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ABSTRACT

Recently, in the field of Speech Emotion Recognition (SER), many studies have been conducted to improve accuracy using voice
features and modeling. In addition o modeling studies fo improve the accuracy of existing voice emotion recognition, various studies
using voice features are being conducted. This paper, voice files are separated by time interval in a time series method, focusing on
the fact that voice emotions are related to time flow. After voice file separation, we propose a model for classifying emotions of
speech data by extracting speech features Mel, Chroma, zero-crossing rafe (ZCR), root mean square (RMS), and mel-frequency
cepstrum  coefficients (MFCC) and applying them to a recurrent neural network model used for sequentfial dafa processing. As
proposed method, voice features were extracted from all files using ‘librosa” library and applied to neural network models. The
experimental method compared and analyzed the performance of models of recurrent neural network (RNN), long short-term memory
(LSTM) and gated recurrent unit (GRU) using the Interactive emotional dyadic motion capture Inferactive Emotional Dyadic Motion
Capture (EMOCAP) english dataset.
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(Figure 1) Flowchart of proposed CVFE model
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2.2.2 Long Short-Term Memory (LSTM)
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(Figure 2) Structure of LSTM
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2.2.3 Gated Recurrent Unit (GRU)

GRUE 452 LSTM frAteA Rt &4 AelE 4l
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(Figure b) Confusion matrices of recall and precision performance: (a) RNN, (b) LSTM, (c) GRU
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(Table 3) Performance comparison of precision,

recall and F1-Score

Model Precision Recall F1-Score

RNN 058 056 057

GRU 0.66 0.60 0.63

LSTM 0.70 0.66 0.65

¥ 39 WEW LSTMS] A%, A3 &, Fl-score
7}7} 0.70, 0.66, 0.652 RNN3 GRUK.TF Al 2|4 o] 7}
=},

MMMMMM

21.36sec|

11.25sec.

(a2l 6) RNN, LSTM, GRU9| &&A1ZH H|W
(Figure 6) Comparison of training time of RNN,
LSTM, and GRU.
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(Figure 7) Comparison of average accuracy of
RNN, LSTM, and GRU
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(Table 4) Performance comparison of the accuracy
of emotion recognition

Model Accuracy Loss
RNN 54.84% 1.011
GRU 56.19% 0.912
LST™M 58.45% 0.935
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