SHAFIILE A HEHE| =27

Journal of The Korea Society of Computer and Information

J KS I Vol. 29 No. 9, pp. 79-87, September 2024
C https://doi.org/10.9708/jksci.2024.29.09.079

Design and Development of Open-Source-Based Artificial Intelligence

for Emotion Extraction from Voice

Seong-Gun Yun*, Hyeok-Chan Kwon*, Eunju Park**, Young-Bok Cho*#**

*Student, Dept. of Software Convergence, Andong National University, Andong, Korea
**Professor, Dept. of Software Convergence Center, Andong National University, Andong, Korea
+x+Professor, Dept. of Computer Education, Andong National University, Andong, Korea

[Abstract]

This study aims to improve communication for people with hearing impairments by developing artificial
intelligence models that recognize and classify emotions from voice data. To achieve this, we utilized three
major Al models: CNN-Transformer, HuBERT-Transformer, and Wav2Vec 2.0, to analyze users' voices in
real-time and classify their emotions. To effectively extract features from voice data, we applied transformation
techniques such as Mel-Frequency Cepstral Coefficient (MFCC), aiming to accurately capture the complex
characteristics and subtle changes in emotions within the voice. Experimental results showed that the
HuBERT-Transformer model demonstrated the highest accuracy, proving the effectiveness of combining pre-trained
models and complex learning structures in the field of voice-based emotion recognition. This research presents
the potential for advancements in emotion recognition technology using voice data and seeks new ways to

improve communication and interaction for individuals with hearing impairments, marking its significance.
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I. Introduction
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1. Mel-Frequency Cepstral Coefficient(MFCC)
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3. HUBERT Model
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4. wav2vec 2.0 Model
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5. CNN(Convolution Neural Network)
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6. Model Comparison and Analysis

Table 1. Summary of Al Model Features, Adantages
and Disadvantages
Model Key Features Advantages Disadvantages
Algorithm for . Limited in
extractin Simple and recognizin
MFCC 9 fast feature 9 9
features from . complex
. . extraction
audio signals patterns
Sequence Fast learning |Requires large
; learning using through amounts of
Tra the Attention parallel data and
mechanism processing resources
Self-supervised High
HUBERT Iearnlng mpdel performa_nce Slow learning
for audio signal even with speed
pattern recognition | unlabeled data
Model that .
S . Requires
maximizes High
. complex
Wav2Vec learning performance .
. . computation
2.0 performance with| with small and
small amounts data fine-tunin
of labeled data 9
Model Capa_ble of
specialized in Iearn_lng bY Image .
CNN : converting audio | preprocessing
image data ; ;
. waveforms is required
processing . -
into images
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Fig. 1. Architecture Diagram

=EE EOR]

o % shie, oolg AE

AmESo] op|EIx|) 4A T}

= A2stes YA

off theh &

2. Data Collection
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Fig. 2. Dacon Voice Dataset
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Algorithm 1: Preprocessing and Padding Audio Files
Input: batch of audio files
QOutput: processed and padded audio files
Function preprocess.and.pad.audio(batch):
1. Initialize an empty list: processed.audios;
2. Initialize an empty list: lengths;
3. foreach audio.path in batch(’audio’] do
4. audio = load audio file from audio.path at 16000 Hz;
5. input.values = feature extraction from audio using
processor;
6. Append input.values to processed.audios;
7. Append the size of input_values to lengths;
end
8, max.length = maximum value in lengths;
9. Initialize padded.audios as a zero tensor with shape (batch size,
max_length);
10. foreach audio.idz, audio in enumerate(processed-audios) do
11. Assign audio to
padded.audios [audio-idx] [:lengths [audio.idx]]:
end
12. padded.audios = move to GPU (if available):
13. return padded.audios

Fig. 4. HUBERT wav—file preprocessing code
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Algorithm 2: Model Training with TensorBoard Logging
Input: Features and labels for model training

Output: Trained model with TensorBoard logging
TrainModel (features, labels)

1. model = build.complex-model((1050, 152), 6);

2. model.compile( loss = "sparse.categorical.crossentropy”,
optimizer = Adam(),

metrics = ["accuracy”]);

3. log.dir = "logs/fit/" + current_datetime();

4. tensorboard.callback = TensorBoard(log.dir=log.dir,
histogram _freq=1);

5. model.fit( features, labels,

epochs = 300,

validation.split = 0.2,

callbacks = [tensorboard.callback]);

Fig. 5. CNN-Transformer Optimizer function code
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4.2 Hubert-Transformer
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Algorithm 3: Custom Model with HuBERT, Transformer, and Emo-
tion Classification
Input: Input values for model
Output: Logits after emotion classification
Function Initialize model and optimizer:
1. model = SimpleTransformerPyTorch();
2. classifier = EmotionClassifierPyTorch();
3. optimizer = torch.optim.Adam(list(model. parameters()) +
list{classifier. parameters()), Ir=1e-3);
Function CustomModel{hubert model (), transformer model(),
emotion_classifier() ):
1. Data: hubert.model() processes input values, extract hidden
states

2. Data: transformer.model() transforms the extracted hidden
states into a feature output

3. Data: emotion.classifier() classifies the transformed output
into emotion logits

Function Forward(input_values):
1. features = hubert.model (input-values).last_hidden state Process
input through HuBERT model;
2. transformer_ output = transformer model(features) Pass
features through Transformer model;
3. logits = emotion.classifier (fransformer.output) Classify
features into emotion logits;
return logits;
Function Instantiate model:
1. custom.model = CustomModel (hubert-model,
Simple TransformerPyTorch(), EmotionClassifierPyTorch{));

Fig. 6. HuBERT-Transformer Model code
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4.3 Wav2Vec 2.0
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Algorithm 4: Emotion Recognition Model with Wav2Vee2
Input: Input audio features and labels
Output: Emotion classification logits
Function EmotionRecognitionModelnum_labels):

1. Initialize 2Vee" facebook fwav2vee2-large-960h™;

2. Initialize nn.Dropout (0. 3) as dropoutl;

3. Initialize nn. Linear (self. wav2vec2.config.hidden_size, 512) as
fel;

4. Initialize nn.Dropout (£.8) as dropout2;

5. Initialize nn.Linear (512, 256) as fc2;

6. Initialize nn.Linear (256, num_labels) as fed;

Function Forward(input_values):

1. Extraet outputs from Wav2Vec2: outputs =
self.wav2vec2({input_values).last_hidden state;

2. Select first token: output = outputs[:, 0, :];

3. Apply relu and dropout: output =
self.dropout1(F.relu(self.fel{output)));

4. Apply relu and dropout: output =
self.dropout2(F.relu(self.fe2({output)));

5. Get logits: logits = self.fc3(output);

return logits;

Function TrainEmotionRecognitionModel:

1. Set deviee = "cuda” if available else "cpu”;

2. Print device information for computation;
Load train.csv as df;

. Split data into train.df and val df (30/20 split);

. Initialize AudioDataset for train and validation sets;

. Initialize DataLoader for train and validation sets (batch.size=4);
Instantiate EmotionRecognitionModel(num labels=6) and move

to device;

8. Initialize criterion as CrossEntropyLoss;

9. Initialize optimizer as torch. optim. AdamW (model. parameters(),
Ir=5e-5);

10. Initialize scheduler as StepLR (optimizer, step_size=5
gamma=0.1);

ame e

Fig. 7. Wav2Vector 2.0 Model Code
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Table 2. Al Model Accuracy

Al Model Accuracy
CNN-Transformer 17%
Wav2Vec 2.0 15%
Hubert-Transformer 71%

IV. Conclusions
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