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Toward Occurrence Time Prediction for Extreme Events Using Reservoir Computing

NAKAGAWA Masaki (Department of Computer Science and Engineering, Faculty of Information Engineering)
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Abstract

Machine learning methods for predicting extreme events have been variously proposed. Reservoir computing (RC) methods are

important for extreme events since it requires promptness. This study aims to propose a framework for predicting the occurrence

time of extreme events using RC and to evaluate its prediction ability. This report describes the efforts for them.
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