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A B S T R A C T   

Epilepsy involves brain abnormalities that may cause sudden seizures or other uncontrollable body activities. 
Epilepsy may have substantial impacts on the patient’s quality of life, and its detection heavily relies on tedious 
and time-consuming manual curation by experienced clinicians, based on EEG signals. Most existing EEG-based 
seizure detection algorithms are patient-dependent and train a detection model for each patient. A new patient 
can only be monitored effectively after several episodes of epileptic seizures. This study investigates the patient- 
independent detection of seizure events using the open dataset CHB-MIT Scalp EEG. First, a novel feature 
extraction algorithm called MinMaxHist is proposed to measure the topological patterns of the EEG signals. 
Following this, MinMaxHist and several other feature extraction algorithms are applied to parameterize the EEG 
signals. Next, a comprehensive series of feature screening and classification optimization experiments are con
ducted, and finally, an optimized EEG-based seizure detection model is presented that can achieve overall values 
for accuracy, sensitivity, specificity, Matthews correlation coefficient, and Kappa of 0.8627, 0.8032, 0.9222, 
0.7504 and 0.7254, respectively, with only 30 features. The classification accuracy of the method with Min
MaxHist features was 0.0464 higher than that without MinMaxHist features. Compared with existing methods, 
the proposed algorithm achieved higher accuracy and sensitivity, as shown in the experimental results.   

1. Introduction 

Chronic lesion epilepsy induces transient brain dysfunction via the 
abnormal discharge of brain neurons [1,2]. Epilepsy is recognized as the 
second most common neurological disorder, ranked just after stroke [3]. 
More than 20% of epilepsy patients suffer from seizures, which are 
usually refractory to medication [4]. Epileptic seizures occur recurrently 
and unpredictably, and substantially impact the quality of life of the 
patient [5,6]. Various modern imaging technologies have been applied 
to diagnose epilepsy, including magnetic resonance imaging (MRI) [7, 
8], computed tomography (CT) [9], positron emission tomography 
(PET) [10,11] and electroencephalogram (EEG) [12]. 

EEG technology records electrophysiological signals to describe 
brain activity, and has been widely used to detect epilepsy [5,12]. 

Although EEG has characteristics of low cost, non-invasiveness, and high 
signal resolution [13,14], clinical annotation of EEG signals still relies 
heavily on human screening [15]. The visual inspection of EEG signals is 
recommended by guidelines, but is tedious and time-consuming [16]. 

Machine learning algorithms have become the research focus of EEG- 
based epileptic seizure detection problems [17–19], and several studies 
have investigated classification based on EEG signals [20,21]. Epileptic 
seizure detection is formulated as a classification problem of ictal and 
interictal EEG signals; various feature extraction algorithms have been 
utilized to generate features from a fixed-length window of EEG signals, 
including the time domain [22], frequency domain [23], and non-linear 
characteristics [24,25]. After the feature extraction step, a variety of 
feature selection [26,27] and classification algorithms [5,28] may be 
utilized to generate seizure detection models. Deep learning algorithms 
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such as CapsNet and a deep belief network may also be utilized to 
characterize the phenotypic patterns within EEG signals [29,30]. 

Most studies calculate variables from EEG signals using feature 
extraction algorithms, and formulate EEG-based seizure detection as a 
machine learning problem using these extracted features [19,31,32]. 
Gabor et al. trained a self-organizing map (SOM) neural network to 
detect seizures in 24 long-term EEG recordings using time-frequency 
features, and achieved an accuracy of 90%, thus demonstrating the 
possibility of automated seizure detection [33]. Time-frequency features 
are widely used to describe EEG signals due to their non-stationary 
characteristics. Various forms of wavelet transformations have been 
utilized to extract time-frequency features from EEG signals. Saab and 
Gotman used wavelet decomposition to extract features from scalp EEG 
signals and achieved a sensitivity of 76.0% for the detection of seizures 
[34]. Discrete wavelet transformation (DWT) is a powerful tool for 
analyzing time-frequency domain data, and can give a more flexible 
representation of signals. An extreme learning machine (ELM) was used 
to train a seizure detection model in Ref. [35]. In addition to 
time-frequency features, non-linear features can also be extracted from 
EEG signals. Kannathal et al. investigated the seizure detection problem 
by integrating four entropy estimators: Shannon spectral entropy, 
Renyi’s entropy, Kolmogorov-Sinai entropy and approximate entropy. 
Their entropy-based model achieved a seizure classification accuracy of 
90% [36]. Another study demonstrated that the non-linear features such 
as correlation dimension (CD), largest Lyapunov exponent (LLE), Hurst 
exponent (H), and entropy were accurate when used for seizure detec
tion [37]. 

This study proposes a novel feature extraction algorithm in the time 
domain for the patient-independent seizure detection (pidSeizure) 
problem, and demonstrates that the integrated modeling of various 
feature sources can achieve satisfactory detection performance. 
Although much progress has been achieved in the epileptic seizure 
detection problem, most prior studies have focused on training a sepa
rate detection model for each patient. In this study, we hypothesize that 
a pidSeizure model might better serve epileptic seizure patients. Our 
experimental data also suggest that the extracted features can be further 
selected for better classification performance. The final detection model 
utilizes both feature extraction and feature selection to deliver accurate 
seizure detection performance. 

2. Materials and methods 

2.1. Problem setting 

This study investigated the patient-independent detection problem 
of epileptic seizures using scalp EEG signals, due to the following two 
challenges identified in existing studies. 

Previous studies have usually used patient-specific modeling [21,24, 
38–40], i.e., they have trained a separate model for each patient. 
Although this approach can achieve high detection accuracy, clinicians 
must wait for several epileptic seizure events before a new patient can be 
monitored. In addition, the rich array of information from other patients 
is not fully utilized in optimizing these patient-specific models. 

Many existing studies have screened intracranial EEG signals for 
patterns representing epileptic seizures [21,38–41]. An intracranial EEG 
(iEEG) signal has a high signal/noise ratio, which facilitates the gener
ation of highly accurate seizure detection models [42]. However, an 
iEEG monitors electrophysiological signals by placing sensing electrodes 
directly on the exposed surface of the brain, making it difficult to deploy 
outside of a clinical environment. Scalp EEG (sEEG) is a non-invasive 
technology for detecting electrophysiological signals from the surface 
of the head, and has a much higher noise level compared with iEEG 
[42–44]. The detection of seizures from sEEG signals therefore remains a 
challenge. 

2.2. Description of dataset 

The CHB-MIT Scalp EEG database from PhysioNet was used in this 
study [45]. This pediatric scalp EEG dataset was generated at Boston 
Children’s Hospital after the withdrawal of anti-seizure medications. A 
detailed description of these samples can be found on the PhysioNet 
website. 

All pediatric patients were monitored at a sampling rate of 256 Hz 
with 16-bit quantization. Since most of the recordings used 23 EEG 
channels, this study only selected samples with 23 channels. These 
channels were placed following the International Federation of Clinical 
Neurophysiology 10–20 placement system, and the recordings were 
analyzed accordingly, (i.e., FP1–F7, F7-T7, T7-P7, P7–O1, FP1–F3, 
F3–C3, C3–P3, P3–O1, FZ-CZ, CZ-PZ, FP2–F4, F4–C4, C4–P4, P4–O2, 

Table 1 
EEG signal samples retrieved from each patient. Each row gives the total number of EEG signal samples for a given patient. Columns marked “NumSeizure” and 
“NumNonIctal” give the numbers of seizure and non-seizure regions recorded for this patient, while the columns marked “NumIctal” and “NumInterIctal” give the 
numbers of sampling regions retrieved from the EEG signals of this patient. The column marked “SamplePair” shows the number of pairs of one positive (ictal) and one 
negative (interictal) region retrieved as modeling data for this patient.  

Patient NumSeizure NumIctal NumNonIctal NumInterIctal SamplePair 

chb01 7 70 34 204 70 
chb02 3 27 33 198 27 
chb03 7 62 31 186 62 
chb04 4 62 39 234 62 
chb05 5 92 34 204 92 
chb06 10 22 11 66 22 
chb07 3 53 16 96 53 
chb08 5 151 15 90 90 
chb09 4 44 15 90 44 
chb10 7 70 18 108 70 
chb11 3 133 32 192 133 
chb13 10 68 4 24 24 
chb14 8 24 19 114 24 
chb15 20 323 25 150 150 
chb17 3 48 17 102 48 
chb18 6 51 29 174 51 
chb19 3 38 26 156 38 
chb20 8 45 22 132 45 
chb21 4 32 29 174 32 
chb22 3 33 28 168 33 
chb23 7 67 6 36 36 
chb24 16 79 9 54 54 
Total 146 1594 492 2952 1260  
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FP2–F8, F8-T8, T8-P8, P8–O2, P7-T7, T7-FT9, FT9-FT10, FT10-T8, and 
T8-P8, as in Ref. [46]). The last channel, T8-P8, was removed, since 
there were two of these channels, meaning that each EEG signal used in 
this study contained 22 channels. The interictal regions of the record for 
patient chb12 were very short (average value 415 s), as were the ictal 
regions of the record for patient chb16 (average value 8.6 s), and these 
two records were also excluded from further analysis. 

2.3. Preprocessing of scalp EEG signals 

The EEG recordings for these patients were of various lengths and 
showed different epileptic seizure times, so a preprocessing step was 
conducted to ensure that each sample contained the same number of 
features. First, a zero-phase 4th-order Butterworth filter was used to 
process the 22 channels of each sample. The band filter was applied 
between 0.5 and 32 Hz, since the ictal EEG signals were observed to have 
significant abnormalities within this frequency range [34,47]. Following 
this, 6-s [38] non-overlapping sliding windows were applied to the 
epileptic seizure regions, which were taken as positive samples. There 
were 1594 positive samples in total, retrieved from the 22 patients, as 
shown in Table 1. The interictal regions were usually much longer than 
the ictal ones, and to ensure a balance between positive and negative 
samples, six non-overlapping windows with 6-s lengths were randomly 
retrieved as negative samples from the interictal regions, excluding the 
initial 10-min windows. Interictal regions shorter than 10 min were not 
used for retrieving negative samples. Each sample contained 22 chan
nels, giving 6 s � 256 Hz � 22 channels ¼ 33,792 voltage values. 

2.4. Feature extraction: Min-Max histogram (MinMaxHist) 

We observed that ictal EEG signals contained more fluctuations than 
interictal regions, and therefore proposed our novel feature extraction 
algorithm, the Min-Max Histogram (MinMaxHist). Spikes and sharp 
waveforms were repeatedly observed in the EEG signals at seizure onset 
[48]. The purpose of the proposed MinMaxHist algorithm was to 
quantitatively describe the waveform characteristics of these spikes and 
sharp waves by describing the scales of change in the EEG signals in the 
feature extraction step and to distinguish seizure events from interictal 
events based on these types of features. 

The aim of the MinMaxHist algorithm is to create a histogram 
describing a given EEG signal, as shown in Fig. 1. First, we constructed a 
one-dimensional array T¼<T1, T2, …, Tn>, where Ti was the absolute 
value of the difference between a pair of neighboring peak and valley 
values, as shown in Fig. 1(a). Then, Max_T and Min_T were defined as the 
maximum, and minimum values in array T, representing the right- and 
left-hand limits of the lateral axis in the histogram, respectively. We then 

set the parameter WinNum ¼ 10, to describe the number of histogram 
groups, in order to ensure that the new data distribution would not be 
too scattered or too centralized. Next, we calculated the bin size as 
(Max_T–Min_T)/WinNum to represent the width of each interval in the 
histogram. As shown in Fig. 1(b), the lateral axis was evenly divided into 
10 bins, with ranges [Min_T, Min_T þ bin), [Min_T þ bin, Min_Tþ2�bin), 
…, [Min_Tþ9�bin, Max_T]. The values for the vertical axis were the data 
frequency of array T in each interval. The detailed algorithm was 
formulated as in Fig. 1. Hence, 10 MinMaxHist features were extracted 
from a given EEG signal, and were denoted as MinMaxHist1, Min
MaxHist2, …, MinMaxHist10. 

2.5. Other time-domain features 

Several time-domain features were summarized from the raw EEG 
signals. The minimum, maximum, average, standard deviation and 
variance of a given window of EEG signal X, where X¼<X1, X2, …, XN>, 
were extracted as the features minX, maxX, meanX, stdX and varX. 

Another measurement totalVariance was defined as 
PN

t¼1
jXtþ1 � Xt j

ðmaxX� minXÞ�ðN� 1Þ. 
The skewness of a data distribution X was defined as the expected 

value of E
��

X� meanX
stdX

�3�

[49]. This feature was abbreviated as Skewness. 

Kurtosis is a shape descriptor of a probability distribution (abbreviated 

as Kurs) and was defined as the expected value of E
��

X� meanX
stdX

�4�

[46]. 

The magnitude of a time-series signal X can be measured using the 
root mean square value [50], i.e., 

RMSðXÞ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

XN

t¼1
X2

t

.
N

v
u
u
t (1) 

The largest peak value of X was defined as Peak(X) ¼ max(|maxX|, | 
minX|), since the voltages of the EEG signal X may be positive or nega
tive values. The peak-to-average power ratio (PARS) was also defined as 
PARS(X) ¼ [Peak(X)/RMS(X)]2 [51]. 

2.6. Nonlinear features of EEG signals 

EEG signals have also been described by nonlinear features in many 
existing studies, since they are inherently non-stationary, low-energy 
and transient [52]. Nonlinear descriptors can robustly capture the hid
den patterns within such noisy signals [53,54]. 

Entropy is a representative descriptor of the complexity of a time- 
series variable, and increases with an increase in this complexity [55]. 

Fig. 1. Illustration of the MinMaxHist algorithm. (a) Schematic line chart of an EEG signal, where Ti (i ¼ 1, 2, …, n) represents the absolute value of the difference 
between a pair of neighboring peak and valley values. (b) Min-Max-Histogram, where the maximum and minimum values in the array T represent the left and right 
limits of this histogram. The number of features returned by this algorithm is WinNum. 
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The nonlinear dynamic analysis wavelet entropy (abbreviated as 
WaveletEntropy) was used to described the EEG signals in this study, 
and the Daubechies wavelet (db4) was used to decompose the EEG 
signals into six frequency sub-bands [56–58]. 

Richman et al. proposed a similar measurement to describe the data 
regularity of the EEG signals, abbreviated as SampleEntropy [59]. The 
definition and parameter choices for SampleEntropy may be found in 
Refs. [60,61]. 

Permutation entropy has demonstrated a very good anti-noise 
capability and a low computational complexity [62,63], and was 
therefore used in this study (abbreviated as PermutEntropy) to describe 
the complexity of the EEG signals. 

The Hurst Exponent (abbreviated as HurstExp) was proposed in 1951 
to quantize the long-term correlations in a time-series variable [64]. The 
HurstExp feature is usually calculated by the R/S method [65,66], and a 
value in the range [0.5, 1] demonstrates the existence of long-range 
dependence. 

Non-static and non-stationary time-series variables can also be 
described by fractal patterns, e.g., using detrended fluctuation analysis 
(DFA) [67] and the Petrosian fractal dimension (PFD) [68]. DFA can 
robustly describe the fractal characteristics and self-similarity in a 
non-stationary time-series variable [67], while the fractal dimension 
describes the self-similarity within a time-series variable and demon
strates a better temporal resolution than Fourier analysis [68–70]. The 
Petrosian version of fractal dimension (PFD) was utilized in this study, as 
it has shorter time requirements [69,70]. 

The Hjorth parameters were proposed by Bo Hjorth in 1970 to 
describe EEG signals [71], and we utilized the Hjorth mobility and 
Hjorth complexity to detect seizures. The Hjorth mobility is defined as 

HjorthMobilityðXðtÞÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðdXðtÞ = dtÞ = var ðXðtÞÞ

p
(2)  

where var(X(t)) is the variance of the variable X(t), while the Hjorth 
complexity is defined as 

HjorthComplexityðXðtÞÞ¼HjorthMobilityðdXðtÞ = dtÞ =HjorthMobilityðXðtÞÞ
(3)  

2.7. Feature selection algorithms 

Various feature selection algorithms were utilized to find a feature 
subset that outperformed the list of 638 original features extracted from 
the EEG signals. Filters are the simplest form of feature selection and 
usually have the lowest time complexity [72]. The student’s t-test (Ttest) 
is a widely-used statistical test for evaluating the difference in a feature 
between two groups of samples [5,73,74]. The statistical p-value of a 
Ttest evaluates the null hypothesis in which the distributions of a given 
feature in two groups of features are identical to each other. Only fea
tures with p � 0.05 are selected for further analysis. The rank sum test 
(Utest) evaluates whether a feature was collected from two populations 
with the same distribution, and does not assume that this feature follows 
a normal distribution [75,76]. The same p-value threshold of 0.05 is 
applied to select features using a Utest. In this study, we ranked the 
features in descending order based on their accuracy, calculated using a 
5-fold cross-validation strategy and two classifiers: a support vector 
machine (SVM) with a linear kernel [77] and the extreme gradient 
boosting algorithm (XGB) [78]. The top 50% of the features were kept 
for further analysis. These two filter feature selection strategies were 
denoted as Acc-SVM and Acc-XGB, respectively. 

Recursive feature elimination (RFE) is a popular feature selection 
framework [79] that iteratively trains a classification model over a 
feature set using the embedded classifier and removes the feature with 
the lowest feature coefficient returned by the trained model. The feature 
subset with the best 5-fold cross-validation accuracy is returned for 
further analysis. If multiple feature subsets achieve the same best ac
curacy, the one with the fewest features is returned. Any classifier may 

be embedded in RFE as long as it returns the feature coefficients after the 
classification model is trained. The most popular embedded classifier is 
an SVM [80]. 

Another feature elimination framework BackFS has also been uti
lized to remove features in an exhaustive way [5,81]. BackFS does not 
assume that the coefficients from the trained model are positively 

Fig. 2. Seizure detection performance of 10 classifiers using raw EEG data 
(Raw) and extracted features (FE). Values were calculated using 5-fold cross- 
validation for (a) accuracy, (b) MCC and (c) Kappa for each classifier on the two 
datasets (Raw and FE). (d) Difference in detection performance between the FE 
and raw data. Five performance measurements (Acc, Sn, Sp, MCC and Kappa) 
were evaluated. 
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correlated with the importance of each feature. In each round of the 
iteration, BackFS removes a feature if this achieves the smallest decrease 
in the accuracy of the embedded classifier. Any classifier can be 
embedded, and BackFS is used as a wrapper framework. 

2.8. Classification algorithms 

Ten popular classifiers were utilized in this study. SVM is a fast and 
effective classifier in many cases of binary classification problems, and 
calculates a hyperplane to maximize the margins between two groups of 
samples within the hyperspace, using a given kernel function [77]. In 

this study, we utilized two popular kernel functions for SVM, the 
Gaussian and linear kernels. These two models are abbreviated as 
rbfSVM and lSVM, respectively. 

Two simple classifiers were evaluated, the k-nearest neighbors 
(KNN) and naive Bayes (NBayes) approaches. KNN utilizes the essence 
of a classification problem (i.e., the intra-class similarity) and assigns a 
class label to a sample based on majority voting by the sample’s k 
nearest neighbors [82], where the default value of k is 5. NBayes as
sumes inter-feature independence and calculates the likelihood of a 
sample being in each class, based on Bayes’ theorem [83]. This study 
used a Gaussian kernel NBayes approach. A logistic regression (LR) bi
nary classifier was evaluated in this study; both L1-and L2-regulariza
tions were used as loss functions to avoid overfitting, and are denoted as 
LR-L1 and LR-L2, respectively [84]. 

Tree-based learning algorithms form another popular family of 
classifiers. The classification and regression tree (CART) is a widely used 
classifier with low model complexity and fast running speed [85]. A 
CART-based decision tree classifier was evaluated, referred to here as 
the DTree algorithm. 

Boosting is an integration strategy that can create a strong classifier 
by summarizing the results of multiple weak classifiers [86]. Adaptive 
boosting (AdaBoost) was proposed by Freund and Schapire [87] in 1997 
to generate a boosting classifier in an adaptive manner [88,89]. The 
AdaBoost algorithm is a meta-algorithm and can be integrated with 

many supervised learning algorithms. Another popular boosting algo
rithm is the gradient-boosted decision tree (GBDT), which can be used to 
solve both classification and regression problems [90–92]. Chen and 
Guestrin recently proposed a scalable tree boosting system (XGB), which 
has a very fast running speed and is a scalable end-to-end boosting 
system [78]. 

2.9. Performance measurements 

In this study, we used a 5-fold cross-validation strategy to evaluate 
how well each model performed for a binary classification problem, 
using the measures of accuracy, sensitivity, and specificity. Let P and N 
be the numbers of positive and negative samples, respectively. The 
performance measurement accuracy (Acc) is defined as the percentage 
of correctly detected samples, i.e., Acc¼(TP þ TN)/(P þ N), where TP 
(true positive) and TN (true negative) are the numbers of correctly 
detected positive and negative samples, respectively. 

Sensitivity (Sn) and specificity (Sp) are defined as the ratios of 
correctly detected positive and negative samples, respectively. Hence, 
sensitivity Sn ¼ TP/P, and specificity Sp ¼ TN/N. The numbers of 
incorrectly detected positive and negative samples were defined as FP 
(false positive) and FN (false negative), respectively. 

The Matthews correlation coefficient (MCC) and Kappa are also used 
to evaluate the performance of our approach. The range of MCC is be
tween zero and one, with one representing the best classification result. 
MCC is defined as 

MCC¼ TP� TN � FP

� FN
. ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðTPþ FPÞ � ðTPþ FNÞ � ðTN þ FPÞ � ðTN þ FNÞ

p
(4) 

The Kappa metric (also called Cohen’s kappa) is a coefficient for the 
qualitative (categorical) samples [93,94] that takes values in the range 
[0, 1]. Kappa is defined as 

Kappa¼ðAcc � peÞ=ð1 � peÞ (5)     

3. Results and discussion 

3.1. Extraction of features from raw EEG data 

Equal numbers of positive and negative samples were collected from 
each patient for further analysis, as shown in Table 1. Hence, the number 
of sample pairs collected from each patient was the minimum of the 
numbers of positive and negative samples for this patient. A total of 
1260 pairs of samples were collected from all patients. 

Two families of features were extracted from each channel of a given 
EEG sample, i.e., the time domain and the nonlinear domain, as shown 
in Table 2. We calculated 21 time-domain features from each 6 s EEG 
sample. The MinMaxHist feature extraction algorithm was used to 
generate 10 features (MinMaxHist1 to MinMaxHist10) from a given EEG 
sample. Five basic statistics metrics were also calculated: the maximum 
(maxX), minimum (minX), mean (meanX), standard deviation (stdX) 
and variance (varX) for this sample, giving a one-dimensional vector 
with 6 s � 256 Hz ¼ 1536 data points. Five further time-domain metrics 
were also defined to describe the EEG signals: the total variance 

Table 2 
Summary of the features extracted from the EEG signals. Two families of 
features were used in this study, from the time domain and the nonlinear 
domain. The columns marked “Abbreviation” and “Description” give abbrevia
tions and basic descriptions of these extracted features, while the column 
marked “Number” gives the number of features extracted for each row.  

Family Abbreviation Description Number 

Time 
domain 

MinMaxHist1- 
MinMaxHist10 

Waveform 10 

maxX, minX, meanX, stdX 
and varX 

Maximum, minimum, mean, 
standard deviation and 
variance of a given variable X 

5 

totalVariation, Skewness, 
Kurs, RMS, and peak 

Total variation, skewness, 
kurtosis, root mean square, 
and peak 

5 

PARS peak-to-average power ratio 1 

Non- 
linear 
domain 

WaveletEntropy, Sample 
Entropy and 
PermutEntropy 

Wavelet, sample and 
permutation entropy 
measurements 

3 

HurstExp Hurst exponent 1 
DFA Detrended fluctuation 

analysis 
1 

PFD Petrosian fractal dimension 1 
HjorthMobility and 
HjorthComplexity 

Hjorth parameters: mobility 
and complexity 

2  

pe ¼ ½ðTP� FPÞ þ ðTP� FNÞ þ ðTN� FPÞ þ ðTN� FNÞ� =ðTPþ TNþ FPþ FNÞ2 (6)   
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(totalVariance), skewness (Skewness), kurtosis (Kurs), root mean square 
(RMS) and peak (Peak). The peak-to-average power ratio (PARS) was 
also calculated as a feature. 

We also calculated eight nonlinear features to describe the EEG 
signals, as shown in Table 2. Three types of entropy were calculated: the 
wavelet entropy (WaveletEntropy), sample entropy (SampleEntropy), 
and permutation entropy (PermutEntropy). Three other widely used 
nonlinear features were also calculated: the Hurst exponent (HurstExp), 
detrended fluctuation analysis (DFA), and Petrosian fractal dimension 
(PFD). The Hjorth parameters of mobility (HjorthMobility) and 
complexity (HjorthComplexity) were also used due to their discrimina
tive capabilities. 

3.2. Detection of seizures using raw EEG data and extracted features 

Overall, the extracted features achieved better seizure detection 
performance than the raw EEG data, as shown in Fig. 2. The best values 
of Acc, MCC, and Kappa for seizure detection were achieved by the 
classifiers on the extracted features (dataset FE), as shown in Fig. 2(a–c). 
The GBDT and XGB boosting classifiers were the best performing. GBDT 
achieved the best values of Acc (0.8210) and MCC (0.6761), while the 
second-best classifier achieved values of 0.8190 for Acc and 0.6723 for 
MCC. The third best classifier, AdaBoost, achieved values of around 0.80 
for Acc and 0.6138 for MCC. The other classifiers did not achieve values 
of Acc larger than 0.80 or MCC larger than 0.6. These results demon
strate that the boosting classifiers gave good performance for this 
problem. 

We also demonstrated that this step achieved better detection per
formance by utilizing the features extracted from the EEG signals. Fig. 2 
(d) displays the results of dataset FE minus the results of raw EEG data, 

in order to show the differences between the two sets of results. The 
experimental results showed that except for rbfSVM, the classifiers 
achieved better seizure detection performance, with average improved 
values using the extracted features of 0.0918, 0.1819 and 0.1859 for 
Acc, MCC and Kappa, respectively, compared to using the raw EEG data. 
The largest improvement in Acc (0.1900) was achieved by the KNN 
classifier. The rbfSVM classifier performed in the same way as a random 
classifier, with a value of Acc of around 0.5000 using both raw EEG data 
and the extracted features, meaning that the small improvement in ac
curacy for rbfSVM between the dataset FE and raw EEG may be simply 
due to chance. 

It was therefore essential to extract features from the EEG signals in 
the time and nonlinear domains in order to achieve better seizure 
detection performance. 

The DFA and Hurst exponent features describe the general patterns 
in seizure EEG signals [95,96], and have been widely used to detect 
epileptic seizures based on EEG data [96,97]. In this study, we evaluated 
the classification performance of these two feature types alone and 
compared it with all feature types. The XGB classifier achieved the best 
classification performance (Acc ¼ 0.7901, MCC ¼ 0.6057, Kappa ¼
0.5802) using these two feature types, i.e., DFA and HurstExp. When all 
types of features were used, the XGB classifier again achieved the best 
classification model, with Acc ¼ 0.8190, MCC ¼ 0.6723 and Kappa ¼
0.6381. Both the experimental data and the literature suggest that these 
two general features (DFA and HurstExp) can contribute to the problem 
of epileptic seizure detection using EEG signals. 

3.3. Finding seizure-associated features using filters 

Due to the inherently noisy nature of the data, it is always 

Fig. 3. Heatmap of the performance of 10 classifiers on five feature sets. The FE feature set was the original list of all 638 features extracted from an EEG sample. 
The other four feature sets were selected using four filters: Ttest, Utest, Acc-SVM and Acc-XGB. The (a) accuracy, (b) MCC and (c) Kappa were calculated using each of 
the 10 classifiers with a 5-fold cross-validation strategy. The column marked AvgC gives the average value for each classifier, while the column marked AvgFS gives 
the average value for each feature set. 
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challenging to accurately identify phenotype-associated patterns in EEG 
signals [43,44,52]. Some EEG-extracted features may be removed in 
order to refine EEG-based detection models for various biomedical is
sues, e.g., treatment responses for depressive disorders [98]. 

First, we evaluated four filter algorithms for finding seizure- 
associated features. Each sample contained 22 channels, and 29 fea
tures were calculated for each of these channels, meaning that the 
original FE feature set for each sample in this study had 22 � 29 ¼ 638 
features. The Ttest and Utest filters were used to select 320 and 419 
features, respectively, with p � 0.05, while Acc-SVM and Acc-XGB were 
used to select 319 features. All four filters assumed that the features 

were independent of each other and the features were ranked based on 
the discriminative power of each feature individually [57,72,99]. The 
features were scaled to a [0, 1] normal distribution. 

Fig. 3 demonstrates that the use of these four simple filters can 
improve the seizure detection model for nine of the 10 classifiers. The 
largest improvement of 0.1320 in the value of accuracy was achieved by 
the lSVM model with the Ttest-selected features. No improvement was 
achieved by the four filter algorithms for the NBayes classifier. The 
GBDT boosting classifier needed all 638 features to achieve its best 
classification accuracy. It was also interesting to observe that the three 
top-performing models were trained with the ensemble classifiers, i.e., 

Fig. 4. Comparison of the detection perfor
mance of filters and filter-embedded RFE algo
rithms. The FE feature set contained a list of all 
638 features extracted from the EEG signals. The 
other four feature sets were first selected using four 
filters: Ttest, Utest, Acc-SVM and Acc-XGB. The 
column marked Filter gives the seizure detection 
performance for the original and filter-selected 
features, while the column marked FilterRFE 
gives the detection performance for features that 
have been further screened using a filter-embedded 
RFE strategy. A filter was embedded for the FE- 
based RFE process, and the detection performance 
was evaluated based on (a) Acc, (b) Sn and (c) Sp, 
calculated using 5-fold cross-validation and the 
best classifier (XGB) identified in the previous 
section. The numbers of features are shown in (d).   
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XGB (Acc ¼ 0.8210, MCC ¼ 0.6779 and Kappa ¼ 0.6413), GBDT (Acc ¼
0.8210, MCC ¼ 0.6761 and Kappa ¼ 0.6429) and AdaBoost (Acc ¼
0.8004, MCC ¼ 0.6332 and Kappa ¼ 0.6008). Although both XGB and 
GBDT achieved the best value of 0.8210 for Acc, XGB (320 features) 
achieved a better MCC of 0.6779 and used only about half of the features 
compared with GBDT (638 features). The principle of Occam’s Razor 
suggests that a simple model with a similar detection performance 
should be preferred over a complex one [100,101]. Hence, the experi
mental data suggest that a feature selection step can be utilized to 
further improve the seizure detection model based on the features 
extracted from an EEG. 

3.4. Finding a better feature list using filter-embedded RFEs 

This section evaluates how the features can be refined by filter- 
embedded RFE strategies, as shown in Fig. 4. The best classifier identi
fied in the previous section, XGB, was then utilized to evaluate a given 
feature subset. The RFE strategy eliminates one feature per iteration of 

model training. 
FE-RFE achieved the best seizure detection accuracy (Acc ¼ 0.8512), 

as shown in Fig. 4(a). The RFE strategy improved the results for all four 
filter algorithms, with a minimum improvement in Acc of 0.0198. It was 
also interesting to observe that the detection performance Acc/Sn/Sp 
was improved by the RFE strategy in all cases, as shown in Fig. 4(b) and 
(c). The RFE strategy also reduced the number of features by at least 
91%, as shown in Fig. 4(d), thus demonstrating its power to improve 
features extracted from an EEG for better classification performance. 

3.5. Selection of features using classifier-embedded RFEs 

Six classifiers were evaluated in terms of their performance as the 
embedded classifier in the RFE framework, as shown in Fig. 5. The three 
classifiers lSVM, LR-L1 and LR-L2 performed the worst, with an average 
accuracy of only about 0.7690, while the other three classifiers achieved 
values of at least 0.8300. XGB and GBDT achieved the best detection 
accuracy of 0.8512 on the FE features. A larger difference between Sn 
and Sp was seen for GBDT (Sn ¼ 0.7992 and Sp ¼ 0.9032), while XGB 
achieved values of 0.8056 and 0.8968 for Sn and Sp, respectively. XGB 
was identified as the best embedded classifier, since it used only 11 
features to achieve the same seizure detection accuracy as GBDT, which 
used 19. 

3.6. Removal of redundant features using BackFS 

The union of the 11 detected features and MinMaxHist features was 
refined using the BackFS strategy, as shown in Table 3. Thirty features 
were chosen to achieve the overall best values of Acc, MCC and Kappa of 
0.8627, 0.7504 and 0.7254, respectively, using the XGB classifier as 
shown in Fig. 6. The values of Acc, MCC and Kappa for MinMaxHist 
features were 0.0464, 0.084 and 0.0929 higher, respectively, than for 
classification without the MinMaxHist features. The final results for Acc, 
MCC and Kappa showed that the proposed method achieved a more 
accurate classification. From Fig. 6, it can be seen that the best results 
were obtained when XGB was used as the classifier for the input feature 
matrix. The second best classifier, GBDT, was also an ensemble classi
fier. This observation suggests that ensemble classifiers may be good 
choices for modeling EEG-based classification problems, as shown in 
Fig. 6. The NBayes classifier achieved imbalanced values of Sn ¼ 0.1540 
and Sp ¼ 0.9381, suggesting that the features extracted from the EEG did 
not facilitate the calculation of the Bayesian probabilities. 

The final list of 30 features consisted of 21 MinMaxHist features and 
nine other features, as shown in Table 3. The nine other features were 
shared with the best subset of 11 features selected in the previous sec
tion. The RMS for channel T7_P7 and PermutEntropy for channel P7_O1 

Fig. 5. Evaluation of the RFE strategy using various embedded classifiers. 
The detection performance was evaluated based on (a) Acc, (b) Sn, (c) Sp and 
(d) FNum (feature number). The six embedded classifiers were lSVM, LR-L1, 
LR-L2, AdaBoost, GBDT and XGB. 

Table 3 
List of the 30 features selected by BackFS. The columns marked “No.” and 
“Channel” give the IDs and channels for the features, while the feature names are 
given in the column marked “FeatureName”.  

No. Channel FeatureName No. Channel FeatureName 

1 P7_O1 MinMaxHist8 16 C3_P3 MinMaxHist2 
2 F4_C4 MinMaxHist2 17 T7_FT9 MinMaxHist7 
3 T8_P8 MinMaxHist4 18 P7_O1 MinMaxHist2 
4 P7_O1 MinMaxHist3 19 P7_T7 MinMaxHist3 
5 FT10_T8 MinMaxHist2 20 T7_FT9 MinMaxHist2 
6 FT9_FT10 MinMaxHist4 21 T8_P8 RMS 
7 FP1_F7 MinMaxHist5 22 T7_FT9 HjorthMobility 
8 F7_T7 MinMaxHist2 23 T7_P7 HjorthMobility 
9 T7_P7 MinMaxHist3 24 FT9_FT10 MinMaxHist5 
10 FP2_F4 MinMaxHist1 25 T7_P7 meanX 
11 FP2_F8 MinMaxHist2 26 T7_FT9 PFD 
12 C4_P4 MinMaxHist1 27 P3_O1 DFA 
13 P8_O2 MinMaxHist2 28 FP2_F4 PermutEntropy 
14 F3_C3 MinMaxHist2 29 FT9_FT10 totalVariation 
15 P8_O2 MinMaxHist7 30 FT9_FT10 RMS  
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were not selected. This demonstrated that the MinMaxHist features 
extracted from the EEG signals exhibited the seizure-specific EEG pat
terns, and had potential applications in the EEG-based detection of other 
diseases. 

3.7. Performance of patient-specific seizure detection 

Many existing EEG-based seizure detection studies have focused on 
patient-specific models [38], in which a separate model is trained for 
each patient using EEG data from that patient. This approach is expected 
to give a higher seizure detection accuracy than the patient-independent 
model investigated in this study. We therefore carried out a comparative 
experiment to investigate whether the optimized feature selection pro
cedure developed in this study can help to improve the classic 
patient-specific approach. Fig. 7 illustrates that the procedure developed 
in this study improved the accuracy of detection in the patient-specific 
approach, with an average improvement of 0.0233 in the value for 
Acc, as shown in Fig. 7(a). The values of Sn, Sp, MCC and Kappa were 
improved by 0.0346, 0.0141, 0.0509 and 0.0546, respectively, as shown 
in Fig. 7(c–f). A total of 638 features were extracted from the EEG sig
nals, and our feature selection procedure selected at most six of these for 
patient-specific seizure detection models, for all patients except chb11. 
Our procedure selected 51 features, and achieved a seizure detection 
accuracy that was only 0.0071 lower than that of the “Raw” model, as 
shown in Fig. 7(b). The average values of Acc, Sn, Sp, MCC and Kappa 
were 0.9828, 0.9893, 0.9764, 0.9674 and 0.9655, respectively. The 
value of Sn (0.9893) obtained in our study was higher than the value of 
Sn (0.96) reported in the prior study [38]. 

3.8. Performance of semi-patient-specific seizure detection 

Haoqu and Gotman proposed a semi-patient-specific approach in 
their study, with results that were better than non-specific but worse 
than patient-specific models [102]. Their experiment used 
semi-patient-specific information including a seizure from one patient 
and interictal EEG signals from many other patients to train a classifier 
for the seizure patient. The classifier was trained in this way for each 
patient. We used the algorithm proposed in this work to carry out a 
semi-patient-specific experiment and obtained a value of 0.8849 for the 
accuracy of detection for the onset of epileptic seizures. This result was 
higher than the non-patient-specific model and lower than the 
patient-specific model. This conclusion was consistent with that of 
Haoqu and Gotman, and our method achieved a higher accuracy. The 
non-specific method used EEG signals from all patients to train each 
classifier. Although this method did not perform as well as the other two 

specific methods, it has a wider range of applications. 

3.9. Comparison with existing studies 

Various machine learning algorithms for automatic seizure detection 
have been proposed by other researchers. We carried out a compre
hensive comparison between the model proposed in this study and 
existing models, as shown in Table 4. 

The open dataset CHB-MIT has been widely used to evaluate seizure 
detection algorithms. Vidyaratne et al. [38] used the feature extraction 
algorithm harmonic wavelet packet transform (HWPT) and a classifier 
relevance vector machine (RVM) to achieve a seizure detection sensi
tivity of 0.96. Raghu et al. [103] used DWT-based sigmoid entropy in the 
time and frequency domains to extract features, and applied the SVM 
classifier, which achieved a sensitivity of 0.9421. Kaleem et al. [104] 
detected seizures based on signal-derived empirical mode decomposi
tion (EMD)-based dictionary approach, and obtained average values for 
accuracy, sensitivity and specificity of 0.929, 0.943 and 0.915, respec
tively. Xiang et al. [105] used fuzzy entropy to extract features and 
achieved average values for accuracy, sensitivity and specificity of 
0.9831, 0.9827 and 0.9836, respectively. In comparison, a model 
trained with the proposed method for each patient can achieve average 
values of accuracy, sensitivity and specificity of 0.9828, 0.9893 and 
0.9764, respectively. These experimental results suggest that the pro
posed method is superior. Although the accuracy reported by Bhatta
charyya et al. [106] was slightly better than in our study, their work was 
patient-dependent, and cannot be easily applied to new patients. 

From a comparison with patient-independent studies that used the 
CHB-MIT dataset, we found that our proposed method achieved better 
results, as shown in Table 4. Our method required on 6 s to analyze and 
process the raw data, whereas in Ref. [46], the reported sampling time 
was 60 s. Although the values for the sensitivity and specificity of these 
authors’ results were 0.93 and 0.94, the SMOTE over-sampling algo
rithm was used for data processing, and the sampling time was almost 10 
times as long as ours. Before the SMOTE method was used, the sensi
tivity and specificity of the experimental results reported in Ref. [46] 
were both 0.88. In comparison, if the sampling time was extended to 60 s 
in our method, the values of sensitivity and specificity would reach 
0.8896 and 0.9310. In Ref. [107], the author used a neural network 
classifier to analyze the dataset, and obtained a sensitivity value of 0.85; 
however, the sampling time reported in this paper was 30 s. With an 
equivalent sampling time, the sensitivity and specificity of our algorithm 
reached 0.8967 and 0.9393, respectively, i.e. our method gives superior 
results. 

Fig. 6. Seizure detection performance of eight classifiers on the 30 features selected by BackFS. The horizontal axis lists the classifiers, while the vertical axis 
shows the detection performance measurements. 
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3.10. Evaluation of the proposed method on a new corpus 

We also evaluated the proposed method on an independent dataset. 
The THU EEG corpus was released by the American Clinical Neuro
physiology Society, and contains many types of EEG signals for use in 
various studies [108]. We selected the THU EEG Seizure corpus, a subset 
of the THU EEG Corpus with files that are known to contain seizure 
events. There were 929 EEG files in this corpus, 217 of which were 
samples of epileptic seizures. The EEG signals in this corpus were 
collected from 43 real epileptic patients, and had not been processed. 
The corpus contained male and female patients of various ages, for 

whom the causes of the disease were different. There are both eye 
movements and artifacts in the EEG signals, and we can therefore treat 
this dataset as a real clinical dataset. We evaluated our method on this 
corpus, and achieved values for seizure prediction of Acc, Sn, and Sp of 
0.8021, 0.80, and 0.8088, respectively. Although the performance of our 
method in this case was slightly lower than that for the CHB-MIT 
dataset, this corpus contained more patients and more causes of epi
lepsy, the patients had a larger age range, and the EEG signals contained 
more noise and artifacts. This independent corpus was therefore similar 
to a realistic clinical dataset, and the proposed method demonstrated a 
reasonable seizure prediction performance. 

Fig. 7. Improving the classic patient-specific seizure detection model. An optimized feature selection procedure was applied to the classic model of patient- 
specific seizure detection. The detection performance was measured based on (a) Acc, (b) FNum (number of features), (c) Sn, (d) Sp, (e) MCC and (f) Kappa. The 
data series “Raw” refers to patient-specific seizure detection using all the extracted features, while the data series “FS” refers to detection models with features 
selected using the feature selection procedure optimized in the previous sections. 
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4. Conclusions 

Epileptic seizure is a nervous system disorder that does not directly 
cause lethal damage to patients; however, seizures can substantially 
impact the quality of life of patients, and can give rise to major mental 
pressures. The accurate detection of seizures may provide vital infor
mation to help both patients and their family members to maintain their 
daily routines and quality of life. 

This study focused on the patient-independent seizure detection 
problem, which is more challenging to solve than the classic patient- 
specific seizure detection problem. Many existing studies have focused 
on patient-specific seizure detection, which requires dozens of seizures 
to be recorded for a specific patient before a seizure detection model for 
that patient can be well trained. Our patient-independent seizure 
detection model can be easily deployed for a given patient without 
requiring recordings of previous seizures. 

By integrating the proposed feature extraction algorithm (Min
MaxHist) with several existing algorithms, we generated a seizure 
detection model that achieved classification values of 0.8627, 0.7504 
and 0.7254 for Acc, MCC and Kappa, respectively. This model also used 
only 30 features, and we did not consider other possible features. It is 
possible that the integration of more feature extraction methods will 
improve the experimental results, and further combinations of features 
may also be tried in the future. The optimized feature selection pro
cedure in this study was also shown to improve the classic patient- 
specific seizure detection model. 

Data availability 

The dataset used in this experiment was downloaded on May 4, 
2018, and can be obtained from https://www.physionet.org/content/ch 
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