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Abstract

This study introduces a comprehensive approach to emotion recognition in speech using the
Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS). The method integrates
several state-of-the-art deep learning models known for their proficiency in pattern recognition and
audio processing. The RAVDESS dataset comprises diverse audio files featuring emotional expressions
by professional actors, meticulously categorized by modality, emotion, intensity, and other attributes.
These data are utilized to train and evaluate various deep learning architectures including AlexNet,
ResNet, InceptionNet, VGG16, and VGG19, as well as recurrent neural network (RNN) models such as
LSTM and the latest transformer models. The analysis results indicate that the Transformer model
excels with higher accuracy, precision, recall, and F1 score in emotion classification tasks compared to
other models. This study not only enhances understanding of subtle emotional nuances in spoken
language but also establishes new benchmarks in applying diverse neural network types for emotion
recognition from audio. By providing detailed comparisons among models, this research advances the
technology of emotion recognition, enhancing its applications in human-computer interaction,
psychotherapy, entertainment industry, and paving the way for further development in multimodal
emotion recognition systems.

Keywords: Emotion Recognition; Deep Learning Models; RAVDESS Dataset; Transformer
Model; Neural Networks

1. INTRODUCTION

Historically, linear statistical models and signal processing techniques have
been foundational in speech emotion recognition[1], [2]. Despite their significant
contributions, these approaches often struggled with capturing the intricate
variations and subtleties of human emotional expressions. They relied heavily on
manually engineered features, which lacked the necessary flexibility and richness
to accurately interpret the diverse range of emotions conveyed through different
speech patterns [3], [4]. This limitation highlighted a critical weakness in
conventional methods, prompting the need for more advanced solutions [5].

The advent of deep learning (DL) and machine learning (ML) has significantly
advanced the field of emotion recognition, addressing many of these challenges.
Unlike traditional methods, ML and DL techniques can independently learn from
data, enabling them to extract and process features without explicit programming.
This ability to autonomously identify and analyze relevant features has greatly
enhanced the capability to capture the complexities and nuances of human
emotions [6], [7]. Advanced computational models have been transformative,
particularly in emotion recognition, where subtle and complex emotional signals
can now be discerned with much greater precision [8].

Deep learning, with its layered neural networks, has proven especially
effective. These networks can model complex patterns by learning hierarchical
representations, which is crucial for understanding the multifaceted nature of
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essions in speech [9], [10]. By processing vast amounts of data
iple layers, deep learning models can capture intricate details
Aiflilinear statistical models and traditional signal
processing techniques [11].°This multi-layered approach allows for a more
“ sophisticated and nuanced interpretation of emotional signals, significantly
improving the accuracy and reliability of emotion recognition systems [12].

Furthermore, deep learning models’ ability to learn from vast datasets has
been instrumental in advancing the field [13]. These models can be trained on
extensive collections of speech data, encompassing a wide range of emotional
expressions and variations [14]. This extensive training enables the models to
generalize better and perform more accurately across different speakers,
languages, and contexts. Consequently, the performance of emotion recognition
systems has seen substantial improvements, making them more robust and
versatile in practical applications [15].

In addition to improving accuracy, deep learning techniques have also
enhanced the scalability of emotion recognition systems. Traditional methods often
struggled with scalability due to the labor-intensive process of manual feature
engineering. In contrast, deep learning models can be scaled up relatively easily by
leveraging larger datasets and more powerful computational resources [16]. This
scalability has enabled the development of more comprehensive and inclusive
emotion recognition systems that can cater to diverse user populations and
application scenarios [17].

The impact of these advancements extends beyond the technical domain.
Emotion recognition systems, powered by deep learning, have found applications
in various fields such as human-computer interaction, mental health, and
entertainment [18]. For instance, these systems can facilitate more natural and
empathetic interactions between users and machines, enhancing user experience
and engagement [19]-[21]. In mental health, emotion recognition systems can
assist in monitoring and analyzing emotional well-being, providing valuable
insights for therapeutic interventions [22], [23]. In entertainment, these systems
can personalize content, creating more immersive and emotionally resonant
experiences for users [24]-[26].

The shift from traditional methods to deep learning and machine learning
represents a significant evolution in speech emotion recognition. This transition
has addressed many of the limitations of earlier approaches, offering a more
powerful and flexible framework for understanding and interpreting human
emotions [27]. Previous research confirms this trend, Studies have shown that
deep learning models, particularly Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs), excel at automatically learning complex
features from raw audio data, with CNNs outperforming traditional feature
extraction methods by capturing intricate patterns in speech signals for better
emotion recognition performance [28]. Enhanced generalization capabilities have
been highlighted, noting the robustness of Long Short-Term Memory (LSTM)
networks to variability in speech due to their capacity to learn temporal
dependencies and context [29]. Additionally, the integration of multiple modalities,
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text and visual data, using deep learning frameworks, has

proved emol;' n recognltlon accuracy by combining features from

g it advancements have also focused on making deep

learning models more eff1c1ent and scalable; for instance, lightweight architectures

“ like MobileNets and model compression techniques have enabled real-time
emotion recognition on resource-constrained devices [31]. Transfer learning has
gained traction as well, showing that leveraging pre-trained models on large-scale
datasets allows for high performance with relatively small labeled datasets,
addressing the challenge of limited emotional speech data [32], [33]. Furthermore,
the incorporation of attention mechanisms in deep learning models has advanced
the field, demonstrating that attention-based models can focus on the most
relevant parts of the speech signal, enhancing the model's ability to correctly
identify emotions [34].

Building on these advancements, this study employs an array of advanced
deep learning models on the RAVDESS dataset [35], [36], distinguished by its
extensive collection of emotional speech recordings. The research evaluates and
compares various architectures, including AlexNet, ResNet, InceptionNet, VGG16,
VGG19, LSTM, and Transformer-based models, for their efficacy in emotion
recognition.

This comparative analysis aims to elucidate the strengths and weaknesses of
each model, providing valuable insights into the most effective techniques for
speech-based emotion analysis. By examining these models, the study contributes
to a deeper understanding of how to accurately and efficiently recognize emotions
from speech.

Looking ahead, the continuous development of deep learning in emotion
recognition holds great potential for further research, impacting interactive
technologies, mental health assessments, and personalized media. Emotion
recognition systems can enhance human-computer interactions by making them
more natural and responsive, monitor emotional well-being, detect early signs of
mental health issues, and personalize entertainment content. Future directions
include integrating multimodal data, such as combining speech with facial
expressions and physiological signals, and exploring unsupervised learning
methods to wuncover hidden patterns in emotional expressions. These
advancements promise to revolutionize technology interactions and deepen our
understanding of human emotions, benefiting psychology, healthcare, and artificial
intelligence.

2. RESEARCH METHODOLOGY

The methodology employed in this study is designed to ensure a thorough
and efficient evaluation of emotion recognition in speech using deep learning
models. Each essential step of our approach is detailed in Figure 1 below.
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Figure 1. Research Framework

2.1. Dataset Collection

Our research utilizes the Ryerson Audio-Visual Database of Emotional Speech
and Song (RAVDESS). This dataset includes a vast collection of audio recordings
where skilled actors express a variety of emotions. The publicly accessible and
highly esteemed dataset is well-known for its high quality and diversity, making it
an excellent resource for our study [37].

2.2. Dataset Description

The RAVDESS dataset contains 1,440 audio files, voiced by 24 professional
actors, evenly split between 12 men and 12 women. These recordings cover a wide
range of emotions and intensities, all consistently recorded in 16-bit, 48kHz.wav
format. The emotions represented include neutral, fear, surprise, disgust, sadness,
and anger, each expressed at two intensity levels: normal and strong [38].

2.3. Dataset Labelling

Following the RAVDESS filename convention, each audio file in the dataset is
labeled with details such as actor number, emotion, intensity, statement, and
repetition. This systematic labeling enables precise identification and grouping of
each sample, which is crucial for developing and testing deep learning models [39].

The dataset is divided into training, validation, and testing sets to thoroughly
evaluate model performance and confirm their generalization capability [40]. To
ensure balanced representation of each emotion category across all sets, the split is
carefully balanced, as shown in Table 1. This research establishes a methodological
framework that facilitates a comprehensive and organized evaluation of deep
learning models for emotion recognition in speech.
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ning 960
“"Vafidation 240

Testing 240
Total 1440

2.4.Deep Learning Architectures
In audio sentiment analysis, various deep learning architectures have
significantly contributed, each offering unique strengths to the task of emotion
recognition in speech.
a. AlexNet
AlexNet is a pioneering convolutional neural network (CNN) that has had a
significant impact on the field of deep learning. It comprises five convolutional
layers followed by three fully connected layers. The core operation in AlexNet is
the convolutional process, mathematically expressed as [41]:
fx) =W xx + b (D)

where W represents the weight matrix, x is the input, and b is the bias. This
architecture excels at feature extraction from audio data, making it highly
effective for analyzing complex emotional cues in speech.
b. ResNet

ResNet, short for Residual Networks, introduced an innovative approach with
its skip connections, which enable the training of very deep networks by
effectively addressing the vanishing gradient problem. The key feature of
ResNet is its residual blocks, mathematically represented by the equation [42]:

f) +x (2)

where f(x) is the learned residual function. This design allows ResNet to learn
identity functions, ensuring that deeper network layers do not degrade
performance, making it highly suitable for complex tasks such as emotion
recognition.
c. InceptionNet

The architecture of InceptionNet, particularly its Inception-v3 variant, is
renowned for being a "network within a network." By employing multiple
convolutional operations of different sizes simultaneously within a single layer,
the model can extract a diverse array of features from audio data. The Inception
module is represented as [43]:

Inception(x) = [f1(x), 2(x), f3(x), fa(xX)] (3)

where each f; denotes a different convolutional operation, allowing the
extraction of features at multiple levels.

d. VGG16 and VGG19
The distinction between VGG16 and VGG19 lies in their deep architectures,
which consist solely of convolutional layers with small filters, followed by fully
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where ReLU is the activation function. This structure enables the models to
learn complex hierarchies of features, which is crucial for identifying subtle
emotional nuances in speech.

e. LSTM
LSTM (Long Short-Term Memory) networks, a type of recurrent neural network
(RNN), are specifically designed to capture long-term dependencies. An LSTM
unit comprises a cell, an input gate, an output gate, and a forget gate, which
work together to regulate the flow of information. The operation of an LSTM
cell can be mathematically expressed as [45]:
Ct = fv * Coq + iy * G (5)

where c; is the cell state, f; is the forget gate activation, i; is the input gate
activation, and ¢; is the candidate cell state. This mechanism makes LSTMs
particularly proficient at processing sequential data such as speech, effectively
capturing the temporal dynamics of emotions.
f. Transformer-based Models

Transformers have become prominent due to their utilization of self-attention
mechanisms, which enable parallel processing of input data. This method is
particularly efficient for sequential tasks like speech processing. Self-attention
is mathematically represented as [46]:

Attention (Q,K,V) = softmax (%) %4 (6)

where Q, K,V denote the query, key, and value matrices respectively, and d;
represents the dimension of the keys. Transformers excel in capturing intricate
patterns in emotional speech due to their capacity to model extensive
dependencies within data sequences.

These architectures have undergone modifications and enhancements
tailored for the specific task of recognizing emotions in speech. The objective is to
develop robust systems capable of accurately identifying a wide range of emotional
states.

2.5. Training, Validation and Testing

In machine learning, the training, validation, and testing stages are crucial for
developing and evaluating models such as those used in emotion recognition from
speech [47]. During training, the model learns patterns and features from labeled
data to make predictions. Validation occurs after training to fine-tune model
parameters and ensure it generalizes well to unseen data, using a separate
validation set for performance assessment and hyperparameter tuning [48].
Finally, testing assesses the model's real-world performance on completely unseen
data, providing a final measure of its effectiveness and ensuring unbiased
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- 2.6.Model Evaluation and Comparison

In the stage of model evaluation and comparison for emotion recognition
from speech using the RAVDESS dataset, each deep learning architecture (including
AlexNet, ResNet, InceptionNet, VGG16/VGG19, LSTM, and Transformer-based
models) undergoes rigorous assessment. Initially models are trained on the
dataset's training subset with hyperparameter tuning, leveraging techniques like
varying learning rates, batch sizes, epochs, and optimizer types. Data augmentation
and preprocessing are applied to enhance model generalization and manage audio
data variability [50]. Throughout training, models are validated using the
validation subset to monitor performance, potentially implementing early stopping
or model checkpoints to prevent overfitting and ensure robust generalization.
Following training and validation, the models' final evaluations are conducted on
the unseen testing subset, providing unbiased insights into their effectiveness [51].
Comparative analysis across all models using consistent evaluation metrics reveals
their respective strengths and weaknesses, particularly in accurately recognizing
various emotions and intensity levels within speech data.

3. RESULTS AND DISCCUSION
3.1. Experimental Results

In this section, we present the experimental results obtained from our study
on recognizing emotions in speech using various neural network architectures. The
goal of these experiments is to evaluate the performance and effectiveness of
different models—namely AlexNet, ResNet, InceptionNet, VGG16/VGG19, LSTM,
and Transformer-based models—in accurately identifying a wide range of
emotional states from speech data. We also investigated the impact of various
modifications and enhancements to these models tailored for the specific task of
emotion recognition in speech. These modifications include changes in network
architecture, data augmentation techniques, and the integration of advanced audio
processing methods. By presenting these experimental results, we aim to provide a
comprehensive comparison of the strengths and weaknesses of each model,
highlighting the most effective approaches for speech emotion recognition. The
insights gained from this analysis will inform future research and development in
the field, guiding the creation of more robust and accurate emotion recognition
systems.

The Ryerson Audio-Visual Database of Emotional Speech and Song
(RAVDESS) consists of 7,356 files, totaling 24.8 GB. This dataset features
recordings from 24 professional actors (12 female, 12 male) who articulate two
lexically-matched statements with a neutral North American accent. The speech
recordings cover emotional expressions such as calm, happy, sad, angry, fearful,
surprise, and disgust, while the song recordings include calm, happy, sad, angry,
and fearful emotions. Each emotion is expressed at two intensity levels (normal
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long with an additional neutral expression. All recordings are
hree formats:.Audio-only (16bit, 48kHz .wav), Audio-Video (720p

#AndVideo-only (without sound) [52]. Figure 2 provides a
look at four representative images from the RAVDESS dataset, highlighting its
“* variety and complexity.

Figure 2. Dataset

To apply advanced deep learning models for emotion detection using the
RAVDESS dataset, first prepare the dataset by downloading and preprocessing the
audio files. Select and implement various deep learning architectures. Train these
models on the dataset, optimizing hyperparameters and evaluating performance
with metrics like accuracy and F1-score. Analyze the models' ability to detect
different levels of emotional intensity and their robustness to actor variability.
Finally, propose a framework for integrating multimodal data, such as combining
speech with facial expressions and physiological signals.

¢ Main Menu — (m} X

Select Deep Learning Models

™ AlexNet ™ ResNet
™ InceptionNet [~ VGG16/VGG19

[~ LSTM [~ Transformer-based

Enter

Figure 3. Frame work of Proposed System

3.2. Performance Metrics
Performance metrics are crucial quantitative tools for evaluating the
effectiveness of models in emotion recognition from speech. These metrics include
accuracy, precision, recall (sensitivity) and F1-score.
a. Accuracy
The proportion of correctly predicted instances out of the total instances,
serves as a fundamental metric to assess overall model performance in emotion
recognition from speech [53]. This metric serves as a fundamental measure to
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rall model performance in emotion recognition from speech.

iminish when dealing with imbalanced datasets, as it
ncies in accurately identifying minority classes or
less frequent emotional states. Therefore, while accuracy offers a
straightforward measure of correctness, its interpretation should be
accompanied by considerations of dataset distribution and class imbalance to
ensure a comprehensive evaluation of the model's effectiveness. The formula to

calculate accuracy is defined as [54]:
Number of Correct Predictions

Accuracy = (7)

Total Number of Predictions

b. Precision
The ratio of correctly predicted positive observations to the total predicted
positives, serves as a critical metric in evaluating models for emotion
recognition from speech. This metric is particularly valuable when the
consequences of false positives are significant, as it directly measures the
accuracy of positive predictions [55]. By focusing on precision, analysts can
assess how well a model identifies emotional states such as happiness or anger
without mistakenly categorizing other emotions as positives, ensuring that the
model's outputs are reliable and aligned with practical application

requirements. The formula to calculate precision is defined as [56]:
True Positives

Precision = — : (8)
True Positives+False Postives
c. Recall (Sensitivity)

The ratio of correctly predicted positive observations to all observations in the
actual class, is a crucial metric in assessing models for emotion recognition
from speech [57]. Its primary purpose is to measure how effectively the model
captures all relevant instances of a particular emotional state, such as correctly
identifying instances of sadness or fear. This metric becomes particularly
important in scenarios were missing a true positive (false negative) carries
significant consequences. By emphasizing recall, analysts can ensure that the
model's ability to detect and classify relevant emotional states is robust and
reliable, thereby enhancing its practical utility in real-world applications where
comprehensive emotional understanding is essential. The formula to calculate
recall is defined as [58]:

True Positives

Recall =

d. F1-Score
The harmonic mean of precision and recall, plays a pivotal role in evaluating
models for emotion recognition from speech [59]. This metric strikes a balance
between precision, which measures the accuracy of positive predictions, and
recall, which gauges the model's ability to capture all relevant instances of a
specific emotional state. Its purpose is particularly significant in scenarios
where the distribution of emotional classes is uneven, ensuring a
comprehensive assessment of the model's performance across all emotional
states. By leveraging the F1-score, analysts can effectively gauge the model's
overall effectiveness in accurately identifying and classifying various emotional

(9)

True Positives+False Negatives
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in ::'speech data, thus guiding further improvements and
-"'l'fs_ reliability and applicability. The formula to
as [60]:

Precision+Recall (10)
In our comprehensive exploration of applying deep learning models to

emotion recognition in speech, this section offers a detailed analysis of our findings
across various architectural approaches. We evaluate these models based on their
efficacy in precisely categorizing emotions from the RAVDESS dataset, focusing on
key metrics such as accuracy, precision, recall, and F1-score. These metrics are
pivotal in assessing the models' performance and determining their suitability for
real-world applications. The outcomes gleaned provide valuable insights into the
strengths and limitations of each model, informing strategies for enhancing future
iterations and advancing the field of audio sentiment analysis.

Tabel 2. Results Analysis

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
AlexNet 78.4 79.1 78 78.5
ResNet 83.6 84 83.2 83.6
InceptionNet 81.2 81.7 80.9 81.3
VGG16 85 85.5 84.8 85.1
VGG19 85.5 85.9 85.2 85.6
LSTM 79.8 80.2 79.5 79.9
Transformer 87.3 87.7 87 87.4

Table 2 provides a comprehensive evaluation of several models across critical
performance metrics in machine learning: Accuracy, Precision, Recall, and F1-
Score. Notably, the Transformer model emerges as the top performer, achieving an
impressive accuracy of 87.3% and demonstrating a high precision of 87.7%,
indicating its ability to make correct predictions with minimal false positives.
Moreover, its recall rate of 87.0% underscores its capability to correctly identify a
substantial portion of actual positives, contributing to an excellent F1-Score of
87.4%, which reflects a balanced performance between precision and recall. In
comparison, VGG19 and VGG16 exhibit strong performance across these metrics as
well, particularly excelling in accuracy and F1-Score in tasks like image
classification. On the other hand, models such as LSTM and AlexNet, while still
performing adequately, show slightly lower scores in accuracy and F1-Score,
suggesting they might be more suitable for specific tasks where different trade-offs
between precision and recall are acceptable. These insights underscore the
importance of selecting a model that aligns closely with the specific requirements
and goals of the application at hand.

4. CONCLUSION

In conclusion, our exploration of various deep learning architectures for
emotion recognition in speech has yielded valuable insights. The Transformer
model excelled in all tests, highlighting the effectiveness of self-attention
mechanisms in capturing complex emotional expressions. VGG models also
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strong performance and even simpler architectures like AlexNet and
their spec1f1c tilities. This study underscores the potential of these
i nd sets the stage for future advancements in this
field. Looking ahead, 1ntegra g different data types, exploring unsupervised and
" semi-supervised learning methods, and adapting these models for real-time
applications will be promising research avenues. Additionally, addressing dataset
diversity and bias is essential for developing universally effective and ethically
sound emotion recognition systems. As we continue to enhance these technologies,
they have the potential to revolutionize fields such as interactive technologies and
mental health assessment, significantly improving our understanding and
interaction with human emotions.
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