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Abstract

Due to the popularity of intelligent
dialogue assistant services, speech emotion
recognition has become more and more
important. In the communication between
humans and machines, emotion recognition
and emotion analysis can enhance the
interaction between machines and humans.
This study uses the CNN+LSTM model to
implement speech emotion recognition
(SER) processing and prediction. From the
experimental results, it is known that using
the CNN+LSTM model achieves better
performance than using the traditional NN

model.
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3 Convolution Neural Network
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4 Long Short-Term Memory
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5 Experiment Settings and Results
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6 Discussion
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7 Conclusion
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