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Abstract: Among various natural disasters, earthquakes can produce tremendous life loss and 

extensive damage to public and private property, particularly in densely populated areas. To facilitate 

immediate protective actions, earthquake early warning (EEW) was developed to provide a lead time 
of a few seconds to minutes before impending ground motions at specific sites. Conspicuously, 

enhancing the prediction of peak ground acceleration (PGA) and the estimations of seismic intensities 

is crucial for EEW systems to be protective. Numerous methods have been employed to predict PGA 
and estimate intensities, and we aimed to achieve these objectives through the rapid advancements in 

machine learning (ML) techniques. Instead of using time histories directly, the site parameters and the 

P-wave features were treated as inputs and trained using supervised learning approaches, including 
neural networks and decision trees, to generate accurate predictions, thereby creating a more efficient 

ML model. Apparently, the performance of these models depends on the training inputs, the ML 

models/algorithms, and the validation processes; thus, they were compared and discussed in this study. 
Consequently, the importance of the site parameters was demonstrated, including the high-frequency 

attenuation rate, the shear wave velocity, and the horizontal depth associated with significant shear 

wave velocities. In addition to the conventional ML models, an ensemble framework combining neural 
networks and decision trees was proposed to capitalize on the advantageous and disadvantageous 

characteristics of the individual models. The effectiveness of the proposed ensemble framework in 

predicting PGA and estimating seismic intensities was evaluated using performance metrics. The 
enhancement after integrating the site parameters and the proposed ensemble framework was 
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thoroughly demonstrated via the accuracy, recall, precision, F1 score, and false alarm rate (FAR). This 

comparison also highlights the reliability of applying the proposed ML model in EEW systems, and 
the recent advances of ML make them especially suitable for emergency response and decision-making. 

Keywords: earthquake early warning; on-site; site parameter; P-wave feature, peak ground 

acceleration; seismic intensity; ensemble model 
 

1. Introduction 

Earthquakes rank among the most devastating natural disasters, frequently resulting in significant 

destruction, especially in areas with high population density. The aftermath of such events can lead to 

considerable life loss and extensive damage to public and private property. A notable instance occurred 
on March 11, 2011, when a magnitude 9.0 earthquake struck 231 miles northeast of Tokyo, Japan, 

producing nearly 16,000 fatalities in direct and indirect ways [1]. This seismic event also triggered a 

tsunami with waves reaching 30 feet, which severely impacted several nuclear reactors in the vicinity. 
Due to several inherent challenges associated with the nature of seismic events, earthquake 

prediction remains unreliable nowadays. First, the fundamental characteristics of seismic events 

frustrate the development of short-term forecasts for strong earthquakes, despite the availability of 
abundant observational data and advanced equipment [2]. Likewise, the identification of reliable 

precursors also makes short-term predictions extremely difficult, as the seismic processes are highly 

nonlinear and the precursors must be distinguishable from background noise generated by other 
seismic activities. In other words, earthquakes are inherently (or effectively) unpredictable due to their 

highly sensitive nonlinear dependence on the initial conditions [3]. Consequently, researchers have 

generally concluded that predictions of seismic events are unsuccessful, although recent advancements 
in AI-based methods have shown some promise [4]. 

In contrast, earthquake early warning (EEW) focuses on detecting seismic waves as they travel 

through the Earth after a seismic event has begun. EEW systems are real-time monitoring installations 
designed to provide a lead time of a few seconds to minutes for impending ground motions at specific sites, 

enabling immediate protective actions in the short term, such as stopping trains or shutting down utilities. 

Unlike predictions, which attempt to forecast when and where an earthquake will occur, an inherently 
uncertain process, EEW systems react to actual seismic activity, making them more reliable [5]. They 

benefit from the differences in the propagation speeds of seismic waves; the typical velocity of P-waves is 

around 6 km/s, while S-waves travel at approximately 3 km/s. Two types of EEW systems are currently 
in operation worldwide [6,7]. The first type is a regional (or front-detection or network-based) system, 

where seismometers installed in the earthquake source area provide early warnings and transmit 

information to distant locations before the seismic waves arrive [8]. The second type is an on-site system, 
which determines earthquake information from the initial portion of P-waves recorded by on-site 

seismometers and predicts the seismic intensity of subsequent S-waves for emergency response [9]. 

Generally, the first one is more reliable, while the second one is fast enough to provide useful warnings 
to sites, even at very short distances, where early warnings are most critical [10]. 
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Typically, EEW and its systems adhere to the “Goldilocks principle” [11,12]. When the sites are too 

distant from the epicenters, the warnings may be more accurate and offer a longer lead time; however, 
the seismic intensity is weaker and presents minimal risk. Despite the effectiveness of regional systems 

in providing accurate warnings, they usually have a significant late alert zone (also known as a blind 

zone) surrounding the epicenter due to the very limited time available for preparation [13]. Lead time 
refers to the interval between the issuance of a warning and the arrival of the S-wave; if the S-wave 

arrives before the warning is issued, there is no opportunity to prepare for the seismic event. Admittedly, 

the lead times offered by on-site systems are considerably longer, particularly in areas close to the 
epicenter, since no joint detection has been required. However, the trade-off comes with the accurate 

prediction because of the limited information [5,12]. Therefore, enhancing the lead time and prediction 

of the on-site EEW systems is crucial for improvement. 
Predicting ground motions of subsequent S-waves, such as peak ground acceleration (PGA) and 

seismic intensities, is crucial for EEW systems in emergency response [14]. Accurate information related 

to PGA and seismic intensities helps the assessment of seismic damage, the effectiveness of lead time 
and emergency response, and the continuous measures for seismic impacts. In the past decade, numerous 

studies have demonstrated that these predictions align well with observed seismic intensities [15–19]. 

Furthermore, recent advancements in machine learning (ML) and artificial intelligence (AI) have 
introduced innovative approaches for PGA and estimating seismic intensities in the context of 

nonlinear seismic processes. These advancements ensure that EEW systems remain effective under 

varying complex conditions. Examples of these techniques include the use of long short-term memory 
(LSTM) neural networks, convolutional neural networks (CNNs), deep neural networks (DNNs), 

gradient boosting regressors, and more [20–23]. However, utilizing time histories as inputs hinders the 

efficiency of the ML models. 
We aim to predict PGA and estimate intensities through the rapid advancements in ML techniques. 

Instead of using time histories directly, we exploit the site parameters and the P-wave features, enabling 

a more efficient ML model. The remainder of the paper is organized as follows: In the first section, the 
dataset collected from Taiwan's seismic array is introduced. Next, the preprocessing steps and the 

selected parameters utilized as training inputs are described. The validation methods and performance 

metrics are outlined in the following section to facilitate the training process for the proposed ML 
model. Subsequently, the preliminary results are presented to explore the advantages of using the site 

parameters, accompanied by several case studies employing conventional ML models. Finally, the 

results of the proposed method are shown, and relevant conclusions are duly drawn. 

2. Description of the dataset 

Predicting PGA is essential for EEW systems, as it is closely linked to seismic damage assessment. 

Enhancement in prediction accuracy through advanced modeling techniques not only provides critical 

lead time for emergency responses but also improves the overall effectiveness and timeliness of EEW 
systems. These improvements play a vital role in the preliminary assessment of seismic damage, 

ultimately contributing to reduced risks associated with earthquakes and bolstering public safety in 

vulnerable regions. To achieve these objectives, numerous methods have been developed to correlate 
features extracted from P-waves with subsequent PGA values during seismic events, particularly by 
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leveraging the rapid advancements in ML techniques. In this study, various models are trained using 

supervised learning approaches to estimate PGA, and they are compared to discuss the performance. 
Additionally, a reliable earthquake dataset from Taiwan, along with several key earthquake features, is 

introduced for predicting seismic intensities. The satisfactory accuracy achieved by different models 

demonstrates the potential of utilizing EEW systems for effective PGA prediction. 

2.1. Earthquake data 

Taiwan is situated at the convergence boundary of the Eurasian Plate and the Philippine Sea Plate, 

making the region particularly renowned for its frequent earthquakes and high seismic activity. Due to 

the significant seismic hazards present, several seismic arrays have been established across the island. 
The dataset used for training various models employing supervised learning approaches in this study 

was collected from the Taiwan Strong Motion Instrumentation Program (TSMIP), which is operated 

by the Central Weather Bureau (CWB) of Taiwan [24]. This program, initiated in 1992, aims to capture 
highly qualified recordings of earthquake waveforms during seismic events. Over the past three 

decades, more than 700 free-field strong motion stations instrumented with reliable seismographs have 

been continuously operational. 

 

Figure 1. Seven areas and seismograph distribution for the TSMIP seismic array and the 
earthquake datasets. 

The earthquake data utilized in this study is sourced from the TSMIP seismic array, which divides 
Taiwan into seven regions: KAU, TCU, TAP, TTN, HWA, CHY, and ILA, as illustrated in Figure 1. 

To ensure qualified data collection, the waveforms captured by the seismic array are sampled at rates 

of either 200 or 250 samples per second, with a resolution of 16 bits or higher. Furthermore, ±2000 gal 
(cm/s2) is a typical dynamic range for the seismographs in the network. The datasets for each region 
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comprise approximately 3,300 earthquakes that occurred around Taiwan over a 15-year period. The 

first recording was collected on July 29, 1992, while the last recording in this dataset was collected on 
December 31, 2006. 

 

  

 

 

Figure 2. Distribution and histogram of magnitudes and epicenter distances included in 
the dataset; the size of circles indicates the PGA on a logarithmic scale. 

To ensure a comprehensive dataset for analysis, we utilized approximately 15 years of recordings 

from the TSMIP, spanning July 29, 1992 to December 31, 2006. The original database contained 

105,385 recordings; however, those that were clearly distorted or exhibited dropouts or glitches were 
excluded. Additionally, recordings that were either misidentified or insufficiently documented were 

removed from the dataset. Recordings shorter than ten seconds in duration were eliminated because 

we intended to predict seismic intensities through the P-wave. Ultimately, a total of 70,947 recordings 
were retained for evaluating the performance of the different models in this study. The earthquakes 

included in this collection feature magnitudes ranging from 1.0 to 9.0 and epicenter distances from 

0.085 to 461.72 km, with data lengths varying between 13 and 400 seconds. The distribution and 
histogram of magnitudes and epicenter distances are shown in Figure 2. 

Since the TSMIP employs strong motion accelerographs, the recordings were adjusted to create 

zero-mean signals and were integrated to have velocity and displacement, respectively. A four-order 
0.25 Hz high-pass filter was then applied to eliminate any offsets and trends following the final 
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integration. Furthermore, the Short-Term Average/Long-Term Average (STA/LTA) algorithm was 

utilized as an automatic P-wave picker to determine the P-wave arrival time (also referred to as 
triggering time) from the vertical acceleration recordings [25]. 

2.2. Training inputs 

The concepts, methods, and backgrounds of EEW were reviewed, and the estimations of seismic 

intensities through P-waves was summarized in the previous study [6]. To predict PGA before a 
significant shock, the site parameters and the P-wave features can be effectively utilized for EEW 

systems. Notably, considering that earthquake preparation and generation take very complex processes, 

multiple parameters/features need to be considered to accurately predict seismic intensities. 
The site parameters are essential for accurately representing site effects during a seismic event; 

key parameters include the high-frequency attenuation rate, the shear wave velocity, and the horizontal 

depth associated with significant shear wave velocities. The high-frequency decay rate, commonly 
referred to as k, is a critical site parameter in seismology that quantifies the attenuation of seismic 

waves at high frequencies. It indicates the rate at which high-frequency seismic energy diminishes as 

it propagates through various media and can be calculated from the slope of the Fourier spectrum in a 
linear logarithmic space for specific frequency ranges [26,27]. Another essential site parameter is the 

shear wave velocity, usually denoted as VS, which plays a crucial role in site response analysis, site 

classification, and seismic loss estimation. The average shear wave velocity over the top 30 meters of 
the subsurface profile, VS30, is commonly exploited to represent the overall site conditions for seismic 

waves traveling through a given location [28,29]. Additionally, the horizontal depth associated with 

significant shear wave velocities has been introduced to address the limitations of VS30, especially in 
areas with substantial sediment thickness. Specific velocities, such as 1.0, 1.5, or 2.5 km/s, have been 

incorporated into ground motion prediction equations developed during the Next Generation of 

Attenuation (NGA) projects, and in this study, the depth to the horizons with shear wave velocity 
exceeding 1.0 km/s, so-called Z1.0, was used [30,31]. The site parameters in this study were provided 

by the Engineering Geological Database for TSMIP (EGDT), which was created by the National 

Center for Research on Earthquake Engineering (NCREE), Taiwan 
(https://egdt.ncree.org.tw/News_eng.htm). Those parameters were measured and derived according to 

the demand of the SSHAC Level 3 project (http://sshac.ncree.org.tw/) in Taiwan. 

In addition to the site parameters, the P-wave features were introduced to represent the 
characteristics of seismic waves. According to the book by Kramer and Stewart, the earthquake 

features briefly include frequency content, energy, amplitude, duration, and other characteristics [32]. 

Some features may focus on one specific characteristic, while others may coincide with several 
characteristics; therefore, a variety of features were investigated in this study to enhance the overall 

effectiveness and timeliness of EEW systems. 

The first P-wave feature selected in this study pertains to the frequency content of an earthquake. 

The predominant period of seismic waves, 𝜏, serves as a great indicator for characterizing the 
earthquakes. It can be determined by applying the Fourier transform and picking the peak on the 

spectrum; however, for practical purposes, the average period, 𝜏a, proposed by Kanamori, was used as 
an alternative to the predominant period [8,33]. It can be calculated as 
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where x is the ground displacement. It has been proved that the average period, 𝜏a, is highly correlated 
to the earthquake magnitude and intensity from the attenuation relationships studied in Taiwan. 

The second and third P-wave features pertain to the integrated energy released during a seismic 

event. For instance, the cumulative absolute velocity (Va) is proposed by the Electric Power Research 

Institute (EPRI) as an alternative intensity measure [34]. It can be calculated by integrating the area 
under the absolute acceleration, and its mathematical expression is as follows: 

 a 0
V ( )

t
x t dt    (2) 

The cumulative absolute velocity is considered to be more indicative of structural damage compared 

to other intensity measures, so it can be used for seismic hazard assessments [35]. Another example is 
the integral of squared velocity (VI), which is correlated with the early-radiated energy produced by 

the advancing rupture on the fault plane [36]. It can be calculated by integrating the squared velocity 

as 

 2
I 0

V ( )
t
x t dt    (3) 

The integral of squared velocity gives direct insights into the physics of fractures and has numerous 

applications for EEW and seismic damage assessment [16,37]. 

The last three P-wave features pertaining to the peak amplitudes are most commonly used to 
describe an earthquake. These features include the peak P-wave acceleration (AP), the peak P-wave 

velocity (VP), and the peak P-wave displacement (DP) as 

 PD max ( )
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x t  (4) 
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t

x t   (6) 

The forces produced by a seismic event are mainly inertial forces, which makes the acceleration 

collected by a seismograph a crucial parameter. Commonly, velocity and displacement are obtained by 
integrating the recorded acceleration. Larger acceleration is often correlated with greater damage under 

an earthquake. In contrast, velocity and displacement are associated with lower-frequency components, 

which can be more detrimental to long-period structures, such as tall buildings. This distinction 
underscores the importance of understanding both acceleration and its derived measures in assessing 

the impacts of earthquakes on various types of infrastructure. 
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3. Intensity and PGA prediction 

Leveraging supervised learning approaches to correlate features extracted from P-waves with 

subsequent PGA values during seismic events can gradually improve the overall effectiveness and 

timeliness of EEW systems. The earthquake data was first utilized to train various models, the model’s 
hyperparameters were then tuned through optimizers, and the well-trained models were used to 

generate accurate predictions. The development of these models relied on the training inputs (the site 

parameters and the P-wave features), the ML models/algorithms, the optimization techniques, and the 
validation processes. The performance for predicting PGA and estimating seismic intensities was also 

crucial in the evaluation of various models. To clarify these key elements, the validation methods and 

performance metrics are described in this section, and the preliminary results related to the training 
inputs are demonstrated. Through these discussions, the accuracy, efficacy, generalization, and 

reliability of EEW systems can be established. 

3.1. Validation methods 

Cross-validation is an important part when assessing the reliability of supervised learning in ML, 
and it is typically employed to evaluate how well a model can be generalized to an independent dataset. 

This process involves partitioning the data into subsets, training the model on some subsets, and 

validating it on others. The primary methods of cross-validation include K-fold, stratified K-fold, 
leave-one-out (LOO), leave-p-out (LPO), blocked, and Monte Carlo (repeated random subsampling) 

cross-validation. 

Each of these methods has its own strengths and weaknesses, making them suitable for different 
types of data and modeling scenarios. For example, K-fold cross-validation is advantageous because 

it utilizes all data points for both training and validation, leading to a more reliable estimate of model 

performance. However, the stratified K-fold cross-validation can help in achieving better 
generalization by preserving class distribution across folds. Admittedly, the choice of cross-validation 

methods depends on the specific requirements of the analysis and the characteristics of the dataset 

being used. In this study, the Monte Carlo cross-validation was adopted due to its ease of 
implementation. Also known as repeated random subsampling cross-validation, this method involves 

randomly splitting the original dataset into training and validation subsets. Unlike K-fold cross-

validation, the number of cases in Monte Carlo cross-validation can be arbitrarily assigned by the user 
because of its random nature. In this study, the ratio between the training and validation subsets was 

set at 80:20. The results of 20 times of Monte Carlo cross-validation were performed and averaged to 

assess the generalization of the well-trained models. 
To avoid overfitting, an independent subset was introduced to verify that any increase in accuracy 

on the training subset actually yielded an increase in accuracy on the other subsets within the training 

models. In other words, if the accuracy on the training subset increased while the accuracy on the 
testing subset remained the same or decreased, the models were terminated early to preserve 

generalization. Although this method presented an inevitable trade-off similar to the issue of curve 

fitting, where a higher number of degrees of freedom in the approximating function enabled greater 
flexibility and better fitting to the inputs, consideration must be given to the potential impact of noise 
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in the data. Therefore, smoother and more generalized models were preferred, even if they exhibited 

slight inaccuracies. Moreover, in each iteration, 10% of the training subset was used as the testing 
subset in this study. 

3.2. Performance metrics 

Performance metrics are another part with great importance in ML. These metrics help quantify 

how well a model performs on specific tasks, enabling users to refine their models for improved 
accuracy and reliability. As a category of supervised learning approaches, the performance metrics can 

be roughly divided into classification metrics and regression metrics, each tailored to different types 

of prediction tasks. In this study, the predictions of PGA could be effectively evaluated using the 
regression metrics, such as root mean square error (RMSE), among others. 

However, the well-trained models were designed not only to predict PGA but also to estimate 

seismic intensities, which were usually represented by several integers. This offered a more accurate 
representation of the effects that earthquakes have on individuals, structures, and the environment, 

thereby enhancing disaster response efforts by government agencies. Although CWB introduced a 

modified intensity scale on January 1, 2020, a more complex formula was used in the new scale, which 
included peak ground velocity starting at intensity level 5. In contrast, the old scale was computed 

solely based on PGA; therefore, we adopted the old scale, as shown in Table 1. For the estimations of 

seismic intensities, the classification metrics were used, and common metrics included accuracy, recall, 
precision, F1 score, false positive rate (FPR), and so on. 

The accuracy is the ratio of correct predictions to total predictions, calculated as 

 
TP TN

Acc.
TP TN FP FN




  
 (7) 

where TP, TN, FP, and FN are true positives, true negatives, false positives, and false negatives, 
respectively. The recall is sensitivity, which indicates how well the model identifies positive instances 
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TP TN




 (8) 

The precision measures the accuracy of positive predictions 
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TP FP




 (9) 

The F1 score is the harmonic mean of precision and recall, providing a balance between the two 

 
Pre. Rec.

F1 2
Pre. Rec.


 


 (10) 

Last but not least, considering a practical scenario, the FPR represents the ratio of the number that is 

falsely alarmed against the total number of wrong predictions in percentage: 
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FP

FPR
FP TN




 (11) 

It is also referred to as a false alarm rate (FAR), and a lower FPR value indicates that the system 
usability level is higher. 

Table 1. Old seismic scale and the corresponding acceleration used before January 1, 2020. 

Seismic Intensities 
Level 0 Level 1 Level 2 Level 3 Level 4 Level 5 Level 6 Level 7 

 I II III IV V VI VII 

PGA values (gal) < 0.8 
0.8 > 

< 2.5 

2.5 > 

< 8.0 

8.0 > 

< 25 

25 > 

< 80 

80 > 

< 250 

250 > 

< 400 
> 400 

Numbers in the dataset 0 16 19982 35436 12432 2793 200 88 

3.3. Preliminary results of the neural network 

A total of 20 cross-validations were performed to ensure generalization. For the well-trained 

model, the overall performance is shown in Figure 3. For predicting PGA, Figure 3(a) and Figure 3(b) 

present comparative diagrams for the training and validation subsets, respectively. It is important to 
note that only one cross-validation is displayed here due to the high similarity observed across the 

multiple times. The predictions and observations demonstrate a strong positive correlation throughout 

the dataset, indicating that the predictions are proportional to the observations, with a standard 
deviation of errors less than 30 gal. The regions highlighted by the red lines indicate 7 distinct intensity 

levels, and the predictions and observations are approximately distributed within these regions. Similar 

observations have been reported by researchers utilizing support vector machines (SVM) and neural 
networks [16,38]. Consequently, acceptable predictions are defined as having a one-level difference 

(±1) on the seismic intensity scale of Taiwan. As a result, the well-trained model achieves an accuracy 

of 98.9% for the training and validation subsets, as shown in Figure 3(c) and Figure 3(d). Noteworthy, 
the well-trained models used only the P-wave features generally ended with an accuracy of around 

98.6%, indicating the improvement of using the site parameters. However, predictions for seismic 

intensities below level 1 tend to lean towards the non-conservative side, with the predicted PGA being 
lower than the observation. Fortunately, this phenomenon is mitigated at higher intensity levels and 

will not significantly impact early warning for seismic events. 

In this study, the site parameters and P-wave features were designated as training inputs; however, 
the necessity of these inputs must be verified. Considering that other studies have confirmed the 

significance of P-wave features [16,38], the site parameters were removed one by one to investigate 

their importance, and we compared the results with the case where all site parameters were included 
as training inputs. Figure 3(c) and Figure 3(d) present a comparison of the accuracy for estimating 

intensities. All accuracies reach 99%, making it difficult to determine which site parameter is most 

important for estimation. 
To further investigate the necessity of the site parameters, Figure 4 shows performance metrics 

beyond accuracy. The models perform worst at intensity level 7 in terms of recall and at intensity level 

1 in terms of precision. The F1 score also illustrates this by providing a balance between them. The 
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results primarily come from the lack of training data and primarily stem from the lack of training data; 

the data numbers for intensity levels 1 and 7 are only 13 and 71, respectively, whereas the minimum 
data number for intensity levels 2 to 6 is 160. Upon examining the 4 cases, no significant differences 

were found, indicating that the importance of the three site parameters is generally equal. The 

performance of the case utilizing all parameters is typically higher than that of the other cases across 
intensity levels 2 to 7. Although the case without VS30 (represented by the yellow bar) outperforms the 

other cases across performance metrics at intensity level 1, this superiority is negligible, as this level 

represents the worst overall performance for a neural network model. In summary, all site parameters 
are recommended for predicting PGA and estimating intensities via neural networks, and performance 

is notably strong for intensity levels 2 to 6. From a precision perspective, the estimations of seismic 

intensities remain valid at intensity level 7. 

 

Figure 3. Predictions, observations, and accuracy of well-trained neural network models 

using the training and validation subsets; the red annotations indicate the seismic 
intensities. 

 

(a) training subset (b) validation subset 

(c) training subset (d) validation subset 
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(a) Recall for the training subset (b) Recall for the validation subset 

(c) Precision for the training subset (d) Precision for the validation subset 

(e) F1 score for the training subset (f) F1 score for the validation subset 

Figure 4. Other performance metrics for the training and validation subsets; the blue, 

orange, yellow, and purple bars represent the cases of all parameters, w/o k, w/o VS30, and 
w/o Z1.0, respectively. 

4. Proposed ensemble framework 

Through well-trained models utilizing neural networks, site parameters and earthquake features 
extracted from P-waves can be employed to predict PGA, as well as estimate intensities, during seismic 

events. However, neural networks represent only one type of supervised learning approach for 

correlating P-wave features with subsequent PGA; other candidates include SVM, decision trees, 
random forests (RF), and others. Validation methods and performance metrics were again exploited in 

this section to evaluate and investigate the effectiveness of various supervised learning approaches in 

predicting PGA and estimating seismic intensities. The results from different models are presented and 
discussed. Additionally, an ensemble model was proposed to address the advantages and disadvantages 

of the individual models. The accuracy of the ensemble model was also reported to demonstrate the 

reliability of applying the proposed method in EEW systems. 
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4.1. Results of ML models 

As concluded in the previous section, all site parameters are recommended for predicting PGA 

and estimating intensities via neural networks. These parameters/features are also considered in 

various ML models. For the well-trained model, the overall performance is illustrated in Figure 5 and 
Figure 6. To be specific, Figure 5 demonstrates the accuracy of the well-trained ML models using the 

training and validation subsets, while Figure 6 presents the recall, precision, and F1 score for each 

intensity. 
Support Vector Machines (SVM) 

One result following the neural networks is learning using SVM [16]. SVM is a powerful and 

widely used supervised learning approach primarily used for classification tasks, although it can also 
be adapted for regression. Developed by Vladimir Vapnik and his colleagues in the 1990s, the primary 

concept behind SVM is to find the optimal boundary (hyperplane) that maximizes the margin between 

two classes [39,40]. The margin is the distance between the hyperplane and the closest data points from 
each class, known as support vectors, which are critical to defining the optimal hyperplane. The support 

vectors help make the model robust to changes in the data, meaning the model will perform well on 

unseen data. The advantages of SVM include its effectiveness in high-dimensional spaces, robustness 
to overfitting, and versatility; on the contrary, it has disadvantages like the expensive computation and 

the requirement of careful tuning. 

The accuracy resulting from SVM demonstrates similar performance across ML models, showing 
a comparable capability to that of neural networks. In terms of other performance metrics, both SVM 

and neural networks exhibit distinct strengths; one model possesses better outcomes at low intensity 

levels, while the other shows slight superiority at high intensity levels. Generally, it can be concluded 
that the performance of these two ML models is equal or similar. 

Decision Trees 

The last result is learning using decision trees. A decision tree is also a popular supervised learning 
approach used for both classification and regression tasks. The primary concept behind decision trees 

is to make decisions by following a series of simple rules based on feature values, working by 

recursively splitting the dataset into subsets based on feature values. It creates a tree-like model where 
each internal node represents a decision based on a feature, each branch represents an outcome of that 

decision, and each leaf node represents a final prediction or class [41]. The training process for decision 

trees is to choose the best feature to split the data at each node, with the goal of reducing uncertainty 
or disorder. The advantages of decision trees include their straightforward interpretation, scaling-free 

inputs, and nonlinear relationships; on the contrary, it has disadvantages like the overfitting problem, 

instability, and bias toward features with more levels. 
The accuracy achieved by decision trees is highest in the training subset but lowest in the 

validation subset, indicating a tendency toward overfitting. When examining other performance 

metrics, the trends for decision trees differ significantly from those of SVM and neural networks. For 
instance, decision trees have exclusive performance in the training subset regarding recall, especially 

at high intensity levels; however, their performance is notably poor across all levels in the validation 

subset. Conversely, in terms of precision, decision trees outperform SVM and neural networks at low 
intensity levels, although this superiority does not persist at high intensity levels. 
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(a) Training subset (b) Validation subset 

Figure 5. Accuracy of well-trained ML models using the training and validation subsets. 

 

(a) Recall for the training subset (b) Recall for the validation subset 

(c) Precision for the training subset (d) Precision for the validation subset 

(e) F1 score for the training subset (f) F1 score for the validation subset 

Figure 6. Other performance metrics for the training and validation subsets; the blue, 

orange, and yellow bars represent the models of neural network, SVM, and decision tree, 
respectively. 

NN SVM DT

Cases

95

96

97

98

99

100

P
re

ci
si

on

R
e

ca
ll

R
e

ca
ll



591 

AIMS Geosciences  Volume 11, Issue 3, 577–599. 

4.2. Network architecture 

Even when incorporated with the testing subset, decision trees still reveal a tendency toward 

overfitting. Noteworthy, the validation subset is more similar to the real application since the 

parameters/features from the next seismic events eventually differ from the inputs in the training subset. 
Nevertheless, SVM and neural networks are more robust and have better generalization, although their 

performance does not surpass that of decision tree models in many respects. Compared to the models 

from SVM and neural networks, decision trees yield better outcomes at low intensity levels, especially 
at intensity level 1, since the range of low intensity levels is much narrower, as shown in Table 1. SVM 

and neural networks exhibit slight superiority at high intensity levels, particularly for neural networks. 

Thus, an ensemble model that combines the well-trained neural network and decision tree models can 
provide advantageous estimations. 

As illustrated in Figure 7, a neural network is initially trained to classify inputs into low or high 

intensity levels. Based on this classification, a second neural network was trained to estimate high 
intensity levels using the same inputs due to the excellent performance demonstrated on the validation 

subset. Furthermore, a decision tree was trained to estimate low intensity levels, addressing the subpar 

performance exhibited by the neural network. This hierarchical architecture ensured that each model 
capitalized on its strengths while mitigating its weaknesses. 

Subsequently, the threshold between low and high intensity levels were determined through 

engineering methods to enhance the ensemble model. In this study, 8, 25, and 80 gals were selected as 
candidate thresholds, while 40 gal was also included, as most transportation systems utilize 40 gal as 

an alarm threshold for decision-making during seismic events [9,42,43]. Among the results, the model 

using 40 gal outperforms the others and thus has been selected for further analysis. It is important to 
note that 20 models were trained for the first neural network to jointly classify inputs into low or high 

intensity levels in this study. This approach yields improved performance, achieving approximately 

95% accuracy in distinguishing whether the estimation is greater than or less than 40 gal. 

f 

Figure 7. Flowchart and network architecture for ensemble models. 
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4.3. Results of the ensemble framework 

Again, a total of 20 cross-validation were conducted to ensure generalization, and the 

performance of the ensemble model compared to other models is shown in Figure 8, Figure 9, and 

Figure 10. Regarding accuracy, the ensemble model achieves 99.5% and 98.9% for the training and 
validation subsets, respectively; the values catch up with those from decision trees in the training subset 

and from neural networks in the validation subset, as shown in Figure 8(a) and Figure 8(b). The 

observation generally confirms that decision trees produce better outcomes at low intensity levels, 
while neural networks demonstrate slight superiority at high intensity levels, and the hierarchical 

architecture ensures that each model leverages its strengths while minimizing its weaknesses. 

 

(a) Training subset (b) Validation subset 

Figure 8. Accuracy of the ensemble model using the training and validation subsets. 

To further investigate the benefits of using the ensemble model, the performance metrics beyond 

accuracy are presented in Figure 9; however, only intensity levels from 4 to 7 are illustrated due to 
space limitations. The ensemble model performs exceptionally well compared to neural networks, 

SVM, and decision trees. Some bars representing decision trees (yellow) are the highest in Figure 9(a) 

because of the overfitting. For example, the recall at intensity levels 6 and 7 (8.5% and 14.4%), the F1 
score at intensity levels 6 and 7 (3.7% and 5.3%). The corresponding bars in Figure 9(b) are 

significantly lower, and as a result, the performance of the ensemble model closely resembles that of 

neural networks. For instance, the purple bars consistently exceed the yellow bars in the recall across 
all intensity levels, with the greatest difference being approximately 8% (at intensity level 5) in this 

figure. In terms of the F1 score, the purple bars are longer than the yellow bars, except at intensity 

level 1, where the largest difference exceeds 10% (at intensity level 7). The superiority is over 30% 
because decision trees provide the worst performance at intensity level 7. On the other hand, the 

ensemble model also surmounts the well-trained neural network model. In the training subset, the 

performance of the ensemble model consistently surpasses the neural networks in both the recall and 
F1 score across all intensity levels. Even though there are some inferiorities in the precision, the 

maximum transcendence is only about 1% in this figure. For the validation subset, the performance of 

the ensemble model and the neural networks is comparable; the largest differences are approximately 
5%, 2%, and 6% for the recall, precision, and F1 score, respectively. This indicates that the ensemble 

model achieves a level of generalization similar to that of neural networks. 

After discussing the estimations of seismic intensities, Figure 10 presents the predictions of PGA 
across the dataset alongside the observations. Again, only one cross-validation is displayed here due 
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to the high similarity observed across multiple cross-validations. Each model demonstrates a strong 

positive correlation, indicating that the predictions are proportional to the observations, with a standard 
deviation of errors less than 30 gal, even when using decision trees and the ensemble model. Moreover, 

the error rates illustrated in Figure 10(c) and Figure 10(d) plainly exhibit that the predictions of the 

ensemble model sequentially resemble decision trees and neural networks at low and high intensity 
levels. To be specific, the superiority and inferiority of neural networks and decision trees are evident 

in this figure. The model based on neural networks exhibits significant deviations (far from the 

diagonal) at lower measured PGA, whereas the one based on decision trees shows many deviations at 
higher measured PGA. Conspicuously, the ensemble model capitalizes on the strengths of each model 

while minimizing its weaknesses. 

 

 

(a) Training subset (b) Validation subset 

Figure 9. Results for the training and validation subsets (only intensity levels from 4 to 7); 

the blue, orange, yellow, and purple bars represent the models of neural network, SVM, 
decision tree, and ensemble model, respectively. 
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(a) Comparison with the neural network (b) Comparison with the decision tree 

     

(c) error rate compared with the neural network (d) error rate compared with the decision tree 

Figure 10. Predictions and observations of well-trained models throughout the dataset; the 
red annotations indicate the seismic intensities. 

 

Figure 11. FPR of the ensemble model using the training and validation subsets. 

The usability of EEW systems can be discussed in a more practical scenario to take advantage of 

FPR. Figure 11 demonstrates this performance metric, which results from the ensemble model using 
the training and validation subsets. Unfortunately, significant FPR can be observed throughout the 

seismic intensities. The minimum value occurs only at intensity level 1. For medium or medium-low 

intensity levels, FPR is approximately 50%, and for high intensity levels, FPR approaches 90%. 
However, considering the definition of FPR, the observation also indicates that the EEW systems 
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implemented with the ensemble model tend to estimate towards the conservative side, with the 

predicted PGA being higher than the observation. Certainly, conservative information is more 
advantageous as a warning system for a destructive disaster, although there must be some false alarms. 

4.4. Discussions and limitations of this study 

The EEW systems can roughly be divided into two sequential functions: One is an automatic P-

wave picker to determine a P-wave arrival time, and the other is a seismic feature predictor to provide 
an informative warning message. Although the warning time is a combination of the two, it focuses 

more on the P-wave picker and, therefore, is not addressed in this study. According to references, 

effective warning can be done by on-site systems if the epicenter distance is larger than 20 km, and it 
is about 30 km for regional systems, considering the propagation speeds of seismic waves [6]. However, 

the late alert zone, which cannot effectively receive a warning, may vary from 30 to 50 km depending 

on the time consumed to analyze the event and issue the warning [5,8,44]. The distance takes about 5 
to 8 seconds after the P-wave propagates from the epicenter. Thus, on-site prediction using three-

second seismic information is very competitive. In fact, 3 seconds is typically considered after P-wave 

arrival in many studies, so the intensity estimation, followed by the issuing of a warning in near-source 
regions, may take at least 8 to 10 seconds for both systems [5,7,13,14]. 

As mentioned in Section 2.1, very short recordings were eliminated because we intended to 

predict seismic intensities through the P-wave. However, the recordings with a close P-wave and PGA 
arrival times were not excluded from the dataset to consider the real-time operations of an on-site 

system. Those represent data with very short epicenter distances, and the integrated velocity and 

displacement may consequently be deteriorated by the S-wave beginning within 3 seconds of the 
triggering time. Thus, the training inputs, P-wave features, can be contaminated because of erroneous 

integration. In fact, 11,810 of 70,947 recordings have epicenter distances shorter than 7.5 km, which 

is an approximate distance difference between P-waves and S-waves after 3 seconds of travel. This 
about 16.6% of all recordings. Moreover, 2,124 recordings have a narrow time window (less than 3 

seconds between the P-wave and PGA arrival times). Over 90% of it is within magnitude 4.0 and 5.0, 

and this about 3.0% of all recordings. The above information indicates that, although some 
performance metrics at some intensity levels are not great, the discussion in Section 4 can fully reflect 

the results under the consideration of real-time operations. 

5. Conclusion 

Predicting PGAs and estimating intensities are essential for EEW systems, so the enhancements 
in accuracy not only provide critical lead time for emergency responses but also improve the overall 

effectiveness and timeliness of these systems. Numerous models based on ML techniques have been 

developed to achieve these objectives by correlating features extracted from P-waves with subsequent 
PGA values during seismic events. In this study, various models are trained using supervised learning 

approaches to estimate PGA, and the well-trained models are employed to generate accurate 

predictions. The development of these models relies on the training inputs (the site parameters and the 
P-wave features), as well as the ML models/algorithms, and the validation processes; thus, they are 
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compared and discussed in this study. The effectiveness of various models in predicting PGA and 

estimating seismic intensities is evaluated through performance metrics. Additionally, an ensemble 
model is proposed to leverage the strengths and mitigate the weaknesses of the individual models. The 

accuracy of the proposed ensemble framework is also reported to demonstrate the reliability of 

applying the proposed ML model in EEW systems. The conclusions drawn from these results can be 
summarized as follows: 

 Besides the P-wave features, the site parameters have an advantageous effect on predicting PGA 

and estimating intensities (via neural networks), and performance is particularly robust across 
intensity levels. 

 Despite some issues of overfitting, decision trees demonstrate exceptional performance at low 

intensity levels; conversely, SVM and neural networks outperform decision trees at high intensity 
levels, necessitating trade-offs between two ML models. 

 By incorporating neural networks and decision trees, the ensemble model achieves exclusive 

results across all performance metrics; nevertheless, the training and validation subsets 
demonstrate a level of generalization comparable to that of neural networks. 

Using the proposed ensemble framework, the accuracy of predicting PGAs and estimating 

intensities is demonstrated for the effectiveness and timeliness of EEW systems. The recent advances 
and effectiveness of ML and AI make them especially suitable for seismic damage assessment in 

earthquake engineering and give valuable information for emergency response and decision-making. 

However, the proposed model and conclusion are limited to Taiwan’s datasets so far, although they are 
applicable to various seismic regions. Future research can be conducted with global datasets to address 

the adaptability of this ensemble framework. 
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