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ABSTRACT 

 

Epilepsy affects over 50 million people globally, posing a significant challenge due to 

the unpredictability of seizures, which impacts patients' quality of life. Predicting 

epileptic seizures in advance can improve living standards through timely interventions 

and risk reduction. However, accurate seizure prediction remains unsolved. This 

research aims to enhance seizure prediction accuracy using machine learning 

methods applied to epileptic electroencephalography (EEG) signals. Key methods 

developed include personalized channel selection, efficient feature extraction, and 

accurate classification models. Three predictive models were developed, each 

showing a remarkable performance in terms of accuracy, sensitivity, and specificity, 

leading to notably enhanced epileptic seizure prediction rates. The first model employs 

a permutation entropy-based personalized channel selection, significantly improving 

accuracy but requiring careful consideration of factors that influence the channel 

selection. The optimal channels for predicting seizures may vary across different 

stages of the condition. Hence, the second model employs a personalized 

classification for the entire channels from each patient, emphasizing the superiority of 

Synchroextracting Transform (SET) over the popular short-time Fourier transform for 

accurately extracting information. SET, when combined with a one-dimensional 

convolutional neural network (1D-CNN), achieves a 100% accuracy, sensitivity, and 

specificity for the Bonn University database (82800 datapoints), surpassing a 

multilayer perceptron with a quicker computational speed. Meanwhile, when 

considering real-time monitoring of epileptic EEG, CNNs may not be suitable due to 

their computational costs and substantial memory requirements. Therefore, in the third 

model, a sparse representation combined with SET and basic traditional machine 

learning techniques like k-nearest neighbors are adopted. This approach has also 

been proven to be notably effective, with a 100% accuracy on the Bonn University 

database for seizure prediction. The three models developed in this research address 

the challenges arising from individual variability in brain functions and the high-

dimensional nature of EEG data for epileptic seizure prediction. Future research 

should focus on optimizing these models for specific real-time EEG monitoring 

systems and conditions. 
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CHAPTER 1: INTRODUCTION 

 

1.1. Significance of research on seizure prediction 

Epilepsy is a serious neurological disease, affecting more than 50 million 

people, both young and old, worldwide [1]. The ability to predict seizures holds 

immense potential for enhancing those affected individuals’ safety and well-being. 

Seizures can occur unexpectedly, leading to dangerous situations, injuries, and a 

diminished quality of life for individuals with epilepsy. By developing reliable seizure 

prediction models, researchers aim to provide individuals with timely warnings, 

allowing them to take precautionary measures and reduce the risk of injury during a 

seizure. This aspect of research aligns with the broader goal of improving patient 

treatment outcomes and minimizing the negative impact of epilepsy on daily life. 

Moreover, research in seizure prediction contributes to the advancement of 

personalized medicine in epilepsy management. Each person's experience with 

epilepsy is unique, and the factors influencing the occurrence of seizures can vary 

widely. Through in-depth research and the use of advanced technologies, scientists 

can identify individualized patterns and triggers leading to seizures. This 

personalized approach enables the development of tailored interventions, including 

optimized medication regimens and lifestyle modifications, thereby improving the 

effectiveness of epilepsy treatment. 

Conventional diagnostic techniques involve electroencephalography (EEG) 

and high-resolution magnetic resonance imaging (hr-MRI) to identify symptoms 

following the initial epileptic seizure occurrence [2]. EEG and hr-MRI serve different 

purposes in neuroscience and clinical practice. EEG is particularly well-suited for 

real-time monitoring of brain activity and functional assessments, while hr-MRI 

excels in providing detailed structural information about the brain. The choice 

between the two depends on the specific goals of a study or clinical evaluation. 

For example, when it comes to the management of seizures, EEG monitoring 

plays a significantly more crucial role, especially in situations like status epilepticus, 

where prolonged seizure activity or recurrent events without recovery pose a 

substantial risk of cerebral damages [3]. However, a survey conducted globally, with 

many responses from the USA, regarding continuous EEG availability in specialty 

ICUs found that only 32% had rapid access and interpretation capabilities [4]. 
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Therefore, patients with epilepsy are at risk of premature death and sudden 

unexplained death (SUD) [5]. In addition, many individuals with epilepsy experience 

various concurrent symptoms, making it challenging to attribute or justify the 

elevated risk associated with epilepsy [6]. Therefore, accurate diagnosis is crucial in 

epilepsy management. 

Moreover, the primary challenge for epilepsy patients is the unpredictability of 

seizures, significantly impacting their quality of life [7]. Although individuals with 

epilepsy can lead a relatively normal life during most of the time when seizures are 

not occurring, the uncertainty surrounding seizure episodes remains a profound 

concern. If seizures could be predicted in advance, patients would have the 

opportunity to take preventive measures, thereby improving their overall living 

standards. This has substantial implications for enhancing patient safety and well-

being by enabling timely interventions and reducing the risks associated with 

unexpected seizures [8]. Despite its potential, seizure prediction remains an 

unsolved problem in the field. 

Within this background, research in seizure prediction based on EEG has 

been focused as a critical area of study within the field of neuroscience and clinical 

neurology. Seizure prediction research can advance personalized medicine in 

epilepsy management by recognizing the uniqueness of each person's experience 

with epilepsy. Factors influencing seizure occurrences vary widely among individuals 

[9]. Through in-depth analysis of EEG, scientists can uncover individualized patterns 

and triggers leading to seizures. This personalized approach facilitates the 

development of tailored interventions, encompassing optimized medication regimens 

and lifestyle modifications. Consequently, this approach enhances the overall 

effectiveness of epilepsy treatment. 

Furthermore, implementing effective seizure prediction technologies can 

mitigate healthcare costs associated with emergency care, providing a cost-effective 

solution, and enabling more efficient resource allocation in healthcare systems 

globally because it can lighten the economic burden linked to epilepsy by reducing 

unplanned emergency room visits, hospitalizations, and the need for constant 

supervision, which are common in the lives of individuals with uncontrolled seizures 

[10]. 

In summary, research on seizure prediction holds paramount significance for 

addressing epilepsy's challenges, enhancing safety, advancing personalized 
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medicine, and reducing healthcare costs. Beyond the lab, it brings hope and tangible 

improvements for those with epilepsy. The primary objective of this research is to 

make a valuable contribution by creating a model capable of accurately and rapidly 

predicting epileptic seizures before they occur in real-time monitoring. 

 

1.2. Brain electroencephalography (EEG) 

Epileptic EEG analysis based on machine learning has gained significant 

attention in recent years. EEG is a method used to monitor and record its electrical 

activity [11] (Figure 1). This procedure entails the positioning of electrodes on the 

scalp to identify and gauge voltage variations arising from the electrical impulses 

generated by neurons in the brain. To effectively capture the rapid changes in brain 

functions, these signals are usually sampled at a high frequency. The coordinated 

activity of numerous neurons generates these signals, which can be assessed by 

placing electrodes on the scalp. EEG signals are commonly defined by their 

frequency, amplitude, and waveform attributes [12, 13]. 

Electrodes are strategically positioned on the scalp following established 

electrode placement systems (Figure 2). The most widely adopted system is the 

International 10-20 System [14], which prescribes electrode positions based on 

specific distances between anatomical landmarks on the scalp [14]. The number of 

electrodes used can vary significantly, ranging from just a few to potentially dozens 

or even hundreds [15].  

 

    

                        (a)                                                                           (b) 

       Figure 1. Image of (a) an EEG monitor and (b) a printed EEG graph [16] 
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The letters used are: 

F: Frontal Lobe 

T: Temporal lobe 

C: central lobe 

P: parietal lobe 

O: occipital lobe 

 

 

 

             Figure 2. The brain surface map of EEG electrodes [17] 

 

To facilitate the diagnosis of epilepsy through EEG signals, a minimum of 23 

electrodes are positioned across the scalp, leading to the generation of an immense 

volume of data [18]. Researchers may appreciate the richness of information within 

their dataset. However, they must deal with the complex nature of high-dimensional 

data structures and the complexities inherent in time-dynamic data. 

Typically, EEG signals are categorized into distinct frequency bands, each 

corresponding to specific brain states or activities. These frequency bands include 

delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma 

(above 30 Hz) [19]. Each of these frequency bands is associated with distinct 

cognitive and behavioural processes [20]. Artifacts, such as muscle activity (e.g., eye 

blinks or jaw clenching), movements, electrical interference, and environmental 

noise, have the potential to contaminate EEG signals [21]. To mitigate or eliminate 

these artifacts and enhance signal quality, preprocessing techniques such as 

filtering, artifact rejection, and referencing are employed [22]. There are also many 

data loss or vitiated data in EEG recordings due to limitations of scalp electrodes 

which can hinder the performance of processing algorithms [23]. These artifacts 

should be minimized to reduce the influence in feature extraction. 

Within clinical practice, unusual EEG patterns have the potential to signal 

underlying pathological conditions, including epileptic seizures, sleep disorders, or 

cerebral dysfunctions [24]. The comprehension of the human brain through EEG can 

be significantly enhanced through advancements in EEG decomposition and 

analytical methods, alongside the integration of machine learning [23, 25-28]. 

Integrating appropriate machine learning algorithms with EEG analysis can automate 
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1.4. Feature selection 

The signal transformation can be challenged by the issues of high-

dimensional data [30]. In other words, machine learning models can be overfitting 

and therefore have a poor capability of classification by the signal decomposition 

[31]. Feature selection tools are crucial particularly when dealing with datasets with a 

large number of features or when there is a need to simplify models for better 

interpretability or computational efficiency. There are some methods developed for 

data dimensionality reduction. For example, backward selection is a feature selection 

technique commonly used in statistical modelling to choose the most relevant subset 

of features from a larger set of candidate features. The process involves starting with 

all available features and iteratively removing less important ones until the desired 

subset is achieved. Researchers can retain a subset of the most significant values 

and their corresponding spatial and temporal components. This reduces the 

dimensionality of the data while preserving the most critical information.  

Singular Value Decomposition (SVD) is a mathematical technique commonly 

used in EEG analysis with signal transformation. SVD decomposes transformed data 

into its constituent parts, allowing to identify patterns and gain insights into brain 

activity. SVD can also help identify and remove noise components in EEG data. By 

analysing the singular values and vectors, artifacts and noise can be separated from 

meaningful brain signals. Sparse representation (SR) involves a parsimonious 

principle that a sample can be approximated by a sparse linear combination of basis 

vectors [32]. The benefit of the SR lies not only in its capability to handle a high 

volume of features but also in its robustness to redundancy, as it selects only a few 

features from all its basis vectors. Additionally, It is also highly resilient to noise [33]. 

When the entropy transform is employed for analysis, backward selection is 

used for feature selection. However, to address the challenges of high 

dimensionality, this research proposes using SVD and SR for epileptic EEG signals 

with a high volume of features after the SET transform. This approach, which 

involves classification based on feature selection methods, requires fewer data 

points while highlighting the crucial features within the signals. 
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Figure 4. Reduction of EEG sub signals dimension by features selection 

 

1.5. Channel selection for EEG analysis 

Channel selection in EEG analysis is an optional step aimed at choosing the 

most relevant EEG electrode channels for a specific research or clinical objective. 

EEG data are typically recorded using an array of electrodes placed on the scalp, 

and not all channels may be necessary for a particular analysis.  

The EEG International 10-20 System is a widely adopted standard for 

electrode placement on the scalp during EEG recordings, ensuring consistency 

across studies. Electrode sites are labelled with letters and numbers, representing 

brain regions and positions. The choice of electrodes depends on the research 

question and regions of interest. EEG data from this system supports various 

analyses, including brain activity mapping and cognitive neuroscience research. 

However, the impact of channel selection on predicting epileptic seizures through 

EEG analysis is still uncertain. 

This research applies permutation entropy (PE) from EEG signals to select 

the effective functional channels of epileptic EEG signals collected from the human 

scalp. Following thorough experimentation, it has been determined that PE serves as 

an efficient indicator for representing epileptic conditions. 

 

 

Figure 5. The process of channel selection based on the PE 

EEG signal 

transformation 

Raw EEG Features 

selection 
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1.6. Epileptic seizure prediction by machine learning 

The process of EEG analysis typically encompasses several key stages, 

including data collection, feature extraction, model training, and model evaluation. To 

enable classification by machine learning algorithms, numerical features are used as 

input. EEG signal decomposition provides a variety of potential features that can be 

extracted, such as time-frequency features, time-domain features, statistical 

features, wavelet coefficients, and entropy features. Features play a crucial role in 

capturing different aspects of brain activity, aiding in the classification process. 

Different machine learning algorithms can be used for EEG analysis, including 

support vector machines (SVMs), random forests, deep learning models like 

convolutional neural networks (CNN) or recurrent neural networks (RNN), and 

ensemble methods. The training data, which consists of selected features of EEG 

decomposition and corresponding labels (for example, inter-ictal, pre-ictal or ictal 

states), are used to train the models. The trained models are evaluated using 

validation or test datasets. Common evaluation metrics include accuracy, precision, 

recall, F1-score, and area under the receiver operating characteristic curve (AUC-

ROC), depending on the specific task (e.g., binary classification, multi-class 

classification, or regression).  

 

1.7. Research objectives 

The primary objective of this research is to develop a model that can 

accurately and efficiently predict epileptic seizures in advance during real-time 

monitoring. Despite decades of research, seizure prediction remains a challenging 

and unsolved problem. This study seeks to make significant progress in accurately 

predicting epileptic seizures before their occurrence, addressing key challenges in 

data analysis and model development. To achieve this main objective, the following 

sub-objectives are defined:  

 

1. Advanced Feature Extraction:  

• Develop robust feature extraction methods capable of generating outcomes 

highly correlated with distinct pre-seizure stages observed in EEG signals. 
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• Address challenges posed by subtle fluctuations in EEG signals, noise, and 

artifacts. 

 

2. Noise and Artifact Minimization:  

• Minimize the impact of noise and artifacts, such as those caused by muscle 

movements and environmental factors, to improve the reliability of extracted 

features. 

• Mitigate data loss or corruption during EEG recording caused by scalp 

electrode limitations and frequency-selective filtering. 

3. Exploration of Machine Learning Techniques:  

• Leverage classical machine learning algorithms for their interpretability, 

computational efficiency, and suitability for smaller datasets. 

• Explore deep learning models for their ability to learn complex data 

representations, particularly in unstructured data scenarios. 

• Balance the trade-offs between classical and deep learning techniques to 

enhance seizure prediction accuracy. 

4. System Evaluation:  

• Evaluate the robustness, computational efficiency, and real-time applicability 

of the developed model for epileptic seizure prediction. 

• Ensure that the system is scalable and reliable for practical diagnostic use. 

 

By systematically addressing these sub-objectives, the study aims to advance 

the performance of seizure prediction systems, contributing to the development of 

robust diagnostic tools that improve the quality of life for individuals with epilepsy. 

 

1.8. Proposed methods 

To achieve precise seizure prediction, this study adopts a systematic 

approach. Initially, channel selection is employed to distinguish channel usage based 

on EEG signals from individual patients. For effective discrimination of channels, 

permutation entropy (PE) and genetic algorithm (GA) are utilized. Following this, the 

focus shifts to enhancing signal transformation, and suitable feature extraction 

techniques post the time-frequency (TF) transformation are applied. To enhance the 

resolution of EEG signal decomposition, the research incorporates a 
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1.9. Thesis structure 

The structure of the remaining portion of this thesis is outlined as follows: 

• Chapter 2 provides a comprehensive literature review covering epileptic EEG 

feature selections, classifications, and limitations of current research on 

seizure prediction. 

• The subsequent chapters, namely 3, 4, and 5, contain three distinct research 

papers (refer to Figure 7). The first paper (chapter 3) presents a patient-

specific optimization technique for EEG channel selection, based on the 

evaluation of permutation entropy (PE) values of EEG. The second paper 

(chapter 4) investigates the use of synchroextracting transformation (SET) 

and singular value decomposition (SVD) to achieve a higher-resolution 

decomposition of epileptic EEG signals. The third paper (chapter 5) employs 

SET and sparse representation (SR) techniques to enhance feature extraction 

in the analysis of epileptic EEG signals. 

• In Chapter 6, the findings of this research are thoroughly discussed, leading to 

the final conclusions of the study.  
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CHAPTER 2: LITERATURE REVIEW 

 

2.1. EEG signal analysis 

Feature extraction before classification of epileptic EEG signals is an 

important area of research. Numerous machine learning models often struggle to 

accurately classify unknown samples, primarily due to the presence of a substantial 

amount of unrelated information or noise [34]. There has been intensive research on 

the time domain, frequency domain and time-frequency domain of EEG signal 

analysis (Figure 4). The raw EEG data is a time-domain signal, which means it's a 

function of time. It's essentially a continuous stream of voltage values recorded over 

a specific period. Initially, EEG data are analysed in the time domain. Time-domain 

features from EEG signals are statistical values of amplitude and their variances, 

skewness, and kurtosis analysis. These features capture basic statistical properties 

of the signal over time. Examples of the feature extraction methods in the time 

domain are AR Modelling [35, 36], Cepstrum analysis [37], linear predictive coding 

(LPC) [38] and kernel-based modelling [39]. However, the information obtained from 

the time-domain analysis is not sufficient for obtaining useful information [40].  

Therefore, frequency domain analysis or spectral analysis of raw EEG signals 

is required for obtaining pertinent information from a signal. Various signal 

transformation techniques are available for converting a signal from time-domain to 

frequency-domain, such as Fourier transform [41]. Other frequency-domain feature 

extraction methods are discrete cosine transform [42], spectral estimation [43], and 

the Hilbert transform [44]. EEG signals can be decomposed into different frequency 

bands (e.g., delta, theta, alpha, beta, gamma) and features related to spectral power, 

frequency peaks can be extracted. However, only spectral information about a signal 

is available but not time-domain information concurrently if Fourier transform is used 

[45].  

To overcome the limitation of frequency-domain feature extraction methods, 

signal analysis has undergone significant advancements, particularly in the realms of 

time and frequency domains over the past few decades [46]. Time-frequency (TF) 

analysis methods have been developed over many years. A short term Fourier 

transform (STFT) [47] and wavelet transform (WT) [48] were developed to be used 

for time-domain as well as frequency analysis of EEG signals. These time-frequency 
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interference. Effective pre-processing is crucial to improving the quality of EEG 

signals and ensuring reliable analysis. Recent research highlights several advanced 

pre-processing techniques for artifact removal, including independent component 

analysis (ICA) [58-60], principal component analysis (PCA) [61], wavelet transform 

(WT) [62, 63], regression-based techniques [63, 64], adaptive filtering [65, 66], 

artifact subspace reconstruction (ASR) [59, 67], deep learning-based approaches 

[68-70], and hybrid methods [71-74] that combine multiple strategies for enhanced 

performance.  

ICA is a widely used blind source separation technique that decomposes EEG 

signals into statistically independent components [58]. Artifacts can be identified and 

removed by excluding specific components associated with noise [58]. WT 

decomposes EEG signals into different frequency bands, enabling selective 

denoising. Artifacts are identified and suppressed in specific frequency bands 

without affecting the underlying signal [63]. Deep learning-based approaches such 

as convolutional neural networks (CNNs), recurrent neural networks (RNNs), and 

autoencoders are increasingly being used for artifact removal [75]. These models 

learn to distinguish artifacts from neural signals based on labelled datasets [68]. 

Hybrid methods combine traditional and modern techniques (e.g., ICA with deep 

learning or wavelet transform with regression) to leverage the strengths of each 

approach [74].  

The choice of artefact removing technique depends on the type of noise, 

dataset characteristics, computational resources, and intended application. 

Traditional methods like ICA and WT remain widely used, but modern deep learning 

approaches hold significant promise for addressing complex artifacts in EEG data. 

Future research should focus on developing robust hybrid models that integrate 

these techniques to enhance artifact removal in both offline and real-time EEG 

applications.  

Another crucial pre-processing step is the window sampling technique, which 

is commonly employed in EEG signal processing. This method segments long, 

continuous EEG recordings into smaller, manageable intervals, or windows, for 

analysis [76]. This approach allows for isolating specific time intervals of interest, 

applying localized signal processing, and enhancing computational efficiency. 

Recent studies, including Asymmetric Windowing Recurrence Plots (AWRP) [77], 

Overlapping Sliding Window (OSW) Method [78], Window Stacking Meta-Models 
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[79], and Impact of Time Window Length [80], have introduced innovative windowing 

techniques to refine EEG signal analysis. These methods have been particularly 

impactful in areas such as emotion recognition and clinical classification tasks. 

These advancements underscore the significant role of windowing techniques in 

advancing EEG signal processing, with applications spanning emotion recognition, 

biometrics, and clinical diagnostics. 

 

2.3. Entropy measurements in EEG signal analysis 

Meanwhile, the utilization of entropy measurements in EEG signal analysis 

finds applicability across various domains. In statistical terms, entropy serves as a 

means to quantify the degree of stochasticity and regularity present within signal 

processes [81, 82]. Grounded in information theory, it offers another pathway to gain 

insights into the intricate patterns and dynamics inherent in EEG data. Employing a 

signal's entropy is a powerful means to quantify the uncertainty or randomness in 

any domain of EEG datasets [83]. Entropy measures divide a signal into segments 

and then compare analogy directly or after some signal transformation. Approximate 

entropy, sample entropy and permutation entropy (PE) are usually applied to signals 

in the time domain [84].  

Entropy measures involve segmenting a signal and subsequently making 

direct comparisons, either in the time domain or following specific signal 

transformations. The selection of a transformation and the associated parameters 

imposes underlying assumptions about what patterns showing in the signal, 

potentially yielding significantly different outcomes [85]. PE, for instance, evaluates 

the predictability of a time series by assessing the order of data points within a 

sliding window. The PE proves particularly valuable for characterizing the temporal 

dynamics embedded within EEG signals, enabling the detection of alterations in the 

pattern of brain activity over time. In addition, spectral entropy (SE) quantifies how 

uniformly the power or energy is distributed across different frequency bands within a 

signal's spectrum [86]. A signal with a more evenly distributed spectral power will 

have higher spectral entropy, indicating greater complexity or randomness in its 

frequency content. Conversely, a signal dominated by specific frequencies will have 

lower spectral entropy, suggesting a more ordered or predictable frequency 

structure. 
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Two commonly used options in the domain of frequency domain analysis are 

spectral entropy and total wavelet entropy. It's common practice to convert a time-

domain signal into a frequency-domain representation through methods like Fourier 

transform or wavelet analysis when working with frequency-domain entropy [87]. 

Early efforts in seizure prediction research involved the application of EEG entropy. 

Research cantered on PE has demonstrated high sensitivity, around 80-90% of 

accuracy for detecting seizure EEG signals [88]. 

 

2.4. Feature selection 

Reducing feature dimensionality while preserving vital information from sub-

signals after EEG transformation or decomposition presents a significant challenge. 

Feature selection techniques aim to address this challenge by summarizing the 

essential characteristics of the original signals. Additionally, the implementation of 

feature selection contributes significantly to lowering the computational cost 

associated with classifying high-dimensional data.  

In the early 2000s, conventional approaches like backward selection or 

forward selection were widely used to differentiate the features of EEG signals. 

There has been prior research on feature selection algorithms with diverse 

performance levels and computational complexities. For instance, Burrell et al. 

(2007) compared classical feature selection methods, a forward selection method, 

and the bound algorithm for classifying pathological events in intracranial EEG. The 

findings suggest that the forward technique outperforms the other methodologies 

specifically for their datasets [89].  

Over the recent decades, sparse representation (SR) methods have emerged 

as a research focus for data processing across various fields [90]. The SR is applied 

to represent data with minimal atoms in each overcomplete dictionary. This allows 

for a concise representation of data and facilitates the extraction of valuable 

information. [29]. In essence, SR can be viewed as a brief demonstration of complex, 

time-varying, nonlinear signals, capturing distinctive patterns inherent to the signal 

and facilitating reconstruction when necessary [29]. Yuan et al. applied a 

classification method utilizing kernel SR and kernel collaborative representations. 

The classification accuracy in detecting seizures achieved 98.63% and 99.99%, 

respectively. The rapid computation speed contributes to real-time monitoring of 

epilepsy [91]. Wang and Guo (2011) also proposed SR based on matching pursuit 
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and selected decomposition coefficients and atom parameters as features. The 

experiment results showed 100% of accuracy in seizure detection classification [92] 

In the meantime, singular value decomposition (SVD) [93] method to analyse 

EEG and induced potential data has given rise to a theory about how EEG data from 

different channels might be structured. Haddad et al. (2015) suggested a way, using 

SVD, to divide multi-channel EEG data into time blocks. These time blocks are 

periods when the patterns of active brain cells causing the EEG signals remain 

consistent [94]. Xia et al. (2015) employed SVD and achieved a sensitivity of 96.40% 

and a specificity of 99.01%, with a false detection rate of 0.16/h. for the seizure 

detection based on EEG signals [95]. Furthermore, Judith et al. (2022) successfully 

removed the artifacts present in the acquired EEG signals [96].  

A genetic algorithm (GA), developed by John Holland et al in 1970s [97] is 

also frequently used in the signal analysis. A GA is a search heuristic that imitates 

the process of Charles Darwin's theory of natural selection, in areas such as 

inheritance, mutation, selection, and crossover. Alyasseri et al. (2021) proposed 

genetic algorithm (GA) is efficient to find the optimal WT parameters for EEG signal 

denoising [98]. Albasri et al. (2019) determined the minimum set of electrodes 

required for optimum identification accuracy in each EEG sub-band of both stimuli by 

GA algorithm [99]. 

 

2.5. Machine learning for seizure prediction 

Common machine learning models used in epileptic EEG classification 

include support vector machine (SVMs), linear regression, linear discriminant 

analysis (LDA), k-nearest neighbors algorithm (kNN), random forests, convolutional 

neural network (CNNs), recurrent neural networks (RNNs). Maimaiti et al. (2022) 

outlined two primary categories of automated techniques. The first category involves 

traditional machine learning (TML) models, which include algorithms such as the 

SVM, k-NN or LDA. The second category encompasses deep learning (DL) 

methods, such as the bi-directional long short-term memory network (Bi-LSTM), the 

CNN, RNN or the long short-term memory network (LSTM) [100]. 

The majority of EEG applications typically involve the use of features with high 

dimensions. Both k-NN and SVMs have been applied in EEG classification, 

demonstrating effective discrimination of features within EEG datasets. Nonetheless, 

it's worth noting that varying outcomes have been observed across different EEG 
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applications [101]. Especially, SVMs, initially introduced by Vapnik in 1999 [102], has 

become widely recognized as one of the frequently employed classifiers in studies 

related to seizure detection [103]. The reason for the SVM popularity lies in its 

effectiveness in minimizing structural risks and balancing the trade-off between 

training errors and model complexity. Originally designed as a neural network model, 

SVM was designed to perform exceptionally well in scenarios marked by restricted 

sample sizes and rare events like onsets of seizures [102]. Cura et al. (2021) 

employed an SVM in their seizure detection study, achieving an accuracy rate of 

95.1% [104].  

In recent times, there has been a growing number of research focused on 

epileptic EEG analysis using DL techniques. Among these studies, approximately 

14% have been directed towards the detection or prediction of seizures [105]. 

Especially, CNN-based approaches have gained significant popularity recently. Zhou 

et al. (2018) used a CNN based on raw EEG signals instead of manual feature 

extraction to distinguish ictal, preictal, and interictal segments for epileptic seizure 

detection [106]. The results showed average accuracies of 96.7, 95.4, and 92.3% for 

the three experiments.  

Seizure prediction using EEG remains a challenging problem to be resolved.  

A summary of recent research for seizure prediction (or detection) based on EEG is 

as below (Table 1).  

 

Table 1: The summary of recent research for seizure prediction or detection based on EEG 

Title of paper features classifier accuracy sensitivity 

The automatic detection of 

seizure based on tensor 

distance and bayesian linear 

discriminant analysis [107] 

WT, TD BLDA 97.60% 95.12% 

Classification of epileptic EEG 

signals using synchrosqueezing 

transform and machine learning 

[104] 

SST SVM, KNN 95.13% 90.30% 

Early prediction of refractory 

epilepsy in children under 

artificial intelligence neural 

network [108] 

Raw EEG data SVM 77.80% 82.60% 
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Dissimilarity-based time–

frequency distributions as 

features for epileptic EEG signal 

classification [109] 

TFD ANN 97.60% NA 

SVM 94.20% NA 

Patient specific epileptic 

seizures prediction based on 

support vector machine. [110] 

FD, FI, VC, and 

Kurtosis. 

SVM 96.2% 95.7% 

Intelligent seizure prediction 

system based on spectral 

entropy [111] 

SpE MLP 91.14% 91.37% 

Probabilistic prediction of 

epileptic seizures using SVM 

[112] 

Power spectrum SVM NA 78% 

 

Table 1: The summary of recent research for seizure prediction or detection based on EEG 

Title of paper features classifier accuracy sensitivity 

Epilepsy seizure detection 

using akima spline interpolation 

based ensemble empirical mode 

kalman filter decomposition by 

EEG signals [113] 

ASI-EEMKFD LSTM 98.20% 94.96% 

Epileptic seizure prediction 

based on permutation entropy 

[88] 

PE SVM NA 94% 

Epilepsy prediction through 

optimized multidimensional 

sample entropy and Bi-LSTM 

[114] 

SampE Bi-LSTM 80.09% NA 

Epileptic seizure prediction 

using scalp 

electroencephalogram signals 

[115] 

EMD LSTM NA 93% 

Dynamic learning framework for 

epileptic seizure prediction 

using sparsity based EEG 

reconstruction with optimized 

CNN classifier [116] 

Sparsity based 

EEG 

reconstruction 

3D-CNN 98.86% 99.25% 

Cross-subject seizure detection 

in EEGs using deep transfer 

learning [117] 

CSP CNN 90% 92.2% 
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Epileptic seizure detection 

using multi-channel EEG 

wavelet power spectra and 1-D 

convolutional neural networks 

[118] 

WT CNN 97.5% 97.5% 

Deep learning approach to 

detect seizure using 

reconstructed phase space 

images [119] 

Reconstructed 

phase space 

CNN 98.5% NA 

Seizure prediction using 

directed transfer function and 

convolution neural network on 

intracranial EEG [120] 

DTF CNN 90.8% NA 

 

Table 1: The summary of recent research for seizure prediction or detection based on EEG 

Title of paper features classifier accuracy sensitivity 

Automatic seizure detection 

based on S-transform and deep 

convolutional neural network 

[121] 

wavelet packet 

decomposition 

CNN 95.45% NA 

A multi-view deep learning 

framework for EEG seizure 

detection [122] 

STFT CNN 93.97% NA 

Early prediction of epileptic 

seizures using a long-term 

recurrent convolutional network 

[123] 

Raw EEG CNN 93.40% 91.88% 

Scalp EEG classification using 

deep Bi-LSTM network for 

seizure detection [124] 

LMD Bi-LSTM NA 93.61% 

 

2.6. Limitations of current research on seizure prediction. 

Achieving consistently accurate predictions well before a seizure remains a 

substantial challenge. The primary obstacle stems from a limited comprehension of 

the complicated dynamics of EEG signals, particularly during the preictal phase, 

delaying the development of robust prediction models.  

The time-frequency (TF) analysis method has evolved over several decades 

to gain insights into the mechanisms of EEG signals. Classical techniques like the 
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short-time Fourier transform (STFT) and wavelet transform (WT) TFA proves to be 

an effective tool in describing the time-varying features of nonstationary signals, 

aiding in a clearer interpretation of these signals. However, classical methods have 

drawbacks, such as low time-frequency resolution due to the Heisenberg uncertainty 

principle and unexpected cross-terms, leading to an inaccurate characterization of 

nonlinear behaviours in time-varying signals.  

Moreover, the application of signal transformations or signal decomposition 

results in the generation of numerous sub-signals, causing significant time 

consumption and computational expenses. Furthermore, this procedure can impede 

accurate classification performance due to the heightened number of dimensions. 

Ensuring swift predictions in real-time epileptic seizure prediction systems is 

imperative. However, the use of signal transformation can escalate the signal 

dimensions, thereby disrupting the effectiveness of real-time seizure prediction. 

Consequently, contemporary research trends lean towards avoiding transformations 

that could elevate feature dimensionality. 

In addition, the presence of unique variations in seizure patterns and brain 

activity presents obstacles in constructing universal models capable of accurately 

forecasting seizures across diverse patient groups. One approach to address this 

challenge involves pre-selecting channels for pre-seizure classification, providing a 

means to develop a generalized model while accommodating individual patterns. 

Despite its potential, channel selection has not received sufficient attention in the 

field of seizure prediction research. 

In the meantime, the progress in portable EEG devices and wearable EEG 

headsets allows for the capture of real-time EEG data outside typical laboratory 

settings. This approach supports the collection of information on real-time brain 

activity providing a more dynamic and ecologically valid understanding of neural 

patterns. However, as of now, there is a lack of research utilizing real-time EEG 

data, resulting in limited information about its characteristics. It is crucial to recognize 

that classification performance may vary compared to static data. Seizure prediction 

research needs to account for diverse scenarios based on the nature of the data. 

 

2.7. Summary 

This chapter reviews key advancements in EEG signal analysis for epileptic 

seizure prediction. It highlights the importance of feature extraction, starting with 
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time-domain, frequency-domain, and time-frequency domain methods, which 

address the limitations of raw EEG data by providing valuable insights into its 

temporal and spectral characteristics. Advanced techniques like synchroextracting 

transform (SET) have emerged to overcome challenges in traditional methods, such 

as low time-frequency resolution and computational complexity. The chapter also 

explores entropy measurements for quantifying randomness in EEG signals and 

their application in seizure prediction. Feature selection methods, such as sparse 

representation (SR) and genetic algorithms, are discussed for reducing 

dimensionality and improving classification efficiency. Machine learning and deep 

learning models, including SVMs, CNNs, and Bi-LSTMs, are examined for their 

efficacy in seizure detection and prediction. Finally, the limitations of current 

research are addressed, emphasizing the need for real-time analysis, personalized 

models, and improved handling of EEG signal variability, along with the potential of 

wearable EEG devices for future advancements. 
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CHAPTER 3: PAPER 1 – A NOVEL PERMUTATION 

ENTROPY-BASED EEG CHANNEL SELECTION FOR 

IMPROVING EPILEPTIC SEIZURE PREDICTION 

 

3.1  Introduction 

This paper published in Sensors (21(23), p7972) develops a highly effective 

and accurate algorithm to enhance seizure prediction precision by optimizing EEG 

channel selection. Using permutation entropy (PE) values, K nearest neighbors 

(KNN), and a genetic algorithm (GA), the method significantly reduces computational 

complexity. Employing a support vector machine (SVM) classifier, the algorithm 

achieves a 92.42% average prediction rate from EEG data of 22 patients, compared 

to 71.13% using all channels. The selected channels improve accuracy by 10.58%, 

sensitivity by 23.57%, and specificity by 5.56%. Exceptional results are achieved for 

four patients, with accuracy, sensitivity, and specificity exceeding 90% and lower 

standard deviations, demonstrating the robustness and efficacy of this approach. 
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3.2  Published paper 
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3.3  Links and implications 

The research confirmed that personalized epileptic EEG channel selection 

significantly increased the prediction rate by 29.93% and improved accuracy, 

sensitivity, and specificity by 10.58%, 23.57%, and 5.56%, respectively. In SVM 

classification of pre-ictal and inter-ictal, average accuracy, sensitivity, and specificity 

with selected channels were 74.60%, 69.51%, and 73.14%, compared to 67.46%, 

56.25%, and 69.29% using all channels for predicting epileptic seizures in this study. 

However, opting for channel selection in EEG analysis for seizure prediction 

comes with certain drawbacks. It can lead to limited spatial coverage, potentially 

overlooking crucial information from other brain regions. Moreover, the ideal 

channels for predicting seizures might vary depending on individual conditions. EEG 

patterns are dynamic, the most effective channels for prediction could change across 

different stages of epilepsy or the selected channels may be more prone to artifacts 

such as muscle activity or electrical interference. Furthermore, integrating patient-

specific channel selection methods may introduce complexity to the model 

development process. 

Therefore, the forthcoming research paper on seizure prediction will utilize a 

novel signal transformation instead of entropy transformation and implement 1D-

CNN without the channel selection step to create a more simplified model. 
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CHAPTER 4: PAPER 2 – A NOVEL EPILEPTIC SEIZURE 

PREDICTION METHOD BASED ON SYNCHROEXTRACTING 

TRANSFORM AND 1-DIMENSIONAL CONVOLUTIONAL 

NEURAL NETWORK 

 

4.1  Introduction 

This paper, published in Computer Methods and Programs in Biomedicine 

(volume 240, page 107678), explores enhanced methodologies for epileptic seizure 

prediction using EEG signals. It introduces synchroextracting transformation (SET) 

and singular value decomposition (SET-SVD) to achieve higher-resolution 

decomposition of EEG signals, surpassing the limitations of the short-term Fourier 

transform (STFT). The study acknowledges the dynamic nature of EEG patterns and 

the need for patient-specific channel selection, despite its complexity. Overall, the 

findings demonstrate that SET-SVD offers a promising approach for more accurate 

epileptic seizure prediction, with the 1D-CNN model proving effective for fast and 

precise patient-specific EEG classification. 
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4.2  Published paper 
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4.3 Links and implications 

In this study, the classification processes for training and testing are tailored 

to each patient due to the patient-dependent nature of epileptic seizure patterns. 

Results from experiments conducted on two epileptic EEG databases, namely the 

Bonn and CHB-MIT databases, reveal that SET can extract more accurate 

information compared to STFT. Specifically, SET with 1D-CNN demonstrates nearly 

100% accuracy, sensitivity, and specificity in predicting seizure status in both 

databases. 

The efficacy of 1D-CNN in this research is promising. In comparison to MLP, it 

offers significantly faster computational speed (over 1000 times) and higher accuracy 

(more than 10%). While experiments with 2D or 3D-CNN were not conducted in this 

study, the literature review suggests that 1D-CNN would be faster (with 100 times 

fewer parameters) and more accurate (1-10%) than 2D or 3D-CNN. 

However, CNNs often demand substantial labelled data for effective training, 

posing challenges in scenarios where obtaining extensive labelled datasets is 

difficult. This can render training CNNs impractical, leading to potential struggles in 

generalizing well to unseen data. Moreover, the intricate internal workings of CNNs 

make interpretation complex, especially in fields like brain disorders where 

interpretability is vital. The memory requirements of CNNs, particularly with EEG 

data from many channels can be significant, limiting their deployment on devices 

with constrained memory, such as edge or IoT devices. 

As a result, upcoming research is turning to Sparse Representation (SR) and 

k-Nearest Neighbors (k-NN) to manage the large volume of data inherent in EEG. 

Despite the nature of EEG data, which is voluminous, this approach still achieves 

high accuracy and swift analysis. SR's ability to quickly select sparse data, rather 

than incorporating a vast amount of data in calculations, contributes to the efficiency 

of the analysis. 
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CHAPTER 5: PAPER 3 – EPILEPTIC SEIZURE PREDICTION 

BASED ON SYNCHROEXTRACTING TRANSFORM AND 

SPARSE REPRESENTATION 

 

5.1  Introduction 

The paper submitted to IEEE Access in 2024 highlights the importance of 

feature extraction in EEG signal analysis for epileptic seizure prediction. It introduces 

synchroextracting transformation (SET) and sparse representation (SR) to enhance 

this process, overcoming limitations of traditional methods. The combined SET-SR 

approach improves time-frequency resolution and achieves high classification 

accuracy using the k-nearest neighbors algorithm (k-NN), with 99.48% on the CHB-

MIT database and 100% on the Bonn University database. These results showcase 

the SET-SR model's effectiveness in detecting pre-seizure signals, advancing the 

field of seizure prediction. 
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5.2  Published paper 
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5.3  Links and implications 

In this study, traditional machine learning (ML), specifically kNN classification 

with the SET-SR method, demonstrated outstanding performance with 100% 

average accuracy, specificity, sensitivity, balanced accuracy, and AUC on the Bonn 

University database. For the CHB-MIT databases, the averages were 99.48% 

accuracy, 98.75% specificity, 99.85% sensitivity, 99.30% balanced accuracy, and 

0.8529 AUC. 

The kNN classification results highlight the SET-SR method's ability to extract 

highly accurate information from the data. Recent studies have compared CNNs and 

traditional ML models in seizure prediction tasks, with CNNs often outperforming 

traditional ML algorithms. However, a model's accuracy depends on factors like input 

data quality, model size and complexity, optimization algorithm during training, and 

parameter settings. 

In certain scenarios, traditional ML algorithms like kNN may be more suitable 

and efficient than CNNs, depending on the problem and available data. This study 

emphasizes that, with appropriate signal analysis and feature extraction methods, 

traditional ML techniques like kNN can achieve high accuracy in challenging areas 

like seizure prediction. On the other hand, CNNs have notable memory 

requirements, particularly with EEG data from numerous channels, limiting their 

deployment on devices with constrained memory, such as edge or IoT devices. 

Future research should focus on comparing seizure prediction models with data 

in the real-time epileptic EEG measuring system, as this represents the ultimate goal 

of seizure prediction research. 
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CHAPTER 6: DISCUSSION AND CONCLUSIONS 

 

6.1 Discussion and conclusions 

The findings from the first paper (Chapter 3) highlight a significant 29.93% 

improvement in epileptic EEG prediction rates through personalized channel 

selection, with enhancements in accuracy (10.58%), sensitivity (23.57%), and 

specificity (5.56%). In the SVM classification, utilizing selected channels results in 

higher average accuracy (74.60%), sensitivity (69.51%), and specificity (73.14%) 

compared to using all channels (67.46%, 56.25%, and 69.29%) for predicting 

seizures. However, despite these improvements, channel selection in EEG analysis 

for seizure prediction may face challenges such as variability in optimal channels 

due to the individual's changing state over time. Additionally, selected channels may 

be more susceptible to artifacts like muscle activity or electrical interference across 

different epilepsy stages. Therefore, the channel selection method may add 

complexities to the process of developing the seizure prediction models.  

To overcome these challenges associated with channel selection, the next 

study introduces a new signal transformation to replace entropy transformation and 

employs 1D-CNNs without the channel selection step, resulting in a more 

streamlined model. This study utilizes personalized classification processes tailored 

to individual patients due to the patient-dependent nature of epileptic seizure 

patterns. Experiments on the Bonn and CHB-MIT databases reveal that 

synchroextracting transformation (SET) outperforms short-time Fourier transform 

(STFT) in extracting more accurate information. Specifically, SET with 1D-CNN 

achieves nearly 100% accuracy, sensitivity, and specificity in predicting seizure 

status in both databases. 

The advantages of 1D-CNN are clear, with its computational speed being over 

1000 times faster and its accuracy more than 10% higher compared to multilayer 

perceptron (MLP). Although 2D or 3D-CNNs were not tested in this study, previous 

research suggests that 1D-CNNs would not only be faster, having 100 times fewer 

parameters, but also more accurate by 1-10% than 2D or 3D-CNNs. 

While CNNs are highly capable, they face significant challenges in certain 

areas. One major issue is their reliance on large amounts of labelled data; when 

such data is limited, training becomes difficult, and their ability to generalize to new, 
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unseen data is compromised. Additionally, the complex internal structure of CNNs 

creates substantial interpretability problems, which is particularly problematic in fields 

like brain disorder analysis, where understanding the decision-making process is 

crucial. Furthermore, the high memory requirements of CNNs, especially when 

processing multiple EEG channels, can hinder their use on devices with limited 

memory, such as edge or IoT devices.  

Chapter 5 focuses on overcoming the challenges of handling extensive EEG 

data from real-time measurements by investigating sparse representation (SR) and 

k-nearest neighbors (kNN). This method not only enhances the accuracy but also 

accelerates the analysis process. The efficiency stems from SR's capability to rapidly 

identify and utilize sparse data, minimizing the volume of data required for 

calculations. The study demonstrated the remarkable performance of traditional 

machine learning, particularly kNN classification using the SET-SR method. On the 

Bonn University database, this approach achieved perfect scores, including 100% 

average accuracy, specificity, sensitivity, balanced accuracy, and AUC. For the 

CHB-MIT databases, the results were similarly impressive, with averages of 99.48% 

accuracy, 98.75% specificity, 99.85% sensitivity, 99.30% balanced accuracy, and an 

AUC of 0.8529.  

Recent studies have highlighted the advantages of CNNs over traditional ML 

models in seizure prediction tasks, with CNNs often achieving superior performance. 

However, factors such as input data quality, model size and complexity, optimization 

algorithms used during training, and parameter settings can significantly impact a 

model's accuracy. Despite the success of CNNs, traditional ML algorithms like kNN 

can sometimes outperform CNNs in specific scenarios. These scenarios include 

situations with limited labelled data, high-dimensional data, simple or linear 

relationships, and the need for model interpretability. Additionally, traditional ML 

models may be more suitable when computational resources are limited, making it 

ideal for real-time applications. 

The choice between traditional ML and CNNs should be based on the specific 

characteristics of the data, the nature of the problem, and the available resources. 

Hybrid approaches that combine traditional ML algorithms with deep learning 

techniques can also be effective in certain situations. The kNN classification results 

in this study demonstrate the SET-SR method's ability to extract highly accurate 
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information from the data, showcasing its potential as a viable alternative or 

complement to CNNs in various contexts. 

 

6.2 Future work 

Future research should prioritize comparing seizure prediction models using 

data from real-time epileptic EEG measuring systems, as this represents the ultimate 

goal of seizure prediction research. These models must operate accurately in real-

world conditions, which involve continuous, dynamic data with numerous features. 

The channel selection method offers significant benefits by making the equipment 

more user-friendly for patients, and this research demonstrates higher accuracy 

compared to results without channel selection. However, the process of EEG 

channel selection requires extensive experimentation across various scenarios, such 

as when patients are sleeping, awake, or actively moving. Each of these states can 

significantly affect EEG readings, leading to variations in the effectiveness of seizure 

prediction models. For instance, the brain's electrical activity during sleep is 

markedly different from that during wakefulness or physical activity, which can 

impact prediction accuracy. Understanding how channel selection performs under 

these diverse conditions is crucial for developing robust and reliable models that can 

adapt to the dynamic nature of real-world applications. This knowledge will help 

optimize channel selection strategies, ensuring that the models remain effective 

regardless of the patient's state.  

In future research, real-time seizure prediction may require a hybrid approach 

that combines various feature extraction methods and effective machine learning 

techniques tailored to different situations and individuals. Traditional ML algorithms 

offer the advantages of interpretability and computational efficiency, while deep 

learning techniques excel in feature extraction and pattern recognition. By integrating 

these approaches, researchers can develop models that are both powerful and 

adaptable to diverse conditions and patient-specific needs. Leveraging the strengths 

of each methodology, hybrid models can achieve higher accuracy and maintain 

robustness across various conditions. For example, during real-time EEG 

monitoring, the brain's electrical patterns can change considerably depending on 

different physiological states. A hybrid model can adapt to these variations more 

effectively than a single-method approach. 
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Moreover, hybrid approaches can balance the need for interpretability, crucial 

in medical applications, with the computational efficiency required for real-time 

deployment. This balance is essential because medical professionals must 

understand and trust the model's predictions, particularly regarding critical decisions 

like seizure prediction. At the same time, the models must operate efficiently on 

devices with limited processing power, such as IoT devices. Therefore, hybrid 

models, which combine the strengths of different machine learning techniques, 

ensure that seizure prediction remains practical and reliable, even in environments 

with constrained computational resources. 
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APPENDIX  

 

Programming methods for each research paper are saved in the following 

addresses: 

 

Paper 1: https://github.com/nicki1228/paper1/tree/main 

Paper 2: https://github.com/nicki1228/Paper-2/tree/main 

Paper 3: https://github.com/nicki1228/Paper-3 

 




