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Abstract — The integration of artificial intelligence (Al) in
emotion recognition has significantly transformed human-
computer interaction and revolutionized fields such as
medicine, education, and entertainment. This paper reviews
30 papers on the detection of emotional signs through various
biometric inputs, including electroencephalography (EEG),
electrocardiography (ECG), facial expressions, and speech
patterns. Despite advancements in Al-driven emotion
recognition systems, challenges persist, particularly in data
variability, computational inefficiency, and ethical dilemmas
associated with privacy, security, and algorithmic bias. Recent
innovations in feature extraction techniques, such as
convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), have enhanced the precision of emotional
state recognition across multiple input channels. The
transition to edge computing has further enabled real-time
processing with low latency, facilitating integration into
wearable devices and 10T ecosystems. Multimodal systems,
which leverage data sources such as physiological signals,
facial expressions, and speech, show great promise but face
challenges related to inclusivity and system fragility. To
address these issues, the study recommends for robust training
datasets, ethical guidelines, and hardware optimizations.
Incorporating contextual information and accounting for
individual differences can improve recognition accuracy and
user trust. However, ethical concerns remain critical,
emphasizing the need for strict standards of privacy, security,
and equitable access to ensure Al emotion recognition systems
are trustworthy and inclusive. Overall, this paper highlights
the potential of Al-driven emotion recognition systems while
underscoring the importance of continuous research to
address technical and ethical challenges, paving the way for

broader applications in pattern recognition, cognitive studies,
and specialized tools.

Keywords— Emotion  Recognition And Detection,
Multimodal Systems, Deep Learning, Affective Computing,
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|I. INTRODUCTION

Real-time emotion perception and interpretation
are fundamental innovations within affective
computing technologies that integrate emotional
understanding into decision-making processes across
various applications such as personalized health
services, intelligent tutoring systems, and mental
health monitoring. These sophisticated emotion
recognition systems interpret diverse sensory data
derived from human emotional behaviors including
facial expressions and neuroscientific analyses such
as brain and physiological responses to transform
these behaviors into meaningful insights about users'
emotions.

They hold the potential not only to enhance user
experience by providing immediate feedback in
educational or customer service contexts but also to
detect stress indicators or mental health concerns thus
offering essential support despite their promise
deploying advanced algorithms for emotion recognition
presents enduring challenges dealing with
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unpredictable noisy environments requires adaptability
while cross-cultural variations necessitate sensitivity in
data interpretation moreover limitations in the scope
and scale of available datasets pose significant
hurdles exacerbated by ethical considerations
regarding user consent and data privacy which
complicate system deployment amidst ongoing
debates in this area.

In consolidating insights from over 30 peer-
reviewed studies, this review aims to provide a holistic
overview of the latest advancements, imminent
threats, and future outlook within this rapidly evolving
field. With a focus on deep learning techniques,
multimodal approaches, and ethical considerations,
the sources were selected based on their suitability for
real-time emotion recognition. Older or fewer
comprehensive works were ignored in favor of more
recent, peer-reviewed studies with strong empirical
backing to produce a comprehensive and up-to-date
review.

Recent progress includes hybrid systems that
merge deep learning techniques with traditional
classifiers demonstrating noteworthy robustness
improvements in emotional recognition tasks the
integration of multimodal approaches such as
combining audio signals with visual cues extends
promising avenues for enhancing emotion detection
accuracy by leveraging contextual data. Furthermore,
the advent of Edge Al solutions represents a significant
leap forward by enabling scalable and privacy-
preserving implementations these systems process
information locally at or near the data source thus
reducing latency and enhancing real-time
responsiveness in emotionally-aware applications
developments in transfer learning techniques have
brought additional optimism by demonstrating
improved model performance even with constrained
training datasets thereby widening applicability across
diverse settings.

In  designing future emotion recognition
technologies an emphasis on ethical considerations
remains paramount incorporating transparency and
user control mechanisms is essential to fostering trust
and broader acceptance of these innovative systems
as we continue refining emotional intelligence in
human-computer interactions achieving a harmonious
blend of creativity with ethical integrity will shape the
guiding principles for advancing affective computing
technologies.

Il. METHODOLOGY

A. Modalities for Emotion Detection

Emotion detection systems rely on two primary
types of data, including physiological signals and
behavioral cues.

Physiological Signals

Electroencephalographic (EEG) recordings,
reflecting electrical activity in the brain, constitute one
of the superior modalities used for emotion recognition
on the grounds of their depiction of emotional states
[1]. Basic features such as power spectral density,
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asymmetry in EEG, and entropy are extracted in a very
robust manner concerning arousal and valence [2] [3].
The activities from ECG provide information about the
inter-assay heart-rate variability, relating to emotional
states like stress, relaxation, and excitement[4]. An
enhancement of additional physiological signals, like
GSR and respiration, improves classification accuracy
when combined with EEG or ECG. This multimodal
approach has tied the best of the two sensory systems
together to achieve a more comprehensive
understanding of emotional response. The recent
advent of sophisticated machine learning techniques
has made feature extraction and classification
operations more convenient, leading to more cheerful
emotion detection prototypes in real-time applications.
As the research in this domain develops, there is a
pressing need for robust emotion recognition systems,
which can be applied in a variety of contexts-all
addressing the challenges of variability in data and
environmental noise [5].

Behavioral Cues

The facial expressions are the most intuitive and
the most widely recognized indicators of human
emotions. The reason of high identification could be
given to the sophisticated convolutional neural network
architectures that were being enforced in the
identification of "affect-related" subtle movements,
thus allowing the identification of emotions and their
classification by emotional effectiveness. Given that
facial emotion detection is susceptible to external
hindrances, including light-dependent issues and
cultural circumstances, one should no less examine
speech features [6] [7]. Technologies can be expertly
used in conducting voice features, such as pitch, tone,
and rhythm to categorize the different emotions. These
evidence-based systems worked quite well in
controlled circumstances but were limited in detecting
true data when the analysis was completed in the
presence of by noise and language variances. The
integration of facial and speech-based emotion
recognition can improve overall accuracy through the
extra data streams, with further research
demonstrating the need to address environmental
challenges associated with emotion detection.
Investigating the limitations imposed by external
factors in future works would perhaps pave the way for
more robust emotion-detecting systems. Therefore,
improving algorithms and integrating diverse training
datasets further will propel the field of emotion
detection toward more solid and less error-prone
applications in different fields, including mental health
monitoring, and user experience optimization [8] [9].

Multimodal Approaches

With an increasing focus in recent research on the
importance of integrating multimodal systems that
might overcome the limitations of single-modal
systems, for example, EEG signals combined with
facial expression data or speech demonstrating higher
classification accuracy and more resilience to noise
[10] [11]. Although multimodal architectures need
voluminous computable resources, they are the most
up-to-date for real-time emotion recognition [12].
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Prospectively, further new multimodal fusion strategies
such as attention models and graph-based learning
could enhance systems by dynamically neglecting the
most informative modalities, yet with the condition of
lessening the computational load, while sustaining
accuracy in operation. Such advanced strategies use
attention models by attending to those inputs that are
detected as most relevant to optimize computational
resources so that emotion accrual could be impacted
positively in varied environments. This is augmented
through deep learning, which is destined to improvise
the fusion process so that systems become able to
adapt themselves to diverse conditions and user
contexts. It is rational to hope that carrying out genuine
research will provide opportunities for robust and
scalable emotion detection applications that can be
employed in various crucial sectors like health,
education, and marketing support. Table 1 shows the
emotion detection modalities with their strength and
weaknesses

TABLE 1. Emotion detection modalities with their strength
and weaknesses.

Modality Description | Strengths Weakness
EEG Measures High Complex
brain activity | accuracy setup
to deduce
emotions
ECG Tracks heart | Complemen- | Susceptible
rate tary to EEG to noise
variability
Facial Analyze Intuitive and | Affected by
Expression | facial Easy to | lighting
muscle capture
movement
Speech Detects, Language Sensitive to
Tone, Pitch | independent | Background
and rhythm | features noise
in voice

B. Al Techniques for Emotion Detection

Al algorithms form the backbone of modern
emotion recognition systems, particularly deep
learning methods and techniques

Convolutional Neural Networks (CNNSs)

CNNs are utilized significantly for image data
analysis, particularly facial expression recognition.
They ensure a balance between accuracy and
program performance load, being exceptionally well-
equipped for on-spot measuring applications. The very
light version of the MobileNet model is primarily
designed for resource-restricted settings where the
combination of fast processing speed and high
accuracy is preserved [13] [14]. More advanced
versions, such as attention-based CNNs, aim at
enriching the ability of distinguishing very nuanced
facial emotions intending to learn specific critical
features from the input data [15]. This way, the
proposed method can more brutally pinpoint subtle
variations in expression which very likely indicate
different emotional states. Besides, using techniques
such as data augmentation and transfer learning can
go a long way toward greater model robustness and
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generalization on different datasets. As a result,
advancements in CNN architecture would potentially
speed up emotion recognition research and inject real-
time applications with greater meaning in terms of the
end-user experience.

Recurrent Neural Networks (RNNs)

RNN architectures that include LSTM features,
especially for EEG signal processing, have a good
impact because LSTMs are very good at capturing the
inherent temporal dependencies needed to consider
evolving emotional states [16]. However, somewhat
recently, research has continued to investigate the
incorporation of attention in LSTM networks, which
helps in pinpointing critical points in the timeline of the
signal being analyzed. Not only does this improvement
boost the emotion-detection accuracy of the model in
structured and "noisy" environments, but also attention
mechanisms now allow LSTMs to more efficiently
utilize resources by focusing on important data points
and ensuring that the information that most matters is
attended to and weighed with regard to its relevance in
its context. These processes together allow for training
neural networks to be more adaptable to the variability
found in input sequences, therefore making the neural
networks robust against noise and fluctuations. Hence,
deploying models that include combinations of LSTM
networks and attention mechanisms significantly
stimulates further research into emotion recognition,
with the prospect of creating systems that are more
precise and responsive and fit for adapting to real-
world applications

Hybrid Models

One of the successful trends regarding emotion
recognition consists of hybridizing CNNs, which
capture spatial information with RNNs, which cater for
time-variant data. These hybrid systems excel in
multimodal methods where varied data types require
specialize processing[17]. Furthermore, Transformer-
based architectures are being considered as a more
potent alternative since they provide excellent means
for capturing spatial-temporal dependencies across
various data streams, thus overcoming issues with
traditional CNN-RNN hybrids. Transformers serve
sequential input information via self-attention
mechanisms that allow dynamic allocation of
importance toward different input elements; this affects
the model to increasingly recognize complex patterns
and relationships within the data. As research
continues, merge these advanced architectures into
emotion recognition systems for great enhancement in
accuracy and efficiency, therefore creating fast-track
implementations in various fields, including healthcare,
security, and human-computer interaction. Table 2
shows the Al techniques used in Emotion Detection

TABLE 2. Al Techniques used in Emotion Detection.

Technigues Descriptions Applications
CNNs Used for image | Real time
based data | emotion
analysis  (e.g., | recognition
Facial
expressions)
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RNNs Suitable for | Capturing
sequential data | temporal
(e.g.,.EEG dependencies
Signals)

Hybrid Models Combines CNNs | Enhanced
and RNNs for | accuracy in
data processing) | emotion

detection

C. Hardware-Accelerated Systems

With the surge in demand for real-time
performance, edge computing along with hardware
accelerators (FPGA) is now integral to any emotion
detection system. These advancements while
maintaining accuracy, and low latency processing lend
itself to the practical use of emotion recognition in
portable and embedded devices. Data processing can
now be pushed to the source at the edge, allowing for
reduced response time and improved user experience.
On another hand, FPGAs provide customizable
hardware platforms for enhanced processing efficiency
so that complex algorithms can run smoothly in real-
time applications. The combination of these
technologies not only fulfills modern emotion detection
system requirements but also eases the deployment in
several environments of mobile devices and IoT
applications, thereby extending the real-time emotional
analysis capabilities across industries [18] [19].

D. Dataset Challenges

The datasets are the mainstay of emotion
recognition research, yet openly available datasets
such as DEAP (for EEG use), FER-2013 (for facial
expressions), and RAVDESS (for speech) widely used
suffer from class imbalance and lack of cultural
diversity. [20]. Many datasets predominantly consider
basic emotions and, in this way, sidestep more
complex emotional states like ambiguity or neutrality
[21]. Future endeavors must prioritize the
developmental objectives of diverse and well-
annotated datasets to address these gaps. Including
mixed emotions and a wider context of cultures would
increase the usability of emotion recognition systems
for various populations. If they increase the variety of
available datasets, researchers can assist model
training and validation processes, ultimately leading to
increased accuracy and reliability of emotion detection
in real-world situations. Addressing the above issues
is necessary for this field to advance and for the fair
effectiveness of emotion recognition technology in
various application [22].

Ill. DISCUSSION

A. Achievements and Current Trends

Emotion detection systems have made great
advances, particularly for multimodal integration.
Hybrid systems integrating EEG with facial
expressions and speech inputs have reached
accuracies above 95% in controlled condition [23].
Further advancements, aided by deep learning-based
techniques such as transfer learning and generative
models, have augmented the classifiers addressing
the more complex dynamics of emotional states. Such
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methodologies thus improve the feature extraction and
generalization capabilities of the model on varied
datasets, thereby enhancing the robustness of
emotion recognition. In conclusion, improvements in
data preprocessing and augmentation techniques
ensure better performance of models by tackling
issues such as class imbalance and noise. As these
technologies develop, their prospective applications in
real-world settings become increasingly plausible for
mental health  monitoring, user experience
assessment, and interactive systems which create
opportunities for stronger emotional intelligence in
many fields [24]. Figure 1 shows the classification
accuracy of different modalities

Multimodal Approaches
ECG

Speech Analysis

Facial Expressions

0 20 v a0 60 80 100

Accuracy (%)
FIGURE 1. Classification accuracy of different modalities.
B. Challenges

Although emotional recognition has made

remarkable advancements in science, there are still
quite a few roadblocks in the field. Cultural differences
interfere with the reliability of such systems, as people
from different societies may display very different "joy"
and "sad" expressions" and therefore may be prone to
classification errors [25]. Computational concerns
become more serious, as some real-time systems are
an enormous drain on resources in processing
multimodal data streams [26]. On the other hand,
ethical concerns, particularly surveillance and privacy,
deter further acceptance of these technologies [27].
Therefore, the further course should focus on adaptive
emotion recognition models that consider cultural
specifications, performing optimally by using light-
weight architecture to minimize computational
overheads, and employing federated learning in favor
of user privacy concerning decentralized systems. If
these issues are taken care of, we can work toward
increasing the efficacy and acceptability of emotion
detection technology in many applications and
populations.

C. Future Directions

Addressing open research difficulties and
broadening the systems' range of applications should
be the key goals of future emotion recognition studies.
To enhance model generalization and reduce biases,
one important topic is the development of inclusive and
culturally representative datasets. Additionally, the
implementation of emotion detection technologies in
portable and real-time applications will be made
possible by furthering hardware simplification and
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optimizing  algorithms  for  resource-constrained
contexts. Furthermore, combining methods like
federated learning, transfer learning, and data

augmentation can improve model generalization and
lessen reliance on sizable labelled datasets. These
techniques will increase the flexibility of emotion
detection systems for practical applications by allowing
them to dynamically adjust to various populations and
situations. Labeled
In this discipline, ethical considerations are also quite
important. To guarantee user trust and fair
deployment, precise rules for data collection, storage,
and use must be established. Research on emotion
detection should also look into how it might be used in
human-computer interaction and mental health
monitoring, as these fields offer important insights into
user experience and emotional health. Future
advancements in emotion detection technology can
result in more precise, inclusive, and morally sound
systems with broad applications in human-computer
interaction, healthcare, and education by tackling
these issues. Table 3 shows the comparison of
emotion recognition methods across different
modalities, feature extraction techniques, and ml/dl
algorithms.

TABLE 3. Comparison of Emotion Recognition Methods
Across Different Modalities, Feature Extraction Techniques,
and ML/DL Algorithms.

Refere Modalit | Featu ML/DL Datas Accur | Key
nce y Used re Algorith | et acy Findings
Extrac | m Used (%)
tion
Metho
d
Fang et | ECG Powe CNN DEAP 85% EEG-
al. r based
(2019) Spect recognitio
[1] ral nis highly
Densit accurate
y for
valence
and
arousal.
Hassou | ECG Hybri Deep AMIG 80% EEG-
neh et d Neural oS based
al. Model | Networ recognitio
(2020) k n is highly
[2] accurate
for
valence
and
arousal.
Turabz ECG + | CNN CNN SEED 88% Multimod
adeh et | EEG Featu al
al. re approach
(2018) Extrac es
[3] tion improve
performa
nce.
Jaiswal | Facial CNN- Deep FER- 92% Deep
et al. | Expres based | Learnin | 2013 learning
(2019) sions Featu g models
[4] re Model outperfor
Extrac m
tion traditional
classifiers
Kartal Speech | MFC LSTM RAVD 78% Speech
et al C EES emotion
(2018) Featu recognitio
[5] re n
Extrac struggles
tion with
environm
ental
noise.
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Talast EEG + | Featu Bi- IEMO 90% Fusion
et al. | Facial re- LST™M CAP models
(2023) Level increase
[6] Fusio robustne
n ss
against
data
variability
Jiang Speech | Fusio Transfo | AFEW | 87% Multimod
et al. | +Facial | n rmer al
(2020) Netw learning
[7] ork improves
generaliz
ability.
IV. CONCLUSION
Recently, artificial intelligence systems for

detecting emotion in real-time have gained significant
momentum primarily due to multimodal approaches
and deep learning techniques. A combination of
heterogeneous data sources such as facial
expressions, vocal signals, and physiological signals
gives a much deeper perspective into human
emotions. Diversity in the datasets, computational
constraints, and ethical issues are challenges that still
remain. Indeed, many available databases do not have
fair representation across cultures, which can
introduce undesired bias in emotion recognition. The
processing of multimodal data streams may require a
great deal of computational resources, further
restricting the use of such systems in real time. By
developing inclusive datasets, working on alternatives
with lower power consumption like FPGAs, and
instituting ethical guidelines, these problems, when
resolved, will herald a full realization of emotion
detection technologies, leading to the creation of
revolutionary applications: in healthcare for diagnosing
mental health; in education for the personalization of
learning; in public safety for threat identification; and
human-computer interaction for a more empathetic
user experience. Emotion detection technologies
would thus have wide-ranging application in virtually all
sectors, which means that with the resolution of these
challenges will surely enhance not just how technology
interacts with us, but they will also improve societal
wisdom.
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