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Deep Learning Model for Typhon Grade Classification Based on Improved Activation Function

ZHENG Zong-sheng LIU Zhao-rong HUANG Dong-mei SONG Wei ZOU Guo-liang HOU Qian HAO Jian-bo
(College of Information Technology,Shanghai Ocean University,Shanghai 201306, China)

Abstract Aiming at the issue that it is difficult to select the activation function in deep learning model for specific task,
on the basis of analyzing the advantages and disadvantages of traditional activation function and the popular activation
function at the present stage,this paper constructed an activation function T-RelLU which can make up for the short-
comings of Tanh function and RelLU function by combining the Tanh activation function with the widely used RelLU
function. By constructing the deep learning model Typ-CNNs for typhoon grade classification, using the Typhoon satel-
lite image published by the Japan Meteorological Agency as the self-built sample data, this paper made use of several
different activation functions to conduct comparison experiments. The results show that the test accuracy of typhoon
grade classification using the T-ReLLU function is 1. 124 % higher than that of using RelLU activation function,which is
2.102% higher than that of using Tanh function. In order to further verily the reliability of the results, the MNIST
general data set was utilized to carry out the comparison experiment of activation function. The final results show that
99. 855% training accuracy and 98. 620 % test accuracy can be obtained by using T-Rel.U function,and it performs bet-
ter than other activation functions.

Keywords Deep learning,Convolution neural network, Activation function, Typhoon grade, MNIST dataset
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Table 1 Typhoon level released by Japan Meteorological Agency
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Table 2 Model accuracy under different activation functions

on Typhoon dataset
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Fig. 4 Accuracy curves of different activation functions

on training set
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Fig. 6 Verification set accuracy curve on MNIST dataset
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Table 3 Model accuracy of different activation functions on MNIST

common datasets
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Table 4 Model accuracy of R-T activation function on two datasets
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Fig. 7 Training accuracy and test accuracy on two datasets
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