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Kurzzusammenfassung

Group Emotion Recognition (GER) ist von entscheidender Bedeutung sowohl für das
Verständnis sozialer Dynamiken als auch für das zwischenmenschliche Verhalten und
für die Verbesserung von Mensch-Computer-Interaktionen. Group-Emotions umfassen
die von den einzelnen Mitgliedern empfundenen Emotionen und die Kontextfaktoren
der Gruppe, die den emotionalen Zustand der Gruppe beeinflussen. Systeme für GER,
die auf Sprachsignalen basieren, sollten sich daher auf Informationen stützen, die so-
wohl aus dem Gruppenkontext als auch aus dem individuellen Kontext stammen. Die
Verwendung von Features, die aus Bildern von Einzelpersonen extrahiert wurden, in
Kombination mit gruppenbasierten Features hat sich als wirksam für die Verbesserung
der GER erwiesen. Daher lässt sich annehmen, dass die Einbeziehung individueller In-
formationen von Sprechenden zur Verbesserung der speech-based GER führen kann.
In dieser Arbeit soll untersucht werden, wie verschiedene Arten von akustischen Featu-
res (cepstral, spectral, prosodic, temporal und Sound-Quality-Features) der einzelnen
Sprechenden zur Emotionserkennung der Gruppe beitragen. Um dies zu erreichen,
wird ein vortrainiertes Modell zur Speech-Separation verwendet. Dadurch werden die
einzelnen Stimmen der Speech-Mixture isoliert. Anschließend werden Features aus der
Speech-Mixture (Mixture-Features) und der Sprache der einzelnen Sprechenden (indi-
vidual Features) extrahiert. Es werden verschiedene Experimente mit Support Vector
Machines (SVMs) und Fully-Connected Neural Networks (FCNNs) für speech-based
GER durchgeführt. Die Modelle werden für die Erkennung von drei Group-Emotiuon-
Classes, namentlich Positiv, Neutral, und Negativ trainiert und auf speaker-dependant
(bekannte Sprechende) und speaker-indipendent (unbekannte Sprechende) Daten ge-
testet. Die verwendeten Sprachdaten bestehen aus Speech-Mixtures, die aus Videos
der VGAF-Datenbank gewonnen wurden. Die SVM- und FCNN-Modelle werden se-
parat auf verschiedenen Feature-Sets trainiert, die Mixture- und individual Features
kombinieren. Die Ergebnisse zeigen eine signifikante Verbesserung der Leistung des
FCNN-Modells in speaker-indipendent Test-Szenarien, wenn das Modell eine Kombi-
nation aus spectral-individual Features und Mixture-Features als Trainingsdaten ver-
wendet (Makro-F1-Score = 65.56%), verglichen mit der Verwendung von ausschließlich
Mixture-Features (Makro-F1-Score = 53.48%). Sound-Quality-, temporal und cepstral
Features der einzelnen Sprechenden zeigen ebenfalls Verbesserungen bei den GER-
Werten, die von den Modellen erreicht werden, wenn sie in Kombination mit den
Mixture-Features für das Training verwendet werden.
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Abstract

Group Emotion Recognition (GER) is crucial for understanding social dynamics and
inter-human behavior, enhancing human-computer interactions. Group emotion en-
compasses the emotions felt by the individual members and group context factors that
shape the emotional state of the group. Employing features extracted from images of
the individuals in combination with group-based features has been proven to be ef-
fective for improving GER. Consequently, there is a potential for involving individual
speaker information to improve speech-based GER. This work aims to analyze how
different types of acoustic features (cepstral, spectral, prosodic, temporal, and sound
quality features) from the individual speakers contribute to the emotion recognition
of the group. To achieve this, a pre-trained model for speech separation is employed
for isolating the speech of each speaker in the mixture. Then, features are extracted
from the speech mixtures (mixture features) and the individuals’ speech (individual
features). Various experiments are conducted using Support Vector Machines (SVMs)
and Fully-Connected Neural Networks (FCNNs) for speech-based GER. The models
are trained for recognition of three group emotion classes, namely Positive, Neutral,
and Negative. They are tested in speaker-dependent, i.e. known speakers, as well
as speaker-independent, i.e. unknown speakers, scenarios. The speech data employed
consists of speech mixtures obtained from videos of the VGAF database. The SVM and
FCNN models are trained separately on different feature sets that combine mixture
and individual features. The results show a significant improvement in the perfor-
mance of the FCNN model in speaker-independent scenarios when the model uses
a combination of spectral-individual features and mixture features as training input
(macro F1-score = 65.56%), compared to using only mixture features (macro F1-score
= 53.48%). Sound quality, temporal, and cepstral features from the individual speak-
ers also demonstrate improvements in the GER scores achieved by the models when
used in combination with the mixture features for training.
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1 Introduction

Emotions are a fundamental aspect of human experience, influencing cognition, per-
ception, learning, communication, and decision-making. Humans express emotions
through various channels, including gestures, facial expressions, voice, and actions.
Extending the understanding of emotions to computers can enhance human-computer
interaction.

The voice is a powerful tool for conveying emotions. Studies have shown that emotions
like anger and happiness are characterized by high pitch and speech rate, while sadness
is marked by lower pitch and slower speech rate [1]. Individuals can alter the way they
react and behave —including the way they speak— based on their perception of the
emotions of those around them [2]. Speech emotion recognition (SER) is a field of study
that focuses on the automatic recognition of human emotions from speech signals.
Multiple approaches on SER have been proposed involving conventional statistical-
based methods and machine learning-based methods.

While most SER systems focus on individual-level emotion recognition [3, 4, 5], it is
valuable to analyze emotions at a group level. Humans have a natural tendency to seek
out and thrive in social environments. Thus, analyzing group emotions is beneficial
for understanding social dynamics and human behavior [6].

Group emotion recognition (GER) is a research field that focuses on the identification
of group emotions by analyzing data. Group emotion encompasses both the emotions
felt by individual members and group context factors that shape the emotional state of
the group. Most GER systems utilize video and image data for recognizing the group
emotion [7, 8, 9, 10, 11, 12, 13], while only a few employ audio data [14, 15, 16, 17].
GER from speech can be considered as SER applied at a group level, focusing on
analyzing speech signals to identify the emotion of a group of people [14].

Speech-based GER systems could revolutionize real-life applications beyond the al-
ready explored areas of crowd monitoring, surveillance, and student participation
analysis. These systems are pivotal in developing voice assistants capable of inter-
acting with multiple individuals simultaneously and adapting their responses based
on recognized emotions. Furthermore, GER from speech can be used to enhance
video conferences, virtual meetings, and group calls by providing more personalized
interactions based on the group emotion of the participants.

GER systems employ top-down approaches and bottom-up approaches for recognizing
the group emotion [18, 19]. In bottom-up approaches, the emotions of individual
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group members are aggregated to estimate the group’s overall emotion. Therefore,
the features analyzed are extracted at an individual level. In top-down approaches,
the group is treated as a homogeneous entity, so the features analyzed are extracted
from a group context rather than an individual context for GER.

Typically, the speech signals analyzed in group-level SER consist of audio data in
the form of mono-sound files (one audio channel) containing the mixture of speech
sources. This mixture, often referred to as a speech mixture, includes the voices of all
speakers combined into a single audio signal. The systems that have been developed
for GER from speech typically use a top-down approach for recognizing the group
emotion, which means that the features analyzed are extracted directly from the speech
mixtures. Meanwhile, bottom-up approaches for group-level SER have not yet been
given enough relevance. Bottom-up approaches require the extraction of features of the
individual speakers. However, this cannot be done straightforwardly when the voices
of the speakers are within a speech mixture. It is necessary to isolate the voice of each
speaker first to be able to extract features from the individual speakers. Separating
different voices from a speech mixture is a challenging task, and there is an entire
research field called speech separation dedicated to it.

Given that group emotion encompasses both the group context and the emotions
experienced by individual members, it is imperative to study speech-based GER using
features derived from both the group as a whole and the individual speakers. Therefore,
this work integrates the aforementioned top-down and bottom-up approaches into a
hybrid approach for GER from speech using acoustic features extracted from both
the speech mixture and the individual speakers, facilitated by a speech separation
system.

The goal is to analyze how the features of the individual speakers contribute to the
recognition of the group emotion. To achieve this, different experiments were per-
formed implementing machine learning models trained on features from the speech
mixtures and the individual speakers for GER. The same parameters are calculated
from the speech mixtures and the separated speeches. The parameters calculated
from the speech mixture (mixture features) represent the features extracted at the
group context, while the features from the separated speeches represent the individual
speaker features, hereafter referred to as individual features. Following, the individual
features are grouped into five categories. Various feature sets are then created by
concatenating the mixture features with each category of individual features. These
feature sets are employed to train the two machine learning models for GER. The
performance of each model is tested and compared to a baseline, which consists of
the same model trained only on mixture features. It is hypothesized that the models
trained on both mixture and individual features outperform the baseline. Finally, a
significance test is applied to validate the results. This method aims to identify which
categories of individual features contribute to the recognition of group emotion and to
analyze the influence of each category.

The primary objectives of this thesis are:
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To develop recognition models for group emotion based on mixture features and
individual features from real-life speech data.

To test the performance of the GER models using speech data for unknown and
known speakers.

To identify and analyze the influence of the different groups of acoustic features
extracted from individual speakers on the recognition of the group emotion.

The remainder of this thesis is structured as follows: Section 2 introduces the relevant
concepts necessary to understand the methodology, including machine learning models,
emotion theories, SER, GER, speaker diarization, and speech separation. Section 3
details the methods employed in this study, encompassing the pre-processing of the
database, the definition of experiments, and the evaluation of the models’ performance.
Section 4 presents the results and discussion, providing a thorough analysis of the
findings. The conclusion of this work is then articulated in Section 6, summarizing
the key insights and contributions of this study.
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2 Theoretical background

2.1. Machine learning

In today’s rapidly advancing technological landscape, terms like artificial intelligence
(AI) and machine learning (ML) have become widely used and highly relevant. These
terms are often used interchangeably, leading to confusion about their distinct roles
and definitions. Although they are related, each term refers to a different concept.

AI encompasses all systems that simulate intelligent behavior, including complex al-
gorithms and approaches based on logic or probabilistic reasoning [20]. For example,
rule-based expert systems use predefined rules to make decisions or solve problems.

ML is a subfield of AI that has seen explosive growth in recent years. It involves
constructing systems that learn to make decisions by fitting mathematical models to
observed data [20]. ML algorithms can generally be divided into three categories:
supervised, unsupervised, semi-supervised and reinforcement learning.

– Supervised learning involves building models where both input data and expected
output data (labels) are available. In this type of learning, models learn to map these
inputs to their corresponding outputs. The goal is to learn a mapping function that
generalizes well to unseen data. For example, training a regression model with data
on age and years of children to predict their height [20].

– Unsupervised learning involves constructing models from input data that is not
labeled, meaning there is “no supervision.” The goal is to identify patterns and under-
stand the structure of the data. It is particularly useful for exploratory data analysis
and preprocessing [20]. An example of this is a clustering model created with a k-
means clustering algorithm. The algorithm partitions data into k clusters, where each
data point belongs to the cluster with the nearest mean.

– Semi-supervised learning lies between supervised and unsupervised learning. It uti-
lizes a small amount of labeled data together with a larger set of unlabeled data. In
this type of learning, models can use patterns in the unlabeled data to make their de-
cisions. The assumption is that the unlabeled data can provide valuable information
about the data distribution, which can be used to enhance the model’s generalization
[20]. Semi-supervised learning is especially valuable when labeling data is expensive
or time-consuming.
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– Reinforcement learning introduces an intelligent agent that learns to take actions
based on rewards, aiming to choose the set of actions that lead to the highest rewards
on average [20]. For instance, teaching a robot to win a chess game by giving it rewards
every time it captures a piece, or giving a reward at the end of the game if it wins. This
way, the robot learns which sequence of actions constitutes a strong or weak play.

Currently, cutting-edge methods in these four areas rely on deep learning (DL). See
Figure 2.1). DL is a subfield of ML that focuses on learning hierarchical representations
of data through complex algorithms called deep neural networks (DNNs). These are
particularly powerful for tasks such as image and speech recognition, natural language
processing, and more [20].

Figure 2.1: Artificial intelligence, machine learning, and deep learning. Adapted from
[20].

This work exclusively employs supervised learning models. Consequently, discussions
on unsupervised learning, semi-supervised learning, and reinforcement learning are
beyond the scope of this research. The following section delves into the supervised
learning models that will be employed in the present work, highlighting their capabil-
ities and applications.

2.1.1. Supervised learning models

A supervised learning model defines a relationship between one or more inputs to one
or more outputs. A simple example could be a model predicting the price of a house as
an output, using the number of rooms and the walking distance to the closest subway
station as inputs. The model can be interpreted as a mathematical equation where
the output “y” is related to the input “x”. This equation has parameters ϕ that, when
set up correctly, define the particular relationship of “x” with “y” (y = f(x, ϕ)).

The process of determining the parameters that accurately represent the relationship
between inputs and outputs is known as model training. This involves using a learning
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algorithm that processes sets of inputs along with their expected outputs, referred to
as training data. When the inputs are passed through the equation, the output is
calculated, and this process is named inference. The algorithm iteratively adjusts the
model’s internal parameters to minimize the difference between the predicted outputs
and the actual outputs for each set of inputs. To clarify, algorithms are systematic
procedures or formulas designed to solve problems or execute tasks. They consist of
step-by-step instructions that guide the learning process. Models are the representa-
tions of the patterns or relationships learned from the data. They are the resultant
outputs produced by algorithms after being trained on the data.

The goal is for the model to learn from the training set to accurately predict outputs for
new, unknown inputs. Generally, if the model performs well on the training dataset,
it is likely to make accurate predictions for new, unseen data where the true output
is unknown [20].

To evaluate the performance of a model, it is essential to test it on a separate dataset
known as test data, which the model has not encountered during training. If the model
performs well on the test data, it is considered ready for deployment. Additionally,
a third dataset, called validation data, is often used during training to fine-tune the
model. While the training dataset is used to fit the model, the validation dataset is
employed to tune the model’s parameters before its performance is assessed on the
test dataset.

– Loss

The degree of mismatch between the predictions and the actual outputs used in the
training process can be quantified with the loss (L). This is a scalar value that
evaluates how poorly the model predicts the outputs of the training data from their
respective inputs. It quantifies the difference between the predicted values and the
true values, providing a numerical value that the learning algorithm aims to minimize
during the training.

The loss helps to adjust the model’s parameters to minimize errors and improve perfor-
mance. When training the model, the goal is to identify the parameters that minimize
the loss function [20].

Loss functions exist for the different tasks models can perform (regression, classifica-
tion, etc.). Even for the same task, different loss functions can make the model learn in
distinct ways because they prioritize and penalize errors differently, which influences
the optimization process.

The recognition of emotion is typically perceived as a classification task. Thus, only
loss functions for classification are introduced here. A short description of the common
loss functions is given below [21].

a) Cross-entropy loss
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Cross entropy describes the difference between the predicted output and the expected
output. The predicted output of the classifier is a probability value between 0 and 1
for each class.

The cross-entropy value gets smaller as the probability distributions of the predicted
and expected outputs get closer. The formula is shown in Formula 2.1, and it is used
in multi-class classification problems.

L = − 1

n

n∑
i=1

[yi log(ŷi)] (2.1)

Where n is the number of classes, yi is the expected probability for the class,
and ŷi is the predicted probability for that class.

b) Binary Cross-Entropy (BCE) / Log loss

BCE is a special case of cross-entropy used for binary classification (i.e., two classes).
The terms BCE and Log loss are interchangeable in practice. The formula is shown
in Formula 2.2.

L = − 1

n

n∑
i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)] (2.2)

Where yi is the actual label (0 or 1) of the i-th observation, and ŷi is the
predicted probability of the i-th observation being in class 1.

c) Hinge loss

The Hinge loss is designed for binary classification tasks. It create a margin around
the decision boundary, promoting robust separation between classes. The formula is
observed in Formula 2.3.

L = max(0, 1− y · ŷ) (2.3)

Where yi ∈ {−1, 1} is the actual label of the i-th observation, and ŷi is the
predicted label of the i-th observation.

The smaller the loss gets after minimizing the loss function, the more accurately the
parameters of the model predict the training outputs from the training inputs.

A wide variety of supervised learning models have been developed, ranging from clas-
sical statistical models to modern deep learning architectures. In the next sections,
Section 2.1.2 and Section 2.1.2.1, the two relevant types of ML models for the present
study are introduced: support vector machines (SVMs) and neural networks (NNs).
Other common ML models for classification are briefly described, in Section 2.1.3.

18



2.1.2. Support vector machines

SVM is a supervised machine learning algorithm originally developed for binary clas-
sification [22]. Nevertheless, it has been adapted to successfully handle multi-class
classification and regression tasks. While it can handle regression problems, SVM is
particularly well-suited for classification tasks.

First, it is necessary to introduce the concept hyperplane, which refers to flat affine
subspaces that separate a space or hyperspace by half. A hyperplane is represented as
a line in a 2-dimensional space, or as a plane in a 3-dimensional space. Nonetheless,
the term hyperplane is typically only used when the hyperplane exists in a space with
four or more dimensions.

SVMs aim to find the optimal hyperplane, also referred as hard margin, which is
the one that maximizes the perpendicular distances to the closest points of different
classes. In other words, a SVM helps finding the hyperplane that is as far away
as possible from the nearest data points of each class, maximizing the margin (the
perpendicular distance between the hyperplane and the closest data points). Ensuring
a clear separation between the classes. The data points that are closest to the decision
boundary are known as support vectors [23, 24, 25]. See Figure 2.2.

Figure 2.2: The margin is the gap between the boundary that separates the classes and
the nearest data points. The support vectors are the key data points that
define this boundary. By maximizing the margin, SVMs aim to achieve
better separation and classification of the data.

Inference is made in a similar way to other ML models. The input is a set of inputs
X for each sample, multiplied by a set of parameters known as weights W, and finally
adding another parameter called bias b. Weights are parameters in a model that
determine the influence of input features on the output. They are adjusted during
training to minimize the loss function and improve model accuracy. Bias terms are
additional parameters that allow the model to adjust the output independently of the
input features.
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The linear combination of weights and input features predicts the output y, as observed
in equation (2.4).

W·X + b = y (2.4)

The support vectors are crucial to determine the position and orientation of the bound-
ary, these datapoints are the ones used by the algorithm to optimize the weights of the
model, which makes it different from NNs, where all datapoints are used for optimizing
the model’s parameters.

The algorithm penalizes the model for every misclassification. If a data point is clas-
sified correctly and within the margin, there is no penalty (loss = 0); on the other
hand, if a data point is classified incorrectly, the loss increases proportionally to the
distance of the datapoint to the boundary (distance of violation).

In some scenarios, the separation of data is challenged due to the presence of outliers
(see Figure 2.3). In such cases, the concept of a hard margin that perfectly separates
the data is not feasible. To address this, a soft margin is used.

A soft margin allows for some misclassifications or violations of the margin, which im-
proves generalization and increases the model’s robustness against outliers. However,
it is important to note that with the soft margin framework, a wider margin comes at
the cost of more misclassifications, while a smaller margin results in a model that is
less tolerant to outliers [24, 23].

Figure 2.3: Soft margin in SVMs

The real power of SVMs lies in their ability to handle non-linearly separable data (i.e.,
data that cannot be divided by a straight line). SVMs achieve this by transforming
data that is not linearly separable in its original form into a higher-dimensional space
where it becomes easier to separate. This transformation facilitates the identification
of a decision boundary (hyperplane) even for non-linear data [25, 26]. See Figure
2.4.
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Figure 2.4: a. Original data in 2D space cannot be separated by a hyperplane (one-
dimensional line on a plane), b. Data can be separated by a hyperplane (a
two-dimensional plane in a space) after being transformed to a 3D space.

SVMs utilize special mathematical functions called kernels o map data to a higher-
dimensional space. These kernels enable the algorithm to perform necessary calcula-
tions while remaining in the original, lower-dimensional space, thereby avoiding the
complexity of computations in the higher-dimensional space and making the process
more efficient and manageable [25].

Numerous kernels exist and can be customized, but three kernels stand out as the
most commonly used [27]:

a) Radial Basis Function (RBF) kernel, also called Gausian kernel, measures the
similarity between datapoints based on their Euclidean distance in the feature space
and maps the input feature vector to an infinite-dimensional feature space using a
Gaussian function. This kernel can handle more complex relationships [23].

b) Polinomial kernel, which transforms data into a polynomial feature space of any
order, the higher the degree of the polynomial, the better the kernel captures the
affinities in a non-linear dataset [28].

c) Linear kernel is the simplest kernel function, which maps the input space to itself.
Computes the dot product between feature vectors. It is used for linear classification.
Thus, effective for linearly separable data [23].

Different types of kernel functions exist for SVMs, each kernel function can produce
different classification results. There is no universal rule for choosing the best kernel,
so it is often beneficial to experiment with various kernels on the training datasets to
see which one performs best [26].

In summary, SVMs are extremely powerful and versatile classifiers. Their ability to
handle high-dimensional data and their effectiveness in class separation make them
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valuable tools in the field of machine learning. These makes them worthy contenders
against NNs, which will be explored in detail next.

2.1.2.1. Neural networks

Artificial Neural Networks (ANNs), simply referred as NNs, were first introduced in
1943 by McCulloch and Pitts [29], a neurophysiologist and a mathematician. In their
paper, they presented a simple computational model of a biological neuron that was
able to implement basic Boolean logical operations such as AND, OR and NOT (Figure
2.5).

Figure 2.5: Depiction of a McCulloch-Pitts Neuron with Two Inputs: This early model
of a neural network demonstrates the basic structure of artificial neu-
rons, including the integration of input signals and a threshold function.
Adapted from [25].

In Figure 2.5, the binary inputs x1 and x2 are added together by the function g(x),
then the value is passed to a threshold f(g(x)). If the sum of x1 + x2 is greater than
or equal to the threshold, denoted (θ), then y = 1, if not, y = 0[30, 25].

With this description, an AND Boolean logic gate can be designed with θ = 2, where
the output y is equal to 1 only if both x1 and x2 have a value of 1. When θ = 1, an
OR logic gate is achieved, meaning that if either x1 or x2 is 1, then y = 1.

This concept can be generalized to a greater sequence of inputs, x1, x2, x3, · · · , xi. The
NN calculates the sum of the inputs and performs the thresholding that assigns the
value of y, giving the mathematical equations below (Equations 2.5, 2.6, and 2.7).
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g(x) =
n∑

i=1

xi (2.5)

f(z) =

{
1, if z ≥ θ

0, otherwise
(2.6)

y = f(g(x)) =

{
1, if g(x) ≥ θ

0, otherwise
(2.7)

Although this set the beginning of NNs, the neuron is not learning, only computing.
The value of θ had to be manually selected, and the neuron could not learn from the
input data to figure out θ. It was not until 15 years later that the first neuron capable
of learning was invented by Rosenblatt [31]. He presented the Perceptron, an improved
version of the McCulloh-Pitts neuron infused with a learning algorithm (Figure 2.6)
[30, 25].

Figure 2.6: Illustration of Rosenblatt’s Perceptron with two inputs: This simple neu-
ral network model includes weights and a bias term, demonstrating the
fundamental components of a Perceptron. Adapted from [25].

The Perceptron differs mainly in that its inputs can take any real number and do
not need to be binary. These inputs are multiplied by weights and then summed to
generate a weighted sum. Additionally, there is a bias term (b). Both the weights
and the bias are real numbers. The output y ∈ {−1, 1} is defined by a thresholding
function f(z), known as the activation function.

Many activation functions exist, but typically the Heaviside step function and the
signum function are employed for this type of NN. The plots of both functions are
shown in Figure 2.7 [30, 25].

Unlike the old model, the Perceptron can be trained to find correct values for the
weights and the bias to solve a task. Its mathematical notation is given below in
Equations 2.8 and 2.9.
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Figure 2.7: Common activation functions for Perceptron model. a) Heaviside step
function, b) Signum function.

g(x) =
n∑

i=1

(wi · xi) + b (2.8)

y = f(g(x)) =

{
+1, if g(x) > 0

−1, otherwise
(2.9)

During training, the Perceptron starts with its weights and bias initialized to zero.
A set of inputs is provided, a prediction is made, and this prediction is compared
against the expected output. The weights are then adjusted to minimize the difference
between these two values. Eventually, the Perceptron finds at least one set of values
for its weights and bias term that produce the correct outcome [30, 25].

The Perceptron is designed for binary classification of linearly separable data, meaning
it cannot learn complex non-linear patterns. This limitation can be overcome by
stacking multiple Perceptrons, resulting in a more complex ANN called a Multi-layer
Perceptron MLP. The MLP is capable of learning complex patterns in the training
data and can solve multiclass classification and regression tasks.

For instance, an MLP can solve the XOR logical operation, which a simple Perceptron
cannot [30]. An example of this is shown in Figure 2.8, where the outputs of two
Perceptrons in the first layer serve as inputs to another Perceptron in the next layer.

In MLPs, the inputs are connected to all neurons in the first layer, also called the
hidden layer. The outputs of these neurons are used as inputs for all neurons in the
next hidden layer, and this process repeats for each hidden layer until reaching the
final layer of neurons, called the output layer. For each hidden layer, a bias term is
added, which is also connected to the neurons of the following hidden layer.

Furthermore, all outputs of the hidden layers are multiplied by weights. Each neuron
calculates the sum of the weighted inputs and the bias term, then passes the value
through an activation function. MLPs are also called fully connected neural networks
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Figure 2.8: MLP with parameters adjusted (weights and bias terms) for solving the
XOR problem. All bias terms are zero, and the weights are the coefficients
next to the variables.

(FCNNs) because all elements of one layer are connected to all elements of the following
layer (Figure 2.9).

The number of neurons on the hidden layers can vary. When ANNs have two or more
hidden layers, they are called deep neural networks (DNNs). Conversely, if they have
fewer than two hidden layers, they are referred to as shallow neural networks.

The output layer should contain a number of neurons corresponding to the expected
outputs. For example, if the NN is solving a classification problem for four classes, the
output layer should contain four neurons, one for each class. For binary classification,
one neuron in the output layer is often sufficient and considered more optimal due to
fewer parameters needing adjustment.

The next question to address is how to adjust the parameters of an NN, or in other
words, how to train an MLP. The backpropagation and gradient descent algorithms
are typically used for training NNs.

During the training process, the backpropagation algorithm feeds each set of inputs
to the network, and each neuron computes an output that is passed to the next layer
of neurons. This is known as the forward pass. The algorithm then measures the
difference between the network’s output and the actual output for that set of inputs
using a loss function. This difference is referred to as the network’s output error.

Starting from the last hidden layer, the backpropagation algorithm calculates the
contribution of each neuron to the network’s output error. It then determines how
much of these error contributions originated from each neuron in the previous hidden
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Figure 2.9: Multi-layer Perceptrons are also known as fully connected neural networks.
MLP with an input layer, two hidden layers and an output layer, fully
connected.

layer, repeating this process for each hidden layer until reaching the input layer. This
procedure, known as the reverse pass, helps identify the contribution of each connection
in the neural network to the overall error. The error gradient is propagated backward
through the network, which is the reason for the algorithm’s name.

Finally, using the previously computed error gradients, the network’s weights are ad-
justed through a gradient descent step to minimize the error (loss). This process is
repeated for each set of inputs in the training dataset, with each repetition counted
as an iteration. The goal of backpropagation is to converge to the global minimum of
the loss function with each iteration [30, 20].

Each weight is updated according to the calculation in Equation 2.10.

w∗
i = wi −−α

(
∂L(θ)

∂wi

)
(2.10)

Where w∗
i represents the updated weight. wi is the current weight. ∂L(θ)

∂wi
is the

gradient of the error determined by the loss function L with respect to the weight wi.
The gradient is the derivative of the loss function, defining the direction of the step
necessary to reach the global minimum. Finally, α is the learning rate, which defines
how big or small the step will be for each iteration.

The learning rate is a non-trainable parameter; therefore referred to as a hyperparam-
eter. It is typically in the range between 0 and 1 and needs to be chosen carefully. A
small learning rate makes the model take tiny steps with each iteration, converging
slowly, and training the model will require multiple epochs until it has reached the
minimum loss. An epoch refers to a complete pass through the training data. If the
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learning rate is too small, the loss can get stuck in a local minimum, missing the opti-
mal weights. Conversely, a high learning rate can cause the model to overshoot optimal
weights, making the loss bounce back and forth, and risking never converging.

The gradient descent algorithm needs a slope to determine which direction to move
in to reduce errors. For the algorithm to work, it is necessary to introduce activation
functions where a gradient could be calculated because step functions do not have a
slope. Therefore, the sigmoid function (Formula 2.11) was introduced, which has a
smooth curve and a well-defined non-zero derivative. The backpropagation algorithm
can also work with other activation functions besides this one. Two other popular
choices are the tanh function (Formula 2.12) and the ReLu function (Formula
2.13); these can be visualized in Figure 2.10.

Sigmoid function:

σ(z) = 1/(1 + exp(–z)) (2.11)

Hyperbolic tangent (tanh) function:

tanh(z) =
exp(z)− exp(−z)

exp(z) + exp(−z)
(2.12)

Rectified linear unit (ReLU) function:

ReLU(z) = max(0, z) (2.13)

Typically, for multi-class classification the output layer is very often modified by replac-
ing the individual activation functions of the neuron for a shared softmax function,
in formula 2.14, that converts the output into predicted probabilities, this means that
the outputs are now values between 0 and 1, and they add up to 1. This way, the out-
puts of the model can be easily interpreted; the class predicted for each set of inputs
is the output with the highest probability [30].

Softmax function:

softmax(zi) =
exp(zi)∑N
j=1 exp(zj)

(2.14)

Once the predictions are done, the model’s classification performance can be mea-
sured. To achieve that, evaluation metrics are employed. These help assess how well
a model is performing as well as identify areas where the model needs improvement.
Section 2.1.4 describes common metrics used in ML for assessing classification models’
performance.
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Figure 2.10: Activation functions for Multi-layer Perceptrons.

2.1.3. Common deep learning models used in SER

Below is a brief overview of the classification models that have seen frequent application
in SER tasks.

Convolutional Neural Networks (CNNs): CNNs are specialized NNs de-
signed for processing structured grid-like data such as images or time-frequency
representations of audio. The architecture typically includes multiple convolu-
tional and pooling layers, followed by fully connected layers for classification.
CNNs can achieve state-of-the-art performance but require substantial compu-
tational resources and large amounts of labeled data for training.

Graph Neural Networks (GNNs): GNNs are designed to work with graph-
structured data, where data points (nodes) are connected by edges. They use
a message-passing mechanism to aggregate information from neighboring nodes,
allowing the network to capture complex relationships and dependencies within
the graph.
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Recurrent Neural Networks: RNNs are designed for sequential data, such
as time series or natural language. They have connections that loop back on
themselves, allowing information to persist across time steps. This enables RNNs
to capture temporal dependencies and patterns in sequences. However, standard
RNNs can suffer from issues like vanishing and exploding gradients, making it
difficult to learn long-term dependencies.

Long Short-Term Memory Neural Networks (LSTM): LSTMs are a type
of RNN designed to address the limitations of standard RNNs. LSTMs use
special units called memory cells that can maintain information over long periods.
These cells have gates that control the flow of information, allowing the network
to learn long-term dependencies without suffering from vanishing gradients.

Transformer-Based Models: Transformers are a type of neural network archi-
tecture that use self-attention mechanisms to weigh the importance of different
parts of the input sequence, allowing them to capture long-range dependencies
more effectively than RNNs or LSTMs. Transformers consist of encoder and
decoder layers, each with multiple attention heads and feedforward layers.

Each model presents different strengths and trade-offs depending on the nature of the
data, feature representations, and the complexity of the target task. Deep learning
has become a common approach in many speech processing tasks, including speech
recognition, speaker identification, and emotion recognition, due to its ability to model
complex, high-dimensional data effectively [32, 33, 34, 35].

2.1.4. Evaluation metrics

Multiple evaluation metrics exist in ML for assessing the performance of models. In
ML, there are multiple metrics to choose from to assess the models, typically, the more
metrics calculated, the better. Nevertheless, not all metrics are suitable for all models,
things like the distribution of labels in the dataset (balanced/imbalanced), the type
of task regression, classification, among others.

Next, four of the most common metrics used in multiclass-classification tasks are
introduced [36].

a) Confusion matrix (CM)

CM is a table that helps with visualizing the counts of True Positives (TP), False
Positives (FP), True Negatives (TN), and False Negatives (FN) for each class.

True Positives (TP) are the correctly predicted positive instances.

False Positives (FP) are negative instances incorrectly predicted as positive.

True Negatives (TN) are instances that are correctly classified as negative.
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False Negatives (FN) are instances that are actually positive and were incor-
rectly classified as negative.

The CM for binary classification is shown in table 2.1.

Table 2.1: Confusion matrix for binary classification

Predicted Positive Predicted Negative

Actual Positive TP FN

Actual Negative FP TN

In a multi-class classification problem, classes cannot be directly represented as positive
or negative values. Therefore, the counts of True Positives (TP), True Negatives (TN),
False Positives (FP), and False Negatives (FN) cannot be computed straightforwardly
due to the involvement of multiple labels. The approach involves calculating the TP,
TN, FP, and FN values for each class individually.

For example, in a multi-class classification with three classes A, B, and C, the calcu-
lations for class A would be as follows:

TP: the number of instances labeled as A, that were correctly predicted as A.

TN: the number of actual instances of A, that were incorrectly predicted as B
or C.

FP: the number of instances of B and C, that were incorrectly predicted as A.

FN: the number of instances of A, that were incorrectly predicted as A.

In a similar way, the values can be calculated for classes B and C. To complement the
example, the confusion matrix is presented in Table 2.2.

Table 2.2: Confusion matrix for multi-class classification, example for three classes.

Predicted A Predicted B Predicted C

Actual A TPA FPA,B FPA,C

Actual B FPB,A TPB FPB,C

Actual C FPC,A FPC,B TPC

Where:
- TPi are the correctly predicted instances of class i.
- FPi,j are the instances of class i incorrectly predicted as class j.

b) Accuracy

Accuracy measures the proportion of correct predictions made by the model out of the
total number of predictions. Its mathematical definition is shown in Formula 2.15.
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Accuracy =
number of correct classifications

total classifications
(2.15)

Accuracy ranges from 0 to 1, it can also be expressed as percentage. When the
number of instances in each class is roughly equal (balanced), accuracy provides a
good measure of overall performance. However, for imbalanced datasets (i.e., the
labels are not evenly distributed) the accuracy can be misleading.

c) Recall and unweighted-average recall UAR

UAR is the average of the recall values for each class. A recall score measures the
model’s ability to correctly predict positives from actual positives. In multi-class
classification the recall score is calculated for each class individually, then the average
from all recall scores is obtained. When the average is weighted according to the
distribution of labels this is known as Weighted Average Recall, and the classes with
more labels will influence the value the most. In these study, the performance of
the model will be done by treating all classes equally, to compensate the imbalanced
distribution of labels. Thus an Unweighted Average Recall (UAR) score is used. The
formulas to calculate the recall for each class, and the unweighted-average of the recalls
are presented in Formulas 2.16 and 2.17.

Recall for each class:

Recalli =
TPi

TPi + FNi
(2.16)

Where i represents each class. TP are the correctly predicted positive
instances for class i, and FN the incorrectly predicted negative instances for
same class i.

Unweighted average of recalls:

UAR =
1

N

N∑
i=1

Recalli (2.17)

Where N is the total number of classes and i represents each class.

The range of the recall values is between 0 and 1, the higher the value, the better the
performance of the model. The values can be represented as percentages, as well.

d) Macro F1–score

The F1 score is the harmonic mean of precision and recall, combining both in one
value. This metric is especially useful in imbalance datasets, since a low value in
either precision or recall for impacts significantly the F1–score. The harmonic mean
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gives more weight to lower values, ensuring that the F1 score is high only when both
precision and recall are reasonably high. The value is in the range between 0 and 1.

As expected, in multi-class classification analysis this value is calculated for each class
individually. When the F1–scores of all classes are averaged it is referred as ’macro-
averaging’.

In order to calculate the individual F1 scores, precision and recall scores for each
classes are required. Recall was already described above and its formula is shown in
Formula 2.16. Precision is a measure that assess how many of the instances classified
as positive are actually positive (Formula 2.18).

Precision for each class:

Precisioni =
TPi

TPi + FPi
(2.18)

Where i represents each class.

With both, precision and recall scores, the F1 scores can be obtained for each class
through the formula 2.19.

F1–score for each class i :

F1i = 2× Precisioni × Recalli
Precisioni +Recalli

(2.19)

Then the average of the F1–scores are calculated with formula 2.20.

Macro F1–score i :

Macro F1–score =
1

N

N∑
i=1

F1i (2.20)

The values are in the range of 0 to 1, but can be represented as percentages, as well.

32



2.2. Emotion theories

While everyone has an understanding of what emotion is, articulating its exact mean-
ing in words is challenging for most. Some might describe it as a feeling, others as a
body response to certain stimuli, and some even use it as a synonym for “mood”. De-
spite being a core concept in psychology, there is still no consensus among researchers
on its precise definition. The complexity of emotions makes them difficult to define,
which in turn complicates their classification and understanding [37, 38].

In the work of Hartmann [37], a total of 72 definitions of the word emotion from
various publications were reviewed to identify the key features of emotions. Through
their research, they developed their own definition of emotion:

“Emotion can be defined as a bounded episode in the life of an individual
that is characterized as an emergent pattern of synchronization between
changing states of different subsystems of the organism (which are consid-
ered as components of the emotion), preparing adaptive action tendencies
to relevant events as defined by their behavioral meaning (as determined
by recurrent appraisal processes), and thus having a powerful impact on
behavior and experience.”

Although the issue of defining the key attributes of emotions remains unresolved,
the definition of emotion presented in the study encompasses all the ideas necessary
to build this concept. Emotions drive and shape thoughts and actions, preparing
individuals to respond to environmental challenges and directing attention to signals
that indicate important needs and desires [39, 40]. Understanding the theoretical
foundations of emotion is essential for developing effective emotion recognition systems.
This section explores the key theories of emotion that have shaped the understanding of
how emotions are experienced and expressed. There is no single standard for modeling
emotions. Researchers often define emotions either as discrete constructs or continuous
dimensions.

2.2.1. Discrete emotions

One of the most influential theories in the study of emotions is Paul Ekman’s theory
of basic emotions [42]. Ekman proposed that there are a limited number of basic
emotions that are universally recognized across different cultures and are associated
with distinct facial expressions and physiological responses, suggesting that they have
a biological basis. These basic emotions are anger, disgust, fear, happiness, sadness
and surprise. They have been widely used in affective computing.

Discrete constructs with more categories have been proposed in other studies, where
the basic emotions are combined to create “secondary emotions”, creating more com-
prehensive emotion category sets. For example, Robert Plutchik’s “wheel of emotions”
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Figure 2.11: Plutchik’s wheel of emotions. Adapted from [41].

[43], observed in figure 2.11, suggests that basic emotions can combine to form more
complex emotions, similar to how primary colors mix to create other colors. This
model highlights the dynamic and interconnected nature of emotional experiences.

2.2.2. Dimensional emotions

Despite being widely used, discrete constructs still fail to capture the complexity of
some emotional states encountered in everyday communication. Dimensional con-
structs, on the other hand, define emotions as points in a space characterized by
continuous dimensions.

The most common dimensions observed are valence, arousal, and dominance [44, 45].
The valence dimension represents the level of pleasantness or unpleasantness and is also
called “the dimension of pleasure.” For instance, both anger and fear are unpleasant
emotions and are classified on the negative valence side, while joy is on the positive
valence side as a pleasant emotion.
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The arousal dimension indicates the level of activation or energy that the emotion
produces. For example, anger and excitement have high activation or high arousal,
whereas tiredness and depression have low arousal.

The dominance dimension depicts the feeling of control over the environment, with
lower dominance indicating a more submissive emotion. For instance, while both
anger and fear are unpleasant emotions, anger has higher dominance, and fear is a
more submissive emotion, thus classified as low dominance.

In the dimensional approach, emotions are not independent of each other; instead,
they are systematically analogous [40]. One prominent dimensional construct is the
circumplex model [46, 47], which uses arousal and valence as perpendicular axes on a
two-dimensional plane to represent emotional states with continuous values. Arousal
ranges from low to high, with neutral in between, and valence ranges from negative to
positive, also with neutral in between. Figure 2.12 illustrates this model.

Figure 2.12: Circumplex emotion model. Adapted from [47].

Continuous constructs allow for a more nuanced representation of emotional states,
capturing the complexity of human emotions.
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2.2.3. Appraisal emotions

Finally, the hybrid theory, or appraisal theory, can be viewed as an extension of the
dimensional construct [48]. This theory explains how emotions are influenced by eval-
uations (or appraisals) of events. Rather than being automatic responses to stimuli,
this theory proposes that emotions result from the interpretation and assessment of
situations.

The concept of the appraisal construct was significantly developed by psychologist
Magda Arnold in 1960 [49]. According to her, appraisal is a straightforward, instanta-
neous, and instinctive process that does not initially necessitate identifying the object
being evaluated.

Appraisal constructs help explain why different people can have different emotional
reactions to the same event. For example, if a clown walks into a party, some people
might find this amusing and laugh (positive appraisal), while others might feel scared
(negative appraisal) based on their past experiences and interpretations of clowns.

While this theory offers a detailed and flexible framework for understanding emotions,
it is less frequently adopted in automatic emotion recognition systems due to its com-
plexity and the challenges associated with measuring cognitive appraisals. Instead,
models like the “Circumplex model” and Ekman’s discrete emotion categories are
more commonly used because they are simpler, easier to implement in computational
systems, and widely supported by labeled datasets for emotion recognition.

In the next section, the most common methods used to recognize emotions automati-
cally will be presented.
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2.3. Automatic emotion recognition

Emotions play a key role in human interaction, as they help us understand and connect
with one another. Humans express emotions in various ways, such as through facial
expressions, body language, voice, and actions. This emotional communication is
essential for building relationships and fostering empathy. Given the importance of
emotions in our interactions, it is a natural outcome to extend this ability of recognizing
and interpreting emotions to computers and machines [40, 14, 50].

The field of affective computing aims to develop systems and devices capable of
recognizing, interpreting, processing, and simulating human emotions. It also encom-
passes the creation and interaction with machine systems that respond to and influence
emotions. This research field integrates insights from various disciplines, including psy-
chology, physiology, engineering, sociology, mathematics, computer science, education,
and linguistics, to achieve its objectives [51].

The concept of affective computing originated with Rosalind Picard, a professor at the
Massachusetts Institute of Technology (MIT) Media Lab. In 1995, Picard published a
seminal paper titled “Affective Computing”, and in 1997, she expanded on these ideas
in her book of the same name. Her work laid the foundation for the field, emphasizing
the importance of giving machines emotional intelligence to improve human-computer
interactions [52, 53]. Since then, the field has grown to include various applications,
such as Emotion Recognition (ER), emotion synthesis, and the development of con-
versational agents such as Siri1 and Alexa2, which can simulate emotional responses
[54].

The motivation behind affective computing is to create systems that can understand
and respond to human emotions, thereby enhancing user experiences and making inter-
actions with technology more natural and intuitive. This involves using various sensors
and advanced computational algorithms to detect and interpret emotional cues from
facial expressions, speech, body language, and physiological signals.

Multiple methods exist for recognizing emotions automatically. Since emotions trigger
changes not only in the psychological state but also in the physiological state of the
organism, it is possible to detect emotions from signals emitted by the human body.
Among the signals currently used for this purpose are physical signals like facial expres-
sions, speech, gestures, and body postures. Even text is considered a physical signal,
according to [55]. Additionally, physiological signals are analyzed for ER, such as elec-
troencephalogram, electrocardiogram (ECG), electromyogram, galvanic skin response,
respiration, skin temperature, photoplethysmography, and eye tracking [56, 57, 58].

1Siri is a virtual assistant created by Apple, designed to perform tasks such as sending messages,
setting reminders, and answering questions through voice commands.

2Alexa is a virtual assistant developed by Amazon, capable of voice interaction, music playback,
setting alarms, and providing real-time information.
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Speech is a quick, natural, and likely the simplest method of communication between
humans. It stands out as the most suitable signal for emotion recognition, not only
because it is easier to collect, but also because it requires less storage compared to
image or video data used for facial or body posture analyses. For the latter two,
participants typically have concerns such as embarrassment or protecting their confi-
dentiality due to the exposure of their appearance, which does not occur with speech
analysis. Additionally, speech conveys information beyond emotion, such as age, gen-
der, and language of the speaker. It can even reflect their way of thinking and cultural
context [54, 48].

2.3.1. Speech emotion recognition

Speech emotion recognition (SER) is a subfield of affective computing that focuses
on identifying emotions from the voice. The history of SER starts long before Picard’s
work. As mentioned in [59] the origins of SER date back to a century ago with
Blanton’s work “The voice and the emotions” [60] where he wrote “The effect of
emotions upon the voice is recognized by all people”, although his publication was
made in 1915, the first patent in the field of SER occurred 60 years later, in the late
1970s [61]. Nevertheless, it has been during the past two decades that the field has
matured significantly, thanks to the advancements in ML and DL techniques [40, 48,
34, 62, 55].

Over the past few years, multiple research challenges have been established to advance
the field of SER. These challenges allow researchers to compare their affect recognition
systems with benchmark performances [63], typically providing a database, specific
feature sets, and baseline results. Among these are the ten editions of the Emotion
Recognition In The Wild Challenge (EmotiW) [64, 65, 66], which cover multimodal
emotion recognition from audio-visual data; and the INTERSPEECH Computational
Paralinguistic ChallengE (ComParE) editions from 2013 to 2023, which focus on tasks
of high relevance for affective and behavioral research [67, 68].

In general, there are three key steps in the process of recognizing emotion from speech:
collection of speech data (speech database), selection and extraction of features from
speech, and automatic classification of emotion from the extracted features [69, 48].
This process can be illustrated in Figure 2.13.

Figure 2.13: Steps of SER. Adapted from [70].
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2.3.1.1. Collection of speech data

To achieve a good analysis, high-quality data is essential. A reliable database is crucial
for developing SER. The importance of the database in the entire SER process should
not be overlooked; if the database is incomplete, of low quality, or contains erroneous
data, it can lead to incorrect conclusions. The success of emotion classification through
SER largely depends on the labeled data. Databases for SER are generally divided
into three categories [71, 40]:

–Acted (simulated) speech emotion databases:

In this type of database, the audio is recorded in controlled environments, typically
a soundproof studio, where a certain number of actors repeat the same phrase using
different intonations to express the targeted emotion. The meaning of the phrase is not
relevant, but rather the way it is expressed. This type of database is the most widely
used, as data collection is done in a controlled and standardized manner, offering high-
quality, noise-free data, thus allowing for easy comparison of results [72, 71, 69]. The
disadvantage is that systems trained with this type of data are not the best at detect-
ing emotions in real-life speech, where the environment is not controlled, the speakers
variability is higher, and emotions can be more subtle compared to acted speech where
emotions are clearer or even exaggerated [73, 40].

–Natural (spontaneous) speech emotion databases:

Data in this type of database consists of recordings where speakers have expressed
themselves naturally and spontaneously. In other words, real-life speech is used, with-
out a script or the expectation/forcing of an emotion. Collecting and distributing this
type of data is not easy, as it requires ethical, financial, and legal considerations [74].

These databases are typically built from recordings obtained from talk shows, call-
center recordings, podcasts, and social media [74, 40] where genuine interactions oc-
cur.

The main problem with this type of data is that the emotions need to be labeled by
third parties, which makes the process error-prone, since the annotators’ perception
of emotion is subjective and does not always match the actual emotion of the subjects
[73]. Additionally, the emotion span is usually very short, or the emotion changes
within a few seconds, which makes the process time-consuming and expensive.

Another problem faced by Natural Speech databases is that they usually do not have
the best audio quality, as the audios were recorded under different settings and uncon-
trolled environments, often containing background noise and unclear voices, adding
more sources of variation to the system. However, this type of data is useful for train-
ing systems that attempt to recognize emotions from real-life speech, where random
sources of noise are present, and it is impossible to control all variables.
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An advantage of natural speech emotion databases is their great speaker variabil-
ity, which means the speakers vary in terms of quantity, language, age, and gender.
Databases with these extensive variations in speakers and recording conditions are
also known as “in-the-wild” databases [8, 7]. These are difficult to create and are
therefore not as widely used as acted speech databases. However, they allow emotion
recognition systems to appropriately generalize emotions that occur in real-life speech
[73].

–Induced (elicited) speech emotion databases:

In this type of database, the speaker is stimulated to provoke a targeted emotion in
them. To achieve this, the subject is placed in a simulated situation. For example, in
[75], subjects had to interact through their voice with a multimodal dialogue system.
Their interactions were recorded, and it was observed how the subjects experienced
various emotional states such as anger/irritation, surprise, joy, and helplessness while
interacting with the system.

Induced emotions, although not obtained in a real-life context, are quite realistic. This
type of speech occurs spontaneously as it is not scripted. However, the data lacks the
diversity of speakers and environments found in natural-speech databases [76].

2.3.1.2. Feature selection and feature extraction

For machines to be able to recognize human emotions, quantitative data is needed.
Feature extraction from speech implies obtaining measurable parameters from a speech
signal. These parameters characterize the signal and allow the identification of specific
patterns in the voice that are associated with different emotions. Typically, in SER,
acoustic and linguistic features from speech are analyzed. While acoustic features
contain information on how the speaker conveyed the message, linguistic features
disclose information on what is said in the message.

As mentioned before, emotions affect the body’s physiology, causing tension and au-
tonomic arousal in muscles involved in phonation (voice production) and speech artic-
ulation. These physiological changes are reflected in the voice and can be measured
using purely acoustic features[77]. For example, a person experiencing happiness will
be characterized by high mean pitch and high speech rate [1].

Although the fusion of acoustic-linguistic features has been found to be effective in
SER for categorical and dimensional emotions, most achieving state-of-the-art results
still rely on manually hand-crafted acoustic features. One reason for this could be the
added complexity to SER systems when linguistic features are evaluated, as a word-by-
word transcription is required to extract semantic information, which consumes time
and resources. When transcription is not done manually, an ASR system is typically
used for this task. Additionally, the text must still be processed, making the entire
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SER process slower. Meanwhile, acoustic features can be extracted directly from the
original audio signal, eliminating the need for additional processing steps [48]. As will
be observed in Section 3, for the present work, only acoustic features will be used.
Thus, only these types of features will be described.

There is no agreed-upon standard for building an acoustic feature vector for SER.
However, it is common to categorize features according to their temporal structure,
parametric structure, and acoustic properties [69, 48, 78]. Authors organize and select
features in their feature sets according to their considerations. Below, some common
groups of features used in acoustic feature sets for SER are described.

According to their temporal structure, features can be categorized into two fixed
classes: segmental features, where parameters are extracted from short segments of
the signal (usually 25-50 ms long), and suprasegmental features, where the entire ut-
terance duration is used for calculating the features.

Based on their parametric structure, two classes are used in the SER community:

Low-level descriptors (LLDs): These are features extracted from every short-
segment and help modelling temporal and spectral information.

High-level statistical functions (HSFs): Also known as functionals, these in-
clude statistical features that derive from LLDs, like maximum, minimum, and
mean values. These capture the dynamics among frames.

Functionals include statistical parameters from LLDs and are therefore considered
suprasegmental features. As reviewed in [69], researchers prefer the use of supraseg-
mental features as input vectors for their SER systems because they have proven to
be more effective in identifying emotions than segmental features. Segmental features
are converted into suprasegmental forms through statistical processing.

The classification by acoustic properties is more complex, with no common standard.
Researchers define their groups of features and the features to be included in each group
[77, 69, 71, 79, 80]. Nevertheless, efforts have been made to set a benchmark for feature
selection and extraction for SER [77, 62]. In [62], they present a set of 6373 acoustic
features, and these are classified into five general groups: prosodic, cepstral, spectral,
sound quality, and temporal features. This set, referred to as the ComParE 2013
feature set, has been used in multiple SER studies [81, 63, 5, 66]. The set is composed
of functionals extracted from 65 LLD parameters. Depending on the parameter, either
39, 46, or 54 statistical functionals are obtained. Among the functionals obtained are:
mean values, root-quadratic mean, flatness, standard deviation, skewness, kurtosis,
temporal centroid, percentiles, quartiles, peaks and valleys, mean of peak amplitudes,
minimum, maximum, rising slopes, and falling slopes. In the following, a general
description of the features is presented according to the group they are classified into.

1. Cepstral features: These are derived from the spectrum of the speech signal
and include Mel Frequency Cepstral Coefficients (MFCC).
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MFCC 1-14: MFCCs capture the vocal tract characteristics. They repre-
sent the short-term power spectrum of a sound signal, capturing the essen-
tial characteristics of speech. MFCCs are obtained by taking the Fourier
transform of a windowed signal, mapping the powers of the spectrum onto
the mel scale, and then taking the logarithm and applying the discrete co-
sine transform. The mel scale is designed to approximate the human ear’s
response to different frequencies, making it more suitable for audio process-
ing tasks. This process results in 14 coefficients per frame that effectively
represent the timbral aspects of the audio signal.

2. Spectral Features: These are obtained by converting the time-domain signal
to the frequency domain, representing the distribution of energy across different
frequencies.

RASTA-Style Filtered Audio Spectrum, bands 1-26 (0 - 8kHz):
These features involve dividing the audio spectrum into 26 bands within
the frequency range of 0 to 8 kHz and applying RASTA filtering (Relative
Spectral Transform) to each band separately. The result is a set of values,
one for each band, representing the energy in each frequency band after
RASTA filtering. RASTA filtering aims to reduce the impact of short-
term noise variations and remove constant spectral coloration, such as that
caused by different recording environments or channels.

Spectral Energy 250 - 650 Hz, 1k - 4kHz: Spectral energy refers to
the amount of energy present in specific frequency bands of an audio signal.

Spectral Psychoacoustic Sharpness: Psychoacoustic sharpness is a
measure of the perceived sharpness or brightness of a sound. It is influ-
enced by the distribution of spectral energy, particularly the presence of
high-frequency components.

Spectral Centroid: Measures the “center of mass” of the spectrum, cal-
culated as the weighted mean of the frequencies present in the signal.

Spectral Entropy: Provides a measure of how spread out the spectral
energy is.

Spectral Flux: The difference of the spectra of two consecutive frames,
indicating voice dynamics.

Spectral Harmonicity: The amount of spectral power concentrated at
harmonic frequencies (multiples of the fundamental frequency).

Spectral Kurtosis: Measures how “peaked” or “flat” the spectral distri-
bution is.
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Spectral Roll Off Point (0.25, 0.50, 0.75, 0.90): The spectral roll-
off point is a measure that indicates the frequency below which a certain
percentage of the total spectral energy is contained (25, 50, 75, 90%). For
example, the 0.25 roll-off point is the frequency below which 25% of the
spectral energy is found.

Spectral Skewness: Measures the asymmetry of the spectral distribution
around the centroid.

Spectral Slope: Linear regression slope of the logarithmic power spectrum
within two given bands.

Spectral Variance: Measures the spread of the spectral energy around
the mean frequency.

3. Prosodic features: These features represent aspects of speech that relate to its
rhythm, melody, and intonation.

Sum of RASTA-Style Filtered Audio Spectrum: This feature in-
volves applying RASTA filtering to the audio spectrum and then summing
the filtered values. The sum provides a single value representing the overall
energy in the filtered spectrum.

Sum of Auditory Spectrum (Loudness): This represents the overall
loudness of an audio signal, which is calculated by summing the energy
across the entire auditory spectrum. Loudness is a perceptual measure
that correlates with the human experience of how “loud” a sound is, and it
is influenced by both the intensity and the frequency content of the sound.

RMS Energy: Root Mean Square Energy is a measure of the average
power or loudness of an audio signal over time. It is calculated by squaring
the amplitude values, averaging them over a specified period, and then
taking the square root of the result.

Zero-Crossing Rate: Represents the rate at which a signal changes from
positive to negative or vice versa. It is particularly useful for distinguishing
between voiced and unvoiced speech sounds.

Fundamental Frequency (F0): The fundamental frequency of the voice,
also denominated pitch. It is determined by the rate of vibration of the
vocal folds.

4. Sound Quality Features: These features assess the overall quality of the speech
signal, including aspects like clarity and noisiness.

Jitter Delta, Jitter Local: Jitter Delta measures the variation in the
fundamental frequency from one cycle to the next. Jitter local measures
the short-term variations in the fundamental frequency. It is calculated as
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the average absolute difference between consecutive periods, normalized by
the average period length.

Log HNR: Logarithm of Harmonics-to-Noise Ratio is a measure of the
harmonicity of a signal, indicating the ratio of periodic (harmonic) compo-
nents to noise. It is calculated using the logarithm of the ratio of the energy
of the harmonics to the energy of the noise.

Shimmer Local: This measures the short-term variations in the amplitude
of the signal between pitch periods. It is calculated as the average absolute
difference between the amplitudes of consecutive periods, normalized by the
average amplitude.

Probability of Voicing: This indicates the likelihood that a given segment
of the audio signal contains voiced speech. It is calculated using features
such as the fundamental frequency and energy levels.

5. Temporal Features: These features capture the timing aspects of speech, such as
the rate of speech and pauses.

Ratio of non-zero F0 values: Gives an estimate of how much of the
signal is voiced.

Mean length of voiced segments: The average duration of segments in
the audio signal that are classified as voiced.

Max length of voiced segments: The longest duration of a continuous
voiced segment in the audio signal. It provides insights into the longest
uninterrupted speech segments.

Min length of voiced segments: This is the shortest duration of a
continuous voiced segment in the audio signal.

Standard deviation of the voiced segments length: This measures the
variability in the lengths of voiced segments. A higher standard deviation
indicates more variability in the duration of voiced segments.

In Table 2.3.1.2, the number of features is broken down by group. The LLDs and their
first-order delta coefficients (differential) were smoothed by a moving average filter.

The ComParE feature set encompass parameters that are frequently analyzed in SER
works. However, it is important to recall that each author organizes and selects the
features according to their own considerations, this could mean choosing only one
group of features, merging groups, removing or adding features to the groups, or even
using other categories [77, 69, 71, 79, 80, 26]. As mentioned in [82], “the golden set
of acoustic features has yet to be found, or simply does not exist.” Some authors use
several hundred features per utterance, while others use only a few, making it difficult
to compare results among SER works.
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Hand-crafted acoustic features can be manually measured from audio signals, never-
theless, the use of automatic feature extraction tools is widely supported by research
in SER. Tools like the open-source Speech and Music Interpretation by Large-space
Extraction (OpenSMILE) toolkit [83], PRAAT Software [84], and the Python package
Librosa [85] are commonly used for extracting acoustic features for SER. Automatic
feature extraction ensures the consistency of the parameters extracted, allowing re-
producibility. Besides, they can extract a wide range of features that are crucial for
emotion recognition and help in handling large datasets [77].

In recent years, DL has enabled the automatic learning of hierarchical feature repre-
sentations directly from raw or minimally processed input data. These learned rep-
resentations, often referred to as deep representations, are optimized end-to-end to
improve task performance, contrasting with traditional hand-crafted features.

DNNs, especially convolutional and recurrent architectures, can learn multi-layered
representations of the input data. Each layer transforms its input into a more abstract
representation. These deep representations enhance the model’s ability to capture
intricate patterns in the data [86, 18, 87, 88]. However, these representations can be
difficult to interpret and understand. Unlike hand-crafted features, which are designed
based on domain knowledge, deep representations are often seen as “black boxes”
[89].

This study focuses on the analysis of hand-crafted features. Although deep representa-
tions have demonstrated significant advancements in various fields, the research aims
to explore the effectiveness and nuances of traditional acoustic features.
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Table 2.3: Groups of Features of the ComParE 2013 feature set. ∆ represents the
first-order derivatives. Adapted from [63].

Groups
of fea-
tures

Features Functionals Subtotal Total
of fea-
tures

Cepstral
features

MFCC 1 – 14 54 14*54 =756
1400

∆MFCC 1 - 14 46 14*46 =644

Prosodic
features

Sum of RASTA-Style Filtered Auditory Spectrum 54 1*54 =54

478

∆Sum of RASTA-Style Filtered Auditory Spectrum 46 1*46 =46
Sum of Auditory Spectrum (Loudness) 54 1*54 =54
∆Sum of Auditory Spectrum (Loudness) 46 1*46 =46

RMS Energy 54 1*54 =54
∆RMS Energy 46 1*46 =46

Zero-Crossing Rate 54 1*54 =54
∆Zero-Crossing Rate 46 1*46 =46

F0 (Fundamental Frequency) 39 1*39 =39
∆F0 (Fundamental Frequency) 39 1*39 =39

Sound
Quality
features

Jitter Delta, Jitter Local 39 2*39 =78

390

∆Jitter Delta, ∆Jitter Local 39 2*39 =78
Log HNR (Harmonic-to-Noise Ratio) 39 1*39 =39
∆Log HNR (Harmonic-to-Noise Ratio) 39 1*39 =39

Shimmer (Local) 39 1*39 =39
∆Shimmer (Local) 39 1*39 =39

Probability of Voicing 39 1*39 =39
∆Probability of Voicing 39 1*39 =39

Spectral
features

RASTA-Style Auditory Spectrum, Bands 1-26 (0-8 kHz) 54 26*54 =1404

4100

∆RASTA-Style Auditory Spectrum, Bands 1-26 (0-8 kHz) 46 26*46 =1196
Spectral Energy (250-650 Hz), (1k-4kHz) 54 2*54 =108
∆Spectral Energy (250-650 Hz), (1k-4kHz) 46 2*46 =92

Spectral Psychoacoustic Sharpness 54 1*54 =54
∆Spectral Psychoacoustic Sharpness 46 1*46 =46

Spectral Centroid 54 1*54 =54
∆Spectral Centroid 46 1*46 =46
Spectral Entropy 54 1*54 =54
∆Spectral Entropy 46 1*46 =46

Spectral Flux 54 1*54 =54
∆Spectral Flux 46 1*46 =46

Spectral Harmonicity 54 1*54 =54
∆Spectral Harmonicity 46 1*46 =46

Spectral Kurtosis 54 1*54 =54
∆Spectral Kurtosis 46 1*46 =46

Spectral Roll Off Point (0.25), (0.5), (0.75), (0.90) 54 4*54 =216
∆Spectral Roll Off Point (0.25), (0.5), (0.75), (0.90) 46 4*46 =184

Spectral Skewness 54 1*54 =54
∆Spectral Skewness 46 1*46 =46

Spectral Slope 54 1*54 =54
∆Spectral Slope 46 1*46 =46
Spectral Variance 54 1*54 =54
∆Spectral Variance 46 1*46 =46

Tempo-
ral
features

Ratio of non-zero F0 values 1 1*1 =1

5
Mean length of the voiced segments 1 1*1 =1
Max length of the voice segments 1 1*1 =1
Min length of the voiced segments 1 1*1 =1

Standard deviation of the voiced segment length 1 1*1 =1
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2.3.1.3. Emotion classification from speech

Multiple approaches have been developed for automatic ER from speech at the indi-
vidual level. Traditionally, conventional ML methods have been employed, but DL
approaches are becoming increasingly popular. According to the review made by At-
maja et al. [48], four of the most common SER classifiers are the SVM, MLP, CNN,
and LSTM NN. In Section 2.7, some of the most relevant studies on SER using those
classifiers are described.
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2.4. Group-level emotion recognition

Recognizing emotions at the group level presents significantly more complexity than
individual emotion recognition. The concept of a group can vary widely, ranging
from small gatherings to large crowds, raising the fundamental question: does a group
emotion truly exist?

Multiple studies in psychology dive deep into how the emotions of the individuals
can affect the emotions of the people around them, creating a concept of a collective
emotion [90, 91, 92, 93]. For example, in a football game, the euphoria and feelings
of the spectators are affected collectively depending on the performance of the teams
they are supporting.

In the definition of group emotion, a generally accepted view is that group emotion can
be analyzed from a bottom-up approach, and top-down approach [94]. The bottom-up
approach suggests that the group emotion originates from the individuals and their
emotions, while the top-down approach highlights that the group emotion is exhibited
at a group level and is felt by the individual members. In effect, group emotion
encompasses both the emotions felt by the individual members and group-level factors
that shape the emotional state of the group.

In computational affective analysis, researchers have adopted the bottom-up and top-
down approaches to develop methods for automatic GER [19, 18].

Bottom-up approach (individual context): These methods focus on ana-
lyzing the individual emotional expressions of the group members and aggregate
them to infer the overall group emotion.

Top-down approach (group context): These methods treat the group as a
homogeneous entity, using contextual and environmental cues to determine the
group’s emotional state, independent of individual expressions.

The goal of GER is to classify group emotions as precisely as possible from data. With
the introduction of challenges as the “Emotion Recognition In The Wild Challenge
(EmotiW)”, the area of automatic group-emotion recognition has gained attention
among researchers and has been boosted with the advancement of ML algorithms [18].
Examples of these are introduced in Section 2.7 “State-of-the-art”. This placement
is intentional to provide a comprehensive overview of the latest advancements and
methodologies in the field.

Despite growing research interest, there is a lack of databases specifically designed for
group emotion recognition, especially when compared to individual-level SER datasets.
Typically, “in-the-wild” data is used for building group emotion databases, which has
the main advantage of representing real-life group interactions. However, this type
of data requires annotators, who give the emotion labels based on their perceived
emotion, which introduces a degree of subjectivity.Group emotion annotations, with
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few exceptions, are typically categorized along coarse valence-based labels: Positive,
Neutral, and Negative [19].

The majority of group emotion datasets are based on images or videos, but other types
of databases also exist that employ other data modalities. Image-based datasets often
consist of photos collected from online sources such as Flickr3 or Google Images. Exam-
ples of them are the GAFF 2.0 [95], GAFF 3.0 [96], HAPPEI [97] and GroupEmoW [13]
databases. Video-based datasets include recordings in both controlled environments
and real-world scenarios. The Video Group Affect database (VGAF), for instance,
consists of videos collected from YouTube of small groups and large crowds interac-
tions [50]. With the popularity of social media, text-based group emotion datasets
have also emerged, in which posts are labeled based on the emotions they convey.
Audi-only group emotion databases are rare. According to a review made in 2023 by
Veltmeijer et al. [19], only two audio-only GER databases were found; these were built
using audio clips from cheering (Joy), rioting (Anger), and background noise (Neu-
tral). An even rarer type of database is databases using physiological data, like the
database presented in [98], where photoplethysmography and electrodermal activity
are reported for each individual. These types of databases are even more challeng-
ing to create, but they have the advantage that the annotation of emotion labels is
self-reported.

The review of GER methods made by Veltmeijer et al. [19] highlights three main
challenges faced by GER systems. 1) The accurate emotion detection is complex and
can be biased by subjective labeling. 2) The varying number of individuals and diverse
scenes require robust and generalized features, and 3) integrating diverse features
in multimodal models and achieving end-to-end learning is difficult. Furthermore,
they mention the importance of using different metrics, rather than accuracy, for
evaluating GER systems. Since accuracy can be highly influenced by imbalanced
datasets, they encourage the use of metrics such as UAR and F1-score that offer a
more comprehensive evaluation of the GER models.

According to Lee and Kim [6], GER can be used in real-life applications such as the
monitoring of crowds, surveillance, and participation analysis of students in online
classes. They suggest that future research on GER should address several key areas:
Firstly, methods need to be developed that are flexible in analyzing varying group
sizes, such as networks that automatically detect and adjust to group size. Secondly,
the presence of different emotional subgroups within a group should be investigated,
focusing on detecting and analyzing subgroups with emotions that deviate from the av-
erage. Thirdly, incorporating temporal analysis to track changing emotions can help
predict emotional patterns and train security personnel in simulations. Lastly, en-
hancing robustness to non-emotional data variations and exploring hybrid approaches
combining multiple data modalities, like images and audio, is crucial. They final-

3Flickr is an online photo management and sharing application, known for its large collection of
Creative Commons-licensed images. https://www.flickr.com/
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ize by mentioning that creating unbiased datasets is vital for developing real-world,
applicable frameworks.
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2.5. Speech separation

Humans naturally excel at tracing, segregating, and recognizing the speech of interest
in such environments, a phenomenon known as selective hearing [99]. This ability
allows them to focus on a specific speech source while ignoring noise and interfering
speakers. However, achieving similar capabilities in machines remains a significant
challenge. Speech separation is the process of isolating individual speech signals from
a mixture of multiple speakers, commonly referred to as the “cocktail-party problem”.
This problem arises in real-world communications where multiple speakers talk simul-
taneously, accompanied by other sounds, background noises and reverberation, as well.
The cocktail-party problem was first introduced by Cherry [100] and has since been a
focal point of research in the speech processing domain [99, 101, 102, 103].

Speech separation is categorized based on the number of channels or microphones used
for recording the audio signal. Single-channel speech separation is more challenging
compared to multi-channel. Multi-channel approaches can exploit spatial informa-
tion from multiple microphones to distinguish between different sound sources based
on their locations. This spatial information helps in separating the sources more ef-
fectively [104]. Single-channel speech separation relies solely on spectral aspects of
speech, such as pitch continuity, harmonicity, common onsets, etc. [104]. Figure 2.14
illustrates the task of a single-channel speech separation process.

Figure 2.14: Visualization of speech separation on a mixture of two speech sources.

There are two dominant methods for approaching the cocktail party problem: blind
source separation (BSS) and target speaker extraction (TSE). The term “blind” means
there is no available information about the mixing function of the signals or source
signals. The purpose of BSS is to separate all sources in a mixture in one step, while
TSE aims to extract the speech signal of a target speaker only, removing the rest of
the interferences [105].

DNNs are at the forefront of speech separation and can be broadly categorized into
time-frequency domain approaches and time-domain approaches. Time-frequency ap-
proaches convert the mixture waveform into the time-frequency domain using the
short-time Fourier transform (STFT), separate time-frequency features for each source,
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and reconstruct the source waveforms by applying the inverse STFT. Time-domain ap-
proaches perform end-to-end separation by directly modeling the mixture waveform
with an encoder-decoder framework [106]. End-to-end models are particularly ben-
eficial for tasks where the main focus is not speech separation, but can significantly
benefit from it, like in speech emotion recognition.

Separating speech is essential for applications such as speech recognition, speaker
identification, and audio processing. Since overlapping speech frequently happens
when speakers are in intense emotional states, such as during a heated argument or
an enthusiastic conversation, where the usual practice of taking turns is disrupted,
speech separation is also needed in GER [103]. Implementing speech separation as
a preprocessing step for speech-based GER is beneficial for isolating the speech of
the individual speakers, and in this way, features from the individual speakers can be
extracted for the GER.
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2.6. Speaker diarization

Speaker diarization is the process of identifying “who spoke when” in multi-speaker
audio data. The term “diarize” means to record events in a diary. Similarly, speaker
diarization involves recording or logging speaker-specific information within an audio
signal. This process can determine not only the number of speakers in an audio signal,
but also measures the duration of each speaker’s speech, the start and end times of a
speaker’s speech segment, and determines the order in which they speak. Figure 2.15
visualizes an example of speaker diarization, where three speakers have been identified
in a raw audio signal.

Figure 2.15: Example of speaker diarization in a speech signal with three speakers
a. Original audio signal. b. Output of the speaker diarization process
(speech segments are identified for each speaker)

Typically, speaker diarization systems are constructed using a combination of various
submodules or building blocks, where each one is responsible for executing different
tasks. These tasks include, but are not limited to, denoising the signal, speech enhance-
ment, voice activity detection (VAD), segmentation of the audio signal, separation of
overlapped segments, clustering of the segments and identification of the speakers.
Classical systems involve separate modules that are trained individually. However, in
modern approaches, end-to-end solutions are proposed using advanced DL algorithms,
where all individual submodules are replaced by one DNN. End-to-end approaches en-
able global optimization and reduce cascading errors, resulting in robustness against
noise and overlapping speech [35].
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2.7. State of the art

This section reviews the current advancements and methodologies in the field of speech
emotion recognition, with a particular focus on group emotion recognition, the influ-
ence of acoustic features, and speech separation techniques. The review is divided into
three subsections, each addressing a critical aspect of the research landscape.

2.7.1. Speech emotion recognition

Most research in SER has been conducted at the individual level. Therefore, it is
appropriate to introduce studies that have made use of common classifiers for SER,
such as SVMs and NNs [107, 48].

The most widely used classifier for SER tasks is the SVM. It has been employed for
categorical emotion recognition, as well as for dimensional ER [77, 107, 48]. Gao et al.
[108] uses a linear kernel SVM. They compute pitch, intensity, MFCCs, linear spectral
pairs, and zero-crossing rate as acoustic features over segments of 20-100 ms. After
smoothing and normalization, functionals are extracted and fed to the SVMmodel, and
concluded that the SVM model and the features extracted were enough in effectively
characterizing and recognizing seven individual emotions (Happy, Boredom, Disgust,
Fear, Angry, Neutral, and Sad). Dahake et al. [26] compared several kernel functions
to classify emotion utterances. They conclude that the RBF kernel achieves the best
overall recognition rate, while the polynomial kernel offers the worst result. M S
et al. [109] use a combination of MFCCs, pitch, and energy-based features to classify
emotions with a linear kernel SVM, achieving an overall accuracy of 95.83% on their
self-created Malayalam emotional database (four classes: Anger, Happy, Neutral, Sad)
and total 75% accuracy on the Emo-DB database[110] (classes: Anger, Happy, Neutral
Sad). Chen et al. [111] compared an SVM against an MLP. They extract energy and
spectral LLDs from the utterances, compute the first and second derivatives of the
LLDs, and extract functionals, obtaining 288 features. These features are later reduced
via dimensionality reduction methods such as principal component analysis (PCA) and
linear discriminant analysis (LDA). They achieve better general performance when
using LDA with SVM.

NNs are powerful for combining acoustic and linguistic information for SER [48]. In
[4], different NN architectures were tested for classifying emotions. The maximum
performance was achieved with an MLP with the following architecture: 33 input
neurons (equaling the number of input features), a sigmoid transfer function in the
hidden layer, and seven output neurons (one for each emotion: Anger, Disgust, Fear,
Joy, Neutral, Sadness, and Surprise), using statistical functionals from the pitch, en-
ergy, spectral, and temporal contours. In the study by Getahun and Kebede [112],
telephonic conversations recorded in a call center are analyzed for detecting the emo-
tion of each speaker. Their attempt to separate the mixture of speech signals consisted
of using a software tool for detecting speaker turns in the dialogues and isolating the
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segments of speech for each speaker. However, they do not mention separating over-
lapped speech. They further segmented the speech signal into chunks 1 to 15 seconds
long, and each chunk got an emotion label among Anger, Fear, Positive, and Sad.
They extracted a total of 170 acoustic features at a chunk level, consisting of prosodic,
spectral, and voice quality features. From these, they selected 33 to be fed into an
MLP for the SER task. They obtained an average accuracy of 73.4% in classifying the
four emotions.

The study by Yenigalla et al. [113] experimented with phonemes (distinct units of
sound in a language, such as vowels and consonants) and spectrograms as input pa-
rameters to a CNN model for categorical Emotion Recognition (six classes). The com-
bination of both features achieved higher performance than processing each alone.

LSTM networks have dominated the DL classifiers used in ASR and SER [48]. LSTMs
are able to map LLDs with emotion labels, as the data is sequenced. The work of Tian
et al. [114] uses a combined approach with LSTM and SVM, where both models are
trained separately on LLDs and disfluencies, and non-verbal vocalizations. They used
a dimensional emotion model consisting of four dimensions: Arousal, Expectancy,
Power, and Valence. They tested both models on the IEMOCAP and AVEC2012
databases, with acted speech and spontaneous speech, respectively. The SVM with
the LLD achieved the highest weighted-averaged F1-score on the IEMOCAP database
(57.5%), while the LSTM achieved the best results on the AVEC2012 database using
the disfluences and non-verbal vocalizations as features (weighted-averaged F1-score
of 62.0%).

2.7.2. Approaches to group emotion recognition

As reviewed in Section 2.4, in GER analysis, researchers often follow a top-down or
a bottom-up approach. There is another approach referred to as hybrid approach
that combine bottom-up and top-down approaches [19, 18]. This subsection explores
the different and recent approaches in GER, highlighting the techniques and models
developed to understand and recognize the emotional states of groups.

2.7.2.1. Bottom-up

Bottom-up approaches recognize group emotion from features extracted at the indi-
vidual level. Multiple studies have focused on this type of approach, primarily using
visual features. For instance, Lu and Zhang [115] employed CNNs to recognize the
emotions from the individuals’ faces, which were then fused to create a group emotion
prediction.

In [17], they analysed the emotion of a group of four people while playing a board
game. They attached microphones to each of them and recorded their facial expres-
sions, and used them for extracting visual features. From the speech signals, they
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extracted prosodic information as acoustic features. Since every speaker had their
microphone, no speech separation was applied. They derived the group emotion from
the individual emotions with a Bayesian network, which is a probabilistic graphical
model that represents a set of random variables and their conditional dependencies.
They classified three emotions: Normal, Smile, and Surprise. With their method, they
achieved an overall average recognition rate of 60.3%.

2.7.2.2. Top-down

Top-down approaches utilize features extracted at a group context for recognizing the
group emotion. These type of approaches have been explored for both visual and audio
data. In [50], which also introduced the VGAF database, group-context acoustic and
visual features are analysed from the videos to predict the group emotion as Positive,
Negative, or Neutral. The raw audio signals were utilized to extract the ComParE
2013 acoustic features, which were processed with an FCNN. For the video features,
a pre-trained model on images was used to obtain deep representations that were fed
into an LSTM network for video inference. The outputs of the FCNN and LSTM
networks were concatenated, and the prediction of group emotion was done over the
fused features by using softmax and sigmoid activation for classification. The acoustic
features alone achieved an overall accuracy of 48% across the three classes on the test
data. The results achieved by the fusion of acoustic and video features reduced the
accuracy by 0.5%, while the use of visual features alone resulted in a lower accuracy
of 42%.

Another top-down approach was done by Petrova et al. [8] where video data is used.
The videos were sampled into 10 thousand frames, from these frames (images) the vi-
sual features were extracted and used for training different CNN models for recognizing
Positive, Negative, and Neutral group emotions. Their approach was self-denominated
as “Privacy-safe” since the features are not extracted at the individual level. They
experimented with different CNN architectures and achieved the highest scores using
a VGG-19 model [116], enhanced with several fully-connected layers, dropout layers,
and ReLU activation functions. An accuracy of 59.13% was achieved across the three
classes on the test subset of the VGAF database.

Another top-down approach was introduced by Wang et al. [117], who developed
a model called the K-injection audiovisual network. This model employs a multi-
head cross-attention mechanism to jointly model audio and video data, integrating
the description of the video context as a linguistic feature to improve generalization.
From the audio signals, they analyzed Mel-spectrograms, MFCCs, pitch, and energy.
An overall accuracy of 66.40% was achieved on the test subset of the VGAF database,
classifying emotions into three categories: Positive, Negative, and Neutral.

Ottl et al. [14] conducted another top-down approach using speech data. They used
various CNN architectures, referred to as Deep Spectrum nets, to extract deep rep-
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resentations from Mel-spectrograms of the audio signals from the VGAF database.
These representations were fed into a classifier for group emotion consisting of an NN
optimized with stochastic gradient descent. They also extracted the ComParE 2013
feature set from the signals and fed it to the same classifier for comparison. Ad-
ditionally, another NN was trained with the fusion of the deep representations and
ComParE features. They reported a UAR of 53.43% and an accuracy of 52.48% over
the three emotion classes (Positive, Neutral and Negative) using only the ComParE
2013 features. And, with the fusion of features, they achieved a UAR of 60.91% and
an accuracy of 59.40%.

2.7.2.3. Hybrid

Hybrid approaches combine features extracted at both individual and group contexts
for GER. These result from the combination of top-down and bottom-up approaches.
In [118], the emotions of students in a classroom are analysed. A multimodal ap-
proach was employed, using an LSTM trained on acoustic features, an SVM trained
on linguistic parameters, and a CNN model trained on visual information. A decision-
level fusion algorithm was applied on the three different modal schemes to integrate
the classification results and deduce the overall group emotions of the students. The
acoustic and linguistic features were obtained from mixtures of speech signals. The
fusion of all modalities achieved an overall accuracy of 76.2% on the seven emotions
classified (Happy, Anger, Disgust, Fear, Surprise, Neutral, Sad). While the speech
modality alone achieved an averaged accuracy of 77.6%.

A hybrid approach was explored by Sun et al. [15], who tested several CNN models
trained with different types of features, mainly global and local representations from
image and video data from the VGAF database. Global representations refer to fea-
tures extracted by processing the whole file, while local representations are features
extracted from only a portion/section of the file. In addition, they trained an LSTM
model using only audio features for comparison. As audio features, they used the IN-
TERSPEECH 2010 Challenge feature set [119] that contains 1582 features. The audio
model alone achieved an average accuracy of 56% on their validation dataset over the
three classes (Positive, Negative, Neutral). By fusing the outputs of all models using
grid search, they achieved an accuracy of 71.93% on the same validation dataset.

Another hybrid approach was conducted by Wang et al. [11]. Using a group emotion
image database, they analyzed three types of features for group emotion recognition:
facial expressions, body postures, and global image features. They employed multiple
CNNs trained on the images, and the scores of all models were averaged to estimate
the group emotion in the image as either Positive, Negative, or Neutral, achieving an
overall accuracy of 67.48% on the test set. Similarly, Quach et al. [9] and Favaretto
et al. [120] studied group emotion recognition from video data, focusing on crowds.
These studies did not use audio signals as a source of features. Instead, both ap-
proaches utilized temporal information between video frames, as well as global and

57



local representations from still images, corresponding to the entire video frame and
the individual faces, respectively.

Wang et al. [121] proposed a context-consistent cross-graph NN (ConGNN) for “in-
the-wild” group emotion recognition from images. Extracting facial information, local
features, and global scene features (whole image) to form multi-cue emotion feature
sets. They tested their ConGNN model on the GroupEmoW dataset, achieving accu-
racies of 72.09% for the Negative class, 80.69% for the Neutral, and 88.37% for the
Positive class. They suggest that Neutral samples are difficult to distinguish from
Negative samples.

In summary, the state of the art in GER highlights the techniques that have been
applied for the recognition of group emotion. Hybrid approaches are the most com-
monly explored, using facial expressions as individual-context features and the whole
image to extract the group-context features. In most cases where audio data was
used, the audio signal was processed as a raw audio file without employing any speech
detection or speech separation methods. Multi-modal data approaches have demon-
strated significant potential and, in many instances, achieved the highest accuracies.
Nonetheless, the use of acoustic features alone has also proven satisfactory. SVMs are
the most commonly used non-DL method for SER at the individual level and have
been tested against MLPs and LSTM NN, outperforming them in certain cases. DNNs
are the preferred choice among researchers in GER, with satisfactory results, particu-
larly in the image modality. However, the scores reported for “in-the-wild” video data
typically do not exceed 70%.

2.7.3. Analysis of the influence of acoustic features for emotion
recognition

Some studies have explored the contribution of hand-crafted acoustic features to the
recognition of emotion from speech at the individual level. However, similar studies
for group-level SER have not been found to date.

The work of [78] aimed to identify the most relevant acoustic features for the classi-
fication of each emotion in SER (Anger, Happiness, Sadness, Boredom, Anxiety, and
Neutral) at the individual level. They conducted an incremental analysis of different
acoustic feature groups (pitch, energy, duration, articulation, voice quality, and zero-
crossing rate) by concatenating them to determine which group of features contributed
the most to emotion recognition. Their results indicate that, on average, pitch fea-
tures, when supported by voice quality features, achieved a 74.1% average recognition
rate on the six classes. Pitch features alone reached a 62.1% average recognition rate,
categorizing them as the most relevant feature group. A Bayesian classifier was used
for the emotion recognition.

Schuller et al. [4] employed Linear Discriminant Analysis to rank various suprasegmen-
tal acoustic features based on their quantitative contribution to emotion recognition.
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The study highlights that spectral features are significantly dependent on phonemes
and, consequently, on the phonetic content of an utterance. This dependency con-
tradicts the objective of achieving independence from the spoken content in acoustic
analysis. Ideally, acoustic analysis should focus on features that remain consistent
regardless of the specific words or phonemes being spoken, enabling a more general-
ized understanding of speech patterns. To address this issue, the researchers limited
their study to spectral characteristics between 250 Hz and 650 Hz. Their ranking re-
vealed that combining all pitch features resulted in 69.81% averaged accuracy on the
seven emotions (Anger, Disgust, Fear, Joy, Neutral, Sadness, and Surprise), whereas
utilizing all energy-related features achieved 36.58% averaged accuracy.

From both studies, it can be inferred that from all acoustic features, pitch information
plays the most important role in SER. However, it is important to note that both
studies made use of acted speech databases with recording of individual speakers,
which means no real-life conditions and low speaker variability.

2.7.4. Speech separation in emotion recognition

This section describes two approaches that investigated the effect of speech separation
on SER. Although both approaches focused on SER at the individual level, their
methods of separating emotional speech are relevant to this study.

In [102], the authors extracted the speech of a target speaker from a mixture of speech
sources and used the separated signal for SER training. They mixed audio files from
individual speakers of different emotion categories from one dataset with random ut-
terances from a different speech dataset (with no emotion label) considered as noise.
The number of speakers in the mixture was two, and the speaker whose speech was
labeled with emotion was targeted. They employed a pre-trained TSE model for the
speech separation, and for SER they used a ShiftCNN model [122]. Two SER emotion
classifiers were trained with clean and noisy speech separately. The effect of the TSE
method on SER was analyzed using weighted (WA) and unweighted accuracy (UA)
as metrics. They compared the performance of the SER classifiers with and without
the TSE as a preprocessing step for an input signal, and found that both metrics were
worse when the TSE model was used for denoising the signals. As a solution, they pro-
posed a new SER model using ShiftNN but trained with denoised signals. This model
outperformed by almost 10% the UA scores obtained by the models that were trained
on noisy signals on the four classes recognized (Happy-Excitement, Angry, Sad, and
Neutral). They also found that the performance of the TSE models was higher when
the speakers in the noisy signal were of different genders, highlighting the gap among
TSE-SER-based systems dealing with same- and different-gender mixtures.

The study by [123] addresses the degradation of accuracy in SER using single-channel
overlapped speeches compared to the use of clean speech. First, an end-to-end DL
speech separation model was trained with mixtures of speeches that were randomly
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selected from a speech database. The different mixtures of speech from individual
speakers labeled as Happy, Neutral, or Angry were created. These mixtures contained
only two speakers and combinations of emotions such as Happy-Neutral, Happy-Angry,
and Neutral-Angry. The mixtures were fed to the pre-trained model to be separated.
Then, the separated audio outputs of the model were fed to a self-supervised pre-
trained model (Wav2vec-2.0 [124]) to perform emotion recognition and speech recog-
nition. This pre-trained model uses a supervised method to train a large amount
of data to learn the representation of speech. The accuracy rate of the SER model
on non-separated audio files was very low (33%). It is not clear if only one or both
emotions were recognized (recalling that each mixture was a combination of two emo-
tions). Nevertheless, the reported accuracy rate was 52% on the emotion recognition
after the separation process. The study concluded that speech separation experiments
can be more integrated with speech emotion recognition and encouraged the creation
of end-to-end speech separation-emotion recognition models.

Both studies highlighted how overlapped speech degrades the accuracy of SER systems
and demonstrated that using speech separation to extract emotional speech can help
overcome this limitation. This technique can also be advantageous for group-level SER
and is therefore explored in the current study.

Interestingly (or surprisingly), another two studies were found that analyzed the op-
posite: the effect of emotional speech on speech separation algorithms, instead of an-
alyzing the influence of speech separation on emotion recognition. Since most speech
separation models are trained on neutral speech, they hypothesized that the perfor-
mance of the models would be affected when dealing with strong emotional speech.

In [103], using custom datasets with mixtures of emotional speech, they tested a
state-of-the-art speech separation model. They concluded that emotions do result in
performance degradation when the mixture contains strong emotional expressions. In
[105], it was observed that BSS algorithms are relatively robust to emotional speech,
while TSE, which requires identifying and extracting the speech of a target speaker,
is much more sensitive to emotions.

The findings of these two studies suggest that the performance of speech separation
pre-trained models for separating emotional speech may not be as optimal as for
neutral speech. However, the impact is less pronounced in BSS algorithms compared
to TSE algorithms.
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3 Methods

This work focuses on analyzing the influence of different groups of acoustic features of
the individual speakers on the recognition of the group emotion.

The approach begins with the preparation of data, which includes extracting the audio
signal from the video files of the database and identifying the number of speakers
in each audio signal, and keeping the audio files containing speech mixtures of two
speakers to build a new database for GER on groups of two speakers. Next, speech
separation is performed to isolate each of the individual speakers within the speech
mixtures. Then, acoustic features are extracted from the separated speech (individual
features) and the speech mixtures (mixture features), and are combined strategically
to develop different feature sets for training an SVM and an FCNN model for GER.
Each model is first trained using only mixture features as input, and their performance
is assessed on two subsets, one speaker-dependent and another speaker-independent,
and the results obtained on each subset are used as baselines. Then, six experiments
are performed, in each an SVM and an FCNN are trained on different sets composed
of individual and mixture features. Figure 3.1 illustrates the steps followed for the
recognition of the group emotion in each experiment and baseline. The performance
of the models trained on individual and mixture features is hypothesized to overcome
the baseline. Finally, a significance test is performed to validate the results of the
experiments. In the following sections, every step followed in the methodology is
described in detail.

All calculations, the training of the models, and all experiments are conducted under
the following hardware/software setup:

Processor (CPU): Intel Core i7-14700F 2.10 GHz

Memory (RAM): 32.0 GB 5600 MHz

Graphics Card (GPU): NVIDIA GeForce RTX 4070 SUPER 12 GB

Operating System: Windows 11 Home 24H2

Python Version: 3.11.0

Compiler: MSC v.1916 64 bit (AMD64)

CPU cores: 28
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Figure 3.1: Proposed approach for GER. The audio signal containing a mixture of
two speeches is processed by a pre-trained model for speech separation
to obtain the speech of each speaker. Then, the individual features are
extracted from the separated speech signals and the mixture features from
the mixture signal. The features extracted are concatenated and used to
develop seven different feature sets. In each experiment, an SVM and an
FCNN are trained for GER using the corresponding feature set.
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3.1. Data preparation

The Video Group Affect database (VGAF) database [50] used in the EmotiW 2020
edition [66] has been selected for the present work due to its widespread use in studies
related to GER [117, 8, 14, 7]. The database consists of videos with a Creative Com-
mons license collected from YouTube. The videos reflect groups of people interacting
in real life scenarios (”in-the-wild” conditions), and these were found by searching for
keywords such as “interview”, “festival”, “party”, “silent protest”, “violence”, “ar-
gument”, “birthday”, “wedding”, “meeting”, and “fighting”. Figure 3.2 shows three
frames from videos of the VGAF database. Each video is cropped into 5-second seg-
ments, and each of the segments is manually labeled by annotators according to the
group emotion classified as Positive, Neutral, or Negative, corresponding to the valence
axis. The number of video clips (segments) produced by one video varies depending
on the duration of the original video. For instance, the longest video produced 128
clips, while some videos produced only one clip.

Figure 3.2: Three frames from video clips of the VGAF database [50]. The video
clips are given a group emotion label by annotators in the valence emotion
dimension. From left to right: Positive, Neutral, and Negative.

Each of the videoclips in the database is named with an identifier of the source video,
followed by an identifier for the cropped segment. For example, for a file named
“34 5.mp4” the first digits (“34”) correspond to the video it is cropped from, and the
last digit (“5”) identifies the segment number. In this case, “34 5” indicates that the
file is the fifth segment obtained from “video number 34”.

A total of 3427 labeled video clips are provided by the authors of the database after
following the procedure for requesting access. The video files were originally divided
into the Training subset (2661 video clips) and the Validation subset (766 video clips).
The video files of the Test subset were released only for participants of the 2020
EmotiW challenge.

The database is designed for audio-visual group emotion recognition. However, since
the focus of this work is on SER, the visual information is not required. Hence, the
next logical step is to extract the audio signals from all video clips. The audio signal
from the videos is extracted as WAV file using FFmpeg, a widely used free software
tool for multimedia file manipulation [125].

After exploring the database, it is noticed that many audio files do not contain any
speech. This is not surprising, due to the videos being collected from “in-the-wild”
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conditions. For example, some videos were recorded during a boxing match, so the
audio signal contains only the crowd’s euphoric cheers and whistles. Other videos were
recorded during music festivals, hence the audio signal consists solely of background
music. Other videos simply depict people remaining silent, making the audio signal
not suitable for an SER task. Thus, it is necessary to filter the videos to ensure the
analysis of speech signals.

Recalling the purpose of this project, the focus is on analyzing the speech features
of individual speakers to determine group emotion. Therefore, it is essential to have
a database with audio files that contain the speech of more than one speaker. For
detecting the number of speakers on each audio file, an end-to-end speaker diarization
pre-trained model is used. Reviewing manually the 3000 audio files one by one to
assign a label for the number of speakers would have been a tedious task and would
require annotators to do the job. Therefore, it is more efficient to use an existing
pre-trained speaker diarization model for this purpose.

As reviewed in section 2.6, end-to-end speaker diarization models take as input the
raw audio file and generate as output information about the speakers contained in
the audio signal. To find a suitable speaker diarization pre-trained model, first, the
Awesome Speaker Diarization repository [126] is reviewed. It contains a curated list
of relevant speaker diarization studies, libraries, datasets, and other resources from 26
contributors. Although it is not a direct list of pre-trained models, it condenses the
information of most open-source frameworks for speaker diarization.

From all frameworks reviewed, only two end-to-end pre-trained models for speaker
diarization could be successfully implemented, mainly due to the limitations of the
software environment used in this work. The two models are described below.

pyannote.audio: This tool can handle multiple speakers and consists of a pipeline
of pre-trained models for feature extraction, VAD, overlapped speech detection,
speaker change detection, speaker embedding, and clustering [127]. It is based
on the PyTorch1 framework. Version 3.1 is the latest one at the moment of
redaction and is hosted on Hugging Face 2. It has been employed in multiple
studies involving speaker diarization [105, 128].

simple diarizer: Consists of a pipeline that contains pre-trained models for voice
activity detection, speaker embedding extraction, clustering, and, optionally,
speech-to-text translation. It handles multiple speakers [129].

Another search for pre-trained models for speaker diarization is done on Hugging Face.
Nevertheless, only one pre-trained is found that could run successfully on the computer
system:

1PyTorch is a framework for building and deploying AI models https://pytorch.org/
2Hugging Face is a popular platform for sharing and easily downloading machine learning mod-
elshttps://huggingface.co/
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RevAI: This model was built upon the pyannote.audio version 3.0 framework and it
was fine-tuned on private transcriptions. [130].

The three pre-trained models have to be tested to find the most suitable for identifying
the number of speakers in each audio file of the database. Before feeding the audio
files to the pretrained models, it is required to resample them from 44 kHz to 8 kHz.
Resampling is performed using Python’s library Librosa [85].

For testing the models, a sample of 295 audio files is manually labeled with the number
of speakers to serve as ground truth. The distribution of labels (number of speakers)
in the sample is shown in Table 3.1. Then, each audio file from the sample is fed into
the pre-trained models to predict the number of speakers. These predictions are then
compared against the ground truth.

Table 3.1: Distribution of the 295 total audio files by number of speakers

Number of speakers Total of audiofiles

0 10

1 25

2 213

3 40

4 5

5 2

To evaluate the performance of the models, a confusion matrix (CM) is generated for
each of them, comparing the predicted labels vs the ground truth. These CMs can be
observed in Figure 3.3.

Figure 3.3: Confusion matrices for evaluating the predictions of the speaker diarization
models on a sample of 295 audio files. From left to right: pyannote.audio,
RevAI, and simple diarizer confusion matrices of their predictions vs
actual labels.

By analysing the CMs in Figure 3.3, it is evident that from the three pre-trained
models, pyannote.audio, from now on pyannote, classified more audio files correctly.
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Therefore, this tool is chosen for identifying the number of speakers for the whole
database. The rest of the audio files that are not part of the sample are fed into the
pre-trained model and are given a label for the number of speakers.

Once the number of speakers is found for each audio file, only those files containing
the speech of two speakers are retained. Thus, the GER is delimited to groups of two
people. Although larger groups of speakers can be studied, it is decided to stick to a
uniform number of speakers in the mixture. Two speakers are considered reasonable
due to the duration of the audio files (5 seconds). Capturing meaningful interactions
of more than two speakers would require longer audio signals.

Initially, a total of 1208 files are classified as two speakers, which are used to build the
new database with speech mixtures of two speakers. Before discarding the remaining
files that are not classified as two speakers by pyannote, another approach is taken,
aiming to retain as many audio files as possible from the original database. This
is done considering that the pre-trained model can misclassify some of the samples.
Thus, the goal is to find false negatives (audio files that have two speakers but were
initially classified with a different number of speakers) to increase the number of videos
in the new database with two speakers.

The approach consists of processing the rest of the audio files with two pre-trained
models for speech enhancement, to further process the “enhanced” audio files by
pyannote again to identify the number of speakers. It is hypothesized that the “en-
hanced” audio files improve the speaker diarization process. After implementing the
approach, a total of 128 new files were identified as containing two speakers. Each of
these files is manually reviewed (by carefully listening to the non-enhanced audio files)
to verify if the new label for the number of speakers is correct. From the 128 audio
files, only 61 were correctly classified as two speakers.

Finally, the new database consists of 1482 audio files with speech mixtures of two
speakers. The distribution of labels in the new database is 575 Negative, 420 Neutral,
and 487 Positive, and is visualized in Figure 3.4.

The speech-enhancement models could indeed enhance the speech for some of the audio
files. Nonetheless, during the manual revision of the files, it was noticed that important
segments of speech were lost in some audio files after the enhancement. Losing speech
is not desirable. Hence, the audio files in the new database are processed without
enhancing or denoising methods applied.

The next step is to reorganize the data into training, validation, and test subsets,
ensuring that the distribution of labels is maintained across all subsets. Two separate
test subsets are built: a speaker-independent subset and a speaker-dependent subset.
The term independent implies that the speakers in the test subset are not the same as
in the audio files of the training and validation subsets. Having these two test subsets
allows evaluating the model’s performance on known and unknown speakers.
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Figure 3.4: Distribution of labels in the new database: 39% Negative, 28% Neutral
and 33% Positive

In the process of building the subsets, the audio files are grouped by their video
identifier (video ID), which is contained in the file name. This makes it easy to
identify how many files are segments cropped from the same video. A plot is generated
to visualize the number of segments and labels for each video ID. In Figure 3.5, the
top 30 videos with the highest number of segments are plotted.

It is assumed that all segments cropped from the same video have the same speakers.
Thus, to build the speaker-independent test subset, nine video IDs are manually se-
lected and removed from the rest of the database. The nine video IDs (“328”, “64”,
“168”, “81”, “178”, “43”, “209”, “296” and “319”) are strategically chosen to build a
subset with the same distribution of labels as the whole database: 39% Negative, 28%
Neutral and 33% Positive. As observed in Figure 3.6, the speaker-independent test
subset has a total of 100 segments (audio files).

The next step is to build the training, validation, and speaker-dependent test subsets
using the remaining data. For each video ID, the approach involves assigning 70% of
the segments to the training subset, 15% to the validation subset, and the remaining
15% to the speaker-dependent test subset. For example, if 20 segments share the same
video ID, 14 of them are assigned to the training subset, 3 segments to the validation
subset, and the remaining 3 segments to the speaker-dependent test subset. In cases
where only three segments share the same video ID, one segment is assigned to each
subset. When only two or one segments share the same video ID, these segments are
directly assigned to the training subset.

Thus, after following the approach, the new data subsets are built with the following
distributions of data: 921 audio files in the training subset, 247 in the validation
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Figure 3.5: Distribution of labels and count of segments for each video ID (showing
only the plot for the 30 videos with the largest number of segments). The
video ID “324” has the highest number of segments (82), 21 of them are
labeled as Negative, 46 as Neutral, and 15 as Positive.

subset, 214 in the speaker-dependent test subset, and 100 in the speaker-independent
test subset. The total of data for each subset can be visualized in Figure 3.7.

The relative distribution of group emotion labels for each subset is close to the distri-
bution for the whole database (39% Negative, 28% Neutral, and 33% Positive), with
minor differences. The distribution of labels across classes for each subset is visualized
in Figure 3.8.
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Figure 3.6: Distribution of labels for the speaker-independent test subset. A total of
100 audio segments are selected, corresponding to nine different video IDs
for building the subset. A total of 39 labels are Negative, 28 are Neutral,
and 33 are Positive.

Figure 3.7: Total of data in each subset as number and as relative percentage of the
whole database.
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Figure 3.8: Distribution of group emotion labels for each subset.

70



3.1.0.1. Speech separation

Once the audio files are assigned to the different subsets, the next step is to separate
the speech sources from the mixture. Each audio file is expected to have a mixture
of two speech sources; thus, two separated speech signals containing the speech of the
individual speakers are expected as output from the speech separation process.

For separating the speech mixtures, an end-to-end speech separation system is used.
The MossFormer2 [131] is selected for the speech separation task. Not only due to
being easy to implement, but also due to its state-of-the-art performance for mono-
channel speech separation. The Mossformer2 is a pre-trained model for speech sep-
aration based on a hybrid transformer and a recurrent module. It is ranked among
the top five speech separation models on benchmark datasets such as the WSJO-2mix
[132], Libri2Mix [133], WHAM! [134] and WHAMR! [135].

The audio files sampled at 8 kHz are used as input for the model. As output, the model
generates two WAV files, containing the separated speech of the individual speakers.
These two files are named similarly to the audio file with the mixture signal, but with
the suffix “ s1” and “ s2” to identify them as the separated speech of the “speaker 1”
and “speaker 2”, respectively. For instance, for the file “34 5.wav” containing the non-
separated speech, two files are generated: “34 5 s1.wav”, which contains the separated
speech of the first speaker, and “34 5 s2.wav”, which contains the separated speech
of the second speaker. In summary, for each label in the database, there are now
three WAV files: one containing the speech mixture and two containing the separated
speeches.

It is noticed that the separated signals are rescaled by the speech separation model,
while rescaling does not affect the frequency content of the signal, it can affect features
that depend on the amplitude of the spectral components and the energy of the signal.
This is taken into consideration for building the feature sets.

3.2. Extraction of features

OpenSMILE is an open-source, modular, and flexible feature extractor designed for
signal processing and machine learning applications, targeting researchers and system
developers [83]. This tool allows users to select different feature sets to be extracted as
both LLDs and/or functionals. The tool has configurations for extracting frequently
used acoustic feature sets for SER, including all the baseline feature sets of the IN-
TERSPEECH ComParE challenges.

As mentioned in Section 2.3, the ComParE 2013 feature set is one of the most com-
prehensive sets available, comprising 6373 features. It has been used as the standard
acoustic feature set in the ComParE challenge series and served as the baseline for the
EmotiW 2020 challenge, where the Video Group Affect database (VGAF) database,
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used in this study, was introduced. Given its extensive coverage and proven effective-
ness, this feature set was selected for the present study, with OpenSMILE chosen as
the feature-extraction tool.

To ensure clarity in the following descriptions, the terms “audio file” or “audio seg-
ment” will be exclusively used to refer to the original audio files containing the mixture
signals. The term “WAV files” might be used to refer to both the files containing the
mixture signals and the files containing the separated speech.

All WAV files —mixture signals and separated speech— are processed by the tool, these
files have a sampling frequency of 8 kHz. A total of 6373 parameters are calculated
for each WAV file. The features extracted from the WAV files containing the mixture
signals are referred to as mixture features, and the features extracted from the WAV
files containing the separated speech are referred to as individual features. Thus, a total
of 6373 mixture features and 12746 individual features are computed for each audio
segment in the database. These two types of features are combined to produce different
feature sets that are used for training models on recognizing group emotion. The
development of these feature sets and the implementation of the models are described
further in Section 3.3.

3.3. Preparation of feature sets

As reviewed earlier, the group emotion depends on factors at the group and individual
levels. Therefore, the feature sets used for training the models need to contain mix-
ture features and individual features. In this work, different combinations of mixture
and individual features as inputs for training models to perform GER are explored.
This has the main objective to identify and analyze the contribution of features from
individual speakers to the recognition of the group emotion.

To achieve that, a feature-level fusion method is employed: concatenation. According
to the literature review by Huang et al. [18], this method is commonly employed for
fusion of features from different data modalities, and features extracted at different
levels (group and individual level).

The individual features are first grouped into categories according to their acoustic
properties (cepstral, spectral, prosodic, sound quality, or temporal). Meanwhile, the
mixture features remain ungrouped. As a baseline, two models are trained on mixture
features exclusively. Then, in each experiment, the mixture features are concatenated
with a different category of individual features and used for training the models. This
approach allows for a clear observation of the effect of different groups of features from
individual speakers on the recognition of group emotion. Following this, the feature
sets are outlined below in alignment with the objectives of each experiment.
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Baseline feature set:

The baseline aims to reflect the ability of the models to recognize group emotion
from mixture features only. Thus, the baseline feature set consists exclusively
of mixture-based parameters. All mixture features are used, resulting in 6373
features for each sample.

Experiment 1: All individual features

This experiment aims to reflect the ability of the models to recognize group
emotion from mixture features supported by all features extracted from the
individual speakers. This feature set consists of all of the mixture features (6373)
concatenated with all of the individual features (12746 features, 6373 from each
speaker), totaling 19119 features per sample.

Experiment 2: Cepstral-individual features

This experiment aims to reflect the ability of the models to recognize group
emotion from mixture features supported by cepstral features extracted from
the individual speakers. This feature set consists of all of the mixture features
(6373) concatenated with cepstral-individual features (2800 features, 1400 from
each speaker), totaling 9173 features per sample.

Experiment 3: Prosodic-individual features

This experiment aims to reflect the ability of the models to recognize group
emotion from mixture features supported by prosodic features extracted from
the individual speakers. This feature set consists of all of the mixture features
(6373) concatenated with prosodic-individual features (956 features, 478 from
each speaker), totaling 7329 features per sample.

Experiment 4: Sound quality-individual features

This experiment aims to reflect the ability of the models to recognize group emo-
tion from mixture features supported by sound quality features extracted from
the individual speakers. This feature set consists of all of the mixture features
(6373) concatenated with sound quality-individual features (780 features, 390
from each speaker), totaling 7153 features per sample.

Experiment 5: Spectral-individual features

This experiment aims to reflect the ability of the models to recognize group
emotion from mixture features supported by spectral features extracted from
the individual speakers. This feature set consists of all of the mixture features
(6373) concatenated with spectral-individual features (8200 features, 4100 from
each speaker), totaling 14573 features per sample.
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Experiment 6: Temporal-individual features

This experiment aims to reflect the ability of the models to recognize group
emotion from mixture features supported by temporal features extracted from
the individual speakers. This feature set consists of all of the mixture features
(6373) concatenated with temporal-individual features (10 features, 5 from each
speaker), totaling 6383 features per sample.

The four data subsets (training, validation, speaker-dependent, and speaker-independent
test subsets) are adapted according to each experiment, ensuring that the samples have
the corresponding feature sets. Each feature in the training subset is normalized with
a z-score before being fed to the models. The mean and standard deviation of the
features from the training subset are also used to normalize the features in the vali-
dation and both test subsets. This normalization step is conducted at this stage, as
it aligns with methodologies employed in multiple studies [5, 14, 59, 136]. Table 3.2
summarizes the feature sets used for the baseline and each experiment.

Table 3.2: Feature sets for each experiment: The baseline feature set consists solely
of mixture features (features derived from the mixture signal). In each
experiment, the feature sets comprise a specific group of individual features
(features of the individual speakers) concatenated with all mixture features,
resulting in feature sets of different lengths.

Considering that the separated speech signals are rescaled (having a different ampli-
tude than the mixture signal) and that amplitude-dependent features are affected by
this, concatenating the features ensures that any potential variations present in the
individual features are uniformly propagated across all feature sets. This approach,
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together with normalizing the features before being fed to the models, minimizes the
impact of the rescaling and maintains consistency in the model’s input data.

3.4. Group emotion recognition

In this study, the two models selected for GER are SVMs and FCNNs. In each
experiment, the “same models” are trained using different normalized feature sets
as input. Although the term “same models” is used, it refers to the same type of
model rather than identical models, since each is trained on different training datasets.
Therefore, while the models share the same conceptual framework, their training data
will differ, resulting in variations in their learned parameters.

As reviewed earlier, SVMs are the most widely used ML model for SER [77, 107, 48].
SVMs are effective for high-dimensional data and provide robust performance with
limited datasets. They are particularly suitable for multi-class classification tasks,
making them ideal for this application.

Additionally, FCNNs are chosen due to their ability to capture complex patterns and
relationships within the data. They are highly scalable and versatile, allowing for
effective emotion recognition from audio signals. The use of DNNs is well-supported
by state-of-the-art methods in SER and GER; furthermore, their performance has
already been reported for GER on the VGAF database [50, 117, 48].

In the next sections, Section 3.4.1 and Section 3.4.2, the implementation of the models
is described.

3.4.1. Support vector machines

The SVM models implemented use the SVC class from sklearn3 library. The following
default hyperparameters are used for the SVM models:

Kernel: Radial Basis Function (RBF)

C: 1.0 (Regularization parameter)

Gamma: “scale” (Kernel coefficient)

The SVMs can easily be adapted for different lengths of feature sets using the same
hyperparameters. Therefore, the same values defined above are used in the models of
all experiments and the baseline, independently of the length or shape of the feature
sets.

3sklearn, also referred to as scikit-learn, is an open source machine learning Python library that
provides tools for model development and evaluation https://scikit-learn.org/stable/
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A total of seven SVMs are trained, one for each experiment, including the baseline.
Each SVM is fitted to the training data and is then used for predicting (recogniz-
ing) emotions on both the speaker-dependent and speaker-independent test subsets,
producing a total of 14 sets of predicted labels.

3.4.2. Fully connected neural networks

The FCNNs implemented use the PyTorch framework (torch version 2.5.1), and are
trained using CUDA4 version 12.4 for GPU acceleration.

The architecture of the FCNNs is reimplemented from an FCNN used in [50] for GER.
Only the number of units at the input layer N is adapted to fit the length of the
different feature sets that are used as inputs in each experiment.

1. Input layer: N number of input units.

2. First hidden layer: 128 neurons with ReLU activation function.

3. Second hidden layer: 256 neurons with ReLU activation function.

4. Third hidden layer: 512 neurons with ReLU activation function.

5. Fourth hidden layer: 1024 neurons with ReLU activation function.

6. Fifth hidden layer: 2048 neurons with ReLU activation function.

7. Output layer: 3 neurons corresponding to each of the labels of the dataset
(Negative, Positive, Neutral) with a ReLu activation function.

Similar to the reference FCNN model, Cross-Entropy loss is selected as the loss func-
tion. Unlike SVMs, which can easily be adapted for different input lengths, the archi-
tecture and hyperparameters of NNs need to be customized to the training data, such
as the number of units in the input layer and the learning rate. The number of inputs
must be established in the architecture before training the model. Therefore, for each
experiment, the value N is the length of the feature set used in that experiment.

Using the same learning rate for training different models is not recommended, since
different feature sets may require different learning rates to achieve optimal perfor-
mance. Therefore, for training the models, a learning rate scheduler, ReduceLROnPlateau,
is used for adjusting the learning rate when the validation loss is not reduced after a
certain number of epochs. Typically, a patience parameter is given, which will tell the
algorithm to “wait” for a certain number of epochs of no improvement before reducing
the learning rate.

4CUDA (Compute Unified Device Architecture) is a parallel computing platform and application
programming interface (API) model developed by Nvidia that allows software to use certain types
of graphics processing units (GPUs) https://developer.nvidia.com/
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Additionally, an early stopping class is used to interrupt the training loop when there
is no significant improvement in the validation loss between epochs. This prevents
the model from overfitting5. Additionally, a separate function keeps track of the
parameters of the best model between epochs (i.e., the parameters of the model with
the lowest validation loss), and when the training is interrupted, the model is updated
with these parameters.

To ensure the reproducibility of the models, the parameters are initialized before the
training. The biases are initialized to zero. The weights are initialized using a Xavier
uniform initialization method, with a torch generator. The torch generator is set to
a fixed seed value to maintain consistency across runs. The seed = 0 was used for
the models in the Baseline and Experiment 1; the rest of the experiments have a seed
= 3. For the training, mini-batch gradient descent is chosen as the optimizer. Thus,
the model’s parameters are updated more frequently, improving both computational
efficiency and the convergence rate of the training process. The batch size is set to 32,
with shuffle activated for the training data. Again, a random number generator with
a manual seed with value 0 is used to ensure reproducibility of the shuffling process.
Using a batch size of 32 means that the model processes 32 samples to calculate
the gradient and adjust the weights before moving on to the next set of 32 samples.
Although this is considered a small batch size, it has the advantages of updating the
weights more frequently between epochs and producing noisy gradients, which can
help in escaping local minima.

To summarize, the following list presents functions, methods, and hyperparameters
that are used to train the FCNN models across all experiments and the baseline. All
of these hyperparameters remained consistent for training the FCNN in all experi-
ments.

1. Batch size: 32.

2. Loss function: Cross-Entropy Loss.

3. Optimizer: Mini-batch gradient descent.

4. Learning rate: Initial learning rate set to 0.01.

5. Learning rate scheduler: ReduceLROnPlateau with a reducing factor of 0.1,
patience 2, using “validation loss” as metric, and decreasing mode (“min”).

6. Weights initializer: Xavier uniform.

7. Early stopping: Custom early stopping function with patience set to 30 and
delta set to 0.001.

8. Epochs: If the early stopping function does not interrupt the training, a maxi-
mum of 1000 epochs is set up.

5Overfitting occurs when a model learns the training data too well, including its noise and outliers,
resulting in poor generalization to new, unseen data.
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During the training, it was noticed that the early stopping function interrupted the
training in all experiments. In general, the interruptions occurred between epochs 30
and 40. Since patience is set to 30, this means that 10 or fewer epochs were needed for
training the models. The learning rate scheduler adjusted the learning rates between
epochs. However, in every experiment, the model that achieved the best performance
(lowest validation loss) was reported to use a learning rate of 0.01.

A total of seven FCNNs are trained, one for each experiment, including the baseline.
Each model is trained on the training data and uses the validation data for optimizing
the parameters during training. The trained models are used for predicting (recogniz-
ing) emotions on both the speaker-dependent and speaker-independent test subsets.
This produced a total of 14 sets of predicted labels. In summary, seven SVMs and
seven FCNNs are trained, each of them tested on both test subsets, producing a total
of 28 predicted labels. Using the predictions of the models and the true labels, the
performance of the models can be assessed.

3.5. Evaluation of the models

Given the imbalance in the database, it is crucial to use metrics that can effectively
evaluate the performance of the model under these conditions. Therefore, the chosen
metrics to be used for assessing the model’s performance are CM, UAR, and macro
F1-score. These metrics were introduced in Section 2.1 as common evaluation metrics
for multi-class classification models. These are particularly suited for imbalanced
datasets as they provide a clearer understanding of the model’s ability to correctly
classify minority class instances. Additionally, the F1-scores of the Positive, Negative,
and Neutral classes are calculated for each model, to provide a better view of the
performance of the models classwise. For each of the 28 predicted sets of labels, the
three metrics are calculated and visualized in the results (Section 4).

3.6. Significance test

For each model, the UAR and F1-scores reported in each experiment are compared
against the baseline with a significant test, specifically a one-tailed z-test. This test
is employed to determine if one process (p2) is better than another process (p1) at a
given significance level.

The test is made on the assumption that two experiments, consisting of N independent
trials, were conducted. In the first experiment, p1 × N trials resulted in success. In
the second experiment, p2×N trials resulted in success. The objective is to determine
if p2 is significantly better than p1 in a statistical sense, based on N samples.

For the hypothesis test, these two hypotheses need to be formulated.
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Null Hypothesis (H0): The scores from both processes are identical.

Alternative Hypothesis (H1): The score from process p2 is better than the score
from process p1.

In this work, p1 represents the score between 0 and 1 obtained by the baseline, while
p2 represents the score between 0 and 1 obtained by the experiment to be compared
against the baseline. The value of N is determined by the sample size of the test
subset to be evaluated.

To calculate if p2 is indeed better than p1 at a certain significance level, the following
procedure needs to be followed:

1. Calculate the difference between the scores:

diff = |p1 − p2| (3.1)

2. Calculate the standard deviation of the difference:

σdiff =

√
p1 · (1− p1) + p2 · (1− p2)

N
(3.2)

3. Compute the z-score:

z =
diff

σdiff
(3.3)

4. Compare the Z-score to critical values for different significance levels:

Table 3.3 shows common significance levels and their corresponding critical val-
ues, which are derived from the standard normal distribution.

Table 3.3: Significance Levels and Critical Values

Significance Level (α) Critical Value (zα)

0.05 1.644853627
0.01 2.326347874
0.005 2.575829304
0.002 2.878161739
0.001 3.090232306

If z > zα, the difference is significant at that level.

For each experiment, the UAR and macro F1-scores obtained for each model are
subjected to a significance test against their respective baselines. This has the purpose
of determining whether the scores achieved in the experiments are significantly superior
to the baseline scores at different significance levels.
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4 Results and discussion

Multiple experiments were conducted using SVMs and FCNNs for GER from speech.
For the SVMs, one baseline was calculated on the speaker-independent test subset,
and a second one on the speaker-dependent test subset. For brevity, from now on the
speaker-dependent and speaker-independet test subsets, are referred to as spk-dep and
spk-ind, respectively. Similarly, for the FCNN, two baselines were calculated, one for
each test subset. Thus, a total of four baselines were obtained. The models used for the
baselines were trained exclusively on mixture features (features extracted from speech
mixtures). Whereas, the models in the experiments were trained on combinations of
both mixture features and individual features (features derived from the individual
speakers).

The performance of each model is compared against its corresponding baseline. As
evaluation metrics, the macro-averaged F1-scores, UAR scores, and CMs are used.
Additionally, the F1-scores for each class are used for the analysis. The macro F1-
score is the average of the F1-scores for each class, defined as the harmonic mean of
precision and recall. Precision measures how many samples classified as a class i are
indeed samples of class i, and recall is a measure of how many of the actual samples
of class i are correctly classified. The values for macro F1-score range between 0
and 100%, with an F1-score = 100% indicating perfect precision and recall across all
classes. UAR is the average recall for each class; the value ranges between 0 and
100%, with a UAR = 100% indicating perfect recall across all classes. The CM is a
table that shows the actual versus predicted classifications, where a good CM has high
values along the diagonal (true positives) and low values off-diagonal (false positives
and false negatives).

Table 4.1 shows the UAR and macro F1-scores obtained on both the spk-dep and
spk-ind test subsets, respectively. Figure 4.1 presents the macro F1-scores obtained in
each experiment for both models on the two test subsets.

As observed in Table 4.1 and Figure 4.1, counterintuitively, in most of the experiments,
including the baseline, the scores obtained on the spk-ind test subset (unknown speak-
ers) were higher than those obtained on the spk-dep test subset (known speakers). This
could be attributed to several factors. Starting from the distribution of labels on both
subsets, the proportion of Negative samples in the spk-dep subset (41.1%) is 2.1%
higher compared to the proportion of Negative samples existing in the spk-ind subset
(39%), as presented earlier in Section 3 on Figure 3.8. Although the difference in
proportion is not that big, this could still produce an impact, inflating the UAR and
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Table 4.1: UAR and macro F1-scores obtained for each model on both the speaker-
dependent and speaker-independent test subsets. UAR values range from 0
to 100%. UAR = 100% indicates perfect recall on the three classes. Macro
F1-scores range from 0 to 100%, with 100% indicating perfect precision and
recall across all three classes. Higher scores indicate a good performance
of the model in recognizing the three classes, lower scores indicate poorer
performance of the model. The values in parentheses indicate the difference
from the baseline results. The results highlighted in bold correspond to the
SVM and FCNN models, which achieved the highest scores in the speaker-
dependent test subset. An asterisk (*) denotes that the score is statistically
significant p < 0.05.

macro F1-scores when the classes are not equally distributed across both subsets. Ad-
ditionally, the number of samples in the spk-ind subset is half the number of samples
in the spk-dep subset. The spk-ind subset, which has fewer samples, is more prone to
variance; therefore, a significance test is needed to validate if the differences achieved
in scores are statistically significant at different significance levels.
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Figure 4.1: Macro F1-scores obtained for both models on both test subsets. Macro F1-
scores range from 0 to 100%, with 100% indicating perfect precision and
recall across all three classes. Higher scores indicate a good performance
of the model in recognizing the three classes, lower scores indicate poorer
performance of the model.

The following paragraphs provide a detailed discussion of the results, with each ex-
periment addressed individually.

In Experiment 1 (model trained on all mixture features and all groups of individual fea-
tures), the SVM model reached its peak performance on both test subsets, surpassing
the macro F1-score of their respective baselines by 4.91% for the spk-dep subset, and
4.33% for the spk-ind subset, as observed in Table 4.1 and Figure 4.1. Contrastingly,
for the same experiment but with the FCNN model, the outcomes were unsatisfactory.
The model’s performance declined on the spk-dep, as indicated by the macro-F1-score
= 47.60%, which is 2.98% lower than the baseline, and the scores obtained on the
spk-ind showed little to no improvement (both < 0.5%).

The models in Experiment 2 were trained on a fusion of mixture features and cepstral-
individual features. Cepstral features consist of functionals applied to the MFCCs
of the audio signals. The MFCCs alone have been used in SER and proven efficient
[137, 138, 118]. Therefore, this experiment was expected to achieve some of the highest
scores. However, this was only the case for the FCNN model, where it achieved
the highest scores (UAR = 56.53% and macro F1-score = 56.57%) on the spk-dep
test subset, as indicated in Table 4.1. On the same table, it is observed that the
performance of the FCNN on the spk-ind test subset did not benefit much from the
cepstral-individual features, improving the baseline macro F1-score by only 2.95%.
Concerning the SVM model for the same Experiment 2, the results obtained surpassed
the macro F1-scores of the baseline on both test subsets, by 3.66% on the spk-dep,
and with less impact on the spk-ind subset by only 1.13%.
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In Experiment 3, prosodic features from the individual speakers were used in com-
bination with mixture features for training the model. As introduced in Section 2.7
(State of the art), two studies on SER at the individual level concluded that pitch fea-
tures demonstrated the highest contribution to SER. Given that pitch is grouped as a
prosodic feature, it led to the expectation of getting higher scores for this experiment.
However, only the FCNN model on the spk-ind test subset obtained substantially
higher scores than the baseline, with a UAR score of 58.03% against the baseline UAR
of 50.42%, as observed in Table 4.1. On the spk-dep subset, the improvement in UAR
and macro F1-score was barely above 1% for the same model. On the other hand, the
SVM did worse than the baseline on the spk-dep test subset, and achieved less than
1% improvement of the scores on the spk-ind test subset.

The results are contrasting for Experiment 4, where the models were trained using
sound quality-individual features concatenated with mixture features. As observed in
Table 4.1, the SVM model achieved a UAR only 1.5% higher than the baseline for the
spk-dep subset, while on the spk-ind subset, the scores were worse than the baseline.
Meanwhile, the FCNN model surpassed the UAR and macro F1-score of the baseline
on the spk-ind test subset by 9 and 8%, respectively. Interestingly, the same model
reported lower scores than the baseline on the subset with known speakers (spk-dep),
which might suggest that sound-quality features, which contain information about the
clarity and noisiness of the speech signal, are more beneficial for recognizing the group
emotion on unknown speakers.

In Experiment 5, spectral-individual features are used in combination with mixture
features for training the models. According to the results observed in Table 4.1, the
SVM model demonstrated enhancements over the baseline scores on both test subsets;
on the spk-dep subset, the UAR score was 3.30% above the baseline; and on the spk-
ind subset, the UAR score was 2.90% above the baseline. The performance of the
FCNN model differed for each test subset. On the spk-dep subset, the improvement
was negligible, with a UAR score just 0.38% higher than the baseline. However, on
the spk-ind subset, the model showed significant enhancement as visualized in Figure
4.1, achieving a UAR of 64.84% and a macro F1-score of 65.56%, which represented
increases of 11.52% and 12.08% over the baseline, respectively. These scores were
the highest observed in all conducted experiments and were identified as statistically
significant at a 0.05 significance level, as indicated by the results of the hypothesis
test (the scores are signalized with an asterisk in Table 4.1). The improvements in
the scores obtained by the two models on both test subsets indicate the potential of
spectral-individual features in improving GER.

Finally, in Experiment 6, mixture features were concatenated with temporal-individual
features for model training. In this experiment, the performance of the SVM was worse
than the baseline on both test subsets. On the other hand, for the FCNN model,
improvements were achieved but only on the spk-ind subset, where the UAR score
reported is 5.53% above the baseline. This suggests that temporal information from
the individual speakers is only beneficial for GER on unknown speakers.
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In summary, despite training both models on the same features in each experiment,
their results differ substantially between the two test subsets. Table 4.2 shows the top
three groups of individual features that yielded the highest scores for each model on
each test subset and their baseline. For the SVM, on both test subsets, the highest
scores were obtained when the SVM was trained with mixture features concatenated
with the following individual features: all features together, spectral-individual fea-
tures, and cepstral-individual features. For the FCNN, spectral, sound quality and
temporal individual features improved the performance of the model on the spk-ind
test subset; while cepstral, prosodic and spectral individual features did it on the
spk-dep test subset.

Table 4.2: Top 3 individual features that yielded the highest scores for the models
when concatenated with mixture features for training the models, the top
three is presented by model and by test subset. The macro F1-scores (%)
are also displayed together with the difference they achieved against the
baseline in parentheses.

To continue, a general view at the F1-scores achieved for each class across every
experiment is visualized in Table 4.3. Additionally, in Table 4.4 the CMs of the
experiments with the top-three results for each model on each test subset are visualized,
i.e., those that appear in Table 4.2.

From the F1-scores observed in Table 4.3 is evident that, for the spk-dep subset, the
Negative samples were better recognized with a maximum F1-score of 66.78% for that
class achieved in Experiment 5 by the SVM model. Meanwhile, on the spk-ind subset,
the Positive class achieved the highest F1-scores in most cases, with a maximum F1-
score of 77.42% for that class, which was achieved by the NN model in Experiment 5.
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Table 4.3: F1-scores for each class and macro averaged in each experiment on both
test subsets for each model. F1-scores range from 0 to 100%, with 100%
indicating perfect precission and recall for that class. Higher values indicate
a good performance of the model in recognizing that class, while lower values
indicate poorer performance. In bold letters are highlighted the highest
scores for each class.

The Neutral class had the lowest F1-scores on both test subsets in most experiments.
The CMs in Table 4.4 corroborate the findings, the Neutral class has less correct
classified samples than the other classes for all experiments, the Negative class has
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higher correctly classified samples by the models tested on the spk-dep subset, while
the Positive class has the highest number of correctly classified samples by most of
the models tested on the spk-ind test subset. According to [8], the Neutral class is the
hardest to classify among the three; they also employed the VGAF database for GER
and achieved the lowest scores for the Neutral class.

The recognition of classes made by the SVM models, as observed in the CMs contained
in Table 4.4, is consistent between the baseline and the predictions of each model,
which might indicate that the support vectors are mainly obtained from mixture fea-
tures. This could explain why the scores did not get much higher after concatenating
the different groups of individual features with the mixture features for training the
model. On the other hand, the recognition rates for each class for the FCNN models
vary substantially with each group of individual features on each test subset. Few im-
provements were achieved by the FCNN model on the spk-dep subset as observed in
Figure 4.1, where only the FCNN trained with cepstral individual features, surpassed
the macro F1-score of the baseline by more than 5%. Meanwhile, the biggest impact
was observed on the spk-ind subset. From the F1-scores reported in Table 4.3 and the
CMs for the FCNN observed in Table 4.4, it is noticeable that the individual features
yield improvements in the recognition of Positive and Negative samples, but not for
the Neutral samples, except for the Experiment 4 where the Neutral class achieved
F1-score = 60%, which is 10% than the baseline for the Neutral class using the FCNN
model.

Given the fact that there was no access to the test subset of the VGAF database and
that only groups of two speakers were targeted in this work, it is not possible to make
a direct comparison with the results obtained here. As summarized by Augusma et al.
[7], the accuracies reported by studies where the VGAF was employed for multi-modal
GER (using audio and video data) are in the range between 60 and 77%. Some of
the models trained in this work achieved UAR and macro F1-scores higher than 60%
by using acoustic features only, which suggests that the audio data plays a big role in
GER.

Although the performance of the models could have been improved by fine-tuning
methods, this was not done since the focus of this work is to investigate the effect of
individual feature groups on the models under identical settings, rather than enhanc-
ing the models by tuning the hyperparameters. In general, the variations observed
in the results across all experiments, as well as the low scores obtained in some of
the experiments, could be attributed to several factors. One reason might the feature-
fusion method. Concatenating features allows for richer feature sets and increases data
diversity; however, if the signals are highly correlated, for example, when a speaker
dominates most of the conversation, concatenation might introduce redundancy, neg-
atively impacting model performance. Another source of variation could arise from
the pre-trained models used for detecting the number of speakers and separating the
speech signals. Despite being trained on extensive data, pre-trained models might
still produce errors, particularly with real-life data. This was evident when testing
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pyannote with manually labeled speaker samples, observed in Figure 3.3 in Section
3, where not all samples were correctly classified. Nevertheless, the performance re-
mained acceptable and better than the other two tools tested. If an error occurs in
detecting the number of speakers, it may propagate to the speech separation process,
as the model used here was trained to separate mixtures of two speeches. Addition-
ally, as discussed in Section 2.7, studies have indicated that emotional-speech mixtures
affect speech separation systems, reducing their performance. Although the impact
on BSS systems was described as “relatively small” [105], it could still degrade the
performance of speech separation systems, specially with real-life speech data.

Finally, it cannot be overlooked that the audio samples were derived from an “in-the-
wild” database, where sample variability is high due to real-life audio data recorded un-
der different conditions (different languages, recording devices, speakers, background
noises, etc.). These data introduce numerous variation factors, making it more chal-
lenging for the models to generalize. Since only the results obtained by the FCNN
on the spk-ind test subset were identified as statistically significant at a significance
level of 0.05. This indicates that, despite higher accuracy values obtained in some ex-
periments, the differences in the scores could still be attributed to random variations
rather than genuine enhancements in model performance. Therefore, a bigger sample
size for testing is needed to validate the improvements.
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Table 4.4: Confusion matrices of the predictions of the baseline models and the pre-
dictions of the models with the three highest scores for each test subset.
Each confusion matrix is identified with the category of individual features
employed for training the model.
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5 Future work

Several key areas for future work and improvement in GER systems have been iden-
tified. One critical need is the development of group emotion databases based on
speech data. Current methodologies, including this study, often rely on speech signals
extracted from videos, which are labeled according to the perceived emotions of anno-
tators. This labeling process may be biased by visual information. Therefore, creating
group emotion databases with speech data, labeled solely based on audio content,
could enhance the accuracy and effectiveness of GER systems.

There is a general need for more group emotion databases to serve as benchmarks and
facilitate the comparison of GER systems. Additional benchmark databases would
enable researchers to test their models on diverse data, which is essential for drawing
robust conclusions about model performance. Moreover, there is a need for better-
labeled group emotion databases that provide detailed information about individuals
in the group, such as the number of speakers in audio mixtures, individual emotions,
language, and gender. This detailed information could be used to enhance the perfor-
mance and adaptability of GER systems for different numbers of group members.

Future research on GER should prioritize groups with more than two speakers. A
larger number of group members translates to more overlapping voices that require
separation and processing, and concatenating features can lead to long feature sets
that increase the complexity of the systems. Consequently, alternative feature-fusion
methods and feature reduction techniques should be explored.

While the use of spectral-individual features in training the FCNN model yielded a
statistically significant enhancement in GER, other feature categories deserve further
exploration. Future studies could investigate training GER models with the same
category of individual and mixture features, or by integrating different categories of
acoustic features to assess if their combined effect yields a higher impact on GER.
Additionally, future research could focus on determining which parameter functionals
within the spectral features are the most impactful for GER. Future research could
reimplement similar settings to those used in this work, utilizing alternative feature
sets commonly used in SER and exploring feature categories beyond the ComParE
2013 feature set.

Finally, although SVMs have been widely used and effective in individual-level SER,
they are less explored in GER, where DNNs are more common. This study demon-
strated that SVMs can also yield improvements and consistent performance across
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test subsets. Therefore, future research on group-level SER should employ SVMs, ex-
perimenting with different kernels and fine-tuning methods. Similarly, other machine
learning models and neural network architectures should be tested and optimized.
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6 Conclusion

This work explored how different features extracted from individual speakers con-
tribute to improving the performance of an SVM and an FCNN model for speech-based
GER for known and unknown speakers. The contribution of the individual features
was analyzed by category: cepstral, spectral, prosodic, temporal, and sound quality
features.

A baseline was established by training the models separately on 6373 acoustic features
extracted at the group context, referred to as mixture features due to being obtained
from speech mixtures. The features consisted of functionals applied to LLDs of the five
categories of acoustic features. The speech mixtures were processed by a pre-trained
model for speech separation to isolate the speech of each speaker in the mixture.
Since the speech mixtures consisted of two speakers, two separate speech signals were
obtained as output of the pre-trained model. For each separated speech, the same 6373
features were extracted as in the baseline; these features were referred to as individual
features, since they were derived from the speech of the individual speakers. Then,
the individual features were grouped into the five different categories abovementioned
and were used for developing feature sets together with the mixture features.

Six different experiments were conducted where the models were trained separately
using different feature sets composed of mixture features and individual features. The
first experiment intended to explore the impact on the performance of the models when
trained on all groups of individual features concatenated with all mixture features.
In experiments 2 to 6, the same two models were trained, but only using a specific
category of individual features concatenated with all of the mixture features, aiming
to explore the influence of each category of individual features on the performance of
the GER models. As a baseline, the models were trained exclusively using mixture
features and tested on both test subsets, spk-dep and spk-ind.

The use of all individual features concatenated with mixture features improved the
performance of the SVM model on both test subsets, surpassing the UAR baselines
by 4.92% and 4.09%, respectively. Spectral- and cepstral-individual features also im-
proved the performance of the SVM on both test subsets, albeit to a lesser extent.
Although none of the improvements achieved with the SVM models was considered
statistically significant, the consistent results of the SVM on both test subsets indicate
potential for further study of these two types of features and their impact on SVM for
GER.
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For the FCNN models, the groups of individual features that demonstrated improve-
ments varied across each test subset. For the test subset with known speakers (spk-
dep), cepstral-individual features concatenated with all mixture features had the high-
est impact (UAR = 56.53%), resulting in a 6.11% higher UAR than the baseline. These
were followed by prosodic and spectral-individual features, which showed minimal im-
provements in UAR, with increases of 1.39% and 0.38%, respectively. On the test
subset with unknown speakers (spk-ind), every feature group achieved improvement
on the performance of the FCNN model. Spectral-individual features had the most
substantial impact (11.52% UAR above the baseline), followed by sound quality and
temporal-individual features, which surpassed the UAR of the baseline by 9.09% and
5.1%, respectively. These results indicate the potential of including these categories
of features from the individual speakers as input for training FCNNs for real-life ap-
plications of GER.

Emotion recognition tasks are inherently complex, particularly when performed at a
group level using real-life data, which exhibit greater diversity and complexity com-
pared to data recorded under controlled environments. While higher scores have been
achieved with multi-modal approaches that integrate both audio and visual data, it
is noteworthy what can be accomplished through the analysis of audio data alone for
GER. As demonstrated here, macro F1-scores up to 65% are achievable by only an-
alyzing speech. This evidence supports the relevance of studying speech-based GER
and the potential improvement of GER systems that can be achieved by incorporating
individual speaker features as inputs during model training.
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