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ABSTRACT

Electroencephalography (EEG)-based brain—computer interface (BCI) systems are increasingly used as assistive tools for
individuals with severe motor impairments, enabling interaction without physical movement. However, reliable
interpretation of EEG signals remains challenging due to their low signal-to-noise ratio, non-linearity, and variability
across individuals. Existing approaches typically focus on single tasks such as communication, emotion recognition, or
pain detection, limiting their practical applicability.

This paper presents an integrated EEG-based framework that combines communication, emotion analysis, and pain
severity detection within a unified system. The proposed approach employs a deep learning architecture to extract spatial
and temporal features from EEG signals for effective classification of user intent and physiological states. A structured
preprocessing pipeline, including filtering, normalization, and segmentation, is used to enhance signal quality. A multi-
task classification strategy is further adopted to improve efficiency and maintain consistent performance across tasks.
The system is designed for real-time assistive applications, providing interpretable outputs for caregivers and healthcare
professionals. By integrating multiple functionalities into a single model, the proposed framework improves usability,
reduces system complexity, and supports the development of practical EEG-based assistive technologies.
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INTRODUCTION

Electroencephalography (EEG)-based brain—computer
interface (BCI) systems have emerged as an effective
approach for establishing direct communication
between the human brain and the external devices [7],
[21]. By translating neural activity into control signals,
these systems enable interaction without the need for
physical movement [7], [8]. This capability is
particularly important in assistive healthcare, where
individuals with severe motor impairments, such as
those affected by Locked-In Syndrome (LIS), often
lose the ability to communicate through conventional
means [9], [20]. Non-invasive EEG acquisition makes
such systems practical for real-time monitoring and
interaction, offering significant potential to improve
patient autonomy and quality of life [21], [22].

However, EEG signals are inherently complex, noisy,
and highly variable across individuals, making accurate
interpretation and reliable real-time performance a
persistent challenge [10], [13].

Despite considerable advancements in BCI research,
many existing systems are designed for single-purpose
applications, such as basic communication or isolated
cognitive state detection [22], [23]. In many cases,
these systems rely on predefined stimuli or binary
outputs, which limit the expressiveness and efficiency
of communication [7], [8]. Additionally, several studies
address tasks such as emotion recognition and pain
detection independently, resulting in fragmented
solutions that lack integration [5], [18]. Such
limitations reduce their effectiveness in real-world
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healthcare settings, where simultaneous communication
and physiological monitoring are essential for
meaningful patient support [21], [24].

Recent developments in deep learning have
significantly improved the ability to analyze EEG
signals by learning representative spatial and temporal
features directly from raw data [14], [23]. Compared to
conventional approaches, these methods offer
improved robustness, scalability, and adaptability for
handling non-linear neural signals [21], [25]. This
progress creates new opportunities for developing
integrated assistive systems capable of decoding user
intent, emotional states, and physiological conditions
within a unified framework [21], [25].

In this work, an integrated EEG-based assistive
framework is proposed to combine communication,
emotion recognition, and pain severity assessment into
a single system. The proposed approach incorporates a
structured preprocessing pipeline, deep learning-based
feature extraction, and a multi-task classification
strategy to enhance performance and reliability [1], [6],
[12]. The system is designed to support real-time
operation and provide meaningful outputs that can
assist both users and caregivers. By addressing multiple
functional requirements within a unified architecture,
this work aims to improve the practicality and usability
of EEG-based BCI systems in assistive healthcare
applications [21], [23].

RELATED WORK

Recent research in EEG-based brain—computer
interface (BCI) systems has focused on improving
signal  interpretation and  enabling efficient
communication for assistive applications [21], [22].
Deep learning models have played a key role in this
progress, particularly convolutional neural networks
that can learn spatial and temporal representations
directly from EEG signals [14], [23]. Lightweight
architectures have demonstrated that high classification
performance can be achieved while maintaining
computational efficiency, making them suitable for
real-time assistive systems [1].

Advancements in neural signal representation have
further enhanced the ability to decode user intent.
Techniques based on structured encoding of EEG
signals allow more meaningful interpretation of brain
dynamics [2], [15]. In addition, hybrid deep learning
models that combine convolutional and recurrent
networks have shown improved performance in
capturing both spatial and temporal dependencies,
especially in complex tasks such as imagined speech
decoding [3], [11], [17]. These approaches contribute

toward more expressive and natural communication
systems.

Preprocessing and signal enhancement remain critical
for improving EEG-based system reliability.
Automated artifact removal techniques help distinguish
neural signals from noise sources such as eye
movements and muscle activity [4], [10]. Deep
learning-based denoising methods further improve
signal quality by learning noise patterns and
reconstructing cleaner EEG signals, thereby increasing
the robustness of classification models [6], [12].
Beyond communication, EEG has also been explored
for monitoring emotional and physiological states.
Frequency-domain features, particularly in the alpha
and beta bands, have been identified as useful
indicators for detecting pain and discomfort levels [5],
[18]. However, most existing studies address
communication, emotion recognition, and pain
detection as separate tasks, leading to fragmented
solutions that limit real-world applicability [23], [24].

Method Technique Key
Limitation
EEGNet Compact CNN- | Limited to
based feature | single-task
extraction EEG
classification

EEG Encoding | Structured signal | Focused only

Methods representation on intent/text
decoding

CNN-RNN Spatial-temporal Increased

Hybrid Models | deep learning model
complexity

and

computation

Artifact ICA-based Requires

Removal preprocessing manual

Methods tuning  and
preprocessing
steps

Deep Learning | CNN/Autoencoder- | Enhances
Denoising based filtering signal quality
but not

classification
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Alpha—Beta Frequency-domain | Restricted to

Analysis feature extraction pain or state-
specific
detection

Table 1 — Comparison Table

To overcome these limitations, this work proposes an
integrated EEG-based framework that combines
communication, emotion analysis, and pain severity
detection within a unified system. By leveraging deep
learning, advanced preprocessing techniques, and
multi-task modeling, the proposed approach aims to
improve system reliability, functionality, and usability
in assistive healthcare applications [21], [25].

The comparison indicates that existing approaches are
task-specific and lack integration, motivating the need
for a unified EEG-based framework.

PROPOSED METHODOLOGY

System Architecture

The overall architecture of the proposed EEG-based
assistive system is illustrated in Fig. 1. The system is
designed to enable communication and physiological
monitoring for individuals with severe motor
impairments. It consists of four main modules: EEG
Signal  Acquisition, Preprocessing Unit, Deep
Learning-Based Classification, and Output Interface.
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Fig. 1: Overall System Architecture

EEG signals are acquired from the user using a non-
invasive device and transmitted to the processing unit.
The raw signals are preprocessed to remove noise and
artifacts. The processed signals are then passed to a
deep learning model that extracts spatial and temporal
features. The model performs multi-task classification
to identify communication intent, emotional state, and
pain severity. The outputs are finally mapped to
predefined commands or alerts and delivered through
real-time interfaces.

B. Dataset Description and EEG Signal Processing

The proposed system utilizes multiple publicly
available EEG datasets corresponding to different
tasks. Imagined speech data for communication intent
is obtained from the KARA One dataset, pain-related
EEG signals are sourced from the PainMonit dataset,
and emotional state data is taken from the SEED-IV
dataset.
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Fig. 2: EEG Preprocessing Pipeline

The acquired EEG signals are first subjected to
preprocessing to ensure signal quality and consistency.
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A band-pass filter is applied to remove low-frequency
drift and high-frequency noise. The signals are then
normalized and segmented into fixed-length time
windows to capture temporal dependencies. Artifact
removal techniques are applied to eliminate noise
caused by eye movements, muscle activity, and
external interference. This preprocessing pipeline
ensures that high-quality EEG signals are used for
further analysis.

Deep Learning-Based Classification

The proposed system employs a deep learning-based
model for end-to-end EEG signal classification. The
architecture is inspired by compact convolutional
networks, where temporal convolution layers extract
frequency-related patterns and depthwise spatial
filtering captures relationships between EEG channels.
Separable convolution layers are used to reduce
computational ~ complexity =~ while = maintaining
performance.
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Fig. 3: Proposed System Architecture
Batch normalization and dropout are incorporated to
improve generalization and prevent overfitting. The

final classification layer performs multi-task prediction,
simultaneously identifying communication intent,
emotional state, and pain severity. This unified
approach eliminates the need for separate models for
each task, improving efficiency and scalability.

Integrated Communication and Monitoring
Framework

The proposed framework integrates multiple
functionalities within a single architecture. The
classified outputs are mapped to predefined
communication commands and monitoring indicators.
For instance, detected intent is translated into sentences
such as “I need help” or “I am in pain,” while
emotional and pain states are represented through status
levels. This integration enables context-aware
interaction and enhances the usability of the system in
assistive environments.

Real-Time Output and Feedback Mechanism

The system is designed for real-time operation,
providing immediate feedback based on EEG signal
interpretation. The output is presented through visual
displays, audio alerts, or simple actuator-based
responses. This allows caregivers and medical
professionals to quickly understand the user’s condition
and take appropriate action.

Efficient Execution Model

To ensure efficient performance, the system operates as
a continuous processing pipeline where signal
acquisition, preprocessing, and classification occur
simultaneously. This parallel processing reduces
latency and improves responsiveness. The model is
optimized for lightweight implementation, making it
suitable for deployment on portable and resource-
constrained devices.

EXPERIMENTAL RESULTS

Performance Evaluation of the Proposed EEG-
Based System

Experimental Design

The performance of the proposed EEG-based assistive
system is evaluated using publicly available datasets
corresponding to communication intent, emotion
recognition, and pain severity detection. The datasets
are divided into training and testing sets to ensure
reliable validation of the model.

Experiments are conducted by varying input signal
segments and model parameters to analyze
classification performance. Standard evaluation metrics
such as accuracy, precision, recall, and Fl-score are
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used to assess the effectiveness of the system. In
addition, the impact of preprocessing techniques on
signal quality and classification performance is also
evaluated.

Classification Accuracy

The proposed deep learning model achieves high
classification accuracy in identifying communication
commands, emotional states, and pain severity levels.
By learning both spatial and temporal features from
EEG signals, the model effectively distinguishes

between different classes.

Method Approach Reported
Accuracy (%)
EEGNet Compact CNN ~82-88
for EEG
CNN + RNN Spatio-temporal 77.8
Hybrid learning
Deep Learning CNN /RNN Comparable to
(Denoising + variants traditional (~75—
Classification) 85)
EEG Frequency band ~80-90 (task
Biomarker- features (pain) dependent)
based Methods
EEG-to-Text Transformer + Not accuracy-
(DeWave) discrete based
encoding (BLEU/ROUGE)
_ ) Intent: 86
PrI(J)Ipozel(\i/I Nflulltl- : MultJlr-t}a)lsF . Pain: 92
ead Mode (Intent . ain Emotion: 90
Emotion)
Overall: ~89

Table 2 — Accuracy Comparison with Existing Methods
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Fig. 4 — Accuracy Graph (Training vs Validation

Accuracy)

Signal Processing Efficiency

The preprocessing pipeline significantly improves EEG
signal quality by reducing noise and artifacts. Band-
pass filtering, normalization, and artifact removal
techniques contribute to enhanced signal clarity.

The results show that improved preprocessing leads to
better classification performance and reduces
misclassification rates, confirming the importance of
signal enhancement in EEG-based systems.
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Fig. 5 — Loss graph (Training vs Validation Loss)

Execution Time and Real-Time Performance

The execution time of the system is evaluated to
determine its suitability for real-time applications. The
system processes EEG signals in a continuous pipeline,
allowing simultaneous acquisition, preprocessing, and
classification.

The results indicate that the proposed system achieves
low latency and maintains consistent performance,
making it suitable for
communication and monitoring applications.

real-time  assistive

Comparative Analysis

A comparison with existing EEG-based approaches
shows that the proposed system provides improved
performance in terms of accuracy, efficiency, and
functionality. Unlike conventional systems that focus
on a single task, the proposed framework integrates
communication, emotion recognition, and pain
detection within a unified model.

This integration results in enhanced usability and more
comprehensive assistive support, making the system
more suitable for real-world healthcare applications.

Class/ Task Precision Recall Fl-score

1JDDT, Volume 16 Issue 58s, 2026

Page: 239




Deep Learning — Based EEG Communication Aid For Paralyzed Patients

Intent 0.86 0.85 0.85
Pain 0.92 0.91 0.91
Emotion 0.90 0.89 0.89

Table 3 — Precision, Recall, F1-score Comparison
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Fig. 6 — Confusion Matrix (Multi-class classification
results)

CONCLUSION

The proposed EEG-based assistive framework presents
an integrated solution that combines communication,
emotion recognition, and pain severity detection within
a unified system. By addressing the limitations of
conventional  single-task BCI  approaches, the
framework improves both functionality and practical
applicability in assistive healthcare environments. The
use of deep learning enables effective extraction of
spatial and temporal features from complex EEG
signals, resulting in improved classification
performance and reliable interpretation of user intent
and physiological states. The system is designed to
operate in real time through a continuous processing
pipeline, allowing simultaneous signal acquisition,
preprocessing, and classification. This ensures low
latency and enhances system responsiveness, making it
suitable for real-world assistive applications. The
integration of multiple functionalities into a single
architecture reduces system complexity while
providing a more comprehensive and user-centered
solution.

In addition to enabling communication through
predefined commands, the framework supports
continuous monitoring of emotional and physiological

conditions, thereby improving interaction between
users and caregivers. The experimental evaluation
demonstrates that the proposed system achieves better
accuracy and efficiency compared to conventional
approaches that focus on isolated tasks. Despite these
advantages, certain challenges remain, particularly
related to variability in EEG signals across individuals
and sensitivity to noise. Future work will focus on
improving model generalization, incorporating adaptive
learning strategies, and extending the system to support
more flexible and context-aware communication.
Overall, the proposed framework contributes toward
the development of robust, efficient, and integrated
EEG-based assistive technologies, with strong potential
for practical deployment in healthcare applications.
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