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Abstract: Accurate prediction of peak ground acceleration (PGA) is crucial for seismic hazard assessment and earthquake-resistant design.
Traditional regression-based ground motion prediction equations often fall short in capturing the complex, nonlinear interactions among
earthquake parameters. This study proposes a machine learning approach using a random forest (RF) model to predict PGA based on five
key input variables: moment magnitude (Mw), closest distance to the rupture plane (ClstD), hypocentral depth, rake angle, and average
shear wave velocity in the top 30 meters (Vs30). A comprehensive dataset of 16,211 ground motion records from the Pacific Earthquake
Engineering Research Center (PEER), Updated NGA-WEST2 Flatfile was used. The RF model was optimized through Grid Search and
5-fold cross-validation, achieving high predictive performance with R² scores of 0.948 on training data and 0.928 on test data. Feature
importance analysis indicated Mw and ClstD as the most influential parameters. The study demonstrates the robustness, accuracy, and
generalization capability of the RF model, confirming its potential as a valuable tool in seismic risk analysis and providing a foundation for
future development of more adaptable, data-driven models in earthquake engineering.
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1. Introduction

An earthquake is a natural phenomenon that cannot be pre-
vented by human intervention and represents a significant natural
hazard, posing substantial risks to human life and property. The
intensity and potential for damage become more critical in proxim-
ity to populated regions, particularly those situated within tecton-
ically active zones. When an earthquake occurs, waves of energy
rapidly travel from the earthquake’s center through the ground.
When these waves reach the surface, they cause the ground to
shake, sometimes for just a few seconds, and other times for sev-
eral minutes. The strength and duration of the shaking depend on the
earthquake’s magnitude, the distance from the source, and the local
ground conditions. If the area is close to the hypocenter or the rup-
ture plane of the fault, the shaking can be extremely strong and cause
severe damage. Designing earthquake-resistant structures requires
accurate prediction of strong groundmotions and their impact on the
built environment. One of the fundamental components of seismic
risk assessment is estimating the expected ground motion parame-
ters at a given distance from an earthquake of known magnitude [1].
Generally, these parameters are typically grouped into two broad
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categories: time-domain and response-domain measures. The time-
domain set encompasses quantities such as peak ground acceleration
(PGA), peak ground velocity (PGV), and peak ground displace-
ment (PGD), which describe the maximum amplitudes of motion
irrespective of structural behavior. Owing to their independence
from the dynamic properties of structures, these parameters remain
the most commonly adopted indicators in practical earthquake
engineering applications [2].

Among these parameters, peak ground acceleration is the most
widely employed indicator in seismic hazard assessments [3]. PGA
indicates the maximum acceleration of the ground during an earth-
quake, which is the most widely used parameter in seismic hazard
assessments [4].

Accurate prediction of peak ground parameters, especially
PGA, is a cornerstone of seismic hazard assessment and earthquake
engineering, as it directly informs structural design, risk mitigation,
and disaster preparedness [5]. It is typically estimated using attenua-
tion relationships; these relationships predict PGA based on factors
such as earthquake magnitude, the distance between the earthquake
source and the site, local ground conditions, the nature of the fault
(e.g., strike-slip, normal, or reverse), and how seismic waves travel
through the Earth [1, 6].

The aforementioned attenuation relationships, known as
ground motion prediction equations (GMPEs), are empirically
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derived through regression analyses and have served as the primary
predictive framework in seismic hazard studies for several decades
[7, 8].

Despite their widespread use, GMPEs are inherently con-
strained by their reliance on log-linear functional forms and
simplifying statistical assumptions, which often fail to capture the
highly nonlinear and multidimensional relationships among seismic
predictors. These models average data across regions and assume
normally distributed residuals, thereby overlooking critical local
variations in soil stratification, damping, and geological heterogene-
ity. As a result, GMPEs frequently yield biased predictions when
applied outside their calibration regions, particularly in areas with
strong site effects or complex stratigraphy, leading to systematic
under- or overestimation of PGA values [9, 10]. Early regression-
based efforts [7, 11–12] contributed to the development of GMPEs,
but their limited flexibility andoversimplification of earthquake
processes highlight the need for more advanced approaches.

In response to these limitations, machine learning (ML) algo-
rithms have gained increasing attention in earthquake engineering.
ML methods are capable of modeling nonlinear, high-dimensional
relationships in seismic data, making them suitable for captur-
ing the complex interactions between earthquake source, path, and
site parameters. They have been successfully applied in diverse
earthquake-related tasks, including seismic signal processing, earth-
quake detection, structural damage assessment, and ground motion
modeling [13–22]. Recent studies emphasize ML’s potential to
overcome the limitations of GMPEs, providing more accurate and
flexible predictions of ground motions, particularly PGA, when
combined with large ground motion datasets [2, 6, 23].

The present study addresses this gap by integratingmodernML
with the Pacific Earthquake Engineering Research Center (PEER),
Updated NGA-WEST2 database [24]. A random forest (RF) algo-
rithm is developed to predict PGA using five key input parameters:
moment magnitude (Mw), closest distance to the rupture plane
(ClstD), hypocenter depth (D, km), rake angle (RA, °), and aver-
age shear wave velocity in the upper 30 meters (Vs30, m/s). By
leveraging both the nonlinear modeling capabilities of RF and the
comprehensive NGA-West2 dataset, this study aims to establish a
more reliable framework for PGA prediction.

The remainder of this paper is organized as follows: Section 2
reviews related studies, Section 2.1 outlines the dataset and the
preprocessing steps used for model development, while Section
2.1.1 describes the ground motion parameters employed in this
study. Section 3 introduces the overall research methodology, with
Sections 3.1 and 3.2 focusing on the development and imple-
mentation of the RF ML model. Section 4 presents the results
and discussion of the model’s performance, and finally, Section 5
concludes the study with a summary of key findings and recomm-
endations for future research.

2. Related Studies

Numerous studies have been carried out to predict peak ground
motion parameters during earthquakes using both traditional and
advanced computational approaches. Güllü and Erçelebi (2007)
employed an artificial neural network (ANN) model based on the
Fletcher–Reeves conjugate gradient back-propagation algorithm to
estimate PGA values from Turkish strong-motion records. The
model utilized earthquake magnitude, source-to-site distance, and
local site conditions as inputs, with PGA as the sole output param-
eter. The obtained correlation coefficients of 0.9801, 0.9923, and
0.9637 across three datasets confirmed the ANN’s ability to cap-
ture nonlinear dependencies among seismic predictors. Compared

with traditional regression methods, the ANN yielded superior pre-
dictive accuracy, and the use of a single hidden layer with the
Fletcher–Reeves method further improved its performance. These
results demonstrate that ANN-based models can effectively repre-
sent attenuation characteristics and enhance the understanding of
seismic parameter influence on PGA [3].

Similarly, Derakhshani and Foruzan (2019) developed deep
neural network (DNN) models to estimate the three key time-
domain parameters of ground motion such as PGA, PGV, and
PGD using data from the comprehensive NGA-West2 database of
the PEER. By incorporating multiple hidden layers and neurons,
the DNN framework captured more complex nonlinear relation-
ships than conventional ANNs. The models achieved correlation
coefficients of 0.902, 0.899, and 0.911 for PGA, PGV, and PGD,
respectively, outperforming earlier soft computing techniques.
Moreover, lower root mean square error (RMSE), mean absolute
error (MAE), and mean absolute percentage error values confirmed
their enhanced accuracy and generalization capability [25].

In a more recent study, Mandal and Mandal (2024) utilized the
XGBoost algorithm, a supervised ML technique, to predict PGA in
the Kachchh region of Gujarat, India. Using inputs such as earth-
quake magnitude, focal depth, epicentral distance, and Vs30, the
model, which was trained on 244 data points, achieved excellent
performance (R = 0.994 for the full dataset and R = 0.844 for the
test set) [26].

Furthermore, Javan-Emrooz et al. (2018) focused on vertical
ground motion components, addressing a major research gap in Ira-
nian seismic studies, which had previously concentrated primarily
on horizontal parameters. Analyzing 463 three-component records
from 107 events (Mw 4.5–7.4, ≤100 km) recorded between 1976
and 2016, they applied Prefix Gene Expression Programming to
derive GMPEs for PGA, PGV, and PGD without assuming pre-
defined regression forms. Their findings highlighted the potential
of symbolic ML in developing flexible and data-driven attenuation
models [4].

In summary, the reviewed literature illustrates a clear evo-
lution from traditional regression-based GMPEs toward ML and
deep learning methodologies. Techniques such as ANN, DNN, and
XGBoost have consistently shown superior capability in model-
ing the nonlinear andmultidimensional relationships among seismic
predictors

2.1. Dataset description

The PEER, Updated NGA-WEST2 Flatfile Vertical 5% damp-
ing dataset [24] is employed in this study. The entire database is
filtered based on the closest distance to the rupture plane (ClstD
in km) up to 500 km, fault type identified by the RA, Mw ranging
from 3.40 to 7.90, and hypocentral depth from 1.8 km to 81.0 km.
After filtering, the employed dataset comprises a total of 16211 data
points.

The input variables used for the RF model included Mw,
RA, hypocentral depth, and Vs30. The target variable was the log-
arithm of peak ground acceleration (log(PGA)). Prior to model
training, all records containing missing or incomplete entries were
removed. Outliers were identified through visual inspection of vari-
able distributions for all input and output parameters and excluded to
minimize their influence on the dataset. Continuous variables were
normalized using the StandardScaler() function from the Scikit-
learn library to achieve consistent scaling across all parameters.
As the dataset contained no categorical variables, additional encod-
ing was not required. These preprocessing steps ensured that the
final dataset was complete, statistically balanced, and free from
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anomalies, making it suitable for reliable model development and
validation.

The statistical distribution of each variable is illustrated in
Figure 1. The horizontal axis of each plot represents the range of
values (or bins) for a specific variable, while the vertical axis (fre-
quency) quantifies the number of data points falling within that
range. Table 1 provides the basic statistical summary for the five
input parameters and the single output parameter used in the RF
model, summarizing key measures, minimum, maximum, mean,
median, and standard deviation values across the entire dataset.

The relationships between the input variables and the PGA are
presented in Figure 2 as a correlation heatmap based on Pearson cor-
relation coefficients, which range from −1 to +1. These coefficients
quantify the strength and direction of the linear association between
each pair of variables. In this heatmap, darker blue colors indicate
stronger positive correlations, while lighter shades represent weaker
or even negative correlations.

Among the input variables, Mw exhibits the strongest pos-
itive correlation with the logarithm of peak ground acceleration

(Log10(PGA)), with a correlation coefficient of r = 0.66, suggest-
ing that larger magnitude earthquakes are associated with higher
ground motion intensities. This is followed by RA and hypocentral
depth, which show weaker positive correlations with Log10(PGA)
(r = 0.15 and r = 0.13, respectively), indicatingmodest contributions
to ground motion variability.

In contrast, ClstD and Vs30 exhibit negative correlations with
Log10(PGA), with r = −0.55 and r = −0.33, respectively. This sug-
gests that as the rupture distance increases or the ground becomes
stiffer, the PGA tends to decrease. Notably, Vs30 also has a nega-
tive correlation with Mw (r = −0.21), potentially reflecting regional
geological trends.

The weakest correlations are observed among depth, RA, and
ClstD, with several near-zero or slightly negative values (e.g., RA
and ClstD, r = −0.0058), indicating minimal direct linear relation-
ships. These results highlight that while some variables likeMw and
ClstD strongly influence PGA, othersmay interact inmore complex,
nonlinear ways that require advanced modeling techniques such as
ML models for accurate prediction.

Figure 1
Histogram distributions of input and output variables: Closest distance to the rupture plane (ClstD), hypocentral depth, shear

wave velocity in the top 30 meters (Vs30), rake angle (RA), moment magnitude (Mw), and the logarithm of peak ground
acceleration (Log10(PGA))
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Table 1
Basic statistical summary: Minimum, maximum, range, mean, median, and standard deviation values of

input and output parameters

Parameters Mw RA (deg) Depth (km) ClstD (km) Vs30 (m/s) Log10 (PGA)
Minimum 3.40 –180.00 1.80 0.05 89.32 –6.51
Maximum 7.90 180.00 81.00 1532.66 2100.00 2.55
Range 4.50 360.00 79.20 1532.61 2010.68 9.06
Mean 5.31 35.27 10.53 117.74 460.19 –2.63
Median 5.03 90.00 10.00 97.93 405.00 –2.50
Standard deviation 1.19 126.54 3.77 87.94 204.48 1.07

Figure 2
Correlation heatmap illustrates the linear relationships

between input variables and PGA

2.1.1. Ground motion parameters used in the study
In this research, the variables selected as predictors are Mw,

RA, hypocentral depth, and Vs30, while the PGA is considered
the response variable. The Mw expresses the total seismic energy
released at the source. Although several other magnitude scales such
as the surface wave magnitude (Ms), the body wave magnitude
(Mb), the local magnitude (ML), and the duration magnitude (Md)
are often reported, Mw was used exclusively in this study. When
other magnitude types were encountered, they were converted to
Mw through empirical correlations available in previous research
[27]. The RA represents the direction of slip along the fault and
assists in identifying the type of fault mechanism involved. The
hypocentral depth describes the point beneath the surface where
the earthquake begins, expressed in kilometers. The parameter
Vs30, measured in meters per second, reflects the mean shear wave
velocity within the upper 30 meters of soil and is commonly
applied to define site conditions. Finally, PGA corresponds to the
maximum ground acceleration recorded during a seismic event and
serves as an important measure of shaking severity and structural
response.

3. Research Methodology

3.1. Methodology and model development

This study employed the RF ML algorithm to predict the hori-
zontal component of PGA. A dataset comprising 16,211 data points

was utilized for the model development. The data was split into two
subsets: 80% (12968 data points) were used for training, and 20%
(3243 data points) were used for testing the final model.

To enhance the model’s predictive performance and general-
ization ability, hyperparameter tuning was performed using grid
search in combination with 5-fold cross-validation. Instead of rely-
ing on the default parameters provided by the Scikit-learn library,
the optimization process systematically evaluated 120 parameter
combinations, resulting in a total of 600 model fits. The grid search
explored four main parameters: maximum tree depth (max_depth)
in the range of 3–10, number of trees (n_estimators) from 100 to
500, number of features considered at each split (max_features) as
“sqrt” and “log2,” and minimum samples required at a leaf node
(min_samples_leaf) between 1 and 4.

The best-performing combination of parameters for the model
was max_depth = 10, n_estimators = 500, max_features = “sqrt,”
and min_samples_leaf = 1. The optimized model achieved a
cross-validated coefficient of determination (R²) score of 0.9216,
indicating strong predictive performance during training. When
evaluated on the test dataset, it produced an R² of 0.9284 and an
RMSE of 0.2875, confirming its excellent generalization capabil-
ity. The close agreement between the cross-validated and test set R²
values indicates that the model is neither underfitted nor overfitted
and that the adopted 5-fold cross-validation approach ensured stable
performance across different data partitions.

The hyperparameters used in the model are detailed as fol-
lows. The max_depth is set to 10, limiting the maximum depth of
each decision tree to prevent overfitting by avoiding overly com-
plex trees. The n_estimators parameter is set to 500, indicating the
number of trees in the forest. While increasing this value gener-
ally enhances performance, it also raises computational time. The
max_features parameter is set to “sqrt,” meaning that at each split,
only the square root of the total number of features is considered,
that is, an approach commonly used in classification problems.
Lastly, min_samples_leaf is set to 1, allowing leaf nodes to contain
a minimum of one sample. This setting enables fine-grained splits
that can better capture training patterns but may also lead to overfit-
ting if not properly managed [28]. The methodological chart of the
study is shown in Figure 3.

At the end, various statistical metrics were used to evaluate the
performance of the developed ML models, including RMSE [Eq.
(1)], MAE [Eq. (2)], and the R² [Eq. (3)]. Each metric highlights
a different aspect of model accuracy. As noted by Kumar et al.
[29], RMSE reflects the standard deviation of prediction errors and
penalizes larger errors more heavily. MAE provides the average
magnitude of errors between predicted and actual values, offer-
ing a clear measure of overall accuracy. R² indicates how well the
model explains the variability in observed data. Collectively, these
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Figure 3
Flowchart illustrating the methodology followed in this study

metrics enable a robust and comparative assessment of the models’
predictive performance and reliability [30].

RMSE = 1
n√∑n

i=1 (yActual_PGA − yPredicted_PGA)2 (1)

MSE=1
n
∑n

i=1
(yActual_PGA − yPredicted_PGA)2 (2)

R2 = 1 − ∑n
i=1 (yActual_PGA − ypredicted_PGA)2∑n

i=1 (yActual_PGA − y )2 (3)

In these formulas, n represents the number of samples, while ȳ
denotes the mean of the actual values in the dataset.

3.2. Random forest

ML has been widely adopted in earthquake engineering over
recent years, driven by its success in modeling nonlinear systems
across many scientific domains. Techniques such as ANNs, sup-
port vector machines, gradient boosting machines, and RF have
been explored for seismic hazard applications, often demonstrat-
ing better predictive performance than GMPEs. ML methods are
particularly well suited for handling large datasets, where multi-
collinearity and nonlinear dependencies can obscure relationships in
conventional regression models. Recent research has demonstrated
that ML models can reduce residual variance and provide more
accurate estimates of PGA and spectral accelerations when trained
on large-scale ground motion datasets [31–33].

Among ML models, ensemble approaches such as RF have
emerged as especially powerful tools, which is an ensemble-based
ML algorithm that builds multiple decision trees by utilizing boot-
strapped subsets of the dataset and randomly selecting features at
each split [28, 34]. In regression tasks, the final output is determined

by averaging the predictions from all individual trees, while in
classification tasks, it relies on majority voting. Each tree in the for-
est is trained on a unique subset of data created through sampling
with replacement, a technique known as bagging [13, 35]. This pro-
cess introduces variation among the trees, as not all data points are
used in training each tree.

The data points that are left out during the training of a specific
tree, referred to as out-of-bag (OOB) samples, serve as a built-in
validation set [36]. These OOB samples are instrumental in estimat-
ing the prediction error without the need for a separate validation
dataset.

Moreover, instead of evaluating all features at every split, RF
selects the best splitting feature from a randomly selected sub-
set. This random feature selection reduces inter-tree correlation
and boosts the ensemble’s generalization ability, even if it means
individual trees may be slightly less accurate.

The architecture of the RF model is illustrated in Figure 4.

4. Results and Discussion

The results of the developed RF model are presented in
Figures 5 and 6. Figure 5 shows the model’s prediction performance
on the training dataset. Performance metrics such as R2 = 0.948,
RMSE = 0.244, and MSE = 0.060 indicate that the model fits the
training data well, demonstrating a high prediction capability.

Figure 6 illustrates the model’s prediction results on the test
dataset. Similar to its performance on the training data, the model
performs well on the test data, as shown by the evaluation metrics:
R2 = 0.928, RMSE = 0.288, and MSE = 0.083. These results con-
firm that the developed model generalizes effectively and maintains
strong predictive performance on unseen data.

Additionally, the performance of the trained model was eval-
uated against previous studies that predicted PGA. As summarized
in Table 2, the proposed RF model demonstrates performance lev-
els consistent with other state-of-the-art approaches, such as ANN,
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Figure 4
Schematic representation of the random forest algorithm architecture, illustrating the ensemble of decision trees and the voting

mechanism

Figure 5
Prediction performance of the random forest model on the

training dataset

DNN, and XGBoost, confirming its reliability and robustness across
diverse datasets.

The feature-important results of the developed RF model are
presented in Figure 7. Feature importance provides insight into how
much each input variable contributes to the prediction made by the
model. In this context, the importance values are normalized and
indicate the relative influence of each feature in determining the
model’s output.

As shown in Figure 7, the most influential features are Mw and
closest distance to the rupture plane (ClstD), with importance scores

Figure 6
Prediction performance of the random forest model on the test

dataset

of approximately 0.52 and 0.39, respectively. These two variables
contribute the most to the model’s prediction accuracy. In contrast,
depth, Vs30, and rake angle (RA) have significantly lower values,
each contributing less than 0.05, indicating that their impact on the
model’s prediction is minimal.

This result suggests that seismic magnitude and proximity to
the site are the dominant factors influencing the target variable in
this model. These findings are consistent with established geotech-
nical understanding, where ground motion parameters are more
strongly affected by the magnitude and distance of seismic events.
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Table 2
Comparison of the predictive performance of the proposed RF model with previously published ANN, DNN,

and XGBoost models for PGA prediction

Study Model type Data R or R2 (test)
Güllü and Erçelebi [3] Artificial neural network Turkish Strong Motion 0.964
Derakhshani and Foruzan [25] Deep neural network NGA-West2 0.902
Mandal and Mandal [26] XGBoost CSIR-NGRI, Hyderabad 0.844
This Study Random forest NGA-West2 0.928

Figure 7
Importance levels of input variables in the random forest

model for PGA prediction

5. Conclusion

This study successfully developed a robust and reliable random
MLmodel to predict the horizontal component of PGA using a com-
prehensive dataset of 16,211 groundmotion records. The model was
optimized through grid search with 5-fold cross-validation, ensuring
strong performance and generalization capabilities.

The optimized model achieved an R² score of 0.948 on the
training data and 0.928 on the test data, with corresponding RMSE
values of 0.244 and 0.288 and MSE values of 0.060 and 0.083,
respectively. These results indicate that the model is well-fitted,
generalizes effectively, and maintains high predictive accuracy on
unseen data.

Feature importance analysis revealed that Mw and closest dis-
tance to the rupture plane are the most influential predictors of
PGA, which is consistent with the physical principles of earthquake
ground motion. Larger magnitudes release greater seismic energy,
resulting in stronger shaking amplitudes and higher PGA values,
while PGA decreases with increasing distance from the rupture due
to geometric spreading and energy dissipation through surround-
ing materials. The combined influence of Mw and ClstD reflects
the balance between source energy and attenuation effects, where
high-magnitude earthquakes occurring at short distances generate
the most intense ground motions. These findings align well with
the observations reported in recent literature [37, 38]. Other fea-
tures such as Depth, Vs30, and RA contributed marginally to the
prediction outcome.

As discussed in the introduction, PGA is a key parameter in
seismic hazard assessment and earthquake-resistant design because
it directly influences structural performance and risk evaluation.
The RF model developed in this study provides an efficient and

data-driven approach for estimating PGA across a broad range of
geological and seismic conditions. Trained on a large and diverse
dataset, the model can predict PGA more accurately than tradi-
tional GMPEs. It can be used to estimate PGA values and perform
sensitivity analyses within the scope and limitations of this work.

Overall, the study demonstrates the strong potential ofML, par-
ticularly RF algorithms, for accurately predicting seismic ground
motion parameters. The findings highlight the central role of Mw
and rupture distance in controlling PGA and offer a valuable frame-
work for seismic hazard evaluation and earthquake-resistant design
applications.

Recommendations

Although the primary focus of this study was to develop an
RF model for predicting PGA, there are numerous other ML mod-
els capable of predicting peak ground motion parameters. Future
researchers are encouraged to explore and compare the performance
of models such as gradient boosting, support vector regression, and
DNNs. Additionally, statistical models can be developed and bench-
marked against ML models to evaluate their relative prediction
accuracy and interpretability.
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