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Abstract: In recent years, Brain-Computer
Interfaces (BCls) have emerged as powerful
tools for interpreting cognitive and emotional
states through neural signals. This project,
NeuroAl, presents a novel deep learning-based
system that detects both emotional state and
focus level from EEG (Electroencephalogram)
signals using a hybrid CNN-LSTM
architecture. The system leverages spatial-
frequency patterns through Convolutional
Neural Networks (CNNs) and models temporal
dependencies via Long Short-Term Memory
(LSTM) networks. It processes EEG signals
from benchmark datasets such as DEAP and
SEED, requiring only minimal preprocessing
through bandpass filtering and signal
windowing. The model performs dual-task
classification, predicting emotional states (e.g.,
Happy, Calm, Sad, Angry) and attention levels
(Focused vs Distracted) in parallel, achieving
high accuracy and real-time responsiveness. A
user-friendly Streamlit interface displays live
emotion and focus feedback via graphs and
emoji-based indicators. Compared to traditional
emotion recognition systems and single-task
models, NeuroAl offers enhanced
interpretability, multi-state monitoring, and
real-world applicability in fields like adaptive
learning, mental health monitoring, and
cognitive-enhanced interfaces. This project
demonstrates the potential of integrating deep
learning with EEG data to build intelligent,
human-aware systems. take this into
consideration.
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1. INTRODUCTION

BCIs have gained significant interest in the last
years, since they offer a way to translate active
neural processes into informative data with
meaningful interpretations about human
thoughts, emotions, and cognitive states.
Among the various signals being adopted in
BCI research, Electroencephalogram (EEG)
data represents one of the most adopted
modalities for its non-invasive, low-cost nature,
and real-time measurement capability over a
wide range of frequency bands. The use of
EEG-based systems is now being explored not
only for clinical purposes but also for daily
applications in education, wellness, gaming,
and human-computer interaction. Emotion state
and a degree of focused attention play an
important role in developing intelligent systems
that can respond and adapt according to users'
mental conditions. Traditional ways of emotion
recognition involve face expressions, speech
patterns, or behavioral cues, which may be
inaccurate  or  highly  susceptible to
environmental influences. In contrast, EEG
represents a direct measure of the activity of the
brain, hence allowing for much deeper insight
into the internal cognitive and emotional
predictions. NeuroAl is a deep learning-based
system designed to identify the levels of
emotion and attention based on raw EEG data.
The model leverages a hybrid CNN-LSTM
architecture: CNN extracts spatial and
frequency-based information out of EEG
channels, while LSTM models temporal
dependencies across time. This allows NeuroAl
to accurately interpret complex neural patterns
associated with states such as happiness,
calmness, sadness, and stress, which are
coupled with different focus levels. It requires
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very minimal preprocessing to function, using
only the most basic forms of preprocessing,
such as band-pass filtering and windowing. The
system is trained on well established EEG
datasets such as DEAP and SEED. NeuroAl
also provides users with a modern Streamlit
interface that shows the results of these two
predictions, emotion and focus, in real-time
through live graphs, indicators, and emoji-
based feedback. NeuroAl, by integrating deep
learning with EEG signal analysis, represents a
class of intelligent human-aware systems that
can monitor cognitive and emotional states in
real time. Work in this area contributes to a
wide variety of emerging applications,
including adaptive learning platforms, mental
health assessment devices, productivity
enhancement systems, and next-generation BCI
technologies.

1.1 Motivation

Identifying human emotion and focus is
becoming increasingly important, as a variety
of digital systems would like to adapt
intelligently to users' mental states. More
traditional approaches include facial analysis,
voice cues, or self-reporting, which are usually
unreliable owing to their reliance on external
behavior or subjective interpretation. EEG
signals provide a more direct and objective look
at the activity of the brain, yet their complexity
is such that advanced computational
approaches will be required. Given deep
learning models, such as CNN-LSTM,
meaningful patterns can be learned from EEG
data to realize accurate and real-time detection
of a person's mental state. NeuroAl remains
motivated by this potential to build a practical
and reliable system for the identification of both
emotional states and focus levels to enable
applications in adaptive learning, mental health
monitoring, productivity tools, and next-
generation Brain-Computer Interfaces.

1.2 Problem Definition

Human emotion identification and focus
determination may be a really tough task with
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EEG because of the data complexity, noisiness,
and great inter-subject wvariability. The
traditional approaches, such as those based on
facial or speech analysis, are unreliable, while
existing EEG-based models suffer from poor
generalization, label noise, and dependence on
large, accurately labeled datasets. These
shortcomings make them less effective for real-
world applications, or at least less effective in
adaptive or real-time uses. There is a need for a
robust system capable of effectively
interpreting EEG signals and hence correctly
detecting the true emotional state of a subject
and their level of focus. NeuroAl addresses that
need by using a hybrid CNN-LSTM model to
learn meaningful spatial-temporal patterns
from EEG data, ensuring improved reliability,
adaptability, and real-time performance in
cognitive state classification.

1.3 Proposed System

NeuroAl proposes a deep learning-based
approach for detecting the emotional state and
focus level right from EEG signals with
improved accuracy and robustness. It relies on
minimal preprocessing, including bandpass
filtering and windowing of the signal, to retain
raw temporal and frequency information. In the
system, a hybrid CNN-LSTM architecture is
utilized: CNN extracts spatial-frequency
patterns from EEG channels while LSTM
models the temporal dynamics across time
windows. This dual-feature learning enables the
reliable classification of emotional states and
estimation of attention levels even in noisy or
variable EEG conditions. Model outputs are
integrated into a real time Streamlit dashboard,
providing live visualizations of brainwave
activity, predicted emotions, and focus scores.
By addressing limitations of existing systems,
NeuroAl offers a more adaptive, noise-tolerant,
and scalable framework suitable for
applications in cognitive monitoring, adaptive
learning, and  brain-computer interface
technologies.
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2. Use Case Diagram

A Use Case Diagram in UML is a diagram that
visually depicts how various users (also known
as actors) interact with the NeuroAl system to
carry out certain tasks and achieve goals. It
denotes the major functional requirements of
the system by depicting what actions users can
take and how the system will respond to them.
The diagram captures user-system interactions
in a clear, intuitive way without diving into
implementation details. This makes it effective
for understanding requirements of a system,
planning features, and communicating overall
design to developers, evaluators, and
stakeholders.

Fig: 1 - UML Use Case Diagram

The Use Case Diagram in the NeuroAl project
depicts the interaction between the system and
the two most important actors: User and
Administrator. A User/Researcher is able to
upload EEG data or stream signals in real time,
run preprocessing, feature extraction, cognitive
state analysis with a hybrid CNN-LSTM model,
and display predictions of emotions/focus
through the dashboard. The Administrator will
manage the datasets, logs, session history,
perform system maintenance, and
update/retrain models when necessary. The
actors are connected with each use case,
defining their responsibilities; this
demonstrates that NeuroAl will support, in a
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structured and interactive way, cognitive state
analysis, dataset management, system
monitoring, and administrative control.

A. Sequence Diagram

The NeuroAl Sequence Diagram describes the
step-by-step  interaction of the main
components that constitute the system; these
steps take place in a sequence from the input of
EEG data down to prediction. It starts with the
User uploading EEG data and involves the
Preprocessor in cleaning, filtering, segmenting,
and normalizing the  signal.  After
preprocessing, the data is fed to a
FeatureExtractor for computing manual
features (e.g., bandpower and statistical values)
and preparing structured inputs for the model.
Following feature extraction, control is
transferred to the NeuralModel where the
hybrid CNN-LSTM architecture processes
spatial, temporal, and attention-based patterns
embedded in the EEG data.

Fig: 2. Sequence Diagram

Once the model has made its predictions, the
sequence unfolds with Classifier/UIHandler,
interpreting the model outputs and systemizing
them as human understandable information.
This would include emotion labels, focus
scores, probability values, and other confidence
metrics. Lastly, results are transferred back to
the User via a Streamlit dashboard, where real-
time cognitive insights, EEG plots, and session
summaries can be viewed. The Sequence
Diagram captures the order of operations, the
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flow of data between components, and the
dynamic interaction between NeuroAl
modules, making the runtime behavior of the
system clear and traceable.

3. ALGORITHMS

The proposed NeuroAl framework utilizes
multiple deep learning and evaluation
algorithms to analyze EEG signals and detect
emotional states and focus levels. These
algorithms include a Convolutional Neural
Network (CNN) for spatial feature learning,
Long Short-Term Memory (LSTM) networks
for temporal modeling, an attention mechanism
for adaptive feature weighting, classification
algorithms for prediction tasks, and evaluation
metrics for performance assessment.

A. Convolutional Neural Network (CNN)

The Convolutional Neural Network (CNN) is
used to learn spatial patterns from multi-
channel EEG signals. CNNs are well suited for
EEG analysis because they can capture local
correlations between EEG channels and
frequency components. In the 34 proposed
model, the preprocessed EEG signals are
passed through multiple convolution and
pooling layers, which extract hierarchical
spatial representations from the data. These
layers identify meaningful spatial patterns
associated with emotional and cognitive
responses. The extracted spatial features serve
as input to the subsequent temporal modeling
stage of the architecture.

B. Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks
are employed to model temporal dependencies
in EEG time-series signals. Unlike traditional
recurrent neural networks (RNNs), LSTM
networks can effectively capture long-term
dependencies within sequential data. In the
NeuroAl system, the spatial features extracted
by the CNN layers are treated as sequential
inputs to the LSTM network. The LSTM layers
learn temporal variations in EEG signals that
correspond to changes in emotional states and
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attention levels, enabling the model to analyze
dynamic brain activity patterns over time.

C. Attention Mechanism

An attention mechanism is incorporated to
improve the model's ability to focus on the most
relevant EEG signal segments. The attention
module assigns adaptive weights to the outputs
generated by the LSTM layers, allowing the
system to emphasize informative temporal
features while reducing the influence of less
relevant signals. By highlighting important
EEG patterns associated with emotional and
cognitive responses, the attention mechanism
enhances both the accuracy and interpretability
of the proposed model.

D. Classification Algorithms

The classification module converts the learned
deep feature representations into final
predictions. The NeuroAl system performs
dual-task classification, predicting both
emotional states and focus levels. A Softmax
classifier is used for multi class emotion
recognition, enabling the system to classify
emotional states based on learned feature
representations. For focus detection, a binary
classification approach using cross entropy loss
is applied to determine whether the subject is
focused or distracted.

4. IMPLEMENTATION & RESULTS
A. Explanation of Key Functions

The NeuroAl system is built upon several key
functional modules that work together to enable
automated EEG-based emotion and focus
detection. Each function contributes to the
overall workflow of data processing, model
training, prediction, and visualization.

B. EEG Data Processing Function

The core function of the system begins with
EEG data processing. Raw EEG signals are
collected from multiple electrodes placed on the
scalp. The preprocessing stage includes noise
band-pass filtering,
normalization, and segmentation into fixed

removal using
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time windows. This ensures that the EEG
signals are clean, standardized, and suitable for
further analysis.

C. Feature Extraction Function

After preprocessing, the feature extraction
function transforms raw EEG signals into
meaningful representations. It computes
frequency band power (Delta, Theta, Alpha,
Beta, Gamma), statistical features such as mean
and variance, and correlation features between
EEG channels. These features capture both
spatial and temporal characteristics of brain
activity.

D. Deep Learning Model Function

The NeuroAl system uses a hybrid CNN-LSTM
model with an attention mechanism. The CNN
extracts spatial patterns across EEG channels,
while the LSTM  captures temporal
dependencies in the signal. The attention
mechanism assigns weights to important EEG
segments, improving prediction accuracy. The
model performs dual classification to predict
both emotion and focus levels.

E. Emotion & Focus Prediction Function

Once the model processes the EEG features, it
generates predictions for emotional state and
focus level. Emotion is classified into
categories such as Happy, Calm, Sad, and
Angry, while focus is classified as Focused or
Distracted. The results are displayed in a user-
friendly format with visual indicators.

F. Evaluation Function

The evaluation function measures model
performance using accuracy, precision, recall,
F1-score, and confusion matrix. These metrics
ensure that the system produces reliable and
consistent predictions across different EEG
samples.

G. Visualization Function

The visualization module presents results
through graphs and charts such as training loss
curves, confusion matrices, and prediction
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distributions. These visualizations help in
understanding model performance and
behaviour

4.1 Method of Implementation

The NeuroAl system is implemented using a
modular approach combining signal processing
and deep learning techniques.

Frontend (Streamlit):

e Provides an interactive interface for
EEG data upload and result visualizatio

e Displays emotion and focus predictions
using graphs and indicators

Backend (Python):

e Handles EEG preprocessing, feature
extraction, and model execution

e Manages communication between
modules

Deep Learning Module:

e Implements CNN-LSTM with
attention C Performs training, testing,
and prediction

Database / Storage:

e Stores logs, predictions, and processed
data

Deployment:

e Implemented as a  web-based

application accessible via browser
4.3 Forms
The system includes the following input forms:

1. EEG Upload Form Allows users to upload
EEG data files for processing. The system
validates the input and prepares it for analysis.

2. Dataset Selection Form Users can select
between datasets such as DEAP and SEED for
training and testing.

3. Admin Control Form Provides options for
model retraining, viewing logs, and managing
system settings.
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4.3.1 Output Screens

The NeuroAl system provides multiple output
screens that enable users to interact with the
application and visualize results effectively.
These screens ensure smooth workflow from
data input to result interpretation.

1. Upload Page

The upload page allows users to input EEG data
for analysis. Users can either upload EEG files
or select datasets such as DEAP or SEED. The
system also provides a preview of raw EEG
signals through waveform visualization,
enabling users to verify the input data before
processing. This page serves as the entry point
of the system.

NeuroAl - EEG-Based Emotion & Focus Detector

Fig.4.1- Upload Screen
2. Dashboard Page

The dashboard is the main result display
interface of the NeuroAl system. It presents the
predicted emotional state using emoji
representation (e.g., © Happy, & Angry) and
displays the focus level using indicators (e.g.,
@ Focused, # Distracted). In addition, it shows
performance metrics such as accuracy,
precision, recall, and F1- score. Visualizations
including confusion matrix and training loss
curves are also displayed, providing insights
into model performance
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Fig.4.2 - Dashboard Screen
3. History Page

The history page maintains a record of all
previous EEG analyses performed by the
system. It displays details such as dataset name,
predicted emotion, focus level, and confidence
scores. This feature allows users to track past
results, compare outputs, and analyze trends
over time.

Fig.4.3 - History Screen
4. Admin Page

The admin page provides system-level
monitoring and management functionalities. It
includes system status indicators, logs of model
operations, and options for retraining the
model. Additionally, it displays distributions of
emotion and focus predictions, enabling
administrators to monitor system performance
and usage.
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Fig..4- Admin Screen
Result Analysis

The results obtained from the NeuroAl system
demonstrate its effectiveness in analyzing EEG
signals and predicting emotional and cognitive
states.

1. Emotion Classification Performance

The CNN-LSTM model with attention
successfully classifies emotional states such as
Happy, Calm, Sad, and Angry. The model
achieves high accuracy by capturing both
spatial and temporal patterns in EEG signals.
The confusion matrix indicates that most
predictions fall along the diagonal, showing
correct classification with minimal errors.

2. Focus Detection Performance

The system accurately identifies focus levels
based on EEG activity. Highfrequency
brainwave patterns contribute to detecting
focused states, while wvariations in signal
patterns help identify distracted states. The
binary classification approach ensures efficient
and reliable predictions.

3. Model Evaluation Metrics

The performance of the model is evaluated
using metrics such as accuracy, precision,
recall, and F1-score. These metrics indicate that
the model performs consistently across
different EEG samples. The confusion matrix
and loss curves further validate the reliability
and stability of the model.

4. Visualization Insights
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Graphical visualizations such as confusion
matrices, loss curves, and prediction
distributions provide deeper insights into model
behavior. These visual tools help in
understanding classification performance and
identifying areas for improvement.

5. Overall System Effectiveness

The NeuroAl system demonstrates strong
capability in real-time emotion and focus
detection. The integration of preprocessing,
feature extraction, deep learning, and
visualization ensures a robust and reliable
system. The results confirm that the proposed
approach is effective and can be extended for
applications such as mental health monitoring,
adaptive learning systems, and brain-computer
interfaces.

5. CONCLUSION

The NeuroAl project presents an intelligent and
effective approach for
Electroencephalogram (EEQG) signals to detect
human emotional states and focus levels. By

analyzing

leveraging advanced deep learning techniques,
specifically the hybrid CNN-LSTM model with
an attention mechanism, the system is capable
of capturing both spatial and temporal patterns
in EEG data. This enables accurate
classification of emotions such as Happy, Calm,
Sad, and Angry, along with reliable detection of
focus levels as Focused or Distracted.

The project successfully integrates multiple
components, including EEG data
preprocessing, feature extraction, model
training, evaluation, and visualization, into a
unified and user-friendly system. The
preprocessing stage ensures that noisy and
complex EEG signals are cleaned and
standardized, while the feature extraction
process transforms raw data into meaningful
representations. The deep learning model
further enhances prediction accuracy by
learning intricate patterns within the data.

The implementation of an interactive user
interface using Streamlit allows users to upload
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EEG data, visualize signals, and view
prediction results in real time. Additional
features such as history tracking and admin
monitoring improve system usability and
provide insights into system performance. The
inclusion of graphical outputs like confusion
matrices and loss curves further aids in
understanding model
performance.

behavior and

The system has been thoroughly tested and
validated across functional, performance, and
integration aspects. The results demonstrate
that the NeuroAl model achieves consistent and
reliable performance, with evaluation metrics
such as accuracy, precision, recall, and FI1-
score indicating strong predictive capability.
The system also shows robustness in handling
different EEG inputs and maintaining stable
performance.

Overall, the NeuroAl project highlights the
potential of combining EEG signal processing
with deep learning for real-world applications.
It can be effectively utilized in areas such as
mental health monitoring, adaptive learning
systems, cognitive state analysis, and brain—
computer interface technologies. Future
enhancements may include real-time EEG
device  integration,  improved  model
architectures, and expansion to more complex
emotional states, further increasing the
system’s applicability and impact.
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