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Abstract: This paper presents a robust, hybrid approach for
multi-modal emotion recognition based on facial, speech and
physiological signals. This study is being undertaken to compare
multimodal system against unimodal systems and to overcome
limitations of the latter whilstimprove robustness of multimodal
systems against real-world conditions. Deep learning techniques
are used which include a shared convolutional neural network
for facial and speech modalities working jointly with an adaptive
fusion algorithm, which assigns dynamic weights to each
modality. Results show improvements in accuracy and resilience
compared to unimodal approaches under very challenging real-
world conditions. The research addresses some major challenges
in affective computing, including the issues of temporal
synchronicity, context dependency, and ethical considerations.
Domains of application include but are not limited to health,
education, and analysis of consumer behaviours. The paper
concludes with a call for ethical guidelines and industrial
standards on how to implement emotion-reading technology
responsibly.
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1. NTRODUCTION

1.1 Background and Context

Emotions are a primitive and basal instinct present in animals
used to overcome and adapt to problems such as hunting,
hierarchy, status, sex, social life including others [1]. These
instincts could have evolved though natural selection or be a
social construct which varies across distinct cultures and
ethnicities [2]. Emotions such as fear have a significant role
in the survival and proliferation of animals especially humans
[3] as it improves their sense of finding predators and
avoiding them [4]. Humans experience the world through
emotions [5] which play a crucial role in determining the
quality of life, overall well-being [6] and the mental processes
of a person [7], [8] which have been historically helping
humanity to learn and adapt to the environment thus ensuring
its survival [9]. This deep connection between emotions and
the human mind shows the importance of understanding and
controlling emotions in improving personal and social
functionality.

Emotion recognition is pivotal in many fields such as human-
computer interaction, healthcare, psychology, virtual reality
and security [10], [11]. It is especially very crucial to
implement this technology in the healthcare and psychology
sector due an increasing number of people succumbing to
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mental pressure including children and teenagers [12].
Emotion recognition is used by healthcare personnel to better
understand and identify illnesses and provide better treatment
options [13] to improve patient care and reduce strain on
medical care providers. With the rise of technology and fields
including Artificial Intelligence and Machine Learning, the
demand for machines which can perceive and communicate
emotions has been increasing [14] which has led to significant
efforts towards understanding emotions to allow effective
human-computer interaction [15]. The market for emotion
recognition systems is previously valued at USD 19.87
million [16], currently at USD 57.25 billion in 2024 and is
anticipated to rise significantly to nearly USD 139 million by
2029 with a compound annual growth rate (CAGR) of
19.49% [17]. This growth would also provide secondary
benefits such as job creation in technology sector, and create
new revenue streams through creation of innovative
applications and services. A major market in which emotion
recognition is gaining popularity is consumer behaviour
where the effectiveness of advertisements is assessed through
the attention span [18] and create a Neuro Marketing strategy
to influence emotions shown by the consumer and manipulate
them to buying products [19]. Another would be in education
where tutors and educations institutions would use emotion
recognition to understand student behaviour and adapt
learning techniques to improve student engagement and
learning outcomes [20].

The development of robust emotion recognition, however, is
challenged by technical issues, including:

eTemporal alignment of different modalities (facial
expressions, speech, physiological signals) that operate on
different timescales [6].

e Detecting adapting to complex real-world scenarios [91]
while maintaining consisted performance [92].

Additionally, these opportunities also raise ethical
considerations such as privacy and consent [21]. To bypass
these issues, strong frameworks and industry standards play a
critical role in the implementation and deployment of emotion
recognition systems. While there is high economic impact,
ethical principles must be followed, and oversight protocols
must be in place to leverage the full potential of this system.
Multi-modal emotional recognition (MER) uses multiple
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signals, including text, speech features, and facial
expressions, to enhance the accuracy and robustness of
emotion recognition systems. This has been important in the
human-computer interaction field to help understand and
respond to human emotions to provide more intuitive and
intelligent interactions [22].

Research and development towards emotion recognition has
seen considerable progress, from psychological research to
the creation of advanced computational techniques and
algorithms. With rapid advancements in deep learning
techniques and data being made more accessible, Multimodal
Emotion Recognition has ground breaking new research [22].
For example, datasets such as the Interactive Emotional
Dyadic Motion Capture (IEMOCAP), Toronto Emotional
Speech Set and the Multimodal Opinion Utterances Dataset
(MOUD) are the some of the best public resources available
for the training and evaluating models used for emation
recognition.

One significant advantage of a multi-modal approach is that
it can facilitate the support of complementary information
from other modalities such as facial expressions, speech
patterns, and body language which significantly boosts the
ability of emotion recognition systems to provide inferences
about emotional states accurately [23].

Multi-modal emotion recognition is a landmark in the
understanding of human emotions. When these signals are
combined and mapped using advanced computational
methods, Multi-modal emotion recognition systems become
highly accurate and robust. However, there are a few
challenges in the MER field which are significant such as
understanding subtlety of emotional expressions [24]. Other
challenges that are yet to be completely removed from the
process include designing an ideal neural architecture and
providing context on how emotions are created and lighted
using extracted features and data incompleteness [25].
Despite all these challenges, major progress may still be on
the way for Multimodal emotion recognition with recent
developments in deep learning and comprehensive datasets.

1.2 Problem statement

The study addresses the following key challenges in multi-

modal emotion recognition:

1. Effective integration of facial, auditory, and physiological
signals for improved accuracy and robustness.

2. Development of an adaptive fusion algorithm to
dynamically weight different modalities based on their
reliability and context.

3. Addressing the issue of temporal synchronization between
different modalities.

4. Improving the system's robustness to missing or noisy data
in real-world conditions.

The focus of this study has been primarily on advancing the

field of multi-modal emotion recognition and developing a

system with increased robustness, and application in real-

world scenarios.

1.3 Research Objectives

The study is being conducted to answer the following
challenges:
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QL. Investigating the effectiveness and advantages of
combining multiple modalities such as facial, auditory signals
and physiological data.

Q2. The development of emotion recognition system using
machine learning techniques such as deep learning and
evaluation against unimodal architecture.

Q3. What are the best ways the system can be applied to
improve human-machine interaction in actual applications of
healthcare, education, and consumer behaviour?

Q4. What ethical concerns should be taken into account
around the use of emotion recognition technology, and how
may strong frameworks and industry standards be created to
make sure of the responsible implementation of the system?

1.5 Significance of the study

This research study utilises a multi-modal approach using
facial, auditory, and physiological modalities to interpret and
understand emotions highlighted by an individual and create
a non-invasive tool to improve human-machine interaction.
This approach can facilitate and complement other systems
used to monitor an individual and significantly improve
treatment quality.

Scope and Limitations

This study focuses on developing and evaluating a multi-
modal emotion recognition system that integrates facial,
auditory, and physiological modalities. The study will make
use of available datasets like the Toronto emotional speech
set (TESS) and the Face Expression Recognition Plus dataset
(FER+) datasets to train and test the proposed models.
However, the study does have some limitations:

The present study is limited to making use of available
datasets, which are not comprehensive in their coverage of
all ways of expressing emotions or cultural variations in
emotional display.

Training of the proposed tool will be done using data taken
in a controlled setting, so its actual performance varies in
real-life applications due to factors like environmental noise,
variations in lighting conditions, person-to-person
differences in emotional expressions and so on.

This study will try to address all ethical implications of
emotion recognition technology and strong ethical
frameworks and industry standards will be considered when
the system is to be implemented and will be deployed
responsibly.

2. LITERATURE REVIEW

This literature review aims to compile an exhaustive
overview of previous and current works in multi modal
emotion detection. By exploring theoretical foundations, key
methodologies, challenges and findings, this review seeks to
display the potential that multimodal approaches present in
deepening our understanding of the detection of human
emotions.
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2.1 Emotion theory and models

The basis of psychological theories on emotion lays the
ground for multimodal emotion detectors. The most
influential model has been the circumplex model of effect
which has been extensively used for emotion recognition
using computers [26].

Another important theoretical contribution is that by Ekman
and Friesen in 1971, who suggested six universal emotions—
happiness, sadness, fear, anger, disgust, and surprise—based
on facial expressions considered to be recognized pan-
culturally [27]. Recent research advocating a greater
complexity of states of emotion has disputed this kind of
discrete categorization as it still underlies many emotion
detection systems.

2.1.1 Unimodal emotion detection

Unimodal system only uses single modalities such as facial,
audio, text or any other means to recognize the emotion
shown by the user [28]. This section will underline the three
main unimodal approaches to emotion recognition: Facial,
Speech and Text-based.

Facial emotion detection

Facial expression-based approaches are one of the most
studied methods. It involves the detection of facial cues and
interpreting them can show the person's emotional state. The
FACS system which has been used since 1978 is one of the
earlier frameworks specifying facial movements and their
associated emotions [27].

Traditional approaches to facial expression analysis are
focused on geometry features or distances between facial
landmarks, and appearance features, which include texture
and intensity [29]. A more recent trend in the past years is to
use deep learning techniques such as Convolutional Neural
Networks, for automatic learning and feature extraction from
facial images [30].

These challenges arise from the fact that analysis of facial
expression must deal with varying factors such as lighting
conditions, head position, occlusion, and individual
differences in emotion expression [31]. Several techniques
have been developed and implemented to address these
problems, including data augmentation, transfer learning, and
the use of attention mechanisms [30].

Speech Emotion Recognition

Speech emotion recognition is the identification and
recognition of paralinguistic characteristics related to the
acoustic characteristics of speech, from which an emotional
state can be inferred. Emotions are here assumed to be
encoded within paralinguistic features pertaining to pitch,
energy, and spectral characteristics in speech [32].

Previous works required the manual extraction of features for
such tasks: these included prosodic features such as pitch,
energy, and duration, along with spectral features such as
Mel-frequency cepstral coefficients [33]. More recently, deep
learning techniques, particularly RNNs and LSTMs, have
been used to understand temporal dependencies and extract
the relevant features from the speech signals [34].
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In this regard, some of the major challenges of recognizing
emotional speech include linguistic content, speaker
variability, and background noise [33]. Many techniques have
been proposed for enhancing speech emotion recognition in
these situations, including feature selection, data
augmentation, and domain adaptation [35].

Text-Based Emotion Detection

Text-based emotion detection is simply a process directed
toward the revelation of emotions through written or spoken
words. It mainly works with semantic and syntactic features
of text to understand the underlying emotional message in the
document [36].

Traditional methods for detecting emotion in text have relied
on the rule-based and machine learning techniques, such as
Naive Bayes, SVM, Decision Trees, coupled with
handcrafted bag-of-words and lexical affinity features [37].
Recently, deep learning-based approaches use CNNs and
RNNs for the effective extraction of relevant features from
the data in a text [38].

Problems with text-based emotion detection stem from the
ambiguity and subjectivity of language, sarcasm and irony
[38], and the limited availability of labelled data. To
acknowledge these classical challenging problems, a number
of authors have proposed a variety of techniques to handle
them, from use of transfer learning, data augmentation, and
incorporation of external knowledge sources into the models.

2.1.2 Multimodal emotion detection

One reason for using multimodal approaches is realizing that
affective information is transferred through multiple channels
simultaneously. Multiple modalities incorporate
complementary information and outperform any limitations
of unimodal techniques and provide more accurate Emotion
Recognition [39].

Previous works in emotion recognition focused on acquiring
and improving results from unimodal systems using single
sources of information such as facial data [40], [41] or audio
signals [34].

Facial expression has been extensively analysed by
techniques such as deep learning models for feature
extraction and classification [42]. Similarly, emotion
recognition though speech has been analysed with the use of
recurrent neural networks (RNNSs) to capture rhythmic
features and intonations [43]. However, although these
methods have shown promising results individually, a mixed
approach is shown to be a better option as it tends to be more
accurate [44].

Modalities and Features

Facial Expressions

Facial expressions are one of the most explored modalities in
emotion recognition. Advances in computer vision and deep
learning have significantly enhanced facial emotion
recognition. CNN techniques have been used to attain
meaningful results in the extraction of features from facial
images [30]. Building on this tradition, attention mechanisms
in CNNs to extract fine-grained facial micro-expressions
[45].
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Speech and Audio

Voice and speech patterns are essential carriers of emotional
cues. Traditionally, acoustic features—particularly those on
pitch, energy, and spectral aspects—have been used in speech
emotion recognition [46]. Recently, with the improvement of
deep learning techniques, investigations towards the use of
deep models to automatically learn relevant features from raw
audio data [47].

Physiological Signals

Measures of physiological signals including heart rate
variability, and conductance of skin-based methods of EEG
offer objective measures of emotional states. These signals
could be of excellent value since they cannot be voluntarily
controlled. Based on a study, different varieties of
physiological signals might be applied to recognize emotions
[48]. A further study has indicated that several kinds of
physiological signals combined with deep learning methods
raise the accuracy of the classification of emotions [49].

Body Posture and Gestures

Although less studies have been conducted on body language
compared to facial expressions and speech, it still provides a
relevant source of emotional information. A study conducted
on body postures gives an excellent review of the perception
and recognition of affective body expressions [50]. The
recent success of pose estimation techniques has further
served for more accurate analysis of body movements in
emotion detection using a graph convolutional network
approach for recognizing emotions from skeletal data [51],
achieving good performances on several datasets.

Textual and semantic content

In cases where either verbal or written communication exists,
semantic content will still be helpful for providing emotional
context. Traditionally, NLP (Natural Language Processing)
techniques have been used in detecting emotions from text. A
study provided an overview of the survey on emotion
detection in the text, covering traditional machine learning
and deep-learning-based methods [52].

2.1.3 Multimodal Fusion Techniques

Early Fusion

Early fusion, also known as feature-level fusion, is based on
concatenating features stemming from different modalities
before classification. This approach allows one to learn joint
representations; however, it faces issues with the curse of
dimensionality. Early fusion is highly effective in multimodal
sentiment analysis by simply fusing features extracted from
text, images, and audio [53].

Late Fusion

In late fusion, independent predictions are obtained for each
modality, after which these predictions are combined. In this
approach, there is more flexibility, and modality-specific
classifiers can be used. One study proposed an adaptive late-
fusion method in which the contribution of each modality
would be dynamically adapted based on their reliability,
which turned out to perform better than static techniques for
fusion [54].
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Hybrid fusion

Hybrid fusion approaches are designed to make use of the
strengths of both early and late fusion. [89] suggested a
hybrid fusion approach for the bimodal recognition of
emotions with facial expressions and body gestures, showing
better results than unimodal and single-fusion approaches.

Attention Mechanisms

Recent research explored the use of attention mechanisms to
focus on relevant features or modalities adaptively.
Multipronged attention fusion can be used in multimodal
emotion recognition, thus effectively capturing cross-modal
relations and attaining state-of-the-art performance on several
benchmark datasets [55].

2.2 Deep Learning Approaches

Convolutional Neural Networks (CNNs)

Feature extraction has been carried out using CNN in both
modalities: visual and audio. [56] presented a CNN-based
methodology that performed better compared to traditional
techniques in the field of audio-visual emotion recognition.

Recurrent Neural Networks (RNNSs)

RNNs have captured temporal dynamics in both speech
signals and physiological signals with remarkable success,
more specifically using the Long Short-Term Memory
network to build a continuous emotion multimodal method,
performing better than static models [57].

Transformer-based Models

The massive success of the Transformer models in Natural
Language Processing has caused the adoption of the
technology into multimodal emotion detection. [58] proposed
a Transformer-based neural architecture to fuse facial, vocal,
and textual cues through which reliable results were obtained
for several multi-modal emotion datasets.

Graph Neural Networks (GNNs)

GNNs have been promising in modelling relations between
different modalities. [59] used a graph-based fusion approach
- GraphMFT to multimodal emotion recognition, with results
proving that the model is powerful enough to recognise and
handle complicated inter-modal dependencies.

2.3 Challenges and research gaps

Despite major research being done in the field of multimodal
emotion detection, various limitations and challenges still
exist in these systems that reduce their performance and
widespread implementation. In this section, some of the
challenges and gaps are highlighted which require further
research and improvement.

Temporal Synchronization

One of the main problems in implementation of multimodal
emotions is syncing multiple modalities together with
concerns regarding the alignment of different modalities with
each other. Normally, facial expressions, speech, and
physiological signals are separately timestamped and also
showcase different lags/latencies [6]. For example,
physiological responses could lag behind behavioural facial
expressions with a delay, while speech features may be of
longer duration. Proper time alignment and fusion of these
unique data streams remains an open challenge for research.
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Context Dependency

Emotions depend to a great degree on context, and currently
available systems are not good enough to include this
contextual information. Cultural background, social setting,
and personal history can all impact emotional expression or
interpretation to large effects [60]. Future research should be
directed toward developing advanced models that could
incorporate contextual cues to adapt across different
scenarios for more accurate emotion recognition.

Individual Differences

Human emotions and expressions are very divergent in
nature. Current systems take a universal approach that may
not consider the personal variations of expression in human
feelings at all [61]. The development of this technology is a
huge challenge in itself, as these models have to be created
while still being able to maintain generalisability amidst
individual differences.

Ambiguous and Mixed Emotions

While existing systems are good at detecting basic emotions
or simple and discreet emotional states, human emotions are
usually complex, ambiguous, or mixed which make it a
challenge to detect and represent such nuanced states of
emotion [62]. Future research shall delve into more fine-
grained models of emotions and techniques for detecting and
representation of emotional complexity.

Robustness to missing or noisy data.

In real-world scenarios, some modalities are often missing,
corrupted, or of bad quality. State-of-the-art multimodal
systems usually degrade in the event of such scenarios.
Developing robust strategies for fusion is paramount to the
deployment of these systems in real-world scenarios when the
absence or noisiness of certain data cannot be ruled out which
is the case for a particular study which used autoencoders to
overcome noisy and missing data [63].

Interpretability and Explainability

The more complex the multimodal emotion detection systems
are, the harder it becomes to understand and interpret their
decisions. This can become a significant obstacle in sensitive
applications like health and disease detection, due to their
non-interpretable nature [64]. Future research is therefore
required on explainable Al techniques concerning
multimodal emotion detection for improved trust and support
during adoption.

Ethical Considerations and Privacy

Using multimodal data in terms of emotion detection raises
several highly important questions with respect to ethics and
privacy. Emphasis has to be placed on issues like the user's
consent, ownership of data, and possible misuse of the
obtained emotional information [65]. The development of
privacy-preserving techniques and formulation of ethical
guidelines for development and deployment with respect to
emotion detection systems become another important future
agenda for research in this field.
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Cross-Cultural Generalization

Most existing emotion detection datasets and models are
culturally or demographically biased. Development of cross-
culturally and demographically generalizable systems is still
far from being achieved [62]. Future research has to create
more diverse, representative datasets and develop culturally
adaptive models.

Long-Term Emotional State Tracking

Current systems typically focus on emotion detection in very
short time frames. However, tracking emotional states for
long periods of time could provide valuable insight in such
applications as mental health monitoring or user experience
analysis such as in a study in which the participants were
made to listen to 40-minute music video to determine their
emotion state [66]. Long-term emotion state follow-up
techniques and methods are believed to be one of the most
important future research areas.

Unless these challenges and gaps are addressed, especially in
the areas of multimodal emotion detection, the full potential
in numerous applications cannot be achieved. Still, the next
step includes the creation of robust, adaptable systems that
work ethically for the treatment of complex and diverse
human emotions manifested through real-world situations.

3. METHODOLOGY

3.1 Research design

The study uses a three-prong approach to recognize and
determine emotion by integrating facial, audio and
physiological data. The research design follows a hybrid
approach leveraging both deep learning and traditional rule-
based techniques to analyze the data from various modalities.
The study has taken inspiration from recent advancements in
emotion recognition which have showcased better results
compared to unimodal approaches [53]. Figure 1 shows the
core methodology of the study’s research design.

Pre-processing snd
+ testure extraction | =
T -

Figure 1: Research Design

. Design and training of
daep learning models

. Evuation using
standardized metrics

This design will provide a better analysis of the emotions
shown by the user by capturing both overt expressions and
subtle physiological cues that are associated with different
emotions.

3.2 Data collection and pre-processing

3.2.1 Datasets

To make the models more robust and general, the study has
used a combination of publicly available datasets. Major
datasets used in this study were:

FER2013 (Facial Expression Recognition 2013 Dataset)

The FER2013 dataset is probably one of the most well-known
datasets in facial expression-based emotion recognition [67].
The dataset contains 35,000 grey-scale images of various
participants categorized into seven emotions: anger, disgust,
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fear, happiness, sadness, surprise, and neutral. It is created for
the ICML 2013 Workshop on Representation and
Approximation Challenges and has since served as a standard
basis for evaluating facial expression recognition algorithms.
Many studies have been conducted on this dataset for
developing and testing several deep learning models. For
instance, one study used a deep learning approach where
convolutional neural networks were used in conjunction with
support vector machines and got an accuracy of 71.16% [90].
In 2016 another study used an ensemble of different
architecture CNNs that obtained an accuracy of 72.72% [68].
Additionally, recent research has concentrated more towards
usage of sophisticated techniques to improve performance on
machine learning models on FER2013. [69] achieved as high
as 75.2% accuracy using a very deep CNN architecture
inspired by VGGNet. Similarly [30] proposed an attentional
mechanism together with CNNs which turned out to be state-
of-the-art with an accuracy of 76.82%.

The dataset is available publicly and the study has utilized the
same to train a CNN deep learning model.

TESS (Toronto Emotional Speech Set)

The Toronto Emotional Speech Set (TESS) comprises of
2800 audio samples from emotional speech produced by two
female actors created at the University of Toronto [70].
Similar to the FER dataset, there are seven emotion
categories: anger, disgust, fear, happiness, pleasant surprise,
sadness, and neutral.

TESS has been used in many studies for traininc 1 testing
speech emotion recognition systems. For example, [71] used
a deep neural network and obtained an accuracy of 89% with
the TESS database. In another study, [72] investigated a
number of various deep architectures, some of which were
convolutional and recurrent neural networks, achieving an
accuracy of as 60% to 70% on TESS.

Recent research in this area is more foct on exploiting
transfer learning and advanced architectures. [73] proposed a
CNN based approach I an accuracy of 99% on TESS with
state-of-the-art results. [38] introduced an attention-based
model that could effectively capture the local and global
emotional features of speech, reporting an accuracy of
98.93% on TESS. The TESS dataset has found wide
applications in many research studies the dataset is still
considered one of the best to train deep learning models.
Similar to the FER2013 dataset, the TESS dataset is publicly
available and has been used in this study to train a deep
learning CNN audio detection algorithm.

3.2.2 Data pre-processing

Data pre-processing involves processing the data to correct
the inconsistent and poor-quality data input. The pre-
processing steps taken for each modality are shown in table
1. These steps have been taken to add variance in data which
allows for better generalization of models and prevents
overfitting.
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Face data is captured using a pre-trained

Resizing faces found to be 48x48 pixels

. Conversion to Gray Scale.
Facial

data Normalization of pixel values in the range from 0 to 1.

Reshaping into 48x48x1 to append channel dimension.

Audio signals are resampled to 22,050 Hz to ensure
consistency across all samples. Obtaining 40 MFCCs
from Mel-spectrum.

Pads or truncates the MFCC features to 174-time
steps.

Resizing to (40, 174, 1) to fit CNN input shape.

Along with the above pre-processing steps, the study
has also used the Audiomentations Library for
additional data augmentation:

1. Adding Gaussian noise.

Audio
data

2. Time stretching.

3. Pitch shifting.

4. Shifting the audio in time.

Use a 300 data point sliding window.

Eliminating linear trends.

Normalization: Subtraction of the mean and division
by the standard deviation.
Physiologi|Band pass filtering: Butterworth filter applied from
cal data |0.7Hz to 3Hz.
(rPPG) |Welch's Method for Power Spectral Density (PSD)
calculation.
Peak detection in the PSD.
Frequency range filtering (0.7-3 Hz).

Temporal smoothing with moving average filter.

Table 1: Pre-processing of data

For all modalities, the data is split into training and testing
sets, where 80% is for training and 20% is for testing. Labels
are one-hot encoded for classification tasks. To address with
class imbalance in the case of audio data, specifically, class
weights are computed and applied during model training.
These pre-processing steps clean, normalize, and prepare the
data derived from each modality for input into deep learning
models. Data augmentation can be employed in order to
increase diversity among the training samples and
generalization capability of models [74] [75].

3.3 Proposed System

The proposed system for the multi-modal emotion
recognition system will make use of advanced machine
learning  techniques,  real-time  signal  processing
methodologies, and adaptive fusion algorithms to provide
robust and accurate emotion classification.

Figure 2: Workflow Design (Ref Fig 2a in appendix for enlarged size)
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At the centre of the multimodal emotion recognition system
are the modules for facial expression analysis, speech
emotion recognition, and heart rate estimation via rPPG. All
these modules run in parallel and take input data streams
provided through the camera and microphone. The predicted
outputs from these modalities are later combined through an
adaptive fusion algorithm for the final emotion classification.

Facial Analysis
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recall f1-score

angry
disgust
fear
happy
neutral
ps

sad

accuracy
macro avg

weighted avg

0.47
0.73
8.39
0.62
0.34
0.78
0.50

.30
.33
.25
.80
.56
.62

.35

8.37
.46
8.31
8.7
8.42
0.69
0.41

0.51
©.48
©.49

Facial Emction
Fredictan

— al

Figure 3: Facial Analysis Model Overview

The CNN architecture forc facial emotion recognition is as
follows:

Input -> Conv2D -> ReL U -> MaxPool -> Conv2D ->
ReLU -> MaxPool -> FC -> Softmax

The convolutional layers use the following equation:

y = fEW_i * xi) + b)
Where:

y is the output, f is the activation function (ReLU), w_i are the
weights, x_i are the inputs and b is the bias.

The system uses a Convolutional Neural Network (CNN)
based face detector implemented using OpenCV's DNN
module. This approach provides resilient face detection
across various poses and lighting conditions. The face
detector is initialized with pre-trained weights from a Haar
cascade framework which pre-processes it and passes it on to
the CNN for emotion classification trained on the FER2013
dataset [67] whose accuracy/loss graph can be seen in image
4,

Figure 4: Facial CNN Accuracy/Loss Graph
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Figure 5: Facial CNN Metrics

The model includes a number of convolutional layers
followed by max-pooling and fully connected layers. The
network is trained to distinguish or classify seven emotional
states: angry, disgust, fear, happy, sad, surprise, and neutral.
In the next step, the facial ROI is extracted from every frame,
resized to 48x48 pixels, and finally normalized before being
fed to the CNN model. The network gives a probability
distribution over the seven classes of emotion, which will be
used later in the fusion process.

Audio Analysis

‘ s MFCCExrarton + oW Camihcaton >

Figure 6: Audio Analysis Model Overview

For speech emotion recognition, MFCCs are extracted using:

MFCC = DCT(log(|FFT(signal)| * MelFilterBank))

Where:

DCT is the Discrete Cosine Transform FFT is the Fast Fourier
Transform and MelFilterBank is a set of triangular filters in
the Mel scale.

Real-time processing of the audio stream is done through the
PyAudio library. The system records audio chunk after chunk
with a sampling rate of 22050 Hz [76]. After extraction of
chunks from the audio stream each compact analysis is
converted into Mel-frequency cepstral coefficients (MFCCs)
using the librosa library, which can be used an effective tool
to select the best features for speech emotion recognition [77].
To control random input and noise, the study has
implemented a custom Voice Activity Detection (VAD)
system that would identify any segments containing speech
and differentiate them from the noise. The implemented
system is a combination of energy-based thresholding and
adaptive noise floor estimation which is inspired from [78].
This allows the emaotion classification to include the segments
likely to contain speech, thus improving the general accuracy
of the system.
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Figure 7: Audio CNN Accuracy/Loss Graph
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Figure 8: Audio CNN Metrics

This data is then sent off to a CNN model trained for speech
emotion classification, using the TESS dataset [73] (refer to
Figure 7 for accuracy loss graph). Similar to facial emotion
recognition, the model and its architecture are adapted for
MFCC features in the time-frequency domain. The model
classifies audio segments into the same seven emotion
categories as the facial expression analysis.

Heart rate estimation

1= oo == |

Figure 9: Remote PPG Analysis Model Overview

The CHROM method for rPPG uses the following equation
to extract the pulse signal:

X =3R—-2GY =15R+ G — 15BS =X — aY

Where: R, G, B are the averaged red, green, and blue colour
channels o is a weighting factor to tune skin-tone dependency
S is the resulting pulse signal

The heart rate is estimated using  remote-
Photoplethysmography (rPPG) technique which uses the ROI
detector from the face recognition module. A sub-region of
the face is chosen for either the cheek or forehead; typically,
areas such as those have strong photoplethysmographic
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signals as these locations have the thinnest skin and blood
flow has better visibility [79].

Drawing inspiration from the work of [80] the study has
implemented the "CHROM" method for raw signal
extraction. This method combines the red, green, and blue
colour channels to produce a signal that is robust against
movement and changes in illumination. The algorithm
isolates any changes in colour due to variation in blood flow.
The raw signal is then processed by detrending the data to
remove low frequency drift, normalized and passed through a
Butterworth filter to isolate heart beat frequencies around 0.7
Hz to 3 Hz which corresponds to 40-180 BPM after which the
Power Spectral Density (PSD) is calculated using Welch’s
method [81]. The estimated heart rate is then calculated by
identifying the results with the highest PSD power which is
physiologically probable and then converted it into beats per
minute.

Adaptive Fusion

Modality availability
heck
Predictions from models

Fackal Emotion
preckrion

Data Processing
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} T
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Figure 10: Adaptive Fusion Model Overview
The adaptive fusion algorithm uses a weighted sum approach:
E=wfx+xEf+waxEa+wh=x*Eh

Where: E is the final emation prediction w_f, w_a, w_h are
the weights for facial, audio, and heart rate modalities E_f,
E_a, E_h are the emotion predictions from each modality

The weights are dynamically adjusted based on the
confidence scores (C) and historical performance (H) of each
modality:

w_i = softmax(C_i * H_i)

This ensures that the most reliable modalities have a greater
influence on the final prediction.

The adaptive fusion algorithm integrates information from
facial expressions, speech, and heart rate to attain a
reasonable and accurate emotion result by using dynamic
weighting for each modality.

The heart rate data is converted to the emotion vector by a
simple mapping function which can be rougher than the
predictions from face and audio but would be able to provide
complementary physiological information to further increase
general classification accuracy [82].
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The modalities are normalized and adaptive weights are
calculated for each modality with respect to their past
performance, current availability, and the minimum
contribution thresholds, so as to keep the integration
balanced. This flexible weighting is what permits the system
to balance in case of temporarv inaccessibility or unreliability
of certain modalities which __ _. problem in multi modal
emotion recognition systems [83]. The fusion algorithm uses
a weighted sum approach for combining the modality-
specific predictions, with the weights dynamically adjusted
based on the confidence scores and historical performance of
each modality.

The algorithm uses a sliding window approach to make the
fusion process more refined, involving past emotional states
and allowing temnoral smoothing that may capture emotional
transitions an_ ___yrmation which allow the model to become
more accurate [84]. It also contains a mechanism to analyse
the contributions from each modality which showcases the
relative importance of each modality at runtime, improving
system interpretation, explainability and any re-evaluation for
improvements.

A self-evaluation component is present that balances the
performance of separate modalities and the output to maintain
an iterative process of optimizing the fusion weights which
govern the overall performance of the system. This adaptive
approach seems to function effectively, and it should allow
the proposed system to perform well, especially in dynamic
and noisy real-world environments.

Two common problems of multimodal systems such as
missing data and asynchronous inputs are also considered.
The system allows temporal flexibility in integrating the
different modalities. While the current implementation is
limited to three modalities, the architecture can be scaled to
include more modalities or advanced unimodal classifiers if
and when devised in the future.

4. RESULTS AND DISCUSSION

This study is set out to create and evaluate a multimodal
emotion recognition system using facial expression analysis,
speech emotion recognition, and heart rate estimation via
remote photoplethysmography. The study has contributed
towards many important challenges that exist in the areas of
affective computing and emotion recognition. The study will
present its findings with respect to the research questions,
examining these results with respect to other relevant
literature.

4.1. Q1. Investigating the effectiveness and advantages of
combining multiple modalities such as facial, auditory signals
and physiological data.

The first research question is directly related to the
effectiveness and benefits of using facial, auditory, and
physiological data in combining for emotion recognition. The
results show a clear advantage of a multimodal approach
when compared to unimodal systems. Even though some
models used by the study have lower accuracies compared to
standard algorithms currently available in the market, the
multimodal approach has good accuracy as seen in Figure 10.
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Figure 10: Accuracy graph of multimodality vs unimodality

Ref Modality Dataset Year Models Accuracy Shortcomings
(%)
Audio, TESS, FER 2024 Deep 55
Video learning
and HR
[93] Video, DREAMER 2022 PCA and 54 Lower
HR and LSTM accuracy, uses
Skin contact sensors
Response
[94] Video VideoEmotion 2021 SVM and 53 Lower
CNN accuracy, uses
single emotion
[95] Audio eNTERFACE 2020 Ensemble 81 Uses only two
and methods modalities
Video
[96] Audio Indian Speech 2019 SVM 78 Uses only two
and Dataset modalities
Video

Table 2: Accuracy Comparison of Different Approaches

From table 2, it is clear that our multi-modal system achieved
an average accuracy of around 55% compared to other
models in various real-world conditions. However, while this
accuracy is lower than some state-of-the-art systems, it
demonstrates the potential of our adaptive fusion approach.
The facial expression modality which is based on a
Convolutional Neural Network trained using the FER2013
dataset, showed quite good results in controlled lighting
conditions, but is less accurate when compared under other
challenging environments such as variable illumination. This
is consistent with findings from previous literature that
vision-based methods have serious limitations when it is
applied in real-world situations [30]. Similarly, the study has
used a CNN trained on the TESS dataset for speech emotion
recognition as far as the audio modality is considered, which
works quite effectively in noisy environments when facial
analysis is very difficult.

However, since the system is design to leverage the
complementary ability between the visual and auditory
modalities, this allows the model to have an improved
performance when these two modalities are combined. The
heart rate estimation using rPPG added a physiological
component into our system. Although it is less accurate than
contact-based methods, this approach has helped to add some
residual value to facial recognition when speech data is
neither present nor reliable.

Some of the major advantage of our multi-modal approach
include:

Multi-Modal Integration

Our study utilizes three distinct modalities: audio, video, and
heart rate; thereby, a more comprehensive analysis toward
emotional states in comparison to studies such as [95] and
[96], which are based on audio and video data alone. The use
of physiological data represented by heart rate adds an extra
dimension to the recognition of emotion, probably being able
to catch some small changes in emotions which are not well
traceable according to audio or visual sources.
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Non-Contact Sensors

Unlike earlier work in this area [93], our study uses remote
photoplethysmography method for measuring the heart rate
instead of contact sensors. This method is non-contact and by
that, it reduces the invasiveness with which subjects are being
subjected, making it more compatible with the real-world
scenario, where treatment patients may not be free to have
sensors attached or even influenced to change their natural
emotional expressions.

Deep Learning Approach

Where studies, for instance [94], rest on previous machine
learning methods, for example the support vector machine,
we ground our approach in deep learning technologies, which
have proven to show superior performance in handling the
complex high-dimensional data characteristic of emotion
recognition tasks. That makes the approach much richer in
terms of feature extraction and possibly leads to better
generalization on empirically diverse datasets.

Adaptive Fusion

The system starts off with a static weight of 0.33 for each
modality and then is designed to adaptively assign weights
based on each modality’s reliability and historical
performance which provides a robust system that can
understand and adapt to real world conditions. For example,
during testing, the system would fall back towards speech
analysis when the face of a subject is partially concealed or
moved out of the FOV of the camera and thus remain accurate
where a facial-only system would fail.

Comparable Accuracy

Although it remains still challenging to integrate many
modalities and the usage of non-contact sensors in the study,
we managed to get the accuracy of 55%, which is still better
than or gets in the same level of efficiency as current studies.
For example, it is better than [93] (54% accuracy) or [94]
(53% accuracy), even though in these studies, not only more
invasive methods but also simpler single-modality
approaches have been used.

Real-World Application

Our method's practical strength is derived from the use of
non-contact sensors and multi-modal analysis. Our approach
is in strong contrast to all work that is directed towards
controlled environments or involves contact sensors: in
theory, it has the potential to be deployed in the subject's
natural environment with a minimal disruption to the
behavior or the environment being studied. While studies [96]
report higher accuracies of 81% [95] and 78% [96], it is
worthy to consider that results are applied to two modalities
and potentially to more constrained datasets. In this way, our
study presents a one more challenging but eventually more
robust approach to emotion recognition since non-contact
sensors are used.

However, there is still room for improving it despite these
advantages. Although promising, the present accuracy shows
that it remains a challenging task to effectively integrate data
from multiple modalities and interpret accordingly. Future
work may be concluded in the following way:

IJERTV 1415100176

Refining the fusion algorithm invc?rldc:eLF1 {cﬁl)etter weight the
contribution of each modality.

Extending the dataset to include more emotional states and
contexts.

Using better deep learning architectures, such as transformer
models, which have performed well for multimodal tasks.
Exploring integration of other non-contact modalities, such
as thermal imaging or gait analysis.

4.2 Q2. The development of emotion recognition system
using machine learning techniques such as deep learning and
evaluation against unimodal architecture.

Due to computational limitations, the study uses simple CNN
architecture which achieve an accuracy of around 50% for
facial recognition and around 90% for audio recognition on
the test set. Since the rPPG-based heart rate estimation did not
directly classify the emotions but provided some useful
physiological context. The system is based on the CHROM
method and it delivered an average absolute error of 10 to
15% against a contact-based reference.

The key innovation is in the area of adaptive fusion
algorithms. In this respect, many multi-modal systems have
been created with static methods of fusion, however, since the
study’s approach adjusts the weights of each modality
dynamically, it provided better robustness and increase of 10-
15% in overall accuracy when compared against individual
modalities.

Additionally, the system has shown better tolerance in real-
life conditions such as the room being dark where the
accuracy of facial analysis is as low as 5%, the accuracy value
obtained by the multi-modal system still remained promising,
reaching around 50% in certain instances, due to adaptive
weight shifting and enhanced reliance on speech data.
Similarly, when speech recognition is not reliable in noisy
environments or in situations where the user did not speak,
this system made up for it with the weight shifting onto the
facial and heart rate features.

These results point to the potential for deep learning-based
multi-modal systems to go beyond the limitations of
unimodal approaches. In other words, this adaptive fusion
strategy is an improvement over some fixed-weight fusion
methods utilized in the field.

4.3 Q3. What are the ways the system can be applied to
improve human-machine interaction in actual applications of
healthcare, education, and consumer behaviour?

Emotion recognition could be applied in a wide variety of
fields such as healthcare, education, and consumer behaviour
analysis. For example, in healthcare, it evidences good
potential in monitoring mental health and improved care for
patients. Especially since the system is non-contact due to the
use of remote PPG for heart rate estimation which makes the
system appropriate for long-term monitoring without causing
discomfort to patients. This can be applied to the emotional
state monitoring of patients in psychiatric care to provide
useful data to health to detect and treat probable causes or
triggers. The potential of automated emotion recognition in
mental health assessment is immense [85].
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The system could be used in the educational domain to
estimate the engagement and emotional responses of students
attending in-class and remote lectures. For this case, the
multi-modal approach is also useful in adjusting according to
variable lighting conditions or audio qualities within a
classroom environment. This information and
recommendations provided by the system will help tutors
adjust their teaching styles and catch up with students who
are lagging emotionally. Research has shown how emotion
recognition might help to enhance learning experiences,
therefore supporting this application [86].

Additionally, the study also provides a tool for estimating
emotional responses to products, advertisements during
consumer behaviour analysis through the fusion of facial,
speech, and physiology data which supplies better and
comprehensive information about consumer emotions than
either the manual pen and paper questionnaire or unimodal
systems. This could become particularly relevant in situations
of user experience testing or market research. The multi-
modal approach offers solutions that make them suitable for
a variety of applications as emaotion recognition in consumer
research has the potential [87] to increase profits for
businesses.

4.4 Q4. What ethical concerns should be taken into account
around the use of emotion recognition technology, and how
may strong frameworks and industry standards be created to
make sure of the responsible implementation of the system?
The most important challenge connected to any emotion-
recognizing system is privacy [88]. In this respect, the study
employs a contactless approach and the usage of rPPG for
heart rate estimation potentially avoids certain privacy issues
which can be found in invasive physiological measurements.
However, gathering facial data and speech data raise a lot of
privacy issues [88]. To overcome this challenge, the study has
recommended very strong data protection initiatives and the
use of cryptographic methods for data protection and
anonymisation techniques, all with clear consent procedures
for each particular subject.
Another ethical concern is bias in emotion recognition
systems. The usage of multiple training datasets, like the
FER2013 dataset for facial analysis and the TESS dataset for
speech analysis, might reduce some biases, but it is important
to keep testing and improving the system to make sure it
performs equally well for all demographic groups.
Similarly, emotion recognition systems raise questions about
accuracy and dependability when applied to important
applications such as health or education. While the proposed
multimodal approach improves overall accuracy, in this case
however, it is crucial to educate the end-user about such
limitations and to strongly emphasize that system use be for
supporting human judgment. The development of industry
standards and ethical guidelines regarding multimodal
emotion recognition systems would ensure that activities are
carried out responsibly. This means guidelines must be
implemented, which addresses the following:
¢ Data privacy and security standards.
e Diverse, representative training data needs Transparency in
Algorithmic Decision-Making.
¢ Regular bias and accuracy audits.
o Clear protocols for the process of informed consent.

o Appropriate Use Cases and Limitations Guidelines.
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independent ethics board that can oversee the development
and fielding of emotion recognition technologies. Such a
board would review proposed applications, assess their
potential risks, and make sure that ethical guidelines are
followed.

In other words, although this multi-modal emotion
recognition system holds huge potential for various
applications and strong ethical principles and rigorous
standards must become part of its development. Only after
consideration of these ethical aspects, will the full potential
of emotion recognition technology be recognized for human-
machine interaction to improve responsibly.

5. CONCLUSION

This study has created and tested a multi-modal emotion
recognition system that combines facial expression analysis
and speech emotion recognition with heart rate estimation via
remote photoplethysmography. The results of this research
tackle some of the main challenges in affective computing by
proving the superiority and robustness of a multimodal
approach over unimodal systems.

The system achieved an average accuracy of 55% across all
categories of emotion, outperforming individual modalities in
various natural conditions. Both our adaptive fusion
algorithm and the incorporation of rPPG are thus very
significant improvements in emotional recognition
technology.

Some challenges do exist as further real-world testing is
required with the current focus only on the seven basic
emotion categories and need to be improved to accommodate
subtle changes in emotions. Other future research directions
that can be identified for this trend include expansion of the
system by including other modalities, refinement of fusion
techniques and using a more advanced machine learning
algorithm.

In conclusion, this study contributes to the development of
multimodal emotion recognition systems and is helping to
advance affective computing. As we push technical
boundaries, it is important to simultaneously improve and
involve ethical implications to strongly leverage this
technology to create ethically sound human-machine
interaction.
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APPENDIX

Figure 2a: Figure 2 (Enlarged)
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