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Abstract: With the advancement of Artificial Intelligence (AI) and the Internet of Things (IoT),
research in the field of emotion detection and recognition has been actively conducted worldwide in
modern society. Among this research, speech emotion recognition has gained increasing importance
in various areas of application such as personalized services, enhanced security, and the medical field.
However, subjective emotional expressions in voice data can be perceived differently by individuals,
and issues such as data imbalance and limited datasets fail to provide the diverse situations necessary
for model training, thus limiting performance. To overcome these challenges, this paper proposes
a novel data augmentation technique using Conditional-DCGAN, which combines CGAN and
DCGAN. This study analyzes the temporal signal changes using Mel-spectrograms extracted from
the Emo-DB dataset and applies a loss function calculation method borrowed from reinforcement
learning to generate data that accurately reflects emotional characteristics. To validate the proposed
method, experiments were conducted using a model combining CNN and Bi-LSTM. The results,
including augmented data, achieved significant performance improvements, reaching WA 91.46%
and UAR 91.61%, compared to using only the original data (WA 79.31%, UAR 78.16%). These
results outperform similar previous studies, such as those reporting WA 84.49% and UAR 83.33%,
demonstrating the positive effects of the proposed data augmentation technique. This study presents
a new data augmentation method that enables effective learning even in situations with limited data,
offering a progressive direction for research in speech emotion recognition.

Keywords: speech emotion recognition; data augmentation; CGAN; DCGAN; artificial intelligence;
deep learning

1. Introduction

The advancement and integration of Internet of Things (IoT) and Artificial Intelligence
(AI) technologies have increasingly highlighted the importance of speech recognition tech-
nology in modern society. In particular, emotion speech recognition is gaining importance
in various fields of application, including personalized services, enhanced security, and the
medical field. Research on emotion recognition is actively being conducted and developed
alongside the growth of the global market.

Early research on emotion speech recognition primarily focused on the Hidden Markov
Model (HMM) [1-4]. HMM was effectively used for recognizing patterns in sequence data
by assuming hidden states and inferring them. More recently, with the advancement of
deep learning, studies utilizing deep neural networks [5-11] have become mainstream.
Furthermore, research employing graph-based theories to leverage the structural and
statistical relationships between speech data has also emerged [12]. Graph-based methods
can also extract key structural features from speech data, providing simpler and faster
performance than traditional deep learning methods. These studies help in learning the
complex patterns of speech data, allowing for more accurate differentiation of various
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subtle emotional states. However, building speech emotion recognition systems still faces
many challenges due to the diversity and complexity of speech data. Emotions can vary
not only based on acoustic characteristics but also depending on the context, and in
certain scenarios such as business conversations, cultural and linguistic differences can
significantly influence emotional expression. Therefore, it is important for speech emotion
recognition research to use data that minimize these differences and focuses on the auditory
characteristics of emotions. This research mainly uses dialog data where actors focus on
emotional expressions, which is effective for learning emotional patterns. Commonly used
datasets include Emo-DB [13], RAVDESS [14], and IEMOCAP [15], though these datasets
are significantly smaller in scale compared to large datasets used in other fields such as
image research [16,17].

In this study, we propose a novel data augmentation technique using Conditional-
DCGAN (Deep Convolutional Generative Adversarial Nets), which combines CGAN
(Conditional Generative Adversarial Nets) [18] and DCGAN [19], to address these issues
and improve the performance of emotion recognition models. In this study, the Mel-
spectrogram, which analyzes the characteristics of the voice signal and visually represents
the change in frequency of the signal over time, was used as an image. Additionally, instead
of the traditional loss function calculation methods used by GAN (Generative Adversarial
Nets) [20], we implemented a new loss function calculation method borrowed from rein-
forcement learning, enabling a more precise model for emotion analysis. Reinforcement
learning [21] is a field of machine learning in which an agent learns optimal actions through
trial and error. The agent interacts with its environment and receives rewards based on
the outcomes of its actions. Using these rewards, the agent develops an optimal strategy
for action. In this study, we applied the concept of reinforcement learning to explore a
new method for improving the performance of adversarial generative models. Specifically,
we designed a reward mechanism using an emotion recognition model to evaluate the
generated images, and used this to adjust the training direction of the generative model.

This paper aims to demonstrate the impact of the augmented data on the performance
improvement of emotion speech recognition models. For this purpose, we used a CNN + Bi-
LSTM model capable of effectively analyzing the unique characteristics of Mel-spectrogram
data as an emotion speech recognition model. We used WA (weighted accuracy) and UAR
(weighted average recall) as performance metrics.

The structure of this paper is as follows. Section 2 introduces widely used emotion
speech databases in emotion speech recognition research and explains studies on emotion
recognition using Al algorithms. It also covers Convolutional Neural Networks and
Bidirectional Long Short-Term Memory, which are frequently used in emotion speech
recognition. Section 3 describes the methodology proposed in this study, including how
data were preprocessed, what features were extracted, the structure of the models used,
and how they were trained. Section 4 explains the experimental methods and results,
discussing the impact of the proposed method on improving the performance of emotion
speech recognition models. Finally, Section 5 concludes with a discussion of the significance
of this study and future research directions.

2. Related Works

Since emotions can be subjectively judged depending on the individual, the data
used in research on speech emotion recognition significantly impact the results. Emotional
speech data support various languages and emotions, and reliable data play a crucial role
in enhancing the credibility of research. The following are some widely used databases in
speech emotion recognition research.

2.1. Emotional Speech Database
2.1.1. Emo-DB

Emo-DB [13] is a German emotional speech database created by the Technical Univer-
sity of Berlin. It includes recordings from a total of 10 actors (five males and five females)
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who performed in German, resulting in a total of 535 utterances. Emo-DB consists of seven
emotional categories: anger, boredom, fear, happiness, sadness, disgust, and neutral.

2.1.2. RAVDESS

RAVDESS [14], developed by Ryerson University in Canada, is a multimodal database
containing emotional speech and video. It includes recordings from 24 professional actors
(12 males and 12 females) who expressed emotions through speech or song. Each actor’s
utterances expressing emotions are recorded in approximately 3-s clips, with a total of
1440 files. RAVDESS consists of eight emotional categories: neutral, calm, happy, sad, angry,
fearful, disgust, and surprised. Each expression is represented with two levels of emotional
intensity (normal, strong).

2.1.3. IEMOCAP

IEMOCAP [15] is a multimodal database developed by the Signal Analysis and In-
terpretation Laboratory (SAIL) at the University of Southern California. It includes audio,
video, motion capture data, and text. A total of 10 actors (five males and five females) pro-
vided detailed motion capture information in dialogue sessions expressing emotions, with
markers attached to their faces, heads, and hands. The dataset includes approximately 12 h
of dyadic interaction data, featuring various emotions and scenarios in both scripted and
improvised performances. The primary emotions provided are happiness, anger, sadness,
frustration, and neutral, covering a total of five emotional categories.

2.2. Research on Speech Emotion Recognition
2.2.1. Generative Adversarial Nets

GAN (Generative Adversarial Nets) [20] is a framework where two neural networks,
a generator and a discriminator, compete against each other while learning simultaneously.
GAN:Ss are used to generate various types of data, especially images, music, and text, and
several variants have been proposed to adapt them to different fields. For example, CGAN
(Conditional GAN) [18] generates data based on specific conditions, while DCGAN (Deep
Convolutional GAN) [19] enhances the generation quality by applying convolutional layers,
preserving the spatial information of high-dimensional data like images.

GAN s are also useful as an oversampling technique to address imbalanced data
problems; in particular, GAN oversampling methods based on Markov Random Field
(VMREF) have been shown to outperform traditional techniques such as SMOTE (Synthetic
Minority Over-sampling Technique), which synthesizes samples from a small number of
classes [22]. GANSs have also been actively applied in speech emotion recognition research.
BAEK et al. [23] applied DCGAN to augment emotion data and combined it with existing
data to improve performance. The datasets used were RAVDESS [14] and Emo-DB [13],
with Mel-spectrograms used as features. As a result, RAVDESS showed an improvement
in WA from 64.8% to 72.3% and UAR from 64.2% to 72.3%, while Emo-DB showed an
improvement in WA from 80.6% to 90.4% and UAR from 82.6% to 91.3%. Additionally,
Shilandari et al. [24] addressed class imbalance in emotional data by applying Cycle-GAN
(Cycle-Consistent Adversarial Networks) [25] and compared it with other techniques like
adding random noise, SMOTE [26], and 3D CRNNSs feature generation methods [27]. By
selecting five emotion categories from the Emo-DB dataset, they achieved WA of 84.49%
and UAR of 83.33%.

In many existing studies, separate GANs are applied to each emotion category, which
imposes the burden of creating new models for each emotion. Therefore, this study pro-
poses a method to improve speech emotion recognition performance by using Conditional-
DCGAN, which combines CGAN and DCGAN to augment emotion data. CGAN enables
the generation of data based on specific conditions, while DCGAN preserves the spatial
information of high-dimensional data, making it suitable for generating emotion data in
a flexible and scalable manner. A new loss function is also introduced to reflect emotion-
specific characteristics, and its impact on emotion recognition performance is evaluated.
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2.2.2. Convolutional Neural Network

Convolutional neural networks (CNNs) are models that can be trained while retaining
the spatial information of an image and are used in various fields such as image classi-
fication, object detection, and image processing, and are also widely used in the field of
emotion recognition, as shown in the work of Chauhan et al. [28]. They proposed a CNN
architecture based on Log-Mel-spectrograms. The datasets used for the experiment were
Emo-DB [13] and IEMOCAP [15], and the experiments were conducted in two settings:
speaker-dependent and speaker-independent. In the speaker-dependent experiment, 80%
of the data were used for training and 20% for testing, while in the speaker-independent ex-
periment, data from eight speakers were used for training and two for testing. Additionally,
data augmentation techniques such as speed, pitch, and shift adjustments were applied to
Emo-DB to increase the data volume. The results showed that, in the speaker-dependent ex-
periment, Emo-DB achieved WA of 84.61% and UAR of 82.27%, while IEMOCAP achieved
WA of 58.99% and UAR of 59.32%. In the speaker-independent experiment, Emo-DB
achieved WA of 72.02% and UAR of 75.35%, while IEMOCAP recorded WA of 59.33% and
UAR of 55.22%.

2.2.3. Bidirectional Long Short-Term Memory

Bi-LSTM (Bidirectional Long Short-Term Memory) is an extension of LSTM, where two
separate LSTMs process the sequence in both forward and backward directions, utilizing
both past and future information to learn the bidirectional context of sequential data.
This approach is particularly useful in applications where bidirectional information is
important, such as natural language processing (NLP), speech recognition, and time-series
prediction. Bi-LSTM has also been widely used in speech emotion recognition, as shown
by the experiments conducted by Zhang et al. [29] and Andayani et al. [30].

Zhang et al. [29] extracted 72-dimensional features, including chroma and MFCC, from
the Emo-DB [13], SAVEE [31], and CASIA [32] datasets and used two parallel Bi-LSTM
models. The results showed that Emo-DB achieved WA of 86.44% and UAR of 84.65%,
SAVEE achieved WA of 62.49% and UAR of 56.50%, and CASIA achieved WA of 58.25%
and UAR of 79.67%. Additionally, Andayani et al. [30] proposed an LSTM-Transformer
model using MFCC as input and tested it on the RAVDESS [14] and Emo-DB datasets. The
model achieved WA of 77.33% and UAR of 75.62% for RAVDESS and WA of 87.72% and
UAR of 85.55% for Emo-DB.

3. Proposed Methodology
3.1. Data Preprocessing
3.1.1. Data Cleaning

This study is based on the emotional speech data from Emo-DB. The research was
conducted on six emotions, excluding the disgust category. The number of voice data
samples for each emotional state is summarized in Table 1.

Table 1. Number of samples per emotion in the Emo-DB database.

Emotion Emo-DB
Anger 127
Boredom 81
Fear 69
Happiness 71
Sadness 62
Neutral 79
Total 489

Voice data often contain various noises or irregular silences at the beginning and end
that are unnecessary for the experiment. These segments can hinder accurate data analysis;
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hence, they must be removed through preprocessing. In this process, we used the ‘trim’
function from the librosa library [33]. This function effectively eliminates background noise
and silent sections by detecting the significant start and end points in the voice data. This
step is crucial as it extracts only the valid signal, excluding unnecessary parts, thereby
increasing the accuracy of the analysis.

3.1.2. Mel-Spectrogram Extraction

To build an emotion speech recognition model, the key features extracted from voice
data include the fundamental acoustic characteristics and variability of the speech. In
this study, we utilized Mel-spectrograms among these features. A Mel-spectrogram is an
effective tool for analyzing the characteristics of specific sounds, as it visually represents
the changes in signal frequency over time.

Spectrograms are generated based on the Short Time Fourier Transform (STFT), and
Mel-spectrograms are the result of applying the Mel-scale to these spectrograms to better
reflect human hearing characteristics. The Mel-scale structures human hearing characteris-
tics so that below 1 kHz the center frequency is evenly divided and above 1 kHz it follows
a logarithm scale [34]. Equation (1) is the Mel-scale conversion function for frequency.

Mel(f) = 2595 * logy, (1 + 1fﬁ ) 1)

A Mel-filter bank is a set of filters designed based on the Mel-scale, which transforms
the frequency spectrum of speech to match the Mel-scale and extracts the energy from
each frequency band. These filters divide the frequency spectrum into multiple bands and
calculate the energy in each band, which is then used to generate the Mel-spectrogram.
The filters are narrower at lower frequencies and wider at higher frequencies, reflecting
the characteristic of the Mel-scale that humans are more sensitive to lower frequencies
and less sensitive to higher frequencies. The Mel-spectrogram accurately represents these
auditory characteristics.

A Mel-spectrogram can be considered a three-dimensional image that visually repre-
sents the changes in frequency and amplitude over time by adding a time axis. Therefore,
this study proposes a method for data augmentation by utilizing the Mel-spectrograms
extracted from speech data as images. To achieve this, the cleaned data, which was
preprocessed using the trim function, was converted into a Mel-spectrogram using the
‘melspectrogram” function from the librosa library [33]. During this process, the power
spectrum was converted into decibel units to compress the dynamic range of the data. This
conversion is done using the decibel scale, and the formula is presented in Equation (2).
power represents the original spectrum value, and ref is the maximum amplitude of the
Mel-spectrogram. This transformation reduces the difference between very large and small
values, ensuring that the intensity of the data is handled uniformly and that the various
intensities of the speech signals are standardized. The data normalization process adjusts
all input features to the same scale, setting the data values within the range [0, 1] based on
the maximum and minimum values of each data point.

ower
Sdb =10 * loglo (pref > (2)

After going through these preprocessing steps, the data converted into Mel-spectrogram
form is used for experiments. Figure 1 shows an example of a Mel-spectrogram.

3.2. Proposed Model

In this study, we propose a new data augmentation technique that combines the
traditional Conditional-DCGAN with an emotional speech recognition model. In the
traditional Conditional-DCGAN method, a discriminator evaluates the authenticity of the
Mel-spectrogram generated by the generator, which is in the range [0, 1]. This approach
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requires time at the beginning of training until the discriminator is sufficiently trained,
and effective training of the discriminator may be limited, especially with a small amount
of data. In this study, we further introduce an emotional speech recognition model to
evaluate how the generated Mel-spectrogram expresses emotion and implement a new loss
optimization method by reflecting it in the loss calculation.

Mel-frequency spectrogram

8192

2048

Hz

1024

512

0 0.15 0.3 0.45 0.6 0.75 0.9 11 12

Figure 1. Mel-spectrogram.

The emotional speech recognition model is pre-trained with an accuracy of 0.86, and
the Mel-spectrogram generated by the model uses a loss adjustment method where the
better the emotion is expressed, the better the reward. While this process borrows the
reward concept from reinforcement learning, it is somewhat different from the traditional
policy gradient [35] method of reinforcement learning. In the policy gradient method, the
agent learns the probability of choosing an action in such a way to maximize the reward.
In this study, we learn by minimizing the loss value by evaluating how well the generated
Mel-spectrogram expresses emotions. Table 2 summarizes how we applied the concept of
reinforcement learning in this study.

Table 2. Application of Reinforcement Learning Concepts in This Study.

Concept Application in the Proposed Method
Agent Generator
Environment Pre-trained emotion speech recognition model

The process of generating Mel-spectrograms

Action by the generator
The information currently held by the generator
State
(Loss value)
The probability value assigned by the emotion recognition model to the
Reward
generated Mel-spectrogram
Policy The generator’s network that determines how to generate

Mel-spectrogram

In this study, the probability values obtained from the emotion recognition model
are used as rewards to optimize the generator’s network. The more accurately the Mel-
spectrogram expresses emotions, the higher the probability values, and these values are
used to adjust the loss so that the generator is guided to produce data that better represent
emotional expressions. The model is designed such that the higher the reward, the lower
the loss value, reinforcing the generator’s learning as emotional expression improves.

Although the concept of rewards from reinforcement learning is applied, this approach
differs from the traditional policy gradient method. While policy gradient methods directly
optimize the probability of selecting actions, our approach focuses on minimizing loss
based on the probability values provided by the emotion recognition model. Thus, the goal
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of this study is not to maximize rewards but to minimize loss based on the accuracy of the
emotion recognition model. The equation used in this process is shown in Equation (3).

Vo] (0) = Evnmy[Vologrmg(ar|st)|R ®)

R is a value that quantifies the emotion expression accuracy of the generated Mel-
spectrogram, and in this study, it was converted to (1-emotion recognition probability value)
to minimize the loss. log7g( a¢|s¢) denotes the logarithmic probability of selecting action a;
given state s; at time t, where a higher value means that the probability of choosing the
correct behavior in that state increases. This indicates that the generated Mel-spectrogram
is an accurate representation of the emotion.

The optimization method proposed in this study combines the traditional Conditional-
DCGAN loss function with the new loss function based on emotion recognition. The
gradients for each loss are calculated, normalized, and summed, and the generator learns
in the direction of minimizing these combined gradients. By incorporating emotion recog-
nition accuracy into the traditional loss minimization approach, this method contributes to
generating Mel-spectrograms that more accurately and precisely reflect emotional expres-
sions. Figure 2 compares the traditional and the newly proposed Conditional-DCGAN.

" SER Mod
Mel-spectrogram
G D
z (Generator) 4’ (Discriminator) D(G(2) G D
z (Generator) (Discriminator) —| D(G(z))

Train G to minimize loss [

Train G to minimize loss

(a) (b)
Figure 2. (a) Traditional Conditional-DCGAN; (b) Newly Proposed Conditional-DCGAN.

3.2.1. Conditional-DCGAN Architecture

Conditional-DCGAN is a model that combines GAN and DCGAN, designed to effec-
tively learn the complex patterns of emotional speech data and generate high-resolution
Mel-spectrograms that reflect emotional features. This model uses Mel-spectrograms ex-
tracted from voice data as training data and was implemented using the PyTorch 2.2.0
framework. The loss function applied is Binary Cross Entropy, and to enhance training
efficiency, the AdamW optimizer—a variant of the traditional Adam optimizer with a
weight decay strategy—was used along with the Cosine Annealing Warm Restarts sched-
uler. In particular, the Cosine Annealing Warm Restarts scheduler helps generate a wide
variety of samples by dynamically adjusting the learning rate. This can mitigate the mode
collapse that often occurs in GANs by periodically fluctuating the learning rate, forcing the
generator to learn different patterns rather than getting stuck on a particular pattern.

The generator is responsible for creating Mel-spectrograms by receiving a latent vector
generated from random noise and labels as inputs. The latent vector, combined with
the embedded labels, gradually increases the resolution through five deconvolutions [36],
eventually generating a Mel-spectrogram of size (1, 64, 64). After each deconvolution,
batch normalization [37] is performed to prevent gradient vanishing and improve training
stability. The ReLU function [38] is used as the activation function, and the output layer
uses the Tanh function to adjust the pixel values of the output Mel-spectrogram within the
range of [-1, 1].

The discriminator receives Mel-spectrogram and label data as inputs and determines
the authenticity of the input data and the consistency of the labels. The label data is embed-
ded and matched in size with the Mel-spectrogram for combined use. The discriminator
consists of five strided convolutions [39], utilizing batch normalization and the LeakyReLU



Appl. Sci. 2024, 14, 9890

8 of 14

activation function [40]. The final output uses the sigmoid function to produce a probability
value within the range of [0, 1].

The computational cost of conditional-DCGAN grows approximately O (N?) with the
resolution of the image (e.g., 64 x 64) N. The detailed architecture of the model can be
found in Table 3.

Table 3. Architecture of the generator and discriminator in Conditional-DCGAN for Mel-Spectro
gram augmentation.

Network Layer Input Shape Kernel Shape  Output Shape
Embedding - [6]
Linear [106] - [16,384]
ReLU [16,384] - [16,384]
ConvTranspose2d [1024, 4, 4] [4, 4] [512, 8, 8]
BatchNorm2d [512, 8, 8] - [512, 8, 8]
ReLU [512, 8, 8] - [512, 8, 8]
ConvTranspose2d [512, 8, 8] [4, 4] [256, 16, 16]
BatchNorm2d [256, 16, 16] - [256, 16, 16]
Generator ReLU [256, 16, 16] - [256, 16, 16]
ConvTranspose2d [256, 16, 16] [4, 4] [128, 32, 32]
BatchNorm2d [128, 32, 32] - [128, 32, 32]
ReLU [128, 32, 32] - [128, 32, 32]
ConvTranspose2d [128, 32, 32] [4, 4] [64, 64, 64]
BatchNorm2d [64, 64, 64] - [64, 64, 64]
ReLU [64, 64, 64] - [64, 64, 64]
ConvTranspose2d [64, 64, 64] [3,3] [1, 64, 64]
Tanh [1, 64, 64] - [1, 64, 64]
Embedding [1] - [4096]
Conv2d [2, 64, 64] [3, 3] [64, 64, 64]
LeakyReLU [64, 64, 64] - [64, 64, 64]
Conv2d [64, 64, 64] [4, 4] [128, 32, 32]
BatchNorm2d [128, 32, 32] - [128, 32, 32]
LeakyReLU [128, 32, 32] - [128, 32, 32]
Conv2d [128, 32, 32] [4, 4] [256, 16, 16]
Discriminator BatchNorm2d [128, 32, 32] - [256, 16, 16]
LeakyReLU [256, 16, 16] - [256, 16, 16]
Conv2d [256, 16, 16] [4, 4] [512, 8, 8]
BatchNorm?2d [256, 16, 16] - [512, 8, 8]
LeakyReLU [512, 8, 8] - [512, 8, 8]
Conv2d [512,8, 8] [4, 4] [1,4,4]
AdaptiveAvgPool2d [1,4,4] - [1,1,1]
Sigmoid [1] - [1]

The Mel-spectrogram generated by this process was used in experiments as an input
to the speech emotion recognition model in combination with the original speech data to
show its impact on the performance improvement of the speech emotion recognition model.
The model was trained on an NVIDIA GeForce RTX 3090 GPU for about 36 min, and an
example of the data generated by the generator can be seen in Figure 3.

3.2.2. CNN + Bi-LSTM Architecture

This study evaluated the impact of the proposed data augmentation technique on the
performance of the emotion speech recognition model by using Mel-spectrograms extracted
from the original voice data and those generated by the Conditional- DCGAN. The emotion
speech recognition model combines CNN and Bi-LSTM. Mel-spectrograms are based on
the time axis (X-axis) and frequency axis (Y-axis), representing temporal and frequency
changes in the speech signal, while the color (Z-axis) visually displays decibel information.
CNN is effective at analyzing the spatial patterns of Mel-spectrograms, enabling it to
learn specific frequency bands and temporal features related to emotions in the speech
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signal. This reflects how emotions are often tied to specific frequency and volume changes.
Bi-LSTM analyzes these temporal changes, recognizing long-term patterns of emotional
variations in the speech signal. By combining CNN’s ability to learn the spatial features of
Mel-spectrograms with Bi-LSTM’s ability to capture temporal changes, this model enables
more precise and accurate analysis of emotion speech recognition.

+1dB +1d8

+1dB +1 08

™

+0dB +0dB
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] IA. " I'm J %
n e
! e dum oom
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+0 dB +0dB

Time

Figure 3. Generated Mel-spectrograms.

The CNN + Bi-LSTM model used in this study consists of three Convolution Layers,
one Bi-LSTM Layer, and two Fully Connected Layers. The size of the Convolution Layers
gradually increases as the layers deepen, followed by batch normalization and the applica-
tion of the ELU activation function, with Max-Pooling used to reduce the dimensionality of
the data. The extracted features are then flattened and passed to the Bi-LSTM, ultimately
producing the final output using the Softmax function to yield class probabilities. This
structure is designed to optimize the accuracy of emotion speech recognition, and Dropout
was applied during the training process to randomly drop neurons in the hidden layers,
preventing the model from overfitting by becoming too adapted to the training data. This
visualizes how the proposed data augmentation technique contributes to the performance
improvement of the emotion speech recognition model.

4. Experiments
4.1. Experimental Design

In this study, we evaluated the performance improvement of the emotion speech
recognition model using both the original Emo-DB dataset and the Mel-spectrogram data
generated by the proposed method. The experimental data consisted of Mel-spectrograms
extracted from the original Emo-DB, with an additional 300 Mel-spectrograms for each
emotional category. The data was split into training and test data in a ratio of 85:15,
considering the balance of each dataset, and a 5-fold cross-validation method was applied
to evaluate the generalization performance of the model. This method divides the training
data into five equal parts and uses each part as a test set sequentially. For performance
evaluation, a combined CNN and Bi-LSTM emotion speech recognition model was used.
The Cosine Annealing Warm Restarts scheduler [41] was applied for model training, and
a mini-batch approach was employed. The Cosine Annealing Warm Restarts scheduler
dynamically adjusts the learning rate by gradually decreasing it and then resetting to the
maximum learning rate at the end of a cycle. This approach improves the efficiency of
the learning process. The optimizer used was AdamW [42], which applies weight decay
during parameter updates. AdamW helps prevent overfitting and improves generalization
performance by handling weight decay more effectively when the learning rate changes.
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The initial learning rate was set to 0.001, and the first cycle was set to 15 epochs, with the
cycle length doubling after each restart.

For comparative analysis in the experiments, the results using only the original Emo-
DB data were compared with those obtained by combining the original data with the
augmented data generated by the proposed method. Additionally, the results were com-
pared with previous studies that used similar methods. The performance metrics used
were WA (Weighted Accuracy) and UAR (Unweighted Average Recall), considering class
imbalance. WA is calculated by weighting the accuracy of each class by the number of
samples in that class, while UAR is the simple average of the recall rates across all classes.
These metrics provide a comprehensive evaluation of each model’s performance.

WA — YN, w; + ACC; @
Zili1 wij
N
UAR — i—1 W; * Recall; (5)

N

The formulas for calculating WA and UAR are given in Equations (4) and (5). Here, w;
represents the number of samples in class i, ACC; represents the accuracy of class i, N is
the number of classes, and Recall; represents the recall of class i.

4.2. Experimental Result

In this study, we compared the performance of the original Emo-DB data alone and the
data augmented with Conditional-DCGAN. The performance evaluation was performed
using 5-fold cross-validation, and the average performance and confidence interval (95%)
of each model were used to confirm the consistency of the model performance. Confidence
intervals provide a range for how much the average performance measured in an experi-
ment might differ from the actual performance, and the narrower the confidence interval,
the more consistent the model’s performance, indicating that it will hold up with more
data and in different situations. The 5-fold cross-validation results and confidence intervals
are presented in Table 4, and the performance of the model using Conditional-DCGAN is
(0.89, 0.92) with a 95% confidence interval. This means that the performance of the model
is likely to remain stable within the range of 89% to 92%.

Table 4. 5-fold cross-validation and confidence interval results.

Fold 1 2 3 4 5
Accuracy 88.34% 91.47% 90.58% 91.74% 91.07%
Confidence

Interval (95%) (0.89,0.92)

Additionally, comparisons were made with other studies that used data augmentation
techniques for the Emo-DB dataset or employed CNN or LSTM models. The performance
metrics for each method are summarized in Table 5.

The original Emo-DB data achieved a WA of 79.31% and a UAR of 78.16%. In contrast,
the model with the augmented data achieved a WA of 91.46% and a UAR of 91.61%.
Moreover, the proposed method outperformed the results of studies that applied other
data augmentation techniques, such as Shilandari et al. [24], which reported a WA of
84.49% and UAR of 83.33%, and Chauhan et al. [28], which reported a WA of 84.61%
and UAR of 82.27%. The performance also exceeded other studies that used CNN or
LSTM models, demonstrating that the data augmentation technique proposed in this
study is more effective in enhancing the performance of emotion recognition models. In
addition, the effects of original data and augmented data can be compared in more detail
through performance analysis by emotion class, and these comparisons can be found in
Tables 6 and 7.
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Table 5. Comparison of Performance Metrics.
Author Database Features Model WA UAR
This paper Emo-DB Mel-spectrogram CNN + Bi-LSTM 79.31% 78.16%
. Emo-DB . o o
This paper + Augmented Mel-spectrogram CNN + Bi-LSTM 91.46% 91.61%
. . Emo-DB 1582 features from o o
Shilandari et al. [24] + Augmented OpenSMILE DNN 84.49% 83.33%
Chauhan et al. [28] Emo-DB Log Mel-spectrogram Deep CNN 84.61% 82.27%
’ + Augmented & P & P o e
32D Low Level Descriptor
Zhang et al. [29] Emo-DB + 40D High-Level Statistical CNN + Bi-LSTM 86.44% 84.65%
Functions
Andayani et al. [30] Emo-DB MECC LSTM-Transformer 87.72% 85.55%
Table 6. Confusion Matrix using original Emo-DB only.
Predicted
Anger Boredom Fear Happiness Sadness Neutral
anger 0.85 0.00 0.08 0.07 0.00 0.00
boredom 0.00 0.83 0.00 0.00 0.17 0.00
Real fear 0.20 0.00 0.80 0.00 0.00 0.00
ca happiness 0.30 0.00 0.00 0.70 0.00 0.00
sadness 0.00 0.00 0.11 0.00 0.89 0.00
neutral 0.00 0.38 0.00 0.00 0.00 0.62
Table 7. Confusion Matrix using original Emo-DB with augmented data.
Predicted
Anger Boredom Fear Happiness Sadness Neutral
anger 0.85 0.02 0.05 0.03 0.02 0.03
boredom 0.00 0.90 0.02 0.00 0.09 0.00
Real fear 0.02 0.02 0.95 0.00 0.02 0.00
ca happiness 0.08 0.00 0.00 0.92 0.00 0.00
sadness 0.00 0.04 0.00 0.00 0.96 0.00
neutral 0.00 0.06 0.00 0.00 0.02 0.92

5. Conclusions

As a new approach to improve the performance of emotional speech recognition, this
study proposes a data augmentation technique using a generative model combining CGAN
and DCGAN. This method is an attempt to solve the data sparsity problem faced by existing
emotion recognition models and is specifically designed to enable generative models to
learn the detailed speech patterns required for emotion recognition. The proposed model
proposes a new loss function calculation method, which borrows the reward concept of
reinforcement learning and uses the probability value of the emotion recognition model as
the reward. This is designed to effectively manage the loss of the generator. Through this
reward mechanism, by providing Mel-spectrograms with high probability values in the
emotion recognition model as rewards, the generative model can generate more sophisti-
cated emotion data, which has a positive impact on the model performance. The generator
used Emo-DB data to generate Mel-spectrograms, and we compared the performance of
the emotion speech recognition model using the Mel-spectrograms extracted from the
original Emo-DB data and the augmented data. We used Weighted Accuracy (WA) and
Unweighted Average Recall (UAR) as performance metrics for comparison. WA is the
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accuracy calculated by considering the number of samples in each class as a weight and is
a performance evaluation metric that takes into account class imbalance. UAR is the recall
of all classes averaged equally, ensuring that all classes are evaluated fairly.

In our experiments, the WA and UAR values were 91.46% and 91.61%, respectively,
when the augmented data was included, compared to 79.31% WA and 78.16% UAR when
the original data was used alone. It also outperformed the methods of Shilandari et al. [24]
and Chauhan et al. [28], which used different data augmentation techniques. This confirms
that the proposed data augmentation technique is effective in improving the performance
of emotion recognition models.

This study is particularly significant in that it demonstrates that effective learning is
possible even when the amount of data is limited, and it is applicable not only to emotion
speech data but also to various domains that suffer from data imbalance. However, there
is a limitation that some emotional states suffered from mode collapse problem, which
did not fully reflect the diversity of certain emotional states. Therefore, although the
data augmentation technique proposed in this study is useful, it should be considered
that the performance of the model may depend on the quality of the pre-trained emotion
recognition model.

In future work, further experiments on various speech datasets and performance
comparisons with state-of-the-art pre-trained models are needed to address these issues.
Furthermore, it is expected that the accuracy of emotion recognition can be further im-
proved through studies that validate its applicability in real-world applications.
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