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This study introduces a novel method for predicting earthquake parameters using radon
as a precursor to address uncertainties and limitations in the dataset. The dataset comprises
radon observation data from Yogyakarta, Indonesia, and earthquake records collected
from a radon monitoring site and the USGS earthquake database from December 11, 2022,
to August 8, 2023. The proposed method was trained on 80% of the dataset, which was
utilized to generate a probability distribution for the Monte Carlo process to handle the
constraints of limited precursor data. The results from the Monte Carlo simulations were
then used to develop a model for predicting earthquake parameters. Experimental results
demonstrate that the proposed method performs well within a monitoring station's radius
of 300 and 400 km. At 300 km, the method outperforms in predicting magnitude, distance,
and time, with RMSE values of 0.48, 60.60 km, and 57.85 hours, respectively. At 400 km,
it achieves excellent performance with RMSE values of 0.61, 76.29 km, and 46.69 hours.
This study shows that the proposed method outperforms benchmark methods in predicting

earthquake parameters using radon gas as an earthquake precursor.

1. INTRODUCTION

Earthquake early prediction technology is an exciting
innovation to develop, especially in Indonesia. Indonesia is at
the meeting point of the world's active tectonic plates, causing
high seismic activity. Earthquakes with large magnitudes have
the potential to create damage that impacts the lives of affected
communities. If not anticipated, infrastructure damage, chaos,
and even loss of human life are examples of the impacts of
natural disasters. Farly prediction technology is built to
provide earlier information before an earthquake occurs. With
this technology, mitigation can be achieved to reduce the
impact of the disaster.

Before an earthquake occurs, several natural phenomena
can be used as precursors. Potential earthquake precursors that
can be used are the Earth’s magnetic field anomalies, radon
gas emissions, and soil temperature. Radon is a naturally
occurring radioactive gas found in Earth’s crust. Radon is a
potential seismic precursor because it is released from the
Earth’s cavity during a seismic event. The radon gas anomaly
is internationally recognized as one of the seven seismic
precursors [1]. One significant advantage is its ability to serve
as a short-term pre-seismic indicator due to its rapid emission
changes preceding earthquakes [2].

In comparison to other seismic precursors like
electromagnetic anomalies and soil temperature, radon
emissions provide a distinct geochemical signal directly linked
to subsurface stress changes [3]. This geochemical nature
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allows radon monitoring to detect stress accumulations that
may not produce immediate electromagnetic responses or soil
temperature changes. Moreover, when used in conjunction
with other precursors, radon data can enhance the robustness
of earthquake forecasting models by providing
complementary information [3]. The monitoring of radon gas
concentrations for earthquake precursors has been established
as a valuable approach given the abundance of this radioactive
gas in groundwater with a short half-life, making it a suitable
indicator for seismic activity [4]. However, the reliability of
radon as a sole predictor is challenged by its sensitivity to
environmental factors such as precipitation and atmospheric
pressure changes, which can obscure seismic-related
anomalies [5].

Radon anomalies observed before earthquakes have been a
focal point of research, with findings suggesting that changes
in radon release rates could be key precursory phenomena for
earthquakes [6]. Previous studies have shown that changes in
radon concentrations in groundwater and soil can be an early
sign of an earthquake, because sudden changes in radon
concentrations often occur before seismic events [7]. This is
reinforced by many recent studies that showed changes in
radon concentrations before major earthquakes [8]. Radon gas
emissions can be a short-term pre-seismic precursor [9].

Radon concentration anomalies indicate impending
earthquakes. This is reinforced by research that highlights the
correlation  between radon gas  concentrations,

meteorological data, hydrology, and seismic activity [10].
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Radon gas concentration fluctuations can also be used as
medium and long-term indicators to reveal abnormal
underground air changes before an earthquake occurs [2].
Radon-based earthquake precursors in Indonesia have also
been reported [11, 12]. The phenomenon of anomalous radon
gas concentrations before the 5.6 M earthquake on June 8§,
2023, south of Java Island, Indonesia, is shown in Figure 1.
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Figure 1. Radon concentration anomaly phenomenon

Earthquake parameter prediction wusing artificial
intelligence (Al) technology is being increasingly developed
along with advances in the field of computing. In particular,
the application of machine learning as a branch of Al has great
potential for the development of prediction algorithms that can
provide more accurate and faster results. However, one of the
main challenges in applying machine learning to earthquake
prediction is the requirement for a large amount of high-
quality data. These data are required for the model training
process and for validating the accuracy of the algorithm. An
earthquake is a natural event that occurs suddenly and in
limited quantities; therefore, collecting sufficient data for
machine learning is a challenge. In addition, specifically for
data on radon gas concentration fluctuations, one of the
precursors of earthquakes, this data collection takes a long
time because significant changes in radon concentration occur
only before an earthquake.

Earthquake event simulation efforts have been conducted
previously [13-15]. Simulations were conducted using the
Monte Carlo method. This work modified the machine
learning method using the Monte Carlo approach to predict
earthquakes based on radon gas precursors. This study is
expected to increase the accuracy of predictions, so that
earthquake early warning technology can be created to benefit
the community. This study modified the limited training data
to develop a more accurate prediction model. This
modification was performed by increasing the training data
using the Monte Carlo method to produce variations close to
real conditions. The training data generated from this method
is then used to build a more robust prediction model. The
prediction model was then subjected to an aggregation process
to produce more reliable prediction results.

The main contribution of this study is to solve the issue of
limited datasets to improve the prediction accuracy of
earthquake parameters based on radon gas precursors. This
paper is divided into four sections. The first Section, the
Introduction, discusses the background and objectives of the
problem. The second Section, Related Work, provides a
review of previous studies that have been conducted in
earthquake prediction. Section Proposed Method describes the
steps for implementing the Monte Carlo method and
aggregation techniques. The fourth Section, Results and
Discussion, presents the simulation results using radon-based

360

earthquake precursor data and the analysis of these results.
Finally, the Conclusion Section summarizes the main findings
of this study.

2. RELATED WORKS

Several researchers have reported radon gas fluctuations
before earthquakes. Muto et al. [16] conducted observations
and concluded that there was a decrease in radon gas
concentration before the 2018 North Osaka earthquake.
Attanasio and Maravalle [17] also revealed a relationship
between radon emissions and earthquakes in Italy. However,
the use of this precursor to predict the magnitude of
earthquakes is still a challenge. D'Incecco et al. [2] have also
designed a real-time monitoring system for radon gas to study
earthquake prediction. Efforts to utilize radon precursors for
prediction were carried out by Feng et al. [18]. The EMD-
LSTM method was developed for the early detection of
earthquakes using groundwater radon monitoring. The results
showed that the developed method could predict earthquakes
early. These studies have revealed the potential of radon as an
important precursor in earthquake prediction.

Radon concentration fluctuations can be classified into
three types: single (sudden spike), multiple, and persistent
[19]. Three types of radon concentration fluctuations can be
used as earthquake precursors: single fluctuations, multiple
fluctuations, and persistent fluctuations. Single fluctuations
refer to situations in which data samples experience significant
fluctuations in a relatively short period. These fluctuations
were characterized by one prominent peak. In contrast,
multiple fluctuations include sudden changes in the value that
occur over a certain time interval. These fluctuations were
characterized by several prominent peaks. Persistent
fluctuations describe situations where sample data show wide
fluctuations over a long period of time and consistently exceed
abnormal thresholds.

Machine learning methods have made significant
contributions to earthquake prediction based on radon
precursors. Mir et al. [20] analyzed the performance of several
machine learning methods, such as boosted tree, bagged cart,
linear model, support vector machine, and k-nearest neighbor,
to predict anomalies in radon time-series data related to
seismic activity. The results show that the boosted tree and
support vector machine with radial kernel are better models for
predicting anomalies in soil radon gas concentration during
seismic activities. Zhu et al. [21] also used machine learning
algorithms to detect anomalies in the hadrochemical data of
hot springs to predict earthquakes based on radon
concentration data. Wang et al. [22] explored the use of
machine learning methods for seismic hazard evaluation. The
exploration results showed that small earthquakes can help
predict larger earthquakes. Jarah et al. [23] applied the
Random Forest method to identify factors that precede
earthquakes. Furthermore, Gitis and Derendyaev [24] and Deb
et al. [25] discussed the use of machine learning methods for
seismic hazard forecasting. These studies have shown that
machine learning methods are popular for the early detection
of radon-based earthquakes.

The integration of machine learning with radon monitoring
for earthquake prediction has yielded promising results.
Tehseen et al. [26] mapped various expert systems for
earthquake prediction and analyzed research evolution. Asim
et al. [27] developed a Support Vector Regression and Hybrid



Neural Network (SVR-HNN) model for earthquake
prediction. The results show that the SVR-HNN model
enhanced earthquake prediction capabilities in the Hindukush,
Chile, and Southern California regions. The main challenge in
machine learning methods is the requirement of large amounts
of data to train the model. The development of accurate
earthquake prediction models is obstructed by the limited
availability of radon-precursor datasets. Machine learning
models require larger datasets to identify significant patterns
associated with seismic events.

Unfortunately, radon precursor datasets used for earthquake
prediction are often limited. Researchers have used Monte
Carlo to predict potential earthquake and tsunami hazards.
Goda and Song [14] used Monte Carlo analysis simulation to
assess the characteristics of earthquake sources in tsunami risk
in the 2011 Tohoku tsunami, especially in the Rikuzentakata
area, Japan. This study emphasized the importance of the
uncertainty approach in tsunami risk models to make
predictions more realistic and accurate. Muhammad et al. [15]
used Monte Carlo simulation (MCS) techniques together with
the Autoregressive Integrated Moving Average (ARIMA)
method to find a significant relationship between radon gas
anomalies and micro-seismic activity in the North Anatolian
Fault Zone (NAFZ) of Turkey. The study showed a strong
correlation between radon gas (Rn-222) concentration
anomalies in the soil and micro-seismic activity around the
fault zone. Meanwhile, Crowley and Bommer [13] used the
Monte Carlo method to create multi-earthquake scenarios that
generate ground motion based on seismicity models. The
Monte Carlo method in the study provides advantages in
modeling earthquake losses in more detail. The research shows
that the Monte Carlo method can be used to overcome data
limitations by simulating various scenarios using probability
distributions.

One of the challenges in earthquake prediction is the need
for more representative data [28]. Predicting earthquakes
using precursors faces challenges due to data limitations and
uncertainties. In this study, the Monte Carlo method is
proposed as an alternative solution to address issues related to
uncertainty and dataset limitations. The application of the
Monte Carlo method to enhance data quantity for earthquake
prediction using machine learning has yet to be explored in
previous studies.

3. PROPOSED METHOD
3.1 Monte Carlo Aggregating

Fluctuations in radon gas concentrations at the radon
monitoring station prior to the earthquake exhibited a sudden
and significant increase. The gain at the monitoring station
was defined as the ratio of the peak fluctuation value to the
average radon gas concentration measured over the seven days
preceding the fluctuation. This station gain value was used to
predict the earthquake parameters. A visualization of the
station gain is shown in Figure 2. Figure 2 shows that a single
fluctuation occurred, which has been identified as a precursor
to earthquakes [20]. The gain of the monitoring station is
expressed by Eq. (1).

Gs — i3max

ISR, M

where,

Gs = Gain of the monitoring station,

Rinax = Maximum Radon value (Bq/m?),

R.;= Daily average Radon value (Bg/m?).

In this study, an algorithm was designed to predict
earthquake parameters using the gain of the Radon Monitoring
Station. Owing to the random nature of earthquakes, with a
distribution that is challenging to determine, the algorithm was
required to account for this randomness and uncertainty. One
approach employed was the use of a Monte Carlo simulation.
A simulation was conducted to obtain all possible output
values of the prediction. The illustration of the Monte Carlo
approach is presented in Figure 3.
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The Monte Carlo method applied in this study utilized
probability distributions derived from historical data of radon
concentration anomalies and seismic activity. To ensure that
the generated synthetic data closely aligned with observed
patterns, an empirical distribution was selected, providing a
more accurate representation of the variability present in real-
world data. Random samples were subsequently generated
based on the empirical distribution to simulate variations in
prediction errors of earthquake parameters. These samples
were specifically designed to replicate the potential
uncertainties inherent in earthquake prediction. The proposed
method was trained on historical data, ensuring that the
simulations accurately captured the relationships present in the
observed data. This approach was implemented to ensure the
robustness and relevance of the Monte Carlo simulations for
earthquake prediction, grounding the methodology in
empirical data and realistic patterns to enhance its reliability.

The first step in the proposed method involved creating a
probability distribution of prediction errors. At this stage, the
prediction error (e) was obtained at this stage by measuring the
difference between the output training data (Y train) and the
predicted value using a prediction model with the input
training data (X train). This probability distribution is then
formed into a probability mass function (f{e)) expressed in Eq.

).

B for g
P for e

fle)=1" i )
P for e

m

P is the probability of a prediction error occurring, and i is
an index with values ranging from 1 to m. The probability
mass function was then used to create random prediction
errors. The probability mass function is then used to form the
cumulative probability function (F(e)), which is written as:

R for e

P+P, for e
)=y 3)

1 for e

The random number U (Uniform(0,1)) determines the
prediction error value. If the random number value is P; <
U< P +P,, then the prediction error value is e,. The
resulting prediction error was then added to the output training
data (Y train). The prediction model is then created using the
Y train, which has added errors. The prediction model can then
predict the Y-test with the input X-test.

Given that an earthquake is a random event with significant
uncertainty in its prediction, the Monte Carlo approach was
implemented to enhance prediction accuracy. Prediction
errors, which were generated randomly through » iterations,
produced # prediction models, allowing the prediction output
to be approximated as the average of the predicted outputs
from each model. By simulating all possible outcomes based
on the probability distribution, the predictive capability was
expected to improve. Based on this approach, the Monte Carlo
Aggregating (MCA) method for earthquake prediction was
developed. The Monte Carlo aggregation method is drawn in
Figure 4.
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3.2 Data collection

The monitoring station was located in the Special Region of
the Yogyakarta Province (lat. -7.7531627 S, long.
110.4215244 E), Indonesia. This area is located in the central
part of Java. Java Island is adjacent to the subduction zone at
the bottom of the Indian Ocean along the southern coast of
Java. Therefore, the island is prone to earthquakes and
tsunamis. The sensor used is the ion chamber RD200 sensor,

and radon data can be accessed at
http://dataalamdiy.com/dataview/, whereas ecarthquake data
can be accessed from

https://earthquake.usgs.gov/earthquakes/map/. The data used
were earthquake and radon gas data from December 11, 2022,
to August 8, 2023. The data were collected based on the radius
of the earthquake event at the radon monitoring station. The
earthquake profile used in this study is summarized in Table
L.

Table 1. Earthquake profile

Radius (km)
200 300 400
Min 4 4 4
Magnitude (M) Max 5.9 7 7
mean  4.72 4.62 4.59
Distance of earthquake Min 9287 92.87 92.87
event from monitoring Max 197.21 285.85 393.19
station (km) mean 155.12 218.88 256.47
Min 3 2 3
Earthquake occurrence
time a(z'ter Anomaly (hr) Max 164 168 168
mean 72.33  87.06 88.282
Number of Earthquake Events 12 32 46

The earthquake data used in this study are presented in
Table 1. This table provides a summary of seismic events
based on three radial distances from the monitoring station:
200, 300, and 400 km. The table shows that the minimum
earthquake magnitude recorded was 4, with the maximum
magnitude being 5.9 at a radius of 200 km and 7 at radii of 300
km and 400 km. The distance of the closest earthquake event
to the monitoring station was 92.87 km, while the maximum
distance was 197.21 km at a radius of 200 km, 285.85 at a
radius of 300 km and 393.19 km at a radius of 400 km. The
time of occurrence of earthquakes after the anomaly with
minimum time was recorded between 2 h and a maximum time
of 168 h. Meanwhile, the number of earthquake events
recorded was 12 at 200 km, 32 at 300 km, and 46 at 400 km.



3.3 Evaluation and validation

The prediction evaluation was performed using the RMSE
metric [29]. RMSE is the square root of the mean of the
squares of the prediction errors, which provides a measure of
the error in native units. RMSE is expressed by:

“4)

Y; is the predicted value, Y; is the recorded earthquake
parameter value and N denotes the number of data points to be
evaluated. Model validation was performed using a 5-fold
cross-validation technique. The average RMSE is used to
evaluate the performance of the proposed method.

3.4 Baseline method
One of the challenges in earthquake prediction using radon

gas as a precursor is the lack of a representative radon
precursor dataset and appropriate baseline methods that could

help researchers compare their approaches and results [28]. To
compare our study, we selected a baseline regression method
from previous research based on performance results and data
characteristics, enabling our approach to be applied to other
studies. Random Forest has been previously used for
earthquake prediction and produced good results [30]. In
earlier studies, XGBoost [31] and linear regression [32] were
also developed to predict earthquake events.

4. SIMULATION RESULT AND DISCUSSION

The proposed method has been implemented on a test
dataset. The proposed method is then compared with the
baseline method. This study compares several prediction
methods' root mean square error (RMSE) values for three
different parameters. The prediction parameters used are
Magnitude (Mag), Distance (Dis), and Time for three different
prediction radii: 200 km, 300 km, and 400 km. The methods
compared are Linear Regression (LR), Random Forest (RF),
XG-Boost (XGB), and MCA. The performance of the
proposed methods is summarized in Table 2.

Table 2. Earthquake prediction performance

RMSE Prediction
Linear Regression Random Forest XGBoost Monte Carlo Aggregating

Mag (M) 0.61 0.49 0.66 0.59
200 km Radius Dis (km) 28.86 13.25 26.85 28.16
Time (Hour) 45.62 57.29 63.90 41.98

Mag (M) 0.48 0.55 0.57 0.48
300 km Radius Dis (km) 62.88 68.39 81.29 60.60
Time (Hour) 60.06 65.20 72.60 57.85

Mag (M) 0.63 0.67 0.78 0.61
400 km Radius Dis (km) 77.84 100.13 107.97 76.29
Time (Hour) 47.18 57.60 63.75 46.69
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Figure 5. Frequency distribution of earthquake magnitudes for 200 km radius (a) and 400 km radius (b)
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Figure 6. Frequency distribution of earthquake distance for 200 km radius (a) and 400 km radius (b)



Earthquake Time Distribution for Radius 200 km
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Figure 7. Frequency distribution of earthquake time occurrence for 200 km radius (a) and 400 km radius (b)

Table 2 presents the average RMSE value from the 5-fold
cross-validation results for each algorithm in predicting the
magnitude, distance, and time of an earthquake. At a
prediction radius of 200 km, Monte Carlo Aggregating shows
the lowest RMSE for distance prediction (41.98 km),
outperforming Linear Regression (45.62 km), Random Forest
(57.29 km), and XGBoost (63.90 km). From the magnitude
prediction performance, the Random Forest method has the
best performance with the lowest RMSE (0.49), while Monte
Carlo Aggregating has an RMSE of 0.59. For event-time
prediction, Monte Carlo Aggregating and linear regression
show the best performance with an RMSE of 0.48. This
proposed method is better than Random Forest (0.55) and
XGBoost (0.57) in predicting the time of an earthquake.

At a prediction radius of 300 km, the Proposed Method
showed the lowest RMSE for earthquake occurrence time
prediction (57.85 h), outperforming other prediction methods,
namely Linear Regression (60.06 h), Random Forest (65.20 h),
and XGBoost (72.60 h). This method also performs well for
predicting earthquake occurrence distance with an RMSE of
60.60 km. The Proposed Method can predict better than
XGBoost (81.29 km), Random Forest (68.39 km), and linear
regression (62.88 km). For magnitude prediction, the Proposed
Method has an RMSE equal to Linear Regression (0.48) but
still outperforms Random Forest (0.55) and XGBoost (0.57).

For prediction at a 400 km radius, the Proposed Method
outperforms all the comparative methods by achieving the
lowest RMSE for prediction of time (46.69 h), magnitude
(0.61), and distance (76.29 km). In earthquake magnitude
prediction, the Proposed Method outperforms XGBoost
(0.78), linear regression (0.63), and Random Forest (0.67) in
terms of RMSE. In distance prediction, the Proposed Method
outperformed XGBoost (107.97), linear regression (77.84),
and Random Forest (100.13).

In the 200 km prediction radius, the Random Forest method
provides the best predictions for both magnitude and distance.
Meanwhile, the proposed method achieved the most accurate
predictions for the occurrence time. On the other hand, for the
400 km radius, the proposed method demonstrates the best
performance in predicting magnitude, distance, and
occurrence time. Uncertainty is a key challenge in making
predictions. To analyze the factors contributing to the
uncertainty, the frequency distributions of the magnitude,
predicted distance, and occurrence time are presented in
Figures 5-7.

Figure 5 shows the distribution of earthquake magnitudes
for two different radii: 200 km and 400 km. From this
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perspective, the difference between these distributions reveals
important insights into the predictability and variability of the
earthquake magnitudes within each radius. For the 200 km
radius, the magnitudes range in the ranges of 4.0-4.5, 5.0-5.5
and 5.5-6.0.

Figure 5(a) shows that most earthquakes occurred with
magnitudes between 4.0-4.5. However, the 400 km radius
shows a wider range of magnitudes, ranging from 4.0 to 7.0.
However, the distribution shows that most earthquakes occur
between 4.0 and 5.0. The bin occupancy of the histogram
shows the distribution of the magnitudes that occur, so it can
be seen that in Figure 5(b) has a wider range of earthquake
magnitudes than the distribution of earthquake magnitudes in
Figure 5(a). The uncertainty increases because the probability
of the ecarthquake magnitude increases. Monte Carlo
Aggregating in magnitude prediction at a radius of 400 km is
better to several comparison methods indicating that the
Monte Carlo Aggregating method can overcome the problem
of uncertainty than the comparison methods.

An analysis of the prediction distance distribution was also
conducted to determine the effect of uncertainty on the
prediction distance. Figure 6 shows the distribution of
earthquake distances for radii of 400 km and 200 km from the
monitoring station. The histogram uses a bin width of 25 km.
In the distribution of the radius distance of 400 km in Figure
6(b), the number of filled bins was greater than the number of
bins in Figure 6(a). This condition indicates that the variability
in Figure 6(b) is higher than that in Figure 6(a) with respect to
the earthquake distance. Variability was also observed in the
height of the bins in Figure 6(b). This condition increases the
uncertainty in predicting the distance between earthquake
events. In the distance prediction test, the Monte Carlo
Aggregating method exhibited a better prediction performance
than the comparison method. From this test, it can be observed
that the Monte Carlo Aggregating method overcomes the
problem of uncertainty in distance prediction.

Figure 7 shows the distribution of earthquake occurrence
times for radii of 200 km and 400 km. The distribution
provides insight into the predictability of earthquake
occurrence time for each radius. For the distribution, the
histogram used a bin width of 24 h. Figure 7(b) shows that the
bins are more occupied than those in Figure 7(a). Figure 7(b)
also shows a relatively flat frequency of occurrence compared
to that in Figure 7(a). Thus, the uncertainty in the prediction of
the occurrence time for a radius of 400 km was higher than
that for a radius of 200 km. The Monte Carlo Aggregating
method shows that this method can overcome the uncertainty



in earthquake time prediction.

The main problems in earthquake prediction are data
limitations and uncertainties. To ensure that the Monte Carlo
Aggregating method can solve the problem of data limitation,
a comparison is made between the Monte Carlo Aggregating
and Bootstrap Aggregating methods. The Bootstrap method is
commonly used for anticipating uncertainty. The comparison
is made using a benchmark function written as:

y =2 x+1+ noise (5)

The data used as input (x) were random numbers from a
random seed. The noise was generated using random
numbers from random seeds. The obtained input and output
data were divided into 80% for training and 20% for testing.
The quantity of data used varied to determine the performance
of the method on varying amounts of data. The performance
of the Monte Carlo aggregation method is shown in Figure 8.

Comparison of Prediction Methods

e Bagging

200 . Montecarlo Aggregating

20 40 60 80
Amount of Data

100

Figure 8. Comparison of Monte Carlo Aggregating and
Bootstrap Aggregating (Bagging)

Figure 8 illustrates a comparison of the performance of two
prediction methods, Bagging and Monte Carlo Aggregating,
based on their Mean Squared Error (MSE) across varying data
volumes. Both methods display a general trend of decreasing
MSE as the amount of data increases, indicating enhanced
prediction accuracy with larger datasets. For very small
datasets (5 and 10 data points), Monte Carlo Aggregating
outperforms Bagging by achieving a significantly lower Mean
Squared Error (MSE). This advantage results from its ability
to utilize probabilistic distributions to handle uncertainty,
whereas Bagging tends to over fit due to its Bootstrap
sampling, resulting in less diverse models. For moderate
datasets (15 and 20 data points), Bagging outperforms Monte
Carlo Aggregating with a lower MSE, attributed to its
ensemble modeling capability, which reduces prediction
variability. However, Monte Carlo Aggregating may struggle
to represent distributions accurately. For larger datasets (50
and 100 data points), both methods perform well with low
MSE, but Monte Carlo Aggregating consistently achieves
slightly lower MSE than Bagging, despite the marginal
difference.

These results indicate that Monte Carlo Aggregating
performs well with very small datasets due to its strength in
managing uncertainty, while Bagging is more effective for
moderate datasets. For larger datasets, both methods
demonstrate reliability, although Monte Carlo Aggregating
retains a slight advantage in prediction accuracy. The strong
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performance of the Monte Carlo Aggregating method suggests
that it could serve as a viable alternative for developing
earthquake early warning systems in scenarios with sparse or
incomplete data.

Based on the experimental results, it was found that the
proposed method could predict earthquake parameters better
than several other methods. The data limitations were
successfully overcome using the proposed method. It has been
proven that the Monte Carlo Aggregating method can predict
data better than the Bootstrap Aggregating method on limited
data. The success of the proposed method in predicting the
uncertainty input shows that it can overcome the problem of
uncertainty in making predictions.

Based on these findings, this study is expected to
significantly contribute to the development of early earthquake
detection technology based on radon gas precursors. Further
research should focus on developing more sophisticated
learning methods for the proposed algorithm to improve the
accuracy and reliability of the predictions. The current method
cannot adapt to and learn when more data are available. The
actual probability distribution may not be accurately
represented when the data are limited. This leads to the
potential use of an incorrect distribution, thereby reducing
prediction accuracy. Adaptive learning methods that
effectively utilize an increase in the amount of precursor data
are crucial. With an increase in data over time, the algorithm
is expected to learn more complex patterns and gradually
improve predictions. Thus, in the future, early earthquake
detection technology based on radon gas precursors could
become a reliable tool for disaster mitigation.

5. CONCLUSION

From the research conducted, it is proven that the proposed
Monte Carlo Aggregating algorithm for dataset limitation in
earthquake parameter prediction performs better than several
other methods. This algorithm can provide more accurate
predictions, which is often the main obstacle to earthquake
prediction. The findings demonstrate the performance of
Monte Carlo Aggregating, particularly in managing
uncertainty and achieving high accuracy with limited data.
This approach offers significant potential for enhancing
earthquake early warning systems, especially in scenarios with
sparse or incomplete data monitoring. Moreover, this method
accelerates the development of earthquake early warning
systems without requiring prolonged radon observation
periods, particularly in the Java Island region. By providing a
reliable method for modeling and predicting earthquake
parameters, this study contributes to mitigating the impacts of
earthquake disasters and improving preparedness through
timely and accurate warnings.

At a prediction radius of 200 km, the proposed method
shows the best performance in time predictions, with RMSE
values of 41.98 hours, respectively, compared to other
methods. Meanwhile, the Random Forest has the lowest
RMSE value (0.49) in the magnitude parameter and 13.5 km
in distance prediction. For a prediction radius of 300 km, the
proposed method also shows better performance in magnitude,
distance, and time predictions with RMSE values of 0.48,
60.60 km and 57.85 hours, respectively. At a prediction radius
of 400 km, the proposed method remains better in magnitude,
distance, and time prediction, with RMSE values of 0.61,
76.29 km and 46.69 hours, respectively.



However, additional research is necessary to enhance the
performance of this algorithm further. The current method
cannot adapt to and learn when more data are available. The
actual probability distribution may not be accurately
represented when the data are limited. This leads to the
potential use of an incorrect distribution, thereby reducing
prediction accuracy. Future research should focus on
developing an adaptive process that enables the algorithm to
improve its prediction accuracy when more data are collected.
With this adaptive component, the algorithm is expected to be
more responsive to changes in the data patterns, resulting in
greater accuracy over time. This advancement will elevate
Monte Carlo Aggregating-based earthquake prediction
technology, significantly mitigating natural disaster risk.
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NOMENCLATURE

Gs; Gain of the monitoring station

Rimax Maximum Radon value (Bg/m?®)

R.; Daily average Radon value (Bg/m?)

e Prediction error

fle) Probability mass function

P Probability
index

NozIam<
O

Cumulative probability function
Random number Uniform

Number of itteration

Number of data

Predicted value

Recorded earthquake parameter value





