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Abstract— Seizures frequently occur in paediatric 

emergency and critical care, with up to 74% being sub-clinical 

seizures making detection difficult. Delays in seizure detection 

and treatment worsen the neurological outcome of critically-ill 

patients. Gold-standard seizure detections using multi-channels 

electroencephalograms (EEG) require trained clinical 

physiologists to apply scalp electrodes and highly specialised 

neurologists to interpret and identify seizures. In this study, we 

extracted phase synchrony and cross-channel coherence 

amplitude across 4 and 8 pre-selected scalp EEG signals. Binary 

classification is used to determine whether the signal segment is 

seizure or non-seizure, and the predictions were compared 

against the gold-standard seizure onset markings. The 

application of the algorithm on a cohort of forty routinely 

collected EEGs from paediatric patients showed an average 

accuracy of 77.2 % and 76.5% using 4 and 8 channels, 

respectively. 

 

Clinical Relevance— This work demonstrates the feasibility of 

seizure detection with pre-defined 4 and 8 EEG electrodes with 

an average accuracy of 77%. This means, for the first time, 

seizure detection is possible using an EEG montage that can be 

applied readily at the bedside independent of expert input. 

I. INTRODUCTION 

Seizures commonly occur in paediatric critical care, and 

up to 74% of these seizures do not have clear clinical markers, 

i.e. being sub-clinical, making their detection difficult [1], [2]. 

Seizures are a sudden surge of synchronized electrical activity 

in the brain and can cause involuntary changes in patients’ 

sensations, behaviour, and even loss of consciousness. The 

duration of the seizure can extend from a few seconds to an 

hour or more. Prolonged seizures are also known as status 

epilepticus and defined as seizures lasting 15 minutes or 

more. Studies have shown that undetected and delayed 

treatment of the seizures in patients requiring Intensive Care 

Unit (ICU) leads to poor neurological outcome [3]. 

Electroencephalogram (EEG) signals capture the changes 

in brain electrical activity. Epileptiform EEG patterns, such 

as sharp spikes and waves, can classify the seizures and are 

currently used as the gold-standard seizure detection [1], [4]. 

However, EEG-based analysis is highly laborious and costly 
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as it involves visual analysis of recorded EEG signals from 

multiple scalp electrodes. Highly trained physiologists and 

neurologists are required for placement of the electrodes and 

interpreting the signals, respectively [5].  

Possible solutions for accelerating the above-mentioned 

process and reducing the cost of required staff can be 1) to 

select a limited number of EEG channels instead of using all 

(usually 20 channels or more), and 2) to use an automated 

seizure detection algorithm.  

As clinical studies have shown [6], [7], trained bedside 

critical care staff were able to accurately mark seizures with 

reduced number of EEG channels. Seizure detection with 

reduced number of channels (from above 20 to less than 8) 

will require less time for applying them on patients’ scalps 

[8], and increases the feasibility of accurate placement of 

EEG electrodes by intensive care clinical staff without 

specialist neurophysiological training [5], [9]. 

In the realm of engineering, limiting the number of 

channels can reduce the computational time and complexity 

of seizure detection algorithms. However, with fewer EEG 

channels there will be fewer data points and thereby a 

compromised accuracy. Therefore, developing an algorithm 

that could accurately detect seizures with limited channels is 

of great clinical interest as it can facilitate EEG acquisition 

and prompt seizure detection at the bedside with minimal 

delays [10], [11].  

EEG signals capture the electrical activities of groups of 

neurons. These electrical activities can oscillate in multiple 

frequency bands, such as delta (0.5 - 4 Hz), theta (4 - 8 Hz), 

alpha (8-12 Hz), beta (12- 25), and gamma (above 25 Hz) 

[12]. During a seizure, the synchrony between these 

oscillations from neurons in different regions of the brain 

increases. Thus the synchrony of the signals can be used as an 

indicator of seizure [13]–[16]. In order to quantify the amount 

of synchrony between two sites, phase-locking value or phase 

synchrony can be used.  

This study aims to develop an algorithm that can detect 

seizures accurately in paediatric EEG data with limited pre-

selected EEG signals as few as 8 and 4 channels. As the scope 

of this study is to develop an algorithm to be used in critical 

care, we focus on certain pre-selected channels and consider 
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the changes because of seizures on EEG regardless of their 

underlying pathology. The reader is referred to [9], [17] for 

patient-specific channel reduction methods. The 8-channel 

montage is based on a commercially available circumferential 

headgear [18], and the 4-channel arrangement is already in 

use in paediatric critical care [19]. Our algorithm combines 

two features extracted from the pairs of signals and uses 

machine learning to classify of two groups: seizure and non-

seizure. We have achieved an average of 77 per cent accuracy 

using 4 EEG signals.  

II. MATERIALS AND METHODS 

A. Data  

Forty (40) fully anonymised routinely collected EEG from 

the Royal Hospital for Children and Young People in 

Edinburgh were used in this study. The scalp EEG electrodes 

were applied using the 10-20 international electrode 

placement system. All of the recordings were annotated as 

part of routine clinical reporting, and the seizures were 

marked by a neurologist. Since the data had been collected in 

the clinical setting of an electrically noisy environment, it 

included real-life artefacts. Table 1 presents a summary of the 

recordings used in the study.  
TABLE 1. INFORMATION OF THE RECORDINGS USED IN THE STUDY. 

No. 

recordings 
Age range 

Total 

duration 

No. 

seizures 

Seizure 

duration 

40 
12 days - 12 

years old 
38.5 hrs 236 2.7 hrs 

B. Pre-processing  

All the recordings are pre-processed in MATLAB 2021b. 

For each recording, 8 EEG channels (T3, T4, T5, T6, O1, O2, 

F7, F8) and 4 channels (C3, C4, P3, P4) are extracted. The 

location of electrodes in 4 and 8 channels montage is shown 

in Figure 1. 

 
Figure 1. Electrode placement in A) 4-channel arrangement used in the 

Paediatric critical care, and B) 8-channels montage in sub-hairline 

commercial headgears. 

We first apply the surface Laplacian filter to minimise the 

effect of volume conduction and avoid the possible influence 

of the common reference electrode on synchronisation [20], 

[21]. We then apply a 6th order high-pass Butterworth filter 

with cutoff frequency of 1 Hz to eliminate the slow 

frequencies. Finally, by using a least-square finite impulse 

response filter to select the delta range (1- 5 Hz in this study) 

of the signals for analysis. 

C. Feature Extraction 

We combine two separate features for seizure detection as 

below. 

1) Phase synchrony (PS) 

Phase synchrony is the phase-locking between the signals 

of two electrodes at a certain time [16]. For quantifying the 

phase synchrony, the R index or the mean phase coherence is 

calculated for all possible pairwise signal combinations [15]. 

We used the analytical method of Hilbert Transform to extract 

the instantaneous phases of two signals and estimated the 

phase difference for two signals across time. The index was 

calculated for a 1-second running window [22].  

After calculating the phase synchrony between pairs of 

signals in the delta band, a connectivity matrix is obtained 

with the average value of each 1 s window of the synchrony 

index. We binarised the connectivity matrix using a 

predefined threshold, resulting in a 0 entry if the synchrony 

index is lower than the threshold or 1 otherwise. Two EEG 

channels are defined as connected if the corresponding binary 

entry is 1[22]. 

In the next step, we defined a complexity measure that 

considers the number of connected pairs of signals at each 

instance. Based on the binomial coefficient, there is a 

maximum of 28 pairwise combinations for 8 channels and 6 

pairwise combinations for 4 channels of EEG signal. The 

complexity matrix has two arrays which are the number of 

synchronised pairs of signals and the connectivity. For a 

detailed description of the analytical procedure, the reader is 

referred to [15], [22]. 

2) Cross-channel coherence amplitude (CA)  

Since the seizures cause a dramatic increase in the 

amplitude of the signals [23], we use a pairwise amplitude 

coherence as the second feature for seizure detection [4]. The 

cross-channel coherence amplitude estimates the degree of 

synchronisation between the activity measures of two signals 

[24]. The CA is calculated using the EEGLAB toolbox in 

MATLAB, using 3 wavelet cycles and a window size of ~4 

seconds. Similar to PS, CA is calculated for a combination of 

pairs of signals which is 28 possible combinations for 8-

channels montage and 6 combinations for 4-channels. The 

maximum value of the coherence amplitude is selected for 

each combination and saved in a matrix. In the next step, the 

mean value of the coherence is calculated, and a threshold is 

selected for the connectivity decision. Using an automated 

patient-specific threshold would take into account the 

possibility of abnormal alterations in signals in the non-

seizure period. The maximum value of CA for each 

combination is compared with the threshold and if (CA> 

Threshold), the algorithm replaces the value with 1. In the 

final step, similar to PS, a complexity array is defined that 

considers the sum of the connectivity of all pairs at each time 

point. This array is used as a feature in the classification step. 

D.  Classifier and performance evaluation 

In order to classify the signals into non-seizure and seizure 

classes, we use a boosted-tree classifier [25] for each patient. 

Boosted tree classifiers have high prediction performance and 

do not need feature scaling. The adaptive boosting for binary 

classification is used as we define two classes seizure (0) and 

non-seizure (1). 

To avoid the potential over-fitting due to class imbalance, 

we under-sample the non-seizure data only for the training 



 

 

 

data. The classifier’s predictions were compared against the 

gold-standard annotation provided by the neurologist using a 

5-fold cross-validation method. Accuracy, sensitivity, 

specificity, and false negative rate (FNR) are computed by 

comparing the classifiers’ predictions against the ground truth 

provided by the annotations in the dataset.  

III. Results 

In this study, we use two features for each time instance 

for seizure detection. Both features capture the number of 

connections between the pairs of channels. Figure 2 depicts a 

single EEG signal with a duration of 8 minutes and three 

seizures. Seizures are highlighted using black boxes. The 

middle graph shows the changes in the phase synchrony 

during the recording. The arrows highlight the occurrence of 

seizure where the synchrony increases with seizure onset. In 

the bottom graph of Figure 2, which is the cross-channel 

coherence amplitude, there are peaks in the maximum CA 

values. As shown, the delta band is used for the analysis.  

 
Figure 2.  Features of the EEG signals shown in the top row, middle) pairwise 

synchrony, and bottom) Cross-channel coherence amplitude. Black boxes 

and arrows indicate the occurrence of a seizure. 

First, we used only PS and then CA separately for 

classifying the events. The average accuracy for all 40 

subjects, for both methods, were approximately 66.2±5 % 

using 4-channels and 67.2±3% using 8 EEG signals. By 

combining the two features, the average accuracy increased to 

77.2 % and 76.5% for 4-channels and 8-channels, 

respectively. Figure 3 shows the average performance of the 

classifier when using PS(A) and CA (B). 

 
Figure 3. The average 

performance of the classifier 

for seizure detection using 4 

and 8-channel montages. The 

bars show the standard 

deviation across 40 samples. 

 

 

 

The performance of the classifier using both features is 

shown in Figure 4. 

 
Figure 4. The average performance of the classifier for seizure detection 

using 4 and 8-channel montages two features. The bars show the standard 

deviation across 40 samples. The performance of the classifier improved by 

15%, combining the two features PS and CA. 

Using two features improved the accuracy for both 8 and 

4-channels seizure detection. In addition, there was a 

reduction in the average false discovery rate in both EEG 

montages, as shown in Table 2.  

 
TABLE II. THE AVERAGE FALSE DISCOVERY RATE (FDR) IN ALL 

RECORDINGS USING ONE (ONLY PS OR CA) AND BOTH (PS + CA) 

Features Number of EEG channels 

Eight Four 

PS 0.35 0.35 

CA 0.34 0.29 

PS+CA 0.22 0.21 

 

IV. DISCUSSION 

In this study, we introduce a novel approach for seizure 

detection which uses two separate low-density EEG montages 

in 40 clinical EEG recordings. Our aim is to demonstrate the 

feasibility of seizure detection using pre-selected montages 

that are fast to apply on patients in a critical care units rather 

patient-specific reduction of EEG channels as proposed in 

previous studies [9], [26]. Moreover, the seizure detection 

algorithm needs to provide the calculation with minimum 

delays and in order of few seconds, which makes the complex 

and computational-expensive techniques unattainable [4]. 

PS has shown to be a reliable marker for seizure detection 

[27], as the neural groups become more synchronized during 

a seizure. Our results, shown in Fig. 2, depict an increase in 

connectivity index as the seizure starts. Similar trend is 

reported in [21], [27]. However, using only the PS limited the 

accuracy and precision of seizure detection to below 65%. 

Considering the few numbers of EEG signals used for the 

analysis, this outcome is somewhat expected. While using 

CA, on its own, did not improve the accuracy, using CA in 

combination with PS improved the classification outcome. 

The average accuracy for seizure detection in the 40 

recordings has enhanced by 12% and reached approximately 

75%. CA captures the correlation between the spectral 

amplitude of pairs of signals which increase during a seizure. 

Although 8 channels of EEG signal provide more data 

points for the analysis, we observed higher accuracy and 

lower FNR in seizure detection using only 4-channels (Fig. 

3). The FDR did not differ between two montages. One 



 

 

 

possible explanation for the lower accuracy in 8-channels 

montage is the location of the channels that record more 

circumferential brainwaves compared to 4 channels (Fig. 1). 

In addition, EEG used in this study originated from infants 

and children and the results might indicate that in children, 

seizures mostly originate in central and temporal areas of the 

brain. Further research is required to confirm this observation 

and determine the optimal electrode positionings for patients 

of different ages. 

A reliable computer-aided detection algorithms in clinical 

environment need to have high accuracy and low false alarm 

rate in analysis of noisy data. Although our algorithm was 

trained on heavily noisy data and achieved average 77% 

accuracy, the FDR needs to be improved. Therefore, future 

work will focus on reducing the FDR. Further improvements 

will include a better re-referencing method (instead of 

Laplacian) and optimisation of the thresholding methods. 

V. Conclusion 

To the authors’ knowledge, this work is the first to 

demonstrate the feasibility of seizure detection with a limited 

pre-selected EEG electrodes. Using two feature extraction 

methods has improved the results for both 4 channels and 8 

channels seizure detection.  

REFERENCES 

[1] E. T. Payne et al., “Seizure burden is independently associated with 

short term outcome in critically ill children,” Brain, vol. 137, no. 5, pp. 
1429–1438, 2014, doi: 10.1093/brain/awu042. 

[2] L. MacDarby, M. Healy, G. Curley, and J. C. McHugh, “EEG in the 

Pediatric Intensive Care Unit: An Irish Experience,” J. Clin. 

Neurophysiol., vol. 38, no. 2, pp. 130–134, Mar. 2021, doi: 
10.1097/WNP.0000000000000673. 

[3] E. Kinney-Lang et al., “Analysis of EEG networks and their 

correlation with cognitive impairment in preschool children with 

epilepsy,” Epilepsy Behav., vol. 90, pp. 45–56, Jan. 2019, doi: 

10.1016/j.yebeh.2018.11.011. 
[4] P. Boonyakitanont, A. Lek-uthai, K. Chomtho, and J. Songsiri, “A 

review of feature extraction and performance evaluation in epileptic 

seizure detection using EEG,” Biomed. Signal Process. Control, vol. 

57, p. 101702, Mar. 2020, doi: 10.1016/J.BSPC.2019.101702. 

[5] K. Gururangan, B. Razavi, and J. Parvizi, “Diagnostic utility of eight-
channel EEG for detecting generalized or hemispheric seizures and 

rhythmic periodic patterns,” Clin. Neurophysiol. Pract., vol. 3, pp. 65–

73, Jan. 2018, doi: 10.1016/j.cnp.2018.03.001. 

[6] I. Karakis et al., “A quick and reliable EEG montage for the detection 

of seizures in the critical care setting,” J. Clin. Neurophysiol., vol. 27, 
no. 2, pp. 100–105, Apr. 2010, doi: 

10.1097/WNP.0B013E3181D649E4. 

[7] M. N. Rubin et al., “Efficacy of a Reduced Electroencephalography 

Electrode Array for Detection of Seizures,” The Neurohospitalist, vol. 

4, no. 1, p. 6, 2014, doi: 10.1177/1941874413507930. 
[8] H. Kassiri et al., “Closed-Loop Neurostimulators: A Survey and A 

Seizure-Predicting Design Example for Intractable Epilepsy 

Treatment,” IEEE Trans. Biomed. Circuits Syst., vol. 11, no. 5, pp. 

1026–1040, Oct. 2017, doi: 10.1109/TBCAS.2017.2694638. 

[9] J. Birjandtalab, M. Baran Pouyan, D. Cogan, M. Nourani, and J. 
Harvey, “Automated seizure detection using limited-channel EEG and 

non-linear dimension reduction,” Comput. Biol. Med., vol. 82, pp. 49–

58, Mar. 2017, doi: 10.1016/j.compbiomed.2017.01.011. 

[10] P. Paliwal et al., “Early electroencephalography in patients with 

Emergency Room diagnoses of suspected new-onset seizures: 
Diagnostic yield and impact on clinical decision-making,” Seizure, 

vol. 31, pp. 22–26, 2015, doi: 10.1016/j.seizure.2015.06.013. 

[11] C. C. Jouny, P. J. Franaszczuk, and G. K. Bergey, “Improving early 

seizure detection,” Epilepsy and Behavior, vol. 22, no. SUPPL. 1. NIH 

Public Access, p. S44, Dec. 2011, doi: 10.1016/j.yebeh.2011.08.029. 

[12] N. Wang and M. R. Lyu, “Exploration of instantaneous amplitude and 
frequency features for epileptic seizure prediction,” IEEE 12th Int. 

Conf. Bioinforma. Bioeng. BIBE 2012, pp. 292–297, 2012, doi: 

10.1109/BIBE.2012.6399691. 

[13] D. Gupta and C. J. James, “Narrowband vs. Broadband phase 

synchronization analysis applied to independent components of ictal 
and interictal EEG,” Annu. Int. Conf. IEEE Eng. Med. Biol. - Proc., 

pp. 3864–3867, 2007, doi: 10.1109/IEMBS.2007.4353176. 

[14] K. Abdelhalim, V. Smolyakov, and R. Genov, “Phase-synchronization 

early epileptic seizure detector VLSI architecture,” in IEEE 

Transactions on Biomedical Circuits and Systems, Oct. 2011, vol. 5, 
no. 5, pp. 430–438, doi: 10.1109/TBCAS.2011.2170686. 

[15] F. Mormann, K. Lehnertz, P. David, and C. E. Elger, “Mean phase 

coherence as a measure for phase synchronization and its application 

to the EEG of epilepsy patients,” Phys. D Nonlinear Phenom., vol. 

144, no. 3, pp. 358–369, Oct. 2000, doi: 10.1016/S0167-
2789(00)00087-7. 

[16] P. Jiruska, M. de Curtis, J. G. R. Jefferys, C. A. Schevon, S. J. Schiff, 

and K. Schindler, “Synchronization and desynchronization in 

epilepsy: Controversies and hypotheses,” Journal of Physiology, vol. 

591, no. 4. J Physiol, pp. 787–797, Feb. 2013, doi: 
10.1113/jphysiol.2012.239590. 

[17] V. Shah, M. Golmohammadi, S. Ziyabari, E. Von Weltin, I. Obeid, 

and J. Picone, “Optimizing channel selection for seizure detection,” in 

2017 IEEE Signal Processing in Medicine and Biology Symposium, 

SPMB 2017 - Proceedings, Jul. 2017, vol. 2018-Janua, pp. 1–5, doi: 
10.1109/SPMB.2017.8257019. 

[18] B. J. Kolls and A. M. Husain, “Assessment of hairline EEG as a 

screening tool for nonconvulsive status epilepticus,” Epilepsia, vol. 

48, no. 5, pp. 959–965, May 2007, doi: 10.1111/J.1528-

1167.2007.01078.X. 
[19] L. Hellstrom-Westas, I. Rosen, and N. W. Svenningsen, “Cerebral 

function monitoring during the first week of life in extremely small 

low birth weight (ESLBW) infants,” Neuropediatrics, vol. 22, no. 1, 

pp. 27–32, 1991, doi: 10.1055/s-2008-1071411. 
[20] J. Kayser and C. E. Tenke, “Principal components analysis of 

Laplacian waveforms as a generic method for identifying ERP 

generator patterns: I. Evaluation with auditory oddball tasks,” Clin. 

Neurophysiol., vol. 117, no. 2, pp. 348–368, Feb. 2006, doi: 

10.1016/j.clinph.2005.08.034. 
[21] R. Guevara, J. L. P. Velazquez, V. Nenadovic, R. Wennberg, G. 

Senjanović, and L. G. Dominguez, “Phase synchronization 

measurements using electroencephalographic recordings: What can 

we really say about neuronal synchrony?,” Neuroinformatics, vol. 3, 

no. 4, pp. 301–313, Dec. 2005, doi: 10.1385/NI:3:4:301. 
[22] R. Guevara Erra, D. M. Mateos, R. Wennberg, and J. L. Perez 

Velazquez, “Statistical mechanics of consciousness: Maximization of 

information content of network is associated with conscious 

awareness,” Phys. Rev. E, vol. 94, no. 5, pp. 1–9, 2016, doi: 

10.1103/PhysRevE.94.052402. 
[23] R. A. Shellhaas, A. I. Soaita, and R. R. Clancy, “Sensitivity of 

amplitude-integrated electroencephalography for neonatal seizure 

detection,” Pediatrics, vol. 120, no. 4, pp. 770–777, Oct. 2007, doi: 

10.1542/peds.2007-0514. 

[24] Z. Iscan, Z. Dokur, and T. Demiralp, “Classification of 
electroencephalogram signals with combined time and frequency 

features,” Expert Syst. Appl., vol. 38, no. 8, pp. 10499–10505, Aug. 

2011, doi: 10.1016/j.eswa.2011.02.110. 

[25] J. H. Friedman, “Greedy function approximation: A gradient boosting 

machine.,” https://doi.org/10.1214/aos/1013203451, vol. 29, no. 5, 
pp. 1189–1232, Oct. 2001, doi: 10.1214/AOS/1013203451. 

[26] N. F. Chang, T. C. Chen, C. Y. Chiang, and L. G. Chen, “Channel 

selection for epilepsy seizure prediction method based on machine 

learning,” in Proceedings of the Annual International Conference of 

the IEEE Engineering in Medicine and Biology Society, EMBS, 2012, 
pp. 5162–5165, doi: 10.1109/EMBC.2012.6347156. 

[27] M. H. Myers, A. Padmanabha, G. Hossain, A. L. De Jongh Curry, and 

C. D. Blaha, “Seizure prediction and detection via phase and amplitude 

lock values,” Front. Hum. Neurosci., vol. 10, no. MAR2016, Mar. 

2016, doi: 10.3389/fnhum.2016.00080. 

 


	I. INTRODUCTION
	II. Materials and Methods
	A. Data
	B. Pre-processing
	C. Feature Extraction
	1) Phase synchrony (PS)
	2) Cross-channel coherence amplitude (CA)

	D.  Classifier and performance evaluation

	III. Results
	IV. Discussion
	V. Conclusion
	References

