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Earthquake prediction is one of the most challenging issues in
geosciences, especially in seismically active regions such as the northern
Zagros. In this study, advanced deep learning methods were employed to
predict earthquakes with a magnitude greater than 5.5. The dataset used
includes over 23,000 recorded seismic events from 1990 to 2024 in the
Sarpol-e Zahab area and its surroundings. After data cleaning and
preprocessing, the data were divided into three subsets: training (2012 to
2015), validation (2016 to 2018), and testing (from 2019 onward).
Subsequently, several deep learning models were designed and
implemented, including convolutional neural networks (CNNs), long
short-term memory networks (LSTMs), transformer models, and a hybrid
architecture combining these three approaches. The hybrid model, by
simultaneously leveraging spatial feature extraction, temporal dependency
recognition, and adaptive attention mechanisms, demonstrated superior
performance compared to the other models. In the final evaluation, this
model achieved an accuracy of 99.51%, a precision of 96.59%, a recall of
93.92%, and an overall F1-score of 95.24%, confirming its high efficacy
in predicting potential earthquakes within a 30-day timeframe. Despite
existing limitations in precisely forecasting the exact time, location, and
intensity of earthquakes, the results of this study indicate that the strategic
use of hybrid deep learning models can play a crucial role in the
development of intelligent earthquake early warning systems and in
mitigating human and financial losses.
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1) INTRODUCTION

The accurate prediction of strong earthquakes is of critical importance due to their destructive impacts
on human life and infrastructure. Traditional seismological methods rely on geophysical indicators but
face challenges in capturing complex spatio-temporal dependencies. With the advent of Artificial
Intelligence (Al), data-driven methods have gained significant attention. Deep learning models,
particularly CNNs, LSTMs, and Transformers, have shown promise in time-series analysis. However,
each model has inherent limitations when applied individually. This research addresses these gaps by
designing a hybrid architecture that leverages CNNs for spatial feature extraction, LSTMs for sequential
temporal dependencies, and Transformers for adaptive long-term relations.

2) Solution Methid

2-1) Equations
The proposed problem is formulated as a binary classification task:
Yy = {1 if an earthquake with M = 5.5 occurs within 30 days,

0 OtherWise (1)

3) conclusion

This study introduces a hybrid deep learning model for earthquake prediction in the northern Zagros,
integrating CNN, LSTM, and Transformer components. The experimental results demonstrate that the
model achieves near-perfect accuracy and strong generalization, outperforming traditional approaches.
Although the exact time and location of earthquakes cannot be predicted with certainty, the proposed
method provides a reliable framework for intelligent early warning systems. Future work should focus
on incorporating geophysical indicators (e.g., GPS, INSAR, stress models) to further improve prediction
reliability.

Tables and Figures

Three baseline models (CNN, LSTM, Transformer) and the hybrid architecture were evaluated. As
shown in Table 1, the hybrid model outperformed all baselines in terms of accuracy, recall, and F1-
score.

Table 1. Performance comparison of models

Model Accuracy (%) Precision (%0) Recall (%) F1-Score (%)
CNN 96.49 91.34 89 94.05
LSTM 94.83 89.12 92.87 90.95
Transformer 94.86 90.08 9241 91.22
Hybrid 99.51 96.59 93.92 95.24

The hybrid model not only reduced false alarms but also provided robustness against noisy data.
The Area Under the ROC Curve (AUC = 0.9993) confirmed its outstanding classification ability.
Compared to previous studies on the Zagros dataset using classical machine learning models (e.g., ANN,
SVM, RF), our hybrid model achieved superior predictive performance.
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