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Abstract: Epileptic seizure detection is one of the critical challenges in biomedical signal processing, with inherent
non- linearity and noise in EEG recordings. While traditional machine learning and deep learning approaches have
achieved promising accuracy, generalizability, class imbalance, and interpretability remain concerning issues. The
objectives of this work are to develop an ensemble-based approach by combining RF with BTC to improve the
robustness and sensitivity of seizure detection. The pre-processing steps have been done using normalization and label
encoding on raw EEG data obtained from the UCI Epileptic Seizure Recognition dataset. The hybrid model combines
the merits of both RF, which reduces variance with the large randomness provided by the features, and BTC, with its
reduced overfitting via bootstrap aggregation. These experimental results demonstrate that the proposed hybrid method
performs superiorly when compared to individual ML models in several performance metrics: accuracy, precision,
recall, and F1-score. The proposed work is a computationally efficient, interpretable, and reliable seizure detection
framework for real-world and portable EEG monitoring systems.Keywords : Epileptic seizure detection, EEG signals,
hybrid machine learning, Random Forest, and Bagged Tree Classifier.

1 INTRODUCTION

Epilepsy is one of the most common neurological disorders in the world and affects millions of people at all ages. The
hallmark symptom, epileptic seizures, is caused by sudden abnormal discharges of electrical impulsesin the brain and
manifests as disruptions in motor activity, awareness, or behavior. Electroencephalography is usually considered the
diagnostic gold-standard method for the monitoring and analysis of the electrical activity of the brain because it is non-
invasive and resolves temporal changes very well. However, clinical visual inspection of the recorded EEG signals is
rather time-consuming, subjective, and easily misinterpreted, especially in long-term monitoring sessions.

Thus, automated seizure detection systems have become a need in modern healthcare, offering the possibility of
quicker diagnosis, continuous monitoring, and timely clinical intervention. Such systems can decrease the workload for
neurologists, allow for the earlier management of risks associated with seizures, and contribute to the development of
portable or wearable monitoring devices capable of supporting real-time analysis. With the volume of EEG data
continuing to grow, particular attention has been turned to machine learning-based approaches, given their ability to
identify patterns difficult for human analysis to detect consistently.

Although much progress has been made, the classification of seizures based on EEG signals still remains a challenging
task due to their non-stationary, noisy, and very complex nature. Patient-to-patient variability, class imbalance between
seizure and non-seizure classes, and the frequent presence of different as disruptions in motor activity, awareness, or
behavior.

Electroencephalography is usually considered the diagnostic gold-standard method for the monitoring and analysis of
the electrical activity of the brain because it is non-invasive and resolves temporal changes very well. However,
clinical visual inspection of the recorded EEG signals is rather time- consuming, subjective, and easily misinterpreted,
especially in long-term monitoring sessions.

Thus, automated seizure detection systems have become a need in modern healthcare, offering the possibility of
quicker diagnosis, continuous monitoring, and timely clinical intervention. Such systems can decrease the workload for
neurologists, allow for the earlier management of risks associated with seizures, and contribute to the development of
portable or wearable monitoring devices capable of supporting real-time analysis. With the volume of EEG data
continuing to grow, particular attention has been turned to machine learning-based approaches, given their ability to
identify patterns difficult for human analysis to detect consistently.

Although much progress has been made, the classification of seizures based on EEG signals still remains a challenging

task due to their non- stationary, noisy, and very complex nature. Patient- to-patient variability, class imbalance
between seizure and non-seizure classes, and the frequent presence of different kinds of artifacts like muscle movement
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or eye blinks pose critical challenges to the generalization ability of any conventional learning algorithm. In most cases,
either the model overfits on the training dataset or does not generalize well for varied EEG conditions. These issues
call for more robust and reliable computational methods that handle EEG complexity while offering clinically relevant
predictions.

Hybrid machine learning models can overcome these shortcomings by incorporating several classifiers. Ensemble
learning methods like Random Forest and Bagged Trees reduce problems of variance, overfitting, and instability even
in noisy biomedical data. Motivated by their relative strengths, this research proposes a hybrid model integrating the
complementary advantages of Random Forest-effective feature randomness and diversity of decision trees-and Bagged
Tree Classifier, which further robustifies any base model using bootstrap aggregating. In this way, a generalizable
detector with higher accuracy and sensitivity can be obtained.

The main contributions of this work are the hybrid ensemble-based methodology for epileptic seizure detection,
efficient preprocessing to enhance the EEG signal quality, and comparative evaluation that proved the superiority of a
hybrid model over individual classifiers. By focusing on clinically relevant metrics such as sensitivity, precision, recall,
and F1-score, this research delivers a system that is not only computationally efficient but also aligns with the practical
requirements of real-time seizure monitoring applications.

2, RELATED WORK

Epileptic seizure detection research has grown extensively, especially in the domain of classical machine learning
methods applied to EEG signals. Early works such as Andrzejak et al. [3] provided foundational understanding of
nonlinear EEG characteristics, forming the basis for automated detection studies. Traditional machine learning models
have explored wavelet features, entropy measures, and statistical descriptors to classify seizure episodes effectively.
For example, Kumar et al. [8] employed DWT- based fuzzy entropy with the SVM, obtaining impressive results on
benchmark datasets. Likewise, Mursalin et al. [10] enhanced feature selection combined with Random Forests to
improve the classification performance. Other studies, such as Chen et al. [4] using CEEMDAN-based decomposition
with ML classifiers, have demonstrated the importance of robust preprocessing. Reviews by Siddiqui et al.

[12] and Farooq et al. [5] further highlighted the strengths and weaknesses of machine- learning- based EEG
seizure detection, pointing out issues like class imbalance and feature engineering challenges.

Deep learning methods have significantly enhanced seizure detection performance through enabling automatic
feature extraction from raw or minimally processed EEG signals. Acharya et al. [2] presented a deep CNN model that
was able to detect seizure events with high accuracy, extending the application of convolutional architectures in
interpreting EEG. Further work extended the CNN- based techniques, including three-dimensional CNNs for multi-
channel EEG by Wei et al. [17] and neonatal EEG seizure detection by Gramacki and Gramacki [6], where both
demonstrated better modeling of spatial features. Hybrid time— frequency deep models, such as the STFT- LSTM
framework presented by Peng et al. [11], exhibited superior temporal awareness and robustness.

LSTM- based architectures were also considered within one-dimensional CNN-LSTM systems by Xu et al. [19],
reflecting deep learning’s suitability for sequential biomedical signals. Comprehensive reviews by Ibrahim and
Hussain [7] and Liu et al.[9] underlined the advantages of deep learning while also pointing out several challenges,
including higher computational cost and the requirement for large annotated datasets.Ensemble and hybrid models have
also emerged as powerful techniques to enhance seizure detection reliability, employing several classifiers. Sun et al.
[13] addressed data imbalance using EasyEnsemble learning and showed significant performance gains over stand-
alone models. Deep multi-view feature learning networks, such as Tian et al. [15], employed multiperspective
representations to enhance model generalization.

Hybrid GAN-based semisupervised learning by Truong et al. [16] enabled seizure prediction even with limited labeled
data, showcasing the adaptability of ensemble-inspired architectures. Other works, including Woodbright et al. [18],
combined deep feature extraction with ensemble classifiers for robust EEG classification. All these studies together
provide evidence that ensemble-based systems reduce the variance, increase stability, and offer complementary benefits
in decision-making compared to single models.

Despite this progress, some of the gaps still exist in seizure detection systems. Most of the works rely on curated lab
datasets such as Bonn or UCI, and thus there are significant hurdles in practical applicability due to variations in noise
levels, electrode positioning, and other patient variabilities. Performance variations across age groups are noted in
studies such as that by Abdelhameed and Bayoumi [1], indicating the need for population- specific modeling. Many
deep learning methods require large training datasets and high computation, hence constraining deployment in portable
or real-time EEG systems. Although ensemble and hybrid methods are found to be effective, they still suffer from
model interpretability and integration challenges with raw multi-channel EEG streams. Moreover, non-local feature
extraction models still remain computationally intensive, as reviewed by Zhang et al. [20]. These gaps thus constitute a
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strong motivation to develop efficient, interpretable, and hybrid machine learning models-as is proposed here-to
balance accuracy, robustness, and real-time capability.

3. DATASET AND PREPROCESSING

3.1 Dataset Description- UCI Epileptic Seizure Recognition Dataset

The UCI Epileptic Seizure Recognition Dataset used in this research is a processed and standardized version of the
original Bonn University EEG dataset. It consists of continuous EEG recordings segmented into 178 time- series data
points per instance, representing approximately one second of brain activity. The dataset contains a total of 11,500
samples categorized into five classes: Class 1 corresponds to seizure activity, while Classes 2 to 5 correspond to non-
seizure conditions, which comprise healthy brain activity, tumor-affected regions, and normal recordings either with
eyes open or closed. In binary seizure classification, Class 1 is labeled as seizure (1), while the remaining classes are
grouped into a single class, non- seizure (0). This dataset has been widely applied in seizure detection research because
of its well-balanced structure, its easy availability, and its suitability for machine learning experimentation.

3.2 EEG Data Characteristics

The nature of EEG signals is very complex, nonlinear, and non-stationary, which makes them difficult to analyze.Every
segment in this dataset represents a sequence of numeric amplitude values reflecting electrical activity at various time
periods. Such signals often contain artifacts that might be due to physiological noise-such as muscle activity, eye
blinks-or external interference, distorting the true underlying patterns of the brain. Moreover, seizure activities have
characteristic features like spiking amplitudes and rhythmic patterns, while non-seizure segments are mostly stable.
Because the dataset is structured as one-second windowed data, machine learning models can learn from these temporal
variations and thus distinguish between seizure and non-seizure patterns.

3.3 Label encoding and normalization

The dataset is preprocessed before training, with necessary steps to improve the consistency and quality of the input
values. Since the target labels are categorical values representing seizure and non-seizure states, label encoding is
done to transform them into machine-readable numeric values. The value of signals is normalized using the Min-Max
scaling technique, allowing the range of all features to fall in a common range from 0 to 1. This prevents large-
amplitude values from dominating the learning process and treats all features fairly in both Random Forest and Bagged
Tree models. Normalization improves the stability of training and accelerates convergence by reducing the numerical
variations across input features.

34 Train-Test Splitting Strategy

In order to fairly evaluate the performance of the proposed hybrid model, the dataset is split into training and testing
subsets. Taking an 80:20 split ratio, the data is preprocessed to retain 80% for training the classifiers, while the
remaining 20% of the data will be used to test their predictive capability on previously unseen samples. This way, the
model gets assessed on independent data, which reduces the chances of overfitting and provides a realistic estimate of
its generalization ability. The splitting is done in a randomized manner, with preservation of the overall class
distribution to avoid bias toward either seizure or non-seizure classes. This will ensure that the evaluation metrics
accurately reflect the robustness and reliability of the proposed hybrid model.

4. PROPOSED METHODOLOGY
4.1 Overview of Proposed Hybrid System

The proposed methodology introduces a hybrid ensemble-based classification system designed to enhance accuracy and
stability in epileptic seizure detection from EEG data. By combining the strengths of Random Forest and Bagged Tree
Classifier,the system overcomes the limitations of single-model classifiers that are characterized by high variance,
overfitting,

and reduced performance on noisy biomedical signals. The hybrid model leverages two robust decision-tree— based
ensemble algorithms, which collectively provide improved generalization, better handling of non-stationary EEG
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signals, and increased sensitivity of seizure event detection. This encourages the emergence of a more reliable
predictive framework for real-time clinical and wearable EEG applications.

4.2. Random Forest Classifier
421  Working Mechanism

Random Forest is an ensemble learning technique where multiple decision trees are generated during the training
process and the outcomes of each decision tree are combined to generate a final output. Each tree in this forest is
developed with a random subset of features and training samples, which provides diversity among the trees. In the case
of a prediction, each tree gives its classification output, and the final class depends on the majority voting. Such
randomness in feature selection and sampling decreases overfitting, enhances robustness, and enables the model to
catch the relationships within EEG data that are complex.

4.2.2  Justification for Use

Random Forest is particularly effective in EEG seizure detection because it can handle high- dimensional data and
irregular patterns. There are always noisy segments in EEG recordings, and frequency features may overlap. Therefore,
simple classification algorithms cannot be used. Random Forest diminishes such issues with feature randomness, which
reduces model variance and keeps the predictions stable. Meanwhile, it offers insight into feature importance for
identifying the most discriminative EEG characteristics of seizure activity. Its ease of implementation, scalability, and
strong performance as a baseline make it the perfect component for use in our hybrid system.

4. 3 Bagged Tree Classifier
43.1 Bootstrap Aggregation Process

The Bagged Tree Classifier works by a technique called bootstrap aggregation or “bagging.” Several decision trees are
independently trained on different bootstrap samples from the original dataset. A bootstrap sample is obtained by
uniformly sampling at random with replacement from the training set, so some examples may have been left out while
others appear multiple times. The outcome of the individual trees is combined by the Bagged Tree Classifier to reduce
variance and improve model stability by averaging in the case of regression or majority voting for
classification.Advantages in Noisy EEG Data

EEG signals are extremely susceptible to noise from physiological artifacts, environmental disturbances, and even the
movement of the patients. Bagged Trees partly compensate for this fact by making the model less sensitive to noisy or
anomalous datapoints. Each tree is trained on slightly different subsets of data, so the resulting classifier is more EEG
signals are extremely susceptible to noise from physiological artifacts, environmental disturbances, and even the
movement of the patients. Bagged Trees partly compensate for this fact by making the model less sensitive to noisy or
anomalous datapoints. Each tree is trained on slightly different subsets of data, so the resulting classifier is more robust
against the occurrence of outliers or mislabelled samples. Bagging also prevents overfitting to specific forms of noise
that may be present in the data, enabling it to generalize better on unseen segments of EEG.

5. HYBRID MODEL ARCHITECTURE

51 Model Integration Strategy

The hybrid system will integrate Random Forest with the Bagged Tree Classifier by combining their respective
prediction outputs to a unified decision framework. Both models have been trained with the same preprocessed EEG
dataset, hence the consistent input features. Instead of fully relying on any one classifier, the hybrid architecture takes
advantage of the external strengths of both algorithms: robustness to feature variability in the case of Random Forest
and avoidance of noise- induced overfitting by Bagged Trees. This integrated strategy thus enhances overall
performance and provides a more balanced approach toward seizure classification.

5.2 Voting / Aggregation Mechanism
The hybrid system creates the final prediction using a majority voting scheme. In such a mechanism, both classifiers
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provide their predicted class-seizure or non- seizure-for every EEG segment, and the final decision is determined based
on the most frequent prediction across the two models. Majority voting reduces the effect of misclassifications that
could emerge from one classifier and enhances the reliability of the hybrid model. This straightforward, simple, but
effective aggregation mechanism ensures collaborative decision-making in the system, which improves detection
accuracy.
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Figure 1. Hybrid Model Architecture

6. WORKFLOW OF THE PROPOSED SYSTEM

The preprocessing starts by importing the dataset, followed by necessary processing related to label encoding and
normalization of the data. EEG data,

after cleaning and scaling, are divided into training and testing sets using an 80:20 ratio. Independent training for both
models-the Random Forest and Bagged Tree Classifier- is done using the training set. Each model is then used to
predict class labels for the test data, which is combined to obtain the final classification through majority voting.
Further, the system validates the hybrid model developed on performance metrics such as accuracy, sensitivity,
precision, recall, and F1- score. This work pipeline ensures a systematic and reliable process in seizure detection,
optimizing both training efficiency and prediction quality.

Table I Experimental Setup Summary

Category Description

Hardware and Software | lutel Core 15/17 processor, 8-16 GB RAM, Windows

Requirements 10/11 (64-bit); Python 3.10 with Anaconda distribu-
tion.

Python Libraries Used NumPy, Pandas, Scikit-learn, Matplotlib, Seaborn,

Joblib, Warnings.
lmplementation Eanviron- | Jupyter Notebook / Google Colab for executing ML

ment workflow and testing.
Parameter Scettings Random Forest: 100 estimators (Gini eriterion);

Bagged ‘Iree Classifier: 100 trees with bootstrap
sampling; Train-test split:  80:20; Normalization:
Min-Max scaling.
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7. RESULTS AND DISCUSSION

The proposed hybrid seizure detection model is evaluated on various metrics in order to comprehensively assess its
classification effectiveness on EEG signals.

Table 2. Performance Comparison of Classifiers

Model Accuracy (%) Precision (%) Recall (%)  |F1-Score (%)
Random Forest 96.80 95.60 97.20 96.39
Bagged Tree Classifier 95.72 94.10 95.85 94.97
Hybrid RF + BTC (Proposed) 08.12 97.45 08.52 97.98
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Figure 2: Confusion Matrix for the Hybrid Model
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The very small number of false negatives
(7) indicates that the system can be considered highly reliable for identifying seizure events. The number of false
positives is manageable, 36, indicating that the system hardly ever sends unnecessary alerts.

A clear improvement is observed when comparing the hybrid system with individual models. Random Forest acts
strongly due to randomized feature selection and an ensemble structure, while Bagged Trees increase stability by
reducing variance through bootstrap aggregation. However, each model has its own limitations when used
independently. Combining the two classifiers allows the system to capture a wider range of EEG signal characteristics,
significantly improving all performance metrics. The majority voting mechanism of the hybrid model corrects
misclassifications made by either of the individual models.

The proposed hybrid model shows robustness against noise and variability presented in EEG signals. In general,
decision-tree-based models are sensitive to noisy data; however, ensemble methods would successfully cancel out such
effects by averaging the predictions over multiple trees. Thus, combining Random Forest and Bagged Trees leads to
the stability of a system and reduces the impact of random fluctuations in EEG patterns. Normalization and pre-
processing steps provide reliable performance, while the hybrid voting strategy prevents any single model from
dominating in the decision-making process.

The proposed hybrid model achieves competitive or higher performance compared to the state-of-the-art machine
learning and deep learning approaches reported in the literature. Most of the traditional classifiers like SVM, KNN, and
standalone decision trees report performances between 85— 95%, while more advanced CNN- LSTM architectures
report performances of about 97% accuracy. The proposal outperforms those results with an accuracy of 98.12%,
illustrating that a well- designed hybrid ensemble model can compete with complex deep learning systems while
maintaining lower computational requirements, hence making the proposed model suitable for real- time, portable,
clinically deployable seizure detection systems.

CONCLUSIONS AND FUTURE WORK

A hybrid machine learning model based on Random Forest and a Bagged Tree Classifier showed considerable
enhancement in detectingepileptic seizures using EEG signals. The findings of the study revealed that the proposed
hybrid model fairly outperformed stand-alone classifiers in terms of accuracy, precision, recall, and F1- score, reflecting
its capability to handle complexity and noise in EEG signals. The improved performance of the system validates that
the judicious integration of ensemble methods improves robustness and reliability, hence making it a promising
solution for clinical and real-time monitoring applications. The study also contributes a structured preprocessing
pipeline, a performance evaluation framework, and a hybrid methodology that offers a balanced and computationally
efficient alternative to deep learning models with higher complexities. Nevertheless, it is worth mentioning that the
study has some limitations: first, it is conducted on a preprocessed and structured dataset instead of raw multi-channel
clinical EEG recordings; second, the model has not been tested on real-time or patient-specific environments yet, which
may introduce additional challenges related to signal variability and noise. The following extensions could further
enhance the applicability and performance of this system: deep learning architectures like CNNs, LSTMs, or hybrid
CNN- LSTM models might be able to better extract relevant features from the raw EEG signals and hence enable end-
to-end learning. The model would also be clinically useful, ensuring continuous seizure prediction with timely
intervention if it were implemented in real-time environments such as wearable EEG devices or bedside monitoring
systems. Further, the use of multi- channel raw EEG data could capture richer spatial information and lead to better
detection performance in different brain regions. Explainable Al would not only help clinicians better understand what
features drive seizure predictions but also increase trust and facilitate a more transparent deployment of this system.
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