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Abstract: Classification of electroencephalogram (EEG) signals for humans can be achieved via artificial intelligence (AI) techniques. Especially, the EEG signals associated with seizure epilepsy can be detected to distinguish between epileptic and non-epileptic regions. From this perspective, an automated AI technique with a digital processing method can be used to improve these signals. This paper proposes two classifiers: long short-term memory (LSTM) and support vector machine (SVM) for the classification of seizure and non-seizure EEG signals. These classifiers are applied to a public dataset, namely the University of Bonn, which consists of 2 classes –seizure and non-seizure. In addition, a fast Walsh-Hadamard Transform (FWHT) technique is implemented to analyze the EEG signals within the recurrence space of the brain. Thus, Hadamard coefficients of the EEG signals are obtained via the FWHT. Moreover, the FWHT is contributed to generate an efficient derivation of seizure EEG recordings from non-seizure EEG recordings. Also, a k-fold cross-validation technique is applied to validate the performance of the proposed classifiers. The LSTM classifier provides the best performance, with a testing accuracy of 99.00%. The training and testing loss rates for the LSTM are 0.0029 and 0.0602, respectively, while the weighted average precision, recall, and F1-score for the LSTM are 99.00%. The results of the SVM classifier in terms of accuracy, sensitivity, and specificity reached 91%, 93.52%, and 91.3%, respectively. The computational time consumed for the training of the LSTM and SVM is 2000 and 2500 s, respectively. The results show that the LSTM classifier provides better performance than SVM in the classification of EEG signals. Eventually, the proposed classifiers provide high classification accuracy compared to previously published classifiers.
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1  Introduction

Almost 1% of people in the world suffer from epilepsy, a disease in which seizures ocuur repeatedly [1]. Epilepsy limits human’s behavior because of abnormal electrical signals in the brain. Patients experience different symptoms based on the location of the brain’s abnormal signals. When a seizure occurs, patients may lose consciousness and there is a danger of injury or even death. Epilepsy is caused by the occurrence of seizures regularly, and epilepsy represents a nervous system syndrome [2]. Its recurrence occurs due to disability in the body’s movement [3]. More than 60% have epileptic seizures, while only 20% have generalized epilepsy. These percentages are according to the international league against epilepsy [4]. The essential requirement for neurosurgeons is the test of the epileptogenic zone (EZ) prior to the surgical step. One of the non-invasive diagnostic tools is the EEG, which can be classified via machine and deep learning classifiers [5–14]. It is used to track the characteristics of brain activity [15]. Scalp EEG is a technique used to involve placing sensors on the scalp for a brief duration of time. The traditional EEG-based technique for epilepsy diagnosis is tested by eminently qualified neurologists and doctors [16]. In this paper, two classifiers: LSTM and SVM with an FWHT technique, are proposed to classify EEG signals, and the objective of the paper is to increase the classifiers’ accuracy. The FWHT technique decomposes non-seizure and seizure signals and is utilized to extract the features from the decomposed EEG signals. In other words, the FWHT is employed to transform the domain of the signals (i.e., from time to frequency domain). The SVM classifier is applied with the FWHT technique. This classifier is used to classify the retrieved features in order to assess the proposed work’s performance in categorizing non-seizure and seizure EEG signals. The LSTM and SVM classifiers are tested on the dataset available [17], namely the University of Bonn dataset. The primary contributions of the paper are highlighted as follows:

•   Implementing the LSTM and SVM classifiers to classify EEG signals;

•   Applying the FWHT technique to generate an efficient derivation of seizure EEG recordings from non-seizure EEG recordings, and analyzing the EEG signals within the recurrence space;

•   Achieving the highest test accuracy of the two proposed classifiers by evaluating their performance via various evaluation metrics with the University of Bonn dataset;

•   Validating the performance of the proposed classifiers by the technique of k-fold cross-validation.

The organization of the paper is as follows: Section 2 reviews the related work. Section 3 explains the methodology of the proposed classifiers, illustrates the architectures of the LSTM and SVM classifiers with the FWHT technique, clarifies how to capture features based on EEG signals, and introduces the dataset description of EEG signals. Section 4 covers the results, while Section 5 presents a discussion of these results. Section 6 introduces the conclusions of the presented work.

2  Related Work

In the literature, several classifiers have been developed as tools to help neurologists identify the EZ. In [18], Obaid et al. introduced many machine learning classifiers for healthcare challenges [19] to support a solution. In [20], Sharma et al. presented an LS-SVM classifier depended on the tunable-Q wavelet transform, which was employed in the separation of the non-seizure and seizure. In [21], a best first decision tree (BFDT) classifier was proposed to identify non-seizure and seizure, which entails testing the performance of creating an output using 50 combinations of non-seizure and seizure EEG signals. Arunkumar et al. [22] presented calculations to the sample entropy, Reyni’s entropy, and approximate entropy for electroencephalogram raws and fed them into a non-nested generalized exemplars (NNGE) classifier to separate the non-seizure and seizure which achieved an accuracy of 98%. In [23], Sharma et al. proposed orthogonal wavelet filter banks to decompose sub-bands and achieved high accuracy of 94.5%. Singh et al. [24] applied a neighborhood component analysis (NCA) with a support vector machine (SVM) classifier to categorize the non-seizure and seizure EEG signals, with a sensitivity of 97.6%, an accuracy of 96.1%, and a specificity of 94.4%.

In [25], Bhattacharyya et al. presented analyzing of the EEG signals depending on the empirical wavelet transform (EWT). Sriraam et al. [26] applied an SVM classifier to classify non-seizure and seizure, which was implemented based on many features. This classifier improved the testing accuracy, specificity and sensitivity to 92.15%, 89.74%, and 94.56%, respectively. In [27], Zhu et al. localized the EZ via a delay permutation entropy (PermEn) technique with an SVM classifier. In [28], Deivasigamani et al. proposed a design of an adaptive neuro-fuzzy inference system (ANFIS) for discriminating between non-seizure and seizure cases. This classifier enhanced the specificity, accuracy, and sensitivity to 100%, 98.5%, and 98%, respectively. In [29], an LS-SVM classifier tacked the entropy features, which were captured from the EEG signals [20] to identify the seizure. For this classifier, the accuracy reached 82%. In [30], a genetic algorithm (GA) was presented to choose the optimum features from statistical features, which were extracted from a discrete wavelet transform (DWT). This algorithm was utilized to extract the features, and the best performance was achieved by engaging. In [31], non-seizure and seizure signals were identified via an empirical mode decomposition (EMD) technique with an SVM classifier to obtain the extracted entropy features, to achieve 86.89% accuracy. In [32], Bashar et al. introduced a linear discriminant analysis (LDA) with an SVM classifier to discriminate among non-seizure and seizure EEG signals. However, the achieved accuracy of this technique was 79.20%. All classifiers in the reviewed literature still need enhancements to obtain. Table 1 presents a comparison between the literature review.
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3  Methodology

The LSTM and SVM classifiers are employed here to classify EEG signals. The proposed classifiers are chosen due to their robust performance. The LSTM is discovered to be convenient for processing data that consists of time series [33]. The advantage of the LSTM is avoiding the problem of vanishing gradient [34]. The SVM has several advantages; it performs well when a number of samples is less than a number of dimensions. Thus, the SVM classifier is effective with high dimensional spaces [35]. Fig. 1 shows the block diagram of the proposed classifiers. A pre-processing is applied to the utilized dataset, then the data is split into two parts: the first part is used for training phase, while the second part is utilized for testing phase. Also, hyper-parameters of the proposed classifiers are tuned during the training process. The hyper-parameters of the proposed classifiers i.e., the loss and activation functions, the optimizer type, learning rate, number of training epochs, dropout rate, batch size, and number of neurons for the utilized layers in the proposed classifiers, are found to significantly affect the accuracy of the proposed classifiers, and high performance achieved is highly correlated to the optimal settings applied. After the training, the best classifier is evaluated using different evaluation metrics.
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Figure 1: The block diagram of the proposed classifiers

3.1 Long Short-Term Memory (LSTM)

Fig. 2 and Table 2 illustrate the proposed LSTM classifier architecture. The classifier consists of an input layer, five LSTM layers, three dropout layers, a fully connected layer, and an output layer. The input layer receives one channel of EEG data. The input shape of the channel has a length of 178 and 1 feature. The LSTM layers are applied with a ReLU activation function. They are used to capture time series features. The LSTM layers have a different numbers of neurons, i.e., 64, 128, and 32. The dropout layers drop 20% of the neurons. The fully connected layer is set to 250 neurons. The layer of output utilizes a sigmoidal function. The input layer, namely a LSTM layer, while the output layer is represented by a Dense layer. For this classifier, a cost function is utilized to assess the loss between the actual and the expected values. The utilized optimizer for this LSTM is Adam. This classifier is learned for 50 training epochs with a batch size of 200. The total trainable parameters are 447, 733. The hidden units of the LSTM layers include three gates with a memory cell. These gates are input, forget, and output [36]. These gates are calculated via Eqs. (1)–(3) [36], while Eqs. (4)–(6) [36] represent ĉ(t), Ct, and ht parameters, where ĉ(t) is a new cell state, Ctrepresents the current cell state, and ht is the current hidden state output of the current cell.

f(t)=σ(Wf[ht−1, xt]+bf)(1)

i(t)=σ(Wi[ht−1, xt]+bi)(2)

o(t)=σ(Wo[ht−1, xt]+bo)(3)

c^(t)=tanh(Wg[ ht−1, xt ]+bg)(4)

Ct=f(t)×Ct−1+i(t)×gt(5)

ht=o(t)×tanh⁡(Ct)(6)
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Figure 2: The proposed LSTM classifier architecture
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3.2 Support Vector Machine (SVM)

The proposed SVM classifier is implemented to categorize seizure and non-seizure EEG data. The theory of statistical learning in [37,38] is utilized to express the SVM classifier. A hyperplane is utilized in the proposed SVM to separate all the features related to EEG signals into distinct classes [37]. The mathematical formula of the SVM classifier and the expression for a kernel function are expressed in Eqs. (7) and (8) [39].

v(z)=sign [∑i=1Lai vi K(z, zi)+b](7)

K(z, zi)=exp⁡(−||z−zi||ρ2)(8)

In this work, the used values of ρ are from 0.1 to 2. The SVM classifier is utilized with a kernel function [40]. Also, a 5-fold cross-validation approach [41] is applied in this work to determine the accuracy, sensitivity, and specificity, which are described in Eqs. (9)–(11) [42]. Where T+ refers to true positive, T− represents true negative, F+ corresponds to a false positive, while F− refes to a false negative. The accuracy, sensitivity, and specificity are comprehensive metrics, and they are chosen due to their effectiveness in analyzing and evaluating the performance of the proposed classifiers.

Accuracy=T++T−T++T−+F++F−×100%(9)

Sensitivity=T+T++F−×100%(10)

Specificity=T−T−+F+×100%(11)

3.3 Support Vector Machine (SVM) with FWHT

Fig. 3 demonstrates the block diagram of the implemented SVM classifier with the FWHT technique. The proposed SVM is used to classify non-seizure and seizure EEG signals; it is based on the FWHT technique, which converts the EEG signals from time into frequency [43]. The features are extracted from EEG signals using the FWHT [44].
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Figure 3: Block diagram of the SVM classifier to classify the seizure and non-seizure pairs of EEG data

Walsh functions are created by decomposing the EEG signal in terms of rectangular waveforms with a series of orthogonal. Each function has a value of + 1 or −1 [45]. The FWHT technique is executed via functions of subtraction and addition. FWHT is a transformation used to recognize the EEG signals more accurately. The EEG signals’ samples with a 2n length are translated to 2n coefficients via the FWHT. Walsh Hadamard Transformation (WHT) is an example of a generic class of Fourier transforms. The WHT can convert an EEG signal into an orthogonal and non-sinusoidal signal. This method is accomplished by converting a signal into a series of rectangular and orthogonal signals known as Walsh functions. There are no multipliers in it either. The WHT can be used to compress EEG signals. It is suitable in the medical profession, due to it is faster in computing Walsh-Hadamard coefficients and requires less storage space [32]. Assume a signal x(t) has a length of N. For the x(t), the forward and inverse Walsh transformations pair are as follows:

yn=1N∑i=0N−1xi WAL(n,i), n=1,2,3,…N−1(12)

xn=1N∑i=0N−1yi WAL(n,i), n=1,2,3,…N−1(13)

where the WAL function is defined as follows:

For k = 1, 2, 3,….

WAL2k=(WAL2k−1WAL2K−1WAL2k−1−WAL2k−1)(14)

For k = 0

WAL1=1(15)

For k = 1, the WAL2 is:

WAL2=(111−1)(16)

For k = 2, the WAL4 is:

WAL4=(WAL2WAL2WAL2−WAL2)(17)

Substituting Eq. (10) into Eq. (11),

WAL4=(11111−11−111−1−11−1−11)(18)

Fig. 4 shows the Hadamard coefficients deconstructed for the Bonn datasets. The FWHT technique is a combining of a sequence of data with a length 1-N, and a Walsh matrix has a length N-N. The positives of this technique are: it needs a small amount of storage space for the decomposed coefficients. In addition, the reconstruction of signals is quicker. The signal length for the utilized FWHT is equal to a power of two. If the length of the signal is smaller than two, a compensating is considered for this loss “zeros are appended”. The FWHT is utilized to assess the signals of EEG based on the Bonn dataset. The sample size for this dataset is 4,096 “212”. Thus, there are 4,096 Hadamard coefficients.

[image: images]

Figure 4: Hadamard coefficients for the university of Bonn dataset

3.4 Feature Extraction

One of the essential phases in classifying the performance of the SVM is extracting the features of the EEG signals. Here, two features: MC [46] and EE [47], are used to recognize EEG data: seizure and non-seizure. The MC is used to investigate the nonlinear correlation between different stochastic processes using two Gaussian kernel functions kσ(A,B) [48]. The MC and kσ(A,B)  are calculated as follows:

MC=E[∅ kσ1(A, B)+(1−∅)kσ2(A, B)](19)

kσ(A,B)=ee−(A−B)22σ2(20)

where A and B are considered as random variables, E is the operator of expectation, while the mixture coefficient is ∅ which has a range of 0 ≤ ∅ ≤ 1. The bandwidth of each kernel function: kσ1(A, B) and kσ2(A, B) are controlled by σ1 and σ2. The values of σ1 and σ2 are selected from 0.1 to 2. The EE represents a measurement of signal strength measurement which is thought to be accurate. A discrete signal y(n) has a length H. EE can be expressed as follows [17]:

EE=∑n=1He−|y(n)2|ζ(21)

The function width is estimated by ζ, and the desired range for ζ is from 0.1 to 2. The mean of the characteristics generated from sub-band signals obtained after the decomposition of the ‘x’ and ‘y’ pairs EEG data was convenient for distinguishing seizure and non-seizure EEG signals [49–52].

3.5 University of Bonn Dataset

For the proposed classifiers, the trained EEG dataset is the Bonn dataset. It has 500 files of EEG records and contains EEG sectors of a single-channel with one hundred signals [17]. A and B are classes of the dataset, and represent audio recordings of healthy individuals opening and closing their eyes. The epileptic subjects in the C and D classes were recorded during the interictal period when seizures were not occurring. The epileptic subject’s records during seizure activity are classified as E class. A visual examination is used to remove artifacts. The classifying of non-seizure and seizure EEG data is the subject of this work. As a result, only classes C and D are utilized for this work. The EEG data with a length of 23.6 s is recorded from seizure epileptic individuals in the C and D groups. Electroencephalogram signals are recorded at EZ utilizing depth electrodes and classified as class D, while EEG signals are stored from the hippocampus formation of the opposite hemisphere of the brain and classified as class C. The sampling frequency of the signals is 173.61 Hz, and each EEG record has 4,096 samples. The signals in the collection have a total duration of 23.6 s. Fig. 5 depicts EEG signal samples from classes C and D.
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Figure 5: EEG signal samples of the dataset of the Bonn university

4  Experimental Results

The proposed LSTM and SVM classifiers are tested using non-seizure and seizure EEG recordings obtained from the University of Bonn dataset. Fig. 6 demonstrates the testing and training accuracy for the LSTM over 50 epochs. The training, yellow, curve starts at 65.11% and reaches 99.91%. Similarly, the test, green curve starts at 88.43% and increases to 99.00%. Fig. 7 represents the training and testing loss for the LSTM. The training loss starts from 0.9175 and decreases to 0.0029 after 50 epochs, while the test loss curve starts at 0.4755 and decreases to 0.0602.
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Figure 6: Training and testing accuracy curves for the LSTM classifier
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Figure 7: Loss curves of testing and training for the LSTM classifier

Table 3 presents a report of the assessing metrics for the LSTM. This report depends on the recall, precision, and F1-score of the LSTM classifier, to assess the performance of the Bonn dataset. The weighted average recall, precision, and F1-score are 99.00%.

[image: images]

Fig. 8 demonstrates the confusion matrix for the LSTM based on the dataset of testing. Here, there are 2277 samples correctly classified. True label matched the predicted label for the Seizure and Non-Seizure in 1840, 437 classes, respectively. For the LSTM classifier, the normalized confusion matrix is shown in Fig. 9. It has a classification accuracy of 1 for Seizure class and 0.96 for Non-Seizure class, whereas only 0.037 and 0.0033 are classification errors as the Seizure case and Non-Seizure case, respectively. According to this matrix, the LSTM classifier performs so well with minimal values of error, which occur above and below the diagonal of this matrix.
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Figure 8: The confusion matrix of the LSTM classifier
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Figure 9: The normalized confusion matrix of the LSTM classifier

Table 4 illustrates the performance of the proposed classifiers using the k-fold cross-validation technique. In this technique, the dataset is divided into five equal partitions (4 partitions are utilized for training and one partition for validation), where k denotes the partition number and equals 5. The proposed classifiers are repeatedly trained five times using various partitioning of the dataset. According to this division, the average accuracy for the SVM is 91.92% with ± 0.39% standard deviation, while the average precision is 91.95% with ± 0.50% standard deviation. Similarly, the average recall is 93.97% with ± 0.41% standard deviation, and the average F1-score is 91.94% with ± 0.32% standard deviation. For the LSTM, the average accuracy, precision, recall, and F1-score are 99.32%, 99.29%, 99.45%, and 99.52%, respectively, while the standard deviations are ± 0.47%, ± 0.58%, ± 0.52%, and ± 0.41%, respectively. Therefore, the proposed LSTM classifier has the best performance, with the minimum standard deviation. Moreover, the k-fold cross-validation technique improved the classifiers’ performance and avoided the biasing of the performance results via a convenient division of the training and testing dataset.
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5  Discussion

The proposed SVM classifier is tested using non-seizure and seizure EEG recordings obtained from the University of Bonn dataset. The Hadamard coefficients for individual pairings of non-seizure and seizure EEG data are calculated in this work by transforming the time domain signals into frequency-dependent signals and by applying the FWHT analysis to nonlinear characteristics. The Hadamard coefficients of the EEG recordings are utilized to extract judicious features to identify non-seizure and seizure. For the SVM, the performance in terms of accuracy is 91%, while sensitivity is 93.52, and specificity is 91.3%. The performance of the classifiers is compared to previously published works based on the dataset of the University of Bonn, as shown in Table 5. The proposed LSTM achieved less training time, so it has the lowest computational performance when compared to published previous works [53–55].
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Fig. 10 demonstrates a comparison of the proposed classifiers in terms of the performance with existing works [53–55], which were trained on the dataset of the university of Bonn. The proposed classifiers are also shown to surpass the existing works depending on the accuracy metric. The advantages of the proposed classifiers are high computational efficiency and consistency. As discussion, the high accuracy of the proposed classifiers is achieved due to the utilized dataset having huge size. In addition, the LSTM classifier is convenient for processing time sequences of the dataset, while the SVM classifier is convenient with high dimensional spaces of the dataset. Also, the technique of k-fold cross-validation contributed to increasing the classifiers’ accuracy.
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Figure 10: Comparison of the performance between the proposed and existing works based on the dataset of Bonn university

6  Conclusion

This paper presents an implementation of two classifiers “LSTM and SVM”, to develop an automatic diagnosis tool for the classification of non-seizure and seizure EEG signals, to aid neurologists in locating the EZ for medical judgment. The features of the EEG signals are processed via the FWHT technique, which converts the EEG recordings into discrete series. The proposed FWHT is used to extract MC and EE features from sub-band EEG signals. These features give substantial accuracy when using the SVM to classify EEG signals. The classifiers achieved the lowest computational performance based on the training time. The achieved training time of the SVM and LSTM classifiers are 2250 and 2000 s, respectively. Also, the implemented classifiers achieved maximum accuracy when compared to published previous works. The FWHT technique is employed to transform the domain of the signals (i.e., from time to frequency domain) by analyzing the EEG signals within the recurrence space. Thus, Hadamard coefficients of the EEG signals are obtained via the FWHT. The results obtained from the classifiers are compared with previous studies, and the performance is evaluated. The LSTM classifier achieved a testing accuracy of 99%, while the SVM classifier had an accuracy of 91%. Also, the performance of the LSTM classifier is enhanced via k-fold cross validation technique, which achieved an accuracy of 99.32%. In the future, the proposed work will be improved by using other deep-learning classifiers to diagnose other diseases, such as neurodegenerative disorders and mental problems.
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Table 1: Summary of literature review

Reference Classifier Dataset used Accuracy (%)
Obaid et al. [18] SVM Public Images 98.1
Sharma et al. [20] LS-SVM Bonn University 94.06
Arunkumar et al. [21] BFDT Bern Barcelona 98
Arunkumar et al. [22] NNGE Bern Barcelona 98
Sharma et al. [23] LS-SVM Bern Barcelona 94.5
Singh et al. [24] NCA +SVM Public 1-D signals 96.1
Bhattacharyya et al. [25] LS-SVM + EWT Bern Barcelona 82.53
Sriraam et al. [26] SVM Bern Barcelona 92.15
Zhu et al. [27] PermEn +SVM Bern Barcelona 84
Deivasigamani et al. [28] ANFIS Bern Barcelona 98.5
Abhinaya et al. [29] LS-SVM Bern Barcelona 82
Sathish et al. [30] GA +DWT Bern Barcelona 98.1
Itakura et al. [31] EMD + SVM Bern Barcelona 86.89
Bashar et al. [32] LDA 4+SVM Public 1-D signals 79.20
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Table 3: Classification report of the LSTM using the Bonn dataset

Class Precision Recall F1-score
Seizure 0.9908 0.9967 0.9938
Non-seizure 0.9865 0.9626 0.9744
Accuracy - - 0.9900
Macro average 0.9887 0.9797 0.9844
Weighted average 0.9900 0.9900 0.9900
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Table 4: The performance of the proposed classifiers using 5-fold cross-validation

Metrics

SVM

LSTM

Average accuracy
Average precision
Average recall
Macro Fl-score

91.92% (40.39%)
91.95% (£0.50%)
93.97% (£0.41%)
91.94% (40.32%)

99.32% (4+0.47%)
99.29% (40.58%)
99.45% (£0.52%)
99.52% (40.41%)
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Table 2: The proposed LSTM classifier architecture

Layer Type Output shape Trainable parameters
1 Input 178 x 1 0

2 LST™M 64 256

3 LST™M 64 12352
4 Dropout 64 0

5 LST™M 128 24704
6 LST™M 128 49280
7 Dropout 128 0

8 LST™M 32 24640
9 Dropout 32 0

10 Fully connected 250 336250
11 Output 1 251
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Table 5: Comparison of the proposed and existing classifiers

Authors Accuracy (%) Sensitivity (%) Specificity (%) Training time (s)
Acharyaet al. [53]  56.5 39 74 4000
Ubeyli et al. [54] 63 35 91 3500
Chen et al. [55] 88 92.24 83.76 3000
Proposed SVM 91 93.52 91.3 2250

Proposed LSTM 99 99 99 2000
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