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Abstract: Early detection of earthquakes is essential for minimizing potential damage and
ensuring public safety. Recent advancements in deep learning, particularly convolutional
neural networks (CNNs), provide a promising alternative for analyzing seismic waves. In
contrast, traditional methods such as the short-term average/long-term average (STA/LTA)
algorithm and the Akaike information criterion (AIC) have limitations in detecting primary
(P) waves in high-noise conditions, caused by industrial and anthropogenic disturbances.
This study presents a CNN-based automatic P-wave detection model tailored for the
Almaty city region. The seismic dataset used in this research was obtained from the IRIS
database and includes data collected from seven stations within a 333 km radius of Almaty,
Kazakhstan. The proposed model achieves a recall rate of 89.1% and an accuracy of 94.1%
compared to other deep learning-based models. Experimental results demonstrate that
this method enhances the reliability of automatic early earthquake warning systems and
improves the accuracy of P-wave detection. The research outputs presented for the local
region are unique. Applying CNNs in seismic monitoring facilitates the development
of efficient automated systems that minimize risks and improve response measures for
natural disasters.

Keywords: P-wave detection; deep learning; convolutional neural networks; earthquake
early warning; seismic monitoring

1. Introduction

Natural phenomena such as earthquakes significantly threaten populations, infrastruc-
ture, and ecosystems. Although such events cannot be prevented, various strategies can
be implemented to mitigate their impact. These include the deployment of early warning
seismic stations and advanced data analysis technologies [1]. In this context, early warning
systems (EWSs) have become increasingly relevant to minimize damage and ensure public
safety [2].

One of the critical components of such systems is the detection of primary (P) waves,
which are the first seismic waves to reach the Earth’s surface following an earthquake.
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Although P waves are less destructive than subsequent secondary (S) waves, their identifi-
cation is crucial for early warning applications. Detecting P waves enables the prediction
of incoming, more dangerous seismic waves, facilitating the timely initiation of evacuation
procedures and other protective measures, thus reducing the potential for casualties and
structural damage [3].

Accurately determining the timing and location of a seismic wave epicenter is a
fundamental aspect of research in this field. One of the significant challenges in seismic
wave detection is the low amplitude of ground motion combined with a high noise level.
Traditional methods for identifying seismic waves require automation to improve efficiency
and reliability. Advancements in high-speed technologies have enabled the collection of
seismic data at an unprecedented rate. However, processing such data requires highly
efficient analytical methods that minimize errors while maintaining precision. To address
these challenges, the field of seismology demands the development of robust and precise
automated techniques capable of enhancing the efficiency of data processing and improving
the reliability of seismic event detection.

One of the classic methods for the detection and identification of seismic waves is
the short-term average/long-term average (STA/LTA) algorithm [4]. However, STA/LTA
has inherent limitations; improper selection of initial parameters can lead to inaccurate
results. Additionally, under noisy conditions, this algorithm may generate false detections
of seismic waves or fail to identify them altogether. Another widely referenced approach
for P-wave detection is the Akaike information criterion (AIC) [5]. Despite its utility,
this method also has significant drawbacks. One of its main limitations is the inaccurate
estimation of the global minimum in the presence of high noise levels, which reduces its
reliability in real-world applications. Long-term memory (LSTM) networks are introduced
to model the differences between P waves and background noise. Furthermore, the front
end of the network often incorporates a short-time Fourier transform (STFT) to preserve
implicit information while reducing computational load. However, studies indicate that
the accuracy of deep neural networks using the LSTM-STFT approach declines when the
amplitude of the P-wave is low and background noise levels are high [6].

Early studies in seismology focused primarily on classical methods for determining
the location and magnitude of the earthquake. For instance, in [7], fundamental principles
of seismic wave registration and processing were examined to facilitate the estimation of
earthquake parameters. In [8], algorithms for automatically detecting P and S waves were
proposed, significantly improving the accuracy of time-based measurements. Similarly;,
in [9], a methodology was developed to analyze the time delays between P and S waves
was developed to enhance the accuracy of epicenter localization. These advancements
laid the foundation for modern seismic monitoring techniques, paving the way for further
improvements by integrating deep learning-based approaches.

The analysis and development of P-wave detection algorithms are crucial re-
search areas in earthquake early warning systems (EEWSs). In their review study,
Chandrakumar et al. (2023) [10] evaluated existing P-wave detection methods and algo-
rithms for estimating earthquake magnitude, identifying three main categories: source-
based algorithms, wavefield-based algorithms, and local measurement-based algorithms.
They also highlighted the increasing interest in recent years in using deep learning methods
to enhance P-wave detection accuracy and minimize false alarm rates.

With the advancement of machine learning, neural network models and classification
algorithms have increasingly been applied in seismology. As a result, numerous studies
have explored using artificial neural networks (ANNSs) for seismic data analysis. For
example, ref. [11] investigated the potential of ANNSs for classifying dynamic features,
demonstrating their applicability to seismic data processing. In [12], the application of
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convolutional neural networks (CNNs) to identify seismic waves and filter out noise was
demonstrated. Ref. [8] highlighted the importance of integrating machine learning methods
to enhance prediction accuracy and seismic risk assessment. It is essential to note that
the successful application of ANNSs in this field requires theoretical advancements and
practical implementation. It includes the development of specialized software solutions
and hardware systems for real-time seismic activity monitoring [12]. The expansion of
machine learning techniques has led to the introduction of various approaches, such as the
threshold processing algorithm [13], supervised learning based on classified signals from
microseismic monitoring systems [14], the K-means clustering algorithm [15,16], support
vector machines (SVMs) [17], wavelet transformation [18], and template matching [19].
However, traditional machine learning methods often require manual feature selection,
which can be labor-intensive and not always efficient [20]. These limitations highlight the
need for automated feature extraction and deep learning-based approaches to improve
seismic event detection and classification.

Modern machine learning technologies and intense learning are opening new frontiers
in P-wave detection and are developing effective early warning systems. Artificial neural
networks can process large volumes of data and identify complex patterns that may not be
apparent through traditional analytical methods. For example, recurrent neural networks
(RNNSs) enable the modeling of temporal dependencies within seismic data, which is
particularly crucial given that the temporal characteristics of seismic signals play a key role
in accurate detection [21]. ANN-based systems have the potential to significantly improve
both the accuracy and speed of P-wave detection, thus improving the overall efficiency of
early warning systems [3].

One of the modern methods for seismic wave detection is the capsule neural net-
work, which demonstrates high accuracy and low false alarm rates. However, its primary
drawbacks include relatively slow training and testing speeds, which limits its practical
applicability to real-time seismic monitoring systems [22]. In 2019, the PhaseNet neural
network model was introduced to detect P waves and S waves. PhaseNet utilizes three-
component seismic waveforms as input data and generates probability distributions for
P-wave arrivals, S-wave arrivals, and noise as output data [23].

Deep learning models, such as recurrent neural networks, utilize multiple hidden
layers to automatically extract meaningful features from raw data, enabling them to process
complex time series [24] effectively. This capability makes deep models particularly suitable
for seismic data analysis, where it is essential to capture all relevant information contained
in waveform patterns [25]. Furthermore, ref. [26] presented a machine learning model
based on historical earthquake data for aftershock prediction, contributing to improved
seismic risk assessment. Another CNN-based approach for real-time P-wave detection
in earthquake early warning systems is Dpick. This method is trained on synthetically
generated waveforms that simulate real P waves, allowing it to estimate P-wave arrival
times [27] accurately. One of the key advantages of Dpick is its ability to achieve high de-
tection performance without requiring large amounts of training data, making it a practical
solution for real-time seismic monitoring. Deep learning has demonstrated significant po-
tential in the field of earthquake prediction. Models such as convolutional neural networks
have proven to be highly effective in various tasks, including signal processing [28]. These
models can automatically extract critical features from the data, making them particularly
useful for analyzing seismic signals [29].

Research on local and regional seismic activity is crucial in understanding earthquake
dynamics and improving detection accuracy. In [30], an analysis of seismic events in South-
ern California using data from the Southern California Earthquake Data Center (SCEDC)
identified patterns in magnitude distribution and earthquake frequency. These findings
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contribute to a better understanding of regional seismic behavior and its implications for
assessing earthquake hazards. In [31], calibration methods for seismic stations were pre-
sented to enhance the accuracy of amplitude measurements, which is essential to determine
the magnitude of the earthquake. In [3], convolutional neural networks were also trained
to estimate the magnitude and frequency of the earthquake directly from seismograms,
eliminating manual feature extraction. Furthermore, a CNN-based model was applied
to determine the arrival times of the P-wave and the polarity of the first motion using
19.4 million seismograms. This model selected the arrival time in 0.028 s from the picks of
the human analyst in 75% of the cases, while the first motion polarity classification reached
an accuracy of 95%.

The use of neural networks for P-wave detection and the development of earthquake
early warning systems represent promising research directions. These approaches improve
the accuracy and speed of seismic event detection and open new possibilities for integrating
advanced technologies into existing monitoring frameworks. However, the challenges
of earthquake detection and early warning remain unresolved despite recent advances
and significant research efforts. Various factors contribute to this complexity, making
the development and implementation of an automated P-wave detection system a highly
relevant task. One of the important limitations of the existing methods is their insufficient
consideration of geographical structures, surface composition, and terrain characteristics.
These factors can significantly influence seismic wave propagation and detection accuracy.

Therefore, the development of neural networks tailored to specific local regions is
essential to improve the reliability of earthquake early warning systems. Such region-
specific models can better account for local geological variations, leading to more effective
seismic monitoring and risk mitigation strategies.

In this study, we utilized convolutional neural networks for P-wave detection in the
Almaty region. This region was chosen for geophysical reasons, including its high level of
seismic activity. Almaty is the most seismically active zone in the Republic of Kazakhstan,
situated on 27 tectonic plates. The city has experienced two devastating earthquakes in
the past, making it highly likely that they will recur. Studies of this area and the regions
surrounding Almaty have not been conducted sufficiently.

2. Materials and Methods

To achieve the objective of the investigation and facilitate the training of neural networks,
seismic data for the Almaty region were extracted from the IRIS (Incorporated Research
Institutions for Seismology) database [32-35]. The data were collected from four seismic
stations within a radius of 333 km of Almaty, providing continuous and reliable seismic
information. This study proposes using a convolutional neural network to detect primary
waves. The key stages of our research include:

*  Developing a CNN model for classification (P-wave detection) and regression (tempo-
ral parameter estimation).

*  Conduct a comprehensive analysis and testing of seismic data collected from multi-
ple stations.

*  Performing a systematic evaluation of model performance, including hyperparameter
tuning for optimization.

e  Comparison of results with baseline models to assess the effectiveness of the pro-
posed approach.

2.1. Dataset Collection from the IRIS

This study uses a dataset from the IRIS database. The selected geographical area is
in Almaty, Kazakhstan (43.22° N, 76.92° E), with a 3.0° (~333 km) coverage radius. This
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radius encompasses Almaty, the Almaty region, and parts of neighboring countries, such
as Kyrgyzstan and China. The dataset consists of raw waveform data of three components
sampled at 100 Hz, corresponding to the HHE, HHN, and HHZ components. Because the
HHZ component allows for more efficient capture of P waves, this study uses mainly HHZ
data for P-wave detection. According to IRIS data, 21 seismic stations are in the surrounding
region. These stations are part of the following seismic networks: Kazakhstan (QZ) and
Kyrgyzstan (KC, KN, KR). A geographic map was constructed based on coordinates,
illustrating the distribution of seismic stations within a radius of 333 km from Almaty
(Figure 1). The map also includes information on station elevations and operational start
dates. Analysis of station elevations reveals that higher-altitude stations exhibit superior
capability to record seismic events. This advantage arises from their greater distance from
surface noise sources. In contrast, lowland stations are more susceptible to background
noise, which may be due to human activities or meteorological conditions. As a result,
high-altitude seismic stations provide cleaner recordings, notably for P waves, enhancing
the reliability of seismic monitoring in the region.

The location of the stations with the date of connection.
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Figure 1. A geographic coordinate grid displaying the distribution of seismic stations, their elevation
(represented by color intensity), and the start date of operation (labeled next to each station). The
higher the station, the lighter its color, ranging from dark blue (600 m) to yellow (3600 m).

Seismic data in the IRIS database are categorized into the following accessibility
classes: A, open access data; P, partially restricted access; R, restricted access; X, unavailable
data—no information on availability. For this study, open-access class A data were collected
from seven seismic stations (TARG, ARLS, BAET, JNKS, BTLS, SHLS, and TLG).

After analyzing the seismograms from seven stations, a slow drift was identified at
some locations, such as BILS and JNKS. To eliminate this drift and remove low-frequency
noise, a 9th-order Butterworth high-pass filter with a cutoff frequency of 2 Hz was applied.
This filter effectively suppressed trends and microseismic noise while preserving the key
high-frequency characteristics of P waves, which is crucial for their accurate detection.

The ObsPy library retrieved and processed the seismic dataset [36]. The analysis covered
two years, from 1 January 2023, to 31 December 2024. Seismic records were segmented into
240 s time windows, capturing P-wave arrivals for all available seismic events. Moreover,
219 seismic events were recorded at the seven selected stations during this period. Figure 2
illustrates the geographic distribution of these seismic stations and recorded events.
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Figure 2. Fragment of the map with events. Blue dots indicate the station’s coordinates on the map,
and red dots are events from 1 January 2023 to 31 December 2024.

A diagram (Figure 3) was constructed to visualize the temporal distribution of seismic
activity over two years. It illustrates the monthly recorded earthquakes from January 2023 to
November 2024. This visualization enables the identification of periods of increased seismic
activity. The highest number of seismic events was recorded in January 2024 (136 events)
and February 2024 (28 events), suggesting increased tectonic activity. In contrast, the
number of earthquakes in the remaining months is significantly lower, indicating the
irregular nature of seismic activity in the region.
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Figure 3. A diagram illustrating the monthly distribution of seismic events. The blue bars represent
the number of recorded earthquakes, while the red numerical labels indicate the maximum recorded
magnitudes (ranging from 4.1 to 7.0).

2.1.1. Analysis of Seismic Event Recording Quality

As part of this study, the performance of the seismic stations was evaluated to identify
the characteristics of earthquake recordings in Kazakhstan and Kyrgyzstan. The analysis
revealed that most of the epicenters recorded are located in Kyrgyzstan, where mountain-
ous regions dominate the landscape. Consequently, seismic stations in remote areas of
Kazakhstan, such as north of Taldykorgan or near Lake Balkhash, recorded low-intensity
seismic events or, in some cases, failed to detect them.

2.1.2. Data Selection Criteria

To construct a high-quality seismic event database, the following selection criteria
were applied:

1.  Each recorded event included 120 s of data before and 120 s of data after the P-wave
arrival.
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2. To eliminate duplicate events, a minimum interval of 120 s was enforced between
consecutive detections. If two seismic events were recorded within this 120-s window,
one was removed from the dataset. This approach prevented multiple registrations
of P waves from the same or temporally close seismic events, thereby improving the
precision of seismic data analysis.

Following applying these criteria, the initial dataset of 1262 recorded events was
filtered down to 1147 events, ensuring a more accurate and reliable dataset for subsequent
model training and analysis. Data are presented with a minimum signal-to-noise ratio
of 2 dB. Figure 4 presents a detailed statistical analysis of the quality of seismic event
recordings. It illustrates the distribution of recorded events across key seismic stations
for 2023-2024.

Number of events before and after filtering
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Figure 4. A diagram illustrating the number of seismic events before and after filtering.

The graph shows that most stations recorded a comparable number of seismic events.
However, the BAET station detected significantly fewer events (only 12). This discrepancy
is attributed to the fact that BAET was commissioned only in 2024, resulting in a much
shorter observation period than the other stations.

2.2. CNN Architecture for P-Wave Detection

This study uses a convolutional neural network model to process seismic data. In
contrast to traditional methods that require complex preprocessing steps, our approach
allows direct analysis of raw seismic signals, uncovering hidden patterns in crustal oscil-
lations. This capability enables the model to differentiate between longitudinal (P) and
transverse (S) waves and analyze their propagation times [8]. The architecture of the
proposed CNN-based approach is illustrated in Figure 5.

Seismic waveform data are recorded in three components and retrieved from the
IRIS database. In the first stage of seismic data processing, the waveform information is
extracted from *.mseed files using the ObsPy and pyweed libraries [37]. From the retrieved
data, the signal amplitudes are extracted and subsequently processed. The time series is
then segmented into fixed-length intervals, allowing the neural network to analyze each
segment individually, thereby improving the detection of seismic events. The CNN model
architecture used in this study is presented in Figure 6.
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Figure 5. The data processing system structure for seismic activity detection is based on convolutional
neural networks (CNNs).
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Figure 6. Block diagram of the data preprocessing algorithm.

From the extracted seismic data, the signal amplitudes are isolated and subsequently
normalized to eliminate differences in scale and enhance the stability of the model. Scal-
ing the data reduces the influence of amplitude variations, thereby improving the model
performance. Normalized data are used to construct the input array for the neural net-
work. Following preprocessing, data integrity checks are performed. The extraction and
normalization process is repeated if one or more criteria are not met (e.g., missing values or
invalid data entries). Once all conditions are satisfied, the data are divided into two groups:
Preprocessed input data array and corresponding class labels. After completion of the
preprocessing stage, the data (local_data and local_labels) undergo further analysis
utilizing parallel computing techniques. A thread pool executor was implemented to opti-
mize computational efficiency, enabling the simultaneous processing of multiple MiniSEED
(*.mseed) files (Figure 7). Each file is loaded and processed in a separate thread, significantly
reducing execution time.
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Figure 7. Implementation of the algorithm for training and validation split.

The processed data are aggregated into a unified NumPy array, which is then divided
into two subsets: the training set (82%) and the validation set (18%). This ratio is a standard
practice in machine learning, as it ensures a sufficient volume of data for model training while
also allowing for an objective evaluation of model performance on an independent dataset.

We conducted a series of experiments, which allowed us to determine the optimal
hyperparameter values for our task. This approach led to the best results in terms of
P-wave detection accuracy. The structure of the proposed convolutional neural network is
presented in Figure 8 and Table 1, while the model hyperparameters are listed in Table 2.
The model consists of a sequence of four convolutional layers (Conv1D), each performing a
one-dimensional convolution along the temporal axis of the input data. Each convolutional
layer employs the ReLU activation function, effectively extracting non-linear features from
seismic waveforms.

/ Input layer

-
Lo @l )]
<0

\ EB ConviD @MaxPooliMD @ Dropout Ea Flatten J

Figure 8. Convolutional neural network structure.

Each convolutional layer in the proposed model contains kernels of equal size. As
a result, input features are progressively filtered, enabling the extraction of increasingly
complex representations from seismic waveforms. Each convolutional layer is followed by
a subsampling operation (MaxPooling1D) with a window size of 2 to reduce dimensionality
and suppress noise.

Dropout layers are incorporated after the second and fourth convolutional layers
to mitigate overfitting, with dropout rates of 0.5 and 0.4, respectively. This technique
randomly turns off a fraction of neurons during training, preventing the model from
relying too heavily on specific features and improving its generalization capabilities.

The final layer of the model consists of a fully connected dense layer. After convolu-
tion and subsampling, the output undergoes a flattening operation, which converts the
multidimensional tensor into a one-dimensional vector. This representation passes through
a dense layer with 16 neurons and a ReLU activation function. The final output layer
consists of a single neuron with a sigmoid activation function, enabling binary classification
by predicting the probability of the presence of a P-wave in the input signal.
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Table 1. The architecture of the convolutional neural network includes four convolutional layers and
two fully connected layers of perceptrons.

Number of

Layer Filters/ Kernel Size Stride Act1vaf10n Additionally
Function
Neurons
input data
(dim. is
Conv1D-1 32 3 1 by ReLU time-
default) .
window x
fs, 1)
MaxPooling1D 2 2
Conv1D-2 16 3 1 ReLU
MaxPooling1D 2 2
Dropout Proil;a:)béhty
Conv1D-3 8 3 1 RelLU
MaxPooling1D 2 2
ConvlD-4 4 3 1 ReLLU
MaxPooling1D 2 2
Dropout Proi]:s)%bihty
Converting
Flatten to 1D
Dense-1 16 ReLU
Dense-2 1 Sigmoid
Table 2. Hyperparameters of the model.
Parameter Value
Optimizer Adam
Learning rate 0.001 (default)
Loss Function Binary Crossentropy
Metric Accuracy
L1/L2 regularization None
Batch size 128
Number of epochs 100

The Adam optimizer optimizes the model parameters, ensuring adaptive weight up-
dates based on gradient descent. Since the task involves binary classification, the binary
cross-entropy loss function (databinary_crossentropy) is used, which is well suited for
two-class classification problems. The proposed CNN architecture effectively captures tem-
poral dependencies within seismic signals while remaining adapted for binary classification.
This approach improves the precision and robustness of P-wave detection by leveraging
convolutional feature extraction, dimensionality reduction, and regularization techniques.

3. Results

The experiment was conducted on a high-performance computing system equipped
with an NVIDIA GeForce RTX 4090 GPU, featuring 24 GB of video memory and 16,384 CUDA
cores, alongside an Intel Core 19-14900K(F) processor with a clock speed of up to 6.0 GHz and
24 cores. After data filtering and preprocessing, the dataset was partitioned into training and
test sets as follows:

¢  Training set (Train): Data from January 2023 to February 2024, comprising 935 events
(82%);
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¢ Test set (Test): Data from March 2024 to December 2024, comprising 212 events (18%).

The 82% to 18% split was selected to ensure a sufficient number of training samples
while maintaining a substantial portion of data for testing, thus improving the reliability
of the final evaluation results. The training set spans a complete annual cycle, allowing
the model to account for seasonal variations in seismic activity. The test set was drawn
from subsequent months, enabling an assessment of the model’s temporal robustness and
generalization ability.

The number of training epochs is a crucial factor in model optimization, as an insuffi-
cient number of epochs may lead to underfitting, whereas an excessive number can result in
overfitting. An early stopping mechanism was implemented to mitigate these risks, where
training continued until the validation precision stabilized. The model performed best at
300 epochs, achieving minimal validation loss while maintaining optimal generalization
to unseen data. The HHZ channel data were segmented into multiple time windows to
determine the optimal signal duration for P-wave detection. The time window length was
systematically varied from 20 s to 40 s, with a step size of 2 s.

Figure 9 presents the relationship between the accuracy of the P-wave detection and
the length of the time window. The blue dashed line represents the accuracy trend as a
function of the time window size, while the blue markers indicate empirical values obtained
from experiments. The red marker highlights the optimal time window length, which
yields the highest detection accuracy.

100
98 ? e « |
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PR St /”” ~‘~\\‘~ /”/ \\\
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X 95t
=
8
| | |
< o | : 1 |

92 |
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20 22 24 26 28 30 32 34 36 38 40

Time window, sec

Figure 9. Optimal time window length identification. Relationship between time window length (in
seconds) and classification accuracy (%).

The optimal time window length identified in this study is 38 s. This value provides
the best balance between signal completeness and P-wave classification precision, allowing
the model to minimize detection errors effectively. Following the selection of the optimal
time window, a receiver operating characteristic (ROC) curve (Figure 10) was generated
to evaluate the performance of the binary classifier. The blue curve represents the valid
positive rate (sensitivity) as a function of the false positive rate, while the gray dashed line
indicates the random classification baseline. The model’s area under the curve (AUC) score
is 0.939, indicating high precision and strong discriminative capability in detecting P waves
within seismic waveforms.
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Figure 10. ROC curve of the classification model.

A confusion matrix visually represents the classification model’s performance, illus-
trating the number of correctly and incorrectly classified instances. Figure 11 presents the
confusion matrix for the model that predicts the presence or absence of P waves.

The main diagonal (0.987 and 0.891) represents the correctly classified cases:

*  98.7% of noise samples were correctly identified as noise;
*  89.1% of P-wave occurrences were accurately detected.

The off-diagonal elements indicate classification errors:

*  1.3% of noise samples were incorrectly classified as P waves (false positives);
*  10.9% of actual P waves are misclassified as noise (false negatives).

Although the model demonstrates high accuracy, a small proportion of errors remains.
These misclassifications suggest areas for potential refinement, such as improving feature
extraction techniques or fine-tuning decision thresholds to further enhance the performance
of P-wave detection.

In addition to numerical evaluation metrics, visual analysis of results plays a crucial
role in assessing model performance (Figure 12). This approach provides a qualitative
understanding of how the model detects P waves within the seismic waveform over time.
The key moments of signal detection are highlighted on the seismograms. This visualization
allows for a direct assessment of the model’s ability to pinpoint P-wave arrivals accurately,
facilitating an intuitive evaluation of detection reliability and potential misclassifications.

Figure 12 presents a seismogram recorded using the HHZ channel. The blue-shaded
region represents the time interval analyzed by the model, while the red line marks the exact
moment when the model detected the P-wave. Before this threshold, the signal exhibits
low amplitude, indicative of seismic. Following the detection point, a sharp increase in
amplitude and distinct changes in waveform characteristics indicate the onset of a seismic
event. This visualization method represents the model’s performance, allowing for an
intuitive assessment of signal behavior and the precision of P-wave arrival detection.
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Figure 11. Error matrix for P-wave detection. 0—noise (P waves absent); 1—P waves detected.
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Figure 12. Seismograms with a highlighted time window and the moment of P-wave detection:
(a) for the event on 4 March 2024. (b) on 3 March 2024.

Comparison

Accuracy and recall metrics were used to evaluate the effectiveness of the proposed

model. These criteria provide a comprehensive assessment of the model’s classification
performance:

*  Accuracy represents the model’s ability to correctly identify P waves among all de-

tected seismic waves, reflecting the algorithm’s positive predictive value.
Recall measures the proportion of correctly detected P waves relative to the total
number of actual P waves, indicating the sensitivity of the model.

The formulas for these metrics are defined as follows:

accuracy = TP/ (TP + FP), 1)
recall = TP/ (TP + FN), 2)

here: TP (true positive): Correctly detected P waves. FP (false positive): False alarms (incor-
rectly detected P waves). FN (false negative): Missed detections (P waves not recognized
by the model).

The performance of the proposed CNN-based model was compared to traditional and

deep learning-based P-wave detection methods, including STA/LTA, PhaseNet, and GPD.
The results are summarized in Table 3.
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Table 3. Comparison of the proposed model with traditional P-wave detection methods.
Characteristic STA/LTA PhaseNet GPD CNN
Accuracy 0.75 0.939 0.8796 0.941
Recall 0.64 0.857 0.8038 0.891

According to Table 3, the STA /LTA method achieved the lowest recall (0.64) and accuracy
(0.75), as expected as it is a classical approach that was introduced in 1978 and serves as a
fundamental baseline method [4]. More advanced deep learning-based approaches were also
evaluated, namely, PhaseNet, a deep neural network algorithm designed to recognize both
P and S waves (recall = 0.857 and accuracy = 0.939) [23], as well as GPD, a model based on
the convolutional neural network (ConvNet), which demonstrated a recall of 0.8038 and an
accuracy of 0.8796 [38]. The CNN model proposed in this study achieved a recall of 0.891 and
an accuracy of 0.941, outperforming the other methods regarding P-wave detection accuracy.

4. Conclusions

This study developed and trained a convolutional neural network for the automatic
detection of P waves in seismic data. Experimental results demonstrated that the proposed
method achieved a P-wave detection accuracy of 94.1% and a recall of 89.1%, making it
comparable to some of the best deep learning-based approaches currently available.

The model used seismic data from the IRIS database for training and testing, collected
from seven seismic stations within a 333 km radius of Almaty. The Almaty region is one of
the most seismically active areas in the country, making the dataset highly unique and valu-
able for this region. The complex terrain and diverse geological characteristics introduce
additional challenges for seismic wave detection, further emphasizing the significance of
the proposed approach.

One of the key advantages of the developed model is its high accuracy and reliability
in P-wave detection, which is critical for precise and timely seismic activity analysis. Using
convolutional neural networks enables the automation of large-scale seismic data analysis,
eliminating the need for manual annotation of specific regions and significantly accelerating
the detection process. This is one of the developed model’s key advantages.

Furthermore, the method has shown a high degree of adaptability to local geophys-
ical characteristics, allowing for effective monitoring of seismic activity in complex and
geologically diverse regions.
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