.‘ Journal of KIIT. Vol. 17, No. 11, pp. 77-85, Nov. 30, 2019. pISSN 1598-8619, eI[SSN 2093-7571 77
Check for http://dx.doi.org/10.14801/kiit.2019.17.11.77

updates

GAN= °]&3 &4 14 4 2] 45 7iAd

Performance Improvement of Speech Emotion Recognition Model
Using Generative Adversarial Networks
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Abstract

Recently, with the development of the deep learning model, the performance of the voice emotion recognition
system has been improved. However, the difficulty of obtaining sufficient training data is still a deterioration factor
of the performance improvement. In this paper, we propose a method to improve the performance of speech emotion
recognition model by generating negative emotion data and adding negative data learning using Generative Adversarial
Network (GAN). The proposed system consists of emotion recognition discriminator and emotion signal generator. The
generator complements the learning dataset by creating negative emotion signals and negative labels. The discriminator
is trained with a learning dataset that includes real and negative emotion signals. In the experiment, the IEMOCAP
data set was used, and the recognition rate was compared by constructing various recognition models and it was
shown that the emotion recognizer with GAN provides 1.86% more accurate prediction than the emotion recognition
model using BLSTM and Attention.
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Table 3. Recognition result of each experiment type

Experiments WA(%) UA(%)
AM 57.96 50.23
AGM 58.71 53.52
BAM 59.59 54.01
BAGM 61.45 55.19
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