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Abstract

One of the complicated and demanding tasks in seismology is the reliable detection of
earthquakes. The key challenge is that the detection models must be applied to a specific
region, and models trained on one region may not perform as well in others. The limitations
of datasets for most regions of the world pose another task. Comprehensive, high-quality
datasets are essential for developing robust earthquake detection algorithms. Despite these
challenges, developing effective earthquake detection systems is critically important. This
paper proposes a novel deep network, Earth-Transformer-LSTM (ETL), to estimate earth-
quake magnitude with high precision. The proposed method uses Transformer encoders
as its first layer to extract profound features from the dataset. To obtain highly accurate
results, the extracted data is used as the input to the Long Short-Term Memory (LSTM)
neural network. Additionally, one-dimensional convolution is replaced by Multi-Layer
Perceptron (MLP), which performs better in Transformer encoders’ feed-forward networks.
The Turkey earthquake dataset 2000-2018 was used in this research because significant
earthquakes have occurred in this region in recent years. According to the obtained results,
the proposed method’s Root Mean Squared Error (RMSE) is 0.7, representing a noticeable
improvement over advanced conventional models.

Keywords: Earth-Transformer-LSTM (ETL); deep learning; earthquake detection; USGS
dataset

1. Introduction

Turkey is one of the most seismically active countries in the world due to its geograph-
ical location. Between 2014 and 2024, eleven significant earthquakes occurred in Turkey,
most with magnitudes over 6, suggesting that this region could experience similar events
in the near future. Such events can affect public safety and the country’s economy. Due to
the complexity of earthquakes, seismologists are seeking solutions to better understand
seismic events as several factors must be considered. Crucial factors in determining the
hazard and spatial probability of earthquakes include magnitude, depth, epicenter, seismic
gap, earthquake frequency, slope, elevation, and curvature, with the magnitude, depth,
and epicenter being the most important. As a result, earthquake detection and investiga-
tion of its characteristics have become crucial in modern seismology for purposes such as
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earthquake early warning systems, understanding the behavior of tectonic plates across
the Earth, and monitoring earthquakes on a global scale.

The typical procedure so far has been to monitor earthquakes using seismographs
to record them and prepare earthquake catalogs, allowing researchers to gain a deeper
understanding of the earthquake process and fault mechanisms. Since these data are
precious to the seismological community, the number of seismic stations has increased
and device accuracy has also improved. Furthermore, over recent years, several machine
learning (ML) and deep learning (DL) algorithms have been developed based on seismic
event data and can be used to detect earthquakes. ML and DL are leading technologies
suitable for solving problems across various fields of science. Furthermore, these tools are
highly effective in formulating theories and implementing different datasets. In seismology,
some of these tools have been used to predict earthquakes.

Rojas et al. [1] surveyed recent applications of Artificial Neural Networks (ANNSs) for
automating seismic data interpretation, particularly for earthquake detection and onset-
time estimation. The paper also discusses the challenges faced by human interpreters,
especially in detecting small magnitude earthquakes, and how ANNSs can address these
uncertainties. Mehta et al. [2] developed a normalized ANN to predict earthquakes; using
Exploratory Data Analysis (EDA), they removed unnecessary features from the raw data
and optimized the model using backpropagation, achieving 94.3% accuracy. Ridzwan and
Yusoff [3] reviewed numerous machine learning studies on earthquake prediction and
compared models predicting magnitude, trend, and occurrence across regions, identifying
top-performing seismic indicators and algorithms. Kavianpour et al. [4] introduced a
CNN-BiLSTM-AM approach for earthquake prediction. Convolutional Neural Networks
(CNNSs) extracted spatial characteristics, Bi-directional Long Short-Term Memory (BiLSTM)
captured data’s long-term dependencies, and attention mechanism (AM) emphasized
highly contributing results. Sadhukhan et al. [5] predicted earthquake magnitudes using
Long Short-Term Memory (LSTM), Bi-LSTM, and Transformer models on eight seismic
indicators, considering Mean Absolute Error (MAE), Mean Squared Error (MSE), log-cosh
loss, and Mean Squared Logarithmic Error (MSLE) metrics.

Dogan and Demir [6] proposed a novel Structural Recurrent Neural Network (SRNN)
model to predict earthquakes based on the existence of faults in specific regions, outper-
forming baseline and the state-of-the-art models. Berhich et al. [7] employed an LSTM
network with attention to predict large earthquakes using the Japan earthquake dataset,
achieving an MSE of approximately 60%. Saad et al. [8] proposed a Compact Convolutional
Transformer (CCT) for earthquake phase arrivals, which outperformed EQTransformer
and PhaseNet. Aslam et al. [9] predicted seismic activity in the northern part of Pakistan,
using Support Vector Regressor (SVR) and Hybrid Neural Network (HNN) to predict
seismic events.

Zhou et al. [10] examined the accuracy of the Haskell-based deterministic dendritic
cell algorithm (hDCA) for predicting earthquakes with magnitudes greater than 4.5. They
first extracted eight seismic indicators (b-value, magnitude deficit, mean magnitude, and
energy release rate) from historical earthquake records, using established geophysical laws
such as the Gutenberg—Richter relationship. These indicators were mapped into danger
and safe signals that simulate immune responses. A population of artificial dendritic cells
then processed these signals, accumulated internal state values (csm and k), and classified
each monthly seismic state as normal or anomalous, where an anomaly indicated a high
probability of an earthquake with magnitude greater than 4.5 in the following month.

Majhi et al. [11] estimated earthquake magnitudes using a method called Functional
Link Artificial Neural Network (FLANN), which combines standard machine learning
algorithms with the Moth Flame Optimization (MFO) algorithm. Zhang et al. [12] proposed
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a machine learning (ML) algorithm, CNN ONsite Intensity Prediction (CONIP), to forecast
seismic intensities and noted that this method could improve the accuracy of the earthquake
early warning (EEW) process. Zhu et al. [13] combined RNNs and transfer learning to
estimate ground-motion intensity at recording stations in China. The predicted alarms
had a 90% success rate. Kudtacik et al. [14] used a Global Navigation Satellite System
(GNSS)-based method to detect and characterize mining tremors, agreeing with seismic
solutions for earthquake first-epoch detection.

Machine learning and deep learning methods have been applied to enhance discrim-
ination between earthquakes and quarry blasts based on three seismic parameters by
M. S. Abdalzaher et al. [15]. They trained and compared six classifiers (XGB, DT, KNN,
QD, RF, and LR) on seismic catalog data from Northern California, using multiple evalua-
tion metrics (accuracy; F1-score; Matthews Correlation Coefficient—MCC; Kappa; Area
Under the Receiver Operating Characteristic Curve—ROC-AUC). The Extreme Gradient
Boosting (XGB) model achieved the best performance. Although the results demonstrate
strong classification capability and practical efficiency, the study relies on a limited feature
set and a single regional dataset, which may restrict generalizability.

Bilal et al. [16] presented a Batch Normalized Graph Convolutional Neural Network
with attention mechanism (BNGCNNATT) to predict earthquake depth and magnitude
from seismic data. Saad et al. [17] developed an unsupervised deep learning method for
denoising single-channel earthquake data using a UNET-based network with attention
mechanisms. The method employs a short-time Fourier transform (STFT) to separate the
real and imaginary parts, which are then processed to mute seismic noise while preserving
the signals. Using a deep image prior (DIP) approach, the network learns iteratively without
labeled data. The algorithm outperforms DeepDenoiser by 1.95 dB in signal-to-noise ratio
(SNR) and improves seismic event detection and earthquake location accuracy.

Han et al. [18] developed a DL model for earthquake detection, efficiently detect-
ing small-magnitude events compared to the Short Time Average/Long Time Average
(STA/LTA) method. However, phase picking was inconsistent, large earthquakes were
indistinguishable, and non-natural earthquakes were undetectable. Abebe et al. [19] used a
Transformer model to predict earthquake magnitudes in the Horn of Africa, comparing it
with LSTM, BiLSTM, and BiLSTM with attention models. The Transformer outperformed
the others, achieving lower error rates. Its ability to capture long-range dependencies
and process data in parallel contributed to better accuracy, though challenges remained in
predicting both large and small earthquakes.

Laurenti et al. [20] applied the autoregressive (AR) forecasting DL method for labquake
prediction. The method has been able to detect the time to the start of failure (TTsF) and
the time to the end of failure (TTeF) for labquakes, thereby representing a solution to
outperform previous methods of earthquake prediction. Mohammadigheymasi et al. [21]
implemented a pair-input DL (PIDL) model and waveform migration location methods
for earthquake detection, including the phase and location of earthquakes. Yuan et al. [22]
enhanced earthquake detection by combining pretrained DL models, multiple frequency
bands, and ensemble estimation. Mousavi et al. [23] presented a global DL model to predict
seismic events and phase picking. Their model was capable of predicting and locating
earthquakes twice as well as other models, using less than a third of the seismic stations.

This paper proposes a novel deep network, called Earth-Transformer—-LSTM (ETL),
to detect earthquake magnitude using an earthquake catalog. The term “Earth” in the
model’s name is chosen primarily to distinguish our model from others that incorporate
both Transformer and LSTM architectures. We aimed to create a unique identifier for
our proposed hybrid model, even though it does not specifically include Earth-related
features. The ETL incorporates the Transformer encoder and LSTM, which have enhanced
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the extraction of hidden features of its inputs and representation of sequence data’s features.
In the Transformer architecture, an LSTM enhances the representation of sequence data
features. The main dataset has been split into two subsets: a training set and an evaluation
set. The training phase was performed using the Adam optimization algorithm with a
learning rate of 1 x 10™* and a cross-entropy loss function. Compared with previous
earthquake detection methods, the ETL introduces a Transformer-LSTM with stronger
capabilities, achieving more accurate earthquake magnitude detection than other RNN-
based models such as Gated Recurrent Units (GRUs) and CNN-LSTM.

In the rest of the manuscript, Section 2 provides background on data collection and the
steps for downloading the datasets. In Section 3, the methodology of the proposed method
is explained, including the main concepts of the Transformer encoder and LSTM, which
provides a more detailed introduction to the novel ETL approach in Section 4. Results
and related discussion are provided in Section 5, along with a comparative analysis for
the proposed method. Finally, the main findings of the research work and conclusions are
summarized in Section 6.

2. Data Collection Background

Looking at recent earthquakes in Turkey, the country has been annually hit by at least
one earthquake of a magnitude greater than 5.5 [24]. These earthquakes usually occur in
the North Anatolian Fault zone (NAFZ) and East Anatolian Fault zone (EAFZ) [25,26].
There have been several significant earthquakes in Turkey over the last few decades. The
most devastating ones have been those that occurred on 30 October 2020, reported as
the “Aegean Sea earthquake (7.0 Mw)”; on 23 November 2022, as the “Golyaka—Diizce
earthquake (6.1 Mw)”; and in February 2023, namely the “Turkey-Syria earthquakes
(7.8 Mw, 7.7 Mw, 6.3 Mw)” [27-29].

The Turkey-Syria earthquakes (7.8 Mw, 7.7 Mw, 6.3 Mw) in February 2023 have
been described in [27], which focuses on fault interaction and stress transfer along the
East Anatolian Fault zone. The focal mechanism inversion reveals a trans-tensional stress
regime with left-lateral and normal slip, offering insights into regional tectonic processes
and fault interactions. The Aegean Sea earthquake (7.0 Mw), which occurred on 30 October
2020, extensively analyzed in [28], was a typical extensional faulting event characterized
by a complex aftershock sequence and high variability in rupture directivity. This event
demonstrated strong spatial clustering and temporal decay patterns, which have been
used in multiple studies to evaluate predictive models of earthquake catalog behavior.
The Golyaka—-Diizce earthquake (6.1 Mw), which occurred on 23 November 2022 and is
documented in [29], investigates near-field effects in the 6.1 magnitude earthquake on
the North Anatolian Fault zone, focusing on ground-motion intensities and their spatial
distribution using the AFAD-Turkish Accelerometric Database. The study challenges
previous assumptions by showing that velocity pulses, typically associated with directivity
effects, are concentrated in the fault-parallel rather than the fault-normal component,
especially for moderate events.

Tectonic plates, their boundaries, and active faults in Turkey are shown in Figure 1.
As large cities and dams are located around fault zones, the safety of these cities and
infrastructure could be affected by future earthquakes. So, it is crucial to study possible
earthquakes and quantify them using advanced numerical techniques.
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Figure 1. The tectonic plates and active fault map of the Eastern Mediterranean region [30].

Datasets

The data used in this study are sourced from the USGS earthquake catalog [31],
covering the period from 1 January 2000 to 31 December 2018, specifically for Turkey. This
extensive dataset provides a comprehensive record of seismic events over the specified
timeframe. The spatial distribution of these earthquakes is visualized in both 2D and 3D
formats [32], as illustrated in Figure 2. These visualizations offer valuable insights into the
geographic and depth-related distributions of seismic activity across Turkey, helping to
highlight patterns and trends in the dataset. A detailed overview of the dataset, including
the number of recorded events, magnitudes, and other relevant attributes, is presented
in Table 1, which summarizes the dataset’s key characteristics and facilitates a clearer
understanding of the data used in this research work.

Figure 3 shows histograms of date, depth, magnitude, and magnitude type. To clarify
the depth and magnitude distribution over the considered years, Figure 4 is depicted.

Table 1. Details provided in the Earthquake catalog.

Parameter Value
Start time 01-01-2000 00:00:00
End time 31-12-2018 23:59:59
Min longitude 25.85
Max longitude 45.14
Min latitude 35.67
Max latitude 42.38
Number of raw earthquakes 6679
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Figure 2. Spatial distribution of earthquakes that occurred in Turkey from 2000 to 2018.
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Figure 3. Date, depth, magnitude, and magnitude type histograms for the Turkey dataset.
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Figure 4. Depth and magnitude distribution between 2000 and 2018 for the Turkey dataset; the star
indicates significant events with magnitude greater than 7 (Figures generated by the ZMAP package,
https:/ / github.com/zmap /zmap).

3. Methodology

In this paper, we propose a novel deep network, Earth-Transformer-LSTM (ETL), for
estimating the earthquake magnitudes with high precision. Firstly, utilizing Transformer
encoders as a first layer could extract many subtle features from sequence data. Secondly,
exploiting LSTM could process the extracted data to obtain high accuracy. In other words,
in this research we use sequence-ensemble-based models to predict future earthquake
magnitudes using our dataset.

3.1. Transformer Encoder

Transformers have two main components: encoder and decoder [33]. These cutting-
edge deep learning models have gained significant fame in Natural Language Processing
(NLP) tasks such as text classification, summarization, and even one-shot classification. En-
coder parts can extract many hidden features from the inputs and transfer them to decoder
parts, which can generate the desired outputs. Transformers offer many unique benefits
over conventional sequence-based models, such as LSTM and GRU. For example, they can
process inputs in parallel, since these models have multi-head attention mechanisms that
can assign special attention weights to more important segments of the data.

In more detail, this research focuses on the Transformer encoder because it can extract
features from sequence inputs. Transformer encoders have several specialized components
that can improve the model’s performance; for instance, multi-head attention can adjust
attention weights and parameters on the more important sections of the data. Layer nor-
malization also has a positive effect on the model’s performance, potentially outweighing
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the batch normalization’s effects. The structure of the Transformer encoder block is shown
in Figure 5, while the sequence of steps and related parameters are reported in Table 2.

[ Inputs ]

{ \ 4 l
[ Multi-head attention ]

Y
[ Add and Norm ]'—
P Q
v

[ Convolution 1 D]

'
[Add and Norm ]4—

[ Out;;uts ]

Figure 5. Structure of the Transformer encoder’s single block.

Table 2. Sequence of steps and parameters of the proposed Transformer encoder.

Structure of the Transformer Encoder block

1- Inputs: datapoints (shape = (3,1))
2- Outputs: Encoder output (shape = (100,1))

3- X = Layer Normalization(inputs)
3- X = Multi-head attention (X, X, X)
4- X = Dropout(X)

5- res = X + inputs

6- X = Layer Normalization (res)

7- X = Conv-1D(X)

8- X = Dropout(X)

9- X = Conv-1D(X)

10- Output = x + res

11- X = Dropout(X)

Multi-head attention is a mechanism used in neural network architectures, particularly
in NLP, and is prominently featured in models like Transformer. It enhances the ability
of self-attention mechanisms by allowing the model to attend to different parts of the
input data simultaneously (Figure 6), effectively enabling it to capture various features
of the input’s context. The key benefit of multi-head attention is its ability to capture
different types of dependencies and relationships within the input data simultaneously.
Each attention head can focus on various parts of the input sequence, allowing the model to
attend to multiple sides of the context in parallel. This capability can lead to more expressive
representations and better performance, particularly in tasks that require understanding
long-range dependencies and intricate relationships within the input data. According to
Equation (1), the multi-head attention can be computed as follows:

MultiHead(Q, K, V) = Concat(headl, ..., headh)WO (headi = Attention (QWiQ, KWl-K, VWZ-V>) (1)

with WZQ c Rdmodelek’ WZK c Rdmadelek, WiV = RdmodledU and WO c thdemodeL'
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Figure 6. A multi-head attention structure that can compute attention weights in parallel paths.

In this formulation, Q, K, and V denote the query, key, and value matrices, respectively,
n is the sequence length, and d,;,y4,; the model embedding dimension. The model employs
n attention heads; for each head i, WIQ, WiK and WZ.V are the learnable projection matrices for
queries, keys, and values, respectively. In addition, dy and dy denote the dimensionality
of queries/keys and values per head. The outputs of all heads are concatenated along the
feature dimension.

3.2. Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) is a type of Recurrent Neural Network (RNN)
architecture that is designed to address the vanishing gradient (killing gradient) problem
often encountered when training traditional RNNs. LSTM networks are able to learn
long-term dependencies in sequential data, making them particularly well-suited for tasks
such as speech recognition, language modeling, machine translation, and time-series
prediction. LSTM has three main components: input, output, and forget gates. The input
gate determines which new information from the current time step should be stored in
the memory cell for use by other parts. Moreover, the output gate determines which
information from the memory cell should be passed to the next time step’s hidden state,
which serves as the input to the next cell. Eventually, the forget gate determines which data
from the previous time step should be discarded from the memory cell if it is not useful to

Y

the model. The LSTM structure is shown in Figure 7.

-
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Cea : k/ U t
P
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Figure 7. LSTM structure.
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4. Earth-Transformer-LSTM (ETL)

In this paper, we propose a novel model combining a Transformer encoder and an
LSTM (Figure 8). The primary novelty of our approach lies in the seamless integration of
these two distinct architectures. While Transformer encoders have demonstrated remark-
able capabilities in extracting contextual features from input data and sequences, they lack
the inherent ability to model long-range dependencies effectively. On the other hand, LSTM
networks show good performance at capturing sequential patterns and including a steady
memory state. This hybrid form aims to utilize the strengths of both models to achieve
superior performance. The Transformer encoder structure is equipped with a multi-head
attention mechanism, which allows it to extract a wide set of hidden features from the
input sequence.

4 N )

Transformer "

Scaler

Range=(0,1) T T

LSTM

Transformer

B .
i |

LSTM — Output

Transformer

N /N /

Figure 8. Structure of the developed ETL framework.

This feature is a key merit of the Transformer architecture, as it can cover complex
relationships and dependencies within the data that may be difficult for simpler models to
learn. By forwarding the Transformer encoder’s extracted features to an LSTM layer, our
model can further refine and process these representations. The LSTM’s ability to maintain
internal state and model sequential dependencies can complement the Transformer’s
strength in modeling global relationships. This combination of techniques enables our
model to capture both local and global patterns in the data, potentially improving the
detection accuracy. Additionally, we have incorporated one-dimensional convolutional
layers into the Transformer encoder’s feed-forward networks.

Compared to traditional Multi-Layer Perceptrons (MLPs), the convolutional layers
have been shown to exhibit better performance on certain types of sequential data. This
architectural choice further enhances the model’s capability to extract meaningful features
from the input. In the preprocessing stage, we use a MinMax scaler to normalize the raw
dataset to a consistent format. This step is crucial for ensuring the model effectively learns
from the data, as it helps mitigate the impact of different scales or ranges present in the
original features.

Overall, the proposed hybrid model, which we name Earth-Transformer-LSTM (ETL),
leverages the strengths of Transformer encoders and LSTMs, along with 1D convolutions
and MinMax scaling, to create a powerful and versatile architecture for the task at hand.
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The detailed evaluation of the model’s performance and its comparative advantages are
reported in Table 3.

Table 3. Parameters of the developed ETL model.

Layer Parameters
Transformer 1816
LSTM_1 4440
LSTM_2 840
Dense 11
Total 7107

Also, we use the MinMax scaler in (2) to scale our dataset to the desired range (0 + 1),
which can help prevent overfitting by ensuring that features with different scales do not
disproportionately influence the learning process. It also helps stabilize gradient descent,
leading to more efficient and effective model training. Overall, using the MinMax scaler
enhances the model’s performance and robustness.

X; — min(X)
max(X) — min(X)

MinMax sclaer = )

After performing the preprocessing, the dataset is divided into two non-overlapping
sets, called the training and test sets, with 80% and 20% of the dataset, respectively. Since
the dataset is sequential, the shuffle operation is not applied during splitting, so sequential
features are preserved for training the model. This procedure ensures that the sequential
features are maintained, which is crucial for effectively training the model. Moreover, as
shown in Figure 9, the proposed model takes longitude, latitude, and depth as inputs
(3-dimensional vectors) and generates the corresponding estimated magnitude as output (a
scalar value).

Longitude

—
)

—>

Latitude

-
SEEEER

> ETL (Earth-Transformer-LSTM) Magnitude

—

Depth

-

Figure 9. Inputs and outputs of the developed ETL framework.

5. Results

In this paper, Python 3.12 and TensorFlow 2.15.0 are used to implement all models
and methods. Moreover, we split the main dataset into two portions—training and testing
subsets—with a proportion of 8:2, respectively. Moreover, hyper-parameters can play
a crucial role in the models’ overall performance, so altering their values can lead to
unacceptable results. The hyper-parameters’ optimal values for the ETL model are reported
in Table 4.
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Table 4. ETL hyper-parameters.
Number of Head Number of LSTM Unit Epoch Learning Rate  Optimizer
u er o eads Transformer Block S pocns ea g Rate P ze
ETL 2 2 10 200 1x 10~% Adam

In this paper, we present a comparison between our proposed hybrid model (ETL
model), which combines Transformer encoders and LSTMs, with various benchmark
models and other published results. We compute two commonly used performance metrics,
Root Mean Squared Error (RMSE) and Mean Squared Error (MSE), to carry out these
comparative evaluations. The RMSE metric measures the average magnitude of errors
and indicates how well the model’s predictions align with the actual target values. It is
calculated as the square root of the mean of the squared differences between the predicted
and true values. RMSE is a useful metric for evaluating the model’s predictive accuracy
because it is expressed in the same unit as the target parameter. On the other hand, the
average squared difference between the expected and actual values is measured by the MSE
metric. Because MSE squares the errors, it gives greater weight to larger deviations, making
it more susceptible to outliers or extremely inaccurate predictions. MSE provides insights
into the model’s ability to minimize overall squared error, an important consideration in
many applications. These indices are formulated as follows:

1 (@ —y)
MSE = ; B (4)

We can obtain a more comprehensive understanding of the ETL model’s performance
by computing both RMSE and MSE. The RMSE provides a sense of the typical magnitude
of the prediction errors, while the MSE indicates the model’s effectiveness in minimizing
the overall squared error.

The benchmark models have been selected carefully to ensure a fair and meaningful
comparison. These models represent the state of the art in the field and cover a range of
architectural designs, including both traditional and modern techniques. By benchmark-
ing our ETL model against these established methodologies, we can assess the degree of
improvement or novelty our hybrid architecture brings to the study. Firstly, we compare
our model results with those of the Stacked Normalized Recurrent Neural Network (SN-
RNN) [33], which combines multiple RNN-based models to improve overall performance.
The SN-RNN has three main components—RNN, GRU, and LSTM. In detail, data is pro-
cessed inside this RNN stack, and each section has unique benefits. For example, the GRU
(middle part) could prevent the model from overfitting, representing a kind of ensembling
model. Moreover, the SN-RNN also uses layer normalization, which offers many unique
advantages, such as preventing overfitting compared to batch normalization [34]. However,
as shown in Table 5, our model performs better than SN-RNN.

Table 5. ETL and SN-RNN results.

RMSE MSE
SN-RNN 3.16 9.985
ETL 0.70 0.49
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Secondly, within a unified experimental framework, we compare the results of the
developed ETL model with other RNN-based models, including LSTM, Gated Recurrent
Units (GRUs), CNN-LSTM, and Bi-directional LSTM (BiLSTM). This operating mode
ensures consistency in data preprocessing, model selection, optimization strategy, and
statistical evaluation algorithms across all models presented in this study. GRU is an
improved version of LSTM that helps protect the model from overfitting and other training-
related issues. CNN-LSTM can be used for many tasks, such as video classification, and it
can extract hidden features from the input via its convolutional layers; these features are
then passed to LSTM layers for final processing. BILSTM can perform conventional LSTM
in two directions (first-to-last and last-to-first), and it concatenates the results from both
directions. As shown in Table 6, our proposed ETL model (a hybrid Transformer encoder
and LSTM) outperforms the other benchmark models.

Table 6. ETL and conventional RNN-based models comparison results.

RMSE MSE

LSTM + MinMax scaler 0.95 0.91
GRU + MinMax scaler 0.73 0.54
CNN-LSTM + MinMax scaler 0.87 0.76
BiLSTM + MinMax scaler 0.75 0.56
ETL (Our model) 0.70 0.49

According to Figure 10, our model also has a swift convergence, which can reach its
optimal loss (RMSE) at lower epochs (approximately 10 epochs out of 200). In Figure 11, an
example of the detected earthquake magnitudes for 10 samples is illustrated.

To further demonstrate the advantages of the proposed ETL architecture, we have
analyzed two complementary performance metrics: the relative improvement percentage
and training convergence behavior. As reported in Table 6, ETL achieves an RMSE of
0.70 compared to a 0.95 value for LSTM, 0.73 achieved by GRU, 0.87 by CNN-LSTM, and
0.75 by BiLSTM. The obtained result for the ETL model, proposed in this research work,
corresponds to relative RMSE reductions of:

26.3% improvement over LSTM;

4.1% improvement over GRU;

19.5% improvement over CNN-LSTM;

6.7% improvement over BiLSTM.

Similarly, compared to the SN-RNN model (RMSE value equal to 3.16), the ETL
framework reduces prediction error by approximately 77.8%, indicating a substantial gain

in predictive accuracy. In addition to lower error values, Figure 10 shows that the ETL
model converges to a stable state within approximately 10 epochs, even though it was
trained for 200 epochs. This rapid stabilization suggests improved optimization dynamics
and learning efficiency, likely due to the complementary integration of Transformer-based
global attention and LSTM-based sequential memory. These results provide additional
evidence that ETL’s superiority is not limited to marginal numerical improvements in
RMSE but also reflects enhanced learning stability and stronger representational capability
compared to standalone RNN-based architectures.

The principal novelty of the developed ETL framework lies in integrating a Trans-
former encoder with an LSTM-based model to simultaneously learn long-range spatial
correlations among earthquake catalog events via self-attention and temporal evolution
patterns via gated recurrent memory. This strategy distinguishes ETL from previous mod-
els that rely solely on recurrent learning or convolutional pattern extraction. In terms of
robustness, the ETL demonstrated:
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>  Significantly lower RMSE compared to standalone recurrent models under both
standard random splitting and temporal hold-out testing;

> Stable predictive performance when evaluated on moderate-to-strong magnitude
subsets (Mw > 5.0), illustrating better generalization compared to benchmark models
whose error grew substantially with the magnitude.

3.0
2.5
2.0

1.5

1.0

Root Mean Squared Error (RMSE)

(0] 25 50 75 100 125 150 175 200
Epochs

Figure 10. ETL training loss (RMSE).
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Figure 11. Examples of predicted and actual magnitude values for occurred earthquakes.

6. Discussion

There are many complexities involved in earthquakes: the magnitude, depth, loca-
tion, and other seismological features which generally depend on the region’s tectonic
characteristics and geology. Because of this, earthquake detection systems are crucial to
seismology, and learning models should be trained using powerful algorithms. For this
reason, the study should focus on a specific region, and a dense seismic network is needed
to increase the model accuracy. One option for overcoming these difficulties is to introduce
new methods that perform better on the given seismic datasets.

This research article proposes a novel deep network, Earth-Transformer-LSTM (ETL),
to estimate earthquake magnitude with high precision. The first layer of the model includes
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Transformer encoders to extract subtle features from dataset; LSTM and one-dimensional
convolution have been used as the other layers. The model has been trained on an earth-
quake dataset downloaded from the USGS for Turkey’s earthquakes. This country is an
active seismic region and has experienced very strong earthquakes in recent years.

The existing literature on earthquake magnitude estimation and seismic parameter
prediction has explored various ML and DL techniques. Traditional statistical models
and SVM-based approaches focus on feature-engineered catalog attributes but struggle
to generalize nonlinear spatio-temporal relationships. RNN-based models, particularly
LSTM and GRU networks, have demonstrated some success in capturing temporal de-
pendencies; specifically, these architectures are effective at learning sequential patterns
but can face limitations when modeling long-range spatial dependencies among seismic
event locations. Hybrid models that combine CNNs with recurrent units (e.g., CNN-LSTM)
have been proposed to integrate feature extraction with temporal learning; however, CNN
layers primarily capture local patterns and require large, labeled waveform datasets for
optimal performance.

Unlike prior studies, the proposed ETL model integrates self-attention mechanisms
from the Transformer architecture with sequential gating from LSTM units. This architec-
tural combination allows the ETL framework to jointly model spatial and temporal struc-
tures more effectively than either component alone. In contrast, standalone LSTM/GRU
models lack explicit mechanisms to capture spatial interactions beyond the sequential axis,
whereas CNN-based hybrids do not integrate learned long-range dependencies with the
same level of flexibility as Transformers. This design introduces two key advantages:

v" Global Spatial Attention: The Transformer encoder enables direct modeling of re-
lationships among events through self-attention, allowing the model to learn how
each event’s location influences magnitude prediction without relying only on local
sequential context.

v' Temporal Memory Integration: The LSTM units preserve long-term temporal depen-
dencies, which are crucial in earthquake catalogs where event occurrence patterns
may reflect clustering, aftershock sequences, and periodicity.

The novelty of this research lies in combining two distinct sequence-based models for
earthquake magnitude detection, which we have named ETL (Earth-Transformer-LSTM).
The ETL has two components: the Transformer encoder and the LSTM. The Transformer en-
coder can extract many hidden features from its inputs by utilizing an attention mechanism
(multi-head attention) and convolutional layers, which are then used in the feed-forward
section. Moreover, the encoded features are transferred to the next RNN-based LSTM model,
which can process these encrypted features across multiple sequences, thereby improving
the conventional Transformer encoder results and making the ETL suitable for predicting
future earthquake magnitudes. Thus, our model obtains RMSE and MSE metrics of 0.7 and
0.49, respectively. Moreover, we split the main dataset into two subsets: training and
evaluation. For the training phase, we used the Adam optimizer (learning rate =1 x 107%)
and the cross-entropy loss function. Finally, our model’s earthquake detection results are
more accurate than those of other RNN-based models, such as GRU and CNN-LSTM.

A detailed comparative analysis has been conducted against several representative
benchmark models, including standalone Recurrent Neural Networks (LSTM and GRU),
hybrid CNN-LSTM architectures, and the recently proposed SN-RNN model [33]. While
RNN-based approaches such as LSTM and GRU are effective at modeling sequential depen-
dencies, their performance is limited by their ability to extract complex global relationships
from high-dimensional seismic data. Similarly, CNN-LSTM models rely heavily on convo-
lutional feature extraction, which may not fully capture long-range dependencies inherent
in seismic time-series signals. The SN-RNN model improves upon traditional RNNs by
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incorporating noise-robust mechanisms [33]; however, its reported RMSE of 3.16 remains
significantly higher than that achieved by the proposed ETL framework.

This result demonstrates that the ETL algorithm can estimate earthquake magnitude
much more precisely than other methods that have used similar datasets. Currently, the
model does not incorporate explicit information about the earthquake’s location or time in
its process. Indeed, longitude and latitude are partitions of our inputs, and the proposed
model processes the data sequentially (in time). The primary goal of the model is to
estimate earthquake magnitude based on available seismic data features. However, we
acknowledge that incorporating location and time information could enhance the model’s
predictive capabilities and provide a more comprehensive analysis. We plan to explore
the inclusion of spatial and temporal features in future iterations of the model to address
these aspects. As a potential research topic, it may be helpful to explore using these time-
series-based algorithms to adapt and improve earthquake detection across different regions
and datasets.

Despite the promising performance of the proposed Earth-Transformer-LSTM (ETL)
model, several limitations should be acknowledged. Firstly, the model has been trained
and evaluated using a region-specific dataset (Turkey, 2000-2018), which may limit its
generalizability to other seismic regions with different tectonic characteristics and seismic
patterns. Secondly, the input features are restricted to longitude, latitude, and depth,
without incorporating additional geophysical, temporal, or waveform-based parameters
that may further enhance predictive capability. Thirdly, the dataset size (6679 events) is
relatively small for deep learning applications, and the absence of cross-regional validation
or external testing may affect the model’s robustness assessment. Furthermore, although
the hybrid Transformer-LSTM architecture improves accuracy, it increases architectural
complexity and computational cost compared to simpler RNN-based models. Finally, the
study focuses solely on magnitude estimation and does not address related tasks, such as
real-time detection, phase picking, or integration with early warning systems.

The dataset’s time window (2000-2018) was selected to ensure catalog completeness,
magnitude homogeneity, and data stability, as more recent major seismic sequences are
subject to ongoing revisions and reprocessing (including magnitude recalibration, relo-
cation updates, and aftershock reclassification). Since, therefore, earthquake catalogs are
frequently updated after large events, restricting the analysis to a consolidated, quality-
controlled period enhances the methodological consistency and reproducibility of the
prediction results from ML and DL models.

Another reason to limit the dataset to the end of 2018 is to facilitate a direct comparison
with similar studies already published and related to the same period. This timeframe
allows us to benchmark our method against existing research that utilizes datasets from that
era. In this context, the primary objective of this study is to introduce and evaluate a novel
hybrid deep learning architecture under controlled and stable catalog conditions, rather
than to provide a real-time operational forecasting system. Establishing architectural ro-
bustness on a consolidated dataset is a necessary first step before extending the framework
to continuously evolving catalogs. Obviously, future work will extend the ETL framework
to incorporate post-2018 seismic sequences to further assess temporal generalization under
evolving tectonic conditions.

7. Conclusions

This paper presents an innovative deep learning framework, which we named Earth-
Transformer-LSTM (ETL), for accurate earthquake magnitude detection in seismically
active areas. The suggested method effectively captured complex temporal dependencies
in seismic data by using Transformer encoders for deep feature extraction, LSTM networks
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for sequential modeling, and an MLP-based feed-forward architecture instead of tradi-
tional convolutional layers. Experiments conducted on the Turkey earthquake dataset
demonstrated that the ETL model enhances the prediction accuracy, yielding RMSE and
MSE values of 0.7 and 0.49, respectively. The model was trained using the Adam opti-
mizer on separated training and evaluation datasets and outperforms existing RNN-based
approaches such as GRU and CNN-LSTM.

Future studies can extend this research in several important directions. Firstly, in-
corporating additional spatial-temporal features (e.g., event time, inter-event intervals,
fault proximity, tectonic indicators) may improve the model’s predictive performance and
physical interpretability. Secondly, evaluating the ETL framework on multi-regional or
global datasets would provide insight into its generalization capability across different
seismic environments. Transfer learning or domain adaptation techniques could also be
explored to adapt the model to regions with limited seismic data. Future work may also
investigate lightweight or optimized versions of the architecture to reduce computational
complexity for real-time earthquake early warning (EEW) applications. Finally, uncertainty
quantification methods and explainable AI (XAI) techniques could be incorporated to
improve model transparency and reliability for practical seismological deployment.
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