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ABSTRACT

As more people are suffering from epilepsy and seizures by the year, ways to cure or detect these sudden seizure
attacks are becoming a vital issue. Current methods of medical treatment or seizure detection devices are not practical,
though: the current epilepsy treatment is very costly and the most direct way of detecting seizures, electroencephalog-
raphy—the method of detecting electrical signals from the brain—is also expensive and inconvenient. Thus, I propose
to use an alternate method, utilizing a seizure-detection algorithm that utilizes electrocardiography—which detects the
electrical signals from the heart—trained by EEG seizure-detection algorithm as EEG is relatively much simpler to
detect patterns before sudden seizures from occurring. I trained the algorithms by utilizing previously discovered
seizure-detecting convolutional neural networks and by testing three different loss functions to discover the best per-
forming method. In the final analysis, the DenseNet-169 algorithm performed the best with 90.53% accuracy utilizing
the inter squared and intra squared loss functions together.

Introduction

Seizures, abrupt and often unpredictable disruptions in brian activity, pose a significant challenge in both diagnosis
and treatment, affecting millions globally. According to the World Health Organization (WHO), around 50 million
people suffer from epilepsy, each experiencing minor to major inconveniences in life such as driving and social re-
strictions, health and financial struggles faced from medication, and serious injuries that may lead to death due to
sudden seizure attacks (WHO 2024). While prescription exists for the patients with epilepsy, more than half of people
who take the medication still experience at least one seizure per year, on top of it being costly and reactogenic (CDC
2024).

Currently, there are efforts to develop seizure detection devices, yet they are still very inaccurate or incon-
venient, in necessity for further advancements. Fortunately, there exist two signals from the body that allow people to
predict a seizure attack: electroencephalography (EEG) and electrocardiography (ECG). EEG is a reliable method that
is directly related to seizures as it reads electrical signals from brain activities; precursors of seizure appear explicitly
and are simple to detect, though it is excessively expensive and complicated to detect. On the other hand, it is more
difficult to notice symptoms of seizure on ECG signals, yet it is portable and practical due to its affordability.

EEG signals are strongly correlated with seizures and contain rich features associated with them. For this
reason, numerous studies have focused on analyzing EEG signals for seizure detection. In contrast, the use of ECG
for this purpose is less explored due to the difficulty in extracting meaningful features from ECG signals. To address
this challenge, this paper proposes a novel ECG-based seizure detection system. To enhance the system's reliability,
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a multimodal data processing approach is introduced, utilizing both EEG and ECG during the training phase. This
representation learning approach improves seizure detection accuracy during the testing phase.

This research is organized into the following chapters: Chapter 2 provides a comprehensive overview of EEG
and ECG. Chapter 3 details the proposed approach, and Chapter 4 provides extensive experimental results. Finally,
Chapter 5 concludes the paper.

Related Work

Electroencephalography

Electroencephalography (EEG) is a method that reads electrical signals from brain activities by attaching electrodes
onto the scalp as shown in figure 1, mainly used to evaluate brain disorders in the medical field. The data collected by
using EEG is characterized by certain qualities such as high-density and high-temporal resolution, allowing for an
accurate measurement. Since seizures are a type of an abnormality in the brain wave, it can indeed be easily and
precisely diagnosed using EEG. However, using this method to prevent sudden seizures in daily life is impractical, as
the devices for using EEG are very costly due to its precision and the range of detecting even the slightest noise, and
inconvenient especially with its multiple nodes required to be attached to the scalp.

Electroencephalogram (EEG)

EEG (scan of brainwaves)

Electrodes
glued to scalp

Figure 1. Electroencephalography (Cleveland Clinic 2024)

Electrocardiogram

Electrocardiogram (ECG) measures the electrical signals in the heart; much like EEG, abnormal activities in the ECG
may signify many heart-related conditions. Signals collected from ECG are rather simple and consistent, allowing for
an inexpensive and simple device required for measurement. Although ECG may not directly evaluate the brain sig-
nals, it has been proven that they are still viable for detecting indications of seizures by examining the activity of the
heart. Yet, since data received from ECG is so simple and is not directly related to the brain’s electrical activities,
further advancements are required to accurately predict the occurrence of sudden seizures.
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Figure 2. Electrocardiogram (Cleveland Clinic 2024)

Proposed Seizure Detection Network

Volume 14 Issue 1 (2025)

In retrospect, while EEG signals relatively simply identify the precursor for a seizure attack, their real-life application
is quixotic. Conversely, although it is a more arduous task to detect seizures through ECG signals, ECG is very acces-
sible and already widely used for different purposes. Therefore by training a convolutional network for ECG with
another convolutional network for EEG, we can accurately and cost-efficiently predict seizures.

Multi-Modal Electroencephalography-Electrocardiogram Representation Learning

(Bx N xS 3-dim array)

N: number of channels
S: sampling rate

(B x S 2-dim array)

S: sampling rate

Figure 3. Visualization of representation learning for EEG and ECG signals.
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This section will discuss the general seizure detection algorithm structure based solely on the inter squared loss func-
tion shown in equation 1 and with two other methods shown in equations 2 and 3 combined. The data collected from
EEG and ECG is not compatible since EEG is a three dimensional array and ECG is a two dimensional array: EEG is
a BNS array (batch size * number of channels * sampling rate), and ECG is a BS (batch size * sampling rate) array.
Therefore, through a method called representation learning, the signals collected from both signals will each go
through separate convolutional networks and will be projected onto a feature vector. The feature vector represents the
data with a complex set of numbers, labeled either with or without seizure, which will be analyzed by machine learn-
ing. After creating feature vectors from both signals, the ECG convolutional network will be trained by three separate
loss functions and later evaluated to determine which is the most efficient process.
Equation 1: Inter Squared Loss Function

Linter—squared
= ||feat?® - featf,’os)||2 + ||feats®? — feat,“:‘eg)”2
+ max (0' Ainter — "featgos - featgeg)nz)

+ max (0, Ainter — || feat?® — feat:eg)llz)

The feature vectors shown as feat_c or feat_e each represent the signal evaluated: ECG and EEG, respec-
tively. Additionally, the features labeled positive and negative with a superscript represent the feature vector of the
data with seizure and without seizure, and the parameter lambda (}) is a hyperparameter, or an independent variable
that can be altered manually to maximize the efficiency. The inter squared loss function compares four feature vectors,
features with positive and negative values from each signal, via a series of L2 functions (a function that squares the
difference of two values). The objective is to minimize the difference between feature vectors with the same binary
value and maximize the difference between features with opposite binary values of the EEG and ECG model.

Primarily, L2 function is used between the same binary value features for each signal and added together, as
the difference between the same binary value feature vectors, the greater the error, and therefore ultimately the loss is
greater. On the other hand, L2 function is used between opposite binary value features and subtracted from a hyper
parameter, as the difference between the opposite binary value features increase, the ECG model is able to discriminate
positive and negative features more easily, and the resulting value goes through the max function with 0 to prevent
negative values. This equation will serve as the baseline method as the main purpose of this research is to correlate
EEG signals and ECG signals.

Equation 2: Intra Squared Loss Function

2
Leeg—intra—squared = max (Or Aintra - ||f eatf - f eat: eg)” )

2
Lecg—intra—squared = MaX (0: Aintra - ||f eatf - f eat? eg)” )

The second equation, intra squared function, compares feature vectors within the same signal, potentially
enhancing the individual performances of the convolutional networks. Each subscript and superscript of the features
and the parameter A are identical to equation 1. Unlike the previous loss function, this function simply utilizes the L2
function to calculate the difference between the positive and negative features within the same signal, subtract it from
a hyperparameter, and input that value into the max function with 0 again to prevent negative values. This will help
the Al model to discriminate two features with opposite binary values as the greater the difference, the loss will
decrease.

Equation 3: Intra Triplet Loss Function
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Lecg—intra—triplet
= 1 (e - et - e - )

Leeg—intra—triplet
= max (O,Ainm + || feat@ehor — feqt? Os)"z - || featdehor - feqt) )||2)

Finally, the intra triplet loss function is similar in principle to the intra squared loss function (equation 2), yet
a new state of the feature—the anchor state—is introduced, and the terminology deviates from the previous two func-
tions. Now, the features labeled positive are features of the same binary value as the anchor state: if the anchor feature
vector is a feature with seizure, the positive feature vector is also a feature with seizure, and the equivalent when the
anchor state is a feature without seizure. By the same notion, the feature labeled negative is a feature vector with the
opposite binary value to the anchor state feature vector. This function compares features within the same signal by
adding the L2 function for the anchor state feature and the same state feature as the anchor state and subtracting the
L2 function for the anchor state feature and the opposite state feature from the hyperparameter, therefore when opti-
mized, the difference between same state features will be minimized and different state features will be maximized.

Seizure Prediction

ECG Signal ™
\_,JIVJVJMﬂ /\_J\ || /E 8 8 prediction P
: - —> —> (probability of having
(B x S 2-dim array) —> O O Heoti .
B: batch size T Ol 1O a epileptic seizure)

S: sampling rate

seizure classifier FCNN

Figure 4. Visualization of transfer learning.

After the representative learning is complete, the ECG convolutional network, trained by the EEG convolutional net-
work, will predict the probability of having epileptic seizure in a process called transfer learning. Later, this model is
what I will be using to test the efficiency of this model and the three loss functions by taking in the ECG dataset with
and without seizure, outputting the prediction.

Equation 4: Binary Cross Entropy Loss Function

Lbinary_cross_entropy = _[yloge (p) + (1 - Y)loge (1 - p)]

The binary cross entropy function simply takes in the variable y, which is 1 if the data is a signal with seizure
and O if the data is a signal without seizure. If there is seizure, hence if y value is 1, the function calculates the per-
centage by taking the log of the prediction p as the second part of the equation cancels out. On the contrary, if there is
no seizure, it calculates the percentage by subtracting the probability from 1 and taking the log of that value, and
multiplies -1 to the ultimate value, as the first part of the equation cancels out since y is 0. This function will be used
to calculate the loss during the transfer learning.
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Experimental Results and Dataset

Dataset

The dataset employed to test and train the model is the Seize It1 Dataset (BIOMED Seizure Detection Challenge
2024). This dataset consists of EEG signals collected from 84 participants with 42 of them diagnosed with epilepsy
and the other 42 without epilepsy, and out of the 16000 samples collected from the participants, 64.4% of the samples
were data without seizure and 35.6% with seizure. When training and testing with this data, a 5-fold cross validation
method was used: the dataset was divided into 5 random batches and 80% of the samples were used to train and 20%
were used to test, evaluating the sample 5 different times each with different train and test cases. By doing so, the
module could accurately measure its efficiency and could maximize the usage of the dataset.

Experimental Results

Table 1 and figure 5 illustrates the comparison of the performances of the algorithms used to evaluate the data. Accu-
racy refers to the ratio of accurate predictions to all predictions, recall refers to the ratio of correctly recalled positives
to actual positives, precision refers to the ratio of correctly recalled positives to total recalled positives, and the F1-
score refers to the harmonic mean of precision and recall. The DenseNet-169 algorithm reported the highest values
for all categories with accuracy of 90.5%, recall of 89.5%, precision of 89.3%, and fl-score of 89.4%, and accuracy
was generally the highest scoring inference followed by recall and precision by all algorithms. As shown in figure 6,
DenseNet-169 correctly predicted 86.2% of data with seizure, incorrectly predicted 13.8% of data without seizure;
and correctly predicted 92.7% of control data and incorrectly predicted 7.3% of control data using the intra squared
method.

Table 1. Comparison of performance of different convolutional neural networks

Accuracy Recall Precision F1-Score
VGG-19 (Simonyan et al. 2014) 0.8753 0.8689 0.8672 0.8680
ResNet-18 (He et al. 2016) 0.8807 0.8706 0.8689 0.8697
ConvNext (Liu et al. 2022) 0.8851 0.8760 0.8744 0.8752
HRNet-W30-C (Wang et al. 2020) | 0.8944 0.8783 0.8785 0.8784
DenseNet-169 (Huang et al. 2017) | 0.9053 0.8945 0.8929 0.8937
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A VGG-19 (Simonyan et al. 2014) 4 ResNet-18 (He etal. 2016) % ConvNext (Liu et al. 2022)
@ HRNet-W30-C (Wang et al. 2020) X DenseNet-169 (Huang et al. 2017)
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Figure 5. Graph Visualization of Performance of the Seizure Detect Algorithm

True label

Seizure Control
Predicted label
Accuracy=0.9053

Figure 6. Visualization of Performance of DenseNet-169 Algorithm with Intra Squared Method

Table 2 describes the performance of the three methods proposed earlier: utilizing solely inter squared loss
function or incorporating either intra squared loss function or intra triplet loss function. As shown in figure 7, the
method of utilizing the intra squared loss function with the inter squared loss function was the best performing method
for every algorithm, scoring the highest with 90.53% accuracy with the DenseNet-169 algorithm, followed by the intra
triplet method and the baseline method; the intra squared method and the intra triplet method had relatively similar
performance compared to the baseline method. Furthermore, each algorithm showed a similar trend for each method,

with the DenseNet-169 algorithm performing the best out of all the methods, preceded by HRNet-W30-C, ConvNext,
ResNet-18, and VGG-19 algorithm.

Table 2. Comparison of the performances of each methods
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Accuracy (baseline) | Accuracy (triplet) Accuracy (squared)
VGG-19 0.8217 0.8612 0.8753
ResNet-18 0.8345 0.8635 0.8807
ConvNext 0.8457 0.8698 0.8851
HRNet-W30-C 0.8537 0.8841 0.8944
DenseNet-169 0.8588 0.8957 0.9053

Triple Loss vs Squared Loss

A VGG-19 (Simonyan et al. 2014) 4 ResNet-18 (He et al. 2016) ConvNext (Liu et al. 2022)
@ HRNet-W30-C (Wang et al. 2020) X DenseNet-169 (Huang et al. 2017)
0.925
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1 0.895?/______.0.8944
0900 0.8841
0.875 0.858
0.850
0.8345
0.825 <+
T 0.8217
0.800 -+
Baseline Triplet Loss Squared Loss

Figure 7. Graph Visualization of Performance of Each methods

Conclusion

In this paper, I aimed to merge the benefits of electroencephalography and electrocardiography to detect seizures cost-
efficiently, practically, and accurately. I trained a convolutional neural network of ECG with another neural network
of EEG to improve the performance of previous seizure-detection algorithms utilizing ECG which finally resulted in
90.53% accuracy utilizing the DenseNet-169 algorithm. Additionally, I tested out three different loss-calculating
methods to maximize the performance of the model, which the intra squared loss function utilized with the inter
squared loss function resulted in the highest accuracy. I successfully managed to intertwine the different bioelectrical
signals to create a model that can efficiently predict a seizure attack, shedding light on the future implications of a
more practical seizure detecting device. Henceforward, this system could be applied in real-world circumstances by
developing wearable ECG devices with portable embedded computing boards.
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