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Abstract: Brain-Computer Interface (BCI) is a system that provides a link between the brain of humans and the hardware directly. The recorded brain data is converted directly to the machine that can be used to control external devices. There are four major components of the BCI system: acquiring signals, preprocessing of acquired signals, features extraction, and classification. In traditional machine learning algorithms, the accuracy is insignificant and not up to the mark for the classification of multi-class motor imagery data. The major reason for this is, features are selected manually, and we are not able to get those features that give higher accuracy results. In this study, motor imagery (MI) signals have been classified using different deep learning algorithms. We have explored two different methods: Artificial Neural Network (ANN) and Long Short-Term Memory (LSTM). We test the classification accuracy on two datasets: BCI competition III-dataset IIIa and BCI competition IV-dataset IIa. The outcome proved that deep learning algorithms provide greater accuracy results than traditional machine learning algorithms. Amongst the deep learning classifiers, LSTM outperforms the ANN and gives higher classification accuracy of 96.2%.
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1  Introduction

Brain-Computer Interface (BCI) is a developing field of exploration that seeks to upgrade the effectiveness and level of computer applications centered on the human. A Brain-Computer Interface based on Motor Imagery (MI) offers ways to express your thoughts to an external system without any vocal communication. For the last two to three decades BCI has gained researcher’s attention and extensive work is done in this field [1–3]. There are many applications of BCI like medicine, education, games, entertainment, and human-computer interaction [4–6]. BCI systems based on motor imagery signals have received a lot of heed in the field of assistive technology. There are two major application categories where MI-based systems are majorly used i.e., for motor action replacement or as a recovery system for motor action recovery.

A BCI framework contains the following components: signal acquiring, signal processing extraction of features, and classification [7]. In Fig. 1, the key components of a BCI system are shown. Whereas, the electrical activity of the brain is recorded in the first part by conducting an experiment or performing some voluntary tasks. Brain signals may be obtained either by invasive or non-invasive approaches. The positioning of electrodes is on the surface of the brain for signal acquisition purposes in the invasive process while in a non-invasive procedure signals are acquired without performing any surgical intervention. With an invasive method, the acquired signal is of better quality, but we prefer the non-invasive method due to its ease of use and implementation. Electroencephalogram (EEG) is one of the most commonly used methods of signal acquiring because of its non-invasive nature, cheapness, and ease of usage. A German psychiatrist Hans Berger for the first time recorded the EEG signals in 1924. EEG is a technique in which electrical impulses from the brain are measured by putting a series of electrodes on the human brain’s surface. The brain signals gather through EEG are then pre-processed. The feature extraction is the next important step after the pre-processing of signals. Different types of features can be removed from pre-processed signals by adopting different feature extraction methods. The features that have been extracted are then given to the classifier for its training. Based on feature values, the trained classifier classifies the human intended actions into one of the predefined classes. The selection of desirable features to obtain the necessary classification results is one of the main challenges in the BCI study.
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Figure 1: Major components of the BCI system

In traditional machine learning algorithms, the accuracy achieved for the classification of multi-class motor imagery data is insignificant and not up to the mark. The major reason is as features are selected manually, and we are not able to get those features that provide high accuracy results. To overcome this challenge, we proposed an efficient deep learning algorithm. Our contribution included in this article is as follow:

1.    A deep learning approach that can be used to manually extract features for the motor imagery signals. The network learns to extract features while training and we just have to feed the signals dataset to the network.

2.    By deploying Artificial Neural Network (ANN) and Long Short-Term Memory (LSTM) deep learning algorithms for extracting motor imagery-based features.

2  Related Work

Enhanced accuracy for motor imagery detection is a challenging research area in the field of deep learning (DL). For achieving the best accuracy results the desired features are unknown in most of the studies [8]. In the traditional machine learning approach, the features are extracted manually and fed to train the classifier, and we are not able to get those features that provide high accuracy results. Many traditional machine algorithms have already been implemented for the classification of brain signals like support vector machine (SVM) [9], multilayer perceptron (MLP) [10], linear discriminant analysis (LDA) [11].

In another study [8], traditional classifiers like k-NN, SVM, MLP were applied for the classification of signals; the accuracies achieved were not significant enough. In a recent study [12] on EEG data for the classification of motor imagery comparison of traditional and deep learning classifiers was made, the results showed higher accuracies for deep learning classifiers. In our work, we deal with the classification component from brain-computer interface systems with a major focus on deep learning algorithms. In past studies [8], deep learning algorithms have provided better accuracy results in contrast to machine learning algorithms. [13,14] presents different case studies related to machine learning and deep neural networking models. In the deep learning approach, there is no need to manually obtain features from pre-processed signals, the network itself learns to extract the features while training and we just have to feed the dataset to the network. In our study, we analyzed the performance of an artificial neural network (ANN) [15–17] and recurrent neural network (RNN) [18]. Moreover, we implemented long short-term memory (LSTM) [19] in the recurrent neural network. LSTM outperforms ANN and provides higher accuracy results with 96.2%.

During the last decade, a variety of publications have been reported for the classification of multi-class datasets that make use of deep learning [13,14,20,21]. Steady-State Visually Evoked Potential (SSVEP) was used for the classification of EEG based signals in a study [22]. In this work, the subjects were introduced to visual cues at a particular frequency. The accuracy achieved was 97% but the used criteria for reliability rejection was the problem, which resulted in the rejection of a large number of samples resulting in average results. For the classification of data in BCI applications, different approaches have been used like learning vector quantization (LVQ) [23] and CNN [24]. In another study [25], RNN is used for the classification of motor imagery EEG-based data set the accuracy achieved was 79.6% and wavelet filter was used. In a recent work [26], CNN-LSTM based deep learning classifier was used and the maximum test accuracy was targeted at 86.8%. EEG signals were extracted using low cost and invasive headbands in the study.

The next Section 3 summaries the detail of the datasets used in this work, their time paradigm for the collection of raw data from the experiment, and pre-processing steps applied to the raw dataset. After datasets, there is an explanation of both the architectures used in this work. The detailed accuracy results of both the datasets using different architectures and window sizes along with their accuracy and loss graphs are presented in Section 4. Conclusions and discussion are described in Section 5.

3  Methods

In this section, we have discussed all the datasets used in this work, their preprocessing. The datasets involved in the BCI dataset and preprocessing include competition III, dataset IIIa and BCI competition IV, dataset IIa. There is a discussion on the time paradigm and steps involved in the preprocessing of both datasets. Afterward, we have discussed the methodology that has been used in this study. We worked on two algorithms i.e., Artificial Neural Network (ANN) and Long-Short Term Memory (LSTM) for the classification of the datasets. The details are discussed later in this section.

3.1 BCI Dataset and Preprocessing

There are two MI-based four-class datasets used in this work. Both the datasets consist of multiple subjects. The four-class motor imagery corresponds to the MI movement i.e., the right hand, left hand, tongue, and feet. The first dataset used is the IIIa dataset [27] from the third competition of BCI and it comprises 3 subjects. The second dataset IIa [28,29] is from the fourth BCI competition and it consists of 9 subjects. Both the datasets used in this work were available publicly by the Graz University of Technology. Based on a visual cue shown to the participants, all the subjected were asked to carry out four unalike imagery tasks during the experiment. In the next section, there is a detail of both the datasets used, their design.

3.1.1 BCI Competition III, Dataset IIIa

1) Paradigm

The experiment starts with the subject sitting on a relaxing chair. According to a cue, imagery movements i.e.,, left hand, right hand, tongue, and foot were asked to perform. The cues were shown randomly. There were 6 runs and each run contained 40 trials. Each trial comprises of 8 s in total. The first 2 s were blank and quiet, at time=2 s a cue (beep sound) indicates the start of a trial. An arrow symbol was displayed at time t=3 s for 1s, which points towards the left, right, up, or down. In the meanwhile, the participants were trained to imagine the left hand, the right hand, feet, and tongue imagery. This process of imagery ends at t=7 s until the cross disappeared. Subject 1 of this experiment K3 consisted of a total of 9 runs, which result in 360 trials in total for K3. There were 90 trials for each class. From these 360 trials, 180 trials were for training and 180 for evaluation purposes. For subject 2 (K6) and subject 3 (L1), there were six runs each, leading to 240 trials for each subject. For subjects K6 and L1, there were 60 trials each. Data from training and assessment comprises of 120 trials each (30 trials for each class). Fig. 2, shows the raw signal for a single subject. It includes all the trial data of a subject. Each color in the figure represents a channel or electrode placement on the scalp. In Fig. 2a first 20 channels are presented in different colors and in the same way in Figs. 2b and 2c remaining 21–40 and 41–60 channels are represented respectively. The labels are described in Tab. 1.
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Figure 2: Raw signal combined all trials. (a) Raw signals part 1 (b) raw signals part 2 (c) raw signals part3

2) Pre-processing

A 64-channel electroencephalogram (EEG) amplifier from Neuroscan was used to record data for all the subjects. The left mastoid was used as a reference, and the ground was used for the right one. For the recording of signals, there were 60 electrodes based on EEG that were positioned on the surface of the brain. The EEG signals captured were tested at 250 Hz. For removing noise due to the power line after filtering the signals at 50 Hz, a notch filter was used. The raw and filtered signals are shown in Fig. 3. The raw signal for the single electrode is shown in Fig. 3d and after applying the filter the resultant signal is shown in Fig. 3e.

The trials with artifacts were also included. Trig value in data tells about the start of each trial and Class Label gave information about the classes that were labeled as “1” as the left hand, “2” as the right hand, “3” as the tongue, and “4” as the foot. For our work data of the first three seconds is removed and data from time t=3 s till time t=7 s is collected where the motor imagery movement occurs. Figs. 3a–3c there is a display of channels of single-trial of one class. The trial includes a 4 s motor imagery activity part. A sample of size 4s with 60 channels is collected. Each sample is segmented further with a sampling rate of 50 Hz.

Table 1: Nomenclature
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Figure 3: Raw and Filtered Signals. (a) Single class trial part 1 (b) single class trial part 2 (c) single class trial part 3 (d) raw signal (e) filtered signal

3.1.2 BCI Competition IV, Dataset IIa

1) Paradigm

The paradigm of BCI Competition IV, dataset IIa used in this work is shown in Fig. 4. At the time t=0 s an auditory signal along with a fixation cross was shown on the dark screen lasted for time 2 s. After that, a cue was shown with an arrowhead that points towards i.e., the left, right, upward, and downward was presented at time t=2 s. These arrows act as a guide for all the subject’s imagery movements i.e., left hand, right hand, tongue, or foot. The cue continued for 1.25 s. At time t=3 s subjects started performing motor imagery task and it lasted for 3 s. At time t=6 s the motor imagery task was completed followed by a small gap before starting the next trial.

The data was collected from 9 subjects. There were four different classes labeled as ‘1’, ‘2’, ‘3’, and ‘4’. Class 1 for left-hand motor imagery, 2 for the right hand, 3 for feet, and 4 for tongue imagery. The artifact data is included in this work. Two sessions were held on different days for experimenting and there was a total of 6 runs in each of the sessions. Each run was separated by a short break. There were 48 trials in each run. Overall, there was 288 trial per session for each subject. For each class there were 72 trials, for training and evaluation, there were 288 trials for each subject. The raw data including all the runs along with short breaks for a single subject is shown in Fig. 4a. Each color represents the channel or electrode placed on the scalp. There were a total of 25 channels. Since we were working on EEG signals only the first 22 channels were selected. Fig. 4b shown single class motor imagery activity collected from time t=3 s to t=6 s.
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Figure 4: Raw data. (a) Raw data of all trials (b) single trial data

2) Pre-processing

The experiment consisted of 9 subjects and the data set comprises 25 channels. Among those 25, there were 22 electroencephalograms (EEG) channels and 3 monopolar electrooculograms (EOG) channels. For reference, the left mastoid was used while the right one was for a ground purpose. For the recording of signals 22 EEG and 3 EOG, the electrodes were positioned on the brain’s surface and the sampling rate of captured signals was 250 Hz. For the removal of noise due to the powerline the notch filter was applied at 50Hz. Afterward, a bandpass filter was applied at cuff-off frequencies of 0.5 and 100 Hz. In this work, only data samples were used from 22 EEG channels.

The raw dataset was given in the format of GDF and for the loading of the data BioiSig, toolbox functions were used [30]. After on onset of cross fixation we extracted the data samples in a time interval from 3 to 6 s. Each collected sample was further segmented at a rate of 50 Hz. The data set is used with a window size of 1, 2, and 3 s to check the accuracy results of the classifier. Separate datasets were provided for training and testing.

3.2 Adopted Methodology

The methodology that was adopted for this work is shown in Fig. 5. Data acquisition and data preprocessing have been discussed in the previous section. After gathering the preprocessed signals the next step is choosing the architecture. In this work, we have used ANN and LSTM architecture for the classification of motor imagery datasets. After selecting the appropriate architecture we trained the model. Then the test datasets were passes to the trained model to get the accuracy results for both the architectures. The architectures used in this work and the accuracy results are discussed in later sections.

3.3 Deep Learning Method

In deep neural networks, several layers of neurons are arranged over each other. The performance of the network can be improved by adding hidden layers to the network [31]. As the number of layers increases the complexity of the network increases. The major advantage of deep learning algorithms is there is no need to manually extract features which is a challenging task in the machine learning method. We just have to feed the dataset to the network it automatically learns the features. In this work we use two methods; we worked on ANN and RNN with LSTM architecture.

3.3.1 Artificial Neural Network (ANN)

The ANN is a feed-forward network consisted of various layers [32]. Backpropagation is used to update the weights. The architecture comprises 10 layers. There are the following different types of layers in this architecture: an input layer, a ReLU layer, and fully connected dense layers. The network has an input layer that is then converted to a one-dimensional array and connected to eight fully connected dense hidden layers. In each hidden layer, the neurons depend on the inputs of the input layer. In these layers, input and output are linked through a learnable weight. Each connected layer is also passed through non-linear activation functions such as ReLU. The final layer typically has the same number of nodes as the number of classes the input data must be classified into. The last layer’s activation function is chosen very carefully and is usually different from previous fully connected layers. One of the most commonly used layers is SoftMax, which normalizes the results between 0 and 1 based on the probability of each class. Typically, neural networks are updates by stochastic gradient descent. The training algorithm was chosen as stochastic gradient descent (SGD). The size of the batch was set to 64 and the layers. All the hyperparameters like the number of neurons, learning rate, weights, optimizer, and batch size were chosen empirically with repeated network training for achieving optimized accuracy results. The accuracy results are greatly affected by the selection of hyper-parameters [33] and the hyper-parameters used in this study are shown in Tab. 2. It is convenient to adjust the training iterations freely [34]. Apart from hyperparameters mentioned, Bayesian optimization can also be utilized to improve the overall performance of the system. In our work, the model was trained on 150 epochs. For this specific study, the learning rate selected was 0.01. A larger learning rate causes divergence in the network inversely, the smaller the learning rate network convergence will be slow. For the performance analysis metrics, the mean classification accuracy for different window sizes on the subjects was considered. A deep learning approach was used as we do not need to manually extract features for the motor imagery signals. The network learns to extract features while training and we just have to feed the signals dataset to the network. As in CNN and RNN, more data inputs or features are required to achieve the better accuracy as compared to ANN. However, the proposed method has employed deep learning approach using ANN as it does not require to extract many features. The architecture used in this study is shown in Fig. 6.
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Figure 5: Flow chart for adopted methodology

3.3.2 Long Short-Term Memory (LSTM)

The other Architecture that we are using for exploring the classification of EEG signals is long short-term memory (LSTM). It is one of the types of recurrent neural networks. The Recurrent Neural networks were initially represented by Schmidhuber’s research group [35,36]. According to previous studies LSTM networks provide the best results for time series data classification, and it also provides better results as compared to conventional neural networks [37,38]. It works on the principle of saving the output of a layer and feeding that output to the next input layer which helps in the prediction of the layer’s outcome. LSTM is one of the types of RNN which can learn from observation which is an advantage of LSTM over other RNN types and neural networks. The major of LSTM is the cell state which can be changed i.e., can be deleted or added. [39] There are three gates in LSTM i.e., forget gate, input gate, and output gate. The purpose of forget gate is to delete the information from the cell. The input gate’s purpose is to check which information is to be updated. Whereas, the output gate gives the final output of the network [40].

Table 2: Parameters to train ANN

[image: images]

[image: images]

Figure 6: Proposed ANN architecture

There are the following different types of layers in this architecture: an input layer, lstm layer, ReLU layer, and the fully connected dense layers. The proposed architecture is shown in Fig. 7. Pre-processed samples are given as input to the LSTM layer. LSTM layer is connected to the hidden layers which include a flatten layer and dense layer. After the dense layer, the Relu layer is added. Followed by Relu is the output layer which has softmax as the activation function. The output layer has 4 nodes as there are four classes in our datasets. The optimizer used in LSTM was Adam. For the performance analysis metrics, the mean classification accuracy for different window sizes on the subjects was considered. The parameters used in this study for LSTM architecture are given in Tab. 3. All the hyper-parameters were selected empirically after training the network. The aim was to achieve maximum accuracy results.
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Figure 7: Proposed LSTM architecture
 
Table 3: Parameters to train LSTM
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4  Results

The results of the different classifiers used in this study are presented in this section. Two different deep learning classification algorithms were tested on both datasets IIIa, IIa, and for all the subjects of both the datasets the accuracy, results are listed in the table. Tab. 4 presents the classification results ANN and LSTM using BCI competition III, dataset IIIa. Whereas, Tab. 5 presents the classification results ANN and LSTM using BCI competition IV, dataset IIa.

From the results tables, we have concentrated on two things: the first comparison of both the architectures used in the study for both datasets and secondly, accuracy results using different window sizes. For BCI competition III, dataset IIIa if we compare the results of ANN with LSTM, the LSTM Architecture gave higher accuracy results. Four different window sizes of 1, 2, 3, and 4 s were used for dataset IIIa and the results in Tab. 4 prove that if we increase the window size classification accuracy improves inversely, decreasing the window size from 4 to 3 s, 2 s, or 1 s the accuracy decreases. LSTM shows more classification accuracy in comparison to the ANN. The maximum accuracy achieved on dataset IIIa using ANN is 94.7% and for LSTM the maximum accuracy on 4 s window size is 96.2%.

For dataset IIa different window sizes of 1, 2 s and 3 s was used and the results in the table show that accuracy results are higher at 3 s window size. The ANN architecture gave a maximum accuracy of 91.8% and for LSTM maximum achieved accuracy is 94.5% at 3 s window size. The deep learning methods outperform significantly. They can give better results without feature extraction as the network itself learned the desired features automatically.

Table 4: Classification accuracies for dataset IIIa using different window sizes
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Table 5: Classification accuracies for dataset IIa using different window sizes
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Accuracy and loss plots for the datasets for ANN are shown in Figs. 8a, 8b, and for LSTM in Figs. 9a and 9b. Accuracy plots show that’s as the number of epochs increases the training and test accuracy increases and after a certain number of epochs it increases to its maximum value. The green color shows the training accuracy while blue shows the test accuracy. For loss plots in Figs. 8b and 9b loss value decrease as the training, iterations are increasing, and after a certain epoch, loss reaches its minimum value.
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Figure 8: Accuracy and loss graphs for ANN: (a) Accuracy graph for ANN (b) loss graph for ANN
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Figure 9: Accuracy and loss graphs for LSTM: (a) Accuracy graph for LSTM (b) accuracy and loss graph for LSTM

5  Discussion and Conclusions

We have explored the classification algorithms for four-class motor imagery-based EEG signals. The target of the work was to critically analyze and assess the efficiency of the machine and deep learning technique. Two publicly available motor imagery datasets comprising of a total of 13 subjects and 4 classes were used to train, validate, and test the deep learning models. The datasets were in the form of electrical signals, before training the model, the data was pre-processed. ANN and LSTM, a machine and deep learning classifier, respectively have been used to classify waste collections. Classification accuracies have been reported to test the performance of both the classifiers. The effect of choosing different window sizes is also evaluated. The results show that increasing the window size has a better effect on classification accuracy.

For dataset IIIa, BCI competition III a comparison Tab. 6 is shown below according to a study [41]. For accuracy results for this dataset, our proposed LSTM gives the performance having an accuracy of 0.962. The second best method is ANN that gives an accuracy of 0.947. The algorithm with the least accuracy is LDA. For dataset IIa, BCI competition IV the results are similar to the previous dataset, LSTM attains the performance with an average accuracy rate of 0.945 and ANN classifier with an average accuracy of 0.918 whereas, KNN gives the lowest average accuracy of 0.679 percent.

Apart from manual feature extraction, machine learning algorithms tend to generalize the complicated data patterns and therefore resulted in poor performance when we increase the number of classes. Most of the previous studies worked on binary classes using traditional machine learning algorithms. But when we discuss the classification of two mental tasks the achieved accuracy was 87% using the conventional ML algorithm SVM [42]. In the same study, 87.2% accuracy was achieved using SVM on two different brain signals.

The results showed that the LSTM outperforms ANN in classifying the datasets. For dataset IIIa, the accuracy results of ANN ranges from 83.0 to 94.7% for four different window sizes, and for LSTM it ranges from 87.1 to 96.2% for a window size of 1 to 4 s. For dataset IIa, the accuracy for ANN ranges from 82.3 to 91.8%, and for LSTM it ranges from 84.2% to 94.5% for a window size of 1 to 3 s.

Table 6: Comparison of deep learning algorithms on BCI competition III, dataset IIIa, and BCI competition IV, dataset IIa
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In future work, increasing the dataset may have better effects on accuracy. Similarly, we can focus on developing efficient algorithms that can work for noisy signals.
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