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Abstract: The Korean Peninsula, characterized by low-to-moderate seismicity, faces a shortage
of strong ground motion records, posing challenges for the seismic safety assessment of critical
infrastructures. Given the rarity of large-magnitude earthquakes, generating a variety of earthquakes
with rational values of Peak Ground Acceleration (PGA) is essential for robust seismic fragility
and risk analysis. To address this, a new stochastic approach is proposed to simulate artificial
earthquakes at multiple source-to-site distances and derive the probability distribution of PGA based
on recorded data from a single seismic event. Two key source parameters, seismic moment and corner
frequency, are treated as random variables with a negative correlation, reflecting their uncertainties
and dependence on source-to-site distance. The Monte Carlo simulation with copula sampling of the
key source parameters generates Fourier spectra for artificial earthquakes, which are transformed into
the time domain to yield PGA distributions at various distances. A comparison with recorded data
shows that the proposed method effectively simulates ground motion intensities, with no statistically
significant differences between the simulated results and recorded data (p > 0.05). The present
method of determining PGA distributions provides a robust framework to enhance seismic risk
analysis for the safety assessment of structures.

Keywords: stochastic approach; peak ground acceleration; monte carlo simulation; copula sampling;
seismic safety assessment; artificial earthquake generation; response spectrum

1. Introduction

On 15 November 2017, Pohang, South Korea, was struck by an earthquake measuring
Mw 5.4 according to the Korea Meteorological Administration (KMA) or Mw 5.5 by the U.S.
Geological Survey (USGS), marking it the second largest earthquake event in the country
over the past century [1,2]. This event called attention to the seismic risk on the Korean
Peninsula, a region generally characterized by low-to-moderate seismicity, and highlighted
the necessity for robust seismic safety assessments, especially for critical infrastructures
such as high-rise buildings, large dams, and nuclear power plants near the epicenter [3,4].
Given the limited availability of large-scale actual data, it is essential to generate artificial
earthquakes that account for the stochastic nature of Peak Ground Acceleration (PGA),
which ensures a diverse range of rational input ground motions for comprehensive seismic
performance assessments.

Artificial earthquakes can be generated by means of: (1) scaling historical earthquakes,
(2) matching a target spectrum through random vibration theory [5], or (3) simulating
ground motions through stochastic approaches [6–9]. While scaling historical records
offers simplicity and availability, they represent only a limited range of earthquake event
scenarios [10–12]. Since a recorded PGA only reflects the strongest ground motion and
does not account for surface characteristics or the complexity of seismic events, amplifying
historical records to match a target PGA leads to inadequate generation results. The
2017 Pohang Earthquake, with a focal depth of 7 km (KMA) and a rare combination
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of reverse and strike-slip faulting [1], exemplifies the limitations of relying solely on
historical data for earthquake prediction. Meanwhile, the second method, generating
earthquakes to match a design spectrum [5], which is conventionally constructed using a
single predetermined PGA and simplified envelope curves, often fails to fully capture the
complex dynamic characteristics of actual earthquakes [13]. This is because design spectra
frequently underestimate or overestimate the spectral acceleration at certain periods [14,15].

For a stochastic approach to ground motion generation, a Ground Motion Model
(GMM) is employed. These models are categorized into two types: empirical and physics-
based [6–9]. Empirical GMMs, using simplified representations of seismic and geological
properties [8,9], lead to less accurate predictions in capturing the complex interactions
of seismic activity [16]. In contrast, physics-based GMMs provide higher accuracy by
integrating seismic sources, wave propagation, and site characteristics, making them more
suitable for regions like the Korean Peninsula, where historical records of large-magnitude
earthquakes are limited [16,17]. Due to the significant computational costs required for
3D crustal modeling [18], this study employs a stochastic point-source model, a simplified
version of physics-based GMMs [19].

In regions with low-to-moderate seismic activity, the limited availability of records
from similar epicentral distances, despite data collection from various stations, hinders the
development of probability distributions of PGA for specific source-to-site distances. PGA’s
variability is influenced by factors beyond distance and magnitude, including seismic event
uncertainties, site conditions, and complex wave propagation. Simple interpolation can
lead to inaccuracies, since PGAs fluctuate randomly even at the same distance. Moreover,
the limited proximity of stations to epicenters and restricted access to seismic data further
complicate sufficient data acquisition. To address these challenges, it is crucial to determine
a rational probability distribution for PGA, which can facilitate a well-established descrip-
tion of the target response spectrum for fragility and risk analysis of critical infrastructures
subjected to extreme seismic events.

This study proposes a new method for deriving the probability distribution of PGA
using seismic data recorded from a single event, with the aim of enhancing structural
safety assessments. First, artificial earthquakes are generated stochastically, from which a
distribution of PGA is subsequently determined. This resulting probability distribution
can be utilized to select an appropriate group of artificial earthquakes for the seismic safety
assessment of critical infrastructures, particularly in regions where strong seismic records
are extremely rare.

To simulate ground motions using actual seismic records from a single seismic event,
the present study employs a point-source stochastic model characterized by two key
source parameters: seismic moment (M0) and corner frequency ( fc) [20]. Due to their
inherent uncertainties, these parameters are treated as random variables, which can result
in variations in the predicted PGAs [21,22]. Their independence from source-to-site distance
further justifies this assumption. Probability distributions are fitted to observed values of
both parameters, fc and M0, and copula sampling is applied to account for their negative
correlation. The optimal copula function, selected from five copula functions based on
the highest log-likelihood, is used to model the dependency between fc and M0. The
Monte Carlo Simulation (MCS) with random sampling of the parameters generates Fourier
spectra for artificial earthquakes at various distances, which are then transformed into
the time domain to produce their time histories and corresponding PGA distributions.
The resulting probability distributions of PGA for these simulated artificial earthquakes at
various distances are then compared and validated against recorded earthquake data.

2. Methodology
2.1. Ground Motion Database

The seismic records were collected from 130 stations in the KMA’s National Earthquake
Comprehensive Information System (NECIS) when the Mw 5.4 earthquake struck Pohang,
located in the southeast region of the Korean Peninsula, on 15 November 2017. Out of
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these stations, data from 111 stations with complete accelerograms were used to calculate
parameters for the stochastic point-source model in the present study. Table 1 shows basic
information about the 2017 Pohang Earthquake.

Table 1. Detailed information on the 2017 Pohang Earthquake.

Information Details

UTC time 15 November 2017 05:29:31
KST time (local time) 15 November 2017 14:29:31

Magnitude ML 5.4, Mw 5.4
Depth (km) 7 km

PGA (g) 0.58 g (R = 7.46 km )

NECIS provides raw data in the miniSEED format, a simplified version of the Stan-
dard for the Exchange of Earthquake Data (SEED) to facilitate the digital exchange of
seismic data [23]. This format includes observational data in digital counts, which are
numerical values recorded by seismometers before any preprocessing is performed to
convert them into physical quantities such as ground motion acceleration, velocity, and
displacement [24]. Accurate physical measurements require that seismographs be properly
calibrated. Observational data from all stations were sampled at a rate of 100 samples per
second, corresponding to an interval of 0.01 s. Calibration sheets for each station are used
to assess the sensitivity of the seismometers, ensuring accurate conversion of seismograph
units into measurements of gravitational acceleration (g).

2.2. Stochastic Point-Source Model
2.2.1. Parameters of Stochastic Point-Source Model

The Fourier Amplitude Spectrum (FAS) of ground motion can be determined using
the stochastic point-source model [6]:

A(M0, R, f ) = E(M0, f )P(R, f )G( f )I( f ) (1)

where M0 is the seismic moment, R is the source-to-site distance, and f is the frequency.
This equation consists of four components: the source effect, E(M0, f ), which characterizes
the earthquake source mechanism; the path effect, P(R, f ), which describes the attenuation
of seismic waves along their propagation path; the site effect, G( f ), which accounts for
local site amplification and attenuation; and the type of motion, I( f ), which facilitates
expressing the spectrum as acceleration (= −2π f ).

The site effect, G( f ), is divided into two distinct factors: the site amplification factor,
denoted by A∗( f ), and the diminution factor, denoted by D( f ):

G( f ) = A∗( f )D( f ) (2)

The expression for D( f ) involves the high-frequency spectral decay factor, κ0.

D( f ) = exp{−π f κ0} (3)

To determine κ0, the slope of the Fourier amplitude is calculated for each station that
recorded seismic data during the 2017 Pohang Earthquake [25]. For Fourier spectra with a
negative slope, the decrease in amplitude beyond a specific frequency is estimated [26]. In
this study, a κ0 value of 0.014 s is employed, where it represents the zero-distance intercept
of the values obtained from each station, as originally defined in [25]. The site amplification
factor is determined using the horizontal-to-vertical spectral ratio, with a damping ratio of
5% applied at each station [27].

A∗( f ) =
RSAH( f )
RSAV( f )

(4)
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where RSAH( f ) and RSAV( f ) denote the response spectra for the horizontal and vertical
components of ground motion, respectively.

The path effect, P(R, f ), consists of geometrical spreading, Rn, and the residual term,
which is the anelastic attenuation function:

P(R, f ) = Rnexp
{
−π f R
βQ( f )

}
(5)

where the geometrical spreading function determined for low-to-moderate seismicity
regions of Eastern North America (ENA) is uniformly applied in this study as follows [28]:

Rn =


R−1.3 (R < 70 km)

70−1.3(R/70)0.2 (70 km ≤ R < 130 km)

70−1.3(130/70)0.2(R/70)−0.5 (130 km ≤ R)
(6)

In Equation (5), β, representing the shear wave velocity near the source, is 3.5 km/s
according to [29]. The quality factor, Q( f ), is derived by separating observed earthquake
ground motions into unknown terms associated with the source, path, and site effects.
Using this methodology, the quality factor for frequencies above 1 Hz is obtained through
regression analysis, resulting in the formula: Q( f ) = 163 f 0.745.

The source effect, E(M0, f ) in Equation (1), is expressed as:

E(M0, f ) = CM0S( f ) =
CM0

1 + ( f / fc)
2 (7)

Here, fc is the corner frequency and the constant C is given by:

C =
RpVF

4πρβ3R0
(8)

where Rp (the wave radiation pattern), V (the partition of total shear-wave energy into
horizontal components), and F (a parameter indicating the effect of the free surface) are
assumed to be 0.55, 0.707, and 2, respectively. The value of 0.55 is widely accepted as the
average of body-wave radiation patterns over various azimuths and take-off angles [30,31].
The parameter F = 2 is a standard value applied in most ground motion simulations [6].
The density near the source, ρ is 2.7 g/cm3, based on the seismic velocity structure of the
Korean Peninsula [32], while the reference distance R0 is conventionally 1 km [16]. In the
present study, fc and M0, are set as key source parameters and given by [20,33,34]:

fc =

[
J

2π3Ω2
0

] 1
3

(9)

M0 =
4πρβ3R0Ω0

RpVF
(10)

where Ω0 is the long-term flat-level function as:

Ω0 = 2
[

K3

J

] 1
4

(11)

The constants K and J are calculated by integrating the displacement amplitude
spectrum of the observed ground motion and multiplying angular frequency followed by
integration, as used in [33,34].
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2.2.2. Transformation into Time Domain

In this study, generated Fourier spectra is transformed into the time domain to deter-
mine the PGAs of the corresponding artificial earthquakes. The following steps based on
the point-source GMM are employed [6,35]. The procedure involves calculations in both
time and frequency domains. Steps (1), (2), and (5) are performed in the time domain, while
steps (3) and (4) are conducted in the frequency domain:

(1) Generate Gaussian or uniform white noise for the desired time duration.
(2) Apply a shaping window function to the white noise by multiplying them.
(3) Transform the windowed noise into the frequency domain and normalize it by the

square root of the mean square (RMS) amplitude spectrum.
(4) Multiply the normalized noise with the modeled FAS as defined in Equation (1).
(5) Apply Inverse Fast Fourier Transformation to obtain the predicted ground motion

time histories.

The shaping window function for time t, and scaled time tη for different window
functions is defined as follows [36]:

w
(
t; ϵ, η, tη

)
= a

(
t/tη

)bexp
{
−c
(
t/tη

)}
(12)

where b, a, and c are:

b = − ϵln η

1 + ϵ(ln ϵ − 1)
(13)

a = (exp{1}/ϵ)b (14)

c = b/ϵ (15)

Following previous research [36], the values of the parameters ϵ and η are set to
0.2 and 0.05, respectively. The scaled time tη is defined as:

tη = fTgmTgm (16)

where parameter fTgm has a value of 1 for the box window and 2 for the exponential
window [37]. This study follows the recommendation to use fTgm = 2 to ensure accurate
comparisons between response spectra computed using both window types [6]. For the
duration model of ground motions in low-to-moderate seismicity regions such as ENA, the
following expression is used [38]:

Tgm =
1

2 fc
+ hR (17)

where h is the slope over a given source-to-site distance. For ENA, the values of h
are 0.16 for 10 km ≤ R < 70 km, −0.03 for 70 km ≤ R < 130 km, and 0.04 for
130 km ≤ R < 1000 km [38].

2.3. Seismic Source Characterization and PGA Distribution Modeling
2.3.1. Statistical Modeling of Source Parameters for the 2017 Pohang Earthquake

Two critical parameters affecting the source effect, fc and M0, were analyzed for the
2017 Pohang Earthquake. These parameters were obtained from 111 out of 130 stations, all
located within a 500 km radius of the epicenter, with the source-to-site distances ranging
from 11.58 to 413.18 km. According to Equation (1), the Fourier amplitude is influenced
by the source-to-site distance, R, and assumes stochastic variations in fc and M0. The
randomness of these parameters introduces uncertainty into the Fourier amplitude, leading
to variability in the predicted PGAs for artificial earthquakes.

Spearman correlation analysis explored relationships between source parameters and
source-to-site distance, and among the source parameters themselves. Despite appearing
random within a valid range of distance, as depicted in Figure 1a,b, a dependency exists
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among the source parameters, as illustrated in Figure 1c. The correlation coefficient between
source-to-site distance and fc was 0.0537, indicating virtually no correlation. Similarly, the
correlation coefficient between source-to-site distance and M0 was 0.0349, suggesting a
negligible correlation. In contrast, the correlation between fc and M0 was estimated at
–0.4570, indicating a weak negative correlation. This finding underscores the importance of
generating sampling points that account for this correlation.
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Copula functions are widely used to estimate joint probability density functions
because they effectively capture the dependence structure between two variables while
allowing for the coupling and separation of each probability distribution [39–41]. The
application of copulas is also well-established in earthquake research [42,43]. A copula is a
multivariate cumulative distribution function that uses the complex dependency structures
between marginal probability distributions and random variables. According to Sklar’s
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theorem, the joint cumulative distribution function of the source parameters y1 and y2 is
defined as follows [44]:

F(y1, y2) = C(F(y1), F(y2)|θ) (18)

where C(F(y1), F(y2)|θ) represents the copula, F(y1) and F(y2) are the marginal cumulative
distribution functions of the source parameters, and θ is a parameter indicating the dependency.

In the comparative evaluation of five copula functions (Clayton, Frank, Gaussian,
Gumbel, and t), the Frank copula was selected as the superior option for calculating the
joint probability distribution and generating sampling points for fc and M0 supported by
its highest log-likelihood value as detailed in Table 2.

Table 2. Log-likelihood estimates and Spearman correlation coefficients for various copula functions.

Copula Function Log-Likelihood
Estimate

Spearman Correlation
Coefficient

Clayton –0.000049 –0.00489
Frank 11.88 –0.457

Gaussian 11.15 –0.414
Gumbel –0.000089 –0.0138

t 11.21 –0.445

This selection was further reinforced by the Frank copula’s precise alignment with
the target Spearman correlation coefficient of –0.4570, derived from the observed source
parameters. The Frank copula function is expressed as follows:

C(u, v) = −1
θ

log
[

1 +
(exp{−θu} − 1)(exp{−θv} − 1)− 1

exp{−θ} − 1

]
(19)

where u and v are the uniformly distributed random variables and θ is a parameter that
characterizes the dependence structure between these variables. It is observed that recorded
values of fc and M0 from the 111 data points are more suitably represented by distinct
probability distributions. The fc values follow a lognormal distribution, as expressed in:

f1(x|µ, σ) =
1

xσ
√

2π
exp

{
−(ln x − µ)2

2σ2

}
(20)

where the mean µ = −0.507, and the variance σ2 = 0.228. Meanwhile, M0 is better modeled
by a Burr distribution written as:

f2(x|α, d, k) =
kd
α

( x
α

)d−1(
1 +

( x
α

)d
)k+1 (21)

where α = 0.485 is the scale parameter, and d = 8.971 and k = 0.168 are the shape param-
eters. Figure 2 shows 10,000 pairs of sampled fc and M0 from the five copula functions.
The sampled pairs in Figure 2b exhibited a Spearman correlation of –0.4566, closely match-
ing the Spearman correlation coefficient of –0.4570 in the observed source parameters.
It is confirmed that the sampled data points effectively reflect the dependence structure
of the original data. Moreover, the sampling points generated using the Frank copula
function preserve the probability distribution of the recorded source parameters as shown
in Figure 3. It not only underscores the accuracy of the Frank copula in capturing the
underlying data structure but also emphasizes its capability to maintain the integrity of
statistical relationships.
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2.3.2. Computation of PGA Probability Distributions from Artificial Earthquakes

Using Frank copula sampling, 10,000 sets of fc and M0 were extracted. Equation (1),
with the parameters κ0 and Q( f ) from Section 2.2.1, was then applied in the Monte Carlo
Simulation (MCS) to generate artificial earthquakes as follows:

A(M0i, R, f ) = (−2π f )

(
CM0i

1 + ( f / fci)
2

)
Rnexp

{
−πfR

β163 f 0.745

}
A*( f )exp{−0.014π f } (22)

where M0i denotes the i-th sample of the seismic moment, and fci represents the i-th sample
of the corner frequency, as both M0i and fci are paired values obtained through copula
sampling. The MCS allows the exploration of a broad range of scenarios by incorporating
variability in the source parameters. Statistical analysis was then conducted on the PGAs
of the 10,000 generated artificial earthquakes.

The procedure of the proposed methodology to estimate probability distributions of
PGA is as follows:

(1) Obtain recorded source parameters from the earthquake source in the vicinity of the
site of interest.

(2) Determine the Probability Density Function (PDF) of source parameters using
Equations (20) and (21).

(3) Generate sample pairs of fc and M0 by Frank copula sampling for use in MCS.
(4) Define the seismological and geological parameters needed to compute the FAS.
(5) Use the MCS to generate artificial earthquakes with Equation (22) and transform them

into the time domain as described in Section 2.2.2.
(6) Determine PGAs and calculate their probability distribution.

3. Results

This section presents a numerical simulation example demonstrating the effectiveness
of the proposed method. In this example, different source-to-site distances (10, 25, 50,
and 75 km) were selected to estimate the PGA probability distributions, while obtaining
corresponding time histories and response spectra. At each distance, 10,000 samples of
source parameters were used in the MCS to generate artificial earthquakes with a magnitude
of Mw 5.4, identical to the 2017 Pohang Earthquake.

The proposed methodology highlights the importance of detailed seismic analysis to
ensure the safety and preparedness of critical infrastructure in proximity to the focus. For
example, the Hangsa Dam, currently under construction and set to reach a height of 53 m,
is located approximately 25 km from the epicenter. Additionally, the Wolseong Nuclear
Power Plant is situated about 45 km from the focus. Another critical facility potentially at
risk is the Andong Dam, which stands 83 m tall and is located 75 km from the epicenter.

Artificial earthquakes were generated as outlined in Section 2.3.2, resulting in the derivation
of 10,000 PGAs for source-to-site distances of 10, 25, 50, and 75 km. A Kolmogorov–Smirnov
test was then performed on the artificially generated PGAs at each distance. The test yielded
p-values of 0.87, 0.30, 0.15, and 0.30, respectively, all of which exceed the 5% significance
level, supporting the null hypothesis that the log-transformed PGAs follow a normal
distribution. This confirms the assumption of normality for further statistical analysis.
The probability distribution of PGAs at each distance was determined by fitting the data
to a lognormal distribution, as in Equation (20), where it is also used for the probability
distribution of fc. The parameters of this lognormal distribution for PGA, µ (mean) and
σ (standard deviation) are shown in Table 3.

Table 3. Parameters of PGA probability distributions for different source-to-site distances.

10 km 25 km 50 km 75 km

µ −1.437 −3.233 −4.452 −5.236
σ 0.934 0.852 0.827 0.823
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The time history corresponding to the median PGA from 10,000 artificial earthquakes
at source-to-site distances of 10, 25, 50, and 75 km is presented in Figure 4, with the median
PGAs of 0.24, 0.039, 0.012, and 0.0053 g, respectively. Figure 5 illustrates the response spectra
for 100 artificial earthquakes across four different distances. These 100 spectra were selected
from a set of 10,000 simulations, based on the smallest deviation between their individual
PGAs and the median PGA for each distance. The PGAs from all generated earthquakes,
created using the methodology in Section 2.3.2, are compared with recorded data from a
total of 20 stations, as shown in Figure 6. Additionally, the PDFs for PGAs derived from
artificial earthquakes closely conform to a lognormal distribution, as demonstrated in
Figure 7. The parameters characterizing the lognormal distribution for each distance are
detailed in Table 3.
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4. Discussion

The PGAs recorded from 130 stations during the 2017 Pohang Earthquake are pre-
sented in Figure 8. Of these records, the PGAs at 20 stations within a source-to-site distance
range of 11.56 to 99.8 km are used to validate the artificially generated earthquakes pro-
posed in this study. While sufficient empirical data would enable more accurate PGA
estimations, regions like the Korean Peninsula continue to face data limitations. This
scarcity complicates direct comparisons between the PGAs of empirical records from actual
earthquakes and those of artificial earthquakes.
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The close alignment between the median PGAs of the artificial and the recorded earth-
quake data, as shown in Figure 6, is attributed to the effective sampling of the randomly
paired fc and M0 sets. This representative sampling ensures consistency between the
simulated and empirical medians, even with the limited number of available empirical
records. By using consistent geological and seismological parameters across all distances
and ensuring that the randomly sampled pairs reflect realistic physical characteristics, the
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model provides reliable predictions of actual ground motions. Moreover, according to
Table 4, the percentage differences between the median PGAs of the empirical data and the
artificial earthquakes are 11.76%, 8%, 22.22%, and 20.34% for the source-to-site distance
ranges of 10, 25, 50, and 75 km, respectively, with an overall average difference of 15.58%.

Table 4. Comparison of empirical and simulated PGAs by source-to-site distances.

Case Station Source-to-Site
Distance (km) PGA (g) Median PGA

of Records (g)
Median PGA

of Simulations (g)

1 PHA2 11.56 0.27 0.27 0.24

2
HAK 24.04 0.036

0.036 0.039CHS 25.96 0.028
DKJ 30.50 0.048

3

YOCB 41.06 0.015

0.015 0.012

CSO 41.35 0.059
YODB 47.72 0.014
ADO2 49.69 0.042
USN2 51.63 0.035
JEJB 53.40 0.0045

DAG2 57.63 0.015

4

YEYB 62.99 0.014

0.0065 0.0053

ULJ2 65.31 0.0058
EUSB 67.32 0.0065

GUWB 70.56 0.0050
ADOA 79.29 0.0090
CIGB 89.47 0.0040
GUM 98.15 0.052
UJN 98.40 0.080
BUS2 99.80 0.0036

Although the dataset expands as the source-to-site distance increases, the percentage
difference between the empirical records and simulations does not necessarily decrease.
However, a Mann–Whitney U test, which compares the distribution of PGAs rather than
just their medians, yielded p-values of 0.84, 0.84, 0.09, and 0.10 for each case. These results,
showing no significant statistical difference between the empirical and simulated PGA
distributions (p > 0.05), indicate that the overall distributions and median PGAs of both
the empirical records and the artificial earthquakes exhibit a high degree of similarity.
This similarity reinforces the predictive accuracy of the present stochastic model, as more
empirical data become available, enhancing its reliability as a consistent estimator. This
correspondence with actual ground motion distributions provides a basis for further
validating the proposed method.

Furthermore, the stochastic approach utilized in this study effectively models the
probability distribution of PGA as a lognormal distribution, in agreement with findings
from [45], which suggest that peak values of strong motion parameters are likely to follow a
lognormal distribution. Figure 7 demonstrates that the PGAs from the artificial earthquakes
generated in this study also exhibit this lognormal behavior. It supports the accuracy of
the lognormal fittings applied and further illustrates the effectiveness of the stochastic
approach for predicting PGA behavior in seismic analysis. By validating the model’s ability
to generate reliable PGA probability distributions, the evidence underscores the robustness
of the proposed method in accurately capturing realistic seismic behavior patterns.

5. Conclusions

In this study, we propose a new stochastic approach for generating probability distri-
bution of Peak Ground Acceleration (PGA) based on recorded data from a single seismic
event in regions with limited strong ground motion data. Conventional ground motion
prediction techniques often fall short in these areas because they rely on historical data



Appl. Sci. 2024, 14, 10031 14 of 16

from seismically active regions. To address these limitations, the present study incorporates
local site characteristics, source characteristics, and seismic wave propagation from a single
seismic event into a stochastic point-source model, enabling the simulation of multiple
artificial earthquakes.

In the proposed approach, it is assumed that the source parameters, fc and M0, which
are recorded data from a single seismic event, are random variables. These parameters
are demonstrated to be independent of the source-to-site distance, thereby incorporating
the inherent uncertainty associated with them. It is also shown that the optimal copula
function for capturing the relationship between fc and M0, is the Frank copula function.
This function was selected from five copula functions based on the highest log-likelihood.
By using the Frank copula function for sampling points, the reliability of the generated
artificial earthquakes is significantly enhanced. It is concluded that the present approach,
utilizing Monte Carlo Simulation (MCS) with random sampling of the two key parameters,
successfully generates sets of artificial ground motions and their corresponding PGA
distributions. The method’s effectiveness is validated by comparing the median PGAs of
artificial earthquakes, generated from a single seismic event, across four different source-to-
site distances with recorded data.

The derived probability distributions of PGA provide a rational method for selecting
an appropriate set of artificial earthquakes for seismic safety assessments for high-rise
buildings, large dams, nuclear power plants, and other critical infrastructures in regions
like the Korean Peninsula, where strong seismic records are extremely rare. Given the
scarcity of large-amplitude recorded ground motions in this region, the ability to generate
and select reasonable artificial earthquakes from a single seismic event is particularly
valuable. Consequently, the proposed stochastic approach is expected to significantly
enhance the reliability of seismic safety assessments and provide a solid foundation for
future research on earthquake ground motion prediction in regions with limited strong
motion records. To further enhance the method’s reliability and broader applicability, future
work should include validation against multiple seismic events of varying magnitudes.
This comprehensive validation approach would better establish the robustness of the
proposed method across diverse seismic scenarios.
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