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Abstract: In brain—computer interface (BCI) systems, motor imagery (MI) electroencephalogram (EEG)
is widely used to interpret the human brain. However, MI classification is challenging due to weak
signals and a lack of high-quality data. While deep learning (DL) methods have shown significant
success in pattern recognition, their application to MI-based BCI systems remains limited. To address
these challenges, we propose a novel deep learning algorithm that leverages EEG signal features
through a two-branch parallel convolutional neural network (CNN). Our approach incorporates
different input signals, such as continuous wavelet transform, short-time Fourier transform, and
common spatial patterns, and employs various classifiers, including support vector machines and
decision trees, to enhance system performance. We evaluate our algorithm using the BCI Competition
IV dataset 2B, comparing it with other state-of-the-art methods. Our results demonstrate that the
proposed method excels in classification accuracy, offering improvements for MI-based BCI systems.

Keywords: EEG signal analysis; continuous wavelet transform; convolutional neural networks;
feature extraction

1. Introduction

Electroencephalography (EEG), a technique used to monitor brain activity via elec-
trodes attached to the scalp [1], has become an indispensable tool in the field of neuroscience.
EEG is particularly useful in brain—computer interface (BCI) research, where it is capa-
ble of detecting electrical signals from the brain, including those related to imaginative
movement. Moreover, its utility extends to the evaluation of brain function, rendering
invaluable insights for the diagnosis and treatment of various neurological disorders. How-
ever, the manual analysis of EEG data remains a laborious and intricate task, fraught with
complexities. In recent years, the advent of Convolutional Neural Networks (CNNs) has
revolutionized EEG analysis [2], providing researchers with a powerful tool for feature
extraction without the need to understand the complexities of EEG. CNNs offer an end-to-
end learning capability that helps reduce the blindness and waste of time associated with
manually searching for suitable features. Notably, EEG signals exhibit diverse features in
both the time and frequency domains. While some researchers focus solely on either time
or frequency domain signals as CNN inputs, potentially overlooking crucial information,
others seek to integrate various features to enhance classification performance. Continuous
Wavelet Transform (CWT), a widely employed technique for time—frequency signal analysis,
presents a promising approach for representing EEG signals as time—frequency images [3].
By mapping EEG data onto a time—frequency plane, CWT enables the visualization of
signal characteristics that may be imperceptible in the time or frequency domains alone.
In our study, we propose a novel multi-input time—frequency CNN model that combines
CWT with CNN, leveraging the complementary strengths of both approaches.

Since the inception of BCI competitions in 2001, these events have served as invaluable
platforms for benchmarking algorithm performance and fostering collaboration among
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researchers. The work of [4] combines CEMD preprocessing, ERS/ERD encoding, and
a 1D-MS-CNN model for effective classification of EEG signals related to MI tasks. The
authors of [5] propose a Covariate Shift Estimation and Unsupervised Adaptive Ensemble
Learning (CSE-UAEL) method to address non-stationarity in EEG-based BCI systems. It
integrates covariate shift detection with dynamic ensemble updating to adapt to changing
input data distributions. Being active scheme-based, it adds classifiers based on detected
shifts, enhancing MI classification. The work of [6] integrates features from multiple
domains using sparse representation (SR) to enhance classification capability. Initial features
including time—frequency energy, maximum entropy power spectral estimation, and Hjorth
parameters are extracted, then fused via SR to obtain discriminative low-dimensional
features. The authors of [7] proposed a time-scale CNN method for EEG MI classification.
They decomposed the raw signal into signals in different frequency bands, namely 4-7 Hz,
8-13 Hz, and 13-32 Hz. Then, they input three small CNNs with the same parameters, and
concatenated all of the results in the fully connected layer. The authors of [8] proposed
the idea of mapping EEG signals using CWT as the input and used a layer of CNN with
a convolution kernel of size 30 x 30 to verify it on public data sets. The authors of [9]
designed two CNN branch networks (TBTF-CNN) to extract the original CNN signal and
CWT signal, respectively. The obtained feature images were then connected to form a new
feature map. Like the previously mentioned article, we used the 2008 BCI Competition IV
Database 2B [10] data set to validate our methodology and compared our results with theirs.
Some studies utilize deep machine learning algorithms, increasing the number of network
layers to improve accuracy. Others employ complex data augmentation techniques, such
as FastGAN [11], to enhance the network’s generalization capabilities. These approaches
often obtain good results by assuming unlimited computational resources. This paper
aims to design a lightweight, hardware-friendly CNN architecture that can be applied to
resource-constrained devices like small FPGAs for real-time BCI. Given the constraints
of resource-constrained devices, we adopted a shallow CNN architecture. Compared
with other models using parallel CNN [7,12,13], we replaced the raw signal input with
extracted feature images and separated the alpha and beta rhythms. Additionally, different
preprocessing methods and classifiers were explored to further analyze their impact on
the branch CNN structure. Finally, our results will be compared and analyzed with other
state-of-the-art models.

2. Methods
2.1. Preprocessing
2.1.1. Common Spatial Patterns

Common Spatial Patterns (CSPs) are derived from the common spatial subspace
decomposition (CSSD) algorithm, which is a spatial filtering method for the analysis of
multichannel EEG data. The main goal of CSP is to find spatial filters that maximize the
variance of EEG signals in one category and minimize the variance of EEG signals in
another category. This is achieved by calculating the covariance matrices of EEG signals
of different categories and then applying eigenvalue decomposition to find the spatial
filter. The resulting filter is called the CSP and is used to transform the original EEG signal
into a new eigenspace where the classes are more easily separable [14]. The CSP is shown
as follows:

TXTX T
wo @ X Xw w Miw (1)

B wTXI Xw - wTMyw

where W is the spatial filter matrix, T is the transpose of the matrix, X represents the data
matrix of the class, and M; and M, are the covariance matrices of the two classes of EEG
signals, respectively.

CSP does not require the selection of a specific frequency band. Therefore, it is suitable
for all types of EEG signals and provides a feature vector that captures signal components
relevant to the task, while reducing noise and irrelevant components. CSP is sensitive to
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noise, but EEG signals typically have low signal-to-noise ratios. CSP typically requires EEG
recordings from multiple electrodes for an effective spatial filter, which may cause it to
have a low performance on signals with only a few channels.

2.1.2. Fast Fourier Transform

Fast Fourier Transform (FFT) is commonly used for calculating the Power Spectral
Density (PSD), which is the power distribution of a signal in the frequency domain. The
calculation process is as follows: For a discrete-time signal x[n], its FFT is denoted as X[k].

N-1 o
X[k = Y x[ne /"N 2)
n=0

The power spectrum Pk] is usually calculated as the amplitude squared of the
FFT result:
PlK] = |X[k]|” 3)

PSD is the normalized form of the power spectrum, which is usually normalized
taking into account the signal length N and the sampling frequency f;.

1
Nfs

PSD(f) = 17 X[k @

The EEG signal itself contains features in both time and frequency domains. However,
it cannot effectively solve the problem of information correspondence in these two domains.
While some researchers focus only on time- or frequency-domain signals, which may
overlook important information, others work on combining various features to improve
classification performance. For this limitation, the FFT was extended to various time—
frequency domain analysis methods, such as the Short-Time Fourier Transform (STFT) and
the CWT, which were used in subsequent studies.

2.1.3. Short-Time Fourier Transform

In 1946, Gabor Dennis first proposed STFT, which introduced the concept of using a
time window to identify the frequency information at a specific moment, effectively solving
the problem of information localization in the time—frequency domain. STFT is expressed
as follows:

STFT{x(t)} = X(m,w) = / x(B)w(t — m)e 1t dt 5)
—0o0
where x(t) represents the EEG signal, w(t) represents a temporal window, and w(t — m) rep-
resents the complex conjugate of w(t). The size of the time window determines the relation-
ship between the frequency and time domains. A shorter time window improves the time
resolution, while a narrower frequency window improves the frequency resolution [15].

2.1.4. Continuous Wavelet Transforms

CWT stands as widely adopted approach for analyzing signals in the time and fre-
quency domain [3,16,17]. Initially introduced by Morlet and Grossman in 1987, CWT
involves the dissection of a signal into wavelets across various components. This decom-
position enables the examination of diverse frequency scales embedded within the data.
Unlike traditional frequency analysis methods, the CWT affords a comprehensive analysis.
Consequently, it provides researchers with a time—frequency representation of data, facili-
tating a deeper comprehension of their intricacies and temporal dynamics. Equation (6)
presents the formulation for the CWT.
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where the scaling of the wavelet transform is denoted as a, while the input signal is
represented as s(t), the wavelet basis function is denoted as ¢, and the time offset is
denoted as 1.

Among the array of five wavelet basis functions commonly employed in contemporary
signal processing, the Morlet wavelet holds a prominent position [3]. We have selected
the Morlet wavelet as the basis wavelet for our study. Its expression in the time domain is
given in Equation (7).

2 .1 2
¢(t) = () iexp(—m + jwet) (7)
The expression of frequency is shown in Equation (8).
T? (w — we)?
P(w) = (E)“WCP(—T) 8)

From the above equation, T and w, are determined. The resulting time—frequency
domain image, generated from the CWT mapping process, is employed as the input for
our model.

2.2. Convolutional Neural Networks

CNN, a pivotal component of machine learning, remains at the forefront of emerging
fields that continue to push the boundaries of innovation. As a pioneering force in numer-
ous areas, it has garnered significant attention from scholars and researchers alike [17-19].
Simultaneously, significant advancements have also been made in the research and devel-
opment of BCI systems [20,21]. These parallel efforts reflect the increasing recognition of
the potential of deep learning and BCI systems to revolutionize and transform numerous
domains of human activity.

Within the core of CNN lies its indispensable convolutional layer, pivotal for executing
convolutional operations on input signals. This process necessitates the utilization of convo-
lutional kernels, commonly known as filters. A single convolutional layer has the capacity
to accommodate multiple filters, with their respective weight parameters and biases subject
to adjustment throughout the neural network’s training phase. Through the application of
matrix multiplication principles, convolutional operations yield feature mappings crucial
for facilitating the transition from input to output. The positional coordinates of neural
elements within the feature map, generated by the kth convolution kernel, are denoted as
(m,n). The resulting output is represented in Equation (9).

Ymn = f(w(i)y * I(m,n) +b) )

where I(m, n) represents the input data, b stands for the bias, and w(i); is denoted as the
kth convolution kernel of the ith layer.The activation function, denoted as f, plays a crucial
role in neural networks. Commonly used activation functions include the hyperbolic
tangent (tanh), sigmoid, and rectified linear unit (ReLU). Beyond merely performing
convolution operations, the convolutional layer of a neural network encompasses additional
intricate processes such as padding and stride. These operations significantly enhance the
complexity of the computational process associated with the convolutional layer.

The pooling layer, also referred to as the sampling layer, plays a critical role that
reduces the dimensions of the input images. Positioned after the convolutional layer, this
layer effectively performs downsampling operations to extract local features. By decreasing
the number of network parameters, the pooling layer reduces the computational complexity
of the model. Additionally, it has been shown to enhances the model’s overall robustness
by minimizing minor errors in the data and combating overfitting issues. Two types of
pooling operations are usually performed: maximum pooling, in which the largest element
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value determines the feature value of the target region within the region. Conversely,
average pooling calculates the feature value of the target region based on the average value
of its constituent elements. The mathematical expressions for two pooling are delineated in
Equations (10) and (11), respectively.

f(x) = max (X, miN,jn,n4-N]) (10)

1 m=my+N,n=n1+N
f&) =N

Xin,n (11)
m=my,n=nq
where (N * N) is the size of the pooling kernel.

In a traditional CNN architecture, the fully connected layer is commonly considered
the last component. It receives features from upper layers, which are converted to vector
format before passing through. Here, previously extracted features are merged for matrix
multiplication. The fully connected process plays a critical role in transmuting the high-
dimensional spatial features received from upper layers, thereby using non-linear mapping
finalizing the entire CNN architecture. The robustness and generalization capabilities of
the CNN network models owe much to design principles. These principles enable CNN
models to automatically learn intrinsic signal features through convolutional and related
operations, ensuring efficient processing and extraction of meaningful information from
input data.

2.3. Classifier

Support Vector Machine (SVM) methods are based on the principles of statistical VC
dimensionality and structural risk minimization. They are widely used for classification
(binary /multiclassification), regression, and outlier detection [22]. SVMs are robust to
unknown data and often outperform other traditional machine learning algorithms, espe-
cially when dealing with small datasets. The main goal of SVMs is to compute optimal
decision boundaries or hyperplanes to distinguish different classes of data in the feature
space. SVMs can be categorized into three types [23]: Linear Support Vector Machines for
linearly differentiable data (hard margin maximization), Linear Support Vector Machines
for non-linearly divisible data (soft margin maximization), and Nonlinear Support Vector
Machines for non-linearly divisible data (soft margin maximization).

SoftMax is a classifier that is used as a multi-classification task and is often located
in the last layer of the neural network architecture. It transforms a set of raw scores,
also known as logits, into probabilities for each class [24]. Given a vector of logits X =
[x1,x2,..., %], the softmax function is defined as follows:

Flay = = (12)
ne’

where f(x); represents the probability of the i-th class.

Decision trees (DTs) are widely used for classification and regression tasks. They
utilize a recursive algorithm to split the feature spaces and arrange them in a tree-like
structure. Each node in the DT represents a decision, and each leaf node represents an
outcome or prediction [25]. The concept of DT was first introduced by J. Ross Quinlan and
has undergone several optimizations over various versions [26]. This algorithm breaks
down tasks into subtasks from root to leaf, calculating the optimal result for each subtask
without necessarily achieving the best overall result [27].
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2.4. Proposed CNN Structure

To enhance the precision of EEG signal classification for MI, the authors of [7] designed
a parallel CNN structure. Specifically, they combined three separate frequency bands as
the input and constructed a composite convolutional scale by allocating each frequency
band to a corresponding convolutional layer with three varying scales of the convolutional
kernel. This method improves the performance of feature extraction from high-dimension
information in the input data. To enhance the classification of MI, the authors of [13]
presented a CNN model with a parallel multi-scale filter bank. They adopted time-scale
convolutional kernels to heighten the model’s efficiency. Subsequently, they utilized four
distinct time-domain images as the input to effectively extract features.

CNNss have been widely used in processing only time- or frequency-domain images
as the input. However, given the continuity and complexity of the EEG signal itself,
it is difficult to extract sufficient features through only the frequency- or time-domain
dimensions. Therefore, we propose a novel multi-input time—frequency CNN structure for
this situation.

Event-related desynchronization (ERD) and event-related synchronization (ERS) ordi-
narily appear inside the scope of alpha rhythms (7-14 Hz) and beta rhythms (14-30 Hz),
with slight varietions noted across various articles [28,29].

Therefore, we focused our study on these two rhythms.

Our parallel CNN is displayed in Figure 1. We first converted the signals into time—
frequency images of alpha and beta rhythms utilizing CWT. These images were then taken
care of as the input through two comparative minor CNN structures. The convolutional
neural network architecture utilized in this study includes two layers, each comprised of 32
and 64 convolutional kernels measuring 5 x 5, with stride step sizes of 2 x 2, respectively.
The proposed model incorporates Rectified Linear Units (ReLUs) as its activation function,
which enhances classification accuracy and accelerates learning in our model. To avoid
overfitting, the model is regularized using L2 regularization. Throughout the preparation,
we set the L2 regularization boundary to 0.01 and utilized the Adam optimizer. The
learning rate was laid out at 0.1 at the beginning, with an automatically adjusted learning
rate during the training. The model was trained for 100 epochs; more epochs would make
the model learn better, but would easily lead to overfitting. Batch size wa used to estimate
the gradient in each iteration. A larger batch size leads to a more accurate estimate of the
gradient and faster computation due to parallel processing, but requires more memory.
On the other hand, it can offer regularization benefits but might result in noisy gradient
estimates and slower training with smaller batch sizes. The batch size for this study was
64. An early stopping mechanism was employed in the training phase to moderate the
overfitting. Specifically, the training blocked if the validation loss failed to decrease for five
consecutive epochs. This ensured that a well performing weights were retained, which
would work well with future signals. We considered the limitation of data size, optimized
the network parameters, and deleted the pooling layer to avoid the loss of effective features.

The resulting feature image from both minor regions were processed by a fully con-
nected layer to convert them into a 1D vector. Subsequently, the 1D features extracted from
both branches were concatenated into a single 1D vector, which was used for the classifier
as the input. We used three normally utilized classifiers—specifically DT, softmax, and
SVM. Furthermore, the pooling layer was wiped out to streamline the model system and
forestall the deficiency of sampling [30].



Appl. Sci. 2024, 14, 8828

7 of 16

14Hz 30hz
15Hz

| Convolution layer (32 @5x5) | Convolution layer (32@5x5)
v v
| Batch normalization layer(32 channels) ‘ ‘ Batch normalization layer(32 channels) |
| Convolution layer(64@5x5) ‘ Convolution layer(64@5x5)

4-

‘ Batch normalization layer(64 channels) l | Batch normalization layer(64 channels) |

v

RelU layer ReLU layer

| Fully connected layer | Fully connected layer

>

Classifier (2 classes) ]

I¢

Figure 1. The proposed CNN framework.

3. Result
3.1. Database

Many BCI competitions have been conducted to provide researchers in EEG with
standardized detection algorithms and reliable sources of data since 2001. To assess the
efficacy of our work, we chose a publicly available dataset, known as 2008 BCI Competition
IV Data Set 2B. The dataset utilized in this study comprises three bipolar EEG channels
(C3, Cz, and C4) acquired from nine participants, each performing two classes of MI (left-
hand and right-hand). Each subject contains five sections. We used the first three sections
(...01T,...02T....03T) as the training datasets and the last two sections (...04E,...05E) as the
validation datasets. All data encodings of this dataset are shown in Figure 2.

Subject Training Evaluation
1 B0101T B0102T B0103T BO104E BO10SE
2 B0201T B0202T B0203T B0204E BO020SE
3 B030IT B0302T B0303T BO304E BO305E
4 B0401T B0402T B0403T BO404E BO405E
5 B0501T B0502T B0503T BOS04E BO5S0SE
6 B0O601T B0602T B0603T BOG04E BO60SE
7 B0701T B0702T B0703T BO704E BO705E
8 B0801T B0802T B0803T BOSO4E BOSOSE
9 B0901T B0902T B0903T B0%04E BO90SE

Figure 2. All datasets from 9 subjects.
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Figure 3 depicts the acquisition process. The process of acquiring a solitary EEG
episode consists of three stages. At the beginning, a 3.5s preparation phase, during which
directional arrows show up on the displayer, is joined by a discernible alert. During the
second stage, which spans from the 3.5 s to the 7 s, subjects are instructed to engage in
MI based on the on-screen prompts. Following this, the volunteers are refreshed and wait
for the sign to begin the next recording. We captured data from 4 s to 7 s, taking into
consideration the possibility that the subject may not have responded when the cue first
appeared. In the experiment, this obtained a total of 750 data points. All raw data are
formatted as 750 x 3, that is 750 represents 3 s of signal points (250 Hz), and 3 denotes the
number of electrodes used. The raw data go through CWT to separately obtain the alpha
and beta wave images, both sized at (40, 750). Figure 4 displays the CWT feature maps
of the two rhythms for three electrodes. To reduce the computational load on the CNN,
we calculate the average of every five sample points along the time axis. As a result, each
training sample is sized (40, 150, 3).

Beep Cue

Fixation cross Motor imagery Break

A J

0 1 2 3 4 5 6 7 8

=]

Figure 3. Timing scheme of the paradigm.
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Figure 4. CWT of three channels.

3.2. Performance Evaluation Metrics

This section outlines a number of practical measurements that were utilized to assess
the effectiveness of our work. The precision was determined using Equation (13).

Tp+ TN
Tp+ Ty + Fp + Fy

Accuracy = (13)

where Tp, Ty, Fp, and Fy represent true positives, true negatives, false positives, and false
negatives, respectively.
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The precision, recall, and F1 score are shown in Equations (14)—(16), respectively.

.. Tp
Precision = 14
o+ B (14)
Tp
Recall = ————— 15
Tp + Fn ( )
Fl—>2 Recall % Precision (16)

¥ Recall + Precision

3.3. Performance of the Proposed Model

The experiment results are based on the following environment: CPU: Intel(R) Core(TM)
i5-7300HQ @2.50 GHz, GPU: NVIDIA GeForce GTX 1050 Ti, Operating System: Windows
10 64 bits, Matlab: 2022a. Figure 5 displays the comparative results of three classifiers,
with SVM achieving the highest accuracy of 84.1%, while softmax performed the worst
with only 75.3%. This illustrates that SVM showed a better generalization ability in the
small sample data sets. A notable limitation of this study was the relatively small size
of the dataset, as deep learning models typically require a larger training dataset to fully
demonstrate their capabilities. In future work, we aim to address this limitation by either
collecting our own dataset or applying appropriate data augmentation methods to increase
the dataset size. Another potential limitation is the complexity of hyperparameters, as this
study employed numerous parameters. Thus, further research is necessary to determine
how best to appropriately tune these hyperparameters.

Accuracy (%)

subject DT Softmax SVM
S1 71.2 77.8 75.1
e 60.7 65.4 69.8
53 66.2 70.7 70.5
s4 89.5 97.1 92.6
S5 85.2 86.4 91.7
2 80.4 72.1 87.2
S7 70.1 80.5 81.5
58 73.9 89.6 93.3
59 80.5 86.2 95.2
Average 753 80.6 84.1

Figure 5. Comparison of our work and different classifiers.

In addition, alternative evaluation metrics could be used to assess the effectiveness
of the proposed model. Figure 6 provides an ROC curve of three classifiers. Figure 7 and
Table 1 present the confusion matrices and the overall results of the precision and recall
values for the proposed CNN.
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Figure 6. ROC curve of the Support Vector Machines (SVMs), SoftMax, and Decision trees (DT).

Table 1. Performance metrics in our CNN.

Metrics Our
Precision (%) 85.71
Recall (%) 81.41
F1-Score (%) 83.5

To showcase the effectiveness of the proposed method, we conducted a comparative
analysis with several state-of-the-art models. The presentation of this comparative literature

is detailed in Table 2.

Confusion_matrix

Left Hand

True label

146

Right Hand
13.64%

Left Hand Right Hand
Predict label

Figure 7. Confusion matrix for the proposed model with SVM.
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Table 2. Compare the model structures to the comparative literature.

Literature =~ Contribution Hardware Complexity
* Cf)r.ldltlonal empirical mode decom- e CEMD involves iterative processes
[4] position (CEMD) that do not fully leverage the hard-
e 1D multi-scale CNN: consists of ware feature y &
three 1D CNN layers of different sizes.
e Covariate shift estimation (CSE) * Requires moderate computational
. . resources
[5] e unsupervised adaptive ensemble . . e
- o Integrating multiple classifiers in-
learning(UAEL) .
creases the memory requirement
e Multi-domain fgature extraction and o Mentioned feature extraction tech-
sparse feature fusion (MFESF), such as . . .
[6] L . niques require a relatively low hard-
the power spectrum estimation, time— . . .
ware implementation complexity
frequency energy
e Temporal Two 1D Convolutional e 1D structure reduces computational
7] layers CNN: three different kernel parameters
sizes (1 x 45,1 x 65 and 1 x 85) e 9 branches increases implementa-
e Data Augmentation(DA) tion complexity
] o CWT ¢ 30 x 30 significantly increases com-
® 30 x 30 kernel CNN putational complexity
e Single Convolutional Layer: Facili-
9] e Two-Branch CNN fusing temporal tates hardware implementation
and frequency features ¢ 64 x 1 Kernel: Too large for efficient
hardware implementation
e 5 x 5 kernel CNN small kernel
« Two-branch lightweight CNN good for re(.:luce hardware memory
Our and computing resource usage

e CWT

e Many hardware acceleration tech-
niques for CNNs and CWTs

The contrasted performance with different results are presented in Table 3. We demon-
strate the notable classification accuracy of our approach, surpassing most of the current
state-of-the-art models. Impressively, we achieved a remarkable accuracy rate of 95.2%
for subject 9, which is higher than for the other models. Additionally, our study boasts
a minimal average accuracy gap of 25.4% across the nine subjects, indicating that our
method effectively avoids personal irregularity and learns distinct action models associated
with various MI states automatically in EEG. These findings highlight the potential of our
approach to improve EEG-based classification in various research domains.

Table 4 shows the classification accuracy with different feature maps as the input,
CSPFFT, and STFT, and a CWT test using BCI Competition IV Dataset 2B. The input image
signal is trained and tested by the proposed CNN using 10 x 10-fold cross-validation.
Among the evaluated models, CWT-CNN demonstrates a competitive performance, which
outperforms the CSP-CNN 4.1%, and FFT-CNN 4.5%, and STFT-CNN 2.2%, respectively,
highlighting the efficacy of utilizing CWT for enhanced time—frequency feature extraction in
EEG signal analysis. Although the average accuracy of CWT-CNN is the highest, however,
for subjects 4, 7, and 9, the accuracy of CWT-CNN is lower than other models, suggesting a
potential influence of individual variability on model performance.
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Table 3. Compare the result with advanced CNNs.

Accuracy (%)

Subject No. CEMD-CNN [4] CSE-UAEL[5] MFESF[6] DA-CNN [7] Our
1 80.56 78.13 75.3 80.5 75.1

2 65.44 54.69 65.4 70.6 69.8

3 65.97 53.13 62.2 85.6 70.5

4 99.32 94.38 97.8 94.6 92.6

5 89.19 85.31 88.8 86.6 87.2

6 86.11 80.31 87.2 87.6 87.2

7 81.25 72.81 734 89.6 81.5

8 88.82 78.75 919 95.6 93.3

9 86.81 74.38 87.5 874 95.2
Mean 82.61 74.65 81.1 87.6 84.1
Gap 33.8 41.25 324 27.7 254

CEMD: conditional empirical mode decomposition; CSE: covariate shift estimation; UAEL: unsupervised adaptive
ensemble learning; MFESF: multi-domain feature extraction and sparse feature fusion.

Table 4. Compare the result with different input.

Accuracy (%)
Subject No. CSP-CNN FFT-CNN STFT-CNN CWT-CNN
1 65.9 68.2 73.5 75.1
2 65.1 63.5 68.1 69.8
3 65.2 67.9 65.2 70.5
4 91.8 92.1 93.1 92.6
5 81.7 84.2 85.7 91.7
6 80.31 78.4 84.3 87.2
7 82.1 73.7 78.1 81.5
8 924 90.0 91.9 93.3
9 95.3 90.1 92.7 95.2
Mean 79.9 79.6 81.9 84.1

Table 5 compares the models including TBTF-CNN [9], CWT-CNN [8], and our pro-
posed model. On average, our proposed model achieves an average accuracy of 84.1%,
achieving the highest accuracy compared with TBTF-CNN (81.3%) and CWT-CNN (83.0%).
It is worth noting that our model achieved the highest accuracy for subjects 5, 6, 8, and 9,
which were 91.7%, 87.2%, 93.3%, and 95.2%, respectively.

Table 5. Compare the results with other models using CWT and CNN.

Accuracy (%)

Subject No. TBTF-CNN [9] CWT-CNN [8] Our
1 84.5 85.6 75.1

2 63.3 72.8 69.8

3 62.3 78.0 70.5

4 98.1 95.4 92.6

5 89.7 82.6 91.7

6 85.0 79.8 87.2

7 79.5 82.9 81.5

8 84.7 85.0 93.3

9 84.5 85.3 95.2
Mean 81.3 83.0 84.1

TBTEF: The name of a two-branch CNN model.

4. Discussion

To enhance BCI system performance, we proposed a parallel novel CNN architecture
that inputs EEG signal maps transformed by CWT. Results on the left and right hand
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MI-EEG signals, the mean classification Precision, Recall and F1-Score obtained by CWT-
CNN algorithm are 85.71%, 81.41%, 0.835, respectively. Basically, the proposed CNN
model is able to process these time—frequency images and classify MI tasks with superior
performance than other traditional classification models, which demonstrates the potential
of combining CWT with deep learning techniques.

As illustrated in Tables 3 and 5, our method exhibits superior classification accuracy
across subjects compared with traditional algorithms like CSE-UAEL or MFESF. Further-
more, when contrasted with deep learning methods like CEMD-CNN or DA-CNN, our
approach demonstrates a higher average classification accuracy. Among thise, DA-CNN
has the highest average accuracy because it uses data augmentation techniques to triple
the number of training samples. For deep learning networks, increasing the number of
samples is one of the effective means to improve the training accuracy, and is widely used
in the field of engineering. However, EEG data are biological data, and we must carefully
verify the use of biological data and its reliability, especially artificially generated biological
data. In this context, the applicability of conventional data enhancement methods, such
as inversion, resizing, and adding noise, to biological data needs to be further explored.
Therefore, future works will develop data augmentation methods suitable for EEG data
that meet both the engineering and biological requirements to optimize the performance
of our model. Notably, individual subject analysis unveils diverse responses to different
models, implying the influence of individual variability on model efficacy. In particular,
our method showcases minimal accuracy discrepancies among subjects compared with
other techniques. Although CWT and CNN have been applied to the MI field in previous
work, our network still has an advantage in accuracy compared with models using similar
CWT-CNN technology.

The results indicate that the CWT-CNN approach has the highest (84.1%) average
classification accuracy when compared with the CSP-CNN (79.9%), FFT-CNN (79.6%), and
STFT-CNN (81.9%) methods, as shown in Table 4. Prior research indicates that CSP, being a
linear analysis method, may overlook short-term signal changes and lack precision when
capturing signal details [31]. Moreover, FFT struggles to capture the local characteristics
of MI-EEG signals effectively [32]. Additionally, due to the fixed window size of STFT,
both overall and local features may not be adequately represented. Contrastingly, CWT
offers a balance between global and local features by decomposing the signal and offering
time-varying windows with a high temporal resolution [33].

Despite these promising results, several limitations are acknowledged, including the
small dataset size and hyperparameter complexity. As shown in Figure 5, SVM exhibited
the highest performance, achieving a prediction accuracy of 84.1%, followed by Softmax
(80.6%), and lastly decision tree (75.3%). EEG signals are often affected by considerable
noise and interference, yet CNN can effectively extract relevant data through convolution
and pooling layers. These layers enable the abstraction of feature representations from the
raw data, which are highly discriminative for classification tasks. In contrast, decision trees
may be limited to utilizing original features or a restricted set of manual features, leading
to comparatively weaker expressive capabilities [34]. Moreover, the size and quality of the
dataset significantly impact the model performance. The 2008 BCI Competition IV Data Set
2B is relatively small, and the Softmax classifier is susceptible to overfitting when handling
smaller datasets, particularly those with a higher complexity such as EEG. Overfitting
results in a model that performs well on training data, but fails to generalize effectively
to new data. Future research directions will involve addressing these limitations through
data augmentation techniques and systematic hyperparameter tuning to improve model
generalization and performance optimization.

5. Conclusions

The complexity of EEG signals, along with the limitations of hand-operated feature
extraction, presents significant challenges to the classification of EEG signals. To overcome
this challenge, we introduce a parallel structure that utilizes CNN with CWT technology,
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thereby enabling more comprehensive feature extraction and improving classification accu-
racy. Notably, our work accomplishes a mean accuracy of 84.1% on the BCI Competition IV
2b dataset for MI purposes. Upon comparing the classification outcome values obtained
from various pre-processing methods, it is evident that CWT is better suited for integration
with CNN for analyzing MI-EEG signals compared with CSP, FFT, and STFT. We replace
the softMax classifier commonly used by CNN with SVM and DT, and experiments prove
that SVM is more suitable for small datasets such as BCI Competition IV 2b. Moreover, our
method compares favorably with other state-of-the-art approaches. We envision that this
technique will be of value in different Al and MI analytical undertakings. We are eager to
explore its potential further. Our future plans involve the creation of a specialized infer-
ence accelerator tailored for purposed CNN that is seamlessly compatible with adaptable
devices like field programmable gate arrays (FPGAs). Nevertheless, our objective raises
numerous layout hurdles, specifically concerning the parallel minor CNN. Furthermore, the
implementation of CNN and CWT demand considerable computational resources, which
can lead to memory limitations or sluggish inference speed on the hardware employed. To
overcome these obstacles, we must devise inventive solutions that enable efficient resource
utilization while ensuring performance.
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Abbreviations

The following abbreviations are used in this manuscript:

CNN Convolutional Neural Network

CWT Continuous Wavelet Transform

FPGA Field-Programmable Gate Arrays

DL Deep learning

MI Motor Imagery

EEG Electroencephalography

CSE-UAEL Covariate Shift Estimation and Unsupervised Adaptive Ensemble Learning
SR Sparse Representation

CSP Common Spatial Pattern

FFT Fast Fourier Transform

STFT Short Time Fourier Transform

BCI Brain-Computer Interface

CEMD Conditional Empirical Mode Decomposition

ERD Event-related Desynchronization

ERS Event-related Synchronization

ReLUs Rectified Linear Units

SVM Support Vector Machine

DT Choice Decision Tree

MFESF Multi-domain feature extraction and sparse feature fusion
CSSD common spatial subspace decomposition

PSD Power Spectral Density
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