The Journal of the Convergence on Culture Technology (JCCT)
Vol. 10, No. 1, pp.617—623, January 31, 2024, pISSN 2384—-0358, elSSN 2384—0366

http://dx.doi.org/10.17703/JCCT.2024.10.1.617
JCCT 2024-1-76

& CNN, LSTM, 2 BERT =4 7]uke]

H
HwEiE OF wd 24 Q4 A

&
o
= j=lge

Enhancing Multimodal Emotion Recognition in Speech and Text
with Integrated CNN, LSTM, and BERT Models

=g = 7|'O|:|:|* SkA LIEFL| Y BiC| #‘é-_li**, 20| S

Edward Dwijayanto Cahyadi*, Hans Nathaniel Hadi Soesilo**, Mi-Hwa Song***

O clojsh g1 Abold] Bt ¥l EFL molw, S B Bl AL AWt AL FW A
QAH of ATE $4 L HAE dolHE BE EFshs 0F B EF AYL B &4 dolo) @3 A

R T
71§18l &4 dAYAAHE AEste] ol HAE dldste AE& HFEE k. CNN(Convolutional Neural
Networks)Z} LSTM(Long Short-Term Memory)°l&te 5 7H4 #7715 BERT 7]4t b4 $d4d mdy) 53
o] PGrlelge)l =EoA Hrte thekst AE AA oAbk Ax b F : =
S OE o/ AT A¥e= B92EQ $4 diojE R S AEsH Adste T R Hojd Y
=3

FR0| : 4 74 914, CNN, LSTM, BERT, % 2 4 <14, | o)y

Abstract Identifying emotions through speech poses a significant challenge due to the complex relationship
between language and emotions. Our paper aims to take on this challenge by employing feature engineering to
identify emotions in speech through a multimodal classification task involving both speech and text data. We
evaluated two classifiers—Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM)—both
integrated with a BERT-based pre-trained model. Our assessment covers various performance metrics (accuracy,
F-score, precision, and recall) across different experimental setups). The findings highlight the impressive
proficiency of two models in accurately discerning emotions from both text and speech data.
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Table 2. LSTM Model Parameter

Parameter
Pooling Method Relu
Poohn%a;r;rsecond Maxpooling
Epoch 20
Activation 50
Batch size 65
Optimizer Rmsprop
Loss Categorical_crossentropy
Droput No
H3 2E Hs Hlw
Table 3. Model Comparison
Metrics LSTM-BERT | CNN-BERT | BERT
Precision 0.9126 0.9120 0.7177
Recall 0.9126 0.9120 0.7219
F1 score 0.9129 0.9131 0.719
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