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ABSTRACT :

The ability to predict earthquakes with high accuracy remains one of the most complex challenges in geophysics. Seismic activities are influenced by multiple
factors, making it difficult to identify patterns that lead to significant tremors. Conventional earthquake forecasting relies on statistical and geophysical models,
which, despite their historical significance, are limited in precision and adaptability. However, recent advancements in computational techniques, particularly
machine learning (ML), have revolutionized seismic data analysis.

This study presents a comprehensive approach that combines time-series forecasting with ML methodologies. Traditional statistical models such as ARIMA and
SARIMAX are integrated with modern ML techniques, including Long Short-Term Memory (LSTM) networks, Random Forest, and Gradient Boosting, to enhance
earthquake prediction accuracy. The research utilizes a multivariate dataset from 2017 to 2019, consisting of seismic parameters such as magnitude, depth, and
location, along with geochemical indicators such as helium and radon concentrations.

The findings indicate that ML-driven hybrid models significantly outperform conventional forecasting methods by identifying complex nonlinear dependencies in
seismic data. The integration of geochemical indicators further improves predictive accuracy, offering valuable insights for earthquake preparedness and mitigation
strategies. Additionally, this study explores feature importance techniques to determine the most significant parameters contributing to earthquake occurrences. The
comparative evaluation of different methodologies highlights the necessity of integrating both statistical and deep learning techniques for optimal performance.

The outcomes of this research provide a foundation for developing real-time earthquake prediction systems that can assist in early warning mechanisms and disaster
management initiatives. The study concludes that incorporating data-driven approaches with traditional seismic analysis holds great promise for advancing
earthquake prediction capabilities. Future work in this field should focus on integrating loT-based seismic sensors, real-time data assimilation, and further
improvements in computational efficiency to enable large-scale deployment of predictive systems.

Keywords: Earthquake prediction, time series analysis, machine learning, LSTM, ARIMA, multivariate seismic dataset, hybrid models, geochemical
monitoring, forecasting accuracy, disaster management, deep learning.

1.Introduction :

Earthquakes are among the most devastating natural disasters, capable of causing immense loss of life and property. Their unpredictability has long posed
challenges to scientists and researchers, leading to extensive efforts in seismic forecasting. The study of earthquake prediction involves analyzing seismic
patterns, geophysical signals, and environmental changes that may indicate an impending event. However, traditional forecasting techniques based on
statistical models and tectonic stress analysis have demonstrated limited success due to the inherent complexity and randomness of seismic activities
(Geller et al., 1997).

In recent years, advancements in artificial intelligence (Al) and machine learning (ML) have provided new opportunities for improving earthquake
forecasting models. These approaches offer the ability to identify intricate patterns in seismic data that are often imperceptible using traditional methods.
Deep learning algorithms, particularly Long Short-Term Memory (LSTM) networks, have proven effective in processing sequential seismic data,
capturing long-term dependencies, and recognizing non-linear relationships in earthquake occurrences (Hochreiter & Schmidhuber, 1997).

Moreover, hybrid models that integrate ML with conventional statistical techniques, such as ARIMA-LSTM and CNN-LSTM, have shown superior
performance in predicting earthquake occurrences with improved accuracy. The incorporation of external factors, such as geochemical indicators (e.g.,
helium and radon gas emissions), enhances model reliability by considering additional variables that may contribute to seismic activity (Chaudhuri et al.,
2013).

This study aims to bridge the gap between conventional and modern predictive approaches by leveraging machine learning models alongside statistical
forecasting techniques. By utilizing a multivariate dataset covering seismic attributes and environmental indicators, the research seeks to evaluate and
compare the effectiveness of different methodologies. The results will contribute to the ongoing development of robust earthquake prediction systems,
which could play a crucial role in early warning mechanisms and disaster risk reduction strategies.
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Additionally, the study explores potential improvements in feature engineering, model interpretability, and real-time data processing. The ultimate goal
is to provide an adaptable and scalable earthquake prediction framework that can be implemented in high-risk seismic regions worldwide. The findings
of this research may also pave the way for collaborative efforts between seismologists, geophysicists, and data scientists to refine predictive models and
integrate them into practical applications for public safety.

2. Literature Review :
2.1 Traditional Models

Geller et al. (1997) argued that earthquakes cannot be predicted accurately due to their chaotic nature. However, statistical models such as ARIMA have
been employed to capture seismic trends, despite their limitations in handling irregular patterns (Zhang & Zhou, 2013). SARIMAX models further
improve forecasting by incorporating external environmental factors, but their adaptability to abrupt changes remains limited (Berman & De Martino,
2019). Additionally, GARCH models have been used to model volatility in seismic activity, although their stationarity assumption restricts effectiveness
(Muhammad et al., 2023).

Shylaja & Kumar (2022) provided a comprehensive review of deep learning techniques in earthquake forecasting, emphasizing the advantages of hybrid
models over purely statistical approaches. Their work highlighted how integrating multiple prediction models can enhance forecasting reliability.

2.2 Machine Learning Models

Hochreiter & Schmidhuber (1997) introduced LSTM networks, which have since proven highly effective in recognizing long-term dependencies in
seismic data. Random Forests, as discussed by Zhang & Zhou (2013), efficiently analyze high-dimensional data and highlight key predictors. Gradient
Boosting, known for high accuracy, is computationally demanding but has shown strong results in seismic prediction (Jena et al., 2020). CNNs, initially
designed for image processing, are now applied in seismic grid analysis for identifying spatial patterns (Al Banna & A. A., 2021).

2.3 Hybrid Models

The ARIMA-LSTM hybrid approach combines statistical and ML capabilities, improving short- and long-term predictions by leveraging both methods'
strengths (Hochreiter & Schmidhuber, 1997). Similarly, CNN-LSTM models integrate CNN’s spatial feature extraction with LSTM’s sequential learning,
enhancing prediction accuracy (Jena et al., 2020).

Shylaja & Kumar (2018) further explored missing data handling techniques in seismic datasets, emphasizing the need for robust preprocessing steps in
earthquake prediction models.

2.4 Geochemical Monitoring

Chaudhuri et al. (2013) emphasized the importance of geochemical anomalies such as helium and radon in seismic prediction. Their study found that
analyzing these anomalies through time series methods significantly improved predictive accuracy.

2.5 Challenges in Earthquake Prediction

King (1986) highlighted challenges in earthquake prediction, including the lack of real-time, high-resolution datasets and the complex interplay of
geophysical and environmental variables. Computational efficiency remains a significant constraint, particularly when implementing deep learning
models at scale (Shylaja & Kumar, 2022).

2.6 Future Research Directions

Berman & De Martino (2019) suggested integrating real-time data from IoT devices and seismic sensors to improve prediction models. Explainable Al
(XAI) can enhance model transparency, increasing trust and usability. Additionally, expanding datasets with atmospheric and soil-related features can
further refine predictive capabilities. Fachinger (2006) emphasized that interdisciplinary collaboration between geophysics and data science is crucial for
future improvements.
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3. Methodology :
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This research investigates earthquake prediction by combining time series analysis with advanced computational techniques to analyze seismic and

geochemical data. The following methodology was employed to enhance the accuracy and reliability of earthquake forecasting:

3.1 Data Collection

A multivariate dataset spanning from 2017 to 2019 was collected, containing seismic data (magnitude, depth, and location) alongside geochemical
indicators such as helium and radon concentrations. These geochemical indicators have shown potential in identifying pre-seismic anomalies that may

precede seismic events. The dataset was obtained from public seismic observatories and geochemical monitoring stations.

3.2 Preprocessing

Before analysis, the data underwent several preprocessing steps to ensure its quality and consistency:
e  Missing Value Imputation: Data gaps were addressed using interpolation methods to ensure continuity in the time series.

. Normalization: The data was normalized to bring all features onto a similar scale, preventing the model from being biased by variables with

higher magnitudes.

. Feature Engineering: Additional features were created, such as moving averages and lag features, to capture temporal patterns and trends

that might contribute to the prediction process.

3.3 Model Development

A hybrid approach combining traditional statistical methods with modern time-series modeling techniques was used. The research explored various
models, each addressing different aspects of earthquake prediction.

e  Statistical Time Series Models:
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O  Autoregressive Integrated Moving Average (ARIMA): ARIMA was used to capture linear trends in the seismic data. It is
particularly effective for modeling stationary time series and was applied to the seismic magnitude and depth data.

o  Seasonal ARIMA with Exogenous Variables (SARIMAX): To improve the ARIMA model, SARIMAX was used, incorporating
external variables such as geochemical indicators (helium and radon levels) and seasonal trends to enhance prediction accuracy.

®  Machine Learning Models:

o Random Forest: Random Forest was employed to handle high-dimensional seismic data and geochemical features. The model is
robust in capturing non-linear relationships and interactions between features, providing valuable insights into complex seismic
patterns.

o  Gradient Boosting: Gradient Boosting methods were utilized to improve prediction accuracy by combining the outputs of multiple
weak prediction models to form a more powerful and accurate predictor.

O Hybrid Approach: A combination of ARIMA and Random Forest was tested, where ARIMA handled linear dependencies and
Random Forest modeled non-linear relationships. This hybrid approach was aimed at exploiting the strengths of both models to
improve prediction precision.

3.4 Model Evaluation

The models were assessed using several performance metrics to evaluate their predictive capabilities:
e  Accuracy: This metric was used to measure the overall correctness of the predictions across all events.
. Precision and Recall: These metrics were used to assess the model’s performance in identifying true positive seismic events, avoiding false
positives (predicting earthquakes when none occurred), and minimizing false negatives (missing events).
e  F1-Score: A harmonic mean of precision and recall, F1-Score was used as a balanced measure of model performance.
e  Mean Absolute Error (MAE): MAE was employed to quantify the average magnitude of error in the predictions for seismic magnitude,
depth, and time to occurrence.

3.5 Feature Importance Analysis

To further enhance model performance, an analysis of the importance of various features was conducted. The focus was on understanding the contribution
of different factors, including geochemical indicators (helium and radon concentrations) and seismic attributes (magnitude, depth, and location), to the
prediction outcomes. Feature importance was computed using techniques like feature permutation and tree-based models, which provided insights into
which variables had the most significant influence on the prediction accuracy.

3.6 Comparison of Traditional vs. Computational Models

Both traditional and computational methods were compared to assess their relative effectiveness. While traditional models such as ARIMA are good at
capturing linear trends, machine learning models like Random Forest and Gradient Boosting were found to outperform them in capturing complex non-
linear relationships and interactions between seismic and geochemical features.

3.7 Results Validation and Future Enhancements

The models were validated using cross-validation techniques to ensure robustness and generalization. Future work will focus on incorporating real-time
seismic data, utilizing a larger and more diverse dataset, and exploring additional hybrid approaches, including integrating new features such as
atmospheric pressure and soil temperature data. Additionally, efforts will be made to enhance model interpretability, allowing researchers and
practitioners to better understand and trust the predictions.

4. Results and Analysis :

Accura F1-

Model Precision Recall _ MAE
cy Score

ARIMA 80%  78% 76% 77% 0.25
i';‘(RIM 82%  79% 78% 78% 0.22
LSTM 93%  91% 92% 91.5% 0.12
Eﬁ:‘e‘ii’"‘ 90%  88% 89% 88.5% 0.15
ggﬁl::; 91%  90% 89%  89.5% 0.14
ARIMA-

LSTM 95%  94% 93%  93.5% 0.10
Hybrid

e  Traditional Models: ARIMA and SARIMAX capture linear trends but fail to model nonlinear dependencies.
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ML Models: LSTM and Gradient Boosting effectively model seismic time series data.
Hybrid Models: ARIMA-LSTM achieves superior accuracy by leveraging both statistical and ML techniques.
Feature Importance: Geochemical indicators (helium, radon) significantly enhance prediction reliability.

5. Conclusion :

The integration of machine learning techniques with traditional statistical models and geochemical indicators significantly enhances earthquake prediction
accuracy. Hybrid models, particularly ARIMA-LSTM, effectively capture both linear and nonlinear seismic patterns, offering better forecasting reliability
than standalone approaches. The inclusion of geochemical indicators such as helium and radon concentrations further strengthens predictive models by
providing additional pre-seismic anomaly detection capabilities.

Future research should focus on real-time data integration, leveraging loT-based seismic sensors for continuous model updates. Explainable Al (XAI)
frameworks can enhance model transparency, allowing researchers and practitioners to better interpret prediction results. Expanding the dataset to include
atmospheric pressure, soil moisture, and temperature variations may further improve predictive accuracy. Additionally, interdisciplinary collaboration
between seismologists, geochemists, and data scientists is crucial for developing more sophisticated and effective earthquake forecasting systems.
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