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A Activation Function Selection of CNN for Inductive Motor Static Fault Diagnosis
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Yeong-Jin Goh '

ABSTRACT

In this paper, we propose an efficient CNN application method by analyzing the effect of activation function on the
failure diagnosis of the inductive motor stator. Generally, the main purpose of the inductive motor stator failure
diagnosis is to prevent the failure by rapidly diagnosing the minute turn short. In the application of activation function,
experiments show that the Sigmoid function is 23.23% more useful in accuracy of diagnosis than the ReLu function,
although it is shown that RelLu has superiority in overall fixer failure in utilizing the activation function.
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Parameter Initial Value
Epoch 400
Convolution Layer 3#3%64
Pooling Maxpooling
Dense 60-60-60

Activation function Sigmoid, LeRu, Max out
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