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Deep Learning-based Automatic Modulation Classification
using Improved Loss Function

Geonho Song*, Dongho Kim**', Jaehyun Ro***, and Dongweon Yoon***
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Abstract

Automatic Modulation Classification(AMC) is one of the key technologies of modern wireless communication
which plays an important role in various cooperative and non-cooperative contexts. Recently, many studies on Deep
Learning(DL)-based AMC have been reported. This paper proposes a method for improving classification performance
by modifying the loss function of the DL model for AMC and analyzes its classification performance. The proposed
method improves the conventional softmax loss function to adjust the probability distribution over the modulation
schemes closer to the desired probability distribution. Through computer simulations, we verify that by applying the
loss function revised with the proposed method, it is possible to improve performance in terms of classification
accuracy for various DL models than conventional ones.
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