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ABSTRACT

Based on the Deep Learning Neural Network (DNN) architecture, this study estimates the
typhoon intensity of the Northwest Pacific Ocean, establishes a DNN typhoon intensity forecast
model every 12 hours for the next five days, and uses multiple linear regression (Multiple Linear
Regression), MLR) to establish the MLR typhoon intensity forecast benchmark model, to analyze
and compare the efficiency improvement of typhoon intensity forecast. Taking the Northwest Pacific
as the research area, collect the SHIPS data (SHIPS Developmental Data) of the Northwest Pacific
typhoon from 2000 to 2012, and use the atmospheric and marine environmental factors of the
original SHIPS data as the DNN typhoon intensity forecast model and the MLR typhoon
respectively. The input of the intensity prediction benchmark model, the DNN and MLR models are
established with RMSE (Root-Mean-Square Error) as the model evaluation index.

The results of the typhoon intensity forecast and the case study of typhoon Sanda show that: (1)
Compared with the MLR model, the improvement percentage of the DNN model has increased,
especially when the lead time is more than 84 hours, the improvement percentage has gradually
increased, and the maximum improvement has even increased by nearly 10 %, the DNN model
performed better in all advance times, with an average improvement percentage of 4.53%. (2) The
underestimation and overestimation of the MLR model were higher than those of the DNN model.
(3) The case study of typhoon Sanda showed that the advance time from 12 hours to 48 hours, the
DNN mode improvement percentage has a large variability. The advance time is 24 hours and 48
hours, and the DNN mode improvement percentage is relatively the largest. Overall, the DNN model
is better than the MLR model for typhoon intensity forecast.

Keywords: Pacific northwest, Typhoon intensity forecast, Machine learning, Deep learning neural
network, Multiple linear regression.
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