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Abstract

Typhoons pose a significant threat to East Asian and Southeast Asian countries,
necessitating an effective forecasting model to aid in disaster-related operations. Current
typhoon forecasting models include dynamic models, statistical models, and machine learning
methods. This study aims to establish a model architecture that combines multiple machine
learning methods, using typhoon satellite imagery and reanalysis data as the main inputs for
machine learning models to predict various parameters and paths of typhoons in the Northwest
Pacific Basin.

To achieve optimal predictive performance, the model architecture combines Convolutional
Neural Networks (CNNs), Random Forests, regression models, and Long Short-Term Memory

(LSTM) networks to generate and predict different parameters. The combinations of different
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machine learning models and their internal parameter settings will be systematically tuned to
compare the performance of different integrations.

The key meteorological parameters for typhoon prediction in this model architecture include
central pressure, intensity, and direction of movement, using benchmark data from the Japan
Meteorological Agency's Typhoon Best Track Data. To evaluate the predictive performance of
the model architecture, various evaluation indicators will be used, including error distribution
maps, F1 score, mean absolute error, and typhoon path generation points.

The results of this study are expected to be further applied in typhoon disaster prevention-
related forecasting and assessment, such as combining with regional typhoon damage
assessment models.

Keywords: Satellite Image » Machine Learning » Ensemble Learning
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