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Abstract

In the realm of cognitive emotion detection, the utilization of electroencephalogram (EEG) and electrocardiogram
(ECG) signals has emerged as a promising avenue. Despite existing technologies, there remains a shortfall in accurately
discerning cognitive emotions, necessitating novel approaches to address this challenge. Our research endeavors to fill
this gap by employing advanced machine learning and deep data science methodologies to process datasets and devise
algorithms capable of delivering precise and accurate results. By combining EEG and ECG signals, our study aims to
provide a comprehensive solution for cognitive emotion detection, offering insights into the intricate interplay between
brain and heart activity underlying emotional states.

1. Introduction

Scientists and tech specialists are investigating novel approaches to comprehend and quantify our intricate emotions
in the study of human emotions. Using brain waves from an electroencephalogram (EEG) and an electrocardiogram
(ECG) to identify emotions is an intriguing field of research.These physiological signals offer important insights into
people's emotional states and present a novel way to comprehend and analyse human emotions. These signals provide a
unique opportunity to precisely understand the nuances of human emotions. They provide essential insights into people's
emotional states.

The electrical activity of the heart is measured by an electrocardiogram (ECG), which offers insight into how the body
reacts to different emotional stimuli. Electroencephalograms (EEGs), on the other hand, capture the electrical activity of
the brain and provide insight into how the brain processes emotions. Combining these two unique signal types offers a
unigue opportunity to learn more about the subtleties of human emotions.

A methodical procedure is followed in the entire approach to emotion recognition using ECG and EEG signals in
order to produce accurate and trustworthy results. It begins with the careful gathering of various datasets to guarantee
depiction of a range of moods and people. To maintain the integrity of the physiological signals, noise and artefacts are
removed by preprocessing procedures such as data cleaning and refining. After that, feature extraction techniques are
used to pinpoint important measurements that record pertinent data, making it possible to classify emotional states later
on.

The labelled dataset is used to train supervised machine learning algorithms, like support vector machines or neural
networks, to maximise accuracy and performance in emotion recognition tasks. In order to evaluate the trained models'
effectiveness and guarantee their resilience and applicability to real-world situations, validation processes are essential.
Real-time application considerations require further optimisations for effectiveness and smooth platform integration,
which improves the system's usefulness and usability.

Throughout the development phase, ethical considerations—such as consent and privacy—are crucial to protecting
people's rights and building the emotion recognition system's credibility. The system's adaptability and dependability
are ensured by ongoing updates and improvements based on fresh information and insights, which spur innovation and
gradually increase the system's performance. The development of accurate and responsible emotion identification
technology is supported by a multidisciplinary strategy that integrates machine learning, signal processing, and ethical
considerations. This method holds promise for transformational applications in various fields.

The all-encompassing method of emotion recognition, supported by findings from literature reviews, emphasises
how crucial it is to incorporate developments from other domains. For the purpose of classifying emotional experiences
based on EEG brainwave data, studies by Bird et al. (2020), Chen et al. (2019), Koelstra (2021), and Faria (2019) have
made a substantial contribution to the development of bioinspired classifiers, deep convolutional neural networks (CNN),
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affective computing, and ensemble methods[1].

2. Objectives

Gather data from participants in a variety of emotional states using electrocardiography (ECG) and
electroencephalography (EEG). Process the raw data beforehand to remove noise and artefacts. Determine the pertinent
elements that reflect the physiological foundations of different emotions from the EEG and ECG values. This can make
use of methods from the time-domain, frequency-domain, or time-frequency analysis families. When analysing the
collected data, add ground truth labels that accurately depict the participants' emotional states during the data collecting
sessions. Participants have the option to self-report or have this done by third parties.

Develop machine learning or deep learning models to classify emotional states based on data from ECG and EEG
signals. To get the best classification performance, experiment with different designs and methods. Examine the
performance of the constructed models using pertinent measures, such accuracy. Carry out cross-validation or train-test
splits. Analyse the importance of different EEG and ECG parameter extractions for emotional state prediction. This may
involve the application of strategies such as feature contribution visualisation or feature selection. Compare the
performance of the proposed EEG and ECG-based emotion identification system with other methods that utilise various
features or modalities. Analyse potential applications of the developed emotion identification system in the actual world,
such as mental health monitoring, individualised therapy, and affective computing in human-computer interfaces.

3. Methodology

Methodology to build the emotion recognition using EEG & ECG signals.

3.1 Data Collection

Electroencephalography (EEG) and Electrocardiography (ECG) data, which are important physiological markers of
human emotional states, are used in the study to identify emotions. Even if these modalities are important, it might be
difficult to collect complete datasets for research purposes because of a number of restrictions, such as copyright
concerns and data accessibility.The research team had difficulties getting ECG data that complied with the study's
specifications even after making significant efforts to get appropriate datasets from several sources.

As a result, the choice was taken to develop a unique dataset intended especially for ECG mood identification. To
provide thorough coverage of the emotional spectrum, this dataset was carefully selected based on positive, negative, and
neutral emotional states.

The group was successful in obtaining a high-quality EEG dataset from Kaggle, which gave the study's EEG-based
emotion recognition analysis a solid basis. This dataset was carefully examined to make sure it was appropriate and
relevant to the goals of the study.

Our understanding of human emotions will be improved by the analysis and conclusions drawn from this data, which
will also open the door for the creation of more precise and useful emotion identification systems.

In light of these conditions, the research methodology employs a hybrid strategy that incorporates data from both
internal and external sources for EEG and ECG. This method makes it possible to thoroughly examine how EEG and ECG
signals relate to one another and how each plays a part in the identification of emotions.
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Fig 1: Method of collecting EEG Data

The goal of the project is to provide significant contributions to the field of emotion recognition utilising
physiological signals through the methodical processes of data collecting and curation.

Careful curation of the collected data was done in an effort to provide new perspectives on the identification of
emotions using physiological signals. The Muse EEG band was used to gather the final dataset, highlighting the study's
creative approach of fusing EEG and ECG information for emotion detection. This all-encompassing method establishes
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the groundwork for improved comprehension and the creation of precise emotion detection systems.

Fig 2: Muse EEG HeadBand

Thorough description of the methods used to acquire the EEG and ECG signal data, including the techniques used, the
difficulties encountered, and the datasets that were ultimately produced. These datasets serve as the foundation for the
empirical investigations in the study and are an essential step in accomplishing the goals of the research.

3.2 Data Cleaning

Any research employing datasets must first do data cleansing, but this is especially true when utilising physiological
signals like the EEG and ECG to identify emotions. For the validity and dependability of later analyses and conclusions, it is
crucial to guarantee the accuracy and cleanliness of the data.

The research team found null results in several of the obtained EEG and ECG datasets for this investigation. The team
decided to deal with these null values by eliminating them from the datasets because they understood how important data
integrity was.

This choice was taken in order to preserve the data's consistency and dependability because missing or incomplete
values have the power to distort the emotion recognition analysis's findings. The team made use of the Pandas module, a
potent Python tool for data manipulation and analysis, to speed up the data cleaning process. The group effectively
identified and eliminated null values from the EEG and ECG datasets using Pandas, making sure that only accurate and
complete data was left for further examination. The quality and dependability of the datasets were maintained by using strict
data cleaning procedures, providing a strong basis for the research's later phases.

This meticulous procedure for cleaning data highlights the dedication to scientific integrity and rigour, which is
necessary for further research. The cleaned datasets now provide a strong basis for investigating the connection between
physiological cues and affective states in humans. The project tries to provide significant insights into emotion identification
systems and their various applications by upholding rigorous standards for data quality.

3.3 Data Pre-Processing

Preparing the data for research is an important step, especially when the goal is to integrate datasets from several
sources, like EEG and ECG. In order to ensure consistency and compatibility across datasets, raw data must be
transformed into a format appropriate for analysis and model creation during this step.

The ECG dataset for this study presented difficulties for the research team because it only included two columns: the
ECG signals and the labels corresponding to the emotions they indicated. The accuracy achieved fell short of expectations
despite efforts to create a stand-alone model for ECG-based emotion identification, suggesting limitations in the predictive
value of the ECG data alone.

The group decided to incorporate the ECG data with the EEG dataset as a strategic move to solve this problem and
enhance the model's performance. The complementary nature of the EEG and ECG signals led them to investigate possible
connections between the two modalities.

The ECG column from the standalone dataset was combined with the EEG dataset as part of the data preprocessing
workflow to add further physiological information to the latter. The technique of integration made it easier to create a
hybrid dataset that included both EEG and ECG signals, providing a more thorough depiction of the physiological
reactions that underlie various emotional states.

A hybrid dataset was created by adding ECG data to the EEG dataset, offering a more thorough understanding of
the body's reactions to emotions. Pandas pre-processing techniques, such as standardization and normalization guaranteed
data consistency and scaling across features. The team's dedication to improving emotion recognition through
physiological cues is demonstrated by this creative method that attempted to increase the accuracy of the emotion
recognition model.

3.4 Data Visualization
Data visualization is a useful tool in the field of emotion recognition utilizing EEG and ECG signals because it
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provides insights into the physiological responses that underlie various emotional states. Since EEG and ECG readings
involve electrical activity in the brain and heart, respectively, it is necessary to use effective visualization techniques to
identify patterns and variations that correspond to different emotional states.

In this context, one of the main goals of data visualization is to show the temporal dynamics and amplitude of
EEG and ECG signals across different emotional states. To provide a thorough picture of physiological reactions,
methods like line graphs, heatmaps, or spectrograms can be used to show signal amplitude over various frequency
bands or time intervals.

Furthermore, data visualization is essential for highlighting the variations and parallels between EEG and ECG
signals at various emotional states. To compare signal properties like mean amplitude, variability, or spectral power
amongst emotional categories, one can use scatter plots, box plots, or violin plots. By identifying distinguishing
characteristics or biomarkers linked to particular emotions, these visualizations help researchers build precise emotion

detection models.
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Fig 3: Different types of EEG waves
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Additionally, the investigation of signal coherence and synchronisation between EEG and ECG signals can be
made easier with the use of data visualisation techniques. To see how closely brain and heart activity are synchronised
or coupled across emotional states, one can use coherence plots, phase-angle histograms, or cross-correlation matrices.
The intricate dynamics of emotion regulation and expression are clarified by these visualisations, which provide
insightful information on the interactions between physiological systems throughout emotional experiences.

In "Emotion Recognition Using EEG and ECG," data visualisation plays a crucial role in the study process by
helping researchers identify patterns, trends, and linkages in the data. Researchers can improve their comprehension of
emotional processes and contribute to the creation of reliable emotion detection models with practical applications by
skill fully visualising EEG and ECG information.

R

Fig 4: Visualization of Emotions among the Dataset

Signal amplitude is visualized over different frequency bands or time intervals using techniques like line graphs,
heatmaps, and spectrograms, which provide insights into physiological reactions.

22939 ijariie.com 1629



Vol-10 Issue-2 2024 IJARIIE-ISSN(O)-2395-4396

3.5 Model Building

When it comes to "Emotion Recognition Using EEG and ECG," model development is an essential step that must
be carefully designed in order to create classifiers that can distinguish subtle emotional states from the combination of
EEG and ECG data. To guarantee consistency and coherence, the raw data is transformed and standardized at the start
of the process through a thorough preprocessing step. While standard scaling normalizes features to comparable scales
to enable robust model training, techniques such as label encoding are used to convert categorical variables into
numerical representations.

The process of choosing and experimenting with various machine learning algorithms, each of which offers a
distinctive method for identifying patterns in data, is the basis of model construction. The emotions are classified as
positive, negative and neutral.

An array of methods, including support vector machines, neural networks, random forests, and decision trees, is
examined to determine how well they can adjust to the intricate interactions between EEG and ECG readings. A
thorough grasp of each algorithm's advantages, disadvantages, and suitability for the inherent qualities of the dataset
serves as the foundation for this investigation.

BASIC HUMAN EMOTIONS
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Fig 5: Human Emotions

After being chosen, the parameters and hyperparameters of these algorithms are carefully trained using labelled
data in order to improve the model's performance. To maximise model accuracy and efficiency, parameter space is
methodically explored using techniques such as grid search. Additionally, many models' prediction capacity can be
combined using ensemble approaches, which improves classification accuracy even more.

The major objective of this iterative process is still to create robust, flexible models that can be used in real-world
scenarios and to fully utilise EEG and ECG inputs in order to capture the nuances of human emotion. Researchers are
paving the way for revolutionary developments in emotion identification technologies, which have significant
implications for a variety of sectors, including human-computer interaction and healthcare, by deeply exploring the
process of model creation.

Pre-processing, which includes methods like label encoding and standard scaling for compliance with machine
learning algorithms, is essential to preparing datasets. Building emotion detection models involves investigating a
number of algorithms, including logistic regression, random forest, decision trees, and support vector machines (SVM).

3.6 Testing

In "Emotion Recognition Using EEG and ECG," classifiers for recognising emotional states from combined EEG
and ECG data are constructed using machine learning methods. Pre-processing is the process of extracting features from
datasets and standardizing and normalizing the data.

Models are trained using methods including decision trees, random forests, neural networks, and support vector
machines that are customised for the properties of the dataset. Cross-validation is used to validate models to make sure
they are resilient and generalizable.

Metrics like accuracy, precision, and recall are used to assess model performance during testing on hypothetical
data. In order to evaluate classification performance thoroughly, model testing also entails the analysis of confusion
matrices and receiver operating characteristic (ROC) curves.

Models are improved in terms of robustness and generalisation capacity through iterative refinement depending
on testing outcomes. Lastly, a comparison of the accuracy of the models constructed with various algorithms offers
valuable information on the best method for identifying emotions in EEG and ECG data.

Accuracy, precision, recall, and F1-score are only a few of the measures used to thoroughly assess the models'
performance during testing. These measures shed light on the models' accuracy in identifying various people and
situations' emotional states. Confusion matrices can also be examined in order to evaluate how accurately the models
classify each emotional state and spot any misclassifications.

Additionally, qualitative study of model predictions can offer more understanding of how well the models
function, enabling researchers to pinpoint possible areas for further model refinement. All things considered, extensive
testing is necessary to confirm the resilience and efficacy of the emotion detection models created with EEG and ECG
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signals, opening the door for their practical implementation in a variety of contexts.
Taking into account moral considerations like informed permission, data privacy, recording procedures,
conclusions, and insights to guarantee reproducibility and openness.

4. Results

The study we conducted on "Emotion Recognition Using EEG and ECG" has resulted in the best accuracy of all the
five models we constructed, with a remarkable 98.82% accuracy rate. By means of rigorous testing and optimisation
using diverse algorithms, we have effectively developed models that can precisely discern affective states from
combined electroencephalogram and electrocardiogram data.

One of the main pillars in our quest for precise emotion identification has been the integration of datasets. We have
produced a rich and complete dataset that captures the complex interaction between heart and brain activity during
emotional states by combining the EEG and ECG datasets. This integration has made it possible for our models to take
advantage of the complimentary data that both modalities offer, leading to a more comprehensive comprehension of
emotional reactions.
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Fig 6: Comparison of Algorithms

In addition, the effectiveness of our models may be ascribed to the deliberate choice and application of algorithms.
Because of its ability to recognise patterns in data by comparing them to the most comparable occurrences in the
training set, K-Nearest Neighbours (KNN) is especially well-suited for our dataset, which has intricate
interdependencies. Conversely, for binary classification problems, logistic regression offers a straightforward but
efficient method that yields transparent and comprehensible model predictions.

We can quickly understand how various factors contribute to categorization outcomes by using Decision Trees,
which provide a clear and intuitive depiction of decision-making processes. Random Forests are perfect for processing
high-dimensional data such as EEG and ECG signals because they combine numerous decision trees to improve model
resilience and decrease overfitting.

Lastly, Support Vector Machines (SVM) are very useful for non-linear classification tasks since they are good at
determining the best hyperplane to divide several classes in a dataset. Their proficiency in managing high-dimensional
feature spaces and accommodating intricate decision limits has played a crucial role in attaining our exceptional
accuracy.

We used several different machine learning methods, each of which had advantages of its own. Distinguished for its
lucidity and interpretability, Logistic Regression provides a clear comprehension of the ways in which different
characteristics influence categorization judgements.

Decision trees help identify the essential elements influencing emotional states by offering intuitive depictions of
decision-making processes. Random Forests are perfect for managing high-dimensional data because they combine
numerous decision trees to improve model resilience and decrease overfitting. Support vector machines are quite good
at managing non-linear relationships in the data and are particularly good at identifying the best decision limits.

Due to its instance-based learning methodology and reliance on similarity measures for instance classification, K-
Nearest Neighbours may be easily applied to a wide range of complicated datasets with different distributions.

These algorithms are important because of their individual merits as well as the cumulative impact they have had
on our achievement. We've been able to create models that not only correctly identify emotions but also provide insights
into the underlying physiological processes by selecting algorithms with care and carefully integrating datasets.

These results have great potential for use in healthcare, affective computing, and other fields where accurate
emotion identification is crucial, as long as we continue to hone and improve our methodology.
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5. Conclusion

In this study, we thoroughly reviewed a number of academic publications that dealt with the use of EEG data to
identify emotions.Data for the study was gathered from well-known websites including the DEAP dataset.Although
comparable approaches have been investigated in the past, they frequently failed to reach the highest levels of accuracy.
Our method combined emotion identification from both EEG and ECG signals to overcome this drawback.We also
shifted our attention to deep learning methods for precise emotional state recognition. The shortcomings of shallow
machine learning techniques when working with large datasets spurred this change. This study goes into great detail
about the approaches and procedures that were used.

It is clear from talking about recent developments in the field of emotion recognition from EEG signals that
integrating different software programmes and tools for EEG signal analysis has been a major focus of recent research.
The goal of this focus is to improve the efficiency of EEG data processing and interpretation for more precise emotion
identification. Furthermore, in order to elicit real emotional responses for analysis, recent studies have highlighted the
significance of leveraging both advanced deep learning and shallow learning techniques, as well as using a variety of
emotional stimuli, such as audio-visual film clips and emotional tasks, during EEG signal recording. Authentic
emotional experiences have been captured for thorough examination thanks to the combination of different stimuli."”

In order to improve the precision and effectiveness of emotion classification, recent research in the field of
emotion detection using EEG data has concentrated on utilising sophisticated deep learning and shallow learning
approaches. These research have looked into the possibility of obtaining data more cheaply and easily by using
wearable EEG equipment, such as the Emotiv Epoc+ headset. In order to induce real emotional responses for analysis,
researchers have also begun using emotional stimuli during EEG signal recording, such as audio-visual film clips and
emotional tasks. Recent research has focused a lot of attention on the integration of different software programmes and
tools for EEG signal analysis in an effort to expedite the processing and interpretation of EEG data for the purpose of
emotion recognition.
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