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PROBLEM DEFINITION AND BACKGROUND

An increase in incidences of earthquakes in the global context of climate change underscores an urgent need for effective earthquake mitigation strategies. Earthquakes pose significant risks to infrastructure and lives, demanding more precise and
reliable methods for understanding and predicting their impact. Despite advances in seismic technology and geological studies, the ability to predict earthquake magnitudes accurately and in a timely manner remains a profound challenge in the field of
earthquake engineering and seismology. Current technologies and models focus predominantly on the detection and recording of seismic activities, leaving a gap in the post-event analysis and real-time predictive capabilities. Most existing
models are either too specialized to handle diverse data types or not robust enough to provide precise magnitude estimations, which are crucial for effective emergency responses and preparedness planning.

In response to this, our project aims to enhance the analytical capabilities of seismic data analysis through the application of machine learning techniques.
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DISCUSSION, CONCLUSIONS, AND RECOMMENDATIONS

The Hybrid CNN-LSTM Random Forest Model developed in this project significantly advances seismic data analysis by accurately determining earthquake magnitudes from recorded events, laying a crucial foundation for enhancing real-time
earthquake monitoring and predictive modeling. The LSTM model effectively harnessed the temporal dynamics inherent in time series waveform data, while the Random Forest model leveraged structured features extracted from the same data to
enhance prediction accuracy. This hybrid approach capitalized on the strengths of both models, addressing the complex nature of seismic data, which includes non-linear patterns and significant noise levels.

With more time, this project can be expanded to predict future earthquakes by incorporating real-time data and historical patterns and using adaptive learning to refine predictions based on new seismic activity.
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