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Abstract &O
&

Epilepsy is a critical neurological disorder affecting millions worldwide, re ui@ curate and timely
detection to prevent life-threatening complications. Clinical devices achi$’(gh accuracy in seizure
detection, ensuring reliable medical monitoring. However, th gmmd for wearable devices
necessitates lightweight, low-power, real-time solutions. x'e EEG-based seizure detection
requires efficient signal encoding to optimize powef o@‘uption while maintaining classification
accuracy and computational efficiency. In thi d@e hypothesize that applying Linear Predictive
Coding over long EEG segments provides co%ﬂationally efficient approach suitable for wearable
applications. To evaluate this, EEG sigpalS'were analyzed using Linear Predictive Coding, Discrete
Wavelet Transform, and Po &I Density-based features, and classified using Multilayer
Perceptron, Random Fores upport Vector Machines. Among the tested combinations, the Linear
Predictive Coding a &dom Forest model achieved the best energy efficiency with an average
consumption of ojoules per percent and classification accuracy of 93.18%. One-way analysis
of varian@@ed no significant accuracy difference among feature extraction methods (p = 0.856)
but d a significant difference in energy efficiency (p = 1.93 x 1077%). These findings demonstrate

that Linear Predictive Coding is a promising technique for wearable seizure detection, offering a

balance between accuracy and energy efficiency for next-generation medical applications.
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1. Introduction

Epilepsy is a neurological disorder characterized by recurrent seizures caused by abnormal
electrical activity in the brain's neurons. Affecting more than 70 million people worldwide, this
condition significantly reduces individuals' quality of life. Due to the unpredictable nature of epilepsy,
patients experience considerable social, psychological, and physical challenges. Sudden seizures restrict

daily activities and may lead to hazardous situations. Therefore, accurate and timely di@b’of
epilepsy is crucial to minimizing its impact [1, 2, 3]. \

Traditionally, electroencephalography (EEG) recordings are used for t &(&s of epilepsy. In
clinical settings, EEG-based systems are commonly employed for detectmg epileptic seizures, and these
methods achieve high accuracy rates. However, due to the I| s of clinical environments,
continuous monitoring of patients is not feasible [4, 5]. At J@ t, wearable EEG devices offer a
promising alternative for epilepsy patients. These dev utomate seizure detection by collecting
EEG data while patients continue their daily iti owever for wearable devices to continuously
record data, they must have low power ¢ nsu%

ion, minimized computational load, and efficient

memory usage. Therefore, the alg% d for epileptic seizure detection must be energy-efficient

and computationally optimizede.

Various methods haveween employed in literature for automatic epileptic seizure detection.
Traditional sign Qsing techniques, such as Time-Frequency Analysis [6, 7, 8, 9], Discrete
Wavelet Trarisfogm (DWT) [10, 11, 12], and Principal Component Analysis (PCA) [13, 14, 15], are
wid used” Additionally, different machine learning and deep learning models, particularly
Autmers (AE) [16,17,18] and Convolutional Neural Networks (CNNs) [19, 20], have achieved
significant success in analyzing EEG signals. However, these models often require high computational
power and consume considerable energy, necessitating substantial optimization for real-time
implementation on portable devices. For instance, Sopic et al.'s e-Glass system achieved 93.8%

accuracy using the Physionet CHB-MIT dataset but had a limited battery life of only 2,71 days [21].



Yu et al. attempted to enhance epilepsy detection by integrating ECG and BVP with EEG, achieving

83.9% sensitivity [22]. However, their study did not incorporate any energy consumption optimizations.

Widely used seizure detection methods lack sufficient energy efficiency optimization. Traditional
methods such as Discrete Wavelet Transform (DWT) and Principal Component Analysis (PCA) may
lead to loss of information, while deep learning-based approaches require high energy consumption.
Huang and Sun proposed an Autoencoder (AE)-based feature extraction method for EEG @Is,
achieving an accuracy of 97% compared to PCA [23]. However, AE-based ap.t% s have

disadvantages in terms of computational cost and energy consumption. (b'

Linear Predictive Coding (LPC) is rarely studied for epilepsy%ction but offers high
computational efficiency, making it promising for portable deviceg.@f al. achieved 94% accuracy
using LPC-based EEG features [24], while Jeppesen et al. ( mbined LPC with HRV analysis

for seizure detection [25]. However, these studies used, @tasets, and LPC’s real-time applicability

to wearable devices remains underexplored. ? O

In this study, we hypothesize that applying Linear Predictive Coding (LPC) over an extended time
window of 2048 samples (~11.8 s s)¥nstead of short windows (10-25 ms) improves energy
efficiency. We anticipate that proach reduces computational complexity while maintaining high

classification accuracy, @ it highly suitable for wearable EEG devices.

Also, we t@% most energy-efficient approach for epileptic seizure detection by comparing
different feature extraction methods, including Linear Predictive Coding (LPC), Discrete Wavelet
Tra (DWT) and Power Spectral Density Features (PSDF) based approach. A review of the
literature reveals that most studies focus primarily on deep learning-based methods while failing to
adequately address energy efficiency for wearable devices. In this context, our study contributes
significantly to the development of energy-efficient and high-accuracy epileptic seizure detection

systems for wearable EEG devices.



In this context, we aim to investigate the energy efficiency and classification performance of various
feature extraction techniques for epileptic seizure detection, including Linear Predictive Coding (LPC),
Discrete Wavelet Transform (DWT), and Power Spectral Density-based Features (PSDF). The study
further evaluates the compatibility of these methods with common classifiers such as Multi-Layer

Perceptron (MLP), Random Forest (RF), and Support Vector Machines (SVM), emphasizing their

>

The proposed methodology is expected to contribute to the development of energy-effi€i high-

suitability for resource-constrained, wearable applications.

performance seizure detection algorithms for wearable EEG systems. By focusin @mputational
a&

efficiency, memory usage, and accuracy, this research aims to provide &d n for optimizing

d
2.1 EEG datasets o 0
Ny

The general information about the EE@ from the Epileptology Department of Bonn
ble

portable and real-time neurological monitoring technologies.

2. Materials and Methods

University used in the study is provided in 4a , While the statistical information is given in Table 2

[26]. @
2.1.1 Dataset splitting 6

<

In this study, E atasets provided by the Epileptology Department of the University of Bonn,
whose charact:i@ aré presented in Table 1, were used. The original datasets consist of five different
classes (A , D, E), each containing 100 EEG signals. These signals were recorded at a sampling

frquf 173.61 Hz, with each signal comprising 4096 samples. However, in our study, the signals

were split into two equal segments, resulting in 200 signals of 2048 samples each.

The primary motivation for this segmentation process is to expand the dataset and enhance the
model's generalization capability. Machine learning models require a sufficient amount of training data
to be effectively trained. Since the number of signals in the original dataset is limited to 100, splitting

them into two segments increases the dataset to 200 signals, allowing the model to learn from a larger



number of examples. This helps the model better capture different variations and improves its

generalization ability [27].

Since EEG signals contain time-varying frequency components, analyzing them within shorter
time windows can provide valuable insights. In signals with a length of 4096 samples, distinguishing
time-dependent frequency components can be challenging. However, by segmenting the signals into
2048-sample segments, temporal variations can be better captured. This, in turn, enables @re

accurate analysis of time-dependent features. ¢ O

>
[Table 1 here] (b..

Large datasets help prevent overfitting, enabling the model to ach%tter generalization. A
limited number of signals in the existing dataset may cause the m d&%monze specific examples
rather than learn general patterns. Segmenting the signals in 0 ata diversity, allowing the model
to learn a broader range of patterns and make more act a@edlctlons on new data. The analysis of
critical frequency components is essential in gn05|s Shorter signal segments facilitate the

.

examination of transient epileptic activities, e
progression. @ %
[Table 2 here] e

Additionally, shorter %@enhance computational efficiency for intensive signal processing

g a more precise assessment of seizure onset and

techniques such :z % tral analysis, wavelet transformation, and other time-frequency methods.

Performing a@

to work with’ large datasets. Fig. 1 shows the amplitude-sample value representation of the signal

on 2048 samples instead of 4096 reduces processing time, making it more practical

obtaifed by averaging the signals from sets A, B, C, D, and E.

Although the recording modalities of healthy and epileptic subjects differ (extracranial vs. intracranial),
this dataset has been widely used in the literature as a benchmark for seizure detection tasks. Therefore,
it provides a valuable standardized framework for evaluating classification and energy efficiency

performance across heterogeneous conditions.



[Figure 1 here]

2.2 Feature vector extraction techniques

In the presented study, various feature extraction methods such as LPC, DWT and PSDF were
employed. These techniques were selected with particular consideration given to computational time
and memory consumption. Each method is inherently capable of being optimized to achieve higher
accuracy. However, they were chosen based on configurations that meet the minimum compuépal

time and memory requirements. Detailed information regarding the employed techﬁi@nd the

extracted features is provided below. Q
2.2.1 Linear predictive coding (LPC) based features x&

([ J
LPC is a method based on predicting future samples of a si @ weighted sum of previous
samples. LPC is widely used, particularly in time series analysts,and speech processing applications

[28]. The residual error represents the difference betwé @redicted signal and the actual signal, and

it is referred to as the modeling error. The LP@:G?@W[S are defined by Eq. 1.
p

X(n)=>a,X(n-i)+e(n) (1)
i-1 ,@

Here; X(n): Existing signal ex ai: LPC coefficients, p: Degree of the model (In this study, it was

chosen as 10), e(n): Res@ror (modeling error), The Residual error average is calculated with Eq.

2.
OQQ
E, - 35@) @)

In our study, 10th-order LPC coefficients were calculated from 2048-sample EEG signals. The
feature vector consists of a total of 11 features, including the 10 LPC coefficients and the average of
the modeling error. Unlike conventional applications where LPC is applied to short segments (typically
10-25 ms), we apply LPC to an entire 2048-sample segment (~11.8 s). This allows for reduced

computational overhead and energy consumption while still capturing key signal characteristics.



2.2.2 Discrete wavelet transform (DWT) based features

DWT allows for time-frequency analysis by decomposing a signal into different frequency bands
[29]. In this study, the signal was decomposed into four levels using the Daubechies 4 (db4) wavelet.

The signal components separated in the DWT process are expressed by Eq. 3.
X(t)=A,+D,+D,+D,+D, (3)
Here; As: The approximate coefficient at level 4 and D, D3, D;, D1: The detail coefficieﬁ&c)

In our study, the D4, D3, D2, D1, and A4 coefficients were extracted using our statistical
features (mean, standard deviation, skewness, and kurtosis) were comN r each component,

resulting in a feature vector consisting of a total of 20 features. o (b

X

2.2.3 Power spectral density (PSD) based features 0

[
In our study, the Welch method is used to c M the Power Spectral Density (PSD) [30].
However, to minimize processing time, onl most discriminative spectral features have been

extracted. It is possible to add other featur@s, but it should be noted that this would increase memory

consumption and processing time m

In PSD based feature ( xtraction; D1: Total spectral power (the total power of all frequency
bands), D»: Spectral e & (measurement of the irregularity of frequency components), Ds: Spectral
bandwidth (distriuati f power density), Da: Spectral skewness (shows the change in trend, which
may help Q)eizure onset), Ds: Peak frequency (the frequency component with the highest power),
De: Wnd power (0.5-4 Hz), D7: Theta band power (4-8 Hz), Ds: Beta band power (13-30 Hz). The
specified features D1, D2, D3, Ds, Ds, Dg, D7 and Dg form the feature vector in the PSDF extraction

approach.
2.3 Classification methods and classification performance evaluation

In the classification stage, three different classifiers were utilized: RF, SVM and MLP. RF is a

tree-based learning method composed of multiple decision trees, which not only achieves high accuracy



but also effectively reduces the risk of overfitting [32]. This characteristic enhances the generalizability
and stability of the model, thereby improving energy efficiency in the classification process by avoiding
unnecessary computations and yielding faster and more efficient results. Additionally, RF has the
capability to effectively distinguish between classes, enabling accurate classification of complex signal

data while contributing to energy savings.

SVM is a classifier that aims to find the maximum margin between classes, often deliveri igh
accuracy rates. It is particularly effective in nonlinear classification problems, making it.v&gted for
the classification of high-dimensional and complex signal data [33]. From a @ efficiency
perspective, SVM’s ability to achieve high accuracy in nonlinear data ena@ ing correct results

with a smaller number of samples and shorter computation times. ThizEedu s computational power

([ J
requirements, thereby enhancing energy efficiency. 0

MLP is a neural network-based classifier that I.eve@&p learning methodologies to learn
complex relationships [34]. It has the potential to@%fe high accuracy when working with large
datasets and is particularly effective in tasks suctas gpileptic seizure detection. Although MLP typically
requires substantial computational po during the training process, energy efficiency can be

improved through optimized Eetvwrchltectures and low-resolution modeling techniques. This

allows for achieving high perf ce while consuming less energy.

These three cla rs*offer different classification strategies, contributing to the overall accuracy
and reliability f@n el while also providing significant benefits in terms of energy efficiency. The
appropria@igtion of classifiers helps avoid unnecessary computations, enables faster results, and
redu ergy consumption, making them highly beneficial for time-critical applications such as

epileptic seizure detection, where both accuracy and energy efficiency are crucial.

To evaluate the epileptic seizure detection performance of the model, we used two typical

classification indicators [35]. These indicators are accuracy and F1-score.



2.4 Energy efficiency

In our study, feature vectors were extracted using the LPC, DWT, and PSDF methods, and these
vectors were tested with 10-fold cross-validation using RF, SVM, and MLP classifiers. The processing
time consists of the total duration of the feature extraction and classification steps. Energy efficiency is
used to assess the balance between the accuracy of a method and its computation time [36]. Energy
efficiency determines the relationship between the energy consumed during processing ti d

accuracy according to the Eq. 4. ¢ O

>
= N'&

Here; E: Energy efficiency in Joules, P: Processor power in Watts, ol : T%calculation time in seconds,

o Accuracy rate in 0-1 or %. 00

In the presented study, the total time for featJr\ ction and classification processes was

E (4)

recorded to determine energy efficiency, the %@rate () of each method was established, and

energy consumption was calculated based @n a processor model operating at 1 GHz and consuming 1

mW of power. The energy eﬁiciewue obtained for all methods were compared to identify the

most efficient method. Since epeggy efficiency is defined as accuracy per unit energy, a lower value

means higher efficiency A@r energy efficiency value demonstrates that higher accuracy is achieved

with less energy con@tion. In other words, the smaller the energy efficiency of a method, the more
a

ing it is.

efficient and @@
3. %g)and Discussion

In this study, to evaluate energy efficiency in epileptic seizure detection, feature vectors were
separately extracted using LPC, DWT, and PSDF methods from the Bonn University EEG datasets.
These feature vectors were then used to train RF, SVM and MLP classifiers, and their performance was

assessed using 10-fold cross-validation. The total processing time consisted of three main stages:



Feature extraction, classifier training, and testing. The flow diagram of the proposed study is given in

Fig. 2.

The feature extraction stage involved processing EEG signals and converting them into the specific
vector formats defined by each method. In the classification computation phase, the Weka software was
used to train the classifiers, perform 10-fold cross-validation, and compute accuracy and Fl-score
metrics. All computations were carried out on a laptop computer equipped with an Intel i5-‘1$5U

processor (1.3 GHz, 10 cores) and 16 GB of RAM. ° O

D

Table 3 presents the accuracy (Acc) and F1-score (F1) values for RF, SVM, @?’ classifiers
trained with feature vectors derived from LPC, DWT and PSDF across 14 e&f classification tasks.

Fig. 3 illustrates the graphical representation of these values for both ]@ss classification tasks.

o

Overall, the RF classifier achieved the highest accuracy, &}score values across all feature
groups. Particularly when using PSDF, the RF model ol@e the highest success with an average
accuracy of 95.70%. The MLP model also pr du@kults close to RF and demonstrated strong
performance, especially with LPC and DWT features. SVM, on the other hand, exhibited lower
accuracy compared to the other two classiiers. In multi-class classification tasks (e.g., A-B-C-D-E, B-
C-D-E), SVM's accuracy dro eM 70%, whereas RF and MLP maintained relatively high
accuracy levels. In binary cation tasks (e.g., A-C, B-E, A-E), all classifiers achieved high
accuracy and Fl1-scores.WRarticularly, RF and MLP achieved over 99% accuracy in classifications
involving seizur@ ing classes such as A-E and B-E. While SVM also performed well in these

tasks, its aé) fell below 95% in some cases. This indicates that distinguishing seizure-containing

clasw healthy individuals or non-seizure patients is relatively easier.

[Figure 2 here]

However, classifier performance declined in multi-class classification tasks. In cases where all five
classes (A-B-C-D-E) were included, SVM vyielded the lowest accuracy (70.60%), whereas RF achieved
up to 89.40% accuracy with DWT and PSDF. MLP performed slightly lower than RF in multi-class

classifications but still produced successful results. This suggests that RF generalizes better in high-



dimensional and complex datasets. When evaluating feature sets, PSDF generally provided the highest
accuracy rates. When used with RF, accuracy rates remained above 95% even in multi-class
classification tasks. DWT features produced results similar to PSDF in some tasks but were generally
slightly lower with RF. LPC features, on the other hand, exhibited the lowest accuracy, particularly in

multi-class classification.

In conclusion, the highest success in epileptic seizure detection was achieved with the d
PSDF combination. However, MLP also performed comparably well in many cases. Tﬁeiav)model
was hindered by lower accuracy, especially in multi-class classification problemSNTHese findings

highlight that RF and PSDF methods form one of the best combinations fo@e etection.

[Table 3 here] °
N’

A one-way analysis of variance (ANOVA) was conduC 0 determine whether there were
significant differences in classification accuracy beth& three methods: LPC, DWT, and PSDF.
The results showed no statistically significant di r@among the methods, F(2.120)=0.155, p=0.856.
Since the p-value is much greater than the cﬁional threshold of 0.05, we fail to reject the null

hypothesis, indicating that the agc y%alues obtained from LPC, DWT, and PSDF do not

significantly differ from each 08’

[Figure 3 here] &@

Table 4 pre@ etotal processing time and energy efficiency values for RF, SVM, and MLP
classifiersc)@eature vectors extracted with LPC, DWT and PSDF across 14 different classification

task?d illustrates the graphical representation of the results for all 14 classification tasks.

Among the feature extraction methods, LPC demonstrated the lowest energy consumption across
all classification tasks. The average energy consumption when using LPC based features was 2.73 uJ/%
for RF, 2.63 wJ/% for SVM, and 2.78 pJ/% for MLP. This efficiency is attributed to the lower
computational complexity of LPC, as calculating linear predictive coefficients requires fewer

operations compared to other methods. DWT based features exhibited moderate energy consumption,



with average values of 5.39 /% for RF, 6.00 pJ/% for SVM, and 6.11 uJ/% for MLP. Since DWT
involves time-frequency transformations, it requires more computational resources than LPC, leading
to an increase in energy consumption. However, its energy consumption remains lower than that of
PSDF. PSDF resulted in the highest energy consumption among the three methods, with average values
of 12.45 pd/% for RF, 13.81 pJ/% for SVM, and 13.13 pJ/% for MLP. The high energy requirement of
PSDF is due to the additional spectral computations involved in power spectral density estimation, such
as Fourier transformations and statistical calculations. This increased computational loag mgkes PSDF

less suitable for low-power wearable and portable systems. Q

In terms of classifiers, RF exhibited the lowest energy consumption, v@/ age of 12.45 pJ/%
c

across all tasks. The tree-based structure of RF allows it to make quic isions in the feature space,
([ J

resulting in efficient computation. On the other hand, SVM had ighest energy consumption, with

an average of 13.81 puJ/%. This is particularly evident when @WT and PSDF. The MLP classifier

consumed less energy than SVM but more than RF, Wi% erage of 13.13 uJ/%.

[Table 4 here] %
Although the SVM classifier @m shortest computation time among the tested classifiers,

its overall energy efficiency rﬁed ower due to its relatively poor classification accuracy. Energy
efficiency is determined @ y by computational cost but also by the effectiveness of the
classification proces &SVM achieved lower accuracy compared to RF and MLP, the energy spent
per correctly ¢ @d stance was higher, reducing its overall efficiency. This can be attributed to
SVM’s s@ y to feature selection and hyperparameter tuning, which may have led to suboptimal
deci undaries in this study. Additionally, while SVM benefits from a fast training and inference
process, its performance tends to decline in complex, high-dimensional classification tasks, particularly
when dealing with EEG signals that exhibit non-stationary characteristics. In contrast, RF and MLP,
despite requiring slightly longer computation times, achieved higher accuracy, thereby utilizing their

energy consumption more effectively. As a result, SVM's lower computational demand did not translate



into higher energy efficiency, highlighting the importance of balancing computational cost with

classification performance in energy-constrained applications.

The nature of the classification tasks also influences energy consumption. Binary classification
tasks (such as A-C, A-E, B-D) required lower energy consumption than multi-class classification tasks.
This is because binary classifications involve simpler decision boundaries, reducing computational
complexity. In contrast, multi-class classification tasks (such as A-B-C-D-E, B-C-D-E) signi ly
increased energy consumption, especially when PSDF was used. Multi-class probleﬁx@re the

classifier to process more complex decision boundaries, increasing the compu;zl@ burden and

consequently raising energy consumption. x"
[Figure 4 here] o&

When considering feature extraction methods, DWT F significantly increase energy
consumption, particularly in multi-class classificatiof &@PSDF, in particular, requires extensive
spectral computations, making it the most po in@ve feature extraction method. Therefore, LPC
or DWT should be preferred in wearable de i\ce%ere energy efficiency is a priority. In summary, the
combination of LPC features with,th ssifier provides the highest energy efficiency. For low-
power applications, LPC basedMeatures, and RF should be the preferred choice. If PSDF is used to
improve classification ac@ , the additional energy cost must be considered, and hardware

optimizations shoul implemented to mitigate its impact.

The stati c@mlysis conducted using a one-way ANOVA test reveals a significant difference in

ene ef@ncy among the three methods: LPC, DWT, and PSDF. The results show an F-statistic of
947.% and a p-value of 1.93 x 1077, indicating that the observed differences are highly statistically
significant (p <0.05). Given the extremely low p-value, we reject the null hypothesis and conclude that

energy efficiency varies significantly among the three methods.

When evaluating the feature extraction methods LPC, DWT, and PSDF in terms of memory
consumption, significant differences arise due to the number of extracted features and computational

complexity. Assuming each feature is stored in 64-bit (8-byte) double precision floating-point format,



the total memory requirement varies across methods. The LPC method, which includes 11 features,
consumes a total of 88 bytes of memory. This is due to the ability of LPC coefficients to summarize the
spectral characteristics of the signal with a small number of parameters. In contrast, the DWT method,
which includes 20 features obtained through multi-resolution wavelet decomposition, requires 160
bytes of memory. While DWT provides a richer feature set by capturing both time and frequency
domain information, this results in higher memory usage. The PSDF method, on the other_hand,
contains 8 features and has the lowest memory consumption at 64 bytes. However, despite ifs (&c:ry
efficiency, PSDF is computationally expensive, making it less suitable for low-latenc %E)Ie device
applications. In conclusion, LPC is the most memory-efficient method, D uires the most
memory, and PSDF has the lowest memory consumption but demands t ighest computational
resources. Therefore, when selecting a feature extraction method 8 v\@ole systems, a balance must

be struck between memory, computational efficiency, and cla@fon performance.

The EEG dataset from the University of Bon;N@in our study, is a highly suitable and
comprehensive dataset for epileptic seizure detec gwe of its greatest advantages is that it is divided
into five distinct classes: A, B, C, D, and E{These classes cover a wide spectrum ranging from healthy
individuals to epilepsy patients and% ﬁcordings taken during seizures. Alternative datasets often

contain fewer classes or have I@sampling frequencies. Therefore, the use of the University of Bonn

EEG dataset provides a sighifigant advantage for seizure detection and comparative analyses.

Among aIter@QEG datasets, notable examples include the CHB-MIT EEG dataset, the TUH
EEG dataset,\and the Epilepsy Ecosystem dataset [37, 38]. The CHB-MIT EEG dataset focuses on
pediatki epsy patients and provides long-term EEG recordings, making it valuable for real-time
analyses. However, due to its high sampling frequency and large data size, processing requires greater
computational power, leading to increased energy consumption. The TUH EEG dataset encompasses a
broad patient population and includes EEG recordings obtained from various electrode systems. While
this diversity is beneficial for model generalization, the heterogeneity of the dataset can complicate the
analysis process. The Epilepsy Ecosystem dataset, on the other hand, consists of EEG recordings

collected from portable EEG devices, making it advantageous for real-time applications. However, its



lower sampling frequency and limited patient population may hinder the model's generalizability on a

larger scale.

The superiority of the University of Bonn EEG dataset over these alternatives lies in its clean and
well-structured nature. Working with single-channel averaged EEG signals eliminates variations arising
from different electrode systems, making model training more consistent. Additionally, since the
recordings were obtained in a controlled laboratory environment, the noise levels are low, sim ing
the signal processing pipeline. On the other hand, a limitation of the Bonn dataset is tﬁx@es not
contain long-term EEG recordings like other datasets and represents only a specifi group. This

may make it challenging to generalize models for real-time applications o%@ tient populations.

Several factors directly influence the impact of dataset selectien oﬁbargy efficiency calculations.
One key factor is the sampling frequency, which determines the e efficiency of a dataset. Higher
sampling frequencies generate more data points, incrgasir@%sing time and consequently energy
consumption. However, the University of Bonn El@i set has an optimal sampling frequency of
173.61 Hz, which does not impose an excessi utational burden in terms of energy consumption.
If an alternative dataset with a higher sa g frequency, such as CHB-MIT (256 Hz. or higher), were
used, the increased data volu em lead to a significant rise in processing time and energy
consumption. Conversely, if ét with a lower sampling frequency, such as the Epilepsy Ecosystem
dataset, were chosen, e&onsumption might decrease, but accuracy could be compromised. The
broad scope of t@ EEG dataset allows for the development of a more diverse model; however,

its large data @could extend processing time and reduce energy efficiency.

7the Bonn University EEG dataset offers a balanced trade-off between energy efficiency and
accuracy. While datasets containing long-term EEG recordings provide more information for epilepsy
detection, they require higher computational power due to their large data volume. In this context, the
Bonn EEG dataset has been one of the most suitable choices for our study, thanks to its optimal

sampling frequency, low noise level, and balanced class structure.



The applicability of the methods examined in our study to wearable EEG devices and their impact
on power consumption is a critical consideration. In a wearable EEG device, signals from EEG
electrodes would need to be transmitted via Bluetooth to a portable device, such as a smartwatch, for
analysis. In this context, the computational power and memory requirements of the employed methods
directly affect battery life. LPC stands out as the most suitable method due to its low computational
cost and energy efficiency, making it the most efficient option for real-time processing in wearable EEG
devices. While DWT offers advantages in terms of accuracy, its high computation timg a @ory

requirements may increase power consumption. PSDF, due to its high computatio@ands, can
rapidly drain the device's battery. {b’

Although the selected methods have been generally successful, alt atﬁrapproaches can also be
([ J

considered. Techniques such as Wavelet Packet Decomposition ( n enhance the decomposition
of EEG signals into different frequency components, poten@improving classification accuracy.
Empirical Mode Decomposition (EMD), due to its a?i& nature, may better capture the dynamic
characteristics of EEG signals. Deep learning- models, particularly Convolutional Neural
Networks (CNN) and Long Short-Term AMemory Networks (LSTM), can be effective for direct
processing and classification of %. However, these methods are characterized by high
computational costs and Iow@gy efficiency. Additionally, methods such as Autoencoder and
Principal Component AKI, 1ISAPCA) can also be explored. While Autoencoder is effective for feature
extraction, it requir nificant computational resources and memory, especially when using deep
models, Ieadic)@nc eased processing time and energy consumption. PCA, as a dimensionality
reduction@nique, can reduce memory usage, but its performance is highly dependent on the dataset
sizeWe number of components retained, which may make it inefficient for large EEG datasets.
Therefore, while the methods selected in this study provide the best balance between accuracy and
energy efficiency, future research may explore alternative models, such as Autoencoder and PCA, to

enhance classification performance, keeping in mind the trade-offs in computational and memory

requirements.



In this study, feature vectors extracted using LPC, DWT, and PSDF are utilized with features that
can be considered standard. For LPC, 10th-order LPC coefficients and residual error are used, while for
DWT, the detail coefficients D4, D3, D2, D1, along with the A4 coefficient, and statistical features (mean,
standard deviation, skewness, and kurtosis) are employed. For PSDF, the analysis performed using the
Welch method resulted in the extraction of the following features: Total Spectral Power, Spectral
Entropy, Spectral Bandwidth, Spectral Skewness, Peak Frequency, Delta band power (0.5-4 Hz), Theta
band power (4-8 Hz), and Beta band power (13-30 Hz). Higher-order LPC coefficientsresidu @or,
and statistical features could have been included as additional features for LPC. Fc@ different
statistical features and detail coefficients could have been used, and wavelet ositions with a
higher number of decomposition levels could have been considered. For PSD igh-resolution power
spectrum analysis method could have been applied, incorporaﬂ&%tional spectral features in
frequency or time domains, such as Euclidean distance, ttan distance, Kullback-Leibler
Divergence, Bhattacharyya Distance, and Zero Crossin@t . All these additions would enhance

accuracy improvement is unlikely to have a

classification accuracy. However, each additio W@crease the computation time, and thus the
p;;; ve impact on energy efficiency, and it is highly

probable that it would have a negative e instead.

Additionally, the impact @ new feature vectors on memory consumption is unavoidable. In
this context, it is essenti%@wsider which types of classification tasks would be critical for wearable
devices. If the clas "on focuses solely on binary tasks, such as the detection of epileptic seizure
events, there @I@m need for multi-class classification. In such cases, the methods proposed in this

study, wi@b high accuracy values already achieved, would provide sufficient accuracy for wearable

devi%s. )

LPC is typically an effective method for modeling signals over short time intervals, such as 25-30
ms [39, 40, 41, 42]. These short durations are particularly suitable for signals with transient
characteristics, such as speech signals. However, in our study, LPC was applied to a considerably long
EEG signal of 11.8 seconds. This approach introduces both advantages and disadvantages. Applying

LPC to a long-duration signal helps capture the overall structure of the signal and identify broad



patterns. In dynamic signals like EEG, capturing long-term characteristics can be beneficial. Instead of
segmenting the signal into short windows and computing LPC for each, processing a single long
segment reduces computation time and memory usage. EEG signals predominantly contain low-
frequency components and may exhibit high variability in short-term analyses. Long-term analysis can

mitigate this variability, leading to a more stable model. The results obtained from our study support

>

However, the limitations of LPC must also be considered. EEG signals exhibit tempc.)[* fability,

these observations.

and applying LPC over a long-duration signal may fail to accurately represent thes ral changes,

potentially missing dynamic variations within specific time intervalsg& be a drawback,

particularly for EEG signals with sudden changes, such as seizure onsgf, Short-term analyses provide
([ J

higher temporal resolution, whereas generating a single LPC mo@ long signal may lead to loss

of detail. This drawback could adversely affect applications v@'{ng high temporal precision, such as

[
epileptic seizure detection.

Performing LPC analysis over shorter ti@vals (e.g., 256 or 512 samples) would increase the

number of processing windows by 8 times, respectively, significantly extending the overall

computation time. This approa:h MeqU|re generating a separate model for each segment, leading

to a substantial increase in co ational load and energy consumption. Additionally, since feature
vectors must be compu&@eaoh window separately, memory usage would also rise considerably.
Therefore, in appli s requiring low power consumption, such as portable and wearable EEG
systems, the r@)utational efficiency and energy savings provided by long-duration LPC analysis offer
a siw advantage. Our study suggests that this approach can provide a practical and sustainable

solutipn for applications such as epileptic seizure detection.

On the other hand, studies on epileptic seizure detection for clinical systems have reported near
100% accuracy rates for different classification tasks, using various feature extraction and classification
techniques [43, 44, 45, 46, 47, 48]. However, these studies have generally focused solely on accuracy

performance, without considering factors such as processing time, computational cost, and energy



efficiency. Aghazadeh et al. (2020) conducted a study that is one of the rare works in the literature
focusing on energy efficiency [49]. In this study, compressive sensing (CS) and Lomb-Scargle
periodogram were used for feature extraction, and an energy-efficient United Dual Linear SVM
(UDLSVM) classifier was proposed. The performance and energy consumption trade-off were
evaluated for different compression ratios (1-64x) across 24 patients, and hardware optimization was

performed. However, with accuracy values of 96-93% and energy efficiency of 18.4uJ, i? falls

significantly behind the LPC method. ° O
Our experimental results confirm the hypothesis that applying LPC to an ext me window

significantly improves energy efficiency. LPC demonstrated the lowest eng&] mption across all

classification tasks, averaging 2.73 /% for RF, 2.63 pJ/% for SVM,and 278 uJ/% for MLP. This
([ J

efficiency is attributed to the reduced number of computations&@::ompared to short-segment

processing. These finding highlights that applying LPC t@—duration EEG signals effectively

[
balance energy efficiency and classification performa% aking it an optimal choice for wearable

seizure detection applications. %O
4. Conclusions A

In this study, three diﬁere@ture extraction methods, LPC, DWT and PSDF were compared in
terms of energy efficier%@'nory consumption and processing time for epileptic seizure detection.
The Bonn Universit dataset, with its inclusion of different patient groups and provision of cleaned
signals, offer @ag s; however, the lack of long-duration EEG recordings presents limitations. The

feature extragtion, data preprocessing, and classification processes were evaluated separately, and

prom@ time measurements were taken.

The results strongly support our hypothesis that applying LPC to long EEG segments increases
energy efficiency while maintaining classification accuracy. Due to its low computational cost, LPC
stands out as the most suitable method for portable EEG devices and low-power systems. While DWT

produces successful results in terms of accuracy, it is less energy-efficient than LPC due to its high



processing time and memory consumption. PSDF, on the other hand, is limited for portable systems

due to its high processing time.

This study’s contribution to the literature lies in its focus not only on accuracy rates but also on
processing time, memory consumption, and energy efficiency in epileptic seizure detection.
Considering the battery life and processing capacity of wearable EEG devices, algorithms with low

energy consumption are critical. In this context, LPC emerges as the most suitable meth;o,(blle
methods requiring high computational power, such as DWT and PSDF, need to be iN

d with

cloud-based systems or optimized using hardware acceleration techniques. (b'

Moreover, our findings confirm our hypothesis and demonstrate%’ LPC is a promising
. . . . [ .
alternative for low-power, real-time epilepsy detection. Future re@ could focus on developing
hybrid feature extraction methods and deep learning-based m at further reduce processing time.
For instance, combining LPC with Iow—computatiﬁ&@ods like PCA could optimize energy
t

consumption while increasing accuracy. The segi@

using Al-based optimization techniques could

e most distinctive features from EEG signals

epilepsy detection in portable EEG devices more

efficient. @

In conclusion, this study@ibutes to identifying the most energy-efficient feature extraction
method for epileptic sei% ection. LPC is determined to be the most efficient method, while DWT
is considered a p alternative. Future research should focus on methods that further optimize

processing tir@n develop low-energy, real-time EEG analysis systems.

O
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Figure 1. The average amplitude-sample value representation of EEG signals [27].
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Figure 2. Flow diagram of proposed work.
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Figure 3. Accuracy (Acc) graph for the feature vectors created using LPC, DWT and PSDF evaluated
with RF, SVM, and MLP classifiers, for 14 different tasks. Task numbers correspond to the classification
cases listed in Table 3.
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Figure 4. Energy efficiency graph for the feature vectors created using LPC, DWT and PSDF evaluated
with RF, SVM, and MLP classifiers, for 14 different tasks. Task numbers correspond to the classification
cases listed in Table 4
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Table 1. General descriptions of the Bonn University EEG dataset

Feature Value
Source University of Bonn, Department of Epileptology
Sampling Frequency/Band 173.61 Hz / 0.53-40Hz
Samples/Segments 4097 samples per segment / 100 segments per set (b
Duration 23.6 seconds per set
Total Channels 128 — Reduced to a single channel ¢ O
Recording System 12-bit, recorded using the International 10-20 sys. x
Acrtifact Removal Cleaned from eye and muscle movement artifacts
Set A (Healthy-Eyes Open) 5 healthy volunteers, recorded from the scalp (b
Set B (Healthy-Eyes Closed) 5 healthy volunteers, recorded from the scalp
Set C (Seizure-Free) 5 epileptic patients, recorded from insid s@
Set D (Seizure-Free) 5 epileptic patients, recorded from inside the'skuill
Set E (During Seizure) 5 epileptic patients, recorded from in?ﬁhe Skull
[



Table 2. Statistical values of Bonn University EEG dataset (presented as mean and standard deviation)

Feature Set A SetB SetC SetD Set E
Mean Amplitude (V)  -6.26 +24.78 -1251+30.6 -8.88+24.07 -6.20+2368 -4.74+27.18
Median Amplitude -6.27 2474 -13.03+30.7 -8.41+2417 -875+30.30 6.54+83.18
Min/Max Amplitude ~ -9.3+4290 -6.0+66.00 -151+78.97 105+21459 -247+462.1
Skewness -0.02+0.16  0.06+015 -015+0.31  0.07+0.76  -0.06 +0.77
Kurtosis 321+034  320+034 356077  425+265  3.38+122
Zero Crossing Rate 2285+8536 244.2+77.00 138.3+4579 130.0+47.23 167.0+48.72
Mean Power (dB/Hz) -1.24+279  -028+347  -346+421  -327+419  9.35+5.80
Spectral Entropy 352+0.73  342+064  3.05+046  3.06+0.42 3.45 + 0.47
Delta Band Power (%)  29.06+12.33 1534+950 51.18+15.87 47.59+18.23 23.70 +20.92
Theta Band Power (%)  13.68+6.26  10.02+4.73  1658+7.74 19.42+10.29 39.60 i%a
Alpha Band Power (%) 17.22+7.63 37.10+20.84  5.66 % 3.65 8.05 + 6.67 .16.5@ 05
Beta Band Power (%) 1417+7.74 1630+11.79 336%3.03  3.17+2.16 4.81
Gamma Band Pow (%)  0.71+0.75  0.44+040  020+021  0.15%0.13 %i 0.43
Wavelet Entropy 582+003  583+0.03  565+0.08  559+0.16 sz +0.11
Spectral Roll-off (Hz)  12.87+4.98 13.05+3.31  5.95+242 6.33£2 12.32 +3.41




Table 3. Accuracy (Acc) and F1-score (F1) values for RF, SVM, and MLP classifiers trained with
feature vectors extracted using LPC, DWT and PSDF across 14 different tasks.

Classification # Classif. LPC DWT PSDF

&Task Method Acc (%) F1 Acc (%) F1 Acc (%) F1
RF 90.83 0.908 92.66 0.927 93.83 0.939
1.A-B-C SVM 88.50 0.886 86.33 0.864 87.50 0.875
MLP 95.00 0.950 92.67 0.927 93.00 0.930
RF 82.80 0.826 89.40 0.894 86.10 0.860
2.A-B-C-D-E SVM 70.60 0.707 58.20 0.568 64.30 0.619
MLP 81.80 0.818 78.70 0.787 76.20 0.760

RF 93.00 0.930 93.87 0.939 94.50 0

3.A-B-C-E SVM 86.50 0.866 67.25 0.668 77.62 :
MLP 95.50 0.955 86.87 0.870 90.87 @ 0010
RF 92.00 0.920 93.83 0.938 94.16 942
4.A-B-E SVM 92.50 0.925 79.00 0.783 80.% 0.808
MLP 95.66 0.957 88.66 0.887 0.889
RF 97.00 0.970 98.00 0.980 % 0.985
5.A-C SVM 92.50 0.925 94.00 0.94 00 0.960
MLP 99.25 0.992 99.00 0.990 99.00 0.990
RF 96.50 0.965 97.50 0.975 98.75 0.987
6.A-D SVM 88.50 0.885 92.75 92.25 0.922
MLP 100.0 1.000 98.50 98.50 0.985
RF 99.25 0.992 99.75 997 100.0 1.000
7.A-E SVM 99.25 0.992 98.5»0 0.985 95.25 0.952
MLP 99.75 0997 9@ 0.992 98.75 0.987
RF 98.00 0980 A9 0.972 98.50 0.985
8.B-C SVM 98.25 0.982 .00 0.970 97.00 0.970
MLP 99.50 0.995 96.25 0.962 98.75 0.987
RF 83.75 ot 90.87 0.909 97.62 0.875
9.B-C-D-E SVM 74.75 0.7 66.75 0.643 71.75 0.689
MLP 81.75 \0.816 78.62 0.786 79.12 0.785
RF 97.25 ﬁ.wz 98.75 0.987 99.25 0.992
10.B-D SVM 95.&0 950 97.00 0.970 97.75 0.977
MLP 9.50 0.995 98.00 0.980 99.00 0.990
RF 0.995 98.75 0.987 99.25 0.992
11.B-E SVM /00 0.990 97.00 0.970 96.75 0.967
M 99.50 0.995 98.75 0.987 98.25 0.983
80.50 0.804 90.16 0.902 83.33 0.837
12.C-D-E 71.00 0.705 68.83 0.648 66.83 0.630
Vod 76.67 0.765 76.66 0.767 73.33 0.731
R 98.75 0.987 98.75 0.987 98.25 0.982
13.C-E O SVM 98.75 0.987 97.00 0.970 96.25 0.962
) MLP 98.50 0.985 99.00 0.990 99.75 0.997
RF 95.50 0.955 99.00 0.990 97.75 0.977
%m& SVM 93.50 0.935 95.50 0.955 94.50 0.945
MLP 95.50 0.955 97.25 0.972 96.50 0.965
RF 93.18 0.931 95.61 0.956 95.70 0.949
Average SVM 89.18 0.891 85.36 0.847 86.75 0.860
MLP 94.13 0.941 92.01 0.920 92.13 0.920




Table 4. Total processing time and energy efficiency values for the feature vectors created using LPC,
DWT and PSDF, evaluated with RF, SVM, and MLP, for 14 different tasks.

LPC DWT PSDF

Classification  Classifi.  Total time Energy Total time Energy Total time Energy
# &Task Method (ms) eff. (/%) (ms) eff. (/%) (ms) eff. (LJ/%)
RF 2.50 2.7523 5.21 5.6227 11.91 12.6931

1.A-B-C SVM 2.32 2.6214 497 5.7569 11.74 13.4171
MLP 2.62 2.7578 5.59 6.0321 11.95 12.8494

RF 2.65 3.2004 5.39 6.0290 12.08 14.0302

2.A-B-C-D-E SVM 2.36 3.3427 5.01 8.6082 11.78 18.3203
MLP 2.91 3.5574 6.20 7.8780 12.18 15,9842

RF 2.56 2.7526 5.25 5.5928 11.96 :

3.A-B-C-E SVM 2.34 2.7052 4.99 7.4200 11.76 o @507
MLP 2.70 2.8272 5.87 6.7572 12.09 .3047

RF 2.48 2.6956 5.16 5.4993 11. 12.6168

4.A-B-E SVM 2.32 2.5081 4.98 6.3037 14.5366
MLP 2.65 2.7702 5.59 6.3049 13.5089

RF 3.22 3.3195 5.07 12.0000

5.A-C SVM 2.32 2.5081 4.95 12.2187
MLP 2.50 2.5188 5.39 12.0000

RF 2.42 2.5077 5.08 11.9696

6.A-D SVM 2.30 2.5988 4.95 12.7154
MLP 2.52 2.5200 5.38 4619 11.91 12.0913

RF 2.38 2.3979 5.04& 5.0526 11.79 11.7900

7.A-E SVM 2.30 2.3173 . 4 5.0355 11.73 12.3149
MLP 2.48 2.4862 . 5.4206 11.89 12.0405

RF 2.40 2.4489 &7 5.2133 11.81 11.9898

8.B-C SVM 2.30 2.3&04.97 5.1237 11.73 12.0927
MLP 2.49 2.5 5.38 5.5896 11.91 12.0607

RF 2.65 3.1641/ 5.32 5.8545 12.10 12.3950

9.B-C-D-E SVM 2.33 i 31170 4.99 7.4756 11.76 16.3902
MLP 2.76 3761 5.88 7.4790 12.08 15.2679

RF 2.4m 24678 5.07 5.1341 11.81 11.8992

10.B-D SVM 30 2.4210 4.95 5.1030 11.73 12.0000
MLP é 2.5226 5.39 5.5000 11.91 12.0303

RF 2.4020 5.07 5.1341 11.80 11.8891

11.B-E SVM @2.32 2.3434 4.96 5.1134 11.74 12.1343
M 2.51 2.5226 5.37 5.4379 11.95 12.1628

2.59 3.2173 5.19 5.7564 11.98 14.3765

12.C-D-E 2.34 3.2957 4.97 7.2206 11.74 17.5669
/e P 2.61 3.4041 5.59 7.2919 11.97 16.3234

U RF 2.39 2.4202 5.04 5.1037 11.80 12.0101
13.0-6 SVM 2.29 2.3189 4.95 5.1030 11.73 12.1870
MLP 2,51 2.5482 5.36 5.4141 11.88 11.9097

RF 241 2.5235 5.05 5.1010 11.81 12.0818

14.D-E SVM 2.30 2.4598 4.95 5.1832 11.72 12.4021
MLP 2.48 2.5968 5.40 5.5526 11.89 12.3212

RF 2.53 2.7335 5.14 5.3912 11.88 12.4569

Average SVM 2.31 2.6355 4.96 6.0035 11.74 13.8176

MLP 2.58 2.7793 5.55 6.1117 11.96 13.1325




