-datasets and to investigate more detailed temporal changes in the
best model.

Three candidate stochastic models were assumed: log-logistic, Wei-
bull, and exponential distributions. These three models were selected
because they are often used as survival analysis for repose intervals
(Marzocchi and Bebbington, 2012). The log-logistic distribution is a
probability distribution of a variable whose logarithm has a logistic
distribution. It can describe a system where two competing processes
work: some parameters work to increase the probability of explosions,
and others work to decrease the probability (Connor et al., 2003). The
Weibull distribution (Weibull, 1951) is a model for the time to failure
used to forecast brittle fractures and machine failure. The exponential
distribution is related to the Poisson process.

The probability density functions (PDFs) of the three candidate
models are listed in Table 1. The PDF of the exponential distribution is
controlled by one parameter u, whereas those of log-logistic and Weibull
distributions are controlled by two parameters, x4 and k. y is the scale
parameter, which corresponds to the mean (Weibull and exponential) or
median (log-logistic). The shape of the distribution depends on the shape
parameter k. If k < 1, then the distribution monotonically decreases. If
k > 1, the distribution exhibits a single peak. A higher k value indicates a
narrow distribution. The shape parameter is defined as an indicator of
the variability of a distribution like standard deviation, and Dominguez
et al. (2016) argued that the shape parameter for the distribution of the
repose intervals could be interpreted as an indicator of the regularity of

a
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Fig. 2. Temporal evolution of the four variables of our dataset: (i) duration of inflation, (ii) inflation volume, (iii) deflation volume, and (iv) deflation ratio (=iii/ii).
Gray markers are the values of each event and blue plots are moving average every 50 events. The orange lines show their cumulative value. (a) The active period of
Showa crater and (b) that of Minami-dake crater. These analysis periods were divided into eruptive episodes. Even-numbered episodes correspond to periods of high
deflation rates. Sub-datasets (S1-S9 and M1-M5) were extracted from every episode, which is indicated by black bars in the top panels. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 1
Stochastic models and their model parameters.
Log-logistic Weibull Exponential
Kt (1)k
k
PDF 0= Ky () () £ =2
e (1) } 0 =(5) () e p
i
parameter AIC parameter AIC parameter AIC
Showa (i) Inflation duration u =44.45 50,713 u = 68.90 51,569 u =66.34 51,638
k =197 k =1.09
(ii) Inflation volume u=7747 78,643 n =1161 79,051 n =1081 79,377
k =2.04 k =1.22
(iii) Deflation volume pu =601.6 74,508 n =834.2 74,619 u =750.0 75,746
k =238 k =1.48
(iv) Deflation ratio u =078 9854.1 =117 11,392 n =116 11,397
k =210 k =1.02
Minami-dake (i) Inflation duration pu = 43.92 7741.0 n=79.29 7839.9 u =105.0 8031.0
k =1.83 k =0.76
(ii) Inflation volume pu = 1355 12,278 n = 2253 12,398 no=2272 12,396
k=176 k =0.98
(iii) Deflation volume u = 8834 11,279 no=1289 11,421 p = 1191 11,479
k =2.30 k=124
(iv) Deflation ratio pu =0.65 1170.4 u =099 1372.4 u =097 1375.2
k =2.08 k =1.06

the pulsatory explosions: a higher value of k means less variability and
more regularity of the explosions. The model parameters for each model
are estimated by using maximum likelihood estimation.

After estimating these model parameters, we determined the best
model among the three using the Akaike information criterion (AIC;
Akaike, 1974). AIC is defined as AIC = 2n — 2InL, where n is the number
of model parameters, and L is the maximum likelihood. A smaller AIC
value indicates a better model. In addition to determining the best
model, Kolmogorov-Smirnov test (KS test) was also applied to confirm
the assumption that the data follow the model distribution. If the p-value
obtained in the KS test is less than the significance level (here p = 0.05),
it can be concluded that the distribution of the data is different from the
assumed model.

3. Results
The four variables of our database, (i) duration of inflation, (ii)

inflation volume, (iii) deflation volume, and (iv) deflation ratio are
shown as a time series in Fig.2. For most of the analysis period, the

moving averages of the durations of inflation are less than 200 min,
while some events have long durations of over a half day. The inflation
volumes of the explosions at the Showa crater tend to be smaller than
those at Minami-dake crater. The moving averages of inflation volumes
of Showa crater are less than 2000 m? for most periods, and those of
Minami-dake are more than 2000 m®. The trend of fluctuations in the
moving averages of the deflation volume was similar to that of the
inflation volume. The absolute values of the moving averages of the
deflation volume tended to be smaller than those of the inflation
volume.

Model estimation was performed using three-sized datasets for four
variables. These results are presented in order below. Supplementary
material 3 also summarizes the datasets used for figures and tables.
Fig. 3 shows the probability distributions of the four variables for all
events of each crater. We found the log-logistic distribution to be the
best among the three candidate models for all data from both craters.
Because all data distributions had a single peak, the exponential distri-
bution did not match the data. The log-logistic distribution has a heavier
tail than that of the Weibull distribution, making it suitable for
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Fig. 3. Distributions of observed data and stochastic models for all explosions at each crater.

(i) Duration of inflation, (ii) inflation volume, (iii) deflation volume, and (iv) deflation ratio. The gray histograms are the distributions of the observed data of events
that occurred at (a) Showa and (b) Minami-dake craters. The vertical axis represents the probability density function (PDF). The blue, red, and yellow lines represent
the estimated stochastic models of the log-logistic, Weibull, and exponential distributions, respectively. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)
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describing our dataset. The parameters and AICs of the three models are
presented in Table 1. In terms of the log-logistic distribution, the values
of the shape parameter k were estimated to be approximately 2 for all
variables. The scale parameter u of the duration of inflation did not
significantly differ between the Showa and Minami-dake craters; y was
approximately 44 min, and over 80 % of all events had durations of less
than 100 min. The scale parameter of the deflation ratio also showed no
significant differences between the two craters, with 60 % of the events
being less than one. However, the scale parameters of inflation and
deflation volume of Minami-dake were larger than those of Showa
crater.

Next, we set sub-datasets for the statistical analysis, where the
moving average did not fluctuate significantly and the autocorrelation
function fluctuated around 0. The best models of the four variables for
each sub-dataset are shown in Table 2 and Supplementary material 4.
Most datasets follow a log-logistic distribution in terms of the duration
of inflation, inflation volume, and deflation ratio. Especially concerning
the deflation ratio, the best models are the log-logistic distribution for all
sub-datasets. On the other hand, the best models for the deflation vol-
ume are often estimated to be Weibull distribution (Table 2). Since the p-
value of KS test for all subset are over 0.05, all the best models were not
rejected. In addition, KS test shows that log-logistic distribution are not
rejected for all the subset (Supplementary material 5). The model pa-
rameters of log-logistic distribution, 4 and k, for sub-datasets are shown
in Fig. 4. The shape parameter k for all datasets is within 1-3. It
described unique temporal change: k increased in even-numbered sub-
datasets (S2, S4, S6, S8, M2, and M4), especially for the duration of
inflation. In addition, an inverse correlation between y and k is observed
for the duration of inflation: as k increases, ; becomes smaller.

More detailed temporal changes in the best model every 100 events
are shown in Fig. 5. The analysis windows in which the log-logistic
distribution was the best model stood out. The Weibull distribution
was better than the log-logistic distribution in some periods, particularly
with respect to the deflation volume. Very few analysis windows were
present in which the exponential distribution was the best model.
Focusing on the active period of the Minami-dake crater (since 2017),
the log-logistic distribution was appropriate for almost all periods for all
four variables. According to the Kolmogorov-Smirnov test, the expo-
nential distribution is rejected in almost all the analysis windows unlike
the log-logistic distribution (Supplementary material 5).

The model parameters of the log-logistic distribution for every 100
events temporally fluctuated as shown in Fig. 6. The shape parameter k
fluctuated within 1-4 over several months and reached large values in
Episode 4 of Showa crater and Episode 4 of Minami-dake crater. During
these episodes, k increased and then decreased. At the same time, the
scale parameter u decreased and then increased. Particularly in terms of
duration of inflation and inflation volume, when k becomes larger, u
takes a smaller value (Fig. 6¢, d). This suggests that the high regularity of
explosions reduces their duration of inflation and inflation volume. We
also recognize a similar feature during the other even-numbered
episodes.

4. Discussion

Based on the results, three topics are discussed. First, we discuss the
insights for the eruptive activities derived from the estimated stochastic
model (Section 4.1). We then suggest a methodology to constrain the
probabilities of the timing and size of the explosions using the estimated
model distribution (Section 4.2). Finally, in Section 4.3, we highlight
certain considerations for the practical application of eruption forecasts.

4.1. Best stochastic model and eruptive activities
Our results demonstrated that a log-logistic distribution is often a

suitable model for various-sized datasets of the time scale and defor-
mation volumes derived from the ground deformation of Vulcanian
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Table 2
Model distributions fitted to the data of subsets.
Sub-datasets Number of Model* u k P
events value

(i) Inflation duration

S1 (2009/6/26-2009/9/ 141 w 104.3 1.21 0.618
13)

S2 (2009/12/18-2010/ 215 L 45.6 2.19 0.664
1/25)

$3 (2010/6/16-2010/9/ 266 L 42.4 2.07 0.866
8)

S4(2011/12/1-2012/1/ 256 L 25.8 2.83 0.616
27)

S5 (2012/8/23-2012/ 150 L 70.8 2.17 0.300
12/27)

S6 (2013/8/21-2013/9/ 134 L 54.4 2.62 0.976
28)

S7 (2014/1/29-2014/6/ 120 L 61.7 2.06 0.275
4)

S8 (2015/2/13-2015/3/ 87 L 64.6 2.75 0.856
21)

S9 (2015/6/25-2015/7/ 54 L 23.6 2.05 0.989
18)

M1 (2017/11/7-2018/3/ 16 L 78.4 1.48 0.491
15)

M2 (2018/4/1-2018/5/ 62 w 59.3 1.68 0.765
4

M3 (2018/12/4-2019/5/ 75 L 50.7 1.79 0.798
22)

M4a (2019/11/13-2019/ 94 L 33.7 2.58 0.952
12/24)

M4b (2020/1/12-2020/ 82 L 28.9 2.55 0.892
2/2)

M5 (2020/5/11-2020/5/ 26 E 161.8 0.799
26)

1374 1.27  0.726
883.0 225 0.767
6743 198 0.937
588.7 252 0.769
1029 1.33 0.783
7759 256 0.818
1754 1.59  0.940
1799 1.52  0.670
607.7 254 0.991

3394 0.806
2189 2.08 0.789
2558 0.375

1400 220  0.697
762.2 231 0.917
1897 1.30 0.619

865.0 1.84 0.676
633.2 286 0.845
623.3 171 0.525
6299 211 0.924
787.1 1.43  0.520
700.2 279 0.593
1159 1.93  0.706
1238 1.54  0.796
532.2 2.00 0.982
1074 217  0.396
1706 1.99 0918
7549 2.63 0.969
1132 1.58 0.712
813.2 198 0.556
1165 1.95 0.998

0.711 2.08  0.870
0.712 223 1.00

0.685 193 0.972
0.849 226 0.911
0.781 172 0.923
0.884 2.08 0.939
0.697 210 0.305
0.714 215 0.985
0.647 241 0.996

(continued on next page)
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Table 2 (continued)

Sub-datasets Number of Model* u k P
events value
M1 L 0.574 1.36 0.811
M2 L 0.619 212 0.942
M3 L 0.484 1.87 1.00
M4a L 0.596 212 0.976
M4b L 0.818 2.48 0.502
M5 L 0.724  2.28  0.994

* L: Log-logistic, W: Weibull, E: Exponential.
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Fig. 4. Model parameters of the log-logistic distribution for sub-datasets.

The blue markers indicate the scale parameter y, and the red markers indicate
the shape parameter k. Filled markers of k correspond to the sub-datasets in
even-numbered episodes with high deflation rates. (i) Duration of inflation, (ii)
inflation volume, (iii) deflation volume, and (iv) deflation ratio. (For inter-
pretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

explosion at Sakurajima volcano. The log-logistic distribution is a model
in which logarithmic variables follow a logistic distribution. The logistic
distribution is originally derived from a model of population growth
which models a system in which some factors increase the population
and others decrease the population (Verhulst, 1838). Thus, the log-
logistic distribution is inherently suitable to model systems where
competing processes coexist. The fact that the log-logistic distribution is
the best model for the ground deformation database of Sakurajima
volcano suggests that competing processes are the main factor control-
ling the time scale and amount of ground deformation. Connor et al.
(2003) showed that the repose intervals of Vulcanian explosions at
Soufriere Hills volcano are explained by the log-logistic distribution. It
was interpreted that the success of modeling by the log-logistic distri-
bution is due to competing processes with different time scales operating
in the upper volcano conduit, such as increasing and decreasing pres-
sure. Prior to Vulcanian explosions, magma ascends and stiffens, thus
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increasing pressure in the shallow conduit. On the other hand, upward
and lateral degassing through permeable magma and fractures of
plumbing systems decreases the pressure (Diller et al., 2006). In the case
of Sakurajima volcano, it has been proposed that magma intrusion to the
shallow conduit and gas accumulation provide pressurization, and gas
leakage provides depressurization in the conduit (Iguchi et al., 2008;
Yokoo et al., 2013). Therefore, our findings support the idea that the
balance of such competing processes in the conduit can control the time
scale and magnitude of ground deformation.

The Weibull distribution was the best model in some periods. In
particular, the distributions of deflation volume follow the Weibull
distribution distinctly more often than the other variables. It may sug-
gest that the controlling factors of the deflation process are different
from those of the inflation process. Once the explosion occurs, the
destruction of the lava plug disrupts the previous balance of pressuri-
zation and depressurization in the conduit, releasing the system. Such
changes in the system might be reflected in the estimated models.

Although it is difficult to judge which is more appropriate between
log-logistic or Weibull distributions considering only AIC (Supplemen-
tary material 5), in terms of applicability for the evaluation and forecast
of explosions at Sakurajima volcano, the log-logistic distribution is likely
to be better. One reason is that many previous studies dealing with
repose intervals of Vulcanian explosions use the log-logistic distribution
(e.g., Dominguez et al., 2016). In addition, the log-logistic distribution
was not rejected throughout the analysis period by the KS test, so it is
highly versatile for the ground deformation data of Sakurajima volcano.
Moreover, the cost to calculate the probability of the explosion is lower
when the log-logistic distribution is used. This is because the cumulative
distribution function and survival function (explained in the next sec-
tion) of the log-logistic distribution can be described analytically so that
no numerical integration is required. Therefore, we propose the use of
log-logistic distribution as a probability distribution for the time scale
and volume change of Sakurajima’s ground deformation data.

A log-logistic distribution is often applied to the repose interval data
of other volcanoes (e.g., Connor et al., 2003; Varley et al., 2006; Watt
et al.,, 2007; Dominguez et al., 2016; Fries et al., 2023). Although the
repose interval between explosions has a different definition from the
duration of inflation, both were used to evaluate the over-pressure build-
up process, so a comparison of them would provide some insight. Fig. 7
shows the model parameters of the log-logistic distribution for the
repose intervals of various volcanoes reported in the previous studies.
Note that Supplementary material 6 provides correspondence of the
notations of the model parameters between this study and the previous
studies. We recognize that y and k are negatively correlated. This trend
progressively represents the more frequent and regular nature of
Strombolian and violent Strombolian eruptions and the less frequent
and irregular nature of Vulcanian eruptions (Dominguez et al., 2016).
The parameters estimated from the inflation duration in this study were
within the range of Vulcanian eruptions. Compared with the parameters
estimated from the repose interval of Sakurajima volcano in previous
studies, k became larger (higher regularity), and y became smaller
(shorter duration) in this study. The inflation duration more directly
reflects the over-pressure build-up than the repose interval, which may
have resulted in a shorter timescale. The repose phase included periods
without clear ground deformation and those with small-scale ground
deformation that were not counted as explosions (Fig. 1b). This implies
that the repose intervals obtained from the event catalogs may over-
estimate the time scale of the over-pressure build-up process. Using the
duration of inflation rather than the repose interval reduces the effect of
such an overestimation, which may have resulted in a clearer regularity
of the phenomenon and a larger k. Nevertheless, ground deformation
data is not necessarily available for all volcanoes. A more accurate un-
derstanding of the over-pressure build-up process may become possible
even for volcanoes without ground deformation data by closely exam-
ining the correspondence between the time scale of ground deformation
and repose intervals.
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Fig. 5. Temporal evolution in the best model every 100 events.
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the marker was the time of the 50th event of 100 events. The right panels show the number of analysis windows in which each model was estimated to be the best
model. (i) Duration of inflation, (ii) inflation volume, (iii) deflation volume, and (iv) deflation ratio.
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Fig. 6. Temporal variation in the model parameters of the log-logistic distribution.
(a) The scale parameter y and (b) the shape parameter k estimated from every 100 events. Gray error bars indicate 95 % confidence intervals. Panels (i), (ii), (iii), and
(iv) represent the duration of inflation, inflation volume, deflation volume, and deflation ratio, respectively. Orange and blue symbols represent the model pa-
rameters estimated from every 100 events in Episode 4 of Showa and Minami-dake craters. Black symbols are those of the even-numbered episodes and gray ones are
those of the other periods. (c), (d) Correlation of the model parameters of the log-logistic distribution, x and k. Orange, blue, black, and gray symbols represent model
parameters estimated for every 100 events occurring during the same period as shown in (a) and (b). (c) Duration of inflation, and (d) inflation volume. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

The temporal changes in the model parameters of the log-logistic
distribution reflect changes in volcanic activity. Iguchi et al. (2019)
reported that the GPS baseline length extended significantly three times
during the active period of Showa crater (October 2009-May 2010,

40 60 80
1 (min)

500 1000 1500
3,
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2000 2500

October 2011-March 2012, and January 2015-June 2015). These were
interpreted as an inflation of the main magma chamber located 10 km
deep and a magma intrusion into the region beneath volcanic edifice
(1-4 km deep) from the main magma chamber. The volume of intruded
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(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

magma from the deep chamber was estimated as ~ 2 x 10% m? ( ~ 1 x
10* m®/day) in October 2011-March 2012 (Hotta et al., 2016). Iguchi
et al. (2022b) also noted a large change in areal strain from September
2019 to February 2020 during the active period of Minami-dake crater,
indicating a magma intrusion beneath the crater (2-6 km deep). These
intrusion periods correspond to episodes 2, 4, and 8 of Showa crater and
episode 4 of Minami-dake crater defined in this study. Considering that
shape parameter k increased during these episodes, it is suggested that
the increase in magma supply from the deep region would shift the
phase of volcanic activities, which is one of the factors that increase the
regularity of discrete explosions occurring in the shallow regions.
Dominguez et al. (2016) indicated that k is related to the complexity of
the system. As the system becomes more complex, more factors influ-
ence the conduit process, or the interaction among the factors has non-
linear effects. This decreases the regularity of the explosions. Based on
this idea, the factors controlling an explosion may be more complicated
when the magma supply is low than when it is high. Because a long time
is required for magma ascent to a shallow region when the magma
supply is low, the effects of degassing and crystallization may be greater.

4.2. Short-term evaluation of explosion probability

The probability of an explosion can be calculated using the proba-
bility distributions estimated above. First, we evaluated the timing of the
explosion based on the PDF of the duration of inflation using a survival
analysis approach. This approach is often applied to long-term fore-
casting of eruptive cycles using databases of repose intervals (e.g.,
Bebbington and Lai, 1996; Garcia-Aristizabal et al., 2012). This is the
first study to use a database of strain change and real-time strain
monitoring.

In the case that t minutes have elapsed since inflation started, the
probability that an explosion occurs within At minutes is described as
Eq. (7).

t+AL t+At
Jo " fodx f(x)dx

P(t, t+ At) ==t SCI tl—F(t) , @)

t 1
F(t) = /0 flx)dx = 1w (8

where f(t) is the PDF, and F(t) is the cumulative distribution function
(CDF). In the case of a log-logistic distribution, the CDF is written using a
simple analytical expression, as shown in Eq. (8) (Fig. 8a). S(t) is the
survival function ( = 1 — F(t) ), which describes the probability that an
object still survives at time ¢ (i.e., an explosion has not occurred yet at
time t). That is to say, P(t,t + At) means the conditional probability,
which is the probability that an explosion occurs in a specific time
window, given that no explosion has occurred until the current time.
The integration range of the numerators in Eq. (7) can be modified by
considering the time window of interest. The survival function in the
denominator of Eq. (7) decreases with time from the start of inflation
(Fig. 8a).

Fig. 8b shows the probability of explosions every 10-min window.
Here we used the PDF of the log-logistic distribution for the duration of
inflation of the Minami-dake crater (Fig. 3b(i)) as an example, consid-
ering that the recent activity of Sakurajima volcano has been mainly at
the Minami-dake crater. However, it is more appropriate to use the PDF
estimated from the dataset of events occurring in the eruptive episode of
interest. As time passed, the probability of the explosion changed
(Fig. 8b). At the beginning of inflation, an explosion is expected to occur
with a typical length of the duration of inflation which is a mode of the
PDF. If inflation continues, an explosion is expected to immediately
occur.

In addition, the deflation volume related to the eruptive mass can be
predicted using real-time strain monitoring. The inflation volume was
predicted from the extrapolated strain change, assuming that the infla-
tion rate was sustained (Fig. 9). We assumed several cases of deflation
volume: 1/5, 1/2, 1, 2, and 5 times of inflation volume. The probability
of each case was obtained from the PDF of the deflation ratio (Fig. 3b
(iv), Supplementary material 7). Thus, by multiplying the probabilities
of these cases by the probability of explosions in each time window, the
probability of explosions was described as a matrix consisting of the
timing and the deflation volume (Fig. 9). Since the inflation rate
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Fig. 8. Evaluation of the timing of explosions.

(a) Probability density function (PDF) of the log-logistic distribution estimated
from events that occurred at Minami-dake crater (left axis; same as Fig. 3b(i)).
Solid and dashed lines of the right axis are the cumulative distribution function
(CDF) and survival function calculated from PDF, respectively.

(b) Probabilities of explosions for every 10-min window (up to 100 min later).
Black vertical lines indicate the current time t. Black triangles indicate the time
windows with the highest probability at each time t.

changed as time passed, the extrapolated strain was sequentially upda-
ted. Therefore, the deflation volume forecast was updated with time as
well. As shown in Fig. 9 (the explosion on September 23, 2022), the
explosion occurred in a scenario with a relatively high probability.

Unlike the use of repose intervals, this method can evaluate the size
of explosions based on monitored data. Thus, this approach could be
helpful for other volcanoes in which cyclic ground deformation has been
observed during eruptions, such as the Soufriere Hills (Voight et al.,
1998), St. Helens (Anderson et al., 2010), and Etna (Currenti and
Bonaccorso, 2019). For Sakurajima volcano, the deflation volume can be
empirically converted into ash weight and/or ash emission rate (Iguchi,
2016). The ash emission rate can also be empirically converted into the
maximum plume height, which can be used as an input for numerical
simulations of ashfall (Iguchi et al., 2022a). Therefore, our estimated
deflation volume can contribute to probabilistic forecasting of the area
or amount of ashfall (Jenkins et al., 2012; Bear-Crozier et al., 2016).
Since the purpose of this research is a statistical survey of ground
deformation, we only proposed the method to forecast here, but our next
step will be to verify this method.
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Fig. 9. Evaluation of the timing and size of explosions.

The upper panel shows the strain records of the explosion that occurred at
23:05 JST (UTC + 9) on September 23, 2022. The black vertical line represents
the current time t, and the black triangle represents the time of the explosion.
The strain data recorded up to the current time are shown on the left side of the
vertical line (black: radial strain; gray: tangential strain). On the right side of
the line, the dashed lines represent the extrapolated strain data, considering the
average inflation rate in the last 10 min. Thin lines are actual strain data. The
lower panel shows the probability of explosions at the expected time (hori-
zontal axis) and deflation volume (vertical axis). The bubble size reflects the
probability. Black crosses indicate the most likely scenarios. The yellow crosses
indicate the actual timing and size of the explosion. (a) Current time t = 10 min
from the start of inflation. (b) t = 20 min, (c) t = 30 min. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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4.3. Considerations for the practical forecast of explosions
For a more practical forecast, we must consider following four cases:

e [A] Precursory inflation is observed, and [B] an explosion occurs.

e [A] Precursory inflation is observed, and [b] an explosion does not
occur (or a small eruption occurs).

e [a] No clear precursory inflation is observed, and [B] an explosion
occurs.

e [a] No clear precursory inflation is observed, and [b] an explosion
does not occur.

This study dealt with only the first case, in which precursory inflation
was observed, and an explosion occurred (case [AB]). We need to
consider other cases to rigorously assess explosion probability.

However, for Sakurajima, when no clear precursory inflation was
observed (cases [aB] and [ab]), explosions were less likely to occur.
Explosions without clear precursory inflation account for less than 10 %
of all listed explosions. In addition, the explosions in these cases were
relatively small. Even if we ignore such cases, they do not pose a large
impact on the assessment of hazards. Therefore, it is considered rela-
tively safe in the absence of precursory inflation. The ability to show
relatively safe periods is a major advantage of our method over the use
of repose intervals. The probability of explosions does not increase if
time has passed since the last eruption but no inflation has begun.

The case [Ab] where precursory inflation is observed, but an ex-
plosion does not occur (or a small eruption occurs), sometimes exists in
the Sakurajima volcano. This study focuses on “Explosions” that
generate large infrasound signals (>10 Pa). Other activities at Sakur-
ajima volcano include “Eruptions” and “NEDs (Non-Eruptive De-
flations).” Eruptions were defined as non-explosive events which have
small infrasound signals (<10 Pa) with visible plumes (>1000-m
height). NEDs are deflation events accounted as neither “Explosions” nor
“Eruptions” and usually provide only a slight risk of ash hazards because
they mainly emit gas (Iguchi et al., 2022b). Note that “Explosions” and
“Eruptions” with capital letters are the conventional classifications of
the Vulcanian activities at Sakurajima volcano, which are different from
the usual meanings of explosions and eruptions (Iguchi et al., 2022b).
The strain records for the three types of activities were so similar that it
was difficult to distinguish them before the events (Figs. 10a-d).

normalized strain

(b)

-0.5
normalized time

00 0.5 1
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-0.5
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0.5 1

number of events

percentage

Fig. 10. Strain data and the duration of inflation depending on the event types.
(a)-(d) Normalized strain data of events that occurred in February 2020. The horizontal axis shows normalized time, where time — 1 indicates the start of inflation,
time O is the event occurrence, and time 1 is the end of deflation. The vertical axis shows the normalized strain amplitude adjusted to make the amplitude at the start
of deformation zero and to make the amplitude at the start of deflation one. Red, black, and gray lines are the stacked strain changes of Explosions, Eruptions, and
NEDs, respectively. The stacked strain was calculated by taking the median of the normalized amplitudes of all events at each normalized time. (a) Radial strain in the
inflation phase. (b) Radial strain in the deflation phase. (c) Tangential strain in the inflation phase. (d) Tangential strain in the deflation phase. (e) and (f) Distribution
of the duration of inflation for all types of events in February 2020. (e) The number of events. (f) Percentages of the three types for each bin of (e). (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of this article.)

11

Journal of Volcanology and Geothermal Research 455 (2024) 108185

Therefore, an important factor in the forecast is the proportion of haz-
ardous events (i.e., Explosions) and non-hazardous events (i.e., NEDs)
when ground deformation is observed. It may be possible to empirically
evaluate the probability of each type using the duration of inflation. For
example, in February 2020, when NEDs frequently occurred, the dura-
tions of inflation of NED tend to be shorter than those of “Explosions”
and “Eruptions” (Figs. 10e and f). Therefore, it may be necessary to
evaluate the probability of NEDs, particularly if the duration of inflation
is short.

Our proposed method can be useful when we evaluate a case [AB] in
which precursory inflation is observed, and an explosion occurs. How-
ever, some improvements are required to obtain more realistic forecasts.
Although the log-logistic distribution explains the data distribution well,
it is difficult to specifically evaluate the timing of an explosion when
inflation persists for a long period. For Sakurajima volcano, long-period
inflation is usually followed by a large explosion (e.g., Hotta and Iguchi,
2021), which increases the need for a more accurate forecast. Never-
theless, as the inflation continues, the distribution of the probability of
explosion timing flattens, and the maximum value decreases as shown in
Fig. 8b. This issue is due to the characteristics of the log-logistic distri-
bution; therefore, it is impossible to solve as long as a log-logistic dis-
tribution is used. Garcia-Aristizabal et al. (2012) suggested using the
Brownian passage-time distribution (inverse Gaussian distribution) as
an alternative. It may also be helpful to focus on the inflation rate of
ground deformation. It is known that pre-eruptive inflation at Sakur-
ajima volcano does not continue monotonically but rather slightly
stagnates or contracts just before an explosion (Iguchi et al., 2013). By
detecting such a stagnation in the inflation rate, it is possible to more
accurately forecast the timing of explosions.

The inflation rate of the ground deformation is strongly related to the
timing of the explosions. Iguchi et al. (2019) proposed that the inflation
rate (i.e., the magma intrusion rate) prior to eruption is a key parameter
for controlling the eruptive style of the Sakurajima volcano. We divided
all events of the Minami-dake crater into three groups depending on the
inflation rate: < 10 m3/min, 10-20 m3/min, and > 20 m3/min. Ex-
plosions with higher inflation rates tended to have shorter inflation
durations (Fig. 11a). In addition, the number of the high-inflation-rate
events increased during even-numbered episodes. All four variables
(duration of inflation, inflation volume, deflation volume, and deflation
ratio) in these three groups followed a log-logistic distribution (Table 3;
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(a) The distributions of the duration of inflation depending on inflation rate (<10 m3/min, 10-20 ms/min, and > 20 m®/min) for the explosions that occurred at
Minami-dake crater. Dashed lines are the log-logistic distribution estimated using all events (same as Fig. 3b(i)). Colored lines are the log-logistic distributions
estimated using events with inflation rate of interest. (b) The distributions of the deflation ratio depending on inflation rate. (c) The probabilities of explosions at t =

10, 20, and 50 min considering inflation rate. The format is the same as in Fig. 8b.

Table 3
Model parameters of the log-logistic distribution depending on inflation rate.

Duration Inflation volume Deflation volume Deflation ratio
Inflation rate Number " k H" k " k i k
<10 m®/min 76 116.7 1.58 752.3 1.76 1002 1.90 1.28 2.04
10-20 m®/min 155 53.07 1.79 777.2 1.79 731.2 2.39 0.89 2.28
>20 m®/min 479 36.39 2.13 1749 1.99 922.9 2.39 0.53 2.28
all 710 43.92 1.83 1355 1.76 883.4 2.30 0.65 2.08

Fig. 11a, b). Therefore, we can obtain the probabilities of explosion
timing by considering the inflation rate (Fig. 11c). In the case of an
explosion with a low inflation rate, the probabilities were broadly
distributed, indicating that it may take a long time to reach the explo-
sion. This would lead to a more realistic eruption forecast by choosing a
stochastic model based on the inflation rate obtained from real-time
data.

5. Conclusions

This study investigated strain records associated with Vulcanian
explosions at Sakurajima volcano aiming to conduct a probabilistic
forecast of the timing and size of the explosions. Statistical analysis of
the duration of inflation, inflation volume, deflation volume, and
deflation ratio revealed that a log-logistic distribution can be an
appropriate model to explain the distributions of the four variables. The
log-logistic distribution is a suitable model to describe a shallow conduit
system in which pressurization and depressurization coexist. The bal-
ance between these processes controls the timescale and/or magnitude
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of ground deformation related to Vulcanian explosions. The shape
parameter k of the log-logistic distribution quantifies the regularity of
the explosions, which may depend on the magma supply from the deep
region and the complexity of the system.

The major advantage of using strain data is that they allow the size of
the explosion to be evaluated based on the monitoring data. We suggest
a methodology to constrain the probability of the timing and size of an
imminent explosion using an estimated stochastic renewal model and
real-time strain monitoring. This approach provides a probability matrix
consisting of the timing and the deflation volume for likely scenarios and
updates the probabilities to reflect the strain data obtained in real time.
When we conduct numerical simulations of ashfalls considering the
obtained probability matrix, it is possible to more quantitatively eval-
uate the potential ash hazards (e.g., Jenkins et al., 2012). Considering
that the distribution of the duration of inflation and the deformation
volume varied with the activity level of the volcano, we believe that
obtaining an appropriate probability density function according to the
activity level and using it to calculate probabilities of the next explosion
will lead to a more practical forecast. It would also be necessary to take
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into account the ground deformation without explosions to prevent
overestimation of explosion probability. In addition, the constraints on
the timing of explosions can become more reliable by utilizing the
inflation rate.
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