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Abstract

Emotion recognition from speech has become a significant research area due to its poten-
tial applications in diverse fields such as mental health, human-robot interaction, and virtual
assistants. The work presents an approach to classify emotions based on gender into 14 dif-
ferent classes by concatenating four emotional speech datasets: RAVDESS, SAVEE, TESS,
and CREMA-D. Multiple features, including MFCCs, spectral contrast, pitch, centroid, roll-
off, onset flux, entropy, and ZCR, are extracted from the audio files, and these features are
utilized as inputs to a Temporal Convolutional Network (TCN) for emotion classification.
TCN is trained to learn high-level features from the extracted features of the four datasets,
and these features are then utilized for the classification of emotions. In this approach,
different combinations of feature sets and the TCN classifier are evaluated to identify the
optimal combination that achieves the highest training and validation accuracies. The com-
bination of MFCC and entropy achieved the highest accuracy rates, with 99.4% and 99.01%
for training and validation, respectively. The other combinations of features also achieved
high accuracy rates, with some variations in performance. The proposed methodology is
effective in accurately classifying emotions from speech, and the use of TCN in conjunction
with a variety of feature sets, including the extraction of high-level features, significantly
improved the performance of the emotion classification system.
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Chapter 1

Introduction

Speech emotion recognition is an emerging field that has gained a lot of attention in recent
times due to its applications in various domains, including mental health therapy, marketing,
and education. The ability to analyze emotional cues from speech signals provides valuable
insights into human behavior and has the potential to advance the development of more
empathetic and effective interventions, products, and services [1]. One important aspect
of speech emotion recognition research is the consideration of gender-based differences in
emotional expression. Understanding these differences can improve the precision of speech
emotion recognition systems and assist in better recognizing emotional expressions in both
men and women. This, in turn, can facilitate the creation of personalized mental health ther-
apies and emotion-aware human-computer interfaces. Furthermore, utilizing speech emotion
recognition technology in marketing can aid organizations in developing more effective mar-
keting and advertising campaigns by gaining insights into client behavior and preferences.
Similarly, in education, speech emotion recognition helps teachers provide tailored feedback
and support to students based on their emotional state.

Koduru et al. [2] proposed a method by using various feature extraction algorithms,
noise removal, global feature selection, and machine learning classification to identify emo-
tions from features including MFCC, DWT, pitch, energy, and ZCR. Chen et al. [3] proposed
a three-dimensional attention-based convolutional recurrent neural networks which involves
processing Mel-spectrograms with deltas and delta-deltas to reduce emotional irrelevant fac-
tors from the speech.

In this work, the main objective is to accurately classify emotions from audio files based
on gender into 14 different classes. To achieve this, a number of features are extracted
from the audio files including MFCCs, spectral contrast, pitch, spectral centroid, spectral
roll-off, onset flux, spectral flatness entropy, and zero crossing rate (ZCR). These features
provide comprehensive information about the spectral and temporal characteristics of the
audio signal. The extracted features are then fed to a Temporal Convolutional Network
(TCN) for classification. The TCN model was utilized to learn additional high-level features
that capture long-term dependencies in the audio signal which aims to improve the efficiency
of the emotion classification model. TCNs are a type of neural network that is particularly
well-suited for processing time series data, as they can capture complex temporal patterns
over long time spans. The TCN model in this work utilized convolutional layers with dilated
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convolutions and a dense layer with softmax activation. The dilated convolutions enable the
model to capture temporal patterns at different scales, while the dense layer with softmax
activation allows the model to output a probability distribution over the 14 emotion classes
for a given input audio signal.

The contributions of the work are as follows:

• Classify emotions from audio files based on gender.

• Features such as MFCCs, spectral contrast features, pitch, spectral centroid, spectral
roll-off, onset flux, spectral flatness entropy, and zero crossing rate (ZCR) are extracted
from the audio files.

• TCNs are used to learn high-level features that can depict or represent long-term de-
pendencies in the audio signal. The TCN model consists of convolutional layers with
dilated convolutions and a dense layer with softmax activation. The dilated convolu-
tions enable the model to capture temporal patterns at different scales.

Centre for Artificial Intelligence Page 2



Chapter 2

Literature Survey

In the literature, numerous researchers have tackled the problem of Speech Emotion Recog-
nition (SER). This section summarises some of these research endeavors and highlights their
accomplishments.

The framework proposed by Dias Issa et al. [4] for speech emotion recognition is a
deep learning-based approach that utilizes a one-dimensional CNN architecture. The CNN
is trained to classify emotions using a combination of five different audio features, namely
the mel-scale spectrogram, spectral contrast, Tonnetz representation, MFCC, and chroma-
gram. These features are extracted from the audio recordings and fed as inputs to the CNN.
To improve the performance of the proposed framework, it was suggested incorporating an
auxiliary neural network to extract high-level features, which can be used as input to the
CNN. In addition, more data augmentation techniques can be applied to further enhance
the model’s ability to generalize to unseen data. Another way to improve the accuracy of
the model is by adding more LSTM layers, which can help capture temporal dependencies
in the data. It is important to note that the order in which the audio features are stacked
can also impact the accuracy of the model. Therefore, altering the feature order may result
in different classification accuracies.

Jiang et al. [5] proposed a method for speech emotion recognition using a combination
of Deep Convolutional Neural Network and Simple Recurrent Unit. The proposed method
utilizes log Mel-spectrograms, which are a commonly used representation of audio signals in
speech processing, and are known to provide a compact and efficient representation of the
audio signal. It extracts log Mel-spectrograms with static, delta, and delta-delta acoustic
features.These spectrograms are then segmented into fixed-size frames and fed into a pre-
trained AlexNet for feature extraction. The output features of the AlexNet are then used as
inputs to an SRU model that aggregates segment-level features and maps them to a fixed-size
representation. Finally, the fixed-size representation is fed into a SoftMax classifier to predict
the emotion. One of the limitations of this approach is that the performance of the model
may be affected by the segment size used as input. The authors chose a fixed segment size of
2 seconds, but this may not be the optimal size for all types of speech signals. Additionally,
the use of log Mel-spectrograms may not capture all aspects of emotional features present
in the speech signal. For example, prosody and intonation may also play an important role
in conveying emotional information that is not fully captured by log Mel-spectrograms.
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Farooq et al. [6] proposed a method for speech emotion recognition (SER) that utilizes a
deep convolutional neural network (DCNN) for feature extraction and several classification
algorithms for emotion classification. The aim of the study was to explore the benefits of
using a DCNN for SER and to examine the effectiveness of different classification algorithms
for this task. The study used four publicly available datasets for emotional speech: the Berlin
Dataset of Emotional Speech (Emo-DB), Surrey Audio Visual Expressed Emotion (SAVEE),
Interactive Emotional Dyadic Motion Capture (IEMOCAP), and the Ryerson Audio Visual
Dataset of Emotional Speech and Song (RAVDESS). However, limitations included the need
for large labeled data and further research is needed to explore gender effects on speech
emotion signals.

Aggarwal et al. [7] proposed a novel model for recognizing speech emotions that uti-
lizes two-way feature extraction and deep transfer learning. The model extracts two sets
of features from the speech data, one using superconvergence and the other using a pre-
trained VGG-16 model. The first set of features is obtained by applying superconvergence,
a technique that accelerates the convergence of deep neural networks by optimizing learning
rate and momentum values. The second set of features is obtained by feeding the speech
data through a pre-trained VGG-16 model, which has been widely used in image recognition
tasks and has shown promising results in speech recognition as well. To further enhance
the discriminative power of the extracted features, Principal Component Analysis (PCA) is
applied to the first set of features. PCA is a statistical technique that transforms a set of
correlated variables into a new set of uncorrelated variables, called principal components,
which retain most of the original information while reducing the dimensionality of the data.
This step helps to remove redundant and irrelevant information from the features, thereby
improving the classification accuracy. The proposed model is evaluated on the RAVDESS
dataset, which contains speech recordings of ten different actors, portraying seven basic emo-
tions. However, the study’s limitations include the RAVDESS dataset used only consisting
of North American speakers and people of median age, suggesting the proposed model should
be applied to other datasets in the future to evaluate its effectiveness across different demo-
graphics.

Mehmet Bilal Er [8] proposed a hybrid architecture based on acoustic and deep fea-
tures to improve the accuracy of speech emotion recognition. The method consists of three
stages: feature extraction, feature selection, and classification. Acoustic features such as
Root Mean Square energy (RMS), Mel-Frequency Cepstral Coefficients (MFCC), and Zero-
crossing Rate are extracted from voice recordings. Spectrogram images of the original sound
signals are then fed into pre-trained deep neural networks including VGG16, ResNet18,
ResNet50, ResNet101, SqueezeNet, and DenseNet201 to extract deep features. A hybrid
feature vector is created by combining the acoustic and deep features, and the ReliefF algo-
rithm is used for feature selection. Finally, a linear Support Vector Machine (SVM) is used
for classification. The method is being evaluated on three popular datasets, RAVDESS,
EMO-DB, and IEMOCAP. However, the use of pre-trained deep neural networks and lin-
ear SVM for feature extraction and classification respectively may limit the performance of
the proposed method. Furthermore, the generalizability of the proposed method to other
datasets or real-world scenarios may need to be further explored.
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Mustaqeem et al. [9] proposed an approach for Speech Emotion Recognition (SER) that
involves selecting key sequence segments using Radial Basis Function Network (RBFN) sim-
ilarity measurement in clusters, converting them into spectrograms with Short Time Fourier
Transform (STFT), and extracting discriminative features with a Convolutional Neural Net-
work (CNN) model, which are then normalized and fed to a deep Bidirectional Long Short-
Term Memory (BiLSTM) for recognizing the final state of emotion. The proposed approach
aims to capture both the global and local features of speech signals to improve the accuracy
of emotion recognition. However, one potential limitation of this approach is that the RBFN
clustering algorithm used for key sequence selection may not always select the most relevant
segments for emotional state recognition, leading to reduced accuracy. The performance of
the proposed approach may also be affected by the choice of hyperparameters in the CNN
and BiLSTM models. Additionally, the generalizability of the approach to different datasets
or real-world scenarios needs to be further evaluated.

Centre for Artificial Intelligence Page 5



Chapter 3

Methodology

3.1 Objective

To accurately identify the high-level features and classify the speaker’s emotional state
based on their gender using efficient deep learning techniques.

3.2 Techniques Used

The proposed methodology for emotion classification based on gender as shown in Fig. 3.1
starts with concatenating four different datasets containing emotional speech data, namely
RAVDESS [10], SAVEE [11], TESS [12], AND CREMA-D [13]. This step is crucial to
enhance the diversity of the training data and improve the ability of the proposed emotion
classification model to generalize. The audio files are then pre-processed, and a set of acoustic
features are extracted, including MFCCs, spectral contrast features, pitch, spectral centroid,
spectral roll-off, onset flux, spectral flatness entropy, and zero crossing rate(ZCR). These
features are known to capture relevant information about the emotional content of speech
signals.

In order to enhance its efficacy, the extracted features were then fed into a TCN model,
which is designed to capture long-term dependencies within sequential data. This allowed
the TCN to acquire high-level representations of the audio signals that capture the complex
relationships between different acoustic features and emotional content. This step is essential
for building a robust and accurate emotion classification model.

Finally, the learned high-level features are used to classify emotions based on gender.
The task of classification is structured as a multi-class problem, with the model utilizing the
input features and gender of the speaker to predict the corresponding emotional label. The
proposed approach leverages the power of deep learning models, such as TCNs, to capture
the complex relationships between acoustic features and emotions and model gender-specific
differences in emotional expression. The methodology has the potential to improve the ac-
curacy of emotion recognition by modeling gender-specific differences and can be applied in
various fields, such as affective computing, mental health assessment, and human-computer
interaction.
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Figure 3.1: Methodology

3.2.1 Feature Extraction

Feature extraction is an essential step in speech emotion recognition, which involves extract-
ing relevant information from audio signals that can be used to classify emotions. Librosa
is a popular Python library for audio processing, which provides a range of functions for
extracting various audio features that are relevant to speech emotion recognition.

The advantage of using librosa for speech emotion recognition is that it provides a conve-
nient and efficient way to extract multiple features from audio signals. This can help improve
the accuracy and robustness of emotion classification models, as different features capture
different aspects of the audio signal. The features extracted using librosa include MFCCs,
spectral contrast features, pitch, spectral centroid, spectral roll-off, onset flux, spectral flat-
ness entropy, and zero crossing rate(ZCR).

• MFCC (Mel-frequency Cepstral Coefficients)

MFCC [14] is a feature extraction method used in speech and audio processing. Block
diagram of the MFCC extraction process is shown in Fig. 3.2. The resulting MFCCs
are a set of coefficients that capture the spectral shape of the audio signal and are
often used as features for speech and audio processing tasks such as speech recognition,
speaker recognition, and emotion recognition. Here 40 MFCC features along with their
first and second order derivatives are extracted.

Centre for Artificial Intelligence Page 7
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Figure 3.2: MFCC

The steps to extract the MFCC coefficients is as follows:
Pre-Emphasis: The first step is to apply a Pre-Emphasis filter to the audio signal to
boost the higher frequencies and compensate for the natural attenuation of the lower
frequencies during recording and transmission.

Framing: The audio signal is then divided into small frames of equal duration.

Windowing: Each frame is then multiplied by a window function, such as the ham-
ming window, to reduce the spectral leakage and smoother the edges of the frame.

Fourier Transform: It is applied to each frame to convert it from the time domain
to the frequency domain.

Mel Filterbank: The power spectrum obtained from the Fourier Transform is then
passed through a series of triangular filters spaced on the Mel scale, that mimics the
human ear’s response to different.

Logarithm/ Log Compression: The output of each filter is then compressed using a
logarithmic function to emphasize the lower frequencies and reduce the effect of higher
frequencies. The logarithmic scale represents the human auditory system’s response to
loudness.

Discrete Cosine Transform (DCT): Applies DCT to the logarithmic Mel-scale
spectrum to extract the most significant coefficients.

The 40 MFCC coefficients are:
MFCC 1 : The first coefficient represents the overall energy of the signal. It is of-
ten called cepstral mean or constant coefficient because it captures the average energy
across all frequency bands. This coefficient is calculated by taking the logarithm of the

Centre for Artificial Intelligence Page 8
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energy in each frequency band and then averaging across all bands. This process helps
to normalize the signal and removes any differences in overall energy between different
signals.

MFCC 2-13 : capture the shape of the power spectrum, which is also known as the
spectral envelope. These coefficients tell how much energy is present in different fre-
quency bands. They are calculated by applying a filter bank to the power spectrum
and then taking the logarithm of the energy in each band. The filter bank is designed
to approximate the non-linear frequency response of the human ear, which is why it is
often referred to as the mel-frequency domain.

MFCC 14-19 : Represent the first-order derivatives of the spectral envelope coeffi-
cients. They capture how the spectral envelope changes over time. These coefficients
are calculated by taking the derivative of each spectral envelope coefficient with respect
to time. This process helps to capture how the frequency distribution of a sound evolves
over time and can be used to distinguish between different types of sounds.

MFCC 20-27 : Represent the second-order derivatives of the spectral envelope coef-
ficients. They tell about how the shape of the sound is changing over time i.e. whether
it is getting sharper or flatter.

MFCC 28 : Represents the total energy in the high-frequency band of the audio sig-
nal. This coefficient is calculated by summing the energy in all frequency bands above
a certain cutoff frequency. This coefficient is useful for distinguishing between sounds
that have similar spectral characteristics but differ in their high-frequency content.

MFCC 29-33 : Represent the first-order derivatives of the high-frequency band en-
ergy coefficients. These coefficients capture how the high-frequency energy changes over
time. These coefficients are calculated by taking the derivative of the high-frequency
energy coefficient with respect to time. This process provides information on changes
in emotional intensity or other important characteristics of the sound.

MFCC 34-40 : Represent the second-order derivatives of the high-frequency band
energy coefficients. They capture how the curvature of the high-frequency energy is
changing over time. These coefficients are calculated by taking the second derivative
of the high-frequency energy coefficient with respect to time. This process provides
additional information on the emotional content of the audio signal and can be useful
for speech recognition or music analysis applications.

The MFCC (Mel-Frequency Cepstral Coefficients) of speech samples from four different
speakers, including two male and two female, expressing two different emotions, were
visualized in this work. The first sample was from a female speaker expressing anger
in Fig. 3.3, the second from a male speaker also expressing anger in Fig. 3.4, the third
sample from a female speaker expressing happiness in Fig. 3.5, and the fourth from a

Centre for Artificial Intelligence Page 9
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Figure 3.3: MFCC of female speaker expressing anger

male speaker expressing happiness in Fig. 3.6. The MFCC features were extracted from
each sample and presented using a heat map. This analysis can provide insights into
the acoustic characteristics of speech associated with different genders and emotions.
From the MFCC plots, it can be observed that the first band at the bottom is the
most distinctive band over the other bands. Since the time window is a short one, the
changes observed overtime does not vary greatly. The key feature here is capturing the
information contained in the various bands.

Figure 3.4: MFCC of male speaker expressing anger

The Mel-Frequency Cepstral Coefficients (MFCC) of audio samples from the RAVDESS
dataset were analyzed to investigate differences in acoustic characteristics between male
and female speakers. Line plots were generated to compare the MFCC feature vectors
of two audio samples, one from a male speaker and another from a female speaker
expressing anger, as well as two audio samples expressing happiness.

Centre for Artificial Intelligence Page 10
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Figure 3.5: MFCC of female speaker expressing happiness

Figure 3.6: MFCC of male speaker expressing happiness

In each case, the librosa library in Python was used to extract the MFCC features,
and the mean of these features across all frames was computed to obtain representative
MFCC feature vectors for the audio samples. The line plots indicated that male and
female speakers exhibited distinct acoustic characteristics, with differences observed in
the distribution of MFCC values across frequency ranges.

For the angry samples, the female speaker had higher MFCC values in the middle
frequency range, while the male speaker had higher values at lower and higher frequency
ranges as shown in Fig. 3.7. For the happy samples, the female speaker had higher
MFCC values in the mid to high frequency range, while the male speaker had higher
values at lower frequency ranges as shown in Fig. 3.8. These findings suggest that male
and female speakers may exhibit distinct acoustic characteristics even when expressing
the same emotion.

Centre for Artificial Intelligence Page 11
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Figure 3.7: Comparison of Mel-Frequency Cepstral Coefficients between Male and Female Speakers
Expressing Anger

Figure 3.8: Comparison of Mel-Frequency Cepstral Coefficients between Male and Female Speakers
Expressing happiness

• Spectral contrast

Spectral contrast is a feature that can provide useful information about the spectral
content of a signal, which can be helpful in emotion recognition. It measures the rela-
tive difference between energy in different frequency bands and can capture important
perceptual features of the signal, such as the harmonic structure of the voice or the
presence of formants. In speech processing, spectral contrast can be used to distinguish
between different emotional states by analyzing the spectral changes that occur when
a person is expressing different emotions. For example, when a person is happy, their
voice may have higher energy in the higher frequency bands, which can be detected
using spectral contrast analysis. Conversely, when a person is sad or depressed, their
voice may have a lower energy in the higher frequency bands. It is typically computed
by dividing the frequency spectrum into several frequency bands, and then comparing
the energy in each band to the energy in adjacent bands. Moreover, spectral contrast
can be used in combination with other features, such as pitch and intensity, to improve
the accuracy of emotion recognition systems. By combining different features, it is
possible to capture the complex and dynamic nature of emotions and provide a more
accurate and nuanced representation of the emotional state of the speaker [15].

• Pitch

Pitch is a term used to describe the response of the human ear to the frequency of
a sound wave. It is closely related to the frequency of the sound wave, with higher

Centre for Artificial Intelligence Page 12
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frequencies corresponding to higher pitch and lower frequencies corresponding to lower
pitch. Pitch can be a useful feature for emotion recognition and can also provide in-
formation about the gender of the speaker. Typically, females have higher pitch than
males, and analyzing the pitch of a signal can help to determine the gender of the
speaker [2].

The benefit of pitch in emotion recognition is that it can help to detect emotional states
that are not easily observable from other modalities, such as facial expressions or body
language. For example, a person may try to conceal their emotional state by controlling
their facial expressions or body posture, but their voice may still reveal their emotional
state through variations in pitch.

• Spectral centroid

Spectral centroid is a feature of audio signals that provides information about the fre-
quency content of the signal. It measures where most of the energy of the audio signal
is concentrated in terms of frequency. It is calculated by finding the weighted average
of all the frequencies present in the signal, where the weights are the amplitudes of the
spectral components. In other words, it is a measure of the center of mass of the spec-
tral distribution of an audio signal. It is used to analyze changes in spectral content of
speech over time.

Changes in spectral centroid can indicate changes in the ”brightness” or ”darkness” of
the sound. For example, when speaker is angry the spectral centroid of their speech
tends to shift towards higher frequencies indicating a brighter, more intense sound.
Conversely, when a speaker becomes sad, the spectral centroid of their speech tends
to shift towards lower frequencies indicating a darker, more deeper sound. Spectral
centroid of male speech tends to be lower than that of female speech. So it can be used
as a feature to differentiate between male and female speakers.

• Spectral roll-off

Spectral roll-off is a measure of the steepness of the spectral slope of an audio signal. It
provides information about how quickly the spectral energy diminishes as the frequency
increases. In speech processing, it can be used to analyze the spectral content of the
voice and identify gender differences. Typically, female voices have a higher spectral
roll-off than male voices, which means that their spectral energy decreases more quickly
as the frequency increases. This difference in spectral roll-off can be used to distin-
guish between male and female speakers, which can be useful in several applications,
including speaker identification and emotion recognition.

• Onset flux

Onset flux is a measure of the rate of change of the signal at its onset. It provides infor-
mation about the spectral content and temporal shape of the onset. Extracting onset
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flux can be relevant for emotion recognition based on gender, as it captures gender-
related differences in vocal dynamics and emotional expressiveness at the start of an
utterance. Female speakers have a higher onset flux than male speakers, which means
that their voice changes more rapidly at the start of an utterance. This difference in
onset flux can be used to distinguish between male and female speakers.

• Spectral flatness entropy

Spectral flatness entropy provides information about the spectral flatness of an audio
signal. Spectral flatness is the measure of how evenly the energy of an audio signal is
distributed across different frequencies in the spectrum. It is calculated by taking the
ratio of the geometric mean of the power spectrum to the arithmetic mean of the power
spectrum of the signal. A high value of this feature indicates a more tonal signal, while
a low value indicates a more noisy signal. It captures gender-related differences in the
spectral balance which is the distribution of energy across different frequency bands in
an audio signal. Male speech signals generally have a higher energy in the low-frequency
range, while female speech signals have a more even distribution of energy across the
frequency spectrum.

• Zero crossing rate

The zero crossing rate can be defined as the rate at which a signal transitions from a
positive value to zero, or from zero to a negative value (and vice versa). It provides
information about the spectral characteristics of the signal. ZCR is a robust feature
that can be used in noisy environments where other features may ne affected. Since
ZCR is based on the sign changes of the audio signal, it is less affected by the noise
than other features that rely on the amplitude of the signal. Male speech signals have
a higher ZCR than female speech signals due to differences in the vocal tract structure
[16].

3.2.2 Temporal Convolutional Network(TCN)

Time Convolutional Networks (TCNs) have emerged as a popular approach for speech
emotion recognition, owing to their ability to capture the temporal dependencies in-
herent in audio data. This is achieved by first extracting relevant features from the
audio signal, which are then input to a TCN model consisting of a series of dilated
convolutional layers followed by one or more fully connected layers. The convolutional
layers capture local patterns in the input features, while the dilated convolutional lay-
ers enable the model to capture long-term temporal dependencies in the audio signal.
The resulting trained TCN model can then be utilized to predict the emotion label
of new audio data with high accuracy. Furthermore, the high-level features extracted
by the TCN model can be employed for further analysis and visualization of the emo-
tion data, providing deeper insights into the underlying patterns and trends in the data.
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TCNs are a popular variation of Convolutional Neural Networks (CNNs) for sequence
modeling tasks. They combine the benefits of Recurrent Neural Networks (RNNs) and
CNNs by utilizing multiple layers of dilated convolutions and padding techniques to
handle varying sequence lengths and identify dependencies between items that are not
adjacent. Unlike traditional CNNs, TCNs employ causal convolutions as shown in Fig.
3.9, where the output at a given time step is only convolved with elements from that
step and earlier in the previous layer, thereby preventing information leakage from
future to past.

Figure 3.9: Causal convolution with filter kernel size k=2

Figure 3.10: Dilated causal convolution with dilated factors d=1, 2, 4 and filter size k=3

However, the use of causal convolutions limits the receptive field size unless a large
number of layers are stacked, leading to significant computational overhead. To over-
come this limitation, TCNs utilize dilated convolutions as shown in Fig. 3.10, which
enable exponentially larger receptive fields without requiring a significant increase in
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the number of layers.

In dilated convolutions, the filter is applied over a region larger than its size by skipping
input values with a given step, referred to as the dilation rate. In TCNs, the dilation
rate is commonly increased exponentially with the depth of the network, allowing the
receptive field to cover each input in the history and providing an extremely long
effective history size.

Figure 3.11: TCN

The TCN model used in this work consists of a two-layered TCN as shown in Fig.
3.11, where the first layer comprises 128 filters and a kernel size of 6. This layer func-
tions as the primary feature extraction stage and employs a dilations parameter of
[1,2,4,8,16,32,64,128], resulting in an exponentially growing receptive field. This con-
figuration enables the model to effectively capture long-term temporal dependencies in
the audio signal by processing progressively larger temporal windows. The extracted
features from the first TCN layer are then passed to the second TCN layer, which uti-
lizes a dilations parameter of [1,2,4,8,16,32,64] and 64 filters. The subsequent layer is
a dense layer with 14 units and a softmax activation function, enabling the model to
accurately classify the input audio signal into one of the 14 classes.

The model is compiled with the Adam optimizer and employs the categorical cross-
entropy loss function. By employing the two-layered TCN architecture with an increas-
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ing dilation parameter, the model can learn complex and high-level features, allowing
it to achieve superior performance in capturing long-term temporal dependencies in the
audio signal. The subsequent dense layer with softmax activation further enhances the
model’s classification accuracy.

3.2.3 Datasets

The proposed methodology utilizes four distinct audio datasets, namely RAVDESS,
SAVEE, TESS, and CREMA-D, which are commonly used by researchers in the field
of emotion recognition.

RAVDESS

The Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS) dataset
[10] contains 7356 files, including audio and video recordings of actors performing emo-
tional speech and song. Of these files, 1440 are audio files, each with a duration of
approximately 3-5 seconds. The audio files are organized into 24 different actors (12
male and 12 female) performing in 8 different emotional categories: calm, happy, sad,
angry, fearful, surprise, disgust, and neutral. The age range of the actors is 20-30 years
old for the younger group (10 males and 10 females) and 50-60 years old for the older
group (2 males and 2 females).

SAVEE

The Surrey Audio-Visual Expressed Emotion (SAVEE) dataset [11] contains a total
of 480 audio files, each with a duration of approximately 3-5 seconds. The dataset
includes recordings of 4 male actors (aged between 26-46 years) performing in 7 different
emotional categories: anger, disgust, fear, happiness, sadness, surprise, and neutral.

TESS

The Toronto Emotional Speech Set (TESS) dataset [12] includes a total of 2800 au-
dio files, with each file being approximately 3-5 seconds long. The dataset comprises
recordings of four professional actors (two male and two female), with each actor per-
forming in seven different emotional categories: anger, disgust, fear, happiness, pleasant
surprise, sadness, and neutral. While the age of the actors in the TESS dataset is not
explicitly stated, it is known that they are all adults.

CREMA-D

The Crowd-Sourced Emotional Multimodal Actors Dataset (CREMA-D) [13] consists
of a collection of 7,442 unique audio clips sourced from a diverse group of 91 actors,
48 of whom are male and 43 of whom are female. The actors range in age from 20 to
74 and represent various racial and ethnic backgrounds, including African American,
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Asian, Caucasian, Hispanic, and Unspecified. The audio clips in the dataset correspond
to six basic emotions: Anger, Disgust, Fear, Happy, Neutral, and Sad.

3.2.4 Performance Evaluation

To evaluate the performance of Speech emotion recognition models (SER), several met-
rics are used, including accuracy, precision, recall, and F1 score. These metrics provide
a quantitative measure of the model’s ability to recognize emotions in speech signals.
By using these metrics, it will be able to compare different SER models and choose the
one that performs the best.

Accuracy is a metric that indicates how often the model correctly predicts the emotional
state of a speaker. It is calculated as the ratio of the number of correctly predicted
emotions (true positives and true negatives) to the total number of emotions in the
dataset. An accurate model will have a high accuracy score, indicating that it can
correctly recognize emotions most of the time. The accuracy score can be calculated
as:

Accuracy =
TP + TN

TP + TN + FP + FN
(3.1)

where TP is the number of true positives, TN is the number of true negatives, FP is
the number of false positives, and FN is the number of false negatives.

Precision is a metric that indicates how often the model correctly predicts a positive
emotion out of all the emotions it classified as positive. It is calculated as the ratio of
the number of true positives to the sum of true positives and false positives. A model
with high precision is one that has a low false positive rate, meaning that it does not
wrongly classify negative emotions as positive. Precision can be calculated as:

Precision =
TP

TP + FP
(3.2)

where TP is the number of true positives and FP is the number of false positives.

Recall is a metric that indicates how well the model correctly identifies positive emotions
in the dataset. It is calculated as the ratio of the number of true positives to the sum
of true positives and false negatives. A model with high recall is one that can identify
most of the positive emotions in the dataset. Recall can be calculated as:

Recall =
TP

TP + FN
(3.3)

where TP is the number of true positives and FN is the number of false negatives.
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F1 Score is a combination of precision and recall that provides a balance between the
two metrics. It is useful when the dataset has an imbalanced class distribution, where
one class is much more prevalent than the other. The F1 score considers both false
positives and false negatives and penalizes models that have either a high false positive
or false negative rate. It is a value between 0 and 1, where a higher score indicates a
better model performance. The F1 score can be calculated as:

F1 Score = 2 · Precision ·Recall

Precision+Recall
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Chapter 4

Results and Discussion

The suggested model is implemented in Python, along with the essential libraries Li-
brosa, NumPy, Pandas, Scikit-learn, and other. The four datasets were concatenated
and relevant features, including MFCCs, spectral contrast features, pitch, spectral cen-
troid, spectral roll-off, onset strength, spectral flatness entropy, and ZCR were ex-
tracted. These features were then utilized as inputs to train the Temporal Convolu-
tional Network (TCN) model to learn and identify high-level features for the accurate
classification of emotions into 14 different classes. Table 4.1 displays the effectiveness

Table 4.1: Classification performance of TCN with different feature combinations

No: Features Extracted
Training
Accuracy

(%)

Validation
Accuracy

(%)

1. Spectral Contrast 96.93 93.63

2. MFCC+ZCR 98.65 96.92

3. MFCC+Pitch 98.92 97.70

4.
MFCC+Spectral
Contrast

98.46 97.94

5. MFCC+Centroid 98.89 98.03

6. MFCC 98.97 98.19

7.

MFCC+Spectral
Contrast+Pitch+
Centroid+Roll-off+
Onset Flux+
Entropy+ZCR

98.96 98.36

8. MFCC+Roll-off 98.68 98.64

9. MFCC+Flux 98.96 98.85

10. MFCC+Entropy 99.40 99.01

of the TCN model with various feature combinations for audio classification. The pro-
posed approach involves extracting different combinations of features from the audio
signals, which are then fed into the TCN model to learn high-level representations. The
combination of MFCC and entropy achieved the highest training and validation accu-

20



EMOTION CLASSIFICATION BASED ON GENDER USING TEMPORAL
CONVOLUTIONAL NETWORKS AND MULTIPLE FEATURE SETS

racies, with 99.4% and 99.01%, respectively. MFCC is a widely used feature in audio
processing that captures the spectral shape of the audio signal. In contrast, entropy
measures the amount of uncertainty or randomness in the signal. By combining these
two features, the model can capture both the spectral and temporal characteristics of
the audio signals, which are critical for distinguishing between different categories of
audio. The high accuracies obtained suggest that the proposed approach of using TCN
is a promising method for audio classification tasks.

The choice of feature representation can significantly impact the accuracy of an audio
classification model. From the accuracy plots in Fig. 4.1, it can be observed that the
accuracy of the TCN model with spectral contrast features is lower than the other
feature combinations. This is because spectral contrast features are more sensitive to
variations in recording conditions, such as background noise or reverberation, which can
affect the spectral envelope of the sound. Other feature combinations, such as MFCC
and entropy, are less sensitive to such variations and perform better in this task. The
high accuracies achieved by the combination of MFCC and entropy, with 99.4% training
accuracy and 99.01% validation accuracy, respectively, suggest that these features are
highly effective in accurately classifying emotions. However, other feature combinations
also achieved high accuracy rates, with some variations in performance depending on
the specific combination of features used. For example, some feature combinations may
be more effective in capturing certain aspects of the speech signal that are important
for emotion recognition, while others may be less effective.

Fig. 4.2 shows that MFCC+Entropy has the lowest training loss (0.0252) and validation
loss (0.0403), indicating good model performance and generalization. Spectral Contrast
has the highest training loss (0.1047) and validation loss (0.2531), suggesting lower
performance compared to other feature combinations.

Fig. 4.3 and Fig. 4.4 shows the confusion matrix based on the performance of TCN
with different feature combinations. The rows represent the actual emotions, while
the columns represent the predicted emotions. Each cell in the matrix shows the
number of times that the classifier predicted a particular emotion given the actual
emotion. The results demonstrate that the model was successful in classifying emotions,
with high numbers of correct predictions for each emotion. Although there were some
instances of misclassification, they were relatively infrequent. For instance, the model
misclassified female sad as female disgust and male sad as male disgust. However,
these misclassifications were not frequent, and the overall performance of the model
was highly accurate.

Fig. 4.5 and Fig. 4.6 shows the classification report based on the performance of
TCN with different feature combinations. Analysis of the precision, recall, and f1-
score values for each class shows that the model performed exceptionally well across
all classes. The weighted average F1-score, which is the overall F1-score taking into
account class imbalance, is consistently high for all feature sets, ranging from 0.94 to
1.00. The precision values ranged from 0.93 to 1.00, except for the spectral contrast
feature indicating a low false positive rate. Similarly, the recall values ranged from 0.89
to 1.00, indicating a low false negative rate. Additionally, the f1-score values ranged
from 0.86 to 1.00, representing a harmonic mean between precision and recall.
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Figure 4.1: Accuracy plots based on the performance of TCN with different feature combinations

Centre for Artificial Intelligence Page 22



EMOTION CLASSIFICATION BASED ON GENDER USING TEMPORAL
CONVOLUTIONAL NETWORKS AND MULTIPLE FEATURE SETS

Figure 4.2: Loss plots based on the performance of TCN with different feature combinations
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Figure 4.3: (a) Confusion matrix based on the performance of TCN with different feature combi-
nations
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Figure 4.4: (b) Confusion matrix based on the performance of TCN with different feature combi-
nations
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Figure 4.5: (a) Classification report based on the performance TCN with different feature combi-
nations

Centre for Artificial Intelligence Page 26



EMOTION CLASSIFICATION BASED ON GENDER USING TEMPORAL
CONVOLUTIONAL NETWORKS AND MULTIPLE FEATURE SETS

Figure 4.6: (b) Classification report based on the performance TCN with different feature combi-
nations
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Chapter 5

Conclusion

The goal of the work was to classify emotions from audio files into 14 classes based on
gender. To achieve this, a combination of different features and a Temporal Convo-
lutional Network (TCN) classifier were utilized. Features extracted, include MFCCs,
spectral contrast features, pitch, spectral centroid, spectral roll-off, onset flux, spectral
flatness entropy, and zero crossing rate (ZCR). However, these features did not capture
the entire temporal structure of the audio signal. Thus, TCN was incorporated to
capture long-term dependencies in the audio signal. The work showed that the combi-
nation of MFCC and entropy achieved the highest training and validation accuracies,
with 99.4% and 99.01%, respectively. The other combinations of features also achieved
high accuracy rates, indicating the effectiveness of using TCN in conjunction with a
variety of feature sets to classify emotions. Overall, the incorporation of TCNs into
the feature extraction process enhances the performance of the emotion classification
model. The TCN model can learn additional features that capture long-term depen-
dencies in the audio signal, which are not captured by the spectral features alone. This
provides a more complete representation of the audio signal and improves the accuracy
of the emotion classification model. Future studies could investigate the effectiveness
of the proposed approach with larger datasets and explore the potential of using other
deep learning models in emotion classification from audio signals.
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