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Abstract— Brain-Computer Interfaces (BCIs) enable people
with motor impairments to communicate and control their
environment; nevertheless, the performance of
electroencephalography (EEG) based motor imagery (MI)
classification is still limited due to low signal-to-noise ratios,
differences between individuals, and the complexity of datasets.
This study investigates two methodologies, the classic Common
Spatial Patterns (CSP) used with Support Vector Machines
(SVM) and a deep learning approach that is composed of a
Denoising Autoencoder (DAE) and a Convolutional Neural
Network (CNN). We demonstrate these techniques applied to
the BCI Competition IV 2a and 2b datasets. The results show
that the DAE-CNN framework achieves an accuracy of 65.4%
on the BCIC IV 2a dataset. While the CSP and SVM approach
achieved 72.8% accuracy on the BCIC 2b dataset. This study
provides meaningful insights for improving MI classification
and paves the way for hybrid models that can increase BCI
performance.

Keywords— Motor Imagery (MI), Common Spatial Pattern
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[. INTRODUCTION

Brain-Computer Interfaces (BCIs) allow for direct
communication between the brain and external devices,
leading to remarkable opportunities for applications in
neurorehabilitation and assistive technologies for people with
severe motor disabilities, such as neuroprosthetics. Out of
many techniques available, classifying motor imagery (MI)
through EEG signals has drawn attention due to being non-
invasive, portable and relatively inexpensive. However,
owing to low signal-to-noise ratio, prone to artifacts and high
dimensionality of data, EEG based MI systems face multiple
challenges. The above-mentioned are challenges in making
generalization and practical [1, 2, 3]. Conventional
approaches such as Common Spatial Patterns (CSP) in
combination with Support Vector Machines (SVM) have
shown success in this area, directly using spatial features that
are extracted to classify data with a robust decision boundary.
But their reliance on manual feature engineering limits their
adaptability with regards to noisy and complex datasets,
particularly in multi-class or few channels’ problems [4, 5].
There are now exciting alternatives in deep learning that have
emerged more recently. On the other hand, CNNs are capable
of discovering spatial-temporal features from raw EEG data
independently, and Denoising Autoencoders (DAE) enhance
denoising during feature extraction [6,7]. Deep learning
models hold the potential to achieve incredible results, but in
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order to do so they require a significant amount of
computational power, preprocessing and large datasets to
build optimal performance. This work thoroughly compares
classical CSP-SVM and recent DAE-CNN paradigms,
utilizing data from BCI Competition IV 2a and 2b, each of
them poses distinct challenges in terms of complexity and
channels. The 2a type dataset is a multi-class classification
with 22 channels and the 2b type dataset is a binary
classification with just three bipolar channels to measure
computational efficiency. The evaluation of these
methodologies provides important insights into the trade-off
between computational efficiency and reliable feature
learning, suggesting the possibility of hybrid approaches.
Bridging the interpretability and efficiency of CSP with the
powerful feature extraction abilities of neural networks could
significantly enhance the real-world applicability of BCI
systems. In conclusion, the results of this work contribute to
the state-of-the-art of EEG-based MI classification by
highlighting the merits and disadvantages of both classical
and modern approaches. These changes may dramatically
enhance the performance of BCI systems for real-world
applications such as neurorehabilitation, adaptive prosthetics,
and assistive devices.

II. RELATED WORKS

The performance of motor imagery (MI) classification
based on EEG is critical to the success of Brain-Computer
Interface (BCI) systems, but facing challenges including low
signal-to-noise ratio (SNR), high inter-subject variability, and
high data dimensionality. Traditional methods (such as the
combination of Common Spatial Patterns (CSP) with Support
Vector Machines (SVM) or Linear Discriminant Analysis
(LDA)) are efficient in terms of computations and have
straightforward interpretations in binary classification
problems. However, they usually poor in noisy environments,
high dimensions or multi-class datasets, such as BCI
Competition IV 2a [12, 13, 14, 15]. Despite all these
challenges, CSP-SVM frameworks have the potentiality and
are relatively easy to implement, so still work good for
resource limitation systems. On the other hand, the surge of
deep learning methods also fundamentally reshaped MI
classification algorithms by learning spatial-temporal features
from raw EEG data using such techniques CNNs and DAEs.
EEGNet. However, deep learning approaches need vast
amounts of labeled data, significant computational power, and
extensive preprocessing before training, while their ability to
generalize  between data.. CSP-SVMs provide a
mathematically tractable framework for subject-general



levels of decomposition. A threshold value is computed as
following. At first the variance parameter is computed as

(1

analyses but can struggle to capture complex patterns, while
CNNs and DAESs outperform in terms of pattern recognition

but may struggle with the trade-off between performance and 1 N

generalization. It was proposed that combine the o= —Z|dlk| foralll
interpretability of CSP and the feature extraction advantages N ]

of deep learning could be a good strategy [20, 21]. Adaptation]n the equation above, dy;, denotes the details

of systematic assessment of these approaches across datasetscoefficients of level 1. Then the thresholding value
of varied complexities and scalability of real-worldg js computed as:

applications are major areas that would require further
evaluation, reinforcing the need to augment MI classification B = aoy2log log T )
Where «a is the strength of thresholding.

methodologies for successful BCIs.
The preprocessed detail coefficients are computed
using a soft thresholding technique as:

III. MATERIALS AND METHODS

To test the proposed method, BCI Competition IV 2a and 2b
datasets have been taken into account. An 2b dataset has diy 3)
2 MI tasks with 3 bipolar channels and from 2a dataset there are dye = |dyel x max(|dy| — B, 0)
9 subjects performing 4 MI tasks for 22 channels of EEG
recordings. The two datasets were both preprocessed viafinally, each channel k of EEG trial j is whitened as
baseline correction, normalization, and segmenting into
overlapping sliding windows to increase the temporal Xi[n] = Xk [n] — W “)
resolution. All datasets were then randomly partitioned into Ik aﬁ{
stratified sampling training (70%), validation (15%), and test
sets (15%) with the goal of retaining balanced class¢ Classification
representation. The 2a dataset consisted of images with high

dimensionalities, and 2b low-channel efficiency images.

A. Data Description

The BCI Competition IV 2a[22] dataset is a well-known
benchmark dataset for motor imagery (MI) classification,
which consists of EEG recordings from 9 subjects performing
4 different MI tasks (left hand, right hand, feet, tongue), using
22 electrodes according to the 10-20 system, at 250 Hz
sampling rate filtered between 0.5-100 Hz. Each subject
performed 288 trials (72 for each task), where visual cues
were followed by 2 seconds of MI in a trial, providing very
variable and noisy data to test MI classification methods. The
2b dataset[23] contains binary MI tasks (left and right hand)
recorded by 3 bipolar electrodes (C3, Cz, C4) with a sample
rate of 250 Hz, along with EOG channels for artifact removal.
It consists of six runs of 90 trials (45 for each task) each.

B. Signal Preprocessing

The preprocessing pipeline was mainly designed to
enhance the quality of the EEG signal. The pipeline can be
described as the following figure:

N*T 8-30 Hz bandpass filtered for
[xc e | 0 o )

N
DWT Denoisng for each N channels
[xalx1} (DWT decomposition )
detail coefficients cD,
Soft thresholding
- J

Filtered signal
* XeRM

Fig. 1. Preprocessing Pipeline

The raw EEG signal is denoted X € RV*T where N is the
number of channels and T is the number of time samples. At
first the signal X is bandpass filtered with f;,y,, = 8.0 and
fruieu = 30.0 Hz using Butterworth filter. This is done for
each channel. The filtered signal is then decomposed using
discrete wavelet transform using DB2 wavelet basis and 4

This study utilized two different classification methods: a
DAE-CNN framework focused on harnessing deep learning
for effective feature extraction and classification, and a CSP-
SVM technique, which represents a conventional machine
learning approach frequently applied in motor imagery (MI)
classification.

1) DAE-CNN Framework:
An autoencoder is an unsupervised machine learning

technique that aims to compute a compressed representation
of an input signal. An autoencoder tries to compress the
signal in such a way that will help reconstruct the original
signal with minimum mean squared error loss. In this process,
the compressed representation can be used as a good latent
space feature for the original signal. The idea can be
visualized as following:
Input Output

Decoder

Encoder

Fig. 2. DAE Architecture
Let us denote a high dimensional input signal as x € R™, the
target is to compute a lower dimensional signal x € R"

where n < m. Let us denote the encoder parameterized by ¢
as

z = Eg(x) 5)
And the decoder as

x' = Dg(2) (6)



For example, the encoder can be a multilayer perceptron
Ey(x) =o(Wx +b) (7)
Finally, the training objective is

1% ®)
5Dl = Dy (Ed )P
i=1

The denoising is achieved by deliberately injecting noise to
the input data during training as:

X =x;+e€ ©)
e~N(0,1)

In this study, the particular architecture of the denoising
autoencoder based CNN is as follows:

TABLE L. PROPOSED DAE BASED CNN ARCHITECTURE
Layer Layer description Output size | Connected to
Input EEG data with (22,256) —
layer dimensions (22, 256)

IstDAE | Applies denoising to the (22,256) Input Layer
Layer input EEG signal.
2nd Learns latent (11, 128) Ist DAE Layer
DAE representations by
Layer reducing noise further.
3rd Final denoised output (5, 64) 2nd DAE Layer
DAE with compressed and
Layer clean features.
1D Learns  spatial-temporal (8, 64) 3rd DAE Layer
Convol features from the
ution denoised output.
Layer
Pooling | Reduces temporal (8,32) 1D Convolution
Layer resolution to focus on Layer
dominant features.
Dense Fully connected layer for “) Pooling Layer
Layer classification.
Softmax | Outputs class “4) Dense Layer
Layer probabilities for
classification tasks.

Overall, the workflow is the following:

|EEG Tn'als|

Trials for training
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performance
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training

Fig. 3. Workflow Diagram

Trials for | |
testing
2) CSP-SVM Method:

The CSP-SVM method employs the well-established
Common Spatial Patterns (CSP) algorithm for feature

extraction. CSP applies spatial filters W on the raw EEG
signals X to output discriminative components: Z = WTX,
where Z is the spatially filtered signals. The spatial filter
matrix W is computed as

3 Cwiw (10)
w = argmM}nWTZZW
Where
Z.=XXT force{1,2} (11)

A spatial filter matrix W = [w; w, ... wy,, | € RVN*2M For
each EEG trial X, the feature vector z € R?M is computed as

Zy, =log (var(wLX)) (12)

In particular, six CSP features were chosen for the BCI IV 2a
dataset because of its high channel number, and only three
features worked well for the lower spatial resolution 2b
dataset [23].

After all trial were spatially filtered, a kernel SVM with radial
basis function kernel was used to perform classification
according to the following flow diagram:

P number of EEG trials for each subject

K 2

Preprocess all the trials using previously mentioned approach

K 2

Spatial filtering usmg CSP to get new Input X, ER"M

K 2

Split the rows of Z into training and test sets

K 2 k 2
Z Train Z Test
k2 k 2
Training SVM Testing the trained
SVM

Fig. 4. Classification Diagram

IV. RESULT AND DISCUSSION

DAE-CNN and CSP-SVM were evaluated using five-fold
cross-validation, with DAE-CNN leveraging data
augmentation for complex feature learning and CSP-SVM
prioritizing computational efficiency for binary classification
tasks where

A _ TP +TN (13)
CoUracy = Tp TN+ FP + FN
TP
Precision = ——— (14
TP + FT
TP (15)
Recall = TP"F—FN
Precision * Recall 1
Fl1 =2+« (16)

Precision + Recall

The performance of the DAE-CNN and CSP-SVM models
were compared with different methodology shown in Table
2. Their DAE-CNN outperformed the CSP-SVM in the
multi-class BCI IV 2a dataset with 22 channels and four MI
classes, achieving an accuracy of 65.4%, 4.2% better that
CSP-SVM's task with 22 channels and 4 MI classes,



obtaining an accuracy of 61.2%. However, both models(g

exhibited difficulties with inter-subject variability

complexity of the dataset, suggesting that a performance
high-

optimization is necessary to improve multi-class

dimensional classification performance. In contrast, CSP-r,

SVM out-performed on the binary-class BCI IV 2b dataset,

with only three channels of data, achieving accuracy of

72.8% against DAE-CNN's result of 70.3%. It shows CSP-

SVM is superior in simple low channel conditions because of 8l
its efficient extracting and discrimination capabilities of the g

features. Additionally, cross-validation results confirmed that
CSP-SVM is more consistent in the 2b dataset, and DAE-
CNN possesses greater potential to process higher order, 2D data

in future applications.

TABLE II. COMPARISON OF RESULTS
Paper Method Accuracy
R. Zhang et al. [24] CSP and SVM 58.2% - 61.2%.
Alimardani et al. [25] ﬁ%ﬁ:&éﬁg’gg 51.7% - 62.5%
S.S. I;/{(;lf;;ié]Salehi HCSP 64.5%
This work e and 61.2% - 72.8%

The key results emerged in this latter, two-dimensional
setting but highlight the strengths of DAE-CNN over CSP-
SVM. In the future, one possible research direction is to study
hybrid models that blend the strengths of both models.

V. CONCLUSION

The following study was performed comparing DAE-CNN
and CSP-SVM for motor imagery classification on BCI
Competition IV datasets. DAE-CNN was limited in the
results that it achieved, reaching 65.4% accuracy on the
high-dimensional 2a dataset where as CSP-SVM
outperformed, achieving 72.8% accuracy on the simpler 2b
dataset. However, there are still limitations for both models,
the performance needs to be improved. Hybrid models, high-
level preprocessing of the data, and domain adaptation are all
possible future avenues of exploration to improve
performance. Similarly, testing on diverse datasets from
various subjects would increase generalizability and find
applicability in the real world.
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