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Abstract: Early detection of seizure occurrence is important in improving the lives of patients with epilepsy. Although 

various methods have been presented so far, there are still challenges regarding the ease of using these methods. This 

paper aims to present an approach based on neural networks to detect epileptic seizures using ECG signals instead of 

EEG signals. In the proposed method, only single-lead ECG signals are used for detecting seizures, making them highly 

suitable for wearable instruments. In the proposed approach, light pre-processing is first performed to prepare raw ECG 

signals as labeled data. Then, R-R intervals are extracted and considered as features for classification. Without using 

other manual feature extraction methods, a combined structure of a convolutional neural network and a bidirectional 

long short-term memory network is employed for automatic feature extraction and classification. The proposed method 

was evaluated using a strict Leave-One-Subject-Out cross-validation on five patients, achieving a mean accuracy of 

82.4%, sensitivity of 74.4%, specificity of 91.3%, and an aggregated AUC of 0.844. The model requires approximately 

4500 trainable parameters, confirming its low computational load. This research demonstrates that a single-lead ECG 

signal, combined with a lightweight deep learning algorithm, can be effectively used in monitoring systems for epilepsy 

patients. 
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1. INTRODUCTION 

Epileptic seizures result from a series of abnormal nerve 

activities in the brain [1]. After a seizure, usually, a part or the 

whole body is affected [2]. Various types of epileptic seizures 

have affected the lives of about 60 million people worldwide 

[3, 4]. There are different types of epileptic seizures, Such as 

generalized and focal (partial) epilepsy [5]. These seizures 

may sometimes cause irreparable physical damage to the 

patient [6]; also, people with epileptic seizures sometimes 

avoid social activities and miss appropriate social situations 

[7]. Detecting seizures is necessary for these patients [8-10]. 

One of the oldest methods for monitoring the condition of 

epilepsy patients is the use of brain signals or 

Electroencephalography (EEG) signals [11-13]. Since 2016, 

significant researches have been done to detect epileptic 

seizures by deep-learning (DL) networks using EEG signals 

[4]. Networks such as convolutional neural networks (CNN) 

[14, 15] and Recurrent Neural Networks (RNN) [16] have 

been widely used in this field. In [11], the detection of 

epileptic seizures has been made using EEG signals. They 

have introduced a CNN, which is placed along with other 

processing stages. 

Another method for monitoring the condition of epilepsy 

patients is to use heart signals of patients called 

Electrocardiography (ECG) signals [17-19]. Even though the 

EEG signals contain more information about seizures [20, 

21], but there are some challenges in using them [22, 23], 

such as the low amplitude of the EEG signals [24] and the 

large number of channels required for processing [25]. Due to 

the ease of receiving ECG signals compared to EEG signals 

[26], using ECG signals will be more beneficial for portable 

applications [27]. 

In [9], automatic detection of epileptic seizures has been 

done through ECG, EEG, and monitoring of the patient. They 

pointed out that ECG signal analysis, especially heart rate 
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variability (HRV) analysis, seems to be a promising marker 

for brain damage. In [28], seizures have been detected in 

temporal lobe epilepsy patients using a single-lead-ECG. This 

research has presented a method for seizure detection by 

classifying the heart rate (HR) characteristics. Baghersalimi 

et al. in [29] have proposed a deep-neural network (DNN) for 

seizure detection, which is learned Real-Time. Their 

proposed DNN is a Residual 1-Dimensional CNN 

(Res1DCNN). In [30] an approach is introduced to detect and 

predict epileptic seizures with the help of a CNN using the 

ECG signal. The authors of [17] have predicted seizures 

based on HR value. They have been expressed, epilepsy often 

causes changes in the autonomic nervous system. In [31], the 

prediction of seizure probability using wearable technologies 

has been considered. They have mentioned that for some 

patients, HRV changes in the long term (monthly) follow 

patterns that can be used for daily seizure prediction. They 

have estimated the daily and hourly risk of seizures by 

combining a Long short-term memory (LSTM), the Random 

Forest Regression method, and the selected features. In [32], 

a method for estimating the Cardiac Sympathetic Index (CSI) 

is presented using 1D-CNN. 

In many related studies that use DNN, a large part of the 

processing load is directed toward heavy pre-processing, 

optimization, and manual feature extraction [33]; while the 

neural networks themselves have high capabilities in 

selecting and purposefully extracting data features [34].  

Therefore, by removing some of the conventional feature 

extraction steps in the time and frequency domains, the 

processing load of the final system can be reduced. According 

to the needs of epileptic patients, the advantages of ECG 

signals in identifying their condition, and the efficiency of 

DNN, this paper presents a combined CNN and bidirectional 

LSTM (CNN-BiLSTM) for detecting epilepsy seizures using 

single-lead-ECG. The main contribution of this paper is to 

introduce an algorithm with a low computational load that can 

detect the occurrence of seizures. The main focus of this 

article is to provide an optimal method with the least amount 

of pre-processing and feature extraction load, and the least 

trainable components associated with the neural network. 

This aim is achieved by creating a balance between using and 

not using manual feature extraction steps. 

The rest of the paper is organized as follows. Section 2.1 

presents pre-processing steps to prepare the chosen dataset. 

Section 2.2 describes the R-R interval (RRI) extraction as the 

only manually extracted feature. Section 2.3 explains the RRI 

data normalization step to guide network training to more 

important features.  The proposed CNNLSTM networks 

structures are explained in Section 2.4. The results of the 

proposed networks are presented in Section 3, and in Section 

4, a discussion about the comparison of these methods with 

the other researches is done. Finally, in section 5, the 

conclusion is made. 

2. METHODS 

2.1. Pre-processing Steps 

In this research, the Post-Ictal dataset has been used [35]; 

A diverse group of patients with partial epilepsy is reported 

in this dataset. It contains the recorded ECG signals related to 

five epilepsy patients in seven separate records, which 

include a total of 10 seizures. This dataset can be used to 

obtain interictal and ictal signals since the ECG recording was 

taken several minutes before and after the seizure. The free 

annotated ECG recordings upon which this study was based 

can be found in [36]. 

To achieve more accurate and realistic results, the data 

must be prepared before feature extraction and network 

training. For this purpose, the following pre-processing steps, 

shown in Fig. 1, have been done on the recorded ECG signals. 

 

 

Fig. 1: The required pre-processing steps to prepare ECG 

data. 

 

(a) 

 

(b) 

 

(c) 

Fig. 2: (a) The ECG signal before applying median filter 

and (b) the ECG signal after applying the filter. (c) The 

effect of the high-pass filter on the ECG signal. 
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First, the signal offset has been removed by calculating 

the average of samples and subtracting it from the amplitude 

of each signal. This offset occurs due to the difference 

between the ground potential of the device and the potential 

of two leads in the human body. The next stage involves 

normalizing the ECG signals to be within the range of -1 and 

+1. 

One of the things that can lead to errors in identifying R 

waves is unexpected noises which cause sudden changes in 

the signal. A median filter can make the signal behavior 

smoother. Fig. 2(a) shows ECG signal before applying the 

median filter, and Fig. 2(b) is related to the effect of the filter. 

The median filter window length is ten samples.  

The average duration of each seizure in the collection of 

recordings is 80 seconds. Data are labelled according to the 

time related to the start and end of the seizure. One to two 

minutes after seizure onset is labelled as ictal data and 30 

Minutes before or 50 minutes after the seizure as interictal 

data. 

Finally, applying a high-pass filter with a cut-off 

frequency of 2 Hz removes some low-frequency fluctuations 

in the ECG data. As shown in Fig. 2(c), these fluctuations 

interfere with the correct acquisition of the PQRST waves of 

ECG signal. 

 

2.2. Feature extraction  

RRI feature can help identify the characteristics of ECG 

signals with the help of the changes at the time of the R 

waves. Firstly, R waves are determined using the local 

maximum extraction method and considering the minimum 

time between the R waves and the minimum height of their 

amplitude. Algorithm 1 demonstrates how to extract R peaks 

using a simple method. Since the data has been normalized, 

the algorithm has set the minimum time and height values at 

the same value for all available recordings. For these ECG 

records, the minimum time interval is 0.2 seconds and the 

corresponding minimum sample height is 0.25 units. The 

location of R waves is shown as red points in Fig. 3(a). The 

diagram of the RRI amplitude per time is shown in Fig. 3(b). 

The RRI can be used as a feature for classifying. In this 

paper, the goal is to use a deep learning method for data 

classification with the help of the RRI feature. No manual 

extraction of multiple features from RRI is performed here; 

rather, only RRI data are used. If other time-domain and 

frequency-domain features were to be extracted manually 

from RRI, the processing load would increase significantly, 

and some data features might remain unknown or ignored. 

The approach of directly using raw ECG data as the neural 

network input would also increase the trainable components 

of the network, which can increase the computational load. 

Therefore, to optimize the computational load, a balance must 

be created. In this paper, the RRI data have been extracted 

and used directly as the neural network input. This approach 

achieves optimal system performance with acceptable 

accuracy. 

 

 

 

 

Algorithm 1: R-waves-extract 

Input: ECG samples, Output: extracted R waves 

1: for each sample  

    do 

2:     Measure the sample value difference with the before 

and after samples 

3:     if the sample is bigger than the previous one 

4:         if the sample is equal to or larger than the 1, 3, 5, 

7, and 9 next ones 

5:             if the time interval from the previous peak is 

greater than the specified minimum time. 

6:                 if the sample’s value is greater than the 

specified minimum height 

7:                      Report the sample as an R peak 

8:                 end if 

9:             end if 

10:         end if 

11:    end if 

10: end for 

 

 

(a) 

 

(b) 

Fig. 3: (a) Determining the R waves of the ECG signal and 

(b) the diagram of RRI changes. 

2.3. RRI segmentation and normalization 

RRI signals were segmented into non-overlapping 

windows of length 6 samples. To ensure the model learns the 

pattern of RRI changes rather than absolute RRI values, each 

window was independently normalized to zero mean and unit 

variance using z-score normalization: (x - μ)/σ, where μ and 

σ are the mean and standard deviation of the samples within 

that window. This per-window normalization removes 

patient-specific baseline heart rate differences while 

preserving the relative temporal dynamics that characterize 

ictal versus inter-ictal states. 

2.4. The Proposed neural network 

A key characteristic of CNNs is their ability to extract salient 

feature maps from raw input data. Furthermore, LSTM-based 

RNNs excel at capturing temporal dependencies. To leverage 

both advantages, this study proposes a hybrid CNN-BiLSTM 

architecture for seizure detection.
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Fig. 4: The structure of the proposed 9-layer network for detecting seizures using the RRI feature 

 

The architecture of the proposed model is illustrated in 

Fig. 4. The network begins with a sequence input layer that 

accepts univariate time series data with a length of 6 time 

steps. This is followed by a one-dimensional convolutional 

layer containing 20 filters of size 2. This layer extracts local 

patterns and short-term features from the input signal. 

A batch normalization layer is then added to accelerate 

training and enhance numerical stability. A Rectified Linear 

Unit (ReLU) activation layer then introduces non-linearity, 

enabling the model to learn complex representations. 

To capture dependencies, a BiLSTM layer with 15 

hidden units is incorporated. A dropout layer with a dropout 

probability of 0.3 is placed before the final classification stage 

to mitigate overfitting. This is followed by a fully connected 

layer with two neurons, corresponding to the two output 

classes (ictal and interictal). Finally, a softmax layer and a 

classification layer produce the probability distribution over 

the classes and the detected label, respectively. The network 

has 4.5k trainable parameters and requires approximately 27k 

FLOPs for inference. 

3. RESULTS 

In this section, the results of the network training and 

evaluation are presented. To investigate the effect of input 

data dimensions, window lengths from 2 to 7 RRI samples 

were examined. Subsequently, a sensitivity analysis over 

hyperparameters (learn  rate, drop factor, maximum epochs, 

min batch size) was conducted. The final evaluation used 

Leave-One-Subject-Out (LOSO) cross-validation on 5 

patients. To address class imbalance during training, we 

applied random oversampling to duplicate minority-class 

samples until both classes were equal. This was done only on 

the training set, leaving test subjects unchanged for unbiased 

evaluation.  It should be mentioned that the training of the 

desired neural network is done with the help of the MATLAB 

platform [37]. The training was performed on a system with 

a 12th Gen Intel Core i5-12400F processor (2.50 GHz), 32 

GB RAM, and a 64-bit operating system. 

3.1. Hyperparameters Effects 

The analysis of window length was performed on patient 

2 as a representative case, with window lengths from 2 to 7 

RRI samples evaluated. Accuracy for window lengths 2, 3, 4, 

5, and 7 were 63.83%, 68.13%, 64.71%, 61.35%, and 

62.69%, respectively. The best performance was achieved at 

a window length of 6, with Accuracy = 68.70%, Sensitivity = 

70.45%, Specificity = 67.61%, and AUC = 0.783. Following 

window length selection, a systematic hyperparameter grid 

search was conducted to optimize the training configuration, 

examining initial learning rates of 0.005, 0.01, and 0.05; 

learning rate drop factors of 0.3, 0.5, and 0.8; epochs of 50, 

100, and 200; and minimum batch sizes of 10 and 20, 

resulting in 54 distinct configurations. Adam's algorithm is 

used to train the networks [38]. The best configuration was 

identified as an initial learning rate of 0.005, drop factor of 

0.8, 200 epochs, and a minimum batch size of 20, yielding an 

accuracy of 73.91%. 

3.2. Per-Patient Performance 

The heatmap of 5 patients is presented as an overall 

performance summary in Fig. 5. Fig. 6 presents the Accuracy, 

Sensitivity, Specificity, Precision, F1-score, and AUC for 

each of the five patients separately, with 95% confidence 

intervals (CI) computed via bootstrap resampling (1000 

iterations). The results demonstrate substantial inter-subject 

variability. Patients 3 and 5 achieved excellent performance 

(AUC: 0.979 and 0.961, respectively), while Patients 1 and 2 

showed moderate performance (AUC: 0.779 and 0.811). 

Patient 4, with the fewest ictal samples, exhibited  lowest 

sensitivity (0.500) . 

 

 

Fig. 5: Performance heatmap. 
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Fig. 6: Per‑patient metrics (±95% CI). 

 

3.3. Aggregated Performance 

Fig. 7 shows the aggregated confusion matrix across all 

patients. The model correctly classified the majority of both 

ictal and inter-ictal instances. Fig. 8(a) illustrates the mean 

aggregated metrics with their 95% CIs across the 5 patients. 

The mean results were: Accuracy = 82.4% (67.8–97.1), 

Sensitivity = 74.4% (49.7–99.2), Specificity = 91.3% (73.6–

100), Precision = 89.5% (67.8–100), F1-score = 79.2% (60.6–

97.8), and AUC = 87.3% (76.0–98.5). Notably, the higher 

specificity compared to sensitivity indicates a conservative 

detection strategy, which is clinically desirable to minimize 

false alarms. Fig. 8(b) displays the aggregated Receiver 

Operating Characteristic (ROC) curve with a mean AUC of 

0.844, confirming the model's discriminative ability between 

ictal and inter-ictal states across patients. 

 

Fig. 7: Overall confusion matrix. 

 

(a) 

 

(b) 

Fig. 8: (a) Aggregated metrics (±95% CI across patients) 

and (b) aggregated ROC curve. 



M. Ghaempour et al.  Journal of Applied Research in Electrical Engineering, Vol. 4, No. 2, pp. 289-297, 2025 

294 
 

 

4. DISCUSSION 

Table 1 compares the results of the proposed seizure detection 

method with other works that use ECG signals. The size of 

the dataset and the variety of epilepsy types can affect the 

generalizability of the results. [39] use a dataset related to 

infants with unspecified seizure type. In [18], [29], and [40] 

focal and general seizures were studied, while this paper 

focuses on focal seizures. In [28], seizures are of the temporal 

lobe type. The pre-processing steps of the various researches 

are illustrated in the Table, which are a criterion for the 

processing load of the system. In most of the methods, filters 

have been used for data preparation by removing unwanted 

noises and fluctuations in the ECG signals. 

In most research, the RRI feature has been manually extracted 

first. Also, most of them have manually extracted many other 

features in the time-domain and frequency -domain using the 

extracted RRI feature. In [18], 10 features, in [28], some 

various features and in [39], 62 features are extracted. 

However, this paper uses only the RRI feature as input to the 

CNN-BiLSTM network, significantly reducing the manual 

feature extraction processing load. [29]  also avoided manual 

feature extraction by using a Res1DCNN. 

 Different methods of machine learning (ML) and DL have 

been used for the final classification of data. [28] and [39] 

have performed the desired classification with the help of a 

Support Vector Machine (SVM) algorithm. [40] has used an 

event-dependent approach to determine HR behavior for 

seizure detection. [18] has done its classification by 

considering the cut-off values and [29] using a Res1DCNN. 

The proposed method employs a 9-layer CNN-BiLSTM with 

only 4500 trainable parameters, offering a lightweight 

architecture.  

As shown in Table 1, the proposed method achieves a high 

specificity (91.30%) compared to other studies, which 

indicates a low false alarm rate, a clinically desirable 

characteristic for seizure detection systems. However, the 

sensitivity (74.40%) is lower than those reported in [18] 

(93.1%) and [29] (81.25%), suggesting room for 

improvement in detecting all seizure events. The accuracy 

(82.40%) is comparable to that of [28, 29] and higher than 

[39, 40]. 

It should be noted that direct comparison is challenging due 

to differences in datasets (number of patients, seizure types, 

recording conditions), evaluation protocols, and reported 

metrics. The proposed method was evaluated on a relatively 

small cohort of 5 patients with focal seizures due to the 

limited availability of accessible ECG databases containing 

seizure events, which may limit the generalizability of the 

findings. Future work should validate the approach on larger, 

more diverse datasets including generalized seizures. 

Despite these limitations, the proposed method demonstrates 

that a lightweight CNN-BiLSTM using only RRI features can 

achieve competitive specificity and accuracy with 

significantly lower manual feature extraction and 

computational load. Therefore, this approach can be 

considered a building block for future large-scale 

implementation in wearable epilepsy monitoring devices. 

 

 

 

Table 1: Specifications of the proposed method compared to the other works based on ECG signal 

Reference dataset Seizure type pre-processing Feature extraction 
Detection 

algorithm 
Results 

[39] 

208-hour 

dataset of 14 

newborns 

Unspecified 

infantile 

seizures 

Filter to remove 

the average value 

Time and frequency 

domain features 

(62 features) 

SVM 
SEN 60% 

SPE 60% 

[40] 

Hospitalization of 

three epileptic 

patients for 14, 

13, and 9 nights 

Focal and 

General 

seizures 

Unknown HR feature 
Event 

dependent 

SEN 75% 

SPE 70.4% 

[18] 
126 seizures from 

43 patients 

Focal and 

General 

seizures 

Median filter 

10 HRV time and 

frequency domain 

features 

cut‐off 

values 
SEN 93.1% 

[28] 
17 patients, 

127 focal seizures 

Temporal 

lobe epilepsy 
Unknown 

Time-frequency 

HRV characteristics 
SVM ACC 81.89% 

[29] 
EPILEPSIAE 

DATABASE 

Focal and 

General 

seizures 

50 Hz low-pass 

filtering, linear 

reduction, 

normalization 

No feature 

extraction 
Res1DCNN 

SEN 81.25% 

SPE 82% 

The 

proposed 

method 

Physionet 

post-ictal data 
5 patients 

Focal 

seizures 

Median filter 

high pass filter 

Normalization 

RRI feature 

9-layer 

CNN-

BiLSTM 

SEN 74.40% 

SPE 91.30% 

ACC 82.40% 
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5. CONCLUSION S 

This research provides solutions for monitoring the 

condition of epilepsy patients. Due to the advantages of using 

the single-lead ECG signal, it is chosen as an optimal and 

valuable criterion for constructing epilepsy monitoring 

systems. These benefits include ease of receiving ECG 

signals from the patient's body and lower processing 

requirements compared to EEG signals, which require 

multiple channels for processing. 

The use of ECG signals allows pre-processing and 

manual feature extraction steps to be minimized. In this 

research, instead of using various stages of feature extraction, 

only RRI feature extraction is used. These data are then 

normalized and used as input to the neural network. For this 

purpose, a combined CNN-BiLSTM neural network with 

4500 trainable parameters was used. Evaluated using a 

Leave-One-Subject-Out cross-validation on five patients, the 

proposed network achieved an average accuracy of 82.4%, 

sensitivity of 74.4%, and specificity of 91.3%. Thus, the 

proposed method can be considered promising for use in 

wearable monitoring systems for epileptic seizure detection 

as part of a larger future framework. 
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