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in the form of electrical signals to various brain areas.
Different features (color, shape, and size) were initially
processed separately. However, the brain must integrate
these features to form an overall perception of objects
[1].Understanding the importance of binding in
individuals with brain injuries, strokes, or other
conditions that affect brain function. Often, individuals
with brain injuries have difficulty associating features,
and thus, poor perception of things correctly. The
complex dynamic behavior of brain activity is
represented by recording electrical activity using an
electroencephalogram [2].Smart health sensors and
communication technology have advanced dramatically,
enabling healthcare to provide faster and more accurate
services such as remote monitoring.
Electroencephalography (EEG) was used to measure and
analyze the electrical activity of the brain. Itis a

non-invasive method that records electrical signals in the
brain when examining senses such as hearing and vision,
allowing healthcare providers to monitor brain function
in real time [3]. The use of devices that integrate sensors
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such as pulse and heart rate monitors, in addition to
some vital signs, has increased owing to the rapid
development and widespread use of wearable computing
devices. These devices are characterized by their ability
to record and store large amounts of data and reuse them
in other fields [4]. Electroencephalography (EEG) is
widely used to monitor neural activity in the brain in a
non-invasive manner. An important subfield of EEG
signal analysis is the prediction task, in which one or
more future values {x,..., Xi+mt Of an EEG time series
are estimated based on past values {X;_p,...,.x;_1} Of the
same series. Recently, it has gained increasing attention
owing to the increasing demand for real-time EEG.
Real-time EEG is used in applications such as brain-
computer  interfaces (BCl) and  closed-loop
neurostimulation, where a prediction model is
sometimes required to allow time for algorithmic
decision-making.  Prediction methodologies rely on
modern deep learning-based methods, such as recurrent
neural networks (RNN) and long short-term memory
(LSTM), which have an advanced ability to handle
nonlinear temporal relationships and accurately predict
future patterns in brain signals [5], [6], [7], [8]. Studies
conducted by many researchers using machine learning-
based algorithms and methods to predict EEG signals
have demonstrated their ability to analyze temporal
blometrlc data [9]. Researchers have used

EEG signals. Deep Learning: Long-ter
best technique for analyzing time

[10]. We first focus on RNNs because they are a t
RNN, and because RNNs are simpler systems,
intuition gained from analyzing RNNs also applies t
LSTMs. Importantly, the st
WhICh we derived from dlffer

n, human visual
learning, emotion
detection, and motor ima al classification. EEG
signals are also used in development of brain-
computer interface systems; where external devices are
controlled by intellectual commands through real-time
automated analysis of EEG signals [12], [13], [14]. An
advanced type of RNNs is the LSTM network, which
was designed to address the gradual fading problem
faced by traditional recurrent networks when working
with long-term temporal data. LSTM networks can store
data for long periods and are, therefore, suitable for
analyzing and predicting nonlinear electrical signals in
the brain. In a study published in 2018, LSTM networks
were used to predict epileptic seizures by using EEG

signals. The results showed that the model could
improve the quality of life of patients and predict
seizures long before they occur [15].

This study aims to use LSTM networks to improve the
accuracy of EEG signal prediction, which is a deep-
learning technique. This research focuses on utilizing the
capabilities of LSTM to develop an efficient and robust
model (robust) to predict EEG signals that handle
complex and continuous temporal data, improve the
accuracy of predicting neurological conditions, such as
epileptic seizures, sleep, or other mental activities, and
compare LSTM with traditional models.

To understand the complex pa
improve predictions for
applications, the performan
with other techniques guch

in EEG signals and
and scientific

This research al
dlagn03|s and pr

esults are higher prediction accuracy of
signals compared to traditional models, the
applying the model in health systems and
al research related to epilepsy, and improving

mputer  interfaces  through a  deeper
understanding of EEG signals.

2 Literature Review

Brinkman et al. (2015) suggested in their study a
method using a logistic regression machine learning
algorithm with spectral power in conventional Berger
bands as features and achieved greater prediction rates of
seizures in the foreground (>4 h a part) than the time-
matched chance predictor in 2/3 dogs. This study
illustrates the development and validation of a Support
Vector Machine (SVM) approach to predict seizures
using precordial bowers (PIB) and interelectrode
synchronization features computed from prolonged and
moving IEEG recordings from naturally occurring
epileptic dogs. The optimal pre-seizure time window for
seizure prediction was investigated, and an analysis was
performed on the effect of multiple PIB features and
individual  electrode  pairs on inter-electrode
synchronization features [16].

Munoz-Almaraz (2017) proposed a new method for
EEG signal pre-processing based on supervised filters.
These filters are used in machine learning algorithms,
such as K-Nearest Neighbor (KNN), to improve seizure
prediction. These preprocessing methods were analyzed
in detail in terms of the Receiver Operating
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Characteristic (ROC) curve and the area under the ROC
curve. These results show significant statistical
improvements compared with typical baseline spectral
Power Band Filtering (PBF). Supervised filters provide
better information than traditional PBF filters as the
dataset grows in terms of monitored variable electrodes
and length of time [17].

Nguyen et al. (2020) in their work, they show the
discrepancy between the real and model-estimated EEG
signals can be significantly reduced if the EEG model is
not generated from a time series collected from
randomly selected neurons of the neural network, but
rather using a compressed set of independent vectors
generated by Principal Component Analysis (PCA) from
the entire data series generated by the network. We also
show that networks of coupled Kuramoto phase
oscillators can be used to model EEG data in addition to
relying on neural model networks. In addition, the
results confirm that the best prediction EEG signal
models were obtained when the oscillators were weakly
connected, satisfying the conditions for the existence of
a CAS system. This study demonstrates the ability to
reproduce and predict healthy and epileptic EEG signals,
as well as the characteristics of EEG signals, Hurst
exponent, and power spectrum of experimental EEG
signals [18].

Shakeel et al. (2020) proposed an apprg
forward prediction of a time series b
autoregressive (AR) model and an «#&da
(Least Mean Square (LMS)-based AR mode
the error because its parameters can be dyne
adjusted and the AR model performs better in rea
for long prediction periods. The results indicate that
shorter data segments of approximately 128ms, the AR
model outperformed the LMS- R model, wherea$
for longer prediction lengths the LMS-based
Low-

Mathur et al.
experiment between
identify the distinct E
stage. Changes associat ith color and shape
coordination were detecte er (100ms and 1500ms).
The two stages were identified using the corresponding
study and test intervals, where features were extracted
from the time and frequency domains. These features
were used to train a set of machine learning classifiers
separately. The frequency-domain temporal
representation of the signal was applied during training
to a convolutional neural network (CNN), and the

associated with each

obtained results achieved promising performance. This
study contributes to the literature in two ways: First, it
presents a data analysis using deep learning techniques
to classify whether a trial belongs to the (100 ms or
1500ms) category, while the second links these findings
to identify different stages of visual processing in the
human brain and linking visual features.

Thara et al. (2022) developed a simple prediction
method consisting of long short-term memory (LSTM)
with a windowing technique using EEG. The window
size was increased from (5 to 20 steps), which increased
the captured temporal information and, thus, the
prediction accuracy. The neural
20time steps to predict the f
stages. In the univariate m
used as the basis for predict

lues. In the
to predict

more robust and
the actual target nivariate method, the

%, whereas in the

eNet to predict resting-state EEG
Is in the theta (4-7.5 Hz) and alpha (8-13 Hz)
y bands. They also compared WaveNet with an
which has been widely used in real-time
ications. The results showed that WaveNet
reliably predicted EEG signals at both the theta and
alpha frequencies. It outperformed the AR model in
terms of signal amplitude and phase estimation. They
concluded for the first time that deep learning can be
used to predict resting-state EEG time series over 100ms

[5].

The technique suggested in this study is illustrated in
Figure 1. The contributions of this study are as follows:

1. High performance forecasting model with different
parameters

2. Robust predicted Signal to be used in different
applications

3. Robust model with low size training model

This paper consists of the following sections: the first
is the discretion of the dataset used, the second is the
method wused for forecasting, after which the
performance evaluation indices finally provide the
results and discussion.
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The data used in this s
subject recordings. This set was recorded by
Professor Wang Guangj at the Institute of
Acupuncture and Moxibustion, China Academy of
Chinese Medical Sciences in Beijing, China [20]. This
dataset was recorded for a thirty-nine-year-old right-
handed male who had corrected eyesight and no history
of mental or physical disease that affected neurological
signals. This person avoided any material that could lead
to anomalies in the brain signals, such as caffeine and
alcohol, for at least 24 h before the recording session.

obtained from single

During the recording, the subject sat comfortably on a
seat in front of a display that showed a red cross to start

ig 1. The overall system discretion

the recording, during which the subject did not blink or
close their eyes. Approximately 60 records were
recorded for this patient, using the same procedure. The
recording sensors were 32 wet electrodes, all of which
were in the standard locations (10-20) standard as shown
in Figure 2. The sampling rate of the signal is 20 kHz.
This dataset records two other types of data for the same
person and task: magnetic resonance imaging (MRI) and
electrocardiogram (ECG) signals.

4 Methodology

Deep learning is used in many fields such as
classification and prediction. In this study, a long short-
term memory network (LSTM) was used to predict the
medical signal of one sample ahead.
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Fig 2. The EEG sensors distribution [20]
4.1 Long Short-Term Memory (LSTM) Networks

LSTM refers to long short term memory which are the
enhanced variation of RNNs. These networks are
designed to handle sequential data. thus, LSTM can
integrate customized methods to retain information
unlike the standard RNNSs. this unique feature provides
the ability use old data to predict upcoming outcos

model keeps updating the weight of the neural network
by gradients. but, when facing with long sequences, the
gradients become very small which leads to very little
updates in the network, stopping deeper layers from
learning. resulting the traditional RNNs to fail the
maintenance of information over time, and unsuitable to
preform complex sequences [21].LSTM holds three
gates to dictate the information processed, Firstly the
Input Gate which determines whether the input data
should be retained or left, only relevant data shall be
carried forward. Input Gate: processes new incoming
information, to be decided later if the data should be
added to the memory state. Secondly the Output Gate:
refines and forwards updated 0 Next state, which
later helps in predictions the “structure of gates,
LSTM manages the memor ingd les long-term
dependencies in better deme
[22].

memory, which is
Four vecto

d C,are the ceII output vector,
| state vector to the network cell,

the states of cells ¢ [23].
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Fig 3. The hidden cell of the network

Some the LSTM applications is in the Internet of Things
(1oT) industrial in manufacturing, sensors, devices, and
numerous machines generates a large among of
operational information, if these data were overlooked in
most cases it will lead to failure, shutdown, and
expensive downtime. By accessing the historical data,
LSTM models are able to aid in the scheduling and

predicting maintenance plans and anomalies before
failures. The crucial parameters including temperature,
energy consumption and vibration levels are analyzed
over time to predict potential challenges in the process. a
proactive approach is always recommended to shrink the
downtime, and increase productivity and lifespan of the
intended equipment [24].
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Moreover, in the energy sector, LSTM will play a
crucial part in the forecasting procedures. examining
previous data and patterns anticipating future energy
requirements for each location or zone. by this method, a
much better power distribution, power handling and
overall enhancements are achieved.

Unlike the traditional RNNs, that fails in the long term
dependencies, LSTM can be an advanced memory
mechanism to retain vital data over period frames.
LSTM are able to use selectivity to store, edit, and
discard information which makes them highly reliable
for tasks including sequential processing, like speed
recognition, financial prediction and maintenance.
LSTM provides more reliability for complex machines,
ensuring advanced accuracy and performance in a wide
range of industries unlike the limitations of standard
RNNs

In this study, a single hidden-layer LSTM network was
used for signal regression. LSTM is employed to predict
a single sample using a sequence of fixed-length
segments from the dataset. The LSTM used in this study
has one hidden layer and four other layers (input, output,
fully connected, and regression layers). Figure 4
illustrates the structure of the NN, which consists of five
layers. This network is used to forecast the Next sample
of EEG signal using the history of the signal.

Input Sequence

l

Hidden LSTM Layer

}

Output

Fig 4. The proposed LSTM structure

5 Performance Evaluation Tools

In this work there are two signals the original signal and
the predicted signal to compare between these signals
the following sstatistical indices are used: Maximum
Absolute Error (MxAE), Sum of Squar Error (SSE),

MAE, Root Mean Squared Error (RMSE, Total Sum of
Squares (SST) and Relative Absolute Error (RAE). These
indices are defined as follows:

SSE=YL,(yi — ypi)* )

where y; is the original signal, y,; is the predicted signal,
and n is the number of samples in both the original and
the predicted signals.

SST=XiL,(vi —¥)* @

Max. AE =max|y; — 3)

4)

®)

(6)

EEG sig be corrupted during transformation
the sensors (source) to the processing device

explain the results of this study:

6.1 Data pre-processing

The data were preprocessed to make them suitable for
this method. preprocessing started from the filtering
process to remove artifacts that contaminate the EEG
signal during recording. Some of these artifacts are
signals in the electric lines near recording sensors. First,
data were resampled at a low sampling rate of 500 Hz.
The first filter was a high-pass filter (0.5 Hz), and then, a
low-pass filter at 70 Hz was applied to the same signal.
Subsequently, a cleaning step was applied to the filtered
data to denoise them. The reference was averaged, and
then a band-pass (2-30) Hz filter was applied to the
signal. After the cleaning step, the data were segmented
into a 1 second window and bad windows were
nominated from the recorded data. Any possible artifacts
such as eye blinking and jaw movements were removed
using independent component analysis (ICA). Figure 5
shows the steps involved in the preprocessing phase.

6.2 Data evaluated

The dataset included one subject who recorded three
different signals (EEG, ECG, and MRI signals). In this
study, only four EEG signals recorded by 32 sensors are
used to test the proposed model. First, the signals were
resampled and averaged to expand and enhance them
according to the noise.
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After all enhancements, the signal was segmented into multiple
sliding windows, each of which had 400 samples shifted back
to one sample, which was used to predict the current sample of
only one channel, as shown in Figure 6. All the ch
segmented using the same technique, and g
consisted of 400 samples. The four segmen
network to predict a new sample for a specif

L

700 800 900 1000

0 160 260 360 460 550
Fig 6. The segmentation of the EEG ch-1

6.3 Model training

To train the model, only four EEG channels were used; after
the filtering, cleaning, and segmenting steps, the training step

was started. The model was trained using the LSTM network.
The input of the network consisted of four segments with 400
samples and the output was one sample of a single channel.
Figure 7 illustrates the steps of the overall model. The dataset
was divided into two sets (50% training and 50% testing). The
training set consisted of four segments of equal length that
were the inputs of the neural network. The output of the signal
is one sample of a specific channel, which is the current
sample, whereas the inputs end with the previous samples.
Therefore, the network was not trained on the same samples at
the same time.

As we used four channels for training and testing the network,
four networks were used for training to output four new
samples for each channel. Figure 8 shows the inputs and
outputs of the network.

. The initial
period every

The LSTM parameters are |
learning rate of the netw
two epochs, with a fa
batch size was set t
epochs to determin
Only one hidden la

um training time.
was used to reduce the
Gradient Descent with
used. Figure 9 shows the

iction results are presented in Figures (11-14). In
general, the results of the regression using LSTM showed very
high performance. In Figure 11, the predicted signal of
Channel 1 is very close to the real signal, as shown in the
magnified section. The difference between the two signals has
a very small value, close to zero, as shown in the distribution
of the error in the histogram. The number of samples with an
error of approximately zero was approximately 500 for the
entire signal and the maximum error was approximately 2.5,
with a very low number of samples in this region.

Figure 12 illistrate the prediction of the second channel that
also shows the same behavior as the first channel, with very
low error value with the same distribution of error like the first
channel. Number of samples with error around zero is less than
that of the first channel.

The results shown in Figure 13 exhibit the same regression
quality as those of the previous two channels, with an error
distribution in the #1 range. Figure 14 shows the same
behavior as that of the third-channel prediction. These results
are promising but not very clear, and statistics are needed for
the final decision.
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Table 1. LSTM hyperparameters.

arameters Value

Learning rate 0.01
Epochs 10

Solver SGDM Optimizer

Number of layers 1
Number of hidden cells by layer 5
Mini-Batch Size 20

50:50

Training, Testing set ratio
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6.4 Comparison results of the LSTM model with
Different Models

regression results using CNN for the
s that the error is very high, and the

For an in-depth comparison, a CNN was used te C igure 15, the prediction of the signal is close, but not
same signals to evaluate the proposed model d can be considered as a replacement for the original

training and testing groups. The training optimize J uld not be followed correctly by the CNN over time
is Adaptive Moment Estimation (ADAM) with 11 The distribution of error is within the same range as LSTM, but
network was trained using 50 epochs to obtain res the number of samples is in the range of more than 0.5,
same parameters of LSTM could not be used to train the € because the absolute value is higher than that of LSTM.

> 4 -
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Fig 15. Forecasting EEG-Ch1 using CNN
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Figure 16 shows a worse prediction behavior than that of ch-1
for more samples in the range of £1. In the time period (80-
100) time sample is the worst case of prediction. Ch-3 in
Figure 17 exhibits a better prediction, but is not similar to that

of LSTM. The hills and valleys of the signals could not be
predicted well because of the sudden changes that the CNN
could not detect during regression, as shown in Figure 18.
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w
w
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Fig 16. Forecasting EEG
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Signal Error

a)

Although CNN has more
results do not compete wit
was nominated from the comp
of the model.

layers and training epochs, the
STM. Therefore, CNN

because of the complexity

Table 2 shows the statistics of the prediction using the multiple
types of networks (LSTM, NARX, GRU, Bi-LSTM, and CNN)
with the same training parameters. This table shows that the
LSTM generally has a lower RMSE. NARX shows a lower
Mx.AE for all channels compared to all other NN. This means
that NARX gives the same peaks for the signals, but other
types of errors are not satisfactory, especially RMSE, which
has a higher value. A high RMSE indicates that NARX cannot
predict the signal correctly.

iginal Sighal Vs. Predicted signal
Fig 17. Forecasting EEG-Ch3 using CNN

40

b) Error Distribution

Bi-LSTM shows the worst case of Mx.AE values for all
channels, which makes this NN out of the competition among
the other types because of the high value of error. Other types
of performance metrics were used for compression. The RMSE
shows lower values than LSTM, but still better than the worst
case of NARX.

Finally, the strong comparison between GRU and LSTM
shows that the results are very close to each other. For GRU,
ch-2 exhibited a lower RMSE value than the other three
channels, whereas in LSTM, all other channels had the best
results. The GRU shows a higher maximum value of the
absolute error than the LSTM, despite the better RMSE values
in some channels.
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Table 2. Outline of statistical indices results of EEG forecasting using different

Model Chan. No. MxAE RMSE

1 2.6768062 15.812100

= 2 2.5685658 14.427
= 3 2.1621144
4
1 . 28.116042
x 2 1.787914 42.500152
= 3 1.19158608 32.591729
4 1.96668688 .101973
15.473086
5 12.598344
o
© 17.286928
14.731150
3.0792029 16.949270
é 3.5989432 15.303142
= 3 2.7565539 11.846808
4 3.0758986 16.283195
1 2.2152280 32.366886
- 2 5.3532526 65.3640127
P
“ 3 3.0361113 47.305483
4 2.3099112 36.4934157

0.188807

952

0.195552

0.292031

0.518325

0.388232

0.514902

0.18679503

0.15735331

0.26051018

0.19636081

0.18097998

0.15776423

0.15699200

0.20641261

0.54837

1.014795

0.768114

0.589113

0.030634

0.0187714

0.011361

0.019178

0.04187575

0.05570975

0.03510196

0.11363676

0.029335005

0.014313413

0.019883901

0.021286083

0.035199314

0.021119202

0.0093383184

0.026007688

0.128361

0.3852953

0.1488979

0.1306325
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The MAE values are approximately the same for both GRU
and LSTM, which means that the average errors for both are in
the same range, that is (0.15-0.26). This shows that the overall
error value was approximately 0.2. The relative error is almost
the same as the superiority of LSTM over the GRU. These
results lead to the selection of LSTM for enhancement to
achieve better results.

To enhance the results of the LSTM model, the number
of hidden cells was increased to 100, which decreased
the maximum error by half. All performance indices
were enhanced with an increase in the number of cells in
the hidden layer, as shown in Table 3.

Table 3. Outline of statistical indices results of EEG
forecasting using LSTM-100

Chan.
Model NZ” MXAE RMSE MAE RAE
1 128709 7.348488 0.085942 0.006616
s 2 1282771 7.102759 0.092088  0.00455
'—
(7]
= 3 1118791 7.729703 0.106111 0.003975
4 0816335 7.379883 0.104236 0.005342

7 Conclusion and Future Work

This paper proposes a medical signal forecasti

complexity of the prediction model. The numbe
cells ranged from low to medium (range 5-100).

predicted signal with both five and one hundred cells, whi
means that LSTM can estimate high-frequency signals witl
peaks and hills, such as the EEG si i
amplitude and high frequency.

mentioned previou
indicating that LST
low-size training dataset’
of less than 16, whereas
approximately 28. LSTM has X.AE that is close to that of
the GRU. To improve the regtlts of LSTM, the number of
hidden cells was increased to 100, and all the performance
indices were enhanced accordingly. This enhancement ensures
the high quality of the predicted signal. In Future work, this
technique will be applied to a larger dataset with multiple
subjects for more generalization and will be improved to
become a single-network model, rather than a multiple-
network model.

d a prediction RMSE
ad the best RMSE of
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