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[TEPIAHWH

IV mopoUoa TITUXLAKNY epyacia eEeTAlETAL ) XPT)OT) PWVNG KL KEWWEVOU YLX TNV AVAYVWOPLOT
OUVALOONLATOG, LE GTOXO 1) TIPOKVTITOUCA CUVALGOTUATIKN AN po@opia va xpnopuomomOel wg
évdeln mBavov kwdévvou. To cvoTnUa OV avamtuxOnke amotedeital amd SV0 EexwploTd
HOVTEAN aQvayv®PLoT S ouvalo M puatog. To TpwTo emeepydleTal To NYMTIKO ofjua, cuvdualovtag
To TpoekTaldevuévo povtélo WavLM pe yelpoxivnta eEayoueva aKOUOTIKA XapaKINPLoTiKa. To
S8eUTEPO avaAvEL TO Kelevo OV TPOKUTITEL aTtd TNV oA, xpnowpomolwvtas éva fine-tuned
povtédo RoBERTa. ' T petatpotn g oplAiag o€ kelpevo ypnowwomoleitat to Whisper, evo n
EAMNVIKY] oA {a peTapAleTaL EMITTAEOV OTO AYYALKA TIPLV avaAVBOEl attd To povtédo Ketpévou. Ot
TpoPAEPELS TwV V0 HoVTEAWY cuVSLAlOVTAL HECW EVOG SUVAULKOU UNYAVIGLOU CUYXWVEVGNG, O
omoiog mpocapudlel ™ ovvelc@opa kabe modality avaioya pe tnv aflomiotio TnG TTPOBAEYM S
Tou. To TeAkO GUVALCOMUATIKO ATTOTEAECUA XPT)OLLOTIOLEITAL GTT) CUVEXELX YLK TOV UTIOAOYLOUO
uas BabuoAoyiag kivdivov, pe Baon mpokaboplopeva Bapn ava cuvaiodnua, n omoia odnyel o
é€vdel€n DANGER 1) SAFE. To povtéAo fxov métuye accuracy 73,74% kot macro-F1 73,80% oto
test set (RAVDESS kot CREMA-D), evw To povtédo kelpévou métuye accuracy 71,50% kot macro-
F159,01% oto test set tov GoEmotions. Emeidn dev ntav Stabéoipa emonpeiwpéva Sedopéva pe
TPAYUATIKEG TIEPLITITWOELS KIVEUVOU, TO VBPLSIKG 0TASI0 KAl To 6TASL0 aviyvevons kivdvvou Sev
a&loAOYOUVTOL TTOCOTIKA QAAG UECW OAVTITPOOWTEVTIKWV Tapadelypudtwy. H tedikny évdelén
KWOUVOU TIPETIEL EMOPEVWG VA EPUNVEVETAL WG pia €vleldn Baclopévn o€ ocuvaloONUaTIKY
TANpo@opia Kal 0xL ws amddel€n 6tL dvtws ovufaivel kATl emikivéuvo.



ABSTRACT

This thesis examines the use of speech and text for emotion recognition, with the goal of using
the resulting emotional information as an indication of possible danger. The developed system
consists of two separate emotion recognition models. The first one processes the audio signal,
combining the pre-trained WavLM model with handcrafted acoustic features. The second one
analyzes the text produced from the speech, using a fine-tuned RoBERTa model. Whisper is used
to convert speech into text, and Greek speech is additionally translated into English before being
processed by the text model. The predictions of the two models are combined through a dynamic
fusion mechanism, which adjusts the contribution of each modality based on how reliable its
prediction is. The final emotional result is then used to calculate a risk score, based on predefined
weights for each emotion, which leads to a DANGER or SAFE indication. The audio model achieved
an accuracy of 73.74% and a macro-F1 of 73.80% on the test set (RAVDESS and CREMA-D), while
the text model achieved an accuracy of 71.50% and a macro-F1 of 59.01% on the GoEmotions test
set. Because no labelled data with real danger cases were available, the hybrid stage and the
danger detection stage are not evaluated quantitatively but through representative examples.
The final danger indication should therefore be understood as an indication based on emotional
information, and not as proof that a dangerous situation is actually taking place.
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CHAPTER 1
INTRODUCTION

1.1 Background & Motivation

Emotion plays an important part in human communication and social interaction. People can
express how they feel in different ways, including through the words they use and through their
voice. For this reason, emotion recognition has become an area of interest in artificial intelligence,
since it can provide computer systems with information about a person's emotional state. [1], [2]
Different approaches can be used to describe emotions, with one well-known categorical
approach including happiness, sadness, anger, fear, disgust, and surprise [3].

Speech is one of the main sources that can be used to recognize emotions [4]. The human voice
contains information not only about what is being said, but also about the way it is expressed.
Characteristics such as pitch, intensity, and speaking rhythm can change depending on the
emotional state of the speaker [2]. Speech Emotion Recognition uses information from the speech
signal in order to identify the emotion expressed by a person. This field has been studied in
human-computer interaction and can be applied in areas such as dialogue systems, call centers,
vehicle systems, and healthcare [4].

Emotional information can also be expressed through language. Text emotion recognition focuses
on identifying emotions from the words and linguistic content of a text. Several labelled datasets
have been developed for studying emotion recognition from text. One example is GoEmotions, a
large manually annotated dataset of English text containing a wide range of emotional categories

[1].

Speech and text can therefore provide different information about the same spoken input. Speech
can describe how something is said, while text provides information about what is being said.
Relying only on one of these sources may leave part of the available emotional information
unused. For this reason, multimodal emotion recognition combines information from different
modalities so that they can complement each other and provide a more complete representation
of the emotional state [2].

Emotion recognition can also be useful in applications related to emergency situations. Studies
using real emergency call recordings have found that emotions such as fear and anger are
frequently expressed by callers. Other emotional states such as stress, panic, pain, and annoyance
may also appear during urgent calls. At the same time, recognizing emotions in real situations is
more difficult than in controlled recordings, since real-life emotional expressions can vary
considerably between speakers and may be more complex than acted emotions [5].

However, recognizing a strong emotion does not by itself provide a complete understanding of
the situation in which it occurs. In the context of this thesis, emotional information is therefore
treated as an indication that can contribute to the identification of possible danger rather than as
direct proof that a dangerous event is taking place.

Based on this idea, this thesis investigates the use of both speech and text for emotion recognition.
The two sources are analyzed separately, and their outputs are then combined in order to obtain
a final representation of the emotional information contained in the spoken input. This
information is subsequently used as the basis for an emotion-based indication of potential
danger.

1.2 Problem Statement

Recognizing emotions from real speech is a challenging task because emotional expression can



vary considerably between speakers and recording conditions [5]. Systems that perform well
with controlled or acted data may face additional difficulties when they are applied to real
situations [4]. Differences between speakers, the quality of the recording, short utterances, and
the presence of mixed emotions can all make the recognition process more difficult.

Another challenge is that speech and text represent different parts of the available emotional
information. The audio signal provides information related to the way an utterance is expressed,
while the textual content provides information related to its linguistic meaning. Using only one
of these sources may therefore limit the information available to the emotion recognition system.
Combining different modalities can help make use of complementary information contained in
each source [2].

In the system examined in this thesis, the textual information is obtained from spoken input. This
means that the text branch depends on an automatic transcription stage before emotion
classification can be performed. As a result, the final textual input is also affected by the
information produced during speech recognition. This creates an additional processing step
compared with systems in which the text is provided directly.

A further difficulty is the relationship between emotion and danger. The recognition of emotions
such as fear or anger can provide useful information in situations related to urgency or
emergency [5], but an emotional state alone does not describe the complete context of an event.
Therefore, the objective of this thesis is not to treat a recognized emotion as direct evidence of
danger, but to use the final emotional information as an indication of a potentially dangerous
situation.

The main problem addressed in this work is therefore how speech and text emotion recognition
can be combined within a single processing pipeline and how the resulting emotional information
can be used to produce an interpretable indication of potential danger. The system must first
obtain emotional information independently from the audio and textual inputs and then combine
these results before producing the final emotion-based danger indication.

1.3 Aim & Objectives

The main aim of this thesis is to develop and examine a system that can recognize emotions from
both speech and text and use this information as an indication of potential danger. Instead of
relying only on the acoustic characteristics of the voice or only on the meaning of the spoken
words, the proposed system uses both types of information. In this way, the emotional state of
the speaker is examined from two different sources before the final result is produced.

The emotion recognition task is based on seven emotion categories: neutral, happy, sad, anger,
fear, disgust, and surprise. Two separate emotion recognition components are used for this
purpose. The first one processes the audio signal and produces an emotion prediction based on
information contained in the speaker's voice. The second one analyzes the textual content of the
spoken input and produces a separate emotion prediction. Keeping the two components separate
makes it possible to examine the information provided by each source before their results are
combined.

Another objective of the thesis is to support spoken input in both English and Greek. Since the
text emotion recognition component processes textual information, the spoken input first has to
be converted into text. For English speech, the produced transcription can be processed directly
by the text emotion recognition component. In the case of Greek speech, an additional translation
stage is required so that an English version of the spoken content can be provided to the text
model. In this way, the system can process speech from both languages while using the same text
emotion recognition component.

After the audio and text components produce their predictions, their results are combined in
order to obtain a final emotion result. The purpose of this combination is to take into account the



information provided by both sources rather than depending completely on only one of them. The
final emotional information is then used in the last stage of the system, where an emotion-based
risk value is produced. This value is used to provide an indication of whether the input may be
related to a potentially dangerous situation.

¢ To develop an audio emotion recognition component capable of distinguishing between
the seven selected emotion categories.

¢ Todevelop a text emotion recognition component that uses the same emotion categories.

¢ Toprocess spoken input and automatically obtain the textual information required by the
text component.

¢ To support both English and Greek spoken input, including the translation of Greek
speech when necessary.

¢ To combine the emotion predictions obtained from the audio and text components into a
final emotion result.

¢ To use the final emotional information to produce an indicative measure of potential
danger.

¢ To evaluate the performance of the individual emotion recognition components and
examine the behavior of the complete processing pipeline.

The overall purpose is not only to classify the emotion expressed in an input, but also to
investigate how information from speech and text can work together within the same system. The
thesis therefore examines the complete process, starting from spoken input, continuing with
emotion recognition from the two sources, and ending with the production of an emotion-based
indication of possible danger.

1.4 Proposed Approach

The approach followed in this thesis is based on the use of both speech and text for emotion
recognition. The main idea is that a spoken input can provide emotional information in more than
one way. Information can be obtained directly from the audio signal, but at the same time the
words spoken by the person can also provide useful information about the expressed emotion.
For this reason, the proposed system processes these two types of information separately at first
and combines their results at a later stage. The complete process starts from a speech recording
and ends with an emotion-based indication of possible danger.

The first part of the system is responsible for recognizing emotions directly from the audio signal.
For the development of this part, recordings from the RAVDESS [6] and CREMA-D [7] datasets are
used together with additional speech recordings collected specifically for this thesis. Both
datasets contain recordings in which different emotions are expressed by multiple speakers,
providing labelled speech examples that can be used for emotion recognition. The additional
recordings were included in order to add samples created specifically for the purposes of the
present work. All the audio data used by the system are finally organized according to the seven
emotion categories considered in this thesis: neutral, happy, sad, anger, fear, disgust, and
surprise.

The audio component uses two different types of information from each speech recording. The
first one is based on acoustic characteristics that can be calculated directly from the audio signal.
These characteristics describe different properties of the voice and provide information that may
be useful for distinguishing between emotional states. The second type of information is obtained
using WavLM [8], a pre-trained model designed to learn useful representations from speech.
Instead of using only one of these approaches, the system combines the WavLM representations
with the acoustic features extracted from the recording. The combined information is then given
to the audio classifier, which produces a prediction for the emotional state expressed in the input.
More detailed information about the exact acoustic features, the WavLM representation and the
classification process is presented in later chapters.



The second part of the system focuses on the textual content of speech. For the development of
the text emotion recognition component, the GoEmotions dataset is used [1]. GoEmotions
contains a large collection of English text samples labelled with different emotions. However, the
original emotion categories of the dataset are not exactly the same as the seven categories
selected for this thesis. For this reason, the data are processed and only suitable samples are used
so that the text component follows the same emotion classification scheme as the audio
component. This is important because both components must eventually produce results that
refer to the same set of emotions before their outputs can be combined.

After the preparation of the textual data, RoBERTa [9] is used as the main model for text emotion
recognition. The pre-trained model is fine-tuned using the selected text samples so that it can
classify an English sentence into one of the seven emotion categories. In this part of the system,
the model does not receive information from the audio signal itself. It only examines the textual
content that is provided to it. In this way, the audio and text components remain independent
during emotion recognition and each one produces its own result before the fusion stage takes
place.

An additional step is required because the complete system receives spoken input rather than
text that has already been written by the user. The speech must therefore first be converted into
textual form before it can be processed by RoBERTa. For this purpose, Whisper is used as the
speech recognition component of the system [10]. Whisper can process multilingual speech,
which makes it suitable for the English and Greek inputs considered in this thesis. When the input
is in English, the produced transcription can be used directly by the text emotion recognition
model. When Greek speech is provided, an additional translation process is needed because the
text emotion model operates on English input. The Greek spoken content is therefore converted
into an English textual form before being passed to the text classifier.

At this point, the system has two separate emotion results for the same spoken input. One result
comes from the audio component and is based on the information contained in the voice, while
the other comes from the text component and is based on the linguistic content obtained from the
speech. These results are combined through a dynamic fusion mechanism. The purpose of the
fusion stage is not simply to give the two components the same importance in every case. Instead,
the contribution of each component can change depending on information related to the
reliability of the prediction produced for the specific input.

This is useful because the two components do not necessarily behave in the same way for every
recording. In some cases, the audio information may provide a clearer emotion result, while in
other cases the textual information may be more useful. The fusion mechanism therefore
examines information produced by the two components and adjusts their contribution according
to predefined rules. The result of this process is a final distribution across the seven emotion
categories. No additional multimodal classifier is trained specifically for this stage. Instead, the
combination is carried out by the predefined fusion procedure used in the system.

The final part of the proposed approach uses this combined emotion information to produce an
indication related to potential danger. The complete emotion distribution is taken into account
rather than using only the emotion with the highest score. Different emotion categories can have
a different influence on the calculated risk value according to predefined parameters of the
system. After the risk value is calculated, it is compared with a predefined threshold in order to
produce the final danger related output.

Overall, the proposed approach brings the different parts of the work together in a single
processing pipeline. A speech recording is first examined directly through the audio emotion
recognition component, while its spoken content is also converted into text and analyzed by the
text emotion recognition component. The two emotion results are then combined, and the final
emotional information is used to calculate the danger-related indication. In this way, the system
makes use of both the way something is spoken and the content of what is being said before
producing its final result.
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1.5 Main Contributions

The main contribution of this thesis is the development of a complete emotion recognition
pipeline that brings together information from both speech and text. Although the two types of
information are processed independently, their results are connected within the same system,
allowing the final decision to take into account both the characteristics of the speaker’s voice and
the content of the spoken message.

Another contribution of the work is the combination of different types of information within the
audio emotion recognition stage. Pre-trained speech representations are used together with
acoustic features extracted directly from the audio signal. This makes it possible to examine
emotional information from the recording using both learned representations and characteristics
calculated from the speech itself.

The thesis also connects emotion recognition with multilingual spoken input. Through the use of
automatic transcription and translation when required, the complete pipeline can process both
English and Greek speech while keeping the same text emotion recognition component. In this
way, the text analysis stage can be included in a system that starts directly from spoken input
rather than from text that is already available.

Finally, the work extends the emotion recognition pipeline with a final stage that uses the
combined emotion information to produce an indicative measure of potential danger. This
creates a connection between multimodal emotion recognition and the examination of potentially
dangerous situations, while keeping the final result as an emotion-based indication rather than
treating it as direct evidence that a dangerous event has occurred.

1.6 Thesis Organization

The rest of this thesis is organized into seven additional chapters, each covering a different part
of the work.

Chapter 2 presents the theoretical background and related work concerning emotion recognition
from speech and text. It introduces the main concepts used in speech emotion recognition, text
emotion recognition, and multimodal emotion recognition. It also discusses the use of pre-trained
models for speech and language processing, as well as previous work related to emotion
recognition in situations where emotional information may be useful for identifying urgency or
possible danger.

Chapter 3 describes the datasets used for the development and evaluation of the emotion
recognition components. The speech datasets used for the audio part of the system are presented
together with the additional recordings collected for this thesis. The textual dataset used for the
development of the text emotion recognition component is also described. The chapter explains
the main characteristics of the datasets and how the available data are prepared for the following
stages of the work.

Chapter 4 presents the methodology followed for the development of the proposed system. It
describes the processing of the audio and textual data, the extraction and preparation of the
information used by the two emotion recognition components, and the general training and
evaluation procedure. The methodology used for combining the audio and text predictions and
for producing the final emotion-based risk indication is also presented.

Chapter 5 focuses on the implementation of the complete system. It explains the software tools
and libraries used during development and describes the implementation of the audio and text
emotion recognition components. The transcription and translation stages are also presented,
followed by the dynamic fusion process, the danger-related decision stage, and the use of the
complete system with spoken input.

Chapter 6 presents the experimental results obtained from the developed models and the
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complete processing pipeline. The performance of the audio and text emotion recognition
components is examined using quantitative evaluation metrics. In addition, representative
examples are used to examine the behavior of the combined audio-text system and the final
danger related output.

Chapter 7 discusses the results of the work and the main observations that can be made from
them. The strengths and limitations of the different parts of the system are examined, including
the audio and text models, the transcription and translation process, the combination of the two
modalities, and the final emotion-based danger indication. Possible directions for future
improvement and extension of the proposed system are also presented.

Finally, Chapter 8 summarizes the main conclusions of the thesis and provides an overall view of
the work carried out and the results obtained.
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CHAPTER 2
BACKGROUND & RELATED WORK

2.1 Emotion & Emotion Representation

Emotions are complex mental states that are connected with a person's subjective experience and
with the way people react to situations and changes in their environment. Emotional expression
can also appear through different channels, including the voice, facial expressions, gestures, and
other non-verbal signals. Because emotions can be described in different ways, their
representation is an important part of emotion recognition research. In studies that use artificial
intelligence for emotion recognition, two main approaches are commonly considered: categorical
and dimensional emotion models [11].

The categorical approach represents emotions as separate emotional states. Instead of describing
an emotion through continuous values, a specific category is used to indicate the emotional state
that is being expressed. A widely known group of emotions associated with this approach
includes happiness, anger, sadness, surprise, disgust, and fear [3], [11]. These emotions have been
examined extensively in research concerning basic emotions and emotional expressions.

An important part of the basic emotion view is the idea that some emotional responses have a
biological basis. Research on basic emotions has examined evidence related to universality in
emotional expression and physiology, supporting the existence of biologically based aspects of
emotion. At the same time, this view does not exclude the influence of culture and social learning.
Cultural and social factors can affect the control of emotional expressions, the representation of
emotional experiences, the evaluation of emotional situations, and the way people respond to
their own emotions. Evidence from facial expression research has also supported a group that
includes happiness, surprise, fear, sadness, anger, and disgust. However, the exact number of
emotions that should be considered basic has not been treated as completely settled, and further
research has been considered necessary for determining whether additional emotions should be
included [3].

Facial expressions are not the only type of evidence considered within the basic emotion
approach. Physiological responses have also been examined, with different patterns of autonomic
nervous system activity reported for emotions including anger, fear, sadness, and disgust.
Additional research reproduced several of these observations and provided further evidence
concerning emotion-specific physiological activity. The basic emotion approach therefore
considers evidence from both emotional expressions and physiological responses [3].

Although categorical models describe emotions as separate states, another way of representing
affect is to place emotional states within a continuous space. This is the basis of dimensional
approaches. Dimensional emotion models are described using dimensions such as valence,
arousal, and dominance. Valence is connected with the positive or negative quality of an
emotional experience, while arousal describes its level of activation. The review also identifies
the two-dimensional valence-arousal representation as a commonly used dimensional approach
in emotion recognition research [11].

One of the most influential dimensional descriptions of affect is the circumplex model. Affective
states are presented as systematically related rather than completely independent from one
another and are arranged within a two-dimensional bipolar space. In this representation, the
main dimensions are pleasure-displeasure and degree of arousal. The circumplex model arranges
affective concepts around a circular structure, including pleasure, excitement, arousal, distress,
displeasure, depression, sleepiness, and relaxation. These concepts are positioned at different
locations around the circle, with pleasure-displeasure forming one axis and arousal the other
[12].
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This representation also provides a way of describing a wider range of emotional terms. Many
affect terms do not simply fall directly on the pleasure or arousal axes but instead appear in
different areas around the affective space. An emotional term can therefore be represented
through a combination of pleasure and arousal rather than through only one of these dimensions.
The dimensions are bipolar, and opposite affective states can appear in different areas of the same
space. The axes can also be rotated while the same general circular organization is maintained.
For example, the pleasure and arousal dimensions can be described through combinations such
as excitement-depression and distress-contentment. These alternatives provide complementary
ways of describing the same general structure of affect. The circumplex representation also
allows affective states of different intensities to occupy different positions within the space. States
of moderate intensity can be located closer to the middle, while the origin of the space can
correspond to an adaptation level or a neutral feeling [12].

Categorical and dimensional representations describe affect in different ways. The categorical
approach separates emotional states into distinct labels, while the dimensional approach
represents them through continuous emotional dimensions. However, these two approaches are
not always completely separated in emotion recognition research. Values from valence and
arousal can be divided into discrete targets for classification, while categorical emotions can also
be mapped onto a valence-arousal space. A systematic review examined 51 studies with respect
to their affective state modeling. Among them, 44 used categorical emotion models, 15 used
dimensional models, and eight included both approaches. The two-dimensional valence-arousal
model was the most common dimensional representation among the examined studies [11].

Categorical modeling was the preferred approach among the studies examined in the systematic
review. This trend was partly associated with the widespread use of datasets such as IEMOCAP
and MELD, which contain categorical emotion annotations, as well as with the use of similar
annotation systems for comparison with previous studies. From a practical point of view,
categorical modeling can use a single model to distinguish between several emotional states,
while dimensional modeling is usually handled separately for each affective dimension.
Differences also exist in the annotation process, since categorical labels are easier to explain to
human annotators, whereas dimensional labeling requires a more detailed perception of the
emotional state being observed or experienced. The review also examined agreement between
different annotation schemes and reported differences between self-annotations, partner
annotations, and ratings from external annotators. Based on these findings, annotation quality
and inter-rater agreement were identified as important issues that should be considered in the
development and evaluation of emotion recognition systems [11].

Based on the emotion representations discussed above, this thesis follows a categorical approach
to emotion recognition. Both the speech and text components are designed to produce
predictions using the same seven emotion categories: neutral, happy, sad, anger, fear, disgust, and
surprise. Six of these categories correspond to emotions commonly considered within the basic
emotion approach [3], while neutral is included as an additional category in the classification
scheme used in this work. Using the same categorical representation for both components also
provides a common output structure, which allows their emotion predictions to be combined
later in the proposed system.

2.2 Speech Emotion Recognition

Speech is an important source of emotional information because the way a person speaks can
provide information beyond the linguistic content of an utterance. Speech emotion recognition
focuses on identifying emotional states from speech and has become an important area in human-
computer interaction, with applications in spoken dialogue systems, call centers, vehicle systems,
and medical applications. A traditional speech emotion recognition process can generally be
divided into two main stages: feature extraction and classification. In the first stage, different
characteristics of the speech signal are extracted, while in the second stage this information is
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provided to a classifier in order to determine the emotional state. Different speech features and
classification methods have been used for this purpose, while the development of deep learning
has also introduced approaches that can learn useful features automatically from speech. At the
same time, applying emotion recognition systems outside controlled conditions introduces
additional difficulties that still need to be addressed [4].

Current speech emotion recognition approaches can therefore use different ways of obtaining
information from the audio signal. Some methods first calculate hand-crafted features and then
provide them to a machine learning classifier. Other approaches use deep learning models that
learn useful information directly from speech, while speech signals can also be transformed into
representations such as spectrograms before being processed by deep networks. Combinations
of hand-crafted and deep features have also been examined, allowing information obtained
through different feature extraction methods to be used together [11].

2.2.1 Acoustic Features

The information contained in speech can be described through different acoustic characteristics.
Hand-crafted features are selected and calculated based on previous knowledge of the speech
signal and are commonly divided into prosodic, voice quality, and spectral features. Prosodic
features describe characteristics such as pitch, tone, rhythm, and stress, with common examples
including fundamental frequency, energy, and speech rate. Fundamental frequency, usually
represented as F0, can vary according to the emotional state of the speaker. Higher and wider FO
ranges have been associated with emotional states such as anger, while sadness can be related to
lower and narrower values. Differences between emotional states can also appear in the intensity
of speech and in the rate at which words are spoken [2].

Voice quality features provide another way of describing the speech signal and include formants,
harmonic-to-noise ratio, jitter, and shimmer. Formants are related to characteristics of the vocal
tract, while the harmonic-to-noise ratio describes the relation between harmonic and noise
components in speech. Jitter represents rapid variations in fundamental frequency, whereas
shimmer is related to changes in amplitude between neighboring vocal cycles. Spectral features,
on the other hand, describe information from the frequency representation of the signal, since
emotional expression can affect how spectral energy is distributed across different frequency
regions. Examples include Linear Prediction Coefficients, Linear Prediction Cepstral Coefficients,
and Mel-Frequency Cepstral Coefficients. MFCCs are widely used in speech processing and
represent information from the power spectrum using the nonlinear mel scale, which
approximates characteristics of human auditory perception [2].

Hand-crafted acoustic features can therefore provide different types of information about
emotional speech, but their usefulness may vary between speakers and speech conditions. Their
extraction also depends on the selection of suitable characteristics based on previous knowledge.
Because it can be difficult for manually selected features to represent all the emotional
information contained in speech, recent research has also moved toward methods that can learn
speech representations automatically. These approaches are discussed later in the section on
deep and self-supervised speech representations [2].

2.2.2 Machine Learning Approaches

Traditional speech emotion recognition systems commonly combine acoustic feature extraction
with a classification algorithm. Once the selected characteristics have been calculated from the
speech signal, the resulting feature representation is used as the input of a classifier. Different
machine learning methods have been examined for this task. Support Vector Machines are among
the classifiers that have been used for speech emotion recognition. Other approaches discussed
in the literature include Gaussian Mixture Models and Hidden Markov Models. K-Nearest
Neighbor and decision tree methods have also been applied to emotion recognition. These
approaches operate on information that has already been extracted from the audio signal,
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meaning that the quality and selection of the input features form an important part of the
recognition process [4].

As speech emotion recognition developed, deep learning methods also became increasingly
important. In contrast with approaches that depend completely on manually designed features,
deep learning models can learn internal representations from the input data. Deep Neural
Networks use multiple layers between their inputs and outputs, while convolutional and
recurrent architectures have also been applied to different processing tasks. Recurrent Neural
Networks and Long Short-Term Memory networks are particularly relevant to sequential
information and have been used for speech-based classification [4].

The use of deep learning also changed the relationship between feature extraction and
classification. In traditional approaches these stages can be treated separately, whereas a deep
network can include feature learning as part of the overall training process. A systematic review
of speech emotion recognition methods describes a shift from traditional machine learning
approaches that require pre-extracted inputs toward deep learning methods capable of learning
features from speech. However, hand-crafted features have not disappeared from recent
research, and combinations of manually extracted and deep features are also used. This
development is important because the different approaches do not necessarily need to be treated
as completely separate alternatives. A system can use expert-designed acoustic information while
also using representations obtained through deep learning. In this way, information derived
directly from known acoustic characteristics can be combined with information learned
automatically from larger speech representations [11].

2.2.3 Deep & Self-Supervised Speech Representations

One limitation of relying only on hand-crafted features is that their design requires previous
knowledge and that a manually defined feature set may not represent all the emotional
information contained in speech. Deep learning provides another approach by allowing models
to learn speech representations automatically from the input data. Self-supervised learning
extends this idea by allowing models to be pre-trained on large amounts of speech without
requiring manually assigned labels for every training example. The representations learned
during pre-training can later be used for different downstream speech tasks. Models such as
wav2vec, wav2vec 2.0, and HuBERT are examples of self-supervised approaches developed for
speech representation learning [2].

WavLM is another self-supervised pre-trained model developed for a wide range of speech
processing tasks. Speech contains different types of information, including spoken content,
speaker identity, and paralinguistic information, making the development of a general
representation a challenging task. During pre-training, WavLM combines masked speech
prediction with denoising and uses a Transformer architecture with gated relative position bias
to better capture the sequence ordering of the input. These characteristics were designed to
support different downstream tasks rather than focusing only on automatic speech recognition

8].

WavLM was evaluated on the SUPERB benchmark, which covers different aspects of speech,
including content, speaker information, semantics, paralinguistics, and generation. Emotion
Recognition is included among the tasks of this benchmark, together with applications such as
Automatic Speech Recognition, Speaker Identification, and Speech Translation. Therefore, the
evaluation of WavLM also includes its use for extracting information relevant to emotion
recognition [8].

Self-supervised WavLM representations have also been examined specifically for speech emotion
recognition. One recent approach uses WavLM to extract deep acoustic representations from
speech and then processes these representations using a bidirectional recurrent network and
multi-head attention. The recurrent component is used to capture temporal dependencies in the
speech sequence, while the attention mechanism gives greater importance to speech segments
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that contain more relevant emotional information. The approach was evaluated on the RAVDESS
and EmoDB emotion datasets, providing an example of how WavLM representations can be
adapted specifically to speech emotion recognition [13].

The use of self-supervised models does not exclude hand-crafted acoustic features. Recent speech
emotion recognition research also includes approaches that combine hand-crafted and deep
features within the same system [11]. This idea is directly related to the audio approach followed
in this thesis, where acoustic features are combined with representations obtained from WavLM
before emotion classification. As a result, the audio component uses information obtained from
both manually defined acoustic characteristics and self-supervised speech representations.

2.3 Text Emotion Recognition

Text provides another source of information for identifying emotional states. Unlike speech
emotion recognition, which analyzes characteristics of the audio signal, text emotion recognition
focuses on the linguistic content and the emotional information expressed through language.
Different methods have been developed for extracting useful information from text, ranging from
traditional representations such as bag-of-words to neural and contextual representations
learned from large amounts of textual data [2].

The availability of annotated datasets has also supported the development of language-based
emotion classification. One example is GoEmotions, which was created as a large human-
annotated dataset for fine-grained emotion recognition. It contains approximately 58,000 English
Reddit comments labelled with one or more of 27 emotion categories or Neutral. The dataset was
designed to provide a broader emotion taxonomy than many earlier resources and to support the
development and evaluation of emotion classification models [1].

2.3.1 Emotion Recognition from Text

Early approaches to textual feature extraction often used representations such as bag-of-words,
which describe text through the occurrence of words but do not preserve word order or
grammatical relationships, leading to a loss of contextual information. Word embeddings were
introduced as another way of representing text by mapping words to numerical vectors, with
related words obtaining similar representations. Approaches such as Word2Vec and GloVe
learned these representations from large amounts of unlabeled text but generally assigned a
single vector to each word regardless of the context in which it appeared. This limitation led to
the development of contextual approaches, where the representation of a word can change
according to the surrounding language [2].

Text emotion recognition also depends on the emotional categories used to annotate the available
data. GoEmotions was developed using a fine-grained taxonomy containing 27 emotion
categories together with Neutral. The study also examined whether these categories could be
grouped into broader emotion representations and reported that the relations among the
emotions allow higher-level groupings when required by a downstream task. The dataset was
also used to evaluate emotion classification models, including a fine-tuned BERT model [1].

2.3.2 Transformer-Based Models

Contextual language models represent words according to the surrounding text rather than
assigning the same representation to a word in every situation. This makes it possible for the
representation of a word to change depending on the context in which it appears [2].

The Transformer architecture was introduced as an approach to sequence processing based on
attention mechanisms rather than recurrent or convolutional networks. A central part of the
architecture is self-attention, which allows different positions of the same sequence to be related
when constructing its representation. The Transformer follows an encoder-decoder structure in
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which both parts contain stacked attention and feed-forward layers. Multi-head attention extends
this process by allowing the model to attend to information from different representation
subspaces and different positions at the same time [14].

BERT is a pre-trained language representation model designed to learn bidirectional contextual
representations from unlabeled text. Instead of processing the context only from one direction, it
considers both the left and right context during pre-training. One of its main pre-training
objectives is masked language modeling, in which some input tokens are hidden and the model is
trained to predict their original values. After pre-training, the model can be adapted to different
natural language processing tasks through fine-tuning, with relatively small changes to the task-
specific architecture [15].

Pre-trained transformer models have also been applied to emotion classification. In the
GoEmotions study, a fine-tuned BERT model was used as a baseline for fine-grained emotion
classification and achieved better results than the BiLSTM model examined in the same work [1].

RoBERTa was later developed by re-examining several choices used during BERT pre-training
while maintaining the general BERT architecture. These modifications are discussed in the
following subsection [9].

2.3.3 RoBERTa

RoBERTa, which stands for Robustly Optimized BERT Pretraining Approach, was developed by
modifying several choices used during BERT pre-training. The original RoBERTa study examined
the effect of training for longer periods, using larger batches and more data, removing the next
sentence prediction objective, using longer sequences, and changing the masking pattern
dynamically during training. These modifications were combined into the RoBERTa pre-training
procedure [9].

One of the changes introduced in RoBERTa is dynamic masking, where the masked positions can
change during training instead of remaining fixed. The model also removes the next sentence
prediction objective used in the original BERT procedure and is trained using larger mini-batches
and more pre-training data. ROBERTa was evaluated on several natural language processing
benchmarks, including GLUE, RACE, and SQuAD, where the modified pre-training procedure
produced improved results. These findings showed that changes in the way BERT is pre-trained
can have an important effect on downstream performance [9].

More recent research has also examined the use of RoOBERTa specifically for fine-grained emotion
recognition. One approach extends the standard RoBERTa model with an emotion-specific
attention mechanism designed to give greater importance to emotionally relevant parts of the
text. A TF-IDF-based gating mechanism is also used to reduce the influence of less informative
tokens. This approach was developed to address difficulties such as subtle emotional expressions,
class imbalance, and noisy or informal textual input, and the reported results showed improved
emotion classification performance compared with the baseline RoBERTa model [16].

In this thesis, RoOBERTa is used as the basis of the text emotion recognition component. The pre-
trained model is adapted to the emotion categories used in the proposed system so that textual
input can be classified according to the same categorical emotion representation used by the
audio component. This common output structure later allows the predictions obtained from
speech and text to be combined within the multimodal stage.

2.4 Multimodal Emotion Recognition

Multimodal emotion recognition combines information from more than one source in order to
identify emotional states. Speech, text, and visual information are among the modalities
commonly considered in this type of system. The motivation for combining them is that a single
modality may provide only part of the available emotional information, while different sources
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can provide information that supports or complements one another. As a result, multimodal
systems aim to use information from several modalities in order to obtain a more complete
representation of emotional expression [2], [17].

2.4.1 Complementary Modalities

Different modalities describe different aspects of emotional expression. Speech can provide
information related to the way an utterance is produced, while text provides information related
to its semantic content. Audio can include characteristics such as speech rate, tone, and volume,
while textual information can provide richer semantic information. At the same time, audio does
not provide contextual semantic information in the same way as text, while textual information
may be ambiguous and can also be affected by the quality of text recognition. For this reason,
combining speech and text can provide information that is not equally available from either
modality when it is considered alone [18].

The combination of several modalities can also provide a richer and more complete
representation of emotional information. However, the contribution of each modality to the final
recognition result is not necessarily the same. Different sources may provide more useful
information in different situations, which means that multimodal emotion recognition involves
not only combining several modalities but also considering their relative contribution to the final
prediction [17].

Relying too strongly on a single modality can also introduce limitations. Greater dependence on
textual information may overlook emotional cues contained in vocal tone, while relying mainly
on vocal or visual information may fail to capture information expressed through linguistic
content. For this reason, some multimodal approaches adjust the contribution of the available
modalities according to the information provided in each case [17].

2.4.2 Multimodal Fusion Strategies

The information obtained from different modalities can be combined at different stages of an
emotion recognition system. Fusion methods are commonly distinguished according to the point
at which multimodal information is integrated. These approaches include feature-level or early
fusion, decision-level or late fusion, hybrid fusion, and methods that perform fusion within
intermediate layers of deep models [2], [18].

In early fusion, also referred to as feature-level fusion, information from the individual modalities
is combined after feature extraction and before the final classification stage. The resulting
multimodal representation is then processed by a common classification model. This approach
allows relationships between modality features to be introduced early in the recognition process.
However, differences in time scales, temporal structures, and the characteristics of the individual
modalities can make this type of fusion more difficult [2].

In late fusion, also known as decision-level fusion, the individual modalities are processed
separately before their results are combined. Each modality can therefore use its own feature
representation and classification model, while the predictions produced by the separate
components are later integrated into a final result. Possible combination methods include
averaging, weighted sums, majority voting, or additional decision models. This approach is more
flexible with respect to the individual processing of each modality and does not require the same
temporal synchronization of feature representations as early fusion [2].

Decision-level fusion has also been applied specifically to speech and text emotion recognition. In
this case, audio and textual information are processed separately and their outputs are combined
after the individual recognition stages. The distinction between the two modalities is important
because audio provides information related to how an utterance is spoken, while text provides
information related to its semantic content [18].
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Another approach is hybrid fusion, which combines characteristics of early and late fusion. Some
information can first be integrated at the feature level, while additional results are later combined
at the decision level. Fusion can also take place inside intermediate layers of deep neural
networks, allowing relationships between modalities to be learned during the processing of their
representations [2].

Apart from the stage at which fusion is performed, the contribution assigned to each modality is
another important consideration. Fixed weighting gives the modalities the same relative
influence across different inputs, while adaptive approaches allow their contribution to change
according to the available information. Recent multimodal emotion recognition approaches have
therefore examined dynamic weighting mechanisms that adjust the influence of the individual
modalities instead of keeping it constant in every case [17].

The approach used in this thesis follows a decision-level structure because the speech and text
components first perform emotion recognition independently and their outputs are combined
afterwards. The contribution of the two components is not fixed in every case. Instead, the
proposed dynamic fusion mechanism adjusts their relative contribution using predefined
information related to the reliability of the individual predictions. In this way, the audio and text
recognition stages remain separate while both contribute to the final emotion result.

2.5 Automatic Speech Recognition & Multilingual Processing

Automatic Speech Recognition provides a way to convert spoken input into a textual
representation that can later be processed by language-based systems. Whisper was developed
as a multilingual and multitask speech processing model and was trained on approximately
680,000 hours of audio paired with text. Its training data cover different speakers, recording
environments, and languages, while part of the data is also used for speech-to-English translation.
The model follows an encoder-decoder Transformer architecture, where the audio signal is
converted into a log-Mel spectrogram and processed by the encoder, while the decoder generates
the corresponding text output. Within the same sequence-to-sequence framework, the model can
perform several tasks, including speech transcription, speech translation, language identification,
voice activity detection, and time-aligned transcription [10].

Multilingual processing is an important part of this design. Approximately 117,000 hours of the
training data contain audio in 96 languages other than English, while additional data are included
for translation from other languages into English. The required task is specified through special
tokens provided to the decoder. These tokens can indicate the spoken language and whether the
model should perform transcription or translation. The multilingual capabilities of the model
were evaluated for speech recognition, speech-to-English translation, and language
identification, with results showing that performance can vary across languages. Greek is also
included among the languages reported in the multilingual evaluations [10].

When automatic transcription is used as input to an emotion recognition system, the quality of
the ASR output becomes important for the subsequent emotion classification process. Variability
and errors in automatically generated transcripts can affect emotion recognition performance
because the textual representation may differ from the original spoken content. Recent
multimodal research has therefore examined emotion recognition systems that combine vocal
information with ASR-generated transcripts while specifically considering the presence of
transcription noise. One such approach uses noise-aware training to make the text representation
more robust to common ASR errors before combining information from speech and text [19].

Beyond transcription errors, multilingual emotion recognition introduces another difficulty
when textual information is translated from one language into another. Emotional content may
not always be preserved in exactly the same way after translation, and emotion recognition
performance can therefore vary between languages. Research comparing original English texts
with versions translated into Spanish, German, and French found that emotions could still be

20



identified across the examined languages, although recognition performance differed between
them. Research comparing original English texts with versions translated into Spanish, German,
and French showed that emotion identification remained possible across the examined
languages, although performance varied between them. These results indicate that translation
and linguistic differences are relevant factors in cross-lingual emotion recognition [20].

In this thesis, automatic speech recognition connects the original spoken input with the text
emotion recognition component. Speech is first transcribed before textual emotion classification
is performed. English speech can be processed using the produced transcript, while Greek speech
requires additional processing so that the textual input is available in the language expected by
the text emotion model. The complete transcription and translation procedure used in the
proposed system is described later in the methodology and implementation chapters.

2.6 Emotion Recognition in Safety & Emergency Contexts

Emotion recognition can be relevant in situations where people communicate under urgent or
stressful conditions. Emergency call centers are one example, since callers may express different
emotional states while describing an event and requesting assistance. In recordings from real
emergency calls, states such as stress, pain, fear, panic, annoyance, and anger have been observed,
while fear and anger were among the most frequent emotional categories expressed by callers
[5]- Speech produced under stress can also present changes in acoustic characteristics. Studies
examining stressed speech have reported changes in fundamental frequency, voice intensity,
speech rate, pauses, and hesitations, with particularly strong changes in some characteristics
occurring in dangerous or emergency situations [21].

The conditions in which this type of speech is recorded can create additional difficulties for
automatic emotion recognition. Real emergency conversations can involve many different
speakers, short speech segments, uneven distributions of emotions, mixed emotional
expressions, and recordings of lower quality [5]. Background noise is another important factor,
since it can reduce speech emotion recognition performance when systems are used outside
controlled environments. This is especially relevant in critical applications such as emergency
response systems, where both accurate emotion recognition and understandable speech can be
important [22].

Emotion recognition in these environments also differs from recognition based on acted or
controlled emotional recordings. Acted datasets normally contain emotional expressions
produced under controlled conditions, whereas spontaneous datasets represent more natural
interactions and can contain greater variability and more subtle emotional expressions. Both
types of data can be useful, but spontaneous recordings provide information that is particularly
relevant when emotion recognition systems are considered for real-world use [11]. Research on
speech under stress follows a similar direction, with datasets containing simulated as well as real
stress conditions, including medical emergencies, aviation scenarios, and other situations
involving increased pressure [21].

The difficulty of moving from controlled data to real emergency recordings has also been
observed experimentally. When the same speech emotion recognition architecture was evaluated
on a research corpus and on recordings from a real medical emergency call center, lower
recognition performance was reported for the real-life recordings [5]. This difference shows that
performance obtained under controlled conditions cannot automatically be expected to remain
unchanged when a system is applied to more variable and demanding real-world environments.

Here, emotional information is used as an indication that can contribute to the assessment of a
potentially dangerous situation. The presence of emotions such as fear or anger is not treated as
direct evidence that danger exists, since emotional reactions can also appear in situations that
are not dangerous. Instead, the emotional information produced by the system is used as the basis
for an indicative emotion-based risk assessment.
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2.7 Related work

Research on automatic emotion recognition has followed several different directions, including
speech-based recognition, multimodal emotion recognition, robustness to real-world conditions,
and the use of emotional or linguistic information in safety-related applications. In speech
emotion recognition, recent work has increasingly examined the use of pre-trained speech
representations instead of relying only on manually selected acoustic features. One recent
approach uses WavLM to obtain deep acoustic representations, followed by a bidirectional
recurrent network for modeling temporal information and a multi-head attention mechanism for
focusing on emotionally important parts of the speech signal. The approach was evaluated on the
RAVDESS and EmoDB datasets and reported strong emotion recognition performance [13].
Another transformer-based approach focuses on combining dynamic and static information from
speech. It uses locally adaptive multi-head attention to identify useful information at different
temporal regions and global attention to capture information across the complete speech
sequence [23]. These approaches show how pre-trained representations and attention
mechanisms are being used to extract richer emotional information from speech.

An important issue in speech emotion recognition is whether a system can maintain its
performance when it is applied to speakers or datasets that were not used during training. A
recent benchmarking study examined transformer-based speech emotion recognition under
speaker-independent and cross-corpus conditions. When models were trained on one emotional
speech dataset and tested on another, most experimental cases achieved accuracy below 40%.
However, when several datasets were combined during training, performance on unseen data
improved, with one experiment reaching 58.85% accuracy on a dataset that had not been
included during training [24]. These results highlight the difficulty of transferring speech emotion
recognition models between different datasets and also indicate that greater diversity in the
training data can improve generalization.

Other research has focused on combining speech with textual information. Speech and text
provide different types of emotional information, since the audio signal contains characteristics
related to vocal expression while text provides information about linguistic meaning. Multimodal
approaches have therefore been developed to process these sources together [18]. The
contribution of each modality, however, does not need to remain constant for every input. A
recent transformer-based multimodal approach uses adaptive weighting so that the influence of
the available modalities can change according to the information contained in each case. The
approach was evaluated on the IEMOCAP and MELD datasets and showed that dynamically
allocating the contribution of the modalities can improve multimodal emotion recognition [17].
This is particularly relevant when one source provides clearer emotional information than
another for a specific input.

The use of speech and text together introduces an additional difficulty when the textual
information is produced automatically from speech. Automatic Speech Recognition can introduce
errors into the transcript, which may then affect the emotion prediction of the text component.
Recent work has examined this problem by combining vocal information with noisy ASR-
generated transcripts. In this approach, the text component is exposed to different forms of
transcription noise during training and is later combined with information obtained directly from
the voice. Experiments comparing different sources of text showed that systems using accurate
ground-truth transcripts generally had an advantage over ordinary ASR-based approaches,
although the proposed noise-aware method was able to achieve strong results even when
automatically generated transcripts were used [19]. This work demonstrates that transcription
quality is an important consideration in multimodal emotion recognition when textual
information is obtained automatically from spoken input.

The transition from controlled emotional datasets to real-world recordings creates further
challenges for emotion recognition systems. Research using recordings from a real medical
emergency call center compared the same speech emotion recognition architecture on a
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commonly used research corpus and on real emergency conversations. The reported unweighted
accuracy was 63% on IEMOCAP and 45.6% on the real emergency-call corpus when four
emotional classes were considered. The emergency recordings contained a large number of
speakers and included greater variability, mixed emotional expressions, short speech segments,
and recordings of lower quality [5]. These results show that performance obtained on controlled
datasets may decrease when the same type of system is applied to more complex real-world
speech.

Background noise is another factor that can affect speech emotion recognition in real
environments. Recent work has examined the use of self-supervised speech representations
together with speech enhancement in order to improve emotion recognition under noisy
conditions. The proposed framework was designed to support both emotion recognition and
enhanced speech and reported improved performance when evaluated under previously unseen
noise conditions [22]. Research on speech under stress provides a related direction, where
conventional acoustic methods, transfer learning, and self-supervised models have been
evaluated on datasets containing simulated and real stress conditions [21]. These studies show
that real-world emotion-related speech processing involves additional challenges beyond the
classification of controlled emotional recordings.

Research related to safety has also examined dangerous linguistic content directly rather than
first identifying an emotional category. One recent study evaluated large language models for
detecting dangerous statements in authentic text-based clinical conversations. In that work,
dangerous speech was defined using expressions related to self-harm, suicidal tendencies, severe
self-neglect, or harm to others, and the task was treated as a binary classification between
dangerous and non-dangerous content. The evaluated models showed considerable differences
in performance, with reported accuracy values ranging from 0.66 to 0.92. The study also
identified limited contextual understanding and difficulty in providing more detailed risk levels
beyond binary classification as important challenges [25]. This approach differs from emotion
recognition because the final decision is based directly on the meaning of the textual content
rather than on an intermediate emotional classification.

Overall, previous research shows progress in several areas related to the problem examined in
this thesis. Self-supervised speech representations and attention-based models have been used
to improve the extraction of emotional information from audio [13], [23], while multimodal
approaches have examined how speech and text can provide complementary information and
how their contribution can be adjusted dynamically [17]. Other studies have considered problems
related to transcription errors [19], speaker and dataset differences [24], background noise [22],
stress-related speech [21], and the more difficult conditions found in real emergency recordings
[5]- At the same time, safety-related research has also examined the direct identification of
dangerous linguistic content [25]. These studies provide important foundations for the present
work, while also showing that emotion recognition, multimodal processing, automatic
transcription, real-world robustness, and danger-related analysis represent closely connected
but different research problems.

2.8 Research Gap & Connection to This Thesis

The studies discussed in the previous sections show that considerable progress has been made
in emotion recognition from speech and text. Recent speech emotion recognition systems use
deep and self-supervised representations, while multimodal approaches combine information
from different sources and investigate different ways of controlling their contribution to the final
prediction [13], [17]. At the same time, other studies focus on specific difficulties such as speaker-
independent recognition, background noise, automatic transcription errors, and the use of
emotion recognition in real-world environments [5], [19], [22], [24]. These studies address
important parts of the problem, but they also show that emotion recognition, transcription,
multimodal fusion, and safety-related interpretation are often examined through different
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research tasks and experimental settings.

One important issue concerns the representation of emotional information from speech. Pre-
trained speech models can provide rich representations learned from large amounts of audio,
while manually extracted acoustic features can describe specific properties of the speech signal.
Recent research has examined both deep representations and combinations of different types of
speech information [11], [13]. In this thesis, the audio emotion recognition component follows
this direction by combining acoustic features extracted directly from the speech signal with
representations obtained from WavLM. The purpose is not to introduce a new speech
representation model, but to use information obtained from both predefined acoustic
characteristics and a pre-trained speech model within the same emotion classification
component.

Another issue appears when the text component receives its input from spoken language rather
than from text that is already available. Automatic transcription errors can affect the information
provided to an emotion recognition model [19], while multilingual emotion recognition can also
be influenced by translation and differences between languages [20]. In the proposed system,
spoken input is therefore connected directly with the text emotion recognition stage through
automatic transcription. English speech can be processed using the produced transcript, while
Greek speech requires an additional translation stage before it is analyzed by the English text
emotion model. This allows both languages to be processed by the same overall pipeline, while
also introducing the limitations associated with transcription and translation.

Multimodal fusion creates a further design problem because the two modalities may not provide
equally reliable information for every input. Previous research has examined adaptive weighting
approaches in which the importance of individual modalities changes according to the available
information [17]. In this thesis, the speech and text branches are trained independently, and their
predictions are combined at decision level. The fusion process does not use a separately trained
multimodal classifier. Instead, a dynamic fusion mechanism adjusts the relative contribution of
the two branches using predefined information related to the reliability of their predictions. This
keeps the two emotion recognition components independent while allowing their influence on
the final result to change for each input.

The connection between emotion recognition and danger-related applications also requires
careful interpretation. Research using real emergency conversations shows that emotions such
as fear and anger can occur frequently in urgent situations, but real recordings also contain
substantial variability and are more difficult to process than controlled emotional data [5]. Other
safety-related research approaches the problem differently by analyzing textual content directly
and classifying it as dangerous or non-dangerous according to indications such as self-harm,
suicide, severe self-neglect, or harm to others [25]. In that case, danger is treated as a direct text
classification problem rather than as an emotion recognition problem.

The approach followed in this thesis is different from direct dangerous-speech classification. The
system does not contain a separate classifier trained on labelled DANGER and SAFE examples.
Instead, the final hybrid emotion distribution is used to calculate an indicative emotion-based
risk value using predefined emotion weights and a predefined decision threshold. The purpose of
this stage is therefore to examine how the emotional information obtained from speech and text
can be used as an indication related to potential danger, rather than to claim that emotion alone
can confirm whether a real dangerous event is taking place. This distinction is also consistent
with the implementation of the thesis, where the fusion is based on predefined reliability rules
and the risk stage operates on the resulting hybrid emotion distribution rather than on a
separately trained danger model.

Overall, the focus of this thesis is not to introduce a new foundational speech or language model.
Instead, it investigates how existing speech and text emotion recognition components can be
integrated into a complete processing pipeline that starts from spoken input. The proposed
approach combines speech emotion recognition, automatic transcription, text emotion
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recognition, multilingual processing, dynamic decision-level fusion, and a final emotion-based
risk indication within the same system. In this way, the work connects several research areas
discussed throughout this chapter while keeping the final danger-related result as an indicative
assessment based on emotional information. The following chapter presents the datasets used
for developing and evaluating the individual emotion recognition components.
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CHAPTER 3
DATASETS & DATA PREPARATION

3.1 Overview

This chapter presents the datasets used for the development and evaluation of the speech and
text emotion recognition components. Since the proposed system processes emotional
information from two different modalities, separate datasets are required for the audio and text
parts of the system.

For speech emotion recognition, two publicly available emotional speech datasets are used
together with additional recordings collected specifically for this thesis. The public datasets are
RAVDESS and CREMA-D, both of which contain labelled emotional speech produced by multiple
speakers [6], [7]. The additional recordings were created in order to include further speech
samples that follow the emotion categories considered in the proposed system.

For text emotion recognition, the GoEmotions dataset is used. GoEmotions contains a large
collection of English text samples annotated with a fine-grained set of emotional categories [1].
Since the original datasets don’t use exactly the same emotion labels, the available categories are
organized into the common seven-class representation used throughout this thesis: neutral,
happy, sad, anger, fear, disgust, and surprise.

The following sections describe the main characteristics of each dataset, the emotion categories
used from them, and the way the available data are organized for the later training and evaluation
stages.

3.2 Speech Emotion Datasets

The audio emotion recognition component requires speech recordings with known emotional
labels. For this purpose, two publicly available datasets, RAVDESS and CREMA-D, were used
together with a custom dataset created for this thesis. The three sources differ in the number of
speakers, the available emotion categories, and the way the recordings were created. Using more
than one dataset provides a wider variety of speakers and emotional expressions than relying on
a single source.

Since the datasets do not originally contain exactly the same emotion categories, their labels were
adapted to a common set of seven emotions used throughout this work: neutral, happy, sad,
anger, fear, disgust, and surprise. This common representation makes it possible to combine
recordings from different sources during the development of the audio model.

The following subsections present the main characteristics of RAVDESS, CREMA-D, and the
custom recordings, together with the way each dataset is used in this thesis.

3.2.1 RAVDESS

RAVDESS is a multimodal emotional database containing speech, song, and facial expressions.
The complete dataset contains 7,356 recordings produced by 24 English-speaking professional
actors, with an equal distribution of 12 male and 12 female speakers. Each recording is available
in different forms, including audio-video, video-only, and audio-only versions. The speech part of
the dataset is highly controlled. The actors speak two short English sentences while expressing
different emotions. The original speech categories are neutral, calm, happy, sad, angry, fearful,
disgust, and surprise. With the exception of neutral, the emotions are expressed at two intensity
levels, normal and strong, and each expression is repeated twice [6].
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This structure is useful for emotion recognition because the same sentences are spoken by
different people and with different emotional expressions. As a result, the linguistic content
changes very little, while characteristics such as the speaker, emotion, and emotional intensity
change. This makes RAVDESS a useful, controlled dataset for studying emotional information in
the voice.

The complete database contains 4,320 speech recordings across the three available modalities.
Therefore, the audio-only speech part contains 1,440 WAV recordings. The original audio-only
files are provided at a sampling rate of 48 kHz [6]. Only these speech audio recordings are
relevant to the audio model developed in this thesis, since song and visual information are not
used.

Another useful characteristic of RAVDESS is its filename structure. Each filename contains
numerical fields describing the modality, channel, emotion, intensity, statement, repetition, and
actor. The emotion and speaker identity can therefore be obtained directly from the filename [6].
The actor number also indicates gender, with odd numbers representing male actors and even
numbers representing female actors.

Code Original RAVDESS emotion
01 Neutral

02 Calm

03 Happy

04 Sad

05 Angry

06 Fearful

07 Disgust

08 Surprise

In this research, these original labels are converted to the seven common categories. In particular,
both neutral and calm are mapped to neutral. The remaining categories are converted directly to
happy, sad, anger, fear, disgust, and surprise.

RAVDESS also includes a validation process in which participants were asked to recognize the
expressed emotions and evaluate aspects such as emotional intensity and genuineness. A total of
247 participants took part in the main validation procedure, while another 72 were involved in
the test-retest reliability evaluation. This makes it possible to compare the intended emotion of
each recording with the way it was perceived by human listeners. However, the dataset also has
some limitations. The emotions were acted and recorded under controlled conditions, which
means that they may differ from emotional expressions that occur naturally in everyday speech.
In addition, the speech recordings are based on only two different sentences, so the variety of
linguistic content is limited [6].

In this thesis, speaker identity is preserved when organizing the RAVDESS data. Actors 01-16 are
used during the initial model configuration process, actors 17-20 are used for validation, and
actors 21-24 are kept exclusively for final testing. After the model configuration is selected, actors
01-20 are used for final training. In this way, the final RAVDESS test recordings come from
speakers that were not used during model development.
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Dataset information RAVDESS

Language English

Speakers 24 professional actors

Gender distribution 12 male and 12 female speakers

Type of recordings Acted emotional speech

Total number of recordings 7,356 recordings in the complete database
Audio-only speech samples 1,440 recordings

Spoken sentences 2 different sentences

Emotion categories 8 original categories

Emotional intensity Normal and strong for all emotions except neutral
Audio file format WAV

Sampling rate 48 kHz

Data used in this thesis Audio-only speech recordings

Label adaptation Calm is included in the neutral category

Table 3.1: Main information about the RAVDESS dataset

3.2.2 CREMA-D

CREMA-D is another multimodal dataset designed for the study of emotional expression. It
contains 7,442 clips produced by 91 actors, including 48 male and 43 female speakers. The actors
range from 20 to 74 years of age and represent different demographic backgrounds [7].

Compared with RAVDESS, CREMA-D contains a much larger number of speakers. This is useful
for speech emotion recognition because the model is exposed to greater variation between
individual voices. The recordings were produced by professional actors under the guidance of
theatre directors. The actors were asked to express a target emotion while speaking predefined
sentences, and the directors helped them produce the required emotional expression [7].

The dataset contains six emotions: happy, sad, anger, fear, disgust, and neutral. Surprise is not
included in CREMA-D [7]. Because the classification system developed in this thesis contains
seven categories, CREMA-D contributes samples to six of them, while the surprise class is
provided by the other speech datasets.

The actors speak 12 different sentences, whose linguistic content was selected to be emotionally
neutral. This means that the emotion is mainly communicated through the way the sentence is
spoken rather than through strongly emotional words. The use of 12 sentences also provides
greater linguistic variety than RAVDESS. Also, this dataset includes variation in emotional
intensity. One of the sentences was recorded at low, medium, and high intensity, while the
remaining sentences were produced without a predefined intensity level [7]. This provides both
stronger and more subtle examples of emotional speech.

One important part of CREMA-D is the way the recordings were evaluated by human listeners.
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The clips were presented in audio-only, visual-only, and audio-visual form, and a total of 2,443
people took part in the crowd-sourced evaluation, providing ratings for both the perceived
emotion and its intensity. Based on these responses, the recordings were divided into three
groups. In matching clips, the emotion recognized by the listeners agreed with the emotion
intended by the actor. In non-matching clips, the listeners generally agreed on an emotion, but it
was different from the intended one. Finally, ambiguous clips were those for which there was not
enough agreement on a single emotional category [7].

The emotion information in the CREMA-D filenames is converted to the common labels of this
thesis. The codes ANG, DIS, FEA, HAP, NEU, and SAD correspond to anger, disgust, fear, happy,
neutral, and sad respectively. Speaker identity is also obtained from the filename so that the data
can be separated according to speakers.

For model development, CREMA-D is divided at speaker level. Approximately 15% of its speakers
are used for validation and another 15% for final testing, while the remaining speakers are used
for training. The same speaker is not allowed to appear in more than one of these groups. This
prevents recordings from the same person from appearing in both training and test data.

remaining sentences

Dataset information CREMA-D

Language English

Speakers 91 actors

Gender distribution 48 male and 43 female speakers

Age range 20-74 years

Type of recordings Acted emotional speech

Total number of recordings 7,442 clips

Spoken sentences 12 different sentences

Emotion categories Happy, sad, anger, fear, disgust, and neutral

Emotional intensity Low, medium, and high for one sentence; not predefined for the

Human evaluation Ratings from 2,443 participants

Evaluation formats Audio-only, visual-only, and audio-visual
Perceptual grouping Matching, non-matching, and ambiguous clips
Data used in this thesis Audio recordings

Validation data 15% of the speakers

Test data 15% of the speakers

Table 3.2: Main information about the CREMA-D dataset

3.2.3 Custom Speech Recordings

In addition to RAVDESS and CREMA-D, a custom speech dataset was created specifically for this
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thesis. The purpose of this dataset was to provide additional speech samples that follow the same
seven emotion categories used by the audio emotion recognition model.

The custom dataset contains 252 original audio recordings from three speakers. Each speaker
recorded the same 12 phrases while expressing seven different emotions: neutral, happy, sad,
anger, fear, disgust, and surprise. Therefore, each speaker produced 84 recordings,
corresponding to 12 phrases for each of the seven emotions. With three speakers, the complete

dataset contains 252 recordings.

Dataset information

Custom speech dataset

Speakers

3

Spoken phrases

12 different phrases

Emotion categories

Neutral, happy, sad, anger, fear, disgust, and surprise

Recordings per speaker 84
Total number of recordings | 252
Audio file format WAV

Dataset organization

Speaker and emotion information included in the filenames

Data used in this thesis

Training data for the audio emotion model

Augmented recordings

Used during training

Main purpose

Additional emotional speech data for model development

Table 3.3: Main information about the custom speech dataset

The same phrases were used for all speakers and emotional categories so that the spoken content
remained consistent while the expressed emotion changed. The selected phrases are short
everyday statements and do not contain an obvious emotional meaning. This makes it possible to
focus more on the way the phrase is spoken rather than relying only on emotionally strong words.
The phrases used in the custom dataset are presented in Table 3.4.

Phrase | Original Greek text English translation

P1 INuepa o TTpwi Bynka amd to omitL This morning I left the house.

P2 To BiBAio Bploketat Tdvw oto TpaTElL The book is on the table.

P3 AVplo Ba Taw 6TO TAVETLOTHLLO. Tomorrow [ will go to the university.
P4 To avtokivnTo elval TapKaplopévo EEw. The car is parked outside.

P5 '‘ExAgloa 10 Tapabupo mp @Uyw. I closed the window before I left.

P6 To Aépwvo Bploketal péoa otnv todvta. | The phone is inside the bag.

P7 To pabnua apyilel otig evvea. The class starts at nine.
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P8 [Tepmatnoa péxpt TnVv mMAXTELCL [ walked to the square.

P9 Apnoa to kAeldi SimAa oty TOpTO. [ left the key next to the door.

P10 To Aew@opeio Eéptaoce mpLv Atyo. The bus arrived a short while ago.

P11 H ouvavtnon Ba yivel To amdyevua. The meeting will take place in the afternoon.
P12 210 SWHATLO UTIAPXEL EVAL LKPO TPATIECL. There is a small table in the room.

Table 3.4: Phrases used in the custom speech dataset

The recordings were organized using filenames that include information about the speaker and
the expressed emotion. Speaker identifiers such as spk01, spk02, and spk03 are used to
distinguish the three speakers. The emotion label is also included in the filename so that the
recordings can be automatically assigned to the corresponding category during dataset loading.

The custom recordings are used only as training data for the audio emotion recognition model.
They are not included in the final public test set, which is based on unseen speakers from
RAVDESS and CREMA-D. This keeps the custom recordings as an additional source of training
examples without using the same data for the final quantitative evaluation.

Augmented versions of the custom recordings are also used during training in order to introduce
additional variation to the available speech samples. These recordings are treated as modified
versions of the original data and are not considered separate test samples.

The main limitation of the custom dataset is its relatively small size and the limited number of
speakers. Three speakers cannot represent the full range of voices, accents, speaking styles, and
recording conditions that may appear in real-world speech. For this reason, the custom dataset is
used to support the larger public datasets rather than as the main source for evaluating the audio
model.

3.3 Text Emotion Dataset

The text emotion recognition component requires labelled textual data instead of speech
recordings. For this purpose, the GoEmotions dataset was selected. It provides a large collection
of English text samples annotated with emotional categories and was created specifically for fine-
grained emotion recognition [1]. Each sample consists of written text together with one or more
emotional labels. For this thesis, the dataset is processed so that the text model follows the same
seven emotion categories used by the audio model: neutral, happy, sad, anger, fear, disgust, and
surprise.

3.3.1 GoEmotions

GoEmotions is a large human-annotated dataset created from English comments collected from
Reddit. It contains approximately 58,000 comments labelled according to 27 different emotion
categories together with Neutral. The comments were selected from popular English-language
subreddits. The original Reddit data covered a long period of online discussions, while deleted
and non-English comments were removed during the dataset creation process. Additional
filtering was also performed to reduce unsuitable content and control the length and distribution
of the selected comments [1]. The final samples were limited to relatively short comments,
making them suitable for sentence-level emotion classification.

An important characteristic of GoEmotions is that the emotion labels were assigned through
human annotation, and a single comment can contain one or more emotional labels. This allows
the dataset to represent cases where more than one emotion is expressed in the same text, such
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as surprise together with amusement. The original dataset includes 27 emotion categories and
Neutral, covering both positive and negative emotions as well as more specific emotional
reactions such as joy, sadness, anger, fear, disgust, surprise, admiration, approval,
disappointment, gratitude, nervousness, and remorse [1].

For this thesis, only the GoEmotions categories that directly correspond to the seven emotion
classes used by the proposed system are selected. These categories are anger, fear, joy, sadness,
disgust, surprise, and neutral. The remaining GoEmotions emotion categories are not used for the
development of the text classifier. Since the terminology of the dataset is slightly different from
the final label names used in this thesis, joy is renamed as happy and sadness as sad, while the
other selected categories remain unchanged.

GoEmotions label Emotion used
Neutral Neutral

Joy Happy
Sadness Sad

Anger Anger

Fear Fear

Disgust Disgust
Surprise Surprise

Table 3.5 Mapping used in the text dataset

Since the text classifier developed in this thesis performs single-label classification, samples
containing more than one of the seven selected emotions are not used. A sample is retained only
when exactly one of these seven emotional labels is active. This creates a clear target category for
every text given to the classifier. Before the dataset is divided into training, validation, and test
sets, samples with missing or empty text are removed. Exact duplicate texts are also removed so
that the same sentence is not repeatedly included in the data that are later separated into the
different subsets.

The resulting dataset is then divided using a stratified split. Approximately 70% of the samples
are used for training, 10% for validation, and 20% for testing. Stratification is used so that the
relative distribution of the seven emotion categories remains approximately similar in each
subset. The test set is kept separate from training and model selection and is used only for the
final evaluation of the text model.

Another characteristic of the processed dataset is that the number of available examples differs
between emotional categories. For this reason, balancing is applied only to the training set during
the later model-development stage. Larger classes can be limited to a maximum number of
training examples, while smaller classes can be increased through random oversampling. The
validation and test samples are not modified in this way, so they remain separate evaluation

sets.
Dataset information GoEmotions
Language English

32



Type of data

Reddit comments

Dataset size

Approximately 58,000 comments

Annotation

Human-annotated

Original emotion categories

27 emotions and Neutral

Original task

Fine-grained emotion recognition

Label structure

One or more emotions can be assigned to a comment

Categories used in this thesis

Neutral, joy, sadness, anger, fear, disgust, and surprise

Label adaptation

Joy — happy, sadness — sad

Classification used in this thesis

Single-label

Training data Approximately 70%
Validation data Approximately 10%
Test data Approximately 20%

Main purpose in this thesis

Development of the text emotion model

Table 3.6: Main information about the GoEmotions dataset
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CHAPTER 4
METHODOLOGY

4.1 System Overview

The proposed system is designed to recognize emotion from both speech and textual information
and then use the final emotional representation to provide an indication of possible emotional
risk. The complete methodology consists of two separate emotion recognition components, one
based on the audio signal, and one based on the textual content of the spoken input. Both
components use the same seven emotion categories neutral, happy, sad, anger, fear, disgust, and
surprise.

The processing procedure begins with an audio recording. The same recording follows two
different paths. In the first path, the speech signal is processed directly by the audio emotion
recognition component. In the second path, the spoken content is converted into text and then
analyzed by the text emotion recognition component. As a result, the system produces two
separate emotion predictions for the same input, one based on characteristics of the voice and
another based on the verbal content.

The audio component uses a combination of information obtained from a pre-trained speech
representation model and acoustic characteristics extracted directly from the waveform. These
two groups of features are combined and provided to an emotion classifier. The text component
follows a different procedure, where the transcribed text is processed by a language model that
has been adapted to the same seven-class emotion recognition problem.

Since the text emotion model operates on English text, the language of the original speech is also
considered. English speech can be processed directly after transcription. When Greek speech is
detected, an additional translation stage is used to produce English text before textual emotion
recognition is performed.

After the audio and text components produce their predictions, the two outputs are combined
through a dynamic fusion mechanism. The contribution of each modality is not fixed for every
input. Instead, the method considers both the general performance of the two trained models and
information related to the quality of their predictions for the current sample. The final result of
this stage is a single distribution across the seven emotion categories. No additional hybrid
classifier is trained at this stage.

Finally, the hybrid emotion distribution is provided to an indicative emotion-based danger
detector. The detector considers the contribution of the different emotional categories and uses
apredefined decision threshold to produce a SAFE or DANGER indication. This stage is based only
on the emotional information produced by the system and does not represent a separately trained
danger classifier.

4.2 Audio Data Processing & Feature Representation

Before feature extraction, all audio recordings pass through the same preprocessing procedure.
Each recording is converted to mono and resampled to 16 kHz. A common format is used so that
recordings coming from different datasets are processed in the same way before they are given
to the audio model. The duration is limited to a maximum of six seconds, which also gives a
common upper limit to the amount of audio processed for each sample. Silence at the beginning
and end of the recording is removed, while empty or almost silent recordings are rejected because
they cannot provide a useful speech signal for the following feature extraction stage. The same
preprocessing settings are also kept during inference so that new recordings are processed in the
same way as the recordings used during training.
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For the custom speech recordings, an additional data augmentation step is used. The aim of this
step is to create slightly different versions of the available recordings and include them as
additional training samples. Four types of modification are applied gaussian noise, small changes
in volume, mild reverberation, and slight time stretching. These changes introduce variation in
the audio while the original emotion label remains unchanged. One augmented version is created
for each selected custom recording. The changes are kept relatively small, for example, the time-
stretching rate is 0.98 or 1.02, while the volume is multiplied by 0.85 or 1.15.

After preprocessing, two different groups of features are extracted from every recording. The first
group is obtained from the pre-trained WavLM model. In this work, WavLM is used only as a
feature extractor and is not fine-tuned, so its pre-trained parameters remain unchanged. For
feature extraction, the WavLM representation is obtained using layer 9, and this setting is kept
the same during training and inference.

WavLM produces a sequence of representations across the duration of each recording rather than
a single representation for the complete audio signal. To convert this sequence into a form that
can be used by the classifier, mean and standard deviation pooling are applied across the valid
temporal positions. In this way, information from the whole recording is summarized into a single
feature representation. An attention mask is also used during this process so that padding values
added during processing do not affect the calculated features.

In parallel, a set of acoustic features is extracted directly from the audio signal, including MFCCs
and their temporal differences, chroma, zero-crossing rate, RMS energy, spectral centroid,
spectral bandwidth, spectral contrast, spectral roll-off, and spectral flatness. For several of these
features, statistical values such as the mean and standard deviation are calculated across the
recording. These acoustic measurements are then combined with the representation produced
by WavLM, so the final input contains information from both the pre-trained speech model and
the original audio signal. Before this combined representation is given to the LinearSVC classifier,
itis standardized using a scaler fitted on the training data. The same scaler is later applied during
inference so that new recordings are processed in the same way as the data used during training.

4.3 Text Data Preparation

Before the text data are used to train the emotion recognition model, they go through a
preparation stage. First, samples with missing or empty text are removed because they do not
provide valid input for the text classifier. Exact duplicate texts are also removed so that the same
sentence is not repeatedly included in the dataset that will later be divided into training,
validation, and test sets.

The text model is designed to predict one of the seven emotion categories used in this thesis. For
this reason, only samples that correspond to a single selected emotion are kept. Samples that
contain more than one of the selected emotions are not used, since the classifier is trained as a
single-label classification model and therefore each input needs one clear target emotion.

After this filtering process, the remaining data are divided into training, validation, and test sets.
Approximately 70% of the samples are used for training, 10% for validation, and 20% for testing.
A stratified split is used so that the proportion of the different emotion classes remains
approximately similar in each subset. The validation set is used during model development, while
the test set is kept separate and is used only after training and model selection have been
completed.

Because the number of available samples is not the same for every emotion, balancing is applied
only to the training set. Classes with many examples can be limited, while classes with fewer
examples can be increased through oversampling. Class weights are also calculated from the
training data so that errors in less represented emotions can have a greater influence during
training. These changes are not applied to the validation or test sets, so their original distributions
remain unchanged for evaluation.
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Finally, the text samples are converted into tokens using the tokenizer of the pre-trained
RoBERTa model. Texts that are longer than the maximum accepted length are truncated, while
padding is added dynamically when the samples are organized into batches. This converts the
original text into the input format required by the model before training

4.4 Model Training & Evaluation Strategy

The audio and text models are trained separately because they process different types of
information. The audio model uses features extracted from the speech signal, while the text model
uses the written content. However, both models are trained to predict the same seven emotion
categories. This common output is necessary because their predictions are later combined during
the audio-text fusion stage.

For the audio model, the public speech datasets are divided according to speaker identity rather
than individual recordings. This means that recordings from the same speaker are not allowed to
appear in both the training and final test data. This separation is used so that the final evaluation
is performed on voices that the model has not seen during training. In RAVDESS, actors 01-16 are
initially used during the configuration search, actors 17-20 are used for validation, and actors
21-24 are kept only for the final test. After the configuration is selected, actors 01-20 are used
for the final training of the model. CREMA-D follows the same speaker-independent idea, with
separate groups of speakers used for training, validation, and final testing.

During the development of the audio model, different configurations of the LinearSVC classifier
and different contributions of the available training datasets are tested. Each configuration is
evaluated using the validation data from RAVDESS and CREMA-D, and the configuration with the
best overall validation performance is selected. Using separate validation data for this process
allows the model configuration to be chosen without using the final test speakers.

After the configuration has been selected, the final audio training set is created using the available
training recordings from RAVDESS and CREMA-D together with the original and augmented
custom recordings. The custom recordings are used only as additional training data and are not
included in the final test set. A StandardScaler is fitted using the final training data, and the
LinearSVC classifier is then trained using the selected configuration. The final evaluation is
performed on the RAVDESS and CREMA-D speakers that were kept separate from both training
and model selection. In this way, the reported results represent the performance of the model on
unseen speakers.

The text model follows a different training procedure. The pre-trained RoBERTa model is fine-
tuned using the prepared training set, while the validation set is used to monitor its performance
during training. Early stopping is applied so that training can stop when the validation
performance no longer improves, instead of continuing unnecessarily. Macro-F1 is used to select
the best model checkpoint because it considers the performance of all emotion classes without
allowing the larger classes to dominate the model selection.

After training and model selection have been completed, the text model is evaluated on the
separate test set. This test set is not used for training, early stopping, or the selection of the best
checkpoint, so it remains independent from the model development process. This provides a
clearer indication of how the trained model performs on text samples that were not used to adjust
it.

For both the audio and text models, evaluation is not based only on overall accuracy. Accuracy,
Balanced Accuracy, Macro-F1, Weighted-F1, class-level results, and confusion matrices are also
considered. These measures provide a more complete view of the model performance because
the emotion categories do not contain the same number of samples. For example, Macro-F1 gives
the same importance to every emotion class, while Weighted-F1 also considers the number of
samples belonging to each class. The confusion matrix is used to examine which emotions are
correctly recognized and which ones are more often confused with each other.
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4.5 Speech Transcription & Translation

The complete system receives an audio recording as input, but the text emotion model requires
written text. For this reason, the spoken content must first be converted into text. Whisper is used
for this stage, connecting the original speech recording with the text emotion recognition part of
the system.

Since the system is designed to process both Greek and English speech, the language of each
recording is detected before transcription. Whisper provides language probabilities, and the
system compares the probabilities for Greek and English to select between these two languages.
The selected language is then used during transcription. A corresponding initial prompt is also
provided to Whisper in order to guide the transcription process according to the detected
language.

When the detected language is English, the resulting transcript can be given directly to the text
emotion model. When Greek is detected, an additional translation stage is required because the
text emotion model was trained using English text. Two possible English versions are produced.
The first is created by translating the Greek transcript into English, while the second is produced
by asking Whisper to translate the original audio directly into English. Using two different
translation paths makes it possible to compare their results instead of depending on only one
translation.

If both English translations are available, their similarity is also examined. This provides an
indication of how closely the two translation methods agree. Duplicate translations are removed
so that the same text is not processed more than once. Each available text candidate is then passed
through the text emotion model, and the candidate that gives the clearest emotion prediction is
selected. The selection considers how strong the highest prediction is, how clearly it is separated
from the next emotion, and the overall uncertainty of the prediction.

Finally, the selected text is given a reliability value before it is used in the audio-text fusion stage.
The reliability can be reduced when the transcript is very short or repetitive, when translation is
required, when the two translation methods disagree, or when the text emotion prediction is
uncertain. This allows the following fusion stage to take into account that the textual information
may not always be equally reliable for every recording.

4.6 Audio-Text Fusion Methodology

After the audio and text models produce their emotion predictions, their outputs are combined
to obtain one final emotion result. A new hybrid model is not trained for this stage. Instead, a
dynamic fusion mechanism based on predefined rules is used. The contribution of audio and text
is therefore not fixed for every recording but can change depending on the information available
for each input.

The process first considers the general performance of the two trained models. Their evaluation
results, based on Accuracy and Macro-F1, are used to provide an initial indication of how much
each model should contribute to the fusion. These initial weights are then adjusted according to
the current prediction. In this way, the fusion does not depend only on the overall performance
of each model but also considers how clear its prediction is for the specific recording being
processed.

To estimate the quality of each prediction, the system considers the strongest predicted emotion,
how clearly it is separated from the next possible emotion, and the uncertainty of the complete
emotion distribution. For the text branch, the reliability of the transcription and translation
process is also considered. This is important because the textual result may become less reliable
when the transcript is very short, when translation is required, or when the available translations
show low agreement.
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When the audio and text models predict different emotions, their prediction quality is compared
and the modality with the clearer result can receive a greater contribution. At the same time, the
weights are limited so that one modality does not completely remove the other from the fusion
process. When translated text is used, the contribution of the text branch is further limited,
especially when the available translations show very low agreement. These adjustments are used
because transcription and translation can introduce additional uncertainty into the textual
information.

Once the final audio and text weights have been determined, the two emotion distributions are
combined using logarithmic fusion. If both models agree on the same strongest emotion, that
emotion receives a small additional reinforcement. If a valid text result is not available, the system
uses only the audio prediction instead of attempting to combine unreliable or missing textual
information. The final output of this stage is one emotion distribution across the seven emotion
categories, which is then passed to the emotion-based danger detector.

4.7 Emotion-Based Danger Detector

After the audio and text predictions have been combined, the final hybrid emotion distribution is
given to an emotion-based danger detector. The detector uses the information from all seven
emotion categories rather than considering only the emotion with the highest value. In this way,
more than one emotion can influence the final decision when several emotions have a noticeable
presence in the hybrid result.

The emotions do not contribute equally to the detector. Fear has the highest contribution,
followed by anger, while sadness and disgust have smaller contributions. Neutral, happy, and
surprise do not increase the danger indication. These contributions are predefined design
parameters and are applied to the complete hybrid emotion distribution. This allows the detector
to consider the overall emotional state produced by the system instead of depending only on a
single predicted emotion.

The result produced from these emotional contributions is then compared with a predefined
decision threshold of 0.40. When the result reaches or exceeds this threshold, the detector
produces a DANGER indication. Otherwise, the output is SAFE. The threshold is kept fixed and is
not learned during the training of either the audio or text model.

The danger detector is not a separately trained binary classifier. It operates only on the final
hybrid emotion distribution and uses the predefined emotion contributions and decision
threshold to produce the final indication. For this reason, its output represents an emotion-based
indication of possible danger and should not be interpreted as proof that a real dangerous
situation is occurring.
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CHAPTER 5
MODEL TRAINING & SYSTEM IMPLEMENTATION

5.1 Overview

This chapter describes the implementation and training of the different parts of the proposed
system. The system includes an audio emotion model, a text emotion model, a speech
transcription and translation stage, a fusion process, and the final emotion-based danger
detector.

The audio and text models are trained separately because they use different types of input. The
audio model analyzes the speech signal, while the text model analyzes the words of the same
recording. Both models predict the same seven emotion categories so that their results can later
be combined.

After the two models produce their predictions, Whisper is used to convert speech into text. When
the speech is in Greek, the text is translated into English before it is processed by the text model.
The audio and text predictions are then combined through the dynamic fusion process. Finally,
the hybrid emotion result is passed to the danger detector, which produces the final SAFE or
DANGER indication. The complete system can be used with both stored audio files and recordings
from a microphone.

5.2 Software Environment and Libraries

The proposed system was implemented in Python. Different libraries were used for audio
processing, model training, text processing, and evaluation.

PyTorch and the Transformers library were used for the pre-trained WavLM and RoBERTa
models. Librosa was used for audio preprocessing and acoustic feature extraction. Scikit-learn
was used for the LinearSVC classifier, feature standardization, and the calculation of evaluation
metrics.

Whisper was used for speech transcription, while NumPy was used for numerical operations.
Matplotlib was used to create plots and confusion matrices for the evaluation of the models.

The main libraries and tools used in the implementation are presented in Table 5.1.

Library / Tool Main use

Python Main implementation language

PyTorch Deep learning operations

Transformers WavLM and RoBERTa models

Librosa Audio processing and feature extraction
Scikit-learn LinearSVC, preprocessing and evaluation
Whisper Speech transcription

NumPy Numerical operations
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Matplotlib Plots and confusion matrices

Table 5.1: Main libraries and tools used in the implementation

5.3 Audio Emotion Model Training

The audio emotion model was trained using recordings from RAVDESS, CREMA-D, and the custom
speech dataset. The preprocessing and feature extraction procedure described in Section 4.2 was
followed for all recordings. In the implementation, the audio was converted to mono, resampled
to 16 kHz, and limited to a maximum duration of six seconds.

For the WavLM representation, the pre-trained WavLM-base-plus model was used with its
parameters frozen. The representation from layer 9 was selected and mean and standard
deviation pooling were applied, resulting in 1,536 features for each recording. In parallel, 211
acoustic features were extracted using Librosa. These included MFCC-based features, chroma,
zero-crossing rate, RMS energy, and different spectral characteristics. The two feature groups
were concatenated into a final 1,747-dimensional feature vector.

WavLM-base-plus is a pre-trained model used to extract useful information from speech. In this
work, it does not directly predict one of the seven emotions. Instead, it produces speech
representations that are later combined with the acoustic features extracted from the same
recording. During training, the WavLM parameters remain frozen, so the model itself is not
updated and is used only as a feature extractor. WavLM was selected because it was developed
for different speech-processing tasks and has also been evaluated for emotion recognition,
making it a suitable choice for obtaining speech representations for this work [8]. Its pre-trained
representations also allow useful information to be extracted from the recordings without having
to train a speech representation model from the beginning. The final emotion classification is then
performed by the audio classifier.

Before classification, the final feature vectors were standardized using StandardScaler. The scaler
was fitted on the training data and the same fitted scaler was then used for validation, testing, and
inference. The standardized features were then provided to a LinearSVC classifier. LinearSVC is
the final classifier of the audio emotion model and uses the combined WavLM and acoustic
features to classify each recording into one of the seven emotion categories. It was selected
because the audio information had already been converted into a fixed-length feature vector that
could be provided directly to a separate classifier. Its main parameter, C, could also be tested
using the validation data before the final model was trained. This allowed the feature extraction
and emotion classification stages to remain separate, while the classifier configuration was
selected using the validation procedure described below.

During model development, different values of the LinearSVC parameter C and different source
weights for CREMA-D and the custom dataset were tested. Six values were examined for C (0.001,
0.003, 0.005,0.010, 0.020, and 0.030), together with four CREMA-D weights (0.60, 0.75, 0.90, and
1.00) and four custom-data weights (1.50, 2.00, 2.50, and 3.00). This resulted in 96 different
configurations. Each configuration was evaluated on the speaker-independent validation data
from RAVDESS and CREMA-D. The configurations were compared using a selection criterion
based on 55% of the mean validation accuracy and 45% of the harmonic mean of the Macro-F1
results. The final selected configuration used C = 0.001, a CREMA-D weight of 0.9, and a custom-
data weight of 2.5. These values were therefore selected from the validation search rather than
being chosen directly. Class-balanced sample weights were also calculated separately from the
training data and combined with the dataset source weights in order to take class imbalance into
account.

The configuration search was performed without using the final test speakers. For RAVDESS,
actors 01-16 were used during configuration search, actors 17-20 for validation, and actors 21-
24 were reserved for final testing. After the configuration was selected, actors 01-20 were used
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for final training. CREMA-D was also divided according to speaker identity, with approximately
15% of the speakers used for validation and 15% reserved for final testing. The custom
recordings, including their augmented versions, were used only during training and were not
included in the final public test set. The augmented custom recordings received 25% of the source
weight assigned to the original custom recordings.

5.4 Text Emotion Model Training

The text emotion model was trained using the GoEmotions dataset. Following the preparation
procedure described in Section 4.3, only the seven source categories required by the system were
selected anger, fear, joy, sadness, disgust, surprise, and neutral. The labels joy and sadness were
renamed as happy and sad, while the remaining selected labels were kept unchanged. Samples
containing more than one of these selected emotions were excluded because the model was
trained for single-label classification.

Before the dataset was divided, samples with missing or empty text and exact duplicate texts were
removed. The remaining samples were separated using stratified splitting, with approximately
70% used for training, 10% for validation, and 20% for testing. A random seed of 42 was used for
the split. The validation and test sets were kept unchanged after this stage, while balancing was
applied only to the training set.

To reduce the effect of class imbalance during training, classes containing more than 10,000
samples were limited to this number, while classes containing fewer than 1,000 samples were
increased through random oversampling. The oversampling procedure reused existing training
samples rather than creating new synthetic text. In addition, class weights were calculated from
the final training set according to the frequency of each emotion class. Less represented classes
received larger weights, while more frequent classes received smaller weights. A weight power
of 0.35 was then applied to control how strongly this correction affected the training process.
Using a value below 1 reduces the difference between the calculated class weights, so the
imbalance is corrected without giving excessively large importance to the least represented
classes. The resulting weights were used in the loss function during model training. Oversampling
and class weighting therefore have different roles. Oversampling changes how often samples
from less represented classes are presented to the model, while class weights change how
strongly their errors contribute to the training loss. Neither operation was applied to the
validation or test sets.

After the balancing procedure, the final training set contained 17,070 samples, while the
unchanged validation and test sets contained 2,463 and 4,926 samples, respectively. These sets
were then used for model training, model selection, and final evaluation.

RoBERTa-base is a pre-trained Transformer model used for processing textual information. In
this work, it is used as the main model of the text emotion recognition branch and is fine-tuned
to classify the input text into the seven emotion categories. Unlike WavLM in the audio branch,
the RoBERTa parameters are updated during training so that the model can adapt its pre-trained
language representations to the emotion classification task. RoBERTa was selected because it can
represent words according to their surrounding context and can be fine-tuned for text
classification tasks [9]. This is useful for emotion recognition, where the meaning of a word or
sentence can depend on the context in which it appears.

Training was configured for a maximum of nine epochs with a learning rate of 1.3 x 107°. The
relatively small learning rate was used because RoBERTa is already a pre-trained model and its
parameters are updated during fine-tuning rather than learned from the beginning. This allows
the model to adapt gradually to the emotion classification task. A training batch size of 4 was used,
together with gradient accumulation over four steps. As a result, the gradients from several
smaller batches are accumulated before the model parameters are updated. The evaluation batch
size was set to 8. During validation, the model parameters were not updated, and the validation
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data were used only to monitor model performance.

The AdamW optimizer was used during fine-tuning together with a linear learning-rate schedule.
Additional training settings included a weight decay of 0.01, a warm-up ratio of 0.08, and label
smoothing of 0.015. Weight decay was used as a regularization setting during optimization, while
the warm-up ratio means that the learning rate increases gradually during the first 8% of the
training steps before continuing with the linear schedule. Label smoothing slightly reduces the
certainty of the target labels during the calculation of the loss instead of treating the correct class
as an absolute target. These values were predefined training settings of the implemented model
and were kept fixed during the final training process.

The model was evaluated on the validation set at the end of each epoch, with Macro-F1 used to
select the best checkpoint. Early stopping was applied with a patience of three evaluation rounds,
meaning that training stopped when the validation Macro-F1 did not improve for three
consecutive evaluations. Although the maximum number of epochs was set to nine, the final
training run stopped after five epochs. After training stopped, the checkpoint with the highest
validation Macro-F1 was automatically restored, and this model was then used for the final
evaluation on the independent test set.

5.5 Speech Transcription and Translation

The transcription stage was implemented using the Whisper small model [10]. Whisper is a pre-
trained model that can process speech in different languages and perform language detection,
transcription, and translation. It was selected because the system needs to process both Greek
and English recordings and these tasks can be handled within the same model. The small version
was used as the selected Whisper configuration for the current implementation. Since the
proposed system supports Greek and English speech, Whisper was first used to determine which
of these two languages was more likely for each recording.

For transcription, a temperature of 0.0 and a beam size of 5 were used. The temperature controls
the amount of randomness during the generation of the transcript. Setting it to 0.0 makes the
decoding deterministic, so Whisper selects the most likely transcription instead of introducing
random variation between executions. A beam size of 5 means that Whisper keeps up to five
possible decoding sequences under consideration during the transcription process and compares
them before selecting the final result. This allows the transcription to be selected from several
possible sequences rather than following only the first available prediction. The detected
language was also given directly to Whisper together with a short initial prompt. The Greek
prompt was “H nxoypdaenon eivat ota eAAnvikd.”, while the English prompt was “The recording
is in English.” The prompt provides an additional indication of the expected language during
transcription. These settings were predefined implementation choices and were kept fixed for all
recordings.

When English speech was detected, the resulting transcript was passed directly to the text
emotion model. For Greek speech, an English version was required because the text classifier was
trained on English data. Two translation methods were used. The first translated the Greek
transcript into English using Google Translate, while the second used Whisper to translate the
original audio directly into English.

When both translation methods produced a result, their similarity was calculated to obtain a
translation agreement value between 0 and 1. This comparison considered both the overall
similarity of the two sentences and the words that they had in common. A value closer to 1
indicates that the two translation methods produced more similar English text.

Each available English candidate was also processed by the text emotion model before the final
text was selected. For every candidate, a quality value was calculated using three parts of the
emotion prediction. The highest predicted emotion probability had the largest contribution, with
a weight of 50%, because it shows how strongly the model supports its most likely emotion. The
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difference between the first and second highest probabilities contributed 35%, since a larger
difference indicates that the model separates its first choice more clearly from the next possible
emotion. The remaining 15% was based on the overall uncertainty of the complete emotion
distribution, using the entropy of the prediction. Lower entropy corresponds to a more
concentrated and clearer prediction. These three parts were combined to form the candidate
quality value. Short texts and translated texts received a small reduction, and the candidate with
the highest final value was selected as the input of the text branch.

Finally, the selected text was assigned a reliability value before the audio-text fusion stage. This
value can be reduced when the text is very short or repetitive, when translation is required, when
the two translations have low agreement, or when the emotion prediction of the text model is
uncertain. The exact reliability values are used during the fusion process described in Section 5.6,
where they determine how strongly the text prediction contributes to the final hybrid result.

5.6 Hybrid System Implementation

The hybrid stage combines the emotion distributions produced by the audio and text models. No
additional multimodal classifier is trained during this stage. Instead, the contribution of the two
already trained models is adjusted dynamically for every recording according to their overall
performance and the quality of their current predictions.

Before fusion, the output of the LinearSVC audio classifier must be converted into a normalized
emotion distribution. Since LinearSVC produces decision values rather than probabilities, a
temperature value of 1.30 is applied before normalization. Increasing the temperature slightly
reduces large differences between the decision values and produces a smoother distribution
across the seven emotions. This is useful because the fusion stage requires a complete
distribution rather than only the strongest audio prediction. The value 1.30 was used as a
predefined implementation setting to apply a mild smoothing effect without making the audio
distribution almost uniform.

The first weighting step is based on the overall evaluation performance of the two models. For
each model, 40% of Accuracy and 60% of Macro-F1 are used. Accuracy is included because it
represents the overall percentage of correct predictions, while Macro-F1 gives the same
importance to every emotion class. Macro-F1 therefore receives the larger weight of 60%, since
the emotion classes are not equally represented and the fusion should not depend mainly on
performance in the larger classes. Accuracy still contributes 40%, so the general predictive
performance of the model is also taken into account. The resulting audio and text values are
normalized so that their initial weights add up to 1. These percentages are predefined design
values and were not selected through a separate optimization process.

The general performance of a model is not enough to decide how much it should contribute to
every individual recording. For this reason, the quality of the current prediction is also calculated.
Three characteristics are used: the highest emotion value, the margin between the first and
second highest emotions, and the entropy of the complete emotion distribution. Their
contributions are 40%, 35%, and 25%, respectively. The highest emotion value receives the
largest contribution, 40%, because it shows how strongly the model supports its main prediction.
The margin contributes 35% because a large difference between the first and second emotion
indicates that the first prediction is more clearly separated from its closest alternative. The
remaining 25% is based on entropy and represents the uncertainty of the complete seven-
emotion distribution. In this case, lower entropy increases the quality value because the
prediction is more concentrated. The three values were given similar importance because all of
them describe a different part of prediction certainty, while slightly more importance was
assigned to the strongest emotion and its separation from the second emotion.

The base model weight and the prediction quality are then combined. A 30% baseline
contribution is retained, while 70% of the adjustment depends on the quality of the current
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prediction. The 30% part prevents a model with an uncertain prediction from immediately losing
almost all of its contribution, since its general evaluation performance is still relevant. The larger
70% part allows the current recording to have a stronger influence on the final weight. In this
way, the system is not completely fixed according to the average model performance but can react
when one model produces a much clearer prediction for a particular recording. These values were
chosen as predefined settings to give greater importance to the current sample while still keeping
part of the original model contribution. For the text branch, the prediction quality is also
multiplied by the reliability of the transcription and translation process before this calculation is
performed.

When the strongest audio and text emotions are different, the system checks whether one
prediction is clearly better than the other. A minimum quality difference of 0.10 is required before
an additional adjustment is made. This threshold prevents very small differences between the
two quality values from changing the weights unnecessarily. If the audio quality is at least 0.10
higher, its contribution is multiplied by 1.30. If the text quality is at least 0.10 higher, its
contribution is multiplied by 1.20. These factors provide a moderate increase rather than
replacing the other modality completely. A slightly larger factor is used for audio because the text
branch may also contain uncertainty introduced by transcription or translation. The exact
threshold and multiplication factors are predefined implementation parameters and were not
obtained through a separate parameter search.

The margins of the two predictions are also compared when the models disagree. If one modality
has a prediction margin atleast 0.12 larger than the other, its contribution receives a second small
increase. The audio contribution is multiplied by 1.15, while the text contribution is multiplied by
1.10. The value 0.12 is used as a minimum separation so that very small margin differences are
ignored, while the multipliers are kept close to 1 because this is intended only as an additional
adjustment and not as the main weighting decision. These values are again predefined design
settings.

After the adjustments, the modality weights are limited so that neither model completely
dominates the fusion. Under normal conditions, the audio weight is restricted between 20% and
80%, while the text weight receives the remaining contribution. For translated text, the maximum
text weight is reduced to 30%, and when the agreement between the two translations is below
0.18, it is further limited to 16%. These limits reduce the influence of uncertain translated text
while still allowing both modalities to contribute.

The final audio and text distributions are combined using logarithmic fusion. If both models
predict the same strongest emotion, that emotion receives a small agreement bonus of 1.04
before the final normalization. This value is kept close to 1 so that agreement provides only a
small reinforcement. If no valid text result is available, the audio distribution is used directly.

All numerical values used in the fusion mechanism are predefined design parameters. They
control the influence of model performance, prediction quality, modality disagreement, and
translation uncertainty. They were not learned by a separate multimodal classifier or optimized
on a labelled multimodal dataset, and therefore they are treated as implementation choices rather
than optimal values.

5.7 Emotion-Based Danger Detection

After the hybrid emotion distribution is produced, it is passed to the final emotion-based danger
detector, which produces either a SAFE or DANGER indication. The detector uses the complete
hybrid emotion distribution rather than only the emotion with the highest value. Therefore,
several emotions can contribute to the final decision at the same time.

Different contributions are assigned to the seven emotions. Fear receives the highest weight of
1.00, while anger receives 0.70. Smaller contributions are assigned to sadness 0.30 and disgust
0.20. Neutral, happy, and surprise have a weight of 0.00 and therefore do not increase the detector
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value. These values were predefined to make fear the strongest contributor, followed by anger,
while sadness and disgust have a more limited effect.

Each value represents the probability of the corresponding emotion in the final hybrid
distribution. For example, the weight 1.00 means that the complete fear probability contributes
to the detector, while anger contributes 70% of its probability. Sadness and disgust contribute
only 30% and 20%, respectively. This weighting structure was used so that the final decision is
influenced mainly by strong fear and anger predictions, while the presence of sadness or disgust
has a smaller effect.

The final detector value is compared with a fixed threshold of 0.40. A value equal to or greater
than 0.40 produces a DANGER indication, while a lower value produces SAFE. The relationship
between the threshold and the emotion weights also controls how easily each emotion can affect
the decision. For example, fear alone can reach the threshold when its probability is
approximately 40%, while anger would require approximately 57% because its weight is 0.70. In
contrast, sadness and disgust cannot reach the threshold by themselves, since their maximum
possible contributions are 0.30 and 0.20.

The threshold of 0.40 and the emotion weights are predefined implementation choices. They
were not obtained through the training or optimization of a separate DANGER/SAFE classifier,
since no danger-labelled dataset was used for this stage. The output should therefore be
interpreted as an indicative emotion-based danger detection result rather than as confirmation
that a real dangerous situation is occurring.

5.8 Live Microphone Inference

In addition to stored audio files, the final system was implemented to accept speech directly from
a microphone. For each execution, a recording of six seconds is captured. This duration was used
as a fixed implementation setting so that each live test provides a short and consistent speech
input. It was not selected through a separate optimization process.

The recording uses the default sampling rate of the available microphone and is captured as a
mono signal using 32-bit floating-point values. It is then saved as a WAV file using 16-bit PCM
format. The original sampling rate is kept during recording, since the audio preprocessing stage
later resamples the signal to the 16 kHz required by the audio emotion model. The
implementation also checks that the recording is not empty or almost silent before continuing
with the remaining processing stages.

After the recording is completed, the same processing pipeline described in the previous sections
is applied automatically. The recorded file is processed by the audio emotion model, while
Whisper performs language detection and transcription. The resulting text is prepared for the
text emotion model according to Section 5.5, and the audio and text outputs are combined using
the dynamic fusion mechanism of Section 5.6. The final hybrid emotion distribution is then given
to the emotion-based danger detector described in Section 5.7.

For each recording, the implementation displays the original transcript, the text used by the text
emotion model, the predictions of the audio and text models, the hybrid emotion prediction, the
final detector value, and the resulting SAFE or DANGER indication. This makes it possible to
inspect the main outputs of the complete system directly when new speech is recorded through
the microphone.
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CHAPTER 6
EXPERIMENTAL SETUP & RESULTS

6.1 Experimental Setup

This chapter presents the experimental evaluation of the main components of the proposed
system. The evaluation is divided into four experiments, allowing the different stages of the
system to be examined separately.

The first experiment evaluates the audio emotion recognition model using speech recordings
from speakers that were not included during training. The second experiment evaluates the text
emotion recognition model on its separate test set. These two experiments provide the
quantitative evaluation of the individual emotion recognition models.

The third experiment examines the behavior of the hybrid emotion recognition system, where
the audio and text predictions are combined using the dynamic fusion process described in
Chapter 5. Representative recordings are used to compare the individual predictions with the
final hybrid result. A separate quantitative accuracy is not reported for this stage because a
labelled paired multimodal test set was not used in this work.

Finally, the fourth experiment examines the emotion-based danger detector. Representative
examples are used to show how different hybrid emotion distributions affect the final SAFE or
DANGER indication. Since no independent test set containing ground-truth SAFE and DANGER
labels was used, this experiment examines the behavior of the detector rather than reporting its
classification accuracy.

The experiments presented in this chapter are summarized in Table 6.1.

Experiment Description

Experiment 1 Audio emotion recognition

Experiment 2 Text emotion recognition

Experiment 3 Hybrid emotion recognition using stored WAV recordings
Experiment 4 Emotion-based danger detection using live microphone recordings

Table 6.1: Overview of the experimental evaluation

6.2 Evaluation Metrics

The quantitative evaluation of the audio and text emotion recognition models was based on
accuracy, balanced accuracy, precision, recall, F1-score, macro-F1, and weighted-F1. Accuracy
represents the proportion of test samples that are classified correctly. Balanced accuracy gives
equal importance to the performance of each class and is useful when the number of samples is
different between the emotion categories [26].

Precision shows how often a predicted emotion is correct, while recall shows how many of the
actual samples belonging to an emotion are correctly identified. The F1-score combines precision
and recall into a single measure. Macro-F1 calculates the F1-score separately for each emotion
and then takes their average, giving the same importance to every class. In contrast, weighted-F1
takes the number of samples in each class into account. For this reason, comparing the two values
helps show whether the overall performance is affected by classes containing more samples [27].
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Confusion matrices were also used for the audio and text models. They provide a more detailed
view of the predictions by showing which emotions are correctly recognized and which emotion
categories are more frequently confused with each other.

The hybrid emotion recognition stage was examined using representative examples that compare
the audio, text, and final hybrid predictions. The emotion-based danger detector was evaluated
in the same way by examining its detector values and corresponding SAFE or DANGER outputs.
Quantitative classification metrics were not calculated for these two stages because no ground-
truth labelled test set was available for the complete multimodal system or for the SAFE/DANGER
decision.

6.3 Experiment 1: Audio Emotion Recognition

The first experiment evaluates the audio emotion recognition model described in Section 5.3 on
its final speaker-independent test set.

The final evaluation was performed on 1,622 samples from the RAVDESS and CREMA-D datasets.
The separation between training and testing was based on speaker identity, meaning that the
speakers included in the test set were not used during training. This setup provides a more
demanding evaluation, since the model is required to recognize emotions from voices it has not
previously encountered. The custom recordings used during model development were not
included in this final test set.

Out of the 1,622 test samples, 1,196 were classified correctly. The model achieved an accuracy of
73.74%, a balanced accuracy of 76.18%, a macro-F1 of 73.80%, and a weighted-F1 of 73.01%.

Evaluation Samples Correct Accuracy Balanced Macro-F1 | Weighted-

Set Predictions Accuracy F1
Audio test | 1622 1196 73.74% 76.18% 73.80% 73.01%
set

Table 6.2: Evaluation results of the audio model

The relatively close values of accuracy, balanced accuracy, macro-F1, and weighted-F1 show that
the overall performance of the model remains fairly consistent across the different evaluation
measures. However, the overall scores alone do not show which emotions are easier or more
difficult to recognize, so the results are also examined separately for each emotional category.

The performance for each emotional category is presented in Table 6.3.

Emotion Precision Recall F1-score Support

anger 0.86 0.90 0.88 259
disgust 0.73 0.78 0.75 259
fear 0.68 0.62 0.65 259
happy 0.76 0.66 0.71 259
neutral 0.72 0.92 0.81 263
sad 0.67 0.49 0.57 259
surprise 0.69 0.97 0.81 64
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Table 6.3: Detailed results per emotional category for the audio model

The results show noticeable differences between the seven emotions. Anger achieved the highest
F1-score, at 0.88, with a precision of 0.86 and a recall of 0.90. Neutral also performed well,
reaching an F1-score of 0.81 and a recall of 0.92. Surprise achieved the same F1-score of 0.81 and
a particularly high recall of 0.97. However, the surprise category contains only 64 test samples,
considerably fewer than the other categories, so this result should be interpreted with some
caution.

Fear and sad were the most difficult emotions for the model, with F1-scores of 0.65 and 0.57
respectively. Fear achieved a recall of 0.62, while sad had a recall of 0.49. The performance of fear
is especially relevant to the final danger detection stage, since fear has the highest contribution
to the emotion-based danger detector.
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Figure 6.1: Confusion matrix of the speech emotion recognition model on the test set

The confusion matrix in Figure 6.1 provides a more detailed view of the classification results.
Anger, neutral, and surprise show the highest percentages of correctly recognized samples, with
90.0%, 92.0%, and 96.9%, respectively. Fear is correctly recognized in 61.8% of the test samples,
with its largest confusion occurring with sad 11.2%. Smaller confusion is also observed with
disgust and happy, both at 7.7%. Sad is the most difficult category, with only 49.4% of its samples
correctly recognized. Its main confusions are with neutral 16.6%, fear 14.7%, and disgust 13.5%.

6.4 Experiment 2: Text Emotion Recognition

The second experiment evaluates the text emotion recognition model described in Section 5.4 on
its independent test set. After the training-only balancing procedure, the final dataset contained
17,070 training samples, 2,463 validation samples, and 4,926 test samples. The validation and
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test sets were kept unchanged during balancing.

Evaluation Samples Accuracy Balanced Macro-F1 Weighted-F1
Set Accuracy
Text testset | 4926 71.50% 62.13% 59.01% 72.00%

Table 6.4: Evaluation results of the text model
Table 6.4 summarizes these results for the complete text-model test set.

The difference between macro-F1 and weighted-F1 is noticeable and should be interpreted
together with the class distribution. Neutral accounts for 3,094 of the 4,926 test samples and
therefore has a greater influence on weighted metrics. In contrast, macro-F1 gives equal
importance to all seven emotional categories and provides a clearer indication of the variation in
performance between classes.

A more detailed view of the performance for each emotion is shown in Table 6.5.

Emotion Precision Recall F1-score Support
neutral 0.85 0.79 0.81 3094
happy 0.59 0.73 0.65 422
sad 0.54 0.63 0.58 337
anger 0.57 0.48 0.53 405
fear 0.52 0.65 0.58 153
disgust 0.41 0.47 0.44 234
surprise 0.50 0.60 0.55 281

Table 6.5: Detailed results per emotional category for the text model

The neutral category shows the strongest performance, with a precision of 0.85, recall of 0.79,
and F1-score of 0.81. This is also the largest category in the test set, containing 3,094 samples.

Happy achieves an F1-score of 0.65, while sad and fear both reach 0.58. Surprise follows with
0.55, anger with 0.53, and disgust shows the lowest F1-score at 0.44. Surprise reaches an F1-score
of 0.55, while anger achieves 0.53. Disgust remains the most difficult category for the text model,
with an F1-score of 0.44. These results show that the model does not perform equally across all
seven emotional categories.

Fear achieves a recall of 0.65, meaning that approximately two thirds of the actual fear samples
are correctly identified. Its precision is 0.52 and its F1-score is 0.58. This result is particularly
relevant to the final danger detection stage, since fear has the strongest contribution to the
emotion-based danger detector.
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Text Emotion Recognition - Confusion Matrix
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Figure 6.2: Confusion matrix of the text emotion recognition model on the test set

The confusion matrix provides a more detailed view of the class-specific behavior of the text
model. Neutral is correctly recognized in 78.5% of the test samples, while happy reaches 72.5%.
Sad and fear are correctly recognized in 62.6% and 65.4% of cases respectively. Surprise reaches
60.5%, whereas anger and disgust present greater difficulty, with recall values of 48.4% and
47.0%.

Another noticeable pattern is that samples from several emotional categories are classified as
neutral. This occurs for 14.9% of happy samples, 23.7% of sad samples, 33.6% of anger samples,
19.6% of fear samples, 26.5% of disgust samples, and 24.6% of surprise samples.

This tendency is particularly relevant for fear and anger because these emotions have higher
weights in the final danger detector. When the text model incorrectly classifies them as neutral,
the emotional information provided by the text branch may have a smaller influence on the later
danger detection stage. The effect of combining the text prediction with the independent audio
prediction is examined separately in Section 6.5.

6.5 Experiment 3: Hybrid Emotion Recognition

The third experiment examines the behavior of the hybrid emotion recognition system. Unlike
the previous experiments, where the audio and text models were evaluated independently, this
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experiment focuses on how their predictions are combined for the same recording.

Since no labelled paired multimodal test set was used to evaluate the complete audio-text
pipeline, a separate hybrid classification accuracy is not reported. Instead, representative
recordings are examined to compare the audio prediction, text prediction, fusion weights, and
final hybrid result.

For this experiment, previously stored audio recordings were used as input to the complete
audio-text pipeline. These recordings were processed from WAV files rather than being captured

through the live microphone interface.

File | Transcript | Textused | Language / Audio Text Fusion Hybrid
Translation | predictio prediction weights | prediction
n
Fear_ | Bonfewa! Z¢ | Aid! el / | fear neutral audio fear
elwa | mapakaiw, | Please google_tran | 55.31% 34.46% 0.800, 43.83%
\ ag pe | someone | slate text
BonBnoet help me. 0.200
KATIOL0G,.
Ange | Zovu éxw mel | I told you | el / | anger neutral audio anger
reel. | va punv pe | not to | google_tran | 33.65% 47.29% 0.700, 31.27%
wav | akouuTdg. | touch me. | slate text
0.300
Fear_ | Help me, | Help me, | en / none fear sad 31.04% audio fear
en.w | please. please. 61.44% 0.773, 47.54%
av Help me, | Help me, text
help me. help me. 0.227
Ange | Stop Stop en / none surprise anger audio anger
r_en. | touching touching 30.13% 50.22% 0.491, 38.12%
wav | me! me! text
0.509
Happ | I'm so | I'm so | en / none sad happy audio happy
y_en. | happy to | happy to 41.55% 75.88% 0.359, 47.72%
wav | seeyou. see you. text
0.641
Neut | Zfpepa Today is | el / | anger neutral audio neutral
ral_el | elvau Tpitn. | Tuesday | whisper_tra | 34.44% 67.22% 0.700, 28.27%
.wav nslate text
0.300
Sad_ |1 feel so |1 feel so | en/none sad sad 72.36% audio sad
en.w | lonely. lonely. 45.95% 0.518, 60.91%
av text
0.482
Surp | ‘HpBeg va | You came | el / | surprise neutral audio surprise
rise_ | pe 8eig! to seeme! | google_tran | 39.78% 57.01% 0.700, 34.08%
el.wa slate text
v 0.300
Surp | Wow, Wow, en / none neutral surprise audio surprise
rise_ | you're you're 24.48% 69.11% 0.380, 48.77%
en.w text
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av here! here! 0.620

Disg | Tu kavel | What  is | el / | disgust neutral audio disgust
ust_e | aut edw. | she doing | google_tran | 38.53% 62.32% 0.700, 26.44%
lL.wav here? slate text

0.300

Table 6.6: Representative results of the hybrid emotion recognition system

The examples in Table 6.6 show that the contribution of the two modalities is not fixed. Depending
on the current recording, the audio model may receive a larger weight, while in other cases the
text model can have a stronger influence on the final result.

For example, in Fear_el.wav, the audio branch predicts fear with a score of 55.31%, while the text
model predicts neutral with 34.46%. The fusion assigns weights of 0.800 to audio and 0.200 to
text, resulting in a final hybrid prediction of fear with 43.83%. In this case, the audio information
has the greater influence on the final result.

A different situation appears in Anger_en.wav. The audio model predicts surprise with 30.13%,
while the text model predicts anger with 50.22%. The fusion weights are almost equally divided
between the two modalities, with 0.491 for audio and 0.509 for text. The resulting hybrid
prediction is anger with 38.12%, showing that the text prediction can have a slightly stronger
influence when it receives a higher fusion weight for the current recording.

The same effect can be seen in Happy_en.wav. Although the audio model predicts sad with
41.55%, the text model predicts happy with a much higher score of 75.88%. In this case, the text
branch receives a weight of 0.641, compared with 0.359 for audio, and the final hybrid prediction
becomes happy with 47.72%.

There are also cases where both models agree. In Sad_en.wav, both the audio and text branches
predict sad, with scores of 45.95% and 72.36%, respectively. Their combination keeps sad as the
final emotion and produces a hybrid prediction of 60.91%.

Another pattern can be observed in the Greek recordings that require translation. In these
examples, the contribution of the text branch does not exceed 0.300, which is consistent with the
maximum weight defined for translated text in Section 5.6. For example, Anger_el.wav,
Neutral_el.wav, Surprise_el.wav, and Disgust_el.wav all use audio and text weights of 0.700 and
0.300, respectively. In Fear_el.wav, the contribution of the text branch is reduced even further to
0.200. These examples show how the predefined limits for translated text affect the final fusion
weights during inference.

Overall, the results show that the final hybrid prediction is not determined by a fixed contribution
from audio and text. The modality weights vary between recordings, and either branch can have
the greater influence depending on the current input. The examples also show the effect of the
additional limits applied to translated text. Since this experiment is based on representative
recordings rather than a labelled multimodal test set, these results describe the behavior of the
implemented fusion mechanism and should not be interpreted as evidence that the hybrid system
achieves higher classification accuracy than the individual audio or text models.

6.6 Experiment 4: Emotion-Based Danger Detection

The fourth experiment examines the final emotion-based danger detector. The detector receives
the hybrid emotion distribution produced by the previous stage and uses it to generate the final
DANGER or SAFE indication. The decision is based on the complete emotion distribution and the
predefined emotion weights and threshold described in Section 5.7.

The predefined decision threshold of 0.40 was used for all examples. Values equal to or greater
than this threshold produce a DANGER indication, while lower values produce SAFE. The
threshold and the emotion weights are fixed design parameters and were not learned from a
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separate danger-labelled dataset.

For this experiment, new speech samples were captured directly through the live microphone
interface described in Section 5.8. Therefore, these examples correspond to separate recording
sessions and are not the same audio files used in Experiment 3. As a result, even when similar
sentences are spoken, differences in vocal expression, transcription, translation, and model
predictions may lead to different hybrid emotion distributions.

Representative results from the complete system are presented in Table 6.7.

Transcript Text used Hybrid Detector Decision
Value

Bonfeia! Ze mapakaiw, | Help! Please | fear 51.04% 60.63% DANGER

ag ne Bonbnoet | someone help.

KATIOLOG.

Yovu €xw meL va punv pe | I have eaten you, | anger 61.75% | 53.94% DANGER

QKOUUTIAG. don't listen to me.

Help me, please. Help | Help me, please. | fear 45.11% 55.47% DANGER

me. Help me. Help me. Help me.

Stop touching me! Stop touching me! | anger 52.22% | 50.19% DANGER

I'm so happy to see you. | I'm so happy to see | happy 42.33% | 18.76% SAFE
you.

Inuepa eivan Tetaptn. | Today is | neutral 18.55% SAFE
Wednesday. 47.78%

[ feel so lonely. I feel so lonely. sad 56.42% 31.85% SAFE

Ta mata eivat amivta. | The dish is simple! | disgust 23.87% SAFE

29.00%

Wow! It is on my face! Wow! It is on my | surprise 15.85% SAFE
face! 51.21%

Help! I'm afraid of the | Help! I'm afraid of | fear 63.90% 72.16% DANGER

snakes. Help! the snakes. Help!

Table 6.7: Representative results of the emotion-based danger detection stage

Table 6.7 shows how the final hybrid emotion distribution is used by the danger detector to
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produce a DANGER or SAFE indication. In general, recordings with stronger contributions from
fear or anger produce higher detector values and are therefore more likely to exceed the
predefined 40% threshold.

For example, the Greek sentence beginning with “Bonjfeia! e mapaxkadw...” is mainly classified as
fear by the hybrid system, with a value of 51.04%. The final detector value is 60.63%, which is
above the threshold and therefore produces a DANGER indication. A similar result appears for
“Stop touching me!”, where anger is the strongest hybrid emotion with 52.22%. In this case, the
detector value is 50.19%, which also results in DANGER.

Different behavior can be observed for happy and neutral examples. “I'm so happy to see you.”
produces a detector value of 18.76%, while the Greek neutral sentence “Enjuepa elvar Tetdptn.”
produces 18.55%. Both values remain below the threshold and therefore result in SAFE. Happy
and neutral do not directly increase the detector value because their predefined weights are zero.
However, the final value is not necessarily zero because the complete hybrid emotion distribution
is used and smaller probabilities may also be assigned to emotions such as fear, anger, sadness,
or disgust.

The sentence “I feel so lonely.” provides another useful example. The hybrid model predicts sad
as the strongest emotion with 56.42%, but the detector value is only 31.85%, which remains
below the threshold. This happens because sadness has a smaller predefined weight of 0.30.
Therefore, the presence of a negative emotion does not automatically lead to a DANGER
indication.

The examples also show that transcription and translation can affect the final result. In some
Greek recordings, the English text does not fully preserve the original sentence. However, the
danger detector does not use the translated text directly. It uses the final hybrid emotion
distribution, which contains information from both the audio and text branches. As a result, the
audio prediction can still influence the final decision when the transcription or translation is not
fully accurate.
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CHAPTER 7
DISCUSSION, INTERPRETATION & FUTURE WORK

7.1 Results Interpretation

The experimental results presented in Chapter 6 show different performance patterns for the
audio and text emotion recognition models. The audio model achieved an accuracy of 73.74% and
a macro-F1 of 73.80%, while the text model achieved an accuracy of 71.50% and a macro-F1 of
59.01%. Although their overall accuracy values are relatively close, the difference in macro-F1
shows that their performance is not equally distributed across the seven emotion categories.

The audio model showed more balanced performance between the different emotions. Anger and
neutral were recognized more reliably, while fear and sad were more difficult for the model. The
performance of fear is particularly important for the proposed system because fear has the
highest weight in the final emotion-based danger detector. Errors involving this category can
therefore affect the final DANGER or SAFE indication.

The text model showed greater differences between the emotion categories. Neutral achieved the
highest F1-score, although it was also by far the largest class in the test set. Disgust and anger
were among the more difficult emotions for the model. The noticeable difference between macro-
F1 and weighted-F1 also shows that the overall performance is influenced by the unequal number
of samples available for the different classes.

The hybrid examples presented in Chapter 6 show that the two modalities do not behave in the
same way for every recording. In some examples, the audio prediction receives the larger
contribution, while in others the text prediction has a stronger influence on the final hybrid result.
There are also cases where both models predict the same emotion and their combination
maintains or reinforces this result. These examples illustrate the reason for allowing the fusion
weights to change dynamically instead of using the same audio and text contribution for every
recording.

The text branch also introduces an additional source of uncertainty because it depends on
transcription and, for Greek speech, translation into English. An incorrect transcript or
translation can change the text that reaches the emotion classifier and therefore affect its
prediction. The audio branch does not depend on these stages because it processes the original
speech signal directly. For this reason, the two branches can sometimes produce different
emotional predictions for the same recording.

However, the hybrid results should be interpreted within the limits of the experimental setup. No
labelled paired multimodal test set was used to calculate a separate accuracy or F1-score for the
complete audio-text system. The representative examples therefore show how the dynamic
fusion mechanism behaves, but they do not demonstrate that the hybrid system achieves higher
classification accuracy than either the audio or text model individually.

The final experiment also shows how the hybrid emotion distribution is used by the emotion-
based danger detector. Examples with stronger fear or anger contributions generally produced
higher detector values and were more likely to result in a DANGER indication. However, the
detector uses emotional information and does not have a complete understanding of the real-
world situation. A strong fear or anger prediction may therefore produce DANGER even when the
surrounding situation does not represent an immediate real-world threat. This is an important
limitation of the proposed approach and is discussed further in Section 7.3.
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7.2 Strengths of the Proposed System

One of the main strengths of the proposed system is the combination of speech and textual
information for emotion recognition. The two modalities capture different aspects of the same
spoken input: the audio branch represents characteristics related to vocal expression, such as
intensity, rhythm, and pitch, while the text branch focuses on the verbal content of the utterance.
Their combination therefore reduces the dependence of the system on a single source of
emotional information and allows the final prediction to consider both acoustic and linguistic
evidence.

Another important strength is the dynamic fusion mechanism. Rather than assigning fixed
importance to the audio and text branches for every recording, the system adjusts their
contribution according to the quality and reliability of the available predictions. This allows the
relative influence of each modality to change from one input to another. As observed in the
representative examples, there are cases in which the audio information has a stronger influence,
cases in which the textual information becomes more important, and cases in which both
modalities support the same emotional category.

The use of pre-trained models also strengthens the proposed approach. WavLM-base-plus is used
as a frozen feature extractor for the audio branch, allowing pre-trained speech representations
to be included without training the representation model from the beginning. For the text branch,
RoBERTa-base is fine-tuned for the seven emotion categories used in this work. In this way, both
branches make use of existing pre-trained representations while being integrated into the
specific emotion recognition pipeline.

A further advantage is the ability to process both English and Greek speech within the same
overall pipeline. English recordings can be transcribed and processed directly by the text model,
while Greek recordings are transcribed and translated into English before text emotion
classification. Although the additional translation stage introduces limitations, the bilingual
processing capability extends the range of inputs that can be examined by the proposed system.

The implementation with live microphone input also provides a practical way to examine the
complete processing pipeline beyond previously stored test files. A new recording can pass
through speech transcription, text processing, both emotion recognition branches, dynamic
fusion, and the final emotion-based danger detection stage. This makes it possible to observe the
behavior of the complete system on newly recorded speech and to inspect the output produced
by each individual stage.

Finally, the proposed architecture is modular. The audio emotion model, text emotion model,
transcription and translation process, fusion mechanism, and emotion-based danger detection
stage operate as distinct components within the same pipeline. This separation makes the
contribution and behavior of each stage easier to examine and allows individual components to
be modified, replaced, or improved in future work without requiring the complete system to be
redesigned.

7.3 Limitations

7.3.1 Audio model

The performance of the audio emotion model was not equally strong across all emotional
categories. This was reflected in the experimental results, where fear and sadness showed lower
recognition performance than categories such as anger and neutral.

Errors involving fear are particularly relevant to the proposed danger detection stage because
fear has the highest weight in the emotion-based danger detector. If fear is confused with another
emotion, its contribution to the final detector value may be reduced, while an incorrect fear
prediction may increase the detector value unnecessarily.
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Another limitation is related to the available speech data. The audio model was developed using
RAVDESS and CREMA-D together with the custom recordings, providing data from different
speakers and sources. The custom dataset added further examples to the training process,
although it was limited to three speakers. A larger custom dataset with more speakers could
provide additional variation in future experiments.

The final evaluation was performed on speakers from RAVDESS and CREMA-D that were kept
separate from training. This allowed the model to be tested on previously unseen speakers and
provided a speaker-independent evaluation of its performance. However, the experiments were
carried out using the available datasets and did not separately examine every possible recording
condition, such as different microphones or stronger environmental noise.

7.3.2 Text model

The text emotion model has some limitations related to the type of information that it processes.
By design, the text branch analyzes the written content of an utterance and does not use vocal
characteristics such as tone, intensity, rhythm, or speaking style. As a result, emotional
information that is expressed mainly through the way a sentence is spoken is not directly
available to the text model. This is one of the reasons why the proposed system also includes the
independent audio branch.

The experimental results also showed differences in performance between the emotion
categories. Neutral achieved the strongest results, while categories such as anger and disgust
were more difficult to recognize. The difference between macro-F1 and weighted-F1 also reflects
the unequal number of samples available for the different classes, with the larger neutral category
having a greater influence on the weighted results.

A further limitation is related to the type of text used during training and inference. The text
classifier was trained using English samples from GoEmotions, while in the complete system it
can also receive automatically transcribed speech and, for Greek recordings, translated English
text. This creates a difference between the text used during model development and some of the
inputs encountered by the complete system. The independent test set still provides a quantitative
evaluation of the text classifier on the prepared GoEmotions data, while transcription and
translation introduce an additional challenge when the model is used as part of the complete
speech-processing pipeline.

7.3.3 Transcription and translation

Transcription and translation introduce an additional source of uncertainty before the text
reaches the emotion classification model. Whisper is used to convert the original speech signal
into text, and errors during this process can change, remove, or replace words from the spoken
sentence. As a result, the text received by the emotion classifier may sometimes differ from the
original spoken content.

For Greek recordings, an additional translation step is required because the text emotion model
processes English input. The implementation uses both Google Translate and Whisper translation
to produce possible English versions of the Greek speech. Although using two translation
methods allows their outputs to be compared, the resulting English text may still differ from the
original Greek sentence.

Examples of this behavior were observed during the experiments, where some Greek recordings
produced inaccurate English translations. In these cases, the text emotion model processes
wording that does not fully represent the original spoken content, which can affect its emotion
prediction.

The dynamic fusion mechanism reduces the contribution of the text branch when its information
is considered less reliable. However, transcription or translation errors can still influence the text
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prediction and therefore the final hybrid emotion distribution. This may also affect the output of
the emotion-based danger detector, since it operates on the final hybrid distribution.

7.3.4 Hybrid Fusion

The hybrid fusion mechanism also has some limitations. The final audio and text weights are
adjusted dynamically for each recording, but the rules and numerical parameters used for this
adjustment are predefined design choices. They were not learned or optimized using a labelled
multimodal dataset.

The representative examples in Chapter 6 showed that the mechanism can change the
contribution of the two modalities depending on the current input. However, since no labelled
paired audio-text test set was used, the complete hybrid system was not evaluated with a separate
quantitative accuracy or F1-score. Therefore, the experiments demonstrate the behavior of the
fusion mechanism but do not show that it performs better than the individual audio or text
models.

7.3.5 Emotion-Based Danger Detection

The emotion-based danger detector converts the final hybrid emotion distribution into a
DANGER or SAFE indication. The representative examples showed behavior consistent with the
predefined design of the detector, with stronger contributions from fear and anger generally
producing higher detector values, while examples dominated by neutral or happy remained
below the decision threshold.

However, emotional information alone does not provide a complete description of the real-world
situation. For example, “Help! I'm afraid of the snakes. Help!” produced a DANGER indication
because the hybrid result contained a strong fear contribution. However, the presence of fear
alone does not confirm that an immediate real-world danger is present. In the same way, because
the detector depends only on the available emotional evidence, a situation with a weaker
emotional response may remain below the predefined threshold. The final output should
therefore be interpreted as an emotion-based indication of possible danger rather than as
confirmation of an actual dangerous event.

The detector also depends on the output of the previous stages of the system. Errors in audio or
text emotion recognition, transcription, or translation can affect the final hybrid emotion
distribution and therefore influence the resulting DANGER or SAFE indication.

Finally, the emotion weights and the 0.40 decision threshold are predefined design parameters
of the current implementation. They provide a clear and reproducible decision rule, but they were
not learned or optimized using a dedicated dataset containing ground-truth DANGER and SAFE
labels. A future evaluation using labelled danger-related data could be used to examine and refine
these parameters.

7.4 Future work

Several directions could be explored in future work to further improve the reliability,
generalization, and applicability of the proposed system.

One important direction is the use of larger and more diverse speech datasets. Additional
recordings from speakers with different ages, accents, speaking styles, and recording conditions
could improve the ability of the audio emotion model to generalize to voices and environments
that were not represented during training. Evaluation under more realistic conditions, including
background noise and different microphone characteristics, would also provide a more complete
assessment of the model's robustness.

Another important extension would be the creation or use of a dedicated dataset containing
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labelled DANGER and SAFE situations. Such a dataset would make it possible to evaluate and tune
the emotion weights and decision threshold using labelled data. It could also support the
development of a dedicated danger detection model incorporating information beyond emotion
alone.

The multilingual component of the system could also be improved. In the current implementation,
Greek speech is translated into English before being processed by the text emotion model. A
multilingual emotion recognition model, or a model trained directly on Greek emotional text,
could reduce the dependence on translation and limit the effect of translation errors on the final
prediction.

The hybrid fusion mechanism represents another area for future development. The current
approach adjusts the contribution of the audio and text branches through predefined rules based
on the available information. With an appropriate paired multimodal dataset, a future system
could learn the fusion process directly from data and determine the relative contribution of each
modality automatically.

Additional sources of contextual information could also be incorporated into the decision process.
Emotion alone cannot always determine whether an actual dangerous situation is taking place.
Environmental sounds, the semantic context of the situation, previous speech segments, and
temporal changes in the speaker's emotional state could provide additional evidence for a more
complete danger assessment.

Finally, the system could be extended into a continuous real-time application rather than
processing isolated short microphone recordings. Such an implementation would require further
evaluation of processing latency, computational requirements, robustness, privacy, and
reliability.

These extensions could improve the evaluation and reliability of the proposed system and
support the development of a more complete multimodal approach for emotion-based danger
detection.
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CHAPTER 8
CONCLUSION

8.1 Conclusion

This thesis presented a multimodal emotion recognition system that uses information from
speech and text together with an emotion-based danger detector. The main objective was to
investigate how emotional information obtained from two complementary modalities could be
combined and subsequently used to identify indications of potential danger.

The proposed system integrates two emotion recognition branches. Speech is analyzed using
WavLM-based representations combined with handcrafted acoustic features, while textual
information is processed using a RoBERTa-based emotion classifier. Whisper provides the
transcription required by the text branch, while Greek recordings are additionally translated into
English. The outputs of the two emotion recognition models are then combined through a
dynamic fusion mechanism that adjusts their relative contribution according to the available
information.

The experimental evaluation showed the performance of both individual emotion recognition
models. The audio model achieved an accuracy of 73.74%, a balanced accuracy of 76.18%, and a
macro-F1 of 73.80%, while the text model achieved an accuracy of 71.50%, a balanced accuracy
of 62.13%, and a macro-F1 of 59.01%. The class-level results also showed that the two models
have different strengths and weaknesses across the seven emotion categories.

The representative hybrid experiments demonstrated how the relative contribution of the two
modalities can vary between recordings. In some cases, the audio branch had a stronger influence
on the final emotion prediction, while in others the text branch received a greater contribution.
These examples show how the implemented fusion mechanism can use information from both
modalities instead of applying the same fixed contribution to every recording.

The final hybrid emotion distribution was used by the emotion-based danger detector to produce
a DANGER or SAFE indication. In the representative examples, stronger contributions from fear
and anger generally produced higher detector values, while the examined neutral and happy
examples remained below the predefined decision threshold. In this way, the implemented
system provides a complete processing pipeline from speech input to audio-text emotion
recognition and final emotion-based danger detection.

This work brings together acoustic emotion recognition, textual emotion recognition, speech
transcription, bilingual processing, dynamic multimodal fusion, and an emotion-based danger
detector within a single modular pipeline. Further evaluation using labelled multimodal and
danger-related data, together with more varied real-world recordings, could provide a more
complete assessment of the system and support its future development.
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