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Abstract: In this paper, we propose an imagined speech-based brain wave pattern recognition using
deep learning. Multiple features were extracted concurrently from eight-channel electroencephalogra-
phy (EEG) signals. To obtain classifiable EEG data with fewer sensors, we placed the EEG sensors on
carefully selected spots on the scalp. To decrease the dimensions and complexity of the EEG dataset
and to avoid overfitting during the deep learning algorithm, we utilized the wavelet scattering
transformation. A low-cost 8-channel EEG headset was used with MATLAB 2023a to acquire the
EEG data. The long-short term memory recurrent neural network (LSTM-RNN) was used to decode
the identified EEG signals into four audio commands: up, down, left, and right. Wavelet scattering
transformation was applied to extract the most stable features by passing the EEG dataset through a
series of filtration processes. Filtration was implemented for each individual command in the EEG
datasets. The proposed imagined speech-based brain wave pattern recognition approach achieved a
92.50% overall classification accuracy. This accuracy is promising for designing a trustworthy imag-
ined speech-based brain—-computer interface (BCI) future real-time systems. For better evaluation of
the classification performance, other metrics were considered, and we obtained 92.74%, 92.50%, and
92.62% for precision, recall, and Fl-score, respectively.

Keywords: inner speech; imagined speech; EEG decoding; brain—computer interface (BCI); LSTM;
wavelet scattering transformation (WST)

1. Introduction

An enormous body of research has been conducted over the past decade aiming to
convert human brain signals to speech. Although experiments have shown that the excita-
tion of the central motor cortex is elevated when visual and auditory cues are employed,
the functional benefit of such a method is limited [1]. Imagined speech, sometimes called
inner speech, is an excellent choice for decoding human thinking using the brain—computer
interface (BCI) concept. BCl is being developed to progressively allow paralyzed patients to
interact directly with their environment. Brain signals usable with the BCI systems can be
recorded with a variety of common recording technologies, such as magnetoencephalogra-
phy (MEG), electrocorticography (ECOG), functional magnetic resonance imaging (fMRI),
functional near-infrared spectroscopy (fNIRS), and electroencephalography (EEG). EEG
headsets are used to record the electrical activities of the human brain. EEG-based BCI sys-
tems can convert the electrical activities of the human brain into commands. An EEG-based
implementation is considered an effective way to help patients with a high level of disability
or physical challenges control their supporting systems, such as wheelchairs, computers,
or wearable devices [2-5]. Moreover, in our very recent research [6,7], we accomplished
excellent accuracy in classifying EEG signals to control a drone, and considered the Internet
of Things (IoT) to design an Internet of Brain-Controlled Things (IoBCT) system.

Applying soft-computing tools, such as artificial neural networks (ANNSs), genetic
algorithms, and fuzzy logic helps designers implement intelligent devices that fit the
needs of physically challenged people [8]. Siswoyo et al. [9] suggested a three-layer
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neural network to develop the mapping from input received from EEG sensors to three
control commands. Fattouh et al. [10] recommended a BCI control system to distinguish
between four control commands alongside the emotional status of the user. If the user is
satisfied, the specific control command is still executed, otherwise the controller should
stop the implementation and ask the patient to choose another command. Decoding
the brain waves and presenting them as an audio command is a more reliable solution
to avoid the execution of unwanted commands, and this is mainly true if the user can
listen to the translated commands from their brain and confirm or deny the execution
of that command. A deep learning algorithm offers a valuable solution for processing,
analyzing, and classifying brainwaves [11]. Modern studies have concentrated, in both
healthy individuals and physically challenged patients, primarily on communicating their
thoughts [12]. Vezard et al. [13] reached a 71.6% accuracy in a binary alertness states (BAS)
estimation by applying the common spatial pattern (CSP) to extract the feature. The
methods in [14,15] were used to discriminate between different motor imagery tasks and
reached an EEG classification accuracy of just 54.6% and 56.76%, respectively. This was
achieved by applying a multi-stage CSP for the EEG dataset feature extraction. In [16],
researchers employed the power of a deep learning algorithm using the recurrent neural
network (RNN) to process and classify the EEG dataset.

For cheaper and more easily set up and maintained BCI systems, it is preferable to
have as few EEG channels as possible. There are two types of BCI systems: online systems,
such as those described in [17,18], and offline BCI systems, such as the systems described
in [19]. In the offline EEG system, the EEG data recorded from the participants are stored
and processed later; on the other hand, the online BCI system processes the data in real
time, such as in the case of a moving wheelchair. Recent research [20] revealed that EEG-
based inner speech classification accuracy can be improved when auditory cues are used.
Wang et al. [21] demonstrated in their study, which was based on common spatial patterns
and event-related spectral perturbation (ERSP), that the highly significant EEG channels for
classifying inner speech are the ones laid on the Broca’s and Wernicke’s regions. Essentially,
the Wernicke region is responsible for ensuring that the speech makes sense, while the
Broca region ensures that the speech is produced fluently. Given that both Wernicke’s
and Broca’s regions participate in inner speech, it is not easy to eliminate the effect of the
auditory activities from the EEG signal recorded during speech imagination. Indeed, some
researchers have suggested that auditory and visual activities are essential to decide the
brain response [22,23].

In most studies, the participants are directed to imagine speaking the commands
only once. However, in [24,25], the participants must imagine saying a specific command
multiple times in the same recording. In [26], the commands “left”, “right”, “up” and
“down” were used. This choice of commands is not only motivated by the suitability of these
commands in practical applications but also because of their various manner and places
of articulation. Maximum classification accuracies of 49.77% and 85.57% were obtained,
respectively. This was accomplished using the kernel extreme learning machine (ELM)
classification algorithm. Significant efforts have been recently published by Nature [27],
where a 128-channel EEG headset was used to record inner speech-based brain activities.
The acquired dataset consists of EEG signals from 10 participants recorded by 128 channels
distributed all over the scalp according to the “ABC’ layout of the manufacturer of the EEG
headset used in this study. The participants were instructed to produce inner speech for
four words: “up’, ‘down’, ‘left’, and ‘right’, based on a visual cue they saw in each trial. The
cue was an arrow on a computer screen that rotated in the corresponding directions. This
was repeated 220 times for each participant. However, since some participants reported
fatigue, the final number of trials included in the dataset for each participant differed
slightly. The total number of trials was 2236, with an equal number of trials per class for
all participants. The EEG signals included event markers and were already preprocessed.
The preprocessing included a bandpass filter between 0.5-100 Hz, a notch filter at 50 Hz,
artifact rejection using independent component analysis (ICA), and down-sampling to
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254 Hz. The long-short term memory (LSTM) algorithm was used in [28,29] to classify EEG
signals. In [28], 84% accuracy in EEG data classification was achieved. In [29], an excellent
accuracy of 98% was achieved in classifying the EEG-based inner speech, but researchers
used an expensive EEG headset. Obtaining high accuracy in classifying brain signals is
considered essential in the design of future brain-controlled systems, which can be tested
in real-time or in simulation software such as V-Rep [30] to check for any uncounted errors.

Most researchers have used high-cost EEG headsets to build BCI systems for imagined
speech processing. Using the RNN for time-series input showed good execution in extract-
ing features over time, and achieved an 85% classification accuracy. Although innovative
techniques in conventional representations, such as event-related potential (ERP), and
steady-state visual evoked potential (SSVEP), have expanded the communication ability of
patients with a high level of disability, these representations are restricted in their use for
the availability of a visual stimulus [31,32]. Practical research studied imagined speech in
EEG-based BCI systems and showed that imagined speech could be extrapolated using
texts with high discriminatory pronunciation [33]. Hence, BCI-based gear can be controlled
by processing brain signals and extrapolating inner speech [34]. Extensive research has
been conducted to develop BCI systems using inner speech and motor imagery [35]. To
investigate the feasibility of using EEG signals for imagined speech recognition, a research
study reported promising results on imagined speech classification [36]. In addition, a
similar research study examined the feasibility of using EEG signals for inner speech
recognition and increasing the efficiency of such use [37].

In this paper, we have used a low-cost low-channel 8-channel EEG headset, g.tec
Unicorn Hybrid Black+ [38], with MATLAB 2023a for recording the dataset to decrease
the computational complexity required later in the processing. Then, we decoded the
identified signals into four audio commands: up, down, left, and right. These commands
were performed as an imagined speech by four healthy subjects whose ages are between 20
and 56 years old, including two females and two males. The EEG signals were recorded
while the imagination of speech occurred. An imagined speech-based BCI model was
designed using deep learning. Audio cues were used to stimulate the motor imagery of the
participants in this study, and the participants responded with imagined speech commands.
Pre-processing and filtration techniques were employed to simplify the recorded EEG
dataset and speed up the learning process of the designed algorithm. Moreover, the short-
long term memory technique was used to classify the imagined speech-based EEG dataset.

2. Materials and Methods

We considered research methodologies and equipment in order to optimize the system
design, simulation, and verification.

2.1. Apparatus

In order to optimize the system design, reduce the cost of the designed system, and
decrease the computational complexity, we used a low-cost EEG headset. We used a
low number of EEG channels with the focus instead on the placement of EEG sensors
at the proper locations on the scalp to measure specific brain activities. The EEG signals
were recorded using the g.tec Unicorn Hybrid Black+ headset. It has eight-channel EEG
electrodes with a 250 Hz sampling frequency. It records up to seventeen channels, including
the 8-channel EEG, a 3-dimensional accelerometer, a gyro, a counter signal, a battery signal,
and a validation signal. The EEG electrodes of this headset are made of a conductive rubber
that allows recording dry or with gel. Eight channels were recorded on the following
positions: (FZ, C3, CZ, C4, PZ, PO7, OZ, and PO8) which are the standard electrodes
positions of g.tec Unicorn Hybrid Black+ headset. The used g.tec headset provides standard
EEG head caps of various sizes with customized electrode positions. A cap of appropriate
size was chosen for each participant by measuring the head boundary with a soft measuring
tape. All EEG electrodes were placed in the marked positions in the cap, and the gap
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between the scalp and the electrodes was filled with a conductive gel provided by the EEG
headset manufacturer.

We considered the international electrode placement 10-20 recommended by the
American clinical neurophysiology society [39]. The head cap was adjusted to ensure their
electrodes were placed as close to Broca’s and Wernicke’s regions as possible, which we
assumed to produce good quality imagined speech-based EEG signals. Figure 1 shows the
g.tec Unicorn Hybrid Black+ headset with the electrode map. Ground and reference were
positioned on the back of the ears (mastoids) of the participant using a disposable sticker.

Wernicke
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Figure 1. (A) Broca’s and Wernicke’s regions, (B) The electrode positions of the system. Ground and
reference are fixed on the back of ears (mastoids) with a disposable sticker, (C) 8-channel EEG headset.

2.2. Procedure and Data Collection

The study was conducted in the Department of Electrical & Computer Engineering and
Computer Science at Jackson State University. The experimental protocol was approved
by the Institutional Review Board (IRB) at Jackson State University in the state of Missis-
sippi [40]. Four healthy participants, two females and two males in the age range (20-56),
with no speech loss, no hearing loss, and with no neurological or movement disorders,
participated the experiment and signed their written informed consent. Each participant
was a native English speaker. None of the participants had any previous BCI experience
and contributed to approximately one hour of recording. In this work, the participants are
classified by aliases “sub-01” through “sub-04". The age, gender, and language information
about the participating subjects is provided in Table 1.

Table 1. Participants Information.

Participant Gender Age Native Language
sub-01 Male 56 English
sub-02 Female 20 English
sub-03 Male 29 English

sub-04 Female 26 English
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The experiment was designed to record the brain’s activities while imagining speaking
a specific command. When we usually talk to each other, our reactions will be based on
what we hear or sometimes on what we see. Therefore, we could improve the accuracy of
classifying different commands by allowing participants to respond to an audio question.
Each participant was seated in a comfortable chair in front of another chair where a
second participant would announce the question as an audio cue. To familiarize the
participant with the experimental procedures, all experiment steps were explained before
the experiment date and before signing the consent form. The experimental procedures
were explained again during the experiment while the EEG headset and the external
electrodes were placed. The setup procedure took approximately 15 min. Four commands
were chosen to be imagined as a response to the question: “Where do you want to go?” A
hundred recordings were acquired for each command, with each participant completing
25 recordings. Each recording lasted approximately 2 min and required two participants
to be present. Unlike the procedure in [24,25], we did not set a specific number for each
command to be repeated. When the recording began, the question was announced after 10
to 12 s as audio cues by one of the other three participants. After 10 s, the participant started
executing his response for 60 s by continuously imagining saying the required command,
and the recording was stopped after 10 s. In each recording, the participant responded by
imagining saying the specified command, which was one of the four commands. Since we
have four commands, the total recorded EEG dataset for all was 400 recordings.

The recorded EEG dataset for all 400 recordings was labeled and stored; then, the EEG
dataset was imported into MATLAB to prepare it for processing. The EEG dataset was
processed and classified together without separating them according to their corresponding
participants, so that we could evaluate our designed algorithm according to its performance
in dealing with a dataset from different subjects. For each command, the first 25 recordings
were for subject 1, the second 25 recordings were for subject 2, etc. After finishing the
classification process, the results were labeled according to the order of the participant’s
dataset. Figure 2 illustrates the recording and signal processing procedures. Figure 3 shows
a sample of the recorded 8-channel raw EEG signals.

& »—«L 2
| [ AN i A A AN AN
~~— || AWM,
o — — v V v
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Figure 2. The recording procedure.
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Figure 3. Sample of the recorded 8 —channel raw EEG dataset at 250 Hz (250 samples per second).

2.3. Data Pre—Processing and Data Normalization

Preprocessing the raw EEG signals is essential to remove any unwanted artifacts
arising from the movement of face muscles during the recording process from the scalp
that could affect the accuracy of the classification process. The recorded EEG signals were
analyzed using MATLAB, where a bandpass filter between 10 and 100 Hz was used to
eliminate any noisy signals from the EEG. This filtering bandwidth maintains the range
of frequency bands corresponding to the human brain EEG frequency limit [41]. Then,
normalization (vectorization) and feature extraction techniques were applied to simplify
the dataset and reduce the computing power required to classify the four commands. The
dataset was divided into 320 recordings and 80 recordings for the testing dataset (80%
for training and 20% for testing). The EEG dataset was acquired from eight EEG sensors,
and contained different frequency bands with different amplitude ranges. Thus, it was
beneficial to normalize the EEG dataset to boost the training process speed and get as
many accurate results as possible. The training and testing dataset were normalized by
determining the mean and standard deviation for each of the eight input signals. Then, the
mean value was calculated for both the training and testing dataset. Then, the results for
both were divided by the standard deviation as follows:

X—p
o

EEGNormatized = (1)
where (X) is the raw EEG signal, (y) is the calculated mean value, and (¢) is the calculated
standard deviation. After the normalization procedure, the dataset was prepared for
the training process. Figure 4 shows the normalized representation of the 8-channel raw
EEG signals.
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Figure 4. Eight—channel normalized EEG dataset at 250 Hz (250 samples per second).
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2.4. Feature Extraction

Wavelet scattering transform is a knowledge-based feature extraction technique that
employs complex wavelets to balance the discrimination power and stability of the sig-
nal. This technique filters the signal by assembling a cascade of wavelet decomposition
coefficients, complex modulus, and lowpass-filtering processes. The wavelet scattering
transformation method facilitates the modulus and averaging process of the wavelet coeffi-
cients to acquire stable features. Then, the cascaded wavelet transformations are employed
to retrieve the high-frequencies data loss that occurred due to the previous wavelet coef-
ficients” averaging modulus process. The obtained wavelet scattering coefficients retain
translation invariance and local stability. In this feature-extracting procedure, a series of
signal filtrations was applied to construct a feature vector representing the initial signal.
This filtration process continued until the feature vector for the whole signal length was
constructed. A feature matrix was constructed for the eight EEG signals. As an outcome of
the normalization stage, the obtained dataset consists of one vector with many samples for
each command in each of the 100 recordings. Training the deep learning algorithm with
a similar dataset is computationally expensive. For instance, in the first recording of the
command up, a (1 x 80,480) vector was constructed after the normalization stage. After
filtering the dataset for all 100 recordings and using wavelet scattering transformation, eight
features were extracted and the (1 x 80,480) vector of the normalized data was minimized
to an (8 x 204) matrix for each recording.

Using the wavelet scattering transformation for all the recorded dataset (training and
testing datasets) minimized the time spent during the learning process. Moreover, the
wavelet scattering transformation provided more organized and recognizable brain activi-
ties. Using the wavelet scattering transformation allowed us to optimize the classifications
generated by the deep learning algorithm for distinguishing between the four different
commands more accurately. Figure 5 shows the eight extracted features after applying the
wavelet scattering transformation.

Extracted Feature 4

Extracted Feature 5 Extracted Feature 6

Extracted Feature 7

Extracted Feature 1 Extracted Feature 8

Extracted Feature 2 Extracted Feature 3

6 | \ \ \ | | \ \ \ |

10 20 30 40 50 60 70 80 90 100
Sample

Figure 5. Eight—extracted features using wavelet scattering transformation at 250 Hz (250 samples
per second).

2.5. Data Classification

The normalization and feature extraction techniques were used with both the learning
and testing datasets to enhance the classification accuracy of the designed BCI system.
At this point, the processed datasets were prepared to be trained in deep learning. An
LSTM is a type of RNN that can learn long-term dependencies among time steps of a
sequenced dataset. The LSTM network has been seen to be more operative than feed-
forward neural networks (FNN) and the regular RNN in terms of sequences prediction due
to their capability for remembering significant information or values for a long period of
time. An LSTM network is frequently used for processing and predicting or classifying
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sequenced time-series data [42]. A detailed explanation of the LSTM network can be found
in [43,44].

The classification model for the recorded EEG dataset was constructed using the LSTM
architecture. On the input side, the LSTM was constructed to have an input layer receiving
sequence signals, which were eight time-series EEG signals. On the output side, the LSTM
was constructed to have a one-vector output layer with rectified liner unit (ReLU) activation
function. The output values were set to be (0, 0.5, 0.7, 1.0) for the desired four commands:
up, down, left, and right, respectively. During the training process of the used LSTM model,
we noticed that limiting the output values of the four indicated classes to between zero
and one made the learning faster and more efficient. An AMD Ryzen 7 1700X processor
was used for the training, and the training took less than 1 hour with the selected output
values, while it took longer than 1.5 h when integer values between 1 to 10 were used.
Additionally, having an output value between 0 and 1 offers easier scaling and mapping
for the output when the designed algorithm is uploaded to a microcontroller to be tested in
real time, especially when one analog output is used for all the output classes. Three LSTM
layers were chosen, with 80 hidden units followed by a dropout layer between them.

The performance of the LSTM network depends on several hyper-parameters, such
as the network size, initial learning rate, learning rate schedule, and L2 regularization.
The initial learning rate was set at 0.019 and scheduled with a 0.017 reduction ratio every
176 epoch. To prevent or reduce overfitting in the training process, we considered dropout
ratios of 0.1, 0.3, and 0.1 for the training parameters in the LSTM neural network layers. The
dropout layers randomly set 10%, 30%, and 10% of the training parameters to zero in the
first, second, and third LSTM layers, respectively. Another technique was used to overcome
the overfitting in the learning process and for a smoother training process, which is the
L2 regularization. The L2 regularization is the most common type of all regularization
techniques and is also commonly known as weight decay or ride regression. Figure 6
illustrates the architecture of the designed LSTM model.

The mathematical form of this regularization technique can be summarized in the

following two equations:
O(w) = W3 = L Lo @
L

LW) = 5 IWIB +L(W) = 5L wfy + L(W) ©)
L

During the L2 regularization, the loss function of the neural network is expressed
by a purported regularization term, which is called ) in (2). W is the weight vector,
and the regularization function is ()(w). The regularization term () is defined as the L2
norm of the weight matrices (W), which is the summation of all squared weight values
of a weight matrix. The regularization term is weighted by the scalar a divided by two
and added to the regular loss function L(W) in (3). The scalar « is sometimes called
the regularization coefficient (initial value was set to 0.0001) and is a supplementary
hyperparameter introduced into the neural network, which determines how much the
model is being regularized. The network ended with two fully connected and SoftMax
output layers, with the number of class labels equal to the desired number of the four
outputs. Two fully connected layers and one dropout layer with a 0.1 dropout ratio
were added after the output of the LSTM hidden units. These two fully connected layers
consisted of 16 and 8 nodes and used ReLU activation functions, and these two layers
computed the weighted sum of the inputs and passed the output to the final output layer.



Bioengineering 2023, 10, 649

9of 15

LSTM FC]:C]:C]
)

0% Drop—out

Q@W S LA

30% Drop—out

@@@G ]

10% Drop-out

[ Fully Connected-ReLU-16 ]

10% Drop-out

[ Fully Connected-ReLU-8 ]

Up, Down, Left, Right

Figure 6. The architecture of the LSTM model.

3. Results

Using the eight-channel EEG headset enabled us to design a minimally computationally-
intensive algorithm to distinguish between four imagined speech commands. Moreover,
using the wavelet scattering transformation improved the simplicity of the EEG dataset
by extracting features from each channel and reducing the dimension of the EEG feature
matrix. The feature matrix was calculated for each recording of the four imagined speech
commands. Using the feature matrices to train the LSTM model improved the learning
process and its the execution time. In [20], a 64-channel EEG headset was used to record
8 min of imagined tones for each of the 14 participants in the study. Mixed visual and
auditory stimuli were used, and a maximum classification accuracy of 80.1% was achieved
in classifying four EEG-based imagined tones. We used a low cost 8-channel EEG-headset
to record a total of 100 min for each of the four participated subjects. Using the auditory
stimuli by asking a question to the participants showed that greater accuracy could be
achieved in an offline BCI system to classify an imagined speech. An accuracy of 92.50%
was achieved when testing the resulting LSTM model on the remaining 20% of the normal-
ized and filtered EEG dataset. The results were achieved with the utilization of the adaptive
moment estimation (Adam) optimizer. The Adam optimizer is a method for calculating
the adaptive learning rate for each of the hyperparameters of the LTSM-RNN model. We
achieved 92.50% after training the LSTM-RNN model on 80% of the recorded EEG dataset
with 500 max epochs and 40 for mini-batch size. Figure 7 illustrates the data validation and
loss curves during the training process of the LSTM model using MATLAB.
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Figure 7. The data validation and loss curves during the training process of the LSTM model using
MATLAB.

By employing the LSTM model, we could distinguish between four different imagined
speech-based commands. For each command, 20 recordings were used for the testing
stage, and the nominal values (0, 0.5, 0.7, and 1.0) were assigned for each command as
an output value, respectively. The output value of (0), representing the command Up,
predicted (16/20) of the expected outputs and achieved a classification accuracy 0f80%. The
output values of (0.5) and (0.7), which represent the commands down and left, predicted
(19/20) of the expected outputs and achieved a classification accuracy of 95%. Meanwhile,
the output value of (1.0), which represents the command right, predicted (20/20) of the
expected outputs and achieved a classification accuracy of 100%. We calculated the 92.50%
overall classification accuracy from averaging the (80%, 95%, 95%, 100%) results from each
imagined speech command. Figure 8§ illustrates the classification accuracy of the designed
LSTM model.

5 o 2 R & o
=) 2 Q{s\gdo \,s\p' 2 2 Q(s\‘“
N oo e ao® o A\

Figure 8. The performance of the designed LSTM model. The wrong predicted commands (red bars)
were only 6 out of 80 (5 recordings per participant) for all participants, which leads to 92.50% accuracy
in the overall prediction of the designed LSTM model.
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Figure 9 illustrates the number and percentage of correct classifications by the trained
LSTM network.

Confusion Matrix
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Figure 9. The confusion matrix for the classification of the four imagined speech commands. The
rows represent the predicted class and the columns represent the true class. The diagonal (green)
cells correspond to observations that are correctly classified. The off-diagonal (red) cells correspond
to incorrectly classified observations. Both the number of observations and the percentage of the
total number of observations are shown in each cell. The column on the far right of the plot shows
the percentages of all the samples predicted to belong to each class that are correctly and incorrectly
classified. The row at the bottom of the plot shows the percentages of all the samples belonging to
each class that are correctly and incorrectly classified.

The column on the far right of the plot shows the percentages of all the examples
predicted to belong to each class that are correctly and incorrectly classified. These met-
rics are often called the precision (or positive predictive value) and false discovery rate,
respectively. The row at the bottom of the plot shows the percentages of all the examples
belonging to each class that are correctly and incorrectly classified. These metrics are often
called the recall (or true positive rate) and false negative rate, respectively. The cell in the
bottom right of the plot shows the overall accuracy.

For better evaluation of the performance of the trained LSTM model, the classified
dataset was categorized into true positive, true negative, false positive, and false negative.
The number of true positive and true negative are the number of classes that were correctly
classified. Numbers of false positive and false negative are the numbers of classes that
were misclassified. The state-of-the-art metrics for classification are accuracy, precision,
recall, and F-score. The recall, sometimes called sensitivity, estimates the ratio of true
positive from the total number of true positive and false negative. Precision estimates
the ratio of true positive from the total number of true positive and false negative. The
F-score estimates the average between the recall and precision. Using the above confusion
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matrix, we calculated all the three metrics, and we obtained 92.74%, 92.50%, and 92.62% for
precision, recall, and F1-score, respectively.

4. Discussion

Although the overall accuracy of classifying the imagined speech for the designed BCI
system is considered excellent, one of the commands still needs improvements to show a
higher accuracy compared with the other three commands. For each of the 100 recordings,
the participants imagined saying each of the individual four commands. In [24], the
participants were instructed to keep performing speech imagery for up to 14 s, but they
only responded when they heard a beep until the visual cue disappeared. In [25], in each
recording, a visual cue was used and the participants were instructed to perform 30 s of
repeating six different words using speech imagery. Unlike the recording scenario in [24,25],
we did not use any cues during the 60 s chosen response time. In fact, our participants were
instructed to keep repeating the speech imagery for a single command in each recording.
The first command, up, was always the first to be imagined and the results showed that
up has the highest prediction error in all the participants. The reason might be because
the participant’s brain adapts to the speech-imagining process gradually. At the beginning
of the recording, a participant might not have been focused enough to produce a good
EEG signal while imagining saying a command. Another reason might be that the timing
to present the question was not enough to generate the best EEG signal, especially at the
beginning of the recording when the question was immediately announced as soon as
the recording had started. Another limitation is related to the participants, who were all
healthy subjects without any challenges in normal speech or language production.

Although the recorded EEG dataset has a potential flaw, we still have an excellent
performing LSTM imagined speech classification model that can be used to decode our
brain thoughts. We used audio cues to stimulate the brain by asking a question to the
participants and let the person imagine the response, unlike [27,29] where visual cues were
used. The resulting LSTM model can be converted to a C++ or Python code using MATLAB
code generation and uploaded to a microcontroller to be tested in real-time.

5. Conclusions

A BClI system is particularly beneficial if it can be converted into an operational and
practical real-time system. Although the offline BCI approach allows the researchers to
use computationally expensive algorithms for processing the EEG datasets, it is applicable
only in a research environment. This research provided insights towards using a low-
cost EEG headset with a low number of channels to develop a reliable BCI system using
a minimized computing for optimum learning process. We accomplished the resulting
imagined speech classification model by employing the LSTM neural architecture in the
learning and classification process. We placed the EEG sensors on carefully selected
spots on the scalp to demonstrate that we could obtain classifiable EEG data with fewer
sensors. By employing wavelet scattering transformation, the classified EEG signals showed
the possibility of building a reliable BCI to translate brain thoughts to speech and help
physically challenged people to improve the quality of their lives. All the testing and
training stages were implemented offline without any online testing or execution. Future
work is planned to implement and test an online BCI system using MATLAB/Simulink
and g.tec Unicorn Hybrid Black+ headset.

6. Future Work

Further deep learning and filtration techniques will be implemented on the EEG
dataset to improve the classification accuracy. We obtained a promising preliminary result
with the support vector machine (SVM) classification model. Online testing for the resulting
classification model is planned to be implemented using MATLAB Simulink for better
evaluation of the classification performance in real-time.



Bioengineering 2023, 10, 649 13 of 15

Author Contributions: Conceptualization, M.M.A.; methodology, M-\M.A., KH.A. and W.LW,;
software, M.M.A_; validation, M.M.A. and W.L.W,; formal analysis, M.M.A., KH.A. and WL.W,
investigation, KH.A., M.M.A. and W.L.W.,; resources, K.H.A. and M.M. A ; data curation, K.H.A. and
M.M.A.; Writing—Original draft preparation, KH.A., M.M.A. and W.L.W.; Writing—Review and
editing, KH.A., M.\M.A. and W.L.W,; visualization, KH.A., M.M.A. and W.L.W,; supervision, KH.A.;
project administration, K.H.A.; funding acquisition, K.H.A., M.M.A. and W.L.W. All authors have
read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and approved by the Institutional Review Board of Ethics Committee of Jackson State
University (Approval no.: 0067-23).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the
study. All authors have read and agreed to the published version of the manuscript.

Data Availability Statement: The datasets used and/or analyzed during the current study are
available from the corresponding author upon approved written requests.

Acknowledgments: The authors acknowledge the contribution of the participants and the support
of the Department of Electrical & Computer Engineering and Computer Science at Jackson State
University (JSU).

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.
11.

12.

13.

14.

Panachakel, ].T.; Vinayak, N.N.; Nunna, M.; Ramakrishnan, A.G.; Sharma, K. An improved EEG acquisition protocol facilitates
localized neural activation. In Advances in Communication Systems and Networks; Springer: Berlin/Heidelberg, Germany, 2020;
pp. 267-281.

Abdulkader, S.N.; Atia, A.; Mostafa, M.-S5.M. Brain-computer interfacing: Applications and challenges. Egypt. Inform. J. 2015, 16,
213-230. [CrossRef]

Abdulghani, M.M.; Walters, W.L.; Abed, K.H. EEG Classifier Using Wavelet Scattering Transform-Based Features and Deep
Learning for Wheelchair Steering. In Proceedings of the 2022 International Conference on Computational Science and Computa-
tional Intelligence—Artificial Intelligence (CSCI'22-Al), IEEE Conference Publishing Services (CPS), Las Vegas, NV, USA, 14-16
December 2022.

Al-Aubidy, K.M.; Abdulghani, M.M. Wheelchair Neuro Fuzzy Control Using Brain Computer Interface. In Proceedings of the
12th International Conference on Developments in eSystems Engineering (DeSE), Kazan, Russia, 7-10 October 2019; pp. 640-645.
Al-Aubidy, K.M.; Abdulghani, M.M. Towards Intelligent Control of Electric Wheelchairs for Physically Challenged People. In
Advanced Systems for Biomedical Applications; Springer: Cham, Switzerland, 2021; p. 225. [CrossRef]

Abdulghani, M.M.; Harden, A.A.; Abed, K.H. A Drone Flight Control Using Brain-Computer Interface and Artificial Intelligence.
In Proceedings of the 2022 International Conference on Computational Science and Computational Intelligence—Artificial
Intelligence (CSCI'22-Al), IEEE Conference Publishing Services (CPS), Las Vegas, NV, USA, 14-16 December 2022.
Abdulghani, M.M.; Walters, W.L.; Abed, K.H. Low-Cost Brain Computer Interface Design Using Deep Learning for Internet
of Brain Controlled Things Applications. In Proceedings of the 2022 International Conference on Computational Science and
Computational Intelligence—Artificial Intelligence (CSCI'22-Al), IEEE Conference Publishing Services (CPS), Las Vegas, NV,
USA, 14-16 December 2022.

Rojas, M.; Ponce, P.; Molina, A. A fuzzy logic navigation controller implemented in hardware for an electric wheelchair. Int. ].
Adv. Robot. Syst. 2018, 1-12. [CrossRef]

Siswoyo, A.; Arief, Z.; Sulistijono, I.A. Application of Artificial Neural Networks in Modeling Direction Wheelchairs Using
Neurosky Mindset Mobile (EEG) Device. EMITTER Int. |. Eng. Technol. 2017, 5, 170-191. [CrossRef]

Fattouh, A.; Horn, O.; Bourhis, G. Emotional BCI Control of a Smart Wheelchair. IJCSI Int. ]. Comput. Sci. Issues 2013, 10, 32-36.
Roy, Y,; Banville, H.; Albuquerque, I.; Gramfort, A.; Falk, T.H.; Faubert, ]. Deep learning-based electroencephalography analysis:
A systematic review. |. Neural Eng. 2019, 16, 051001. [CrossRef]

Nguyen, C.H.; Karavas, G.K.; Artemiadis, P. Inferring imagined speech using EEG signals: A new approach using Riemannian
manifold features. J. Neural Eng. 2018, 15, 016002-016018. [CrossRef] [PubMed]

Vezard, L.; Legrand, P.; Chavent, M.; Fa, F; Trujillo, L. EEG classification for the detection of mental states. Appl. Soft Comput.
2015, 32, 113-131. [CrossRef]

Meisheri, H.; Ramrao, N.; Mitra, S.K. Multiclass Common Spatial Pattern with Artifacts Removal Methodology for EEG Signals.
In Proceedings of the 2016 4th International Symposium on Computational and Business Intelligence (ISCBI), Olten, Switzerland,
5-7 September 2016.


https://doi.org/10.1016/j.eij.2015.06.002
https://doi.org/10.1007/978-3-030-71221-1_11
https://doi.org/10.1177/1729881418755768
https://doi.org/10.24003/emitter.v5i1.165
https://doi.org/10.1088/1741-2552/ab260c
https://doi.org/10.1088/1741-2552/aa8235
https://www.ncbi.nlm.nih.gov/pubmed/28745299
https://doi.org/10.1016/j.asoc.2015.03.028

Bioengineering 2023, 10, 649 14 of 15

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Shiratori, T.; Tsubakida, H.; Ishiyama, A.; Ono, Y. Three-class classification of motor imagery EEG data including rest state using
filter-bank multi-class common spatial pattern. In Proceedings of the 3rd International Winter Conference on Brain-Computer
Interface BCI, Gangwon, Republic of Korea, 12-14 January 2015.

Bird, J.J.; Faria, D.R.; Manso, L.J.; Ekart, A.; Buckingham, C.D. A Deep Evolutionary Approach to Bioinspired Classifier
Optimisation for BrainMachine Interaction. Complexity 2019, 2019, 4316548. [CrossRef]

Wu, D. Online and offline domain adaptation for reducing BCI calibration effort. IEEE Trans. Hum. Mach. Syst. 2016, 47, 550-563.
[CrossRef]

Khan, M.J.; Hong, K.-S. Hybrid EEG-{NIRS-based eight-command decoding for BCI: Application to quadcopter control. Front.
Neurorobot. 2017, 11, 6. [CrossRef]

Edelman, B.].; Baxter, B.; He, B. EEG source imaging enhances the decoding of complex right-hand motor imagery tasks. IEEE
Trans. Biomed. Eng. 2015, 63, 4-14. [CrossRef] [PubMed]

Li, H.; Chen, F. Classify imaginary mandarin toneswith cortical EEG signals. In Proceedings of the INTERSPEECH, Shanghai,
China, 2529 October 2020; pp. 4896-4900.

Wang, H.E.; Bénar, C.G.; Quilichini, P.P.; Friston, K.J.; Jirsa, V.K.; Bernard, C. A systematic framework for functional connectivity
measures. Front. Neurosci. 2014, 8, 405. [CrossRef] [PubMed]

Riccio, A.; Mattia, D.; Simione, L.; Olivetti, M.; Cincotti, F. Eye gaze independent brain computer interfaces for communication. J.
Neural Eng. 2012, 9, 045001. [CrossRef]

Hohne, J.; Schreuder, M.; Blankertz, B.; Tangermann, M. A novel 9-class auditory ERP paradigm driving a predictive text entry
system. Front. Neurosci. 2011, 5, 99. [CrossRef] [PubMed]

Nguyen, C.H.; Karavas, G.K.; Artemiadis, P. Inferring Inner speech using EEG signals: A new approach using Riemannian
manifold features. J. Neural Eng. 2017, 15, 016002. [CrossRef]

Koizumi, K.; Ueda, K.; Nakao, M. Development of a cognitive brain-machine interface based on a visual imagery method. In
Proceedings of the 2018 40th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC),
Honolulu, HI, USA, 18-21 July 2018; pp. 1062-1065.

Pawar, D.; Dhage, S. Multiclass covert speech classification using extreme learning machine. Biomed. Eng. Lett. 2020, 10, 217-226.
[CrossRef]

Nieto, N.; Peterson, V.; Rufiner, H.L.; Kamienkowski, J.E.; Spies, R. Thinking out loud, an open-access EEG-based BCI dataset for
inner speech recognition. Sci. Data 2022, 9, 52. [CrossRef]

Bashivan, P.; Rish, I.; Yeasin, M.; Codella, N. Learning Representations from EEG With Deep Recurrent-Convolutional Neural
Networks. arXiv 2015, arXiv:1511.06448.

Stephan, F,; Saalbach, H.; Rossi, S. The brain differentially prepares inner and overt speech production: Electrophysiological and
vascular evidence. Brain Sci. 2020, 10, 148. [CrossRef]

Abdulghani, M.M.; Al-Aubidy, K.M. Design and evaluation of a MIMO ANFIS using MATLAB and V-REP. In Proceedings of the
11th International Conference on Advances in Computing, Control, and Telecommunication Technologies, ACT 2020, Virtual,
Online, 28-29 August 2020; 978-171381851-9.

Pei, X.; Barbour, D.L.; Leuthardt, E.C.; Schalk, G. Decoding vowels and consonants in spoken and imagined words using
electrocorticographic signals in humans. J. Neural Eng. 2011, 8, 046028-046039. [CrossRef]

Chen, Y,; Atnafu, A.D.; Schlattner, I.; Weldtsadik, W.T.; Roh, M.C.; Kim, H.].; Lee, S.W.; Blankertz, B.; Fazli, S. A high-security
EEG-based login system with RSVP stimuli and dry electrodes. IEEE Trans. Inf. Forensics Secur. 2016, 11, 2635-2647. [CrossRef]
Brigham, K.; Kumar, B.V.K.V. Subject identification from electroencephalogram (EEG) signals during imagined speech. In
Proceedings of the 2010 Fourth IEEE International Conference on Biometrics: Theory, Applications and Systems (BTAS),
Washington, DC, USA, 27-29 September 2010; pp. 1-8.

Mohanchandra, K.; Saha, S.; Lingaraju, G.M. EEG based brain computer interface for speech communication: Principles and
applications. In Brain—-Computer Interfaces: Current Trends and Applications; Hassanien, A.E., Azar, A.T., Eds.; Springer International
Publishing: Cham, Switzerland, 2015; pp. 273-293.

Gaur, P; Pachori, R.B.; Wang, H.; Prasad, G. An automatic subject specific intrinsic mode function selection for enhancing
two-class EEG based motor imagery-brain computer interface. IEEE Sens. |. 2019, 19, 6938-6947. [CrossRef]

D’Zmura, M.; Deng, S.; Lappas, T.; Thorpe, S.; Srinivasan, R. Toward EEG sensing of imagined speech. In Human—Computer
Interaction. New Trends: 13th International Conference, HCI International 2009, San Diego, CA, USA, July 19-24, 2009, Proceedings, Part
I; Jacko, J.A., Ed.; Springer: Berlin/Heidelberg, Germany, 2009; pp. 40—48.

Matsumoto, M.; Hori, J. Classification of silent speech using support vector machine and relevance vector machine. Appl. Soft
Comput. 2014, 20, 95-102. [CrossRef]

g.tec Medical Engineering GmbH. Unicorn Hybrid Black. 2020. Available online: https:/ /www.unicorn-bi.com/brain-interface-
technology/ (accessed on 19 December 2022).

Acharya, J.N.; Hani, A.; Cheek, ].; Thirumala, P; Tsuchida, T.N. American Clinical Neurophysiology Society Guideline 2:
Guidelines for Standard Electrode Position Nomenclature. J. Clin. Neurophysiol. 2016, 33, 308-311. [CrossRef] [PubMed]
Jackson State University, Institutional Review Board (IRB). Available online: https:/ /www.jsums.edu/researchcompliance /irb-
protocol/ (accessed on 16 April 2023).


https://doi.org/10.1155/2019/4316548
https://doi.org/10.1109/THMS.2016.2608931
https://doi.org/10.3389/fnbot.2017.00006
https://doi.org/10.1109/TBME.2015.2467312
https://www.ncbi.nlm.nih.gov/pubmed/26276986
https://doi.org/10.3389/fnins.2014.00405
https://www.ncbi.nlm.nih.gov/pubmed/25538556
https://doi.org/10.1088/1741-2560/9/4/045001
https://doi.org/10.3389/fnins.2011.00099
https://www.ncbi.nlm.nih.gov/pubmed/21909321
https://doi.org/10.1088/1741-2552/aa8235
https://doi.org/10.1007/s13534-020-00152-x
https://doi.org/10.1038/s41597-022-01147-2
https://doi.org/10.3390/brainsci10030148
https://doi.org/10.1088/1741-2560/8/4/046028
https://doi.org/10.1109/TIFS.2016.2577551
https://doi.org/10.1109/JSEN.2019.2912790
https://doi.org/10.1016/j.asoc.2013.10.023
https://www.unicorn-bi.com/brain-interface-technology/
https://www.unicorn-bi.com/brain-interface-technology/
https://doi.org/10.1097/WNP.0000000000000316
https://www.ncbi.nlm.nih.gov/pubmed/27482794
https://www.jsums.edu/researchcompliance/irb-protocol/
https://www.jsums.edu/researchcompliance/irb-protocol/

Bioengineering 2023, 10, 649 15 of 15

41.

42.

43.

44.

Liu, Q.; Yang, L.; Zhang, Z.; Yang, H.; Zhang, Y.; Wu, J. The Feature, Performance, and Prospect of Advanced Electrodes for
Electroencephalogram. Biosensors 2023, 13, 101. [CrossRef] [PubMed]

Kumar, S.; Sharma, A.; Tsunoda, T. Brain wave classification using long short-term memory network based OPTICAL predictor.
Sci. Rep. 2019, 9, 9153. [CrossRef]

Long Short-Term Memory Networks. Available online: https://au.mathworks.com/help/deeplearning/ug/long-short-term-
memory-networks.html (accessed on 10 May 2023).

Gers, F.A.; Schraudolph, N.N.; Schmidhuber, J.U. Learning Precise Timing with LSTM Recurrent Networks. J. Mach. Learn. Res.
2002, 3, 115-143.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3390/bios13010101
https://www.ncbi.nlm.nih.gov/pubmed/36671936
https://doi.org/10.1038/s41598-019-45605-1
https://au.mathworks.com/help/deeplearning/ug/long-short-term-memory-networks.html
https://au.mathworks.com/help/deeplearning/ug/long-short-term-memory-networks.html

	Introduction 
	Materials and Methods 
	Apparatus 
	Procedure and Data Collection 
	Data Pre-Processing and Data Normalization 
	Feature Extraction 
	Data Classification 

	Results 
	Discussion 
	Conclusions 
	Future Work 
	References

