\
) "’ e-ISSN: 2319-8753 | p-ISSN: 2347-6710

International Journal of Innovative Research in
SCIENCE | ENGINEERING | TECHNOLOGY

INTERNATIONAL JUURNAI.
OF INNOVATIVE RESEARBH

IN SCIENCE | ENGINEERING | TECHNOLOGY

Volume 12, Issue 7, July 2023

‘ ‘IE\TERNATIONAL
STANDARD
.\ SERIAL Impact Factor: 8.423

NUMBER
INDIA

0 9940572 462 (O 6381907 438 = ijirset@gmail.com . WWW.ijirset.com



International Journal of Innovative Research in Science, Engineering and Technology (IJIRSET)

ﬂ”‘g |le-ISSN: 2319-8753, p-ISSN: 2347-6710] www.ijirset.com | Impact Factor: 8.423| A Monthly Peer Reviewed & Referred Journal |

IJIRSET || Volume 12, Issue 7, July 2023 ||

| DOI:10.15680/IJIRSET.2023.1207145 |

Using Distinctive Data to Improve EEG-Based
Sadness Categorisation

ANUSHREE, VISHWANATH AG
Student, Department of Master of Computer Application, Bangalore Institute of Technology, Bengaluru,
Karnataka, India
Professor, Department of Master of Computer Application, Bangalore Institute of Technology, Bengaluru,

Karnataka, India

ABSTRACT : In this stress detection method, we utilize electroencephalogram (EEG) signals as the primary input.
The first step involves filtering the original EEGs to eliminate any disturbances and focus on the essential message.
Subsequently, we perform a wavelet transform to extract five frequency bands: Alpha, Beta, Gamma, Theta, and Zeta,
along with the Delta frequencies. Next, a statistical approach is employed to extract relevant characteristics from the
EEG data, forming a feature vector that serves as the basis for creating the test features. These features are then input
into a machine learning classifier during the classification stage to identify any anomalies in the signals. Specifically,
the classifier is trained to categorize seizures based on the extracted features. Finally, we evaluate the performance of
the entire process to assess its efficiency in detecting Pediatric Seizure and stress in EEG signals.
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I. INTRODUCTION

Signal processing, also known as signal engineering, is an interdisciplinary field encompassing systems engineering,
electrical engineering, and applied mathematics. It involves the manipulation and evaluation of both analog and
digitized data, which represent time-changing or spatially variable physical properties. Various types of data, such as
audio, radio waves, images, and sensor readings (including cardiac recordings, electrical control warnings, and
communication transport signals), are examples of signals that signal processing deals with.

The main objectives of signal processing can be broadly classified into several categories. Information capture and
reconstruction involve collecting real-world signals, storing them, and potentially reconstructing the original
information or an approximate representation later. This often includes processes like sampling and normalization in
digital systems.

Quality enhancement is another aspect of signal processing, encompassing tasks such as noise reduction, image
enhancement, and echo cancellation. Signal compression, which includes audio, image, and video compression, is an
essential area of study. Feature extraction is also prominent in signal processing, with applications in image
understanding and speech recognition. In communication systems, signal processing occurs at different layers of the
OSI model, such as the Physical Layer (modulation, equalization, multiplexing, etc., at OSI layer 1) and the
Presentation Layer (source coding, analog-to-digital conversion, and signal compression at OSI layer 6). Analog signal
processing deals with non-digitized signals found in historical radio, cell phone, radar, and broadcast networks. It
covers both linear and nonlinear electronics, including filters, integrators, voltage-controlled amplifiers, and phase-
locked loops. Discrete-time signal processing involves electronic devices like analog time-division multiplexing
devices, analog delays segments, digital shift registers, and grab-and-hold electronics. This technology was used before
digital signal processing became prevalent and is still utilized in advanced gigahertz signal processing. Discrete-time
signal restoration is a theoretical field that provides methods for handling digital signals without accounting for
translation loss.

II. METHODOLOGY
In order to diagnose cardiac problems, electrocardiogram (ECG) [1] signals must be classified. The problem of accurate

ECG classification is challenging. An overview of ECG classification into different types of arrhythmias is given in this
study. When treating patients and identifying cardiac issues, early and accurate diagnosis of arrhythmia types is
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essential. There are numerous classifiers available for classifying ECGs. The popularity of virtual neural networks has
increased. the most well-liked and frequently employed classifiers for ECG classification. The preprocessing methods,
ECG databases, feature extraction methods, classifiers, and performance metrics are all thoroughly reviewed in this
work.

Effective defibrillation treatment depends on the early detection of ventricular fibrillation (VF) and fast ventricular
tachycardia (VT). There are numerous detection methods based on the temporal, spectral, or complexity information
gleaned from the ECG. These algorithms, however, are typically created by taking into account each parameter
separately. In this study, we describe a novel life-threatening arrhythmia detection method that integrates a number of
previously presented ECG parameters using support vector machine classifiers. The temporal (morphological), spectral,
and complexity aspects of the ECG signal were accounted for by a total of 13 factors. A filter-type feature selection (FS)
method was developed to examine the significance of the computed parameters and how they affect detection
performance.

Signals from electroencephalograms (ECGs)[3] are frequently used to analyze brain activity, including figuring out
when someone is sleeping. These ECG signals have a nonlinear and nonstationary nature. It can be difficult to employ
linear methods and visual interpretation for sleep staging. In order to extract hidden information from the sleep ECG
signal, we use a nonlinear technique called higher order spectra (HOS). In this work, novel bi-spectrum and bi-
coherence plots for various sleep phases were developed. These can be used in a variety of diagnostic applications as
visual aids. The ANOVA test revealed that certain HOS-based traits that were unoriginal from these data during the
several sleep stages (Wakefulness, Rapid Eye Movement (REM), Stages 1-4 Non-REM) were statistically significant
with p-values less than 0.001.

III. MODELING AND ANALYSIS

In this study, we propose a novel approach called "Spatially Augmented EEG Analysis" to improve the classification of
depression patients. By incorporating spatial information into the analysis of EEG data, we aim to refine the accuracy
and effectiveness of depression patient classification. The research involves modeling and analyzing EEG signals
collected from individuals diagnosed with depression. The spatial augmentation technique allows us to take into
account the spatially variable patterns of brain activity, leading to a more comprehensive understanding of the neural
dynamics associated with depression. Our methodology encompasses various signal processing and machine learning
techniques to extract relevant features from the EEG data. These features capture both temporal and spatial
characteristics, enhancing the discriminative power for distinguishing between depressed and non-depressed
individuals.

The refined classification of depression patients has the potential to provide valuable insights into the neural correlates
of depression and aid in developing more targeted and personalized treatment approaches. The results of this study may
contribute to advancements in the field of neuroscience and mental health research, ultimately leading to improved
diagnostic accuracy and better patient outcomes.
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Feature Feature

Matching Extraction
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IV. RESULTS AND DISCUSSION

Dataset and Preprocessing:

We obtained EEG data from a cohort of individuals diagnosed with depression and a control group of non-depressed
individuals. The EEG signals were recorded during rest and specific tasks. Before analysis, we preprocessed the data by
removing artifacts, filtering the signals, and segmenting them into relevant epochs.

Spatial Augmentation Technique:

To incorporate spatial information into the EEG analysis, we applied a spatial augmentation technique. This involved
using advanced algorithms to estimate the cortical sources of EEG signals and constructing spatial maps that represent
the distribution of brain activity across different regions. These spatial maps were then integrated with the original EEG
data, providing enhanced spatial features for classification.

Feature Extraction:

The augmented EEG data, we extracted a comprehensive set of features, including both temporal and spatial
characteristics. Temporal features captured the dynamics of brain activity over time, while spatial features represented
the topographical patterns of brain activation associated with depression.

Classification Model:
We employed a state-of-the-art machine learning classifier to classify depression patients based on the extracted
features. The classifier was trained using a cross-validation approach to ensure robustness and generalization.

Performance Evaluation:

The classification performance was evaluated using several metrics, including accuracy, sensitivity, specificity, and
area under the receiver operating characteristic curve (AUC-ROC). We compared the results of spatially augmented
EEG analysis with conventional EEG analysis methods.

Results:

The spatially augmented EEG analysis demonstrated significantly improved performance in classifying depression
patients compared to conventional methods. The inclusion of spatial features provided additional discriminatory
information that contributed to more accurate and refined patient classification.

Interpretation of Spatial Features:

We examined the spatial features obtained from the spatial augmentation technique to gain insights into the
neurophysiological basis of depression. Spatial maps revealed distinct patterns of brain activity associated with
depression, highlighting the involvement of specific brain regions and networks in the pathophysiology of the disorder.

Clinical Implications:

The refined classification of depression patients based on spatially augmented EEG analysis has potential clinical
implications. It may aid in identifying subtypes of depression and provide a more objective and reliable method for
diagnosing the disorder. Moreover, the spatially augmented EEG analysis could assist in predicting treatment response
and guiding personalized treatment strategies.

Limitations and Future Directions:

Despite the promising results, this study had some limitations. The sample size was relatively small, and the spatial
augmentation technique may require further refinement and validation on larger datasets. Future research could explore
the longitudinal changes in spatial features during the course of depression and investigate their relationship with
treatment outcomes.

V. CONCLUSION

In conclusion, our study demonstrated that spatially augmented EEG analysis holds promise for refining depression
patient classification. The integration of spatial information with EEG data enhances the discriminatory power, leading
to improved accuracy in identifying depression patients. This approach has the potential to advance our understanding
of depression's neurobiological basis and facilitate more targeted interventions for individuals suffering from this
debilitating mental health condition.
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