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ABSTRACT 

 

Accurate ground motion prediction is critical for seismic hazard mitigation in Indonesia, a region characterized by 

complex tectonic settings. Conventional Ground Motion Prediction Equations (GMPEs) often struggle to capture 

the non-linear attenuation characteristics of local seismicity. This study develops national-scale Machine Learning 

(ML) models—specifically XGBoost and Random Forest (RF)—to predict Peak Ground Acceleration (PGA) and 

benchmarks them against the widely used Zhao et al. [23] model. The dataset comprises 20,287 strong-motion 

records from 1,573 events (M 1.6–7.9) recorded by 667 stations across Indonesia between January 2023 and April 

2025. Performance evaluation reveals that the XGBoost model outperforms both RF and the conventional GMPE, 

achieving the lowest Mean Squared Error (MSE) of 0.8885. In contrast, the conventional model showed less 

reliability with a significantly higher MSE of 1.5905. Feature importance analysis indicates that hypocentral 

distance and magnitude are the dominant predictors, while site condition (Vs30) plays a secondary role. Validation 

on independent test sets and recent significant seismic events confirms the model's robust generalization capability 

compared to conventional approaches. These findings demonstrate that ML-based approaches provide a more 

reliable alternative for estimating ground motion in Indonesia, offering significant potential for improving early 

warning systems and hazard maps. 
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1. Introduction  
Indonesia is considered one of the most 

earthquake-prone regions in the world. This is due to 

the country's geographical location at the intersection 

of the Indo-Australian, Eurasian, and Pacific tectonic 

plates. Earthquakes in this region tend to damage 

infrastructure and threaten the safety of residents. 

Therefore, estimates of the ground motion caused by 

earthquakes are essential. One of the most widely 

used methods is Peak Ground Acceleration (PGA), 

which measures the maximum acceleration in a given 

area. This value is used in assessing damage caused 

by earthquake [1] . 

To date, the use of Ground Motion Prediction 

Equations (GMPE) remains the standard practice for 

estimating the level of ground motion caused by 

earthquakes. This method depends on the earthquake 

source, wave path, and local geology. Various GMPE 

models, including those developed by Zhao et al. 

[23], have been routinely used in engineering in 

Indonesia [2], [3], [4].  Conventional GMPE models 

struggle to fully account for how seismic waves 

propagate locally and the complex depth profiles of 

earthquake sources, particularly in the context of 

Indonesia's highly complex geology and tectonics. In 

addition, these models face significant limitations: 

classifying earthquakes based on their type—whether 

intraslab, interface, or shallow crustal earthquakes—

as well as their source mechanisms. These 

classification challenges often complicate accurate 

modelling efforts in certain regions, especially in 

geographically complex areas such as Indonesia. 

Recent technological advances have positioned 

Machine Learning (ML) as an innovative approach to 

predicting ground motion with greater precision. One 

of the advantages of ML is its ability to capture 

complex interactions and non-linear relationships that 

traditional statistical models cannot handle. By 

processing large datasets, ML generates predictive 

models that offer superior adaptability and flexibility. 

This method aligns with the concept of statistically 

enhanced ML, which uncovers patterns in data—

including context-dependent patterns, high-level 
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interactions, and non-linear relationships—that are 

typically overlooked by traditional statistical models 

[5]. As a result, ML provides a solution to overcome 

the limitations of GMPE in capturing the complexity 

of earthquake sources and propagation paths. 

Predicting ground motion due to earthquakes 

through an ML approach has become a major focus 

of global research initiatives. Historically, the 

development of Ground Motion Prediction Models 

(GMPMs) has largely relied on traditional regression 

analysis, in which mathematical equations are 

integrated with predetermined coefficients to produce 

a predictive framework [6]. However, this method 

shows limited effectiveness in capturing complex 

nonlinear dynamics in seismic data. In contrast, ML 

algorithms—particularly Artificial Neural Networks 

(ANN) and Extreme Gradient Boosting (XGBoost)—

excel at modeling nonlinear parameter relationships. 

Specifically, research by Mohammadi et al. [6] using 

the Turkish earthquake dataset demonstrates 

XGBoost's remarkable precision in predicting PGA 

values. 

Japanese researchers have identified a critical 

limit whereby ML models tend to systematically 

ignore ground motion intensity during major 

earthquakes. This bias is primarily due to the limited 

availability of strong motion data from powerful 

earthquakes. To address this issue, they propose a 

hybrid approach that synergistically combines 

conventional ground motion prediction equations 

with machine learning algorithms. Empirical 

evidence shows that this combined methodology 

significantly reduces bias while providing much 

better accuracy than each approach separately [7]. 

In Indonesia—the country with the most intense 

seismic activity in the world—Rachmadan et al. [26] 

conducted a comparative assessment of three 

machine learning algorithms: Random Forest (RF), 

Gradient Boosting (GB), and ANN. The objective of 

this study focused on developing GMPM tailored to 

the seismotectonic characteristics of West Java. The 

method used combined topographic data—including 

elevation and slope measurements from each 

observation station—into a dataset that was 

systematically classified based on the type of 

earthquake source. The results show that all three ML 

models consistently outperform the classic approach 

of Zhao et al. [23], with the GB model providing the 

best performance in predicting PGA. Further analysis 

also reveals that epicentral distance (Repi) and 

magnitude (Mw) are the most influential variables, 

while Vs30 has the smallest contribution. 

Khosravikia and Clayton [30] conducted a 

comparative analysis of several ML algorithms—RF, 

XGBoost, ANN, and Support Vector Machine 

(SVM)—using seismic datasets from Oklahoma, 

Kansas, and Texas covering the period starting in 

2005. Their research shows that these ML algorithms 

excel at identifying critical physical parameters such 

as magnitude scale and distance attenuation effects 

without relying on predetermined equations or 

coefficients. Overall, the ML approach showed 

superior prediction accuracy compared to traditional 

linear regression, with Random Forest being the most 

effective method. However, conventional methods 

still have their own advantages in scenarios with 

limited data availability. 

In Western Part of China, a Support Vector 

Regression (SVR)-based ground motion model 

(GMM) has been developed to predict Peak Ground 

Acceleration (PGA) and spectral acceleration 

response at various periods. This model uses 

earthquake magnitude (Mw), hypocenter distance 

(Rhypo), and average shear wave velocity of the top 

30 meters of soil (Vs30) as parameters. The results of 

the study show that the SVR-based GMM is capable 

of providing accurate estimates and has good 

generalization capabilities for earthquake 

characteristics similar to the data used [8] . 

Beyond scalar predictions, the methodological 

frontier of seismology has recently advanced toward 

Generative Waveform Models (GWMs) using 

denoising diffusion techniques [9]. These advanced 

generative models possess the capability to 

synthesize full broadband seismic waveforms rather 

than being limited to single scalar intensity measures 

like PGA. Furthermore, the open-source architectures 

associated with these models, such as HighFEM, 

offer immense potential as they could hypothetically 

be retrained or evaluated using Indonesian seismic 

networks. While the present study focuses on tree-

based algorithms due to their interpretability and 

lower computational demands, acknowledging these 

generative approaches highlights the rapid, ongoing 

evolution of seismic hazard assessment tools. 

This study aims to develop a PGA prediction 

model using Random Forest (RF) and XGBoost 

algorithms trained with comprehensive Indonesian 

earthquake data. Unlike previous studies, which were 

mostly limited to specific regions such as West Java, 

this study covers the entire Indonesian archipelago. 

This national coverage is expected to provide an 

overview of the characteristics of ground motion in 

the country. Furthermore, the findings from this study 

can serve as a basis for future focused investigations. 

The selection of RF and XGBoost is based on 

their consistent and robust performance, which has 

been proven in previous studies. Both algorithms 

have clear advantages over conventional linear 

regression methods in modelling ground motion, 

thanks to their ability to handle complex and 

nonlinear parameter relationships. By leveraging the 

capabilities of ML to analyse complex nonlinear 

dynamics, the proposed model aims to overcome the 

major limitations inherent in traditional GMPE 

approaches. In particular, the classification of 

earthquake types and their source mechanisms remain 

a challenge that often hinders the development of 

truly accurate predictions. In addition to model 

development, this study also evaluates the relative 



Machine Learning Based Ground Motion Prediction……………………………………………………………………...Rayhan Irfan Hielmy et.al 

 
53 

 

performance of these two ML algorithms compared 

to traditional GMPE models that are widely used in 

Indonesia—particularly the GMPE developed by 

Zhao et al. [23]. This evaluation aims to provide 

deeper insights into the advantages and limitations of 

ML-based approaches in predicting ground motion in 

diverse seismic zones in Indonesia. 

 

2. Methods 

2.1. Dataset 
In this study, the data used consists of 20,287 

PGA measurements from 1,573 earthquake events 

recorded by 667 BMKG accelerometer stations 

throughout Indonesia between January 2023 and 

April 2025. Prior to building the dataset, a rigorous 

quality control process was applied based on BMKG 

standard procedures. This involved instrument 

response correction, baseline correction, applying a 

bandpass filter to ensure an adequate signal-to-noise 

ratio, and other standard data screening protocols. 

The PGA values utilized in this study represent the 

maximum absolute acceleration recorded across all 

three components (two horizontal and one vertical). 

Earthquake data for August and September 2023 

were excluded from the main dataset because they 

were used as random data for model testing. All data 

were recorded by 667 FBA sensors, with the 

distribution of earthquake epicentres and observation 

stations shown in Figures 1 and 2. The independent 

 

Figure 1 Earthquake distribution utilized in this study. 

 

 

                                             Figure 2 Station distribution utilized in this research. 
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variables in this study include earthquake magnitude 

(M), which describes the earthquake source; focal 

depth and epicentre distance (Repi), which 

parameterize the earthquake source location [10]; and 

shear wave velocity in the soil layer to a depth of 30 

meters (Vs30), which reflects local conditions. This 

study did not include fault depth and fault distance 

parameters because fault characteristic data for all 

earthquake events were not available. 

The Vs30 parameter is used to represent site 

conditions. The Vs30 value is obtained based on the 

topographic slope proxy [11], [12], [13]. The data was 

obtained from the United States Geological Survey 

(USGS). Figure 3 shows a histogram of earthquake 

depth distribution, ranging from 1 to 643 km. Figure 

4 shows a histogram of earthquake magnitude 

distribution, varying from M1.6 to M7.9. The 

epicentre distances used in this study range from 0.56 

to 521.15 km, as shown in Figure 5, which displays a 

heatmap of the relationship between PGA (in gal) and 

epicentre distance, with the largest amount of data at 

distances greater than 100 km. Meanwhile, the Vs30 

values used in this study range from 174.672 to 

914.695 m/s, with the distribution shown in Figure 6. 

 

2.2 Exploratory Data Analysis (EDA) 

EDA is a statistical method used to identify trends 

and structures in data sets, thereby supporting the 

process of developing and refining hypotheses. EDA 

is important for obtaining an initial overview of the 

data before entering the stage of more in-depth 

analysis or hypothesis confirmation. This approach is 

exploratory and is not bound by specific model 

assumptions at the initial stage [14]. 

 The main feature of EDA is its focus on 

understanding the substance of the data, which is 

answering fundamental questions about what is 

actually happening in the data. EDA utilizes graphical 

tools—including histograms, box plots, and 

heatmaps—to analyse data distribution, identify 

outliers, and reveal correlations between variables. In 

this framework, Pearson's correlation coefficient (r) 

serves as a quantitative metric for assessing the 

strength and direction of linear relationships between 

variables. These correlation values act as initial 

diagnostic indicators to signal potential basic 

associations before advanced modeling. However, we 

acknowledge that Pearson correlation is 

mathematically limited to capturing linear 

dependencies and cannot map complex non-linear 

structures. Therefore, this linear metric is used strictly 

for preliminary data exploration, while the actual 

non-linear interactions are captured fully by the tree-

based machine learning algorithms. 

 In this study, EDA was systematically 

applied to describe the nature of the dataset and 

 
Figure 3 Earthquake density per Magnitude class. 

 
Figure 4 The histogram Density of the Vs30 (m/s). 

  

 
Figure 5 Heatmap PGA (gal) vs Distance (km). Figure 6 Earthquake density per depth class. 
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determine the optimal input parameters for Peak 

Ground Acceleration (PGA) prediction. The 

analytical approach used EDA techniques to identify 

underlying patterns, detect anomalous data points, 

and explain the relationships between variables. 

Specifically, we evaluated different input parameter 

transformations—mainly natural logarithm (ln) and 

base 10 logarithm (log10) conversions. The analysis 

focused on examining the correlation between PGA 

values and seismic parameters: magnitude (M), focal 

depth (Depth), epicentre distance (Repi), and shear 

wave velocity at a depth of 30m (Vs30), with 

logarithmic transformations applied subsequently. 

 In addition, we calculated the correlation 

coefficient (r) between the measured PGA values and 

each input parameter in its original version, which 

had been transformed using ln, and which had been 

transformed using log10. The optimal input 

parameters for ML modeling are determined through 

analysis of the average correlation values across all 

transformation combinations. In addition to 

parameter selection, the EDA methodology provides 

critical insights into data distribution patterns, 

identifies anomalous observations, and reveals 

relationships between parameters that may affect the 

performance of the PGA prediction model. The 

relationship between two variables, x and y, is shown 

by the formula used to calculate the correlation 

coefficient (r): 

 𝑟 =  
∑(𝑥 − 𝑥  )(𝑦 − ȳ)

√∑(𝑥 − 𝑥  )2√∑(𝑦 − ȳ)2
  (1)  

  

2.3 Algorithms and Hyperparameter Settings 

This study uses two ML algorithms—RF and 

XGBoost—to develop GMPM. This model integrates 

four main explanatory variables: earthquake 

magnitude (M), focal depth (Depth), epicentre 

distance (Repi), and average shear wave velocity at 

30 meters above (Vs30). Meanwhile, the expected 

response variable is the PGA value. This study 

focuses on developing a GMPM to predict PGA 

values. Here is one way to formulate a model for 

predicting PGA values: 

 Ŷ =  f(M, Repi, Depth, Vs30)   (2)  

 

where Ŷ represents the predicted PGA value in cm/s², 

and f(⋅) represents the nonlinear function formed by 

the ML algorithm used, either RF or XGBoost. 

The data used to train and test the models in this 

study was taken from a uniform source. Before the 

training process was carried out, the dataset was 

randomly divided with 70% used as training data 

consisting of 14,200 samples and 30% as test data 

consisting of 6,087 samples. In developing GMPM, 

the hyperparameters in the RF model were set to 

n_estimators = 1000 and random_state = 42. For the 

XGBoost model, the initial settings were the same as 

RF, but max_depth = 6 and learning_rate = 0.1 were 

added to control model complexity and learning 

speed. 

 

2.4 Random Forest (RF) 

Individual decision trees generally exhibit 

significant variability and tend to overfit training 

data, so that although the model may capture training 

data very accurately, its performance often declines 

when it is used on new or unfamiliar data [15]. To 

overcome this shortcoming, the RF algorithm builds 

a set of decision trees using the bootstrap sampling 

approach. RF applies bootstrap aggregation to form 

an ensemble of decision trees, thereby effectively 

overcoming the limitations found in previous 

approaches. As a supervised learning algorithm, RF 

has gained widespread adoption in various 

applications—particularly in classification and 

predictive modelling—thanks to its robustness and 

flexibility [16], [17] . 

When applied to regression with n observations, 

RF begins bootstrap aggregation by randomly 

selecting n samples with replacement to generate N 

resampled datasets. This process causes some 

samples to appear more than once, while others are 

not selected at all. Each resampled dataset then trains 

an unpruned decision tree, which is allowed to grow 

to its maximum depth. 

At each split point, the algorithm does not 

consider all features, but only f features randomly 

selected from the total F features available in the 

dataset (f<F). In other words, F is the total number of 

explanatory variables (M, Repi, Depth, Vs30), while 

f is a small subset of these variables used to evaluate 

the split at a particular node. The selection of this 

subset encourages diversity between trees and 

reduces the correlation between predictors, thereby 

improving generalization ability and reducing the risk 

of overfitting. For unseen samples, predictions are 

obtained by aggregating the outputs of all decision 

trees through averaging. The prediction equation is 

formulated as: 

 𝑌𝑝𝑟𝑒𝑑 =  
1

𝑁
∑𝑇𝑛(𝑥)

𝑁

𝑛=1

 (3)  

 

where Tₙ(x) represents the prediction of the nth tree 

for input x, and N represents the total number of trees 

in the forest. Figure 7 illustrates the workflow of the 

RF algorithm where individual decision trees 

systematically partition the seismic dataset based on 

localized feature thresholds. Each split within the 

ensemble evaluates specific combinations of 

magnitude, focal depth, epicentral distance, and 

proxy Vs30 values to minimize prediction variance. 

The final ground motion intensity prediction is 

obtained by aggregating the unweighted individual 

outputs from all trained decision trees through 

averaging. This operational framework is 

implemented via the Scikit-Learn library to ensure 
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high computational stability during national-scale 

processing [18],[19]. 

 

 

2.5 Extreme Gradient Boosting (XGBoost) 

XGBoost is a highly effective implementation of 

the gradient boosting method. Its architecture 

integrates a regularization framework that reduces the 

risk of overfitting while increasing model simplicity 

(Chen and Guestrin, 2016). Thanks to its exceptional 

computational efficiency in processing large-scale 

datasets, XGBoost has become one of the most 

widely used ML approaches. However, this algorithm 

has a higher complexity and requires a deeper 

technical understanding compared to alternative 

boosting techniques [22]. 

Figure 8 illustrates the XGBoost algorithm 

framework. The prediction workflow begins with 

building a base decision tree from a randomly 

selected training subset. Subsequent trees are then 

trained on residuals—defined as the difference 

between actual values and the current model's 

predictions. Because this process is iterative, the 

model is continuously updated so that prediction 

accuracy improves each time new residuals are 

calculated. The loss function (L), which assesses the 

extent to which predictions differ from observed 

results, is represented by the first component of the 

objective function, which is used in conjunction with 

a penalty for model complexity to avoid overfitting. 

The objective function can be expressed as follows: 

 ∑𝐿(𝑦𝑖, 𝑦𝑖) +∑𝛺(𝑓𝑖)

𝑡

𝑖=1

𝑁

𝑖=1

 (4)  

 𝛺(𝑓) =  𝛾𝐾 +
1

2
𝜆∑𝑤𝑗

2

𝐾

𝑗=1

 (5)  

where γ represents the complexity level of each leaf 

node in the tree, K refers to the total number of leaves, 

λ serves as a regularization factor, and wj corresponds 

to the value assigned to leaf j. 

 

2.6 GMPE Model Zhao et al. [23] 

In this study, the GMPE used refers to the model 

developed by Zhao et al. [23]. This model aims to 

estimate PGA in cm/s² units by considering factors 

such as earthquake magnitude, epicentre distance, 

focus depth, and location conditions. In this study, 

there are several modifications to the original model, 

particularly related to the use of site class constants 

and the replacement of the moment magnitude (Mw) 

parameter with magnitude (M). The basic equation of 

the model used is [23] : 

 

ln(𝑦) = aM − bx − ln(r) + e(h −
15)δh + FR + SI + SS +

SSL ln(𝑥) + 𝐶𝑘  

(6)  

 𝑟 = 𝑥 + 𝑐 exp(𝑑𝑀) (7)  

In this equation, y represents the ground 

acceleration measured in cm/s², M refers to the 

magnitude of the earthquake, x is the horizontal 

distance to the earthquake source, h is the focal depth, 

and hc is the critical depth used in the calculation (in 

this study, it is taken as 15 km because it provides the 

 
Figure 7 Extreme Gradient Boosting method framework [6]. 

 

 

 
Figure 8 Random forest (RF) method framework [20]. 
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best depth effect for shallow crustal events), and δh is 

1 if h≥hc and 0 otherwise. The parameters FR, SI, 

SSS, and SSL represent the source mechanism effect 

and source classification, but in this study these 

parameters are not used and are therefore ignored. In 

this study, modifications were made to the use of site 

class constants in the Zhao model, where Ck was 

calculated as Ck=f×SC. The SC value was 

determined based on site classification (Table 1), with 

SC = 1 for hard rock, SC = 2 for rock, SC = 3 for very 

dense soil and soft rock, SC = 4 for stiff soil, and SC 

= 5 for soft soil. This modification aims to simplify 

the site class function in the model, while adjusting it 

to local geological conditions and available data 

limitations. 

Although this approach ignores several detailed 

parameters found in Zhao's original formulation, the 

modification was justified in order to maintain a 

balance between model accuracy and data 

availability. Thus, the results obtained are still 

representative of regional conditions, but should be 

noted as a limitation of the study. Furthermore, 

constants a, b, c, d, e, and f were obtained through 

nonlinear regression analysis of observed ground 

acceleration records. This nonlinear approach is 

essential because the model incorporates exponential 

and logarithmic parameters—mathematical forms 

that cannot be addressed by standard linear regression 

alone. Through iterative optimization, this method 

systematically minimizes the discrepancy between 

field observations and model predictions in 

successive iterations. Convergence is achieved when 

the constant values show optimal predictive power 

relative to the underlying data distribution. 

 

2.7 Evaluation metrics 

This study uses three main metrics to evaluate 

GMPM performance: the coefficient of determination 

Table 1 NEHRP site classes [24] 

Site Class Soil Profile Name VS30 (m/s) 

A Hard rock > 1500 

B Rock 760 – 1500 

C Very dense soil and soft rock 360 – 760 

D Stiff soil 180 – 360 

E Soft soil < 180 

 

 
Figure 9 Correlation Heatmap of all features and transformation by EDA. 
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(R²), Mean Squared Error (MSE), and residual 

standard deviation. The R² metric measures the 

model's ability to explain the observed data variation. 

Conceptually, this metric represents the proportion of 

variation in the dependent variable explained by the 

independent variables in the model [25]. The R² value 

ranges from 0 to 1, and a value close to 1 indicates a 

better ability to explain the observed data variation. 

The mathematical formula for R² is as follows: 

 𝑅2 = 1 − 
∑ (𝑦𝑖 − ŷ𝑖)2𝑛
𝑖=1

∑ (𝑦𝑖 − ȳ)2𝑛
𝑖=1

 (8)  

The true value of the target in observation i is 

represented by yi in this formula. Meanwhile, ȳ 

represents the average value of all yi in the complete 

dataset, and ŷi is the value predicted by the model for 

observation i. MSE measures the degree of 

discrepancy between the recorded PGA value and the 

value generated by the model. This metric is excellent 

for identifying outliers. The quadratic component of 

this function means that large errors have a much 

greater influence, so when the model produces highly 

inaccurate predictions, the contribution of these errors 

increases significantly [25]. Models with lower MSE 

values have better prediction accuracy.  

 𝑀𝑆𝐸 =  
1

𝑛
∑(𝑦𝑖 − ŷ𝑖)2
𝑛

𝑖=1

 (9)  

In addition, the residual standard deviation 

assesses the spread of prediction errors and measures 

the extent to which the residuals deviate from their 

mean [26]. A lower value indicates a higher degree of 

agreement between the model's predictions and the 

observed data. This metric is calculated through: 

 𝜎𝑟𝑒𝑠 = √
1

𝑛
∑(𝑒𝑖 − ê𝑖)2
𝑛

𝑖=1

  (10)  

where: 

• ei = yi - ŷi = residual at observation i 

• ê = mean residual (usually close to zero) 

• n = total number of data points  

 

 

3. Result and Discussion  
Two ML models—developed using RF and 

XGBoost—were compared with the conventional 

GMPE of Zhao et al. [23]. In the GMPE, parameters 

were recalibrated through nonlinear regression. The 

selection of these models was based on their 

widespread application in Probabilistic Seismic 

Hazard Assessment (PSHA) studies in the region and 

their operational use by the Indonesian Agency for 

Meteorological, Climatological and Geophysics 

(BMKG) for shakemaps [27], [28]. Model 

performance is evaluated using several metrics: 

residual standard deviation (σres), mean squared error 

(MSE), and coefficient of determination (R2). In 

addition, probability density function analysis 

 
Figure 10 Evaluation of the performance of the three models using the R², MSE, and residual standard 

deviation metrics. 

 

 
Figure 11 Comparison of observed and predicted PGA from three models using a natural logarithm scale. 
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examines residual patterns across various magnitude 

and distance ranges while describing their statistical 

distribution. 

Based on Figure 9, a correlation was observed 

between all parameters analysed. The correlation 

results show that the PGA parameter has a negative 

relationship with Repi and Vs30. This means that as 

Repi and Vs30 increase, the PGA value tends to 

decrease. Conversely, the Magnitude parameter 

shows a positive correlation with PGA, which means 

that the greater the magnitude of the earthquake, the 

higher the PGA value. 

However, there is an interesting finding related to 

the depth parameter. Theoretically, earthquake depth 

should have a negative correlation with PGA (the 

deeper the earthquake, the weaker the surface 

vibrations). However, the correlation results show 

that Depth actually has a positive relationship with 

PGA. This may be due to the low correlation 

coefficient between Depth and PGA, indicating that 

its influence on the model is insignificant, or it may 

be influenced by the distribution of the data used. 

The best parameter used in ML modelling is 

Ln(PGA), with a correlation value of -0.375 with 

Repi, 0.285 with Magnitude, 0.134 with log₁₀(Depth), 

and -0.097 with log₁₀(Vs30). The average absolute 

correlation value is 0.223, which is considered low. 

This is likely due to the large number of parameters 

involved and the possibility that other parameters that 

have not been analysed also affect the PGA value. 

Figures 10a–c shows the coefficient of 

determination graphs for the three prediction models 

tested. A comparative analysis shows that the 

XGBoost and Random Forest algorithms perform 

much better. These two models show the highest 

coefficient of determination among the models tested. 

The XGBoost model proved to be the most superior 

with an R² value of 0.6945, followed by the Random 

Forest model with an R² value of 0.6019. Meanwhile, 

the Zhao GMPE model produced the lowest R² value, 

which was 0.4545. These results indicate that the 

XGBoost model is capable of providing more 

accurate predictions than the other two models. 

Figure 11 shows that ML-based models perform 

better than conventional methods. In addition to 

showing higher R² values, both ML models 

(XGBoost and Random Forest) also show better 

performance in MSE. The MSE values for XGBoost 

and Random Forest are recorded at 0.8885 and 

1.1575, respectively, which are lower than the MSE 

value of Zhao's GMPE model at 1.5905. A similar 

trend was also seen in the residual standard deviation 

values, where the XGBoost and Random Forest 

models produced values of 0.9422 and 1.0576, 

respectively, which were lower than the residual 

standard deviation of the Zhao GMPE model, which 

was 1.2603. 

In addition to applying the key evaluation 

indicators mentioned earlier, additional residual 

checks were performed to measure how well the three 

models performed. Residuals describe the extent to 

which the model results differ from actual 

observations. Kernel Density Estimation (KDE) 

graphs of the residuals generated by each method are 

shown in Figures 12a–c. By visualizing the 

distribution of residuals, these graphs provide 

important information about the accuracy of 

predictions and the possibility of bias in each model. 

Overall, the residual distribution pattern between 

the estimated results of the three models and the 

observed data is close to normal and centered at zero, 

indicating that the model predictions do not show any 

recognizable systematic bias. Among all models, 

XGBoost produces a KDE graph with the tightest 

spread and highest peak, indicating excellent 

prediction accuracy and consistency. The Random 

Forest model shows a slightly lower distribution peak 

and wider residual spread compared to XGBoost. 

Meanwhile, the Zhao GMPE model displays a lower 

peak and more scattered residual distribution 

compared to Random Forest, indicating relatively less 

consistent prediction performance. 

Figures 13a-c, 14a-c, 15a-c, and 16a-c illustrate 

the residual patterns with respect to epicentre 

distance, magnitude, Vs30, and depth for all analysed 

models. The purpose of these graphs is to evaluate 

whether the residual distribution is consistent with the 

characteristics of stochastic error—that is, randomly 

scattered without a systematic pattern. 

 

 
Figure 12 Distribution of predictions from three models with kernel density estimation on test data 



JURNAL METEOROLOGI DAN GEOFISIKA VOL. 27 ED. 1 2026: 51 – 67 
60 

 

 

 

 

 

 

 
Figure 13 Relationship between residual change and distance (km) for the three prediction models analysed. 

 
Figure 14 Relationship between residual change and Vs30 (m/s) for the three prediction models analysed. 

 
Figure 15 Relationship between residual change and depth (km) for the three prediction models analysed. 

 
Figure 16 Relationship between residual change and magnitude (M) for the three prediction models analysed. 
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Observations show that the residuals from the 

three models are randomly scattered around the mean 

line, which is close to zero. This indicates that the 

models do not show significant bias toward specific 

input variables and are able to represent the data well. 

The proportion of residuals within the standard 

deviation range was recorded at 73.4% for the 

XGBoost model, 71.5% for the Random Forest 

model, and 70.0% for the Zhao GMPE model. These 

figures indicate that most predictions are within an 

acceptable error range, with XGBoost showing the 

best performance in maintaining prediction 

consistency with the observed data. 

In terms of epicentre distance, all three models 

show consistent performance at both short and long 

distances, without showing any systematic residual 

patterns. However, for magnitude, the data tends to 

fall within the range of 3 to 6. Within this range, many 

residuals are classified as outliers. Outside this range, 

data is very limited, making model evaluation at 

extreme magnitudes less representative. For the Vs30 

parameter, most data falls within the range of 200 to 

600 m/s, and the residual distribution is relatively 

even. Meanwhile, data is limited in the range of 700 

to 900 m/s, where residuals tend to fall into the outlier 

category. 

As for earthquake depth, most of the data is 

concentrated at depths of less than 200 km. There is a 

gap in the data between 200 and 500 km, and only a 

small amount of data is available above 500 km. 

Interestingly, many outliers are found at shallow 

depths, while at depths above 500 km, the residuals 

tend to remain within normal limits (non-outliers). 

Overall, the residual distribution patterns of the 

three models (Random Forest, XGBoost, and Zhao 

GMPE) are relatively similar. However, the Zhao 

GMPE model shows a more uneven distribution 

compared to the other two ML models. This 

unevenness is in line with the lower R² value and 

higher MSE in the Zhao model. The evaluation results 

through performance metrics and residual analysis 

show that the model using XGBoost provides the 

most optimal results, with more stable and accurate 

predictions compared to the other models tested. 

 

3.1 Model Explanation 

The GMPE model proposed by Zhao has been 

evaluated using a nonlinear regression approach, 

resulting in the following equation: 

 

ln(𝑃𝐺𝐴) = 1.076M − 0.00313Repi
− ln(x
+ 53.7exp(−0.7M))
− 0.0004(h − 15)
+ 0.06SC 

(11) 

 

In this equation, the coefficients for the magnitude 

(M) and site class (SC) parameters are positive. This 

indicates that higher magnitudes and softer soil 

conditions at the observation site tend to strengthen 

the PGA value. Conversely, the epicentre distance 

(Repi) has a negative coefficient, indicating that the 

PGA value tends to decrease as the distance between 

the epicentre and the station increases. For depth (h), 

the coefficient is negative as theoretically expected, 

although previous analyses found a positive 

correlation with PGA. This difference is likely related 

to the low correlation strength of depth with PGA and 

the distribution of the data used. 

One of the main obstacles in ML-based models is 

their hidden nature, like a “black box,” which makes 

it difficult for researchers to understand the decision-

making mechanisms within the model. To improve 

readability, we applied the feature importance 

approach provided by the Scikit-learn library. This 

method was chosen for its computational efficiency, 

ease of implementation, and widespread use in 

various scientific studies. However, we acknowledge 

that impurity-based importance in tree ensembles can 

be inherently biased toward continuous variables with 

high cardinality [29]. Consequently, future studies 

 
Figure 17 Feature Importance plot of Random Forest and XGBoost models. 
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will implement SHAP (SHapley Additive 

exPlanations) values to provide a more robust and 

unbiased evaluation of feature contributions. 

The results of the variable contribution analysis 

are shown in Figures 17a-b, which show feature 

importance in the Random Forest and XGBoost 

models. Based on these results, epicentre distance 

(Repi) and magnitude (M) are the variables with the 

greatest contribution in predicting PGA values. On 

the other hand, focal depth shows the lowest impact, 

with Vs30 being slightly higher. 

The low importance of the depth variable in this 

study is likely due to the uneven distribution of data. 

Most data points are concentrated at depths of less 

than 200 km, while data for depths greater than 200 

km is very limited. This unevenness may reduce the 

influence of the depth variable on the shape of the 

prediction model. 

The distance between ground motion monitoring 

stations and the earthquake source is generally 

represented by the hypocentre distance (Rhypo) in 

previous studies. This parameter measures the 

hypocentre distance—the measurement between the 

monitoring station and the location of the earthquake 

source on the fault plane. By combining the epicentre 

coordinates and depth, Rhypo provides a more 

accurate source-to-location distance measurement 

than the epicentre distance alone [30]. Rhypo 

effectively overcomes the limitations arising from 

uneven depth distribution by functioning as a good 

distance parameter. Meanwhile, Vs30 shows a low 

level of importance because its value is obtained 

indirectly through a global model based on 

topographic slope proxies, rather than from MASW 

or borehole measurements. As a result, the actual site 

conditions are not fully represented.  

Many studies highlight that Vs30 plays a critical 

role when obtained through direct measurement 

methods. For example, Seo et al.  [31] showed that 

Vs30 values obtained from MASW ranked second 

after earthquake magnitude and epicentre distance in 

predicting ground motion intensity—especially in the 

seismic region of South Korea. Similarly, Japanese 

research consistently emphasizes the integral role of 

Vs30 in developing ground motion prediction models 

for shallow crustal earthquakes, with findings largely 

based on borehole datasets [32]. The results show that 

Vs30 emerges as the main parameter when local site 

conditions are analysed using data obtained from 

MASW/borehole [33]. These findings emphasize the 

importance of expanding research in Indonesia to 

obtain more accurate Vs30 values through direct field 

measurements. High-quality Vs30 data will not only 

improve the accuracy of PGA predictions but also 

enable the development of predictive models for 

additional parameters—such as Peak Ground 

Velocity (PGV)—in future research. 

 

3.2 Performance Validation Using Random 

Seismic Data 

As explained earlier, the XGBoost model showed 

superior performance compared to other algorithms, 

so it was chosen as the GMPM for this field of 

research. In addition to using test data, this study also 

conducted additional validation by utilizing a dataset 

that was not included in the training or testing 

process, with the aim of evaluating the model's 

performance more objectively. This dataset consists 

 
Figure 18 Comparison of observed and predicted values for four random earthquakes using the XGBoost model. 
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of four randomly selected earthquake events that 

occurred in August and September 2023, namely: M 

3.5 at a depth of 15 km on September 3, 2023; M 3.7 

at a depth of 3 km on August 1, 2023; M 4.2 at a depth 

of 5 km on September 17, 2023; and M 6.5 at a depth 

of 12 km on August 23, 2023. 

Figures 18a-d show graphs comparing the 

observed values with the predicted values from the 

XGBoost model at each recording station for the four 

earthquake events. The R² values obtained for each 

event—0.7773, 0.6584, 0.5564, and 0.6634—

indicate a strong correlation and are close to the 

overall R² value of the XGBoost model (0.6945). The 

analysis results show that this model is capable of 

estimating ground movement levels with high 

accuracy, including when applied to new earthquake 

data that has never been used in the model training 

and testing stages. 

 

3.3 Limitations and Future Works 

While the XGBoost model demonstrates 

promising preliminary performance for predicting 

PGA in Indonesia, this national-scale study possesses 

several methodological limitations that will be 

addressed in future developments. First, the current 

ML models and the modified Zhao (2006) GMPE 

were developed without source classification terms 

such as interface, intraslab, and shallow crustal 

settings. This specific design was intentionally 

chosen to test predictive capabilities using only 

rapidly available parameters for potential rapid-

assessment applications where focal mechanisms are 

not immediately known. Consequently, the modified 

GMPE served solely as an input-equivalent baseline 

rather than a fully realized physical model. 

It is fully acknowledged that ignoring these 

complex tectonic source types compromises the 

overall physical validity of the predictions. 

Furthermore, the utilization of a purely random 

train/test split introduces a potential risk of data 

leakage across the events, a well-documented issue in 

GMPE-ML [34], [35]. The choice of epicentral 

distance as a primary feature is also geometrically 

suboptimal for deep intraslab earthquake events 

within the region. Finally, the present evaluation 

relies heavily on aggregate error metrics without 

incorporating a standard residual decomposition 

protocol as expected by the seismic community [36]. 

Future studies will prioritize addressing these 

structural and methodological challenges to improve 

prediction reliability. The upcoming model iterations 

will incorporate Slab2.0 geometry to achieve a 

rigorous and physically sound source classification. 

Transitioning to hypocentral distance will provide a 

more accurate parameterization of wave propagation 

paths across varying depths. Additionally, 

implementing event-based cross-validation and full 

between-event and within-event residual 

decomposition will align the research with current 

seismological best practices. 

 

4. Discussion 
XGBoost consistently outperforms Random 

Forest thanks to its systematic and adaptive learning 

framework. Unlike Random Forest's bagging 

approach—which builds multiple independent 

decision trees that are combined through averaging or 

voting—XGBoost's boosting methodology 

sequentially builds decision trees, with each new tree 

specifically targeting the error from the previous 

iteration. During optimization, XGBoost improves 

model accuracy by utilizing the first and second 

derivatives of the loss function. Its integrated 

regularization mechanism simultaneously reduces the 

risk of overfitting. Additional advantages—such as 

adaptive learning rate control, automatic handling of 

missing data, and high computational efficiency—

collectively support XGBoost's superior performance 

on large and complex datasets. 

Residual analysis provides critical diagnostic 

insights into model accuracy and potential bias. 

Kernel Density Estimation (KDE) visualization 

shows that most models exhibit minimal bias, as 

evidenced by residual distributions centred around 

zero. However, the presence of outliers and secondary 

peaks in the Random Forest and Zhao GMPE 

predictions indicates systematic bias. This inaccuracy 

is likely due to data limitations—particularly within 

certain magnitude ranges—or unrecorded local 

geological conditions. In contrast, the XGBoost 

residual distribution shows better symmetry and 

simplicity, indicating higher resistance to outliers and 

better, more consistent predictions.  

Because it provides more uniform and consistent 

coverage across the region without relying on limited 

field measurement data, the use of Vs30 data from the 

USGS global model on a national scale, such as in 

Indonesia, is considered relevant. This model is based 

on a topographic slope proxy that has been shown to 

have a strong correlation with Vs30 values 

worldwide[12], [13]. The evaluation study also 

showed that the performance of proxy models, 

including slope-based approaches, did not differ 

significantly from geological or topographical 

estimates when compared to measured VS30 data 

[37]. Therefore, the use of the full USGS global 

dataset in this study is considered sufficiently 

representative as a basis for preliminary analysis of 

PGA values in Indonesia, especially on a national 

scale, prior to further validation with field 

measurement data. 



JURNAL METEOROLOGI DAN GEOFISIKA VOL. 27 ED. 1 2026: 51 – 67 
64 

 

Based on Figure 18, it can be seen that the 

predictions from XGBoost have a consistent pattern, 

namely that the further the distance from the 

epicentre, the lower the PGA value. However, at 

some points there are small fluctuations that are not 

significant. This is due to other factors that affect each 

location, one of which is the Vs30 value. This finding 

is consistent with Figure 17, which shows that the 

earthquake epicentre distance variable has a high 

level of importance, while Vs30 has a smaller 

influence. 

In Figure 18b, the prediction for the M 3.7 

earthquake shows that there are stations at a distance 

of 200–250 km and around 400 km whose PGA 

values deviate from the XGBoost model prediction 

path. However, the main prediction pattern remains 

consistent and does not deviate too far. This indicates 

that the spike in PGA values at several stations is 

likely influenced by other local factors that are not 

represented in the model. 

Furthermore, in Figure 18d for the M 6.5 

earthquake, it can be seen that the PGA prediction 

pattern follows a downward trend as the distance 

from the epicentre increases. As in the previous case, 

there are small fluctuations at several points that are 

influenced by the Vs30 value. Overall, these results 

show that the XGBoost ML method is capable of 

providing PGA value predictions with fairly good and 

consistent performance. 

However, it should be noted that the prediction 

results obtained from statistical methods, including 

ML algorithms, can only be considered valid to the 

extent that the data used to train the model [30]. 

GMPM is built using specific historical data as the 

basis for training, so its ability to predict events 

outside the scope of the training data tends to be 

limited. Therefore, this model needs to be updated 

regularly by adding more data and variations, 

especially for magnitude ranges that currently have 

limited representation. In addition, incorporating 

additional geophysical variables—such as location 

elevation, slope, fault mechanism, earthquake source 

classification, radiation patterns, and directivity 

effects—as well as information about local 

subsurface structures, will improve the model's 

accuracy. Overall, the use of the latest earthquake 

data and real-time model adjustments are essential to 

maintain the reliability and accuracy of predictions in 

the long term.  

In line with this, the use of the latest earthquake 

data and real-time model adjustments are important 

aspects for maintaining the reliability of long-term 

predictions. This is in line with the view that 

earthquake risk mitigation practices in various 

countries begin with a reliable risk assessment before 

determining building retrofit targets and strategies. 

Thus, the development of ML models based on more 

representative earthquake data has the potential to 

strengthen the risk mitigation process in Indonesia. 

These models not only provide more accurate 

predictions but can also serve as a stronger basis for 

the formulation of future seismic resilience policies 

[38]. 

 

5. Conclusion  
This study developed a Ground Motion Prediction 

Model (GMPM) specifically for Indonesia as 

preliminary research to improve the accuracy of 

ground motion predictions. The data used consisted 

of 20,287 PGA records from 1,573 earthquake events 

recorded by 667 BMKG accelerometer stations 

throughout Indonesia (January 2023–April 2025). 

Data from August–September 2023 was intentionally 

excluded as a validation set, resulting in a magnitude 

range of 1.6–7.9. The data was divided into training 

and testing partitions with a 70:30 ratio. 

We implemented prediction models using 

Random Forest (RF) and Extreme Gradient Boosting 

(XGBoost) algorithms, comparing their performance 

with the conventional GMPE approach of Zhao et al. 

[23]—which was recalibrated through nonlinear 

regression. ML inputs included magnitude (M), 

epicentre distance (Repi), base-10 logarithm of depth, 

and base-10 logarithm of Vs30. Exploratory Data 

Analysis (EDA) identified the natural logarithm of 

PGA as the target variable due to its strongest 

correlation with the input parameters. 

Model performance was evaluated using several 

metrics: residual standard deviation, Mean Square 

Error (MSE), coefficient of determination (R²), and 

residual distribution analysis. The results consistently 

showed the superiority of the ML model over Zhao et 

al. [23] GMPE, with XGBoost achieving optimal 

accuracy. Residual analysis confirmed these findings, 

showing random dispersion of XGBoost around zero 

without systematic bias. Kernel Density Estimation 

(KDE) further confirmed the near-normal distribution 

of residuals with a mean close to 0. 

The selected XGBoost model underwent 

additional validation using four earthquakes from 

August–September 2023 that were excluded from the 

training process. The predictions showed strong 

agreement with the observed data, confirming the 

model's ability to estimate ground acceleration well. 

Feature importance analysis within the current model 

framework indicates magnitude and epicentral 

distance as the dominant predictors for ground 

motion. However, the apparent low influence of Vs30 

is primarily attributed to the reliance on a topographic 

slope proxy rather than direct borehole or MASW 

measurements. It is highly expected that 

incorporating high-quality, direct Vs30 field data in 

future regional studies would significantly elevate its 

predictive importance. Therefore, the current low 

feature importance of site conditions must be 

interpreted strictly as a data limitation rather than a 

physical reality. With its good performance and 

validated results, the XGBoost-based GMPM 

emerges as a reliable PGA prediction tool for 

Indonesia. This model has the potential to improve 
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the accuracy of ground motion estimates, strengthen 

disaster mitigation strategies, and reduce the risk of 

casualties in future major earthquakes [39], [40]. 
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