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ABSTRACT

The occurrence of storms and other severe weather phenomena can result in fatalities, injuries,
damage to significant properties, and delays in trade and transportation. This research aims to develop an
application using the machine learning techniques to forecast areas which are prone to storm risk in
Thailand. The research also attempts to show similarities between previous storms and the latest ones based
on the alert data of storm events, historical data of storm events, and weather information. The results
revealed that the forecast combining current weather information with weather information of one day in

advance, which includes 11 features at Learning Rate 0.01 and Training Cycle 160, generates 66.77% class



recall of storm warnings and 74.24% of no storm warnings at 70.21 accuracy. The model can also compare

the historical data of storm events with the top five current ones which bear some similarities.

Keywords: Windstorm prediction, Storm Similarity, Machine learning, Neural Network
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