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Abstract 

Emotion recognition has been a very important development in neurorehabilitation, 
especially for those patients with disorders of consciousness who cannot communicate 
through conventional means. This research attempted to bridge the gaps in emotion 
recognition through a multi-modal approach integrating EEG signals, facial recognition, 
and physiological signals. The research proposed a robust system that should improve 
accuracy and scalability by leveraging cutting-edge machine learning models such as 
Graph Convolutional Neural Networks and Long Short-Term Memory networks. A review of 
the existing literature underlines several limitations that unimodal approaches suffer from, 
including noise, signal variability, and constraints of datasets. In this context that 
multimodal frameworks had come to the fore as a very promising alternative, with an ability 
to enhance detection accuracy through the fusion of diverse data. Ethical considerations, 
including those on data privacy, informed consent, and algorithmic transparency, remain 
critical issues for real-world applications. 

The study covered the combination of XR with telerehabilitation in the creation of an 
immersive environment for cognitive-affective stimulation, thus ensuring patient recovery. 
Challenges such as cost, accessibility, and interdisciplinary collaboration are identified 
despite this promising potential. Development of domain-specific data sets and 
subsequent validation through experimental settings had been prioritized to make sure of 
applicability across diverse clinical environments. 

The proposed framework led to significant contributions in theoretical developments, 
technological innovation, and practical healthcare applications. 

It aimed to set base guidelines on the ethical use of AI, as well as to make actionable 
recommendations for integrating emotion recognition systems into clinical workflows in 
healthcare. Ultimately, this study envisioned a transformative impact on patient 
engagement, rehabilitation outcomes, and the quality of life for individuals with DOC. This 
research set the foundation for further innovation, with a focus on scalable, ethically 
compliant, and patient-centered solutions for emotion recognition. 
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1. Chapter 1: 

1.1 Introduction 
Emotion recognition is now a priority area of critical research in modern healthcare, as this 
helps to know more about the patients who have disorders of consciousness and are 
unable to communicate their emotions in conventional ways. Lack of recognition and 
management of such emotional needs presents a huge challenge in rehabilitation and 
overall well-being of such patients. The emergence of enabling technologies such as AI, 
ML, and XR has tried to bridge such gaps in recent years. 

Thus, accordingly, the first EEG-based emotion recognition system emerged as a robust 
method to analyze neural activities that detect emotional states. However, most of the 
current methodologies face some difficulties with either noise in the data, inter-individual 
variability, or lack of scalability. Nowadays, there is increased interest in integrating EEG 
signals with other modalities to transcend the limitations of each mode. This would result 
in a multimodal approach that, for sure, would give better performance regarding accuracy 
and robustness, opening ways for more effective emotion recognition systems.(Ezilarasan 
& Leung, 2024; Fernandes et al., 2024; Lim et al., 2024; Ul Hassan et al., 2023) 

Recently, deep learning techniques in AI-driven models have gained rapid attention. The 
potential applications in handling complex and diverse feature sets to provide more fine-
grained representations of emotional states lie largely within models such as Graph 
Convolutional Neural Networks and Long Short-Term Memory networks. Major challenges 
remain significant to date, involving the need to access big and quality datasets, efficiency 
in processing speed, and ethical considerations such as data privacy or informed 
consent.(Fernandes et al., 2024; Pereira et al., 2024) 

Both XR and telerehabilitation are exciting modalities in which to integrate emotion 
recognition for neurorehabilitation. The immersive setting of XR technologies is cognitively 
and emotionally engaging, while telerehabilitation adds a link from a distance to extend the 
care. Such an emerging technology will merge AI-driven emotion recognition into the 
clinical service and will maybe revolutionize a patient's process of recovery 
engagement.(Lim et al., 2024; Silva et al., 2024) 

This research will establish an all-rounded, multimodal framework of emotion recognition 
to be supported by the integration of EEG signals with facial and physiological data in the 
endeavor to overcome these limitations. Contribution: This will be done via a study that 
deals with the methodological, ethical, and practical challenges toward designing 



3 
 
 

scalable, reliable, and ethically compliant emotion recognition systems in health facilities. 
It also discusses the broader implications of emotion recognition in the context of better 
recovery for patients and decision-making by caregivers. (Silva et al., 2024) 

The findings are sure to raise the bar for patient-centered healthcare and offer actionable 
insights into how to integrate advanced technologies into clinical workflows. The study 
envisions interdisciplinary collaboration, responding to real-world challenges, and the 
recognition system will make a much better quality of life for patients with DOC and 
beyond. 

1.2 Background 
The Need for Emotion Recognition in Healthcare 

Emotion recognition is important for understanding the emotional needs of patients, 
especially those with disorders of consciousness. Such patients mostly cannot 
communicate their emotional states through conventional means, thereby presenting 
challenges to caregivers and healthcare providers in offering personalized and effective 
interventions. Traditional observation methods are grossly inadequate, and there has been 
a growing need for advanced technologies to bridge this gap. 

EEG-Based Emotion Recognition: The Advances 

EEG has emerged as a promising modality for emotion recognition, offering direct insight 
into neural activity. The systems based on EEG can capture subtle emotional signals from 
the brain that may be helpful in detecting emotions in non-communicative patients. 
However, challenges such as data noise, individual variability, and limited generalizability 
of current systems hinder their effectiveness. Addressing these issues is essential to 
improving the accuracy and reliability of these systems in clinical settings. 

Incorporating Multimodal Approaches 

Recent research has pointed to the lack of one-modal approaches, such as solely EEG 
signals, and advised incorporating a multi-modal approach. On the one hand, multi-modal 
emotion recognition systems incorporate EEG signals with signals obtained from facial 
recognition, body movement analysis, and physiological measurements that include heart 
rate and skin conductance. It not only improves detection performance but also enables 
the diagnostician to investigate the holistic aspects of the patient's needs with better 
therapeutic outcomes. 

The Role of AI and New Technologies 
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Artificial Intelligence and Machine Learning have indeed brought an evolution to emotion 
recognition systems by providing the ability to analyze complex and diverse data. Advanced 
models such as Graph Convolutional Neural Networks and Long Short-Term Memory 
networks have been able to show superior capabilities in the extraction of meaningful 
patterns from EEG and other inputs. Moreover, extended reality and telerehabilitation 
represent some of the technologies being explored for improving patient participation in 
immersive therapeutic environments. These, along with emotionally aware AI, may soon 
change the face of neurorehabilitation and patient care. 

 

1.3 Problem Statement 
Emotion recognition in DOC patients is one of the biggest problems when attempting 
neurorehabilitation. Most of the patients do not have conventional means of 
communicating or expressing themselves. Advanced technological solutions are hence 
required in correctly identifying and reacting to their emotional states. Systems that 
presently exist, such as those based on EEG-based emotion detection, are considered to 
hold a lot of promises since it captures neural signals directly. These methods are, 
however, susceptible to several challenges, including noise, signal quality variability, and 
limited capability for generalization to diverse patient populations.(Fernandes et al., 2024; 
Ul Hassan et al., 2023) 

 

Multimodal approaches-a fusion of EEG signals with other modalities such as facial 
expressions and physiological data-have lately been put forward to enhance the currently 
unsatisfactory level of accuracy and robustness. However, such frameworks remain 
relatively unexploited, especially in clinical applications in which real-time functionality 
and ethical considerations, including data privacy and algorithmic transparency, are 
crucial.(Akbar et al., 2024; Fernandes et al., 2024; Pereira et al., 2024) 

 

This limitation therefore underlines the urgent need for the integration of multimodal data 
sources in dealing with various technical and ethical challenges to enhance the reliability 
and applicability of emotion recognition systems within clinical settings. In the light of the 
above, the present study is designed to be aimed at filling the lacuna with a view to 
providing more scope for enhancing the reliability, scalability, and ethical compliance of 



5 
 
 

the emotion recognition system related to healthcare.(Akbar et al., 2024; Stasolla et al., 
2023; Ul Hassan et al., 2023) 

 

1.4 Research Objectives 
General Objective 

This involves the design, development, and validation of a multimodal framework that can 
be used for emotion recognition in patients with disorders of consciousness, using EEG 
signals, along with facial recognition and physiological data, to enhance clinical accuracy, 
scalability, and ethical compliance. 

 

Specific Objectives 

1. To investigate the drawbacks of existing EEG-based emotion recognition systems: 
Analyze current methodologies regarding noise, variability, and scalability 
issues.(Fernandes et al., 2024; Ul Hassan et al., 2023) 

2. To assess the use of multimodal data for emotion recognition: 
Integration of EEG signals with facial and physiological data for better detection 
accuracy was considered (Akbar et al., 2024; Stasolla et al., 2023) 

3. To find out and implement improved machine learning algorithms: 
Analyze the performance of algorithms such as GCNNs and LSTM networks in 
processing multimodal data (Fernandes et al., 2024; Ul Hassan et al., 2023) 

4. To Develop a prototype of the proposed multimodal framework: 
Design and implement a system that integrates EEG, facial expression, and 
physiological signals for the real-time recognition of emotion(Stasolla et al., 2023; 
Ul Hassan et al., 2023) 

5. To validate the proposed framework in experimental settings: 
Subject dependent and subject independent testing of the system regarding 
accuracy and robustness (Fernandes et al., 2024; Pereira et al., 2024) 

6. To explore ethical issues related to multimodal emotion recognition: 
patient privacy, consent, and algorithmic transparency during the design of 
systems(Akbar et al., 2024; Ul Hassan et al., 2023)  

7. To measure the impact of emotion recognition on rehabilitation: 
Better emotion detection/patient recovery and caregiver decision-making (Akbar et 
al., 2024; Stasolla et al., 2023) 
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8. To develop a domain-specific dataset for training and validation: 
Building a repository of multimodal emotion data related to patients with disorders 
of consciousness (Fernandes et al., 2024; Ul Hassan et al., 2023) 

9. To provide recommendations for future research and clinical integration: 
Discuss how the framework can be integrated into health care systems and what 
paths may be considered for further development (Akbar et al., 2024; Stasolla et al., 
2023; Ul Hassan et al., 2023) 

 

1.5 Research Scope 
Analysis of Existing Emotion Recognition Challenges 

These study findings focus on the inability and inefficiency of state-of-the-art emotion 
recognition methods, especially for patients who, due to neurological disorders or 
accidents, cannot respond motorically. The specific challenges include noise and signal 
variabilities in EEG signals; poor generalization of current approaches from their current 
designs to more diverse populations and ethical concerns with respect to patient data 
privacy and interpretability/transparency; analysis of the gap in mono-model approaches 
and their integration regarding multimodal frameworks. 

 

Assessment of Existing Solutions and Technologies 

The present work discusses existing solutions to emotion recognition, including those 
using EEG, machine learning algorithms, and state-of-the-art approaches based on the 
integrated analysis of physiological, neural, and behavioral data. Such solutions are 
critically reviewed regarding their efficacy, scalability, and ethical implications. In this 
regard, advanced AI models, like GCNN and LSTM, together with enabling technologies, 
including extended reality and telerehabilitation, play an important role. 

 

Designing a Multimodal Framework 

This research develops an inclusive, multimodal framework combining EEG signals with 
facial recognition and physiological metrics toward enhanced emotion detection. It 
considers how it should tackle the signal-related problems, noise reduction, variability of 
the signals, ethical considerations of assuring the privacy of the data provided by the 
patients, the consideration of consent, and how much information should be kept 
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transparent. The design must be such that the said framework shall be scalable, 
adaptable, and specifically applicable clinically. 

 

Validation in Clinical and Experimental Settings 

The proposed framework will be tested both in subject-dependent and subject-
independent experimental settings to ensure its efficacy and generalizability. Performance 
metrics include accuracy, robustness, and scalability. Its impact on rehabilitation 
outcomes and the decision-making of caregivers will also be studied through pilot studies 
in clinical environments. Responses from healthcare providers, patients' families, and 
interdisciplinary experts are sought to refine the system, easing its translation into reality. 
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2. Chapter 2: (Literature Review) 

1.1 Literature Review 
Yan et al. (2022) have discussed the potential and limitations of AI applications in the 
diagnosis and prediction of mental health. The authors express that, by nature, mental 
health disorders are deeply complex with symptoms largely overlapping, making it tough to 
classify them correctly. Of the causes for reliable predictions among others, they identify 
bias and lack of diversity within the dataset. It achieves this through the integration of 
multimodal data such as EEG, MRI, and behavioral information that increases the reliability 
of diagnosis. Considerations of ethics will be there to ensure privacy and security of data, 
limitations of interpretability in the AI model, and clinical acceptance. The application, 
therefore, requires joint clinicians with the developers of AI for building up solid 
standardized frameworks necessary to allow seamless translation of AI in mental health 
diagnosis. 

 

Matching Assistive Technology, Telerehabilitation, and Virtual Reality with Disorders of 
Consciousness and Neurocognitive Disorders: A Position Paper by Stasolla et al. (2023a) 
provides more details on how advanced assistive technologies like VR and AI could 
function in changing the cognitive and emotional disturbances of patients with altered 
consciousness. The paper has highlighted that telerehabilitation has proved effective in 
remote monitoring of the improvement of a patient, while the focus of VR is to create 
immersive environments that can stimulate neural functions. AI-driven personalized 
rehabilitation strategies are considered one of the most important advantages, offering 
tailored interventions. Issues regarding ethical consideration-patient privacy among other 
implementation challenges-are discussed here, highlighting how those technologies bridge 
the gaps created in traditional healthcare for a less aware patient. 

 

Detection of Emotion using EEG and machine learning algorithms is considered for Ul 
Hassan et al. (2023a), in their study "Towards Effective Emotion Detection: A 
Comprehensive Machine Learning Approach on EEG Signals.". Feature extraction and some 
classifiers, including the Support Vector Machine and neural networks, were used in the 
investigation, where high classification accuracy was obtained for emotional states like 
happiness, sadness, and fear. It is underlined that preprocessing is a very important step in 
maintaining model reliability and performance. The authors indicate that these are 
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important neurorehabilitation and healthcare technologies, mainly dealing with patients 
who cannot communicate, and thus may lead to a significant contribution to diagnosis 
improvement related to emotional states. 

 

Fernandes et al. (2023a) discuss the role of deep learning in the analysis of EEG signals 
with a view to classifying emotional states in Emotion Detection from EEG Signals Using 
Machine Deep Learning Techniques. Many different architectures were experimented with, 
including LSTM and autoencoders, which demonstrated different performances in 
modeling temporal dynamics underlying the EEG data. The authors also discussed EEG 
data integration with other physiological signals to highlight better performance in emotion 
recognition and its practical implications for a differential diagnosis of disorders of 
consciousness. It also discusses the challenges in real-time implementation, 
computational efficiency, and scalability of such systems. 

 

Younis et al. (2024) had presented a critical review of the application of AI in Medicine and 
Health Care through a paper titled "A Systematic Review and Meta-Analysis of Artificial 
Intelligence Tools in Medicine and Healthcare: Applications, Considerations, Limitations, 
Motivation, and Challenges." The paper identified 77 studies that were analyzed and 
divided applications of AI into four main categories: diagnosis, treatment, health 
management, and medical education. Results are presented that highlight how AI can 
enhance healthcare efficiency, accuracy, and access, with a focus on virtual approaches 
based on large language models. Critical discussions on ethical challenges, data privacy 
concerns, and the lack of standardized measures of outcome raise questions over 
implementation. The study concludes that interdisciplinary collaboration and further 
research are required to determine clinical effectiveness. 

 

In this regard, the study of Pereira et al. (2024), titled Systematic Review of Emotion 
Detection with Computer Vision and Deep Learning, presented the usage of computer 
vision and deep learning in emotion detection while analyzing 77 studies between the years 
2013 and 2023. CNNs are found to be very efficient models in such cases since they 
capture visual emotional cues better than other models. Hybrid and augmented models 
are also discussed, though challenges related to dataset diversity and real-world testing 
remain. Such works highlight the fact that practical improvement in emotion detection 
requires robust datasets and interpretable AI models. 
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Akbar et al. (2024a) reviewed extended reality and the future of artificial intelligence in 
neurorehabilitation after recovery from brain injury, reviewing how extended reality and AI 
in neurorehabilitation are combined for brain injury patients. The results showed that both 
XR technologies, VR and AR, offer an exciting environment for cognitive-affective 
stimulation, while AI provides the possibility to personalize therapy and monitor progress. 
Limitations to adoption include but are not limited to cost, accessibility, and clinical 
validation. This study concludes that taken together, these have the potential to result in 
huge improvement in patient outcomes and engagement. 

 

Ezilarasan & Leung, 2024, propose a state-of-the-art real-time emotion recognition 
framework using EEG signals in their work "An Efficient EEG Signal Analysis for Emotion 
Recognition Using FPGA". They have used ICA for artifact removal and the CNN-LSTM 
hybrid model for feature extraction and classification. The implementation done using 
FPGAs enhanced the speed and resources of the system very much and made it suitable 
for resource-constrained environments. This is further emphasized in its application to 
both clinical and assistive technology, where its classification accuracies outperform those 
of earlier traditional methods. 

 

Silva et al. (2024) discuss biosensors such as EEG, ECG, and GSR for emotion recognition 
in the study entitled Integration of Multiple Biosensors for Emotion Classification with 
Artificial Intelligence. This research pinpoints the Extra Trees model for binary emotion 
classification and emphasizes multi-modal data fusion to enhance accuracy. It also points 
out challenges that involve real-time processing and synchronization of data. Applications 
range from mental health and human-computer interaction to personalized technologies. 
The work provides a foundation for further research into the improvement of these systems 
toward broader applications. 

 

Lim et al. (2024) critically reviewed EEG Affective Recognition from a Neuroscience 
Perspective. There follows the approach to emotion recognition, integrating neuroscience 
into EEG signal processing, after noticing key elements in the comprehension of emotion 
state, such as neural correlates and event-related potential. Such challenges are variability 
of the signals themselves and standardized datasets. It brings into light ethical 
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considerations, first data privacy. Authors suggest using neuroscience insights with AI for 
the interpretability enhancement of emotion recognition systems and give direction on the 
next step. 

Critical Analysis 

This reviewed research together signifies that significant progress is taking place in using 
AI, ML, and XR for emotion recognition and neurorehabilitation. These will provide a firm 
ground for further advancements regarding methodologies and technologies in this field. 
However, there is still a considerable gap in the direct address of emotion recognition for 
the patients who are suffering from disorders of consciousness. While substantial research 
has been done using EEG for emotion detection, integration with other modalities such as 
facial expressions, body movements, and physiological signals is limited. This provides an 
important opportunity for research that could improve personalized care for vulnerable 
populations. 

Ethical concerns remain a challenge, especially within areas involving data privacy, 
security, and algorithmic bias. Given that patients with DOC are vulnerable, ethical 
protocols must be much stronger, such as anonymizing data, informed consent by 
caregivers, and disclosure regarding AI decision-making. Such measures would be 
important in fostering confidence and ensuring the deployment of AI in healthcare is done 
responsibly. 

Another related theme is methodological challenges. The variability and noise inherent in 
neurological data from DOC patients hint at the urgent need for sophisticated AI models 
with superior data processing capabilities. The development of domain-specific datasets 
targeting these patients will be a crucial factor that may help develop better performance 
and reliability in the models. With due consideration for these challenges, the robustness 
and applicability of AI-driven solutions will increase substantially. 

The integration of AI, XR, and telerehabilitation has emerged as an avenue of promise but 
little investigation. XR can offer immersive environments for emotional and cognitive 
stimulation, while telerehabilitation offers remote monitoring and engagement for long-
term care. Despite the promising nature of this integration, few research studies have been 
conducted on the practical application of these technologies within clinical settings. Gaps 
exist in the translation of user-friendly interfaces with rigorous validation via clinical trials. 

This is inherently the limitation of a single-modality approach, be it an approach based 
purely on EEG signals or otherwise. A multimodal framework can integrate EEG with facial 
expressions and physiological signals to enable more accurate and robust findings. This is 
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particularly important in patients with DOC, where broad emotional assessments are vital 
to their recovery and rehabilitation. Although most research studies put more emphasis on 
diagnostic applications, the extension of research to investigate the impact of emotion 
recognition on emotional well-being and rehabilitation outcomes falls within the circle of 
modern health care goals: personalized care and enhanced quality of life. 

Strengths: 

1. Identification of Promising Approaches: 

The research indicates new trends, like multimodal emotion recognition and integration of 
XR, hence being a good foundation for further development. 

2. Alignment with Patient-Centered Objectives: 

   The focus on mental conditions and rehabilitation outcomes ensures alignment with 
priorities in modern healthcare. 

3. Technological Advancement: 

That includes the use of advanced AI methods, such as deep learning for EEG-based 
emotion detection, which is a huge achievement in the field. 

Weaknesses: 

1. Lack of Specific Examples: 

   Most of the reviewed studies have failed to provide specific examples or applications; 
hence, the findings are somewhat limited with respect to practicality. 

2. Overlooked Implementation Barriers: 

Few of them address practical challenges in cost, infrastructure needs, and the 
involvement of caregivers, which limit their application in real life. 

3. Scantly Attempted Validation: 

Clinical trials, usability testing, and other forms of validation approaches have gotten scant 
focus, leading to a slow translation of findings into practice. 

Conclusion: 

The review provides insights into essential gaps, challenges, and opportunities for the 
application of AI in emotion recognition in patients with DOC. It follows, therefore, that 
what is urgently needed is a multi-faceted framework incorporating ethical, technological, 
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and clinical considerations. Overcoming implementation barriers, having specific 
examples, and mentioning techniques related to validation could make valuable 
contributions in these studies to push academic knowledge and health practices further. 
This has potential to transform AI-driven emotion recognition into improved emotional 
well-being and rehabilitation outcomes for patients with impaired consciousness and 
eventually to more personalized and impactful care. 

Connections: 

1. Unanimous Decree of Importance of AI in Emotion Recognition 

What can be inferred from all these papers is the important role that AI is playing in the 
advancement of emotion recognition, especially in medical use. They acknowledge the 
ability of AI in handling complex and large-scale datasets like EEG signals, facial 
expressions, and physiological metrics that can give insight impossible to obtain using 
traditional methods. The shared emphasis on AI provides the underpinning necessary for 
innovative solutions being developed for patients suffering from DOCs. 

2. Shared Interest in EEG as Primary Modality 

 EEG appears implicitly in the reviewed studies as one of the base modalities since its 
signals are related to direct brain activity and emotional states. Various papers highlight 
how deep learning models are efficient at decoding, especially from EEG signals for 
patients who cannot communicate. This consensus underlines the reliability and 
supremacy of EEG in neural responses. 

3. Ethical and Practical Challenges 

 breeding ground for ethical concerns regarding data privacy, algorithmic bias, and patient 
vulnerability. They all stress the need for robust ethical frameworks that ensure data 
anonymization, informed consent by caregivers, and clarity in AI decision-making. This 
recurrent echo testifies to the common responsibility of their authors to guarantee no 
unethical use of AI in healthcare. 

4. Convergence on Multimodal Approaches 

Most of the surveys emphasize limitations of single modality and conclude that a decision 
needs to be taken toward multimodal frameworks. Indeed, it is strongly agreed that 
combining EEG data with other inputs, such as facial expressions, body movements, and 
physiological signals like heart rate and skin conductance, may improve the accuracy and 
robustness of the results. This shared opinion refers to the need for multimodal systems, 
especially in those patients with damaged communication. 
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5. XR and Telerehabilitation: Promising Directions 

 Some of the papers identified the potential of XR and telerehabilitation to be truly 
transforming emotion recognition and neurorehabilitation. It is believed that such XR 
environments can be useful for the stimulation of cognitive and emotional recovery. 
Telerehabilitation, on the other hand, opens many perspectives in terms of remote 
monitoring and long-term care. The integration of this knowledge with AI is turning into a 
promising direction for future innovation. 

6. Real-World Validation is a Common Theme: 

 Several of the papers point toward one common conclusion: AI models should be 
validated through clinical trials and real-world testing. There seems to be consensus on the 
fact that AI systems must be tested across diverse healthcare settings in order to make 
them practical, reliable, and acceptable by healthcare providers. 

7. Personalization and Patient-Centered Approaches 

The studies reviewed assert that personalized, patient-centered approaches must be 
encouraged. It is submitted that AI and XR technologies have been envisioned to be the 
modality by which personalized interventions would be realistically administered to 
achieve significant positive improvement in emotional well-being and rehabilitation 
outcomes of the patients concerned. 

8. Innovation in Neurorehabilitation 

The integration of AI with XR and telerehabilitation represents a significant step forward in 
neurorehabilitation. Several papers discussed how these technologies can work in unison 
to offer novelty in patient engagement, recovery, and long-term monitoring. This shared 
focus points out the innovative potential in combining these tools. 

9. Challenges in Methodology and Availability of Dataset 

More frequently mentioned issues include variability and noise in the datasets, including 
EEG signals. The creation of domain-specific datasets for patients with DOC is viewed as a 
step toward resolving this methodological barrier. The idea here is that one common 
problem is an issue at the level of the quality of data, which needs to be improved to 
enhance performance and reliability of the AI models. 

Conflicting Findings 

1. Single-Modality Approaches versus Multimodal Frameworks 
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Some works emphasize the improvement of unimodal methods, such as EEG signal 
analysis, as the most promising strategy for emotion recognition improvement. Others 
indicate the strengths of a multimodal framework that integrates EEG with other inputs, 
such as facial expressions, body movements, and physiological signals. In this respect, the 
divergence reflects a methodological gap between perfecting refined techniques and 
adopting systems with broad applicability. 

2. Extended Reality Technologies 

While some studies pave the way for regarding XR as a transformative tool for creating 
immersive therapeutic environments that enhance patient engagement and recovery, other 
papers present XR as an ancillary or unproven technology. Such a juxtaposition speaks 
volumes about the different degrees of confidence in the role of XR in emotion recognition 
and neurorehabilitation. 

3. Theoretical vs. Practical Priorities 

While some research works on practical implementation, there is a divide in studies 
between theoretical advancement, such as optimization algorithms and new AI techniques 
being explored. Some research will go into making tools seamlessly integrable within 
clinical workflows, while others remain anchored to abstract thoughts and ideas, creating 
tension between depth in research and real-world translation. 

4. Validation Strategies 

While some works tend to emphasize the need for validation of AI models through clinical 
trials and real-world testing to ensure their robustness, scalability, and practical use in 
healthcare settings, other works entirely focus on performance evaluations conducted in 
controlled environments, proving a difference in readiness for practical deployment. 

5. Scope of Application 

The purposes of emotion recognition vary significantly; some works narrowly focus on 
diagnostic applications-like detection and monitoring of emotional states-while others 
broaden their focus to therapeutic uses aimed at the improvement of emotional well-being 
and rehabilitation outcomes. This reflects a divergence in conceptions of how emotion 
recognition can impact patient care. 

6. Inconsistent Attention to Dataset Challenges 

Other works identify how the creation of domain-specific datasets to match the 
requirements of patients with disorders of consciousness, for example, has great 
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significance to meet challenges, such as variability and noise. Others barely discuss 
dataset limitations or ways to overcome those limitations. Such inconsistencies create a 
preparedness gap for scalability.  

7. Ethical Depth and Engagement 

While most of these studies recognize ethical issues related to data privacy, security, and 
algorithmic bias, the level of engagement varies from merely identifying ethical issues to 
proposing concrete recommendations such as anonymization protocols and algorithmic 
transparency. That difference suggests a readiness to act against ethical challenges in 
rather diverging ways. 

8. Forecasted Use of AI in Patient Care 

There is, therefore, a fundamental variance in the conceptualization of AI for patient care: 
some view it as a supportive tool to enhance clinical decisions, whereas others advance 
the use of AI as an autonomous, independent decision-maker. This arises from a 
divergence that guides how AI systems are designed to be integrated and applied within 
healthcare workflows. 

9. Economic and Infrastructure Considerations 

Some studies have focused on practical challenges with respect to costs and 
infrastructural needs when deploying AI and XR technologies in healthcare applications. 
Others hardly consider these, which leads to many differences regarding feasibility and 
scalability, especially in resource-poor environments. 

10. Engage the Patient 

Some studies foreground the roles of technologies such as XR and telerehabilitation in 
enhancing patient engagement and supporting holistic care. Other studies have focused 
narrowly on technical performance, with limited broader health care goals; this reflects a 
lack of concordance between technological innovation and its translation to the patient-
centered, holistic medical care aim. 
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Synthesis Matrix for Literature Review: 

Study 1: Matching Assistive Technology, Telerehabilitation, and Virtual Reality with Disorders of Consciousness and Neurocognitive Disorders: A 
Position Paper 

Authors  Year  Research Design  

Khalida Akbar 2023 Theoretical and conceptual design 

Key Findings/Results  Methodology  Limitations 

It concludes that the integration of assistive 
technology, telerehabilitation, and VR might 
bring about a paradigmatic shift in the 
rehabilitation approach in patients suffering 
from DOC and neurocognitive disorders. 
Such technologies have the advantage of 
making personalized and adaptive 
interventions possible for individual cognitive 
and communicative needs. The authors 
underline that VR allows one to reproduce 
immersive real-world environments that may 
activate neural recovery, while 
telerehabilitation opens possibilities for 
treatment at remote locations. Specifically, it 
is within this context that assistive 
technology, including AI-driven tools, holds 
great potential for improving patient 
monitoring, hence therapy adjustment, in 
real time. Interdisciplinary collaboration 
among healthcare providers, technologists, 
and caregivers must help bridge the present 
gaps in the framework. The authors stressed 
the necessity of a conceptually patient-
centered approach, calling for robust trials to 
validate clinically these technologies. 

Comprehensive Literature Review: Reviewed extensively peer-reviewed 
articles, clinical reports, and case studies related to assistive 
technologies, telerehabilitation, and virtual reality applications for the 
treatment of DOC and neurocognitive impairments. 

Identify the existing therapeutic approaches and pointed out 
shortcomings in prevailing practices where technology could be 
integrated. 

Interdisciplinary Integration 

Collaboration with neurologists, psychologists, engineers, and experts 
in assistive technology will be done so that the proposed framework is 
multifaceted. 

Once ideas from health providers, rehabilitation experts, and 
technologists had been put forward and integrated with the capability 
to meet practical and clinical needs. 

Conceptual Framework Development 

Developed a theoretical model of the complementary roles of assistive 
technologies, telerehabilitation systems, and VR environments. 

Mapped how each of these technologies could address specific 
cognitive, emotional, and communicative deficits common to patients 
with DoC and neurocognitive disorders. 

Scenario-Based Hypothetical Analysis 

Created simulated patient scenarios to show how the proposed 
integrated system would work in natural environments. 

Showing how VR might provide cognitive stimulation, telerehabilitation 
might extend care remotely, and assistive technology might promote 
communication and tracking of progress. 

Evaluation of Current Technology 

Implemented review of existing hardware/software tools with respect to 
compatibility with the proposed framework. 

Investigated possibilities for customization/adaptation of technologies 
to fit specific patient needs. 

Critical Ethical Review 

This is a conceptual position 
paper; no empirical data is 
provided to support the 
arguments. The network proposed 
is still conceptual since it was not 
experimentally validated, nor were 
any clinical trials conducted to 
establish its efficacy. In addition, 
though the paper optimistically 
describes integrating technology, 
issues of implementation such as 
costs, technological literacy 
among health care providers, and 
access to the very poor have 
hardly been covered. Additionally, 
it does not take into consideration 
any limitations on scalability and 
long-term sustainability in various 
settings related to healthcare. 
Thus, future research should focus 
on clinical trials, cost-benefit 
analysis, and feasibility in the real 
world to translate these proposed 
ideas into practical applications 
for health care. Ethical issues 
related to data security and 
consent from the patients would 
require much more focused 
exploration for safe adaptation of 
this technology. 
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Analyzed ethical implications of the proposed solutions and identified 
data privacy, patient consent, and involvement of caregivers.  

Proposed guidelines on how to integrate those technologies in a 
manner that ensures a premium is placed on patient dignity and 
autonomy. 

Review of Accessibility and Cost-Effectiveness 

This considered the challenges for adoption, including technological 
infrastructure requirements, cost, and accessibility for low-resource 
settings. 

Strategies that will be proposed for scaling the integrated system 
toward a diverse patient population. 

Proposed Future Research Agenda 

These include piloting the framework in controlled environments, 
development of specialized VR scenarios for rehabilitation, and 
creation of adaptive AI tools that monitor patient progress. 

The methodologies that come up to test the effectiveness of the 
integrated approach through clinical trials were also developed. 
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Study 2: A Systematic Review and Meta-Analysis of Artificial Intelligence Tools in Medicine and Healthcare: Applications, Considerations, Limitations, 
Motivation and Challenges  

Authors  Year  Research Design  

Hussain A. Younis, Taiseer Abdalla Elfadil Eisa, 
Maged Nasser, Thaeer Mueen Sahib, Ameen A. 
Noor, Osamah Mohammed Alyasiri, and Sani 
Salisu 

2024 Systematic review 

Key Findings/Results  Methodology  Limitations 

The AI-powered intervention has the potential 
to disrupt medical domains from diagnosis and 
treatment planning through patient monitoring 
to administrative efficiency. The use of large 
language models, such as ChatGPT, presents 
tremendous opportunities in the areas of 
medical education, virtual consultation, and 
actionable insight development. AI-powered 
imaging systems have improved diagnostic 
accuracy, while predictive algorithms enhance 
personalized treatment strategies. On the other 
hand, this vision is also pointedly contrasted 
with several challenges facing it, including data 
privacy, the risk of biased algorithms, and the 
necessity for human oversight in decision-
making. Adoption issues are ethical 
considerations-those of transparency and 
accountability. Further, the integration of AI 
tools into current workflows of healthcare 
requires huge investments in training and 
infrastructure. The authors identify that such 
challenges will need to be overcome using 
interdisciplinary collaboration. Whereas there 
were limitations, the results promising 
advances in healthcare delivery and outcomes 
through AI, when ethical, technical, and 
logistical concerns are taken care of. 

Literature Search: Extended search across multiple 
databases to identify relevant studies published on 
AI applications in health care. Inclusion Criteria: 
Included those studies focused on AI tools 
implemented across diagnostic, therapeutic, 
administrative, and educational aspects of health 
care.  

Data Extraction: The extracted details concerned 
objectives, methodologies, AI applications, and 
outcomes reported in those selected studies. 

Categorization: Data were organized, tabulated, and 
synthesized into eight main categories of 
applications, namely, treatment planning, medical 
imaging, patient monitoring, healthcare 
administration, education, and others. 

Quality Assessment: Appraisal of the quality and 
reliability of the studies included was done using 
standardized tools to minimize biases. 

Meta-analysis: A quantitative analysis was 
performed to establish the performance metrics of AI 
tools in enhancing health care metrics on accuracy, 
efficiency, and cost-effectiveness. 

Ethical Analysis: Ethics regarding data privacy and 
security, and the issue of potential bias in AI 
algorithms, were addressed. 

Discussion of Practicality: Review the feasibility of 
integration into real-world clinical settings, including 
discussion of cost, infrastructure needs, and 
scalability. 

Recommendations: Provide actionable 
recommendations to key stakeholders who can 
make responsible AI adoption a reality, including 
policy makers, healthcare providers, and 
researchers. 

The study acknowledges several limitations that 
influence the generalizability of its findings. First, 
the rate at which the technologies of AI are 
changing means this review is unlikely to capture 
recent innovations and their applications. Second, 
the variability in quality of studies, their 
methodologies, and reporting standards results in 
inconsistencies in data that are synthesized. 
Reliance upon published literature may result in 
publication bias, where more studies showing 
positive outcomes are likely to be published than 
those that might show neutral or negative findings. 
Moreover, their influence on improving patient 
outcomes and increasing efficiency in health care 
is not well known, since most of the AI tools have 
been adopted relatively recently. Region-specific 
challenges, such as infrastructural limitations 
regarding low-resource settings, are not deeply 
explored in this review. These include the need for 
further research in ethical considerations such as 
possible biases in AI algorithms and data privacy. 
Longitudinal studies, the inclusion of more diverse 
datasets, and real-world barriers to large-scale 
implementation of AI systems in healthcare would 
be promising directions for future research. 
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Study 3: Systematic Review of Emotion Detection with Computer Vision and Deep Learning  

Authors  Year  Research Design  

Rafael Pereira, Carla Mendes, José Ribeiro, 
Roberto Ribeiro, Rolando Miragaia, Nuno 
Rodrigues, Nuno Costa, and António 
Pereira 

2024 Systematic review 

Key Findings/Results  Methodology  Limitations 

The review thereby concludes that there is 
considerable development on emotion 
recognition through computer vision and 
deep learning, with recent emphasis on 
both facial and pose-based analyses. CNN 
is commonly used since it yields an 
excellent performance in feature 
extraction and classification. Multimodal 
approaches, where the face is combined 
with body gestures, improve the accuracy 
and robustness of emotion detection 
systems. However, large, annotated 
datasets remain a challenge, and 
variations in lighting conditions, 
occlusions, and individual differences in 
expressing emotions need to be taken into 
consideration. This study, therefore, 
underlines the development of 
standardized benchmarks and datasets 
that can help make consistent evaluations 
across different models. Further, ethical 
issues include privacy and bias occurring 
in AI algorithms, which are also pointed 
out as very important issues that will 
require consideration. Overall, though 
reasonable advances have been made, 
further studies will be needed to overcome 
these limitations for better practicality in 
everyday use. 

Literature Search: The major electronic databases used 
were PubMed, Web of Science, Google Scholar, and IEEE 
Xplore to identify studies published between 2013 and 
2023. In the selection of studies for this review. 

Inclusion criteria: will include studies dealing with 
emotion recognition that employ computer vision and 
deep learning techniques. The criterion also limits the 
selection to papers based on face expressions and body 
poses. 

Exclusion criteria: studies were excluded when no deep 
learning methodologies were employed in the study or 
when the approach appeared irrelevant to emotion 
detection. 

Data Extraction: Key information from the selected 
studies included: populations studied, application 
scenarios, technological methods applied, and datasets 
used. 

Quality Assessment: The CASP checking criteria are 
applied to ensure that the findings are both valid and 
reliable. 

Categorization: The studies were organized using a 
proposed taxonomy describing the type of expressions 
used for emotion detection, the testing environment, the 
deep learning methods applied, and the datasets used.  

Analysis: From this, extracted data was analyzed to show 
trends, common methodologies, and gaps in the current 
research landscape. 

Synthesis: Synthesize herein to give a comprehensive 
overview related to emotion detection using computer 
vision and deep learning. 

Reporting: The results have been presented in 
accordance with the PRISMA guidelines so as to make the 
review process transparent and reproducible. 

Various limitations are acknowledged in the state 
of the current research using computer vision and 
deep learning to detect emotion: change in 
lighting, occlusions, and different ways of 
expressing emotions individually which can bring 
negative impacts to the performance of emotion 
recognition systems. Thirdly, non-uniform 
benchmarks and metrics for evaluation make 
objective comparisons of performance between 
different models quite complicated. Besides, most 
works do not discuss essential ethical 
considerations in detail, including the privacy and 
biases of AI algorithms. It calls for responsible AI. 
It also points out that most of the research 
developed so far is performed in controlled 
environments, which may not represent natural 
circumstances and hence limit the generalizability 
of the findings. On the other hand, deep learning 
techniques are evolving so fast that continuous 
updating is required to keep pace with state-of-
the-art developments. Finally, challenges in the 
field are of a very heterogeneous nature; 
interdisciplinary collaboration is an essential 
component, although few such collaborations 
currently exist. How these limitations are 
overcome will provide the way ahead for further 
development and effective deployment of emotion 
detection systems in realistic applications. 
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Study 4: Towards Effective Emotion Detection: A Comprehensive Machine Learning Approach on EEG Signals 

Authors  Year  Research Design  

Ietezaz Ul Hassan, Raja Hashim Ali 

Zain ul Abideen, Ali Zeeshan Ijaz 

Talha Ali Khan 

2023 Experimental  

Key Findings/Results  Methodology  Limitations 

This study indeed showed the efficiency of 
the usage of machine learning classifiers 
for detecting a variety of emotional states 
from EEG signals. Among them, the 
logistic regression model gave a good 
accuracy of 97%, closely followed by 
random forest. These findings point out 
the high potential of machine learning 
algorithms in exact emotion detection, 
combined further with proper 
preprocessing and feature extraction 
techniques. The differences that were 
witnessed also pointed at optimization of 
hyperparameters as an important factor in 
fine-tuning the classifier performance. The 
results implicated that EEG-based 
emotion detection is promising for 
transformational use in monitoring and 
diagnosis of mental health. The variability 
in the individual patterns of EEG was, 
however, some of those factors ascribed 
to the accuracy in detection. This research 
will encourage further development based 
on various working explorations of 
classifiers and feature selection methods 
for better refinement in the emotion 
detection system. 

Dataset Used: The Emotion Detection dataset on Kaggle 
is public and was used, which has both EEG recordings 
and its corresponding emotional state.  

Data Preprocessing: Cleaning of the EEG signals was 
done by filtering out noises and other artifacts to prepare 
and ensure the quality of data.  

Feature Extraction: Frequency bands and power spectral 
densities were extracted as relevant features that best 
represent the EEG signals.  

Classifier Selection: 

Various machine learning classifiers tested in this work 
include logistic regression, random forest, decision trees, 
naive Bayes, support vector machines, and nearest 
centroid. Hyperparameter Tuning: 

Optimization techniques were applied for fine-tuning the 
parameters of each classifier that influence its 
performance.  

Model Training: 

It trains selected classifiers using preprocessed EEG data 
with extracted features as inputs.  

Performance Evaluation: 

Model effectiveness could be measured by means of 
different metrics, including but not limited to accuracy, 
precision, recall, and F1-score.  

Comparative Analysis: 

Compare the classifiers side by side for the most accurate 
and robust model. 

Result Interpretation: 

Discussed the implications of the results regarding 
emotion detection and its possible applications in mental 
health care.  

The result of this study relies on the Kaggle 
Emotion Detection dataset, hence restricting 
generalizability since that dataset may not reflect 
all the variability in EEG signals among different 
populations. This study again deals only with a 
classical machine learning classifier and does not 
try deep learning techniques which can potentially 
give better results. The real-time applicability has 
also not been discussed in this research work and 
questions still arise as to how the models perform 
in real time. Moreover, this study did not explore 
how individual differences in EEG related to age, 
gender, or neurological conditions may affect 
emotion detection performance. Secondly, the 
dataset size used in this study was relatively 
limited, and a larger dataset might lead to stronger 
results. Future work will be carried out on larger 
and more diverse datasets, including deep 
learning approaches, and considering real-time 
applications that make the EEG-based emotion 
detection system more practical. Such 
multimodal data could include physiological 
signals, including added knowledge and thus 
usually improving performance. 
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Study 5: Emotion Detection from EEG Signals Using Machine Deep Learning Techniques 

Authors  Year  Research Design  

Rafael Pereira, Carla Mendes, José Ribeiro, 
Roberto Ribeiro, Rolando Miragaia, Nuno 
Rodrigues, Nuno Costa, António Pereira 

2023 Experimental  

Key Findings/Results  Methodology  Limitations 

The results have indeed indicated that deep 
learning methods can classify emotions 
from EEG signals highly; specifically, Graph 
Convolutional Neural Networks 
outperformed their usual machine learning 
methods. GCNN has reached an accuracy 
of 92% more than other models tested in 
the study. That also means the deep 
learning methods can carve out 
complicated patterns in the EEG to further 
boost the performance in emotion 
detection. While feature selection and data 
preprocessing may be extremely crucial to 
realize better performance of the model. 

Data Selection: The EEG datasets were publicly 
available along with their labeled corresponding 
emotional states.  

Data Preprocessing: Filtering techniques are applied to 
remove the noise and other artifacts from the EEG 
signals.  

Feature Extraction: Carried out the extraction of 
relevant features of the EEG data, such as power 
spectral density and differential entropy.  

Model Selection: Some of the pursued machine 
learning and deep learning models are Logistic 
Regression, Support Vector Machines, Random Forest, 
Deep Neural Networks, and Graph Convolutional 
Neural Networks. 

Model Training: Each model is trained based on the 
pre-processed EEG data with extracted features.  

Hyper-parameter Tuning: Parameters of the model are 
tuned to enhance performance. Model Performance  

Evaluation: Models are evaluated in terms of their 
performance using metrics such as accuracy, 
precision, recall, and F1-score. Comparison Analysis: 
All models were compared to explore the best approach 
toward the detection of emotions.  

Result discussion: These results were interpreted to 
tell what these results would lead to in developing 
robust EEG-based emotion detection systems. 

The results could also be limited in generalizability 
since they might depend on publicly available 
datasets of EEG, which may not cover the full 
variability of emotional expressions across different 
populations. Second, most of the studies reviewed 
here focus more on the model's accuracy of 
classification, without considering real-time 
applicability or computational efficiency in detail-
both factors of high relevance in practical 
applications. For instance, the study does not delve 
into exactly how individual parameters like age, 
gender, or cultural background may affect EEG 
patterns and emotion recognition rates. Another 
essential aspect that the research has pointed out 
about highlighting the excellence of the deep 
learning models is elaborated on, which indeed 
concerns interpretability, which is very relevant to 
understanding the process by which decisions are 
made in systems for the detection of emotions. 
These aspects have to be considered in further 
research to provide more comprehensive and 
applicable EEG-based emotion detection 
frameworks. 
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Study 6:  Reviewing the Horizon: The Future of Extended Reality and Artificial Intelligence in Neurorehabilitation for Brain Injury Recovery  

Authors  Year  Research Design  

Khalida Akbar, Anna Passaro, Mariacarla Di Gioia 

Elvira Martini, Mirella Dragone, Antonio Zullo, 
Fabrizio Stasolla 

2024 Perspective paper 

Key Findings/Results  Methodology  Limitations 

The authors have elaborated on how such 
integration of XR with AI can be a game-changer in 
neurorehabilitation through personalized, 
immersive, and adaptive therapeutic intervention. 
They have highlighted the fact that the creation of 
an immersive environment that will stimulate 
neural recovery can be facilitated through XR, 
while AI may allow personalization of rehabilitation 
programs for the individual patient, monitoring 
progress, and forecasting outcomes. It is 
envisaged that this integration will increase patient 
engagement, hasten the recovery process, and 
improve the quality of life in persons suffering from 
brain injury. The paper also talks about the 
reduction in caregiver burden by AI-assisted 
monitoring and support systems. However, various 
challenges emanating as issues of technological 
accessibility, ethical concerns, and 
interdisciplinary collaboration requirements have 
been pointed out for translation of these 
innovations into effective practice. 

Literature Review: Critical review of empirical studies in 
the past decade that have used XR and AI for 
neurorehabilitation. 

Data Synthesis: The findings from these studies were 
analyzed to identify trends, benefits, and limitations of 
the use of XR and AI in recovery from brain injuries. 

Conceptual Framework Development: It proposes an 
overall model of how XR and AI can be integrated to 
further improve neurorehabilitation outcomes. 

Case Analysis: A case study review of successful 
applications of both XR and AI in clinical settings. 

Ethical Issues: Measured the ethical implications, 
including issues on consent by patients, data privacy, 
and disparities induced by technology. Interdisciplinary 
Collaboration: The success of implementation rests on 
collaboration among healthcare professionals, 
technologists, and patients.  

Technological Assessment: The paper assessed the 
status of XR and AI technologies with respect to 
applicability and readiness in neurorehabilitation.  

Future Directions: Following the general overview, 
recommendations for future research, clinical practice, 
and policy development that would facilitate the 
integration of XR and AI in neurorehabilitation were 
outlined. 

This is a theoretical study for the most part, 
and there is no empirical data or even 
clinical trials to prove the framework that 
has been proposed. The reliance on existing 
literature could also mean that bias might 
enter through selected studies that could 
again influence conclusions. Besides, the 
fast-changing nature of XR and AI 
technologies means that some recent 
advances could not have been caught by 
the analysis. The paper further recognizes 
some implementation barriers, such as high 
costs, specialized training, and 
technological accessibility, but does not 
provide information on how to handle such 
challenges. Another section concerns 
ethical considerations, but the paper does 
not fully discuss the possible risks regarding 
the integration of XR and AI in 
neurorehabilitation. Future studies should, 
therefore, concentrate on issues related to 
empirical validation, cost-benefit analyses, 
and guideline development in response to 
ethical and practical challenges regarding 
the implementation of such technologies. 
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Study 7: An Efficient EEG Signal Analysis for Emotion Recognition Using FPGA 

Authors  Year  Research Design  

Ezilarasan & Leung  2024 Experimental  

Key Findings/Results  Methodology  Limitations 

The research shows great improvements in 
emotion recognition based on EEG signal 
processing. The classification accuracy of 
the proposed system is 98%, which is 
higher than that achieved by previously 
presented methods. Such high accuracy is 
attained due to the application of ICA and 
adaptive filtering for efficient artifact 
removal from raw EEG signals, ensuring 
clean inputs for analysis. The hybrid CNN-
LSTM model, with the enhanced ResNet-
152 classifier, is efficient in feature 
extraction and classification for the 
recognition of emotions with great 
accuracy. The Altera DE2 FPGA 
development board was used for 
implementation to ensure that the system 
had optimized speed and area while 
keeping energy efficiency in check. The five-
emotion-state SEED V dataset is used for 
training and testing to ensure robustness in 
model evaluation. In fact, the system 
maintains high computational efficiency 
with minimum hardware complexity, 
considering that there is one adaptive filter 
in Multiply-Accumulate. Another major 
issue in this design is that 10% of the 
available resources of the Cyclone IV E chip 
are occupied in this FPGA implementation. 
These properties make the system suitable 
for real-time applications such as 
healthcare and human-computer 
interaction. The proposed method, when 
compared to benchmark techniques, 
shows better accuracy and hardware 
efficiency, hence being a strong solution for 
emotion recognition using EEG signals. 

Dataset Usage: SEED V dataset is used, in which EEG signals 
were recorded for five emotional states (happiness, sadness, 
fear, neutrality, and disgust) from 16 subjects. Preprocessing: 
The used dataset comprises features extracted from five 
frequency sub-bands: alpha, beta, gamma, delta, and theta. 

Preprocessing: Independent Component Analysis (ICA) will be 
utilized to remove artifacts from the signals, such as eye 
movements and muscle activity from the raw EEG signals. An 
adaptive low-pass FIR filter is used for further smoothing and 
noise reduction. 

Feature Extraction: The features are extracted using a hybrid 
model of CNN-LSTM, which integrates the powers of CNNs for 
the recognition of spatial patterns and LSTM networks for 
temporal sequence analysis. 

- The ResNet-152 architecture is integrated for better 
classification performance by means of deep residual learning. 

Classification: The CNN-LSTM with ResNet-152 serves as the 
main classification model that will differentiate between the 
two emotional states based on the pre-processed EEG data.  

FPGA Implementation: The system is implemented on the 
Altera DE2 FPGA development board to ensure real-time 
processing. This optimization is done in hardware, utilizing only 
one Multiply-Accumulate (MAC) adaptive filter, thereby 
reducing computational complexity. 

Training and Testing: 70% for Training, 30% Testing  

Cross-Validation: A 5-fold cross-validation is done to ensure a 
proper generalization of results for performance evaluations. 

Performance Metrics: The key metrics used to review the 
effectiveness of the system involve accuracy and hardware 
resource utilization. Comparisons with benchmark techniques 
are performed to be able to point out improvements. 

Some of the limitations identified in the 
study are the fact that An Efficient EEG 
Signal Analysis for Emotion Recognition 
Using FPGA need programmers who have 
expertise in languages like Verilog and 
VHDL, hence limiting the skill set of a 
machine learning practitioner who is not 
experienced with hardware design. Because 
with more scalability and flexibility on more 
platforms, there will be dependence on this 
system, further bringing down its 
application area. Moreover, a lot of the 
research is based on the robust dataset 
from SEED V, but may not be varied across 
emotional states among different 
populations. Although some applied 
hardware optimization techniques, it is very 
computationally intensive to realize such a 
complex deep learning model like ResNet-
152 on FPGA, which will not be practical in 
real-time applications. It is narrowed down 
by focusing only on a limited set of 
emotional states that include happiness, 
sadness, fear, neutrality, and disgust. The 
proposed system was tested under 
controlled conditions using the SEED V 
dataset. It is not tested in real life under 
uncontrolled conditions. Finally, scalability 
might be an issue, as its present 
implementation on FPGA may involve more 
changes to either handle bigger datasets or 
more challenging emotion recognition 
tasks. 
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Study 8: Challenges for Artificial Intelligence in Recognizing Mental Disorders  

Authors  Year  Research Design  

Wen-Jing Yan, Qian-Nan Ruan, and Ke Jiang 2022 Review-based design 

Key Findings/Results  Methodology  Limitations 

There are significant challenges with subjectivity 
and variability which mean that ecological validity 
is a great challenge in the existing datasets applied 
for AI in diagnosing mental disorders. Many suffer 
from limited sample sizes and other limitations 
which make their results generalizable. It is often 
not easy to map subjective, high-level emotional 
states based on the low-level objective data that 
current AI depends on, such as facial expressions 
and physiological signals. Co-morbidities and 
cultural variability further increase the challenge 
to diagnostic consistency. The diagnostic tools 
themselves, such as the DSM-5, are not immune 
to controversy. Multimodal approaches may 
provide better accuracy, but these require huge 
amounts of data and introduce noise. AI in mental 
health is a very exciting yet immature area of 
study; what holds this field back is mainly our 
limited understanding of the disorders, not 
technical limitations. 

Diagnostic Criteria:  

Subjectivity and variability are inherent in the 
symptoms of mental health. 

Existing Datasets:  

Problems with small sample sizes, lack of 
ecological validity, and over-simplification of 
mental health categories. 

AI Approaches:  

Low-level features, such as facial cues or heart 
rate, cannot reliably map high-level emotions or 
disorders. 

Multimodality:  

While promising, it introduces complexities and 
noise, requiring significantly larger datasets. 

Logics Trick:  

Discussing the logical fallacy of diagnosis of a 
disorder based only on its symptoms. 

The application of AI to the diagnosis of mental 
health is plagued by several limitations: small, non-
diverse, and non-complex data sets that raise 
questions of generalizability; most AI models are 
simple binary classifications, such as depressed 
versus non-depression, which do not fit into the 
nuanced spectrum of mental disorders; and co-
morbid conditions and cultural variability further 
complicate reaching consistent diagnostic 
outcomes. The reliance on subjective annotations 
and qualitative measures undermines the reliability 
of AI systems trained on such data. Besides, the 
logical fallacy of inferring disorders solely from 
symptoms questions the foundational approach of 
many AI models. While the multimodal methods are 
promising, they require extensive, high-quality 
datasets, which are hard to obtain due to ethical and 
logistical constraints. These limitations also bring out 
the need for an interdisciplinary effort in refining AI 
methodologies in understanding mental health 
disorders. 
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Study 9: Integration of Multiple Biosensors for Emotion Classification with Artificial Intelligence 

Authors  Year  Research Design  

Cintia Ricaele Ferreira da Silva, Marcus 
Vinicius Costa Alves, Maria José Nunes 
Gadelha, and Edgard Morya 

2024 Experimental  

Key Findings/Results  Methodology  Limitations 

This study shows the successful merging of 
EEG, ECG, and GSR signals on emotion 
classification, focusing only on four discrete 
emotions: happiness, sadness, anger, and 
fear. The LazyPredict library allowed multiple 
classifiers to be tested, finding that the Extra 
Trees performed best for binary classification 
for the emotions. For sadness, the highest 
balanced accuracy was returned by Random 
Forest at 65.74%, though Nu-SVC was the 
strongest for happiness at 68.67%. The 
Perceptron classifier performed best for fear, 
with 70.22%, while AdaBoost performed best 
for anger, with 75.27%. Even though the best 
models were different, the Extra Trees model 
was among the best in three emotions. This 
research shows the potential of biosensors 
and machine learning in improving the 
accuracy of emotion recognition. These 
results form a promising basis for 
applications in healthcare, education, and 
human-computer interaction. 

Data Collection: Signals have been collected from a 
participant using EEG electrodes, ECG sensors, and 
GSR sensors while exposing him/her to the stimuli from 
the IAPS. Based on valence and arousal levels, four 
emotions are chosen: happiness, sadness, anger, and 
fear. Preprocessing: Normalization of data by Z-score, 
followed by band-pass filtering for EEG (0.5-30 Hz), ECG 
(0.5-15 Hz), and GSR signals. 

Afterwards, all the signals were segmented in epochs of 
1000 ms, and acceptable epochs were selected based 
on their baseline values. 

Feature Extraction: A filter by DWT for all the 
biosensors was used; besides others, relative energy for 
every signal regarding Delta, Theta, Alpha, and Beta 
bands were extracted. 

Classifier: In this work, numerous machine learning 
classifiers have been tested thanks to the LazyPredict 
library. 

These models have been valued following parameters 
like accuracy, balanced accuracy, F1 score, and ROC 
AUC. 

The Extra Trees model showed the most consistent 
performance. 

Experimental Protocol: The stimuli was presented for 
3000 milliseconds and separated by breaks between 
images to eliminate participant fatigue and emotional 
biases. 

The integration of biosensors for emotion 
classification has several limitations. First, it notes 
the single participant as limiting, thus generalizing 
to a larger population. Though methodologically 
sound, the datasets relied on restrict broader 
applicability and cross-validation across diverse 
groups. Also, the focus on binary classification 
narrows the scope, as it excludes the spectrum of 
complex emotions. Although the design includes 
several classifiers, the results are very dependent 
on the limited library of LazyPredict and may not 
consider other robust models. The experiment 
relies on structured stimuli from the IAPS dataset, 
which may not be natural in real-world conditions 
where emotions arise spontaneously. Another 
limitation is the computational complexity of 
combining biosensors, which can make real-time 
implementation challenging. Furthermore, class 
imbalance issues in the data may have skewed 
certain classification metrics. Finally, the 
integration of biosensors that operate at various 
sampling frequencies and with different signal 
characteristics introduces more noise and brings 
synchronization difficulties, which require 
advanced preprocessing techniques to minimize. 
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Study 10: Review of EEG Affective Recognition with a Neuroscience Perspective 

Authors  Year  Research Design  

Rosary Yuting Lim, Wai-Cheong Lincoln Lew, 
and Kai Keng Ang. 

2024 systematic review 

Key Findings/Results  Methodology  Limitations 

This study underlines that EEG-based emotion 
recognition benefits from the integration of 
neuroscientific and computational models, 
emphasizing important spatiotemporal analysis. 
Brain oscillations-such as theta and alpha-
frequencies are suggested to bear a significant 
role in processing during emotional states, with 
differing frequencies corresponding to distinct 
neural populations. The temporal resolution 
provided by EEG can facilitate the detection of 
emotional states in real time, but individual 
variability and limitations in datasets persist. 
Effective event-related potentials include P300 
and N170, which are effective in detecting 
variations in emotions but lack specificity to 
individual emotions. Spatiotemporal models are 
proposed for capturing the dynamic interplay of 
brain regions during emotional processing. The 
review further identifies that emotional recognition 
depends on neural activities in the prefrontal 
cortex and amygdala. Combining neuroscience 
insights with computational techniques enhances 
interpretability and leads toward bio-inspired 
affective computing models. 

Search and Inclusion Criteria: 

Relevant studies were identified using the 
keywords "EEG emotion recognition," "neural 
oscillations," and "affective computing" from 
databases such as PubMed and Google 
Scholar. 

Of an initial number of 200,000 papers, 77 were 
found to meet the inclusion criteria and were 
subject to a systematic review. 

 

Scope: 

The review covers spatial, temporal, and 
spatiotemporal aspects of emotion recognition 
related to EEG. 

Main headings include feature extraction 
techniques, recognition models, and evaluation 
methods of the EEG data. 

 

Integration of Disciplines: 

It integrates neuroscientific evidence regarding 
brain regions and oscillatory mechanisms with 
computational approaches for emotion 
recognition.  

 

Technique Analysis The experimental 
protocols, ERP, and evoked oscillations were 
discussed for their effectiveness in recognizing 
emotive tasks. 

This study recognizes several limitations associated 
with EEG-based emotion recognition. First, there is 
individual variability in the brain's response to 
emotional stimuli, which is a big challenge since 
models learned from one dataset may not generalize 
to another. Small and non-standardized datasets 
further exacerbate this issue, limiting the 
reproducibility and robustness of findings. While EEG 
has very good temporal resolution, the spatial 
resolution is still poor; hence, it is very difficult to 
accurately locate the neural origin of an emotional 
state. The use of ERPs and brain oscillations in 
emotion detection depends on noisy and ambiguous 
signals, especially in cases where there is a 
superposition of multiple emotions. Besides that, 
spatiotemporal models require heavy computational 
resources and data preprocessing that may limit the 
real-time applications. This area of research is also 
limited by ethical concerns about data privacy and 
the invasiveness of some of the techniques used for 
validation. Finally, the integration of neuroscience 
and computational approaches, though promising, 
remains underexplored, calling for more 
interdisciplinary collaboration to address these gaps. 
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Summary of Literature Review 

Emotion recognition systems literature identifies some key themes: 

Limitations of Current Approaches: 

• EEG-based systems have been promising in detecting emotions directly from brain 
signals but were normally marred by noisiness, inter-individual variability, and large 
datasets required for the two works Emotion Detection.(Fernandes et al., 2024; Ul 
Hassan et al., 2023) 

• Facial recognition and physiological data provide complementary insights into 
human behavior; however, these approaches are often isolated from each other, not 
leveraging many of the advantages of combination (Pereira et al., 2024; Stasolla et 
al., 2023) 

Amplifying Multimodal Approaches: 

• EEG, facial, and physiological information are combined to improve recognition 
accuracy. For example, Graph Convolutional Neural Networks model spatial 
relationships in EEG while CNNs do well in analyzing facial expressions (Fernandes 

et al., 2024; Pereira et al., 2024; Ul Hassan et al., 2023) 

Ethical Consideration: 

• Patient privacy and informed consent are two of the critical challenges, particularly 
in clinical settings. Transparencies in algorithms and minimization of biases are two 
mainstays for wide adoptions(Akbar et al., 2024; Stasolla et al., 2023) 

Applications in Neurorehabilitation: 

• Virtual Reality and Telerehabilitation are a few emerging technologies that could 
accommodate the integration of an emotion recognition system to improve the 
patients' quality of life(Akbar et al., 2024; Stasolla et al., 2023) 

Anticipated Contributions: 

The present study is expected to contribute substantially on several fronts: 

Theoretical Advances: 

Introduce a new framework that represents emotion detection from a multimodal 
approach, where EEG has been combined with facial and physiological data to address the 
lacunars in the current state (Fernandes et al., 2024; Stasolla et al., 2023) 



29 
 
 

Technological Innovation: 

Design and validate high-level machine learning models in real time for emotion detection 
in clinical settings by using GCNN (Fernandes et al., 2024; Ul Hassan et al., 2023) 

Ethical Benchmarking: 

Establish norms on privacy, transparency, and informed consent regarding emotion 
recognition systems (Akbar et al., 2024; Stasolla et al., 2023) 

Practical Implementation: 

Actionable recommendations that integrate the proposed framework into healthcare 
systems to provide better patient care and rehabilitation outcomes (Akbar et al., 2024; 
Stasolla et al., 2023; Ul Hassan et al., 2023) 

Future Research Directions: 

Identify pathways for further innovation, focusing on expanding multimodal datasets and 
refining AI models for emotion recognition(Fernandes et al., 2024; Ul Hassan et al., 2023) 
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3. Chapter 3: (Research Methodology) 

1.1 Research Methodology  
Research Design 

This research work applies a mixed-methods approach in the design, implementation, and 
validation of a multi-modal emotion recognition framework for patients with DOC. The 
methodology will be planned to follow qualitative and quantitative phases of exploration, 
development, and testing of the proposed system. 

 

Phase 1: Literature Review 

Objectives: 

- To Identify limitations in unimodal emotion recognition systems. 

- Exploring the potential of multimodal approaches, which may combine EEG, facial 
recognition, and physiological signals. 

- To investigate ethical issues such as patient privacy, algorithmic transparency, and 
informed consent. 

Methodology: 

Data Sources: Academic databases, for example, IEEE Xplore, PubMed, ACM Digital 
Library, with a preference for studies published in the last decade. 

Selection Criteria: Research on EEG-based emotion recognition, multimodal systems, 
machine learning models, for instance, GCNN, LSTM, and healthcare applications. 

Analysis: Thematic analysis to extract challenges, solutions, and emerging trends. 

 

Phase 2: Qualitative Research 

Objectives: 

- To assess the stakeholders' perspective on the usability and ethical challenges related to 
emotion recognition systems. 



31 
 
 

- To outline the needs concerning interdisciplinary collaboration in AI integration within 
neurorehabilitation. 

Methodology: 

- Respondents: Neurologists, psychologists, AI developers, and caregivers will be selected 
using purposive sampling. 

- Data Collection: Semi-structured interviews will be carried out remotely or in person. 

- Analysis: Qualitative content analysis will be performed in order to identify key themes 
relating to system design, ethical concerns, and clinical implementation. 

 

Phase 3: Quantitative Research 

Objectives: 

- To assess how well multimodal data fusion works in improving the accuracy of emotion 
recognition. 

- To evaluate scalability, robustness, and ethical considerations of the system in 
experimental settings. 

Methodology: 

- Survey Design: Feedback will be given from users and clinicians on existing emotion 
recognition technologies through a survey. 

- Experimental Testing: 

  - Subjects: Participants from different clinical backgrounds for subject-dependent and 
subject-independent testing. 

- Data Collection: EEG signals, facial expression data, and physiological measurements 
such as heart rate and skin conductance. 

  - Evaluation Metrics: Accuracy, precision, recall, scalability, and ethical compliance. 

-Data Analysis: Statistical techniques will be implemented to compare the performance 
across the different modalities and to further validate the robustness of the system. 
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Phase 4: Framework Development and Validation 

Objectives: 

- To design a real-time, scalable multimodal emotion recognition framework. 

- To validate its applicability and reliability within clinical settings. 

Methodology: 

Framework Design: 

- The integration of EEG, facial recognition, and physiological signals using novel machine 
learning algorithms, such as GCNN and LSTM. 

  - Implementation of data privacy protocols and informed consent mechanisms. 

Validation: 

  - Testing the prototype with DOC patients in controlled clinical environments 

  - Gathering feedback from clinicians and caregivers 

  - Iterative refinement based on expert reviews. 

Evaluation: 

Usability, ethical compliance, clinical impact, and interdisciplinary collaboration are the 
critical metrics.  

 

Ethical Consideration 

The following ethical considerations have been followed throughout the study: 

• Informed consent from participants or guardians. 
• Data anonymization with transparency in algorithms. 
• Ethical challenges: vulnerable patient population and fairness in AI algorithms. 
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Limitations 

Data Availability and Quality: 

• Lack of large, annotated multimodal datasets specific to DOC may raise concerns 
about the generalizability of findings. 

• Synchronization challenges with diverse data types (EEG, facial recognition, 
physiological signals) could introduce noise and variability. 

Ethical Concerns: 

• Data privacy and patient vulnerability could pose challenges in clinical deployment 
and would require robust anonymization protocols. 

• Ensuring informed consent in vulnerable populations, such as DOC patients, is a 
complex issue. 

Technological Constraints: 

• Real-time processing of multimodal data may be computationally and hardware-
intensive, especially in resource-constrained clinical settings.  

• Variability in the performance of machine learning models across different 
populations and clinical scenarios could limit scalability.  

Interdisciplinary Collaboration: 

• The effective integration of AI systems into healthcare workflows requires 
collaboration among technologists, clinicians, and ethicists, which may face 
logistical and communicative barriers.  

Validation Challenges: 

• Subject-independent testing may give different results because of individual 
variability, hence requiring a wide range of validation across diverse populations and 
clinical conditions.  

 

 

 

 

 



34 
 
 

1.2 Expected Outcomes 
Improved Emotion Recognition Framework: 

• Design a scalable, multimodal emotion recognition framework that incorporates 
EEG, facial recognition, and physiological signals. 

• Higher accuracy and robustness in detecting emotions compared to unimodal 
approaches. 

Technological Innovation: 

• Advanced machine learning models will be implemented, such as GCNN and LSTM, 
tailored for multimodal data fusion. 

• Real-time functionality that will seamlessly embed it into clinical workflows. 

 Ethical and Practical Guidelines: 

• Actionable recommendations toward ethical deployment of AI, considering patient 
privacy, informed consent, and algorithmic transparency. 

• Development of guidelines for ensuring equitable access and reduction of biases in 
AI-driven healthcare applications. 

Impact on Patient Care: 

• Improved engagement and recovery outcomes for patients due to accurate emotion 
recognition and customized rehabilitation programs. 

• Reduced caregiver burden due to AI-assisted monitoring and decision-support 
systems. 

Advancing Neurorehabilitation 

• Integration of Extended Reality and Telerehabilitation to provide immersive and 
engaging therapeutic interventions 

• Improved access to emotion recognition systems in remote and underserved areas 

Basis for Future Studies: 

• Formulation of domain-specific datasets to train and validate different models on 
emotion recognition tasks in DOC populations 

• Establishing a baseline for future innovation using AI applications within 
neurorehabilitation. 
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1.3 Gantt Chart 
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