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Article history: Mapping extreme earthquake risks in Indonesia's megathrust zones is critical for

disaster mitigation. This study compares the Generalized Pareto (GPD) and
‘Weibull distributions in modeling extreme earthquake magnitude probabilities.
‘We analyzed 74,514 events (Mw>5.5) across 16 megathrust segments from 1973
to 2024. This data representing a comprehensive large-scale analysis at the
national level. To ensure statistical independence of observations, a declustering
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1. INTRODUCTION

Indonesia stands as one of the most seismically vulnerable nations globally, situated at the convergence of
three major tectonic plates: the Indo-Australian, Furasian, and Pacific plates. The potential for earthquakes in
the Megathrust zones has re-emerged as a focal point in national disaster mitigation discourse. Specifically, the
Meteorology, Climatology, and Geophysics Agency (BMKG) has highlighted the Sunda Strait and Mentawai-
Siberut segments as critical zones due to the seismic gap phenomenon, a condition where plate segments remain
locked and accumulate energy over extended periods. This accumulation harbors a latent danger of extreme-
scale earthquakes, potentially accompanied by tsunamis, necessitating robust mitigation systems [1]. The
effectiveness of disaster mitigation strategies relies heavily on the precision of the underlying hazard models.
Inaccurate probabilistic assessments, particularly the failure to capture extreme tail distributions, can lead to the
underestimation of structural risks and the rapid depletion of post-disaster recovery funds.

In the context of financial mitigation, understanding the physical mechanics of earthquakes is insufficient,
precise risk quantification is required for disaster management [2], [3]. Catastrophe Modeling has become crucial
for the msurance industry and actuarial institutions to determine premium pricing and risk reserves accurately
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[4]. A core component of these models is the Hazard Module, which estimates the probability and mtensity of
extreme seismic events [4], [5] Inaccuracies in modeling the distribution of extreme magnitudes can lead to
significant errors in financial loss estimation, threatening the stability of national disaster funding. Consequently,
statistical approaches utilizing Extreme Value Theory (EVT) have become the standard for modeling such tail
risks [6], [7], (8], [9], [10]. Existing literature has explored various probability distributions to address these
challenges. The Weibull distribution has been validated in several studies for describing general seismic patterns
[11], [12], [18], [14], while the Generalized Pareto Distribution (GPD) is often favored for characterizing the tail
behavior of extreme data [15]. The application of the Generalized Pareto Distribution (GPD) for modeling
seismic data has been extensively addressed in prior studies [16], [17], [18], [19], [20]. Furthermore, parameter
estimation via Maximum Likelihood Estimation (MLE), aided by numerical optimization methods, has been
widely applied in previous research [21]. However, a significant gap remains in the literature regarding the
Indonesian context. Specifically, no comprehensive study has critically compared the performance of GPD and
Weibull specifically across Indonesia’s 16 Megathrust segments to determine which distribution offers the highest
precision for this specific geological domain.

This study presents a framework to quantify extreme seismic risks across 16 megathrust segments in
Indonesia. The research is structured around four primary analytical phases. First, a rigorous declustering
algorithm 1s applied to the historical seismic catalog to isolate mainshocks, thereby satisfying the fundamental
assumption of statistical independence. Second, parameter estimation 1s conducted for both the Generalized
Pareto Distribution (GPD) and the Weibull distribution using the extreme magnitude data. Third,
comprehensive goodness-of-fit evaluations are performed to determine the optimal probability distribution
utilizing both visual Goodness-of-Fit indicators and quantitative metrics such as the Akaike Information Criterion
(AIC) and the Cramer-von Mises test. Finally, the selected best-fit model is utilized to calculate return periods
and their corresponding return levels. Ultimately, this integrated approach provides robust probabilistic baselines
to inform national disaster mitigation strategies and resilient infrastructure design.

2. RESEARCH METHOD
2.1 Research Design

This study employs a comparative analysis of the Generalized Pareto Distribution (GPD) and the Weibull
distribution to model earthquake moment magnitudes. These distributions, both belonging to the exponential
family, were selected due to their established efficacy in extreme risk analysis and tail estimation. Parameters for
both distributions are estimated using the Maximum Likelihood Estimation (MLE) method. Given that the
probability density functions for GPD and Weibull result in non-closed form solutions, iterative numerical
optimization algorithms are employed to derive precise parameter estimates. The statistical adequacy of the fitted
models 1s rigorously evaluated using the Cramer-von Mises statistic. This non-parametric test measures the
distance between the empirical distribution function of the observed seismic data and the cumulative distribution
function of the models. Models are ranked based on the highest Log-Likelihood values and the lowest Akaike
Information Criterion (AIC) scores. This combination 1s chosen to balance goodness-of-fit with model
parsimony, effectively penalizing model complexity to mitigate the risk of overfitting.

2.2 Data Source

This study utilizes secondary data retrieved from the United States Geological Survey (USGS) database.
The dataset encompasses seismic events within Indonesia's Megathrust zones with a magnitude of more than 2.5,
covering a 50-year period from 1975 to 2024. The key variables analyzed include spatial coordinates, focal depth,
and magnitude, as detailed in the Table 1. The "Unit" column specifies the physical measurement standard for
each attribute, while "Scale" indicates the level of measurement. All variables are classified as Ratio scale, as they
possess a meaningful zero point and allow for the calculation of absolute differences and proportions, which 1s
essential for rigorous Maximum Likelihood Estimation (MLE).

Table 1. Research Variables

Variable Description Unit  Scale
Longitude The longitude coordinate of the earthquake epicenter Degree Ratio
Latitude The latitude coordinate of the earthquake epicenter ~ Degree  Ratio
Depth Hypocentral depth below sea level Km Ratio
Mw Earthquake moment magnitude - Ratio

The primary standard utilized in modern seismological practice i1s the moment magnitude (Mw). The
moment magnitude 1s objectively based on the total energy (seismic moment) released by the fault, thus Mw
serves as the most consistent measure for seismic hazard analysis. To ensure data homogeneity within a historical
earthquake catalog, other magnitude scales are typically converted into Mw equivalents using standard empirical
regression equations [4].
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Table 2. Farthquake Magnitude Types and Conversion Equations

Magnitude Type Conversion Equation
ML Mw = ML
M M,, = 0.6016 M; + 2.4760,2.8 < M, < 6.1
s M,, = 0.9239 M + 0.05671, 6.2 < M; < 8.7
my M,, = 1.0107 m; + 0.0801
My M, =0.7170 M, + 1.003

2.3 Earthquake Declustering

In statistical modeling and parameter estimation, the underlying data must strictly satisfy the assumption of
being independent and identically distributed (IID). However, in nature, earthquakes do not occur as isolated
events but rather as part of a seismic sequence comprising a mainshock, foreshocks, and aftershocks. Foreshocks
and aftershocks are triggered by the stress redistribution generated by the mainshock, making their occurrences
highly dependent on the primary event. Therefore, prior to probabilistic modeling, a declustering process is
mandatory to filter and separate mainshocks (independent data) from dependent earthquakes within the catalog.
A widely utilized mathematical algorithm for this purpose 1s the window method. The window method evaluates
a seismic sequence by defining a time window, denoted as t(M;), and a distance window, denoted as d (M;), both
of which are calculated based on the magnitude of the largest earthquake in a given area (M;). If an earthquake
occurs within the time interval t(M;) and the spatial radius d(M;) of a larger event, it is classified as part of the
dependent sequence and subsequently eliminated from the mainshock list. In this paper, we use the method
proposed by Gardner and Knopoff [4]. In this method, the time window and distance window is given by the
Equations (1):

100-0320M+27389 p > 6.5
1(0-5409M;~0.5470 M, < 6.5’

t(Ml.) — { d(Ml) — 100.1238Mi+0.9830 (1)

2.4 Generalized Pareto Distribution

The Generalized Pareto Distribution (GPD) is a cornerstone of Extreme Value Theory (EVT), specifically
designed to model the tail of a distribution for rare or extreme events. Formally introduced by [22], [23], the
GPD is the standard model for exceedances over a high threshold [24]. Consequently, the GPD is a vital tool for
risk assessment in environmental studies, finance, and earthquake modeling [25]. The Probability Density

Function (PDF) of the GPD 1s defined as Equation (2):
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Under the framework of EVT, the GPD 1s widely employed to model tail data—specifically rare and high severity

@

events such as earthquakes or significant financial losses. The shape parameter & is the most important
component of the GPD, as it characterizes the tail probability. The value of & categorizes the extreme behavior
mto three distinct domains of attraction, which impacts the physical interpretation of seismic risks [26]. If & > 0,
the distribution 1s heavy tailed, where the tail of the probability density function decays polynomially. In a
seismological context, a positive & suggests that the earthquake magnitudes have no theoretical finite upper
bound. If £ = 0, the distribution belongs to an exponential distribution, where the tail decays exponentially and
thus the distribution is light-tailed. If & < 0, the distribution falls into Pareto Type II distribution. This domain

. . . g .« . . . . . .
is characterized by a finite upper bound x; = u — i This implies that there is an absolute maximum limit for

the extreme seismic event that cannot physically exceeded.

A critical step in GPD application 1s determining the threshold, which defines the point above which data
are considered extreme [25], [26], [27]. Selecting an appropriate threshold is a fundamental. A threshold that is
too low may introduce bias into the parameter estimates, whereas a threshold that is too high reduces the number
of available observations, thereby increasing variance.

The Mean Residual Life (MRL) plot is a diagnostic tool used to determine the optimal threshold p for the
GPD. This approach is based on the mean excess function, which represents the average of the values exceeding
a given threshold. According to [26], the mean excess for a GPD 1s expressed as Equation (3):

o+¢&u
ew)=EX—-ulX>ul=——F, 3)

1-¢
where o 1s the scale parameter and & 1s the shape parameter. The MRL plot 1s constructed by plotting the
threshold values g against their corresponding mean excesses. A linear trend in the plot indicates an appropriate
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threshold range, consistent with the linear property of the mean excess function in a GPD model. This linearity
helps distinguish extreme values from the rest of the dataset, ensuring a more accurate model for predicting
extreme events. To construct the MRL plot, the data are first ordered from smallest to largest. The plot consists
of the following ordered pairs [28] in Equation (4):

(u i= 1(x(l) )) ()
ny

where n,, represents the number of observations exceeding the threshold u and € are the observations that satisfy
x > 0. The optimal threshold u; is selected at the point where the MRL plot exhibits linearity for all higher
threshold values.

2.5 Weibull Distribution

The Weibull distribution is a versatile probability distribution that extends the exponential distribution by
offering greater flexibility in modeling the hazard function. Unlike the exponential distribution, which is restricted
to a constant hazard rate, the Weibull distribution can accommodate increasing or decreasing hazard functions.
This adaptability has been empirically proven to make the Weibull distribution suitable for a wide range of
variables. Furthermore, it 1s categorized as one of the three types of extreme value distributions for bounded
variables, providing a strong theoretical justification for its application in specific cases. According to [28], the
PDF of the Weibull distribution is defined in Equation (5):

foo) = 56)3_1 exp (— (nf)ﬁ) %)

where f > 0 is the shape parameter and 1 > 0 is the scale parameter.

2.6 Return Level and Return Period

Let X be a continuous random variable representing the magnitude of an extreme event (e.g., earthquake
moment magnitude). The return period, denoted as T, is the expected waiting time (or recurrence interval)
between two consecutive events whose magnitudes exceed a specific threshold x. Assuming that the extreme
events occur at an average annual rate of A, based on a Poisson process assumption, the return period (in years)
1s formulated as shown in Equation (6) [26]:

1
T(x) =———. (6)
O = = Feo)
where F(x) is the CDF of X. This metric provides a measure of "how often" an event of intensity x is expected
to occur in the long term. The return level, denoted as xp, is the extreme magnitude (quantile) that is expected
to be exceeded, on average, once every T years [26]. The general formulation for the return level is derived using
the inverse function of the CDF, that is formulated as Equation (7):

xp =F71 (1 — %) @)

3. RESULT AND ANALYSIS
3.1 Megathrust Farthquake Data

Data acquisition from the United States Geological Survey (USGS) is subject to specific constraints, notably
a maximum hmit of 20,000 seismic events per query and the requirement for rectangular geographic bounding
boxes. In this paper, we collect the earthquake catalog data on a time frame from 1 January 1975 up until 31
December 2024. We need a large number of data points since we will filter the data in declustering process. The
mitial dataset presented in Table 2.

Table 2. Number of Seismic Events Before Declustering from 1975 to 2024

Megathrust Number Megathrust Number

Segment Segment Name of Events Segment Segment Name of Events

) . o F Jawa Tengah (JT)- Jawa o

M1 Aceh-Andaman 2,543 M9 Timur (TM) 1,026

M2 Nias-Simelue 3,840 M10 Bali 1,064

M3 Batu 164 MIl11 NTB 621

M4 Mentawai- 865 MI12 NTT 1,278
Siberut

Mb Mentawai-Pagai 1,908 M13 South Banda Sea 1,996
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Megathrust Number Megathrust Number
Segment Segment Name of Events Segment Segment Name of Events
M6 Enggano 1,318 M14 North Banda Sea 2,390

M7 Sunda Strait (SS) 723 M15 North Sulawesi 769

M8 Jawa Barat (JB) 960 MI16 Maluku-Philippine 6,737

Table 2 presents the initial distribution of raw seismic events across the 16 defined Indonesian megathrust
segments prior to the declustering process. The data reveals a highly heterogeneous spatial distribution of
earthquake frequencies. The Maluku-Philippine segment (M 16) exhibits the highest concentration of raw seismic
activity with 6,737 recorded events. Both the Nias-Simelue (M2) and Aceh-Andaman (M1) segments also has a
massive historical seismicity, which aligns with the highly active subduction dynamics known in the Sumatra
trench. The Batu segment (M3) records the lowest number of events: only 164 events. This can be explained by
the fact that M3 1s geographically a tiny segment compared to other megathrust segment, delineated by highly
localized tectonic boundaries

Next, a spatial filtering process was performed using QGIS software to isolate relevant seismic data based on
geographic location. The geometric boundaries of the megathrust segments were defined using coordinate points,
which were then processed to construct a polygon shapefile representing the specific study zones. This polygon
layer served as a spatial mask to filter the comprehensive earthquake catalog, ensuring that only seismic events
occurring strictly within the Indonesian Megathrust zones were retained for analysis. The specific geoprocessing
workflow executed in QGIS is as follows:

Import base map or the administrative boundary shapefile of Indonesia.

Import the coordinate points defining the Megathrust segment boundaries.

Convert the coordinate points into linear paths using the Points to Path tool.

Convert the linear paths into closed areas using the Lines to Polygons tool to define the spatial zones.
Data Overlay: Import the complete earthquake dataset (CSV/Spreadsheet) into the map layer.

Execute the "Select by Location" algorithm to identify earthquake points that mtersect (overlap) with the
Megathrust polygons.

g.  Export the selected features as a new, filtered dataset for further analysis.

The distinct color coding in the Figure 1 delineates the specific boundaries of the various Megathrust segments.

—o a0 T

(@) (b)
Figure 1. Selection of Earthquake Data Locations: (a) Data Before Selection; (b) Data After Selection.

3.2 Declustered Data and Its Characteristics

Following the acquisition of the seismic dataset for 16 Megathrust zones, we implement a declustering
process to extract the mainshock from the catalog. The main reason for declustering is that the raw earthquake
catalogs still consist of a dependent seismic events, namely foreshocks and aftershocks that presents a
fundamental statistical challenge. Failing to remove dependent events leads to artificial data clustering, which
severely biases the estimation of the parameters, ulimately inflating the calculated probabilities and expected
frequencies of extreme mainshocks. This study employed the Gardner-Knopoft declustering algorithm. The final
outcome of this procedure is a refined dataset comprising exclusively independent mainshock events, which
serves as the definitive baseline for accurate distribution modeling. The number of mainshock from the
declustered catalog is given in Table 3.

Table 3. Number of Mainshock by Plate Segmen

Number of Number of Number of Number of

Segment  \pinchock  SFE™ Mainshock O™ Mainshock SEE™  Mainshock
Ml 526 M5 303 M9 440 M13 736
M2 319 M6 317 M10 507 M14 714
M3 82 M7 299 Ml1 379 Ml15 253
M4 130 M8 328 MI12 606 MI16 699
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3.3 Parameter Estimation

The parameter estimation for GPD 1is performed using the Maximum Likelihood Estimation (MLE)
method. This estmation procedure proceeds under the assumption that the shape parameter & # 0, thereby
referring to the PDF equation presented above. Prior to estimating the GPD parameters, the moment magnitude
threshold u was determined using the Mean Residual Life (MRL) plot to get a number of candidate thresholds
[29]. In this case, that the number of exceedances Ny, is at least 30 to ensure that the number of observations are
adequate enough. This 1s to accomadat the segment M3 that has a very small number of mainshock compared
to other segments. Subsequently, these candidate thresholds were evaluated through GPD parameter estimation
and compared using the Akaike Information Criterion (AIC). The optimal threshold was selected based on the
lowest AIC value, subject to the constraint. Suppose that X = (x4, X3, ..., X,,) 1is the observed exceedances of
moment magnitude above a threshold that follows GPD. The derivation of the log-likelihood function for the
Generalized Pareto Distribution is as follows in Equation (12):

2(0,¢]%) = InL(0,é|x) = —nlno — <%+ 1)iln (1 +%x) (12)

Differentiating the log-likelihood function in (12) with respect to 0 and & and equating it to zero, we obtain
Equation (13) and (14) successively:

%=0®_125+Zaj}xi=0 (13)
Z—?:o e Zln(u%)—sf(fﬂ)i;(ﬁ):o (14)

By solving the simultaneous equations (13) and (14) for ¢ and & we obtain the estimated parameters for
GPD. It is evident that the estimators for parameters ¢ and o lack closed-form solutions, thereby requiring
numerical iteration. Consequently, GPD parameter estimation is performed computationally using the Nelder-
Mead method, which iteratively determines the solutions to the simultaneous equations.

For the maximum likelohood estimators for Weibull distribution, suppose that X = (x4, X5, ..., X,) is the
observed moment magnitude from Weibull distribution. The loglikelihood of Weibull distribusion is given by
Equation (15):

n 1 n
268,110 =10gL(B,n) =ninf ~nflnn +(F = 1) ) Inxi =5 > xif (1)
i=1 i=1

Differentiating the log-likelihood function in (15) with respect to ¢ and & and equating it to zero, successively
we obtain Equation (16) and Equation (17):

n n n
a4 1 Inn 1
-0 o n(——lnn)+ Zlnxi+—2xiﬁ—— xfInx; =0 (16)
B B
op p =1 "= "=
1
¢ B\B
W0 o [(ZrxlV (17)
on n= n

Based on Equation (17), it is evident that the estimator for parameter 1 possesses a closed-form solution.
However, based on Equation (18), the estimator for parameter f§ lacks a closed-form solution, thereby requiring
numerical iteration.

To quantify the uncertainty or precision of these point estimates, we derive the standard errors using the
asymptotic properties of MLE. Asymptotically, the maximum likelihood estimators are normally distributed,
where the variance-covariance matrix is the inverse of the expected Fisher information matrix. In practice, this 1s
approximated using the observed Fisher information matrix £, which is defined as the negative of the Hessian
matrix of loglikelihood € evaluated at the maximum likelihood estimates. For GPD, the standard error estimates

for & and &€ are SE(8) = /Var(s) and SE (é ) = J Var(ge ) that can be obtained from as shown in Equation
(18):

92%¢ aze\l

o _poa_ [ Var@® Cov(&,f)) 1 902 do0¢

B —<CW(5,6) va@) ) T e el 1
\agaa a2 / et

where we used € = £(0, £|x) from Equation (12). For Weibull distribution, the standard error estimates for B
and 7 can be obtained similarly.
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Parameter estimation was performed using numerical methods, specifically, the the Nelder-Mead
algorithm. Finally, the model performance was assessed using the Cramér-von Mises goodness-of-fit test. The
estimation results are summarized i Table 4. In the estimated value column, the number inside the parnetheses
represent the standard error for the parameter estimates.

Table 4. Parameter Estimation and Goodness-of-Fit Test Results for GPD and Weibull Distributions

Ng;i:nﬂler;l:t Parameter Estimated Value Vapi-ue Bgz%;ﬂ:;l:t Parameter Estimated Value Vapi-ue
iPEZOZ;iES’: —00205 07 Gl;z (1)1.3223?;,}? =oo7az M7

. szefu£0250 p=79740 0% v V‘;zelzu‘lt]f%w,ﬁ =goss0 M
Gl;D=: (1)1.225,;;% — 06669 7 aGiD(;.;tt;:? =—o6mo M

" V‘rl,eim;%mm p=58260 " VZCE%RZ p=823as M
‘ inzoésazsi;? = —03955 1% GEI;: 81.37)55&'5’5 =00s70 "
v vtzelzu%%ss,ﬁ —ogsaq 00 i V‘:zeﬂzuéll]f%Sl.ﬁ =ggate
ipg:o?eissi;s:' —0.1583 % ( Si?é.;lgo?? =—oazs7

M4 v‘::imlsL:wsz,ﬁ =72017 0% e Zvi]bz-ﬂé659 p=102346
) Ggl: 553755?'5 —01963 %! ‘ 51;?6.18245,? 5: —og90 070
. vgeflsl.kzsss B =63294 e v‘;eﬂiu‘ll]f%%,ﬁ L
‘ ??6.%:556': —oa7t9 20 Ggg 81.3:4554?’5 —00171 1
" vgeﬂli%é p=95208 0% o V‘rrze]]jilf%w p=89546
SI;D(:).}}%:LSlES’: —o0.a944 A0 ] Gl;z 13-;825,? =oz74s "7

W v‘;eimgmss p=938a2 0% e Vgefg%mo p=7030
Ggl: 533556%2' —o00826 %% JGED(;.;LEZ%Oi oz Y

N vgegmslﬁms 5 =80685 e v‘;eﬂiung‘lBS,ﬁ =75980 %

Table 4 details the parameter estimates and the Cramer von Mises goodness-of-fit test results for both GPD
and Weibull distribution across all 16 Indonesian Megathrust segments. The threshold for extreme magnitudes
varies from all segments, ranging from as low as M,,, = 4.7 in the highly locked Batu segment (M3) to as high as
M,, = 6.05 in the highly active Maluku-Philippine segment (M16). The goodness-of-fit test results confirming
the superiority of the GPD for modeling extreme seismic events on all 16 segemnts. On the other hand, the result
for conventional Weibull distribution consistently reject the null hypothesis across all 16 segments.

The estimated shape parameters & from the GPD offer a physical insight into the specific tail behavior of
each segment. Several segments exhibit positive shape parameters &, notably M2 (0.1646), M5 (0.1963), and M 15
(0.2745). These positive values suggests that the seismic hazard in these specific zones has a considerable
probability for catastrophic earthquake. On the other hand, several other zones, including M3 (—=0.8955), M13
(—0.8990), and M16 (—0.3612), yield negative parameter ¢. This behavior indicates a bounded tail and suggests
the existence of a finite upper limit to the extreme magnitudes in these areas. Despite the massive frequency of
events in M16, its negative shape parameter mathematically implies an absolute physical cap on the maximum
tectonic strain release possible within that localized segment geometry.

However, an evaluation of their associated standard errors is important for risk assessment. Several
segments, such as M1, M8, and M 14, exhibit shape parameters close to zero with a relatively large standard error.
Consequently, the 95% confidence intervals for these specific segments includes zero. This implies an inability
to reject the null hypothesis of & = 0, suggesting that the extreme magnitude distributions in these zones might
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asymptotically approach an exponential tail decay. Thus, we can not confidently rely on a marginally negative
point estimate, since the upper confidence limits of these segments extend into the positive domain. The potential
for heavy-tailed, theoretically unbounded catastrophic events, cannot be ruled out. Therefore, the formulation of
disaster mitigation policies in these segments, must incorporate the upper bounds of the parameter confidence
intervals to prevent the severe underestimation of long-term return levels.

3.4 Probability Density Plot

Following the acquisition of parameter estimates for the two distributions, the analysis proceeds with the
visualization of probability density plots. The resulting plots, comparing the earthquake data with the estimated
parameters, are presented below. The GPD demonstrates superior performance, particularly in capturing the tail
behavior of the dataset. This capability aligns with the fundamental characteristics of the Generalized Pareto
Distribution in modeling extreme values for risk analysis. In contrast, the Weibull distribution shows limitations
in capturing the complex variability of the M,,, data. This 1s indicated by a significant lack of fit in both the center
and the tail of the distribution, resulting in the model's failure to accurately represent the empirical data patterns.
The visual evaluation of the model fit is presented in Figure 2. In this PDF plot, the x-axis denotes the earthquake
moment magnitude M,,, while the y-axis represents the corresponding probability density.
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Figure v2v:ﬂ‘I;robability Density Function (PDF) Plots of the Gen;;z;iized Pareto Distribution vv(“i}PD) for 16
Megathrust Segments.

[

Figure 3 illustrating the goodness-of-fit for the Weibull distributions. The x-axis represents the earthquake
moment magnitude M, and the y-axis represents the probability density, showing how each model fits the
observed extreme seismic data. The vertical dashed line marks the threshold of M, = 5.5. As visually evident
against the empirical data histogram, the GPD provides a superior fit for the extreme magnitudes, whereas the
‘Weibull distribution fails to adequately represent the original data distribution above the threshold.
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Figure 3. Probability Density Function (PDF) Plots of the Weibull Distribution for 16 Megathrust
Segments

3.5 Return Period and Return Level

Using Equation (6) and (7), we can now calculate the yearly return period and return level on all 16 mega
thrust segment, where the occurrence rate parameter A represents the average number of earthquakes with
magnitudes exceeding the threshold u within a one-year period. We use the GPD as the base distribution, since
it is the best fit for each segment. The result for return period and return level are summarized in Table 5. As an
important note, the calculation of the recurrence interval for each segment is intentionally truncated at the first
magnitude value that yields an estimated time exceeding 1,000 years. This truncation i1s performed because
beyond that point, the return period values would surge to absurdly high levels As for the calculation of return
level, we focus on time period up to 1,000-year horizon. However, evaluations for several segments were
deliberately truncated before reaching 1,000 years if the projected return level exceeded 10.0 Mw. Physically, the
Farth's faults lack the physical dimensions required to accommodate ruptures beyond this scale.

Table 5. Return Period of the Moment Magnitude for Its Corresponding Magnitude and Return Level of the
Moment Magnitude for Corresponding Recurrent Period

S " Occurrence Threshold, TheMoreucal Magnitude Period in years (Return
cgmen Rate, A u % (Return Period in Years) Level Mw)
Mwmax
6.0 (3), 6.5 (6), 7.0 (11),
M5 0.64 5.15 - 7.5 (19), 8.0 (31), 8.5 50 (8.52), 100 (9.40)
(49), 9.0 (74)
50 (6.52), 100 (6.57), 200
M6 0.64 5.60 6.72 6.0 (4), 6.5 (43) (6.62), 500 (6.65), 1000
(6.67)
s 50 (6.67), 100 (6.83), 200
M7 0.62 5.50 7.91 6.0 (9), 6.5 25),7.0 (6.96), 500 (7.12), 1000

(244) (7.99)
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Segment Occurrence Threshold, TheMo;ithal Magnitude Period in years (Return
By Rate, A u ! (Return Period in Years) Level Mw)
Mwmax
6.0 (7), 6.5 (20), 7.0 (54), 50 (6.96), 100 (7.32), 200
M8 0.72 5.35 - 7.5 (137), 8.0 (323), 8.5 (7.72), 500 (8.27), 1000
(729), 9.0 (1526) 8.71)
6.0 (7), 6.5 (27), 7.0 (89) 50 (6.75), 100 (7.05), 200
M9 0.68 5.45 - 7.5 (264), 8.0 (727), 8 (7.37), 500 (7.81), 1000
(1863) 8.17)
50 (6.45), 100 (6.48), 200
M10 0.72 5.40 6.54 6.0 (4), 6.5 (173) (6.50), 500 (6.52), 1000
(6.53)
. .. _ 50 (6.35), 100 (6.61), 200
. - 6.0 (4), 6.5 (19), 7.0 (75), > J op ?
Ml1 0.60 5.20 - 7.5 (268). 8.0 (2655) E(;?Z;, 500 (7.26), 1000
O e o 50 (6.26), 100 (6.38), 200
M12 0.70 5.40 749 OOUD,6.5@200, 7.0 50) 500 (6.61), 1000
(32925) 6.69)
_ 50 (6.95), 100 (7.19), 200
Mi13 0.60 5.55 10.5 (’9‘ 5 A9, 7.0 57) 7 460) 7500 (7.67), 1000
7.5 ( ) 8.0 (1778) (7.86)
. . 50 (6.86), 100 (7.11), 200
. - 6.0 (0), 6.5 (19), 7.0 (74), ) ] A ] !
M14 0.68 5.60 - 7.5 (289). 8.0 (1043) gg;;, 500 (7.72), 1000
6.0 (7), 6.5 (14), 7.0 (26), - . .
M15 0.72 5.25 - 7.5 (45), 8.0 (72), 8.5 ‘()(;)3((75;01)’ 100 (8.40), 200
(108), 9.0 (157) o
- - hc 50 (7.54), 100 (7.67), 200
Mi16 0.66 6.05 8.12 6.5(8),7.08),7.5 (42), (7.77), 500 (7.87), 1000

8.0 (3893) (7.99)

Table 5
parameter ¢ lack a theoretical maximum magnitude. Our model estimates that the return period for earthquake
event with 9.0 Mw is more than 1000 years, which strongly correlates to historical extreme earthquakes, notably
the 2004 Aceh (9.1-9.3 Mw) in M1. The relatively short return periods for extreme magnitudes in these zones
highlight an urgent need for earthquake-resistant infrastructure. Conversely, segments with a negative shape
parameter &, such as M3, M10, and M12 exhibit a theoretical physical limit to seismic energy. Table 5 also
presents the estimated return levels of moment magnitude for time horizons from 50 years to 1000 years. In
segments with a positive shape parameter &, such as M2, M5, and M15, return levels escalate beyond extreme
magnitude of 10.0 Mw over longer time horizons. In practical terms, an earthquake with 8.5 Mw or larger in
these segments would trigger shaking intensities with MMI (Modified Mercalli Intensity) scale around IX to XI
(violent to extreme) in coastal areas, potentially generating catastrophic tsunamis and city-wide structural
collapses. Conversely, in segments with a theoretical maximum bound, the return level flattens rapidly and will
never intersect or exceed this upper limit. This characteristic 1s evident in segments M3 and M10.

presents the return periods for large and moment magnitudes. Segments with a positive shape
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4. CONCLUSION

This study presents a robust probabilistic evaluation of extreme seismic hazards across 16 megathrust
segments in Indonesia. By strictly i1solating statistically independent mainshocks through a declustering process,
the comparative analysis yielded unequivocal results regarding the performance of the GPD and Weibull
distributions. Empirical evaluations, supported by visual diagnostics, AIC, and Cramer-von Mises statistics,
demonstrated a significant performance disparity. The GPD exhibited superior accuracy, successfully capturing
the heavy-tailed of extreme earthquake magnitudes and providing a statistically fit for all 16 analyzed segments.
In contrast, the Weibull distribution proved structurally inadequate. Furthermore, the optimal GPD model was
utilized to calculate segment-specific return periods and corresponding return levels for a 1,000-year timeframe.
These probabilistic metrics explicitly quantify future megathrust earthquake risks. A limitation of this study lies
i the declustering process; the reliance on conventional methods for mainshock identification has the inherent
drawback of eliminating the dependency structures between seismic events.
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