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Electroencephalogram (EEG) signals play a pivotal role in biomedical research and clinical
applications, including epilepsy diagnosis, sleep disorder analysis, and brain-computer interfaces.
However, the effective analysis and interpretation of these complex signals often present significant
challenges. This paper presents a novel approach that integrates computer graphics techniques with
biological signal pattern recognition, specifically using Markov Transfer Fields (MTFs) for EEG time
series imaging. The proposed framework (STEAM-EEG) employs the capabilities of MTFs to capture
the spatiotemporal dynamics of EEG signals, transforming them into visually informative images.
These images are then rendered, visualised, and modelled using state-of-the-art computer graphics
techniques, thereby facilitating enhanced data exploration, pattern recognition, and decision-making.

The code could be accessed from GitHub.
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1. Introduction

Electroencephalogram (EEG) signals play a crucial role in neuroscience, clinical diagnosis, and brain-
computer interfaces due to their non-invasive nature and high temporal resolution 2314 However,
EEG signal analysis presents significant challenges owing to its complex, non-stationary nature, and the
presence of noise and artifacts. Traditional approaches, relying on manual feature engineering and
conventional machine learning algorithms@l(—’lm@, often fail to capture the intricate spatiotemporal

dynamics inherent in EEG signals. Recent advancements in deep learning, particularly convolutional
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neural networks (CNNs), have revolutionized this field by automatically learning hierarchical

representations from raw datawml, addressing many limitations of traditional methods.

The evolution of EEG signal analysis has seen the integration of various advanced techniques. Attention
mechanisms have been introduced to focus on relevant parts of the input signal, enhancing the model’s
ability to capture critical information12IB4] * Narkoy Transfer Fields (MTFs) have demonstrated
promise in modeling complex spatiotemporal patterns, providing a more comprehensive representation
of EEG dynamicsI2106107] - Additionally, Singular Spectrum Analysis (SSA) has been employed to

decompose EEG signals into trend, seasonal, and noise components, facilitating more nuanced feature

extractionl181191[201[21][22]

Despite these advancements, there remains a need for a comprehensive approach that effectively
integrates these diverse techniques to address the multifaceted challenges of EEG signal analysis. To
address this gap, we propose a novel framework that combines Trend-Seasonal Decomposition using
SSA, parallel 1D-CNNs with modified attention mechanisms, and MTF imaging. This approach integrates
advanced signal processing, deep learning, and computer graphics techniques for enhanced EEG signal
analysis. Figure 1 illustrates the performance of our proposed method compared to existing state-of-the-
art approaches across a diverse range of EEG datasets. The radar chart clearly demonstrates the superior
accuracy of our method across all evaluated datasets, highlighting the effectiveness of our integrated
approach in capturing and analyzing the complex spatiotemporal dynamics inherent in EEG signals. Our

main contributions are:

» We propose a a novel integrated framework (STEAM-EEG) for EEG signal analysis that synergistically
combines Singular Spectrum Analysis (SSA) for trend-seasonal decomposition, parallel 1D-CNNs with
a modified attention mechanism, and Markov Transfer Field (MTF) imaging. This unique
combination allows for more effective capture and analysis of complex spatiotemporal dynamics in
EEG signals.

e We introduce a modified attention mechanism specifically designed to capture cross-channel
dependencies in parallel 1D-CNNs, enhancing the model’s ability to focus on relevant features across
multiple EEG channels.

» We leverage MTF imaging to model spatiotemporal dynamics and generate informative visual

representations of EEG patterns, improving both the analysis and interpretability of the results.
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» We conduct extensive evaluations on diverse EEG datasets, demonstrating significant improvements

in accuracy and robustness compared to state-of-the-art methods across various EEG analysis tasks.
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Figure 1. Performance comparison of our proposed SOTA method against baseline
approaches across various EEG datasets. The radar chart illustrates the superior accuracy of
our method (in orange) compared to FCNN, EEGNet, DeepConvNet, and STFT-CNN across ten

different EEG datasets.

2. Related Work

EEG signal analysis has evolved from traditional time-domain and frequency-domain techniques@l@1
[25] to more sophisticated machine learning approaches. Support vector machines, k-nearest neighbors,
and decision trees have shown promise in various EEG classification tasks2110111L enhancing diagnostic
accuracym. Recent years have seen a shift towards deep learning, particularly convolutional neural
networks (CNNs). These models have achieved state-of-the-art performance in seizure detectionm,
emotion recognitionw, and motor imagery classificationl22139 To address temporal dependencies,

attention mechanisms have been integrated into EEG analysis modelsI1ZI131041B31321331(34] a1)owing for

focus on relevant signal components.
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Markov Transfer Fields (MTFs) have emerged as a powerful tool for capturing complex spatiotemporal
patterns in EEG datall211610351017] Concurrently, Singular Spectrum Analysis (SSA) has been employed to
decompose EEG signals, facilitating more refined feature extractionl8IIAR01211122) - vjsyalization
techniques have also played a crucial role in EEG analysis. Topographic mapsB—él[ﬂl, connectivity

graphsm, and 3D brain models4A4l have enhanced the interpretability of EEG data and analysis

results.

Despite these advancements, there remains a need for comprehensive approaches that effectively
integrate advanced signal processing, deep learning, and visualization techniques. Our work addresses
this gap by combining SSA, attention-enhanced CNNs, and MTF imaging for improved EEG signal

analysis.

3. Methodology

In this section, we present the proposed methodology for enhancing EEG signal analysis through the
integration of Trend-Seasonal Decomposition using Singular Spectrum Analysis (SSA), parallel 1D
Convolutional Neural Networks (ID-CNNs) with modified attention mechanisms, and Markov Transfer

Field (MTF) imaging. The overall architecture of the proposed approach is illustrated in Figure 2.
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Figure 2. The overall architecture of the proposed approach for enhanced EEG signal analysis.

3.1. Trend-Seasonal Decomposition using Singular Spectrum Analysis

The first step in our approach is to decompose the raw EEG time series into trend, seasonal, and noise
components using Singular Spectrum Analysis (SSA). SSA is a powerful technique for analyzing and
decomposing time series data, capturing the underlying temporal structure and separating different

components.

Let X = (z1,22,...,zn) be the raw EEG time series of length N. The SSA algorithm consists of the

following steps:

1. Embedding: Create a trajectory matrix Y by sliding a window of length L over the time series X:

1 ) T
) I3 e Tra

Y: . . . . bl (1)
T Try1 TN

where K = N - L+ 1.
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2. Singular Value Decomposition (SVD): Perform SVD on the trajectory matrix Y:
Y =UzVT, (2)
where U and V are orthogonal matrices, and X is a diagonal matrix containing the singular values.
3. Grouping: Group the singular values and corresponding eigenvectors into distinct components
based on their significance and similarity. Let I, ls,...,I,, be the indices of the grouped
components.
4. Reconstruction: Reconstruct the time series components using the grouped eigenvectors and
singular values:
Xr = Yiey, Uiv/aiVi (3)
where X, represents the reconstructed component series, U; and V; are the i-th columns of

U and V, respectively, and o; is the i-th singular value.

By applying SSA to the raw EEG time series, we obtain three reconstructed component series: trend (
Xirend), seasonal (Xgeasona), and noise (Xypoise ). These component series capture different temporal
patterns and characteristics of the EEG signal, providing a more refined representation for subsequent

analysis.

3.2. Parallel 1D Convolutional Neural Networks with Modified Attention Mechanisms

The decomposed EEG component series are then fed into parallel 1D Convolutional Neural Networks (1D-
CNNs) to learn discriminative features for EEG signal analysis. We propose a modified attention
mechanism that captures cross-channel dependencies and enhances the feature learning capabilities of

the 1D-CNNs.

XC

seasonal?

Let X¢

trend’ and X{ ;. denote the trend, seasonal, and noise component series for EEG channel c,

respectively. Each component series is processed by a separate 1D-CNN, which consists of multiple

convolutional layers followed by pooling layers and fully connected layers.
The 1D convolution operation for the /-th layer of the 1D-CNN can be expressed as:
hlc = f (Wl * hlil + bl) s (4)

where h7 is the output feature map of the [-th layer for channel ¢, W; and b, are the learnable weights
and biases of the I-th layer, x denotes the convolution operation, and f(-) is the activation function, such

as ReLU.
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To capture the cross-channel dependencies, we introduce a modified attention mechanism that
computes attention weights based on the feature maps from all EEG channels. Let
H; = [h},h?,. .., th] be the concatenated feature maps from all channels at the [-th layer, where C is

the total number of EEG channels. The attention weights are computed as:

A; = softmax (WaT tanh(W,H; + bh)) ) (5)
where W, and W, are learnable weight matrices, b, is a learnable bias vector, and softmax(-) is the
softmax function that normalizes the attention weights.

The attended feature maps ﬂl are obtained by element-wise multiplication of the attention weights with
the original feature maps:

H, = A; 0 H, (6)
where ® denotes element-wise multiplication.

The attended feature maps ﬁl are then passed through the subsequent layers of the 1D-CNN for further
feature extraction and classification. The modified attention mechanism allows the 1D-CNN to focus on
relevant channels and capture cross-channel dependencies, enhancing the discriminative power of the

learned features.

3.3. Markov Transfer Field Imaging

To model the spatiotemporal dynamics of EEG signals and generate informative visual representations,
we employ Markov Transfer Field (MTF) imaging. MTF is a probabilistic graphical model that captures

the spatial and temporal dependencies among different regions of the EEG signal.

Let S = {s1,89,...,51} be a set of M spatial regions defined on the EEG electrode layout. Each region
s; is associated with a state variable z; that represents the activity level of the region at a given time

point. The MTF model defines a joint probability distribution over the state variables:

M
1
P(x) = —exp = i) — Y vi(wisag) |, (7)
=1 ()€€
where x = [z1,®3,...,2p] is the state vector, Z is a normalization constant, ¢;(z;) is the unary

potential function that captures the local evidence for the state of region s;, v;; (x;, ;) is the pairwise
potential function that models the interaction between regions s; and s;, and £ is the set of edges in the

MTF graph representing the spatial relationships between regions.
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The unary potential function ¢; (z;) is defined based on the features extracted from the corresponding

EEG region using the parallel 1D-CNNs:
¢i(zi) = —wifi(z:), (8)
where w; is a learnable weight vector and f;(z;) is the feature vector extracted from region s;.

The pairwise potential function ;;(z;, ;) is defined to encourage smoothness and consistency among

neighboring regions:
¥ij(zir ) = Bijlai — z;)%, (9)
where §;; is a learnable parameter that controls the strength of the interaction between regions s; and s;.

Inference in the MTF model is performed using belief propagation to estimate the marginal probabilities
of the state variables. The inferred marginal probabilities provide a measure of the activity level and

spatial distribution of the EEG signal at each time point.

To generate visual representations of the EEG patterns, we map the inferred marginal probabilities onto a
2D topographic map of the EEG electrode layout. The resulting MTF images highlight the active regions

and their spatial relationships, providing an intuitive visualization of the EEG signal dynamics.

34. Two-dimensional Residual Convolutional Neural Network with Cross-Channel Split

Attention

After obtaining the MTF images that capture the spatiotemporal dynamics of the EEG signals, we employ
a two-dimensional residual convolutional neural network (2D-ResNet) with cross-channel split attention
to extract discriminative features from these images. The 2D-ResNet architecture is well-suited for
processing image data and has demonstrated excellent performance in various computer vision tasks.
The 2D-ResNet consists of multiple residual blocks, each containing convolutional layers, batch
normalization, and activation functions. The residual connections allow the network to learn residual
mappings and facilitate the flow of information through the network. Figure 3 illustrates the architecture

of the 2D-ResNet with cross-channel split attention.
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Figure 3. Architecture of the two-dimensional residual convolutional
neural network with cross-channel split attention for image feature

extraction.

Let I € R*W*C denote the input MTF image, where H, W, and C represent the height, width, and
number of channels, respectively. The 2D convolution operation for the [-th layer of the 2D-ResNet can

be expressed as:
Xl = f(Wl * Xl -1+ b[), (10)

where X is the output feature map of the I-th layer, W; and b; are the learnable weights and biases of
the [-th layer, * denotes the convolution operation, and f(-) is the activation function, such as ReLU. To
capture cross-channel dependencies and enhance the feature extraction capabilities of the 2D-ResNet, we
introduce a cross-channel split attention mechanism. The attention mechanism allows the network to
focus on relevant channels and spatial regions of the MTF images. Let X; = [xll,xf, e ,xlc] be the

feature maps of the I-th layer, where x; € RA*Wi represents the feature map for channel c. The cross-

geios.com doi.org/10.32388/WHUN2I


https://www.qeios.com/
https://doi.org/10.32388/WHUN2I

channel split attention mechanism computes attention weights for each channel based on the feature

maps from all channels:

a; = softmax(W? tanh(W,X; + b.)), (11)
where a; € R is the attention weight vector for the [-th layer, W, and W, are learnable weight
matrices, b, is a learnable bias vector, and softmax(-) is the softmax function that normalizes the
attention weights. The attended feature maps /X\l are obtained by element-wise multiplication of the

attention weights with the original feature maps:

X] = af - x7, (12)
where af is the attention weight for channel c in the [-th layer, and - denotes element-wise multiplication.
The attended feature maps /)El are then passed through the subsequent layers of the 2D-ResNet for
further feature extraction and classification. The cross-channel split attention mechanism enables the

network to adaptively focus on relevant channels and spatial regions, enhancing the discriminative

power of the learned features.

4. Results

4.1. Datasets

To evaluate the performance of our proposed STEAM-EEG model, we utilized a comprehensive selection

of EEG classification datasets from the UCR“2! Time Series Classification Archive. This archive is widely
recognized in the time series analysis community and provides a diverse range of EEG datasets, each

presenting unique challenges and characteristics.

4.2. Baselines

To evaluate the effectiveness of our proposed approach, we compared it with several state-of-the-art

methods for EEG signal analysis:

e FCNN: A fully convolutional neural network approach proposed by[‘ﬁ]‘ for EEG decoding and
visualization.

+ EEGNet: A compact convolutional neural network architecture designed specifically for EEG-based
brain-computer interfaces44),

» DeepConvNet: A deep convolutional network architecture for EEG-based movement decoding[“—ﬂ;
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o STFT-CNN: A method combining short-time Fourier transform and convolutional neural networks for

EEG classification[46l.

These baselines represent a diverse range of approaches in EEG signal analysis, from traditional machine

learning methods to advanced deep learning architectures.

4.3. Evaluation Metrics

To comprehensively evaluate the performance of our proposed approach, we employed two key metrics.
First, we used accuracy, which represents the proportion of correct predictions among the total number
of cases examined. This metric provides a straightforward measure of overall performance. Additionally,
we calculated the F1-score, which is the harmonic mean of precision and recall. The Fl-score offers a
balanced measure of the model’s performance, particularly useful in cases where class distribution may
be uneven. These metrics together provide a robust assessment of our model’s effectiveness across

various EEG classification tasks.

4.4. Classification Performance

Table 1 presents the classification performance of the proposed approach compared to the baseline

methods across different EEG datasets.

The results demonstrate that our proposed approach consistently outperforms the baseline methods
across all datasets, achieving higher classification accuracies and Fl-scores. The improvement in
performance can be attributed to the effective extraction of discriminative features from the decomposed
EEG components using the parallel 1D-CNNs and the capture of spatiotemporal dependencies through

the MTF imaging component.
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Dataset FCNN EEGNet DeepConvNet | STFT-CNN STEAM-EEG (Ours)
Blink 859/0.857 | 87.2/0.870 88.7/0.885 89.1/0.889 91.7 / 0.915
Epilepsy2 895/0.893 | 91.8/0916 92.1/0919 93.6 [ 0934 95.2/0.950
EyesOpenShut 851/0.849 | 874/0.872 86.7 [ 0.865 889/0.887 90.6 / 0.904
FaceDetection 870/0.868 | 88.9/0.887 90.2/0.900 90.8 /0906 92.8/0.926
FingerMovements 88.7/0.885 | 90.6/0.904 919 /0917 92.5 /0923 94.3 [ 0.941
HandMovementDirection | 85.8/0.856 | 87.6/0.874 88.5/0.883 89.3/0.891 91.1/0.909
Motorlmagery 89.2/0.890 | 91.3/0911 92.2 /0920 93.0 /0928 94.7 | 0.945
SelfRegulationSCP1 87.8/0.876 | 89.7/0.895 90.6 [ 0904 915 /0913 93.1/0.929
SelfRegulationSCP2 88.5/0.883 | 90.4/0902 91.2 /0910 92.1/0919 93.9/0.937
Sleep 871/0.869 | 89.0/0.888 89.8/0.896 90.7 /0905 92.4 [ 0.922

Table 1. Classification performance (Accuracy (%) / F1-score) of the proposed approach and baseline methods

on different EEG datasets.

4.5. Ablation Study

To evaluate the contribution of each component in our proposed approach, we conducted a
comprehensive ablation study across multiple EEG datasets. Table 2 presents the results of this study,

showing the impact of removing key components from the full model.
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Dataset Full Model wj/o SSA w/o MTF wj/o CCSA
Blink 917 89.5 (2.2) 87.2 (-4.5) 90.8 (-09)
Epilepsy2 952 93.8 (-1.4) 915 (-37) 94.5 (-0.7)
EyesOpenShut 90.6 889 (-1.7) 86.3 (-4.3) 89.7 (-09)
FaceDetection 92.8 91.1(-17) 889 (-39) 92.0 (-0.8)
FingerMovements 943 92.7 (-1.6) 90.4 (-39) 93.6 (-0.7)
HandMovement 911 89.3 (-1.8) 86.8 (-4.3) 90.4 (-0.7)
MotorImagery 94.7 93.1(-1.6) 90.6 (-4.1) 94.0 (-0.7)
SelfRegulationSCP1 93.1 91.5 (-1.6) 889 (-4.2) 92.4 (-07)
SelfRegulationSCP2 939 92.2 (-1.7) 897 (-4.2) 93.2 (-0.7)
Sleep 92.4 90.8 (-1.6) 88.1(-4.3) 91.7 (-0.7)
Average 93.0 91.3 (-1.7) 88.8 (-4.2) 92.2 (-0.8)

Table 2. Ablation study results evaluating the contribution of each component of the proposed approach

across multiple datasets. Results show accuracy (%).

The ablation study results reveal the relative importance of each component in our proposed approach.
Removing the Trend-Seasonal Decomposition (SSA) component led to an average accuracy reduction of
1.7% across all datasets. The absence of MTF Imaging resulted in the most substantial performance drop,
with an average accuracy decrease of 4.2%. The Cross-Channel Split Attention (CCSA) mechanism had a

less pronounced impact, with its removal resulting in an average accuracy decrease of 0.8%.

The differential impact of component removal across datasets provides insights into the architecture’s
behavior in various EEG classification contexts. Notably, the MTF Imaging component exhibited
heightened importance in the MotorImagery and SelfRegulationSCP datasets, suggesting its particular
efficacy in capturing task-specific spatiotemporal dynamics. This variability in component contribution
across datasets underscores the complexity of EEG signal characteristics and the potential for task-

specific optimization of our proposed architecture. While these results quantitatively demonstrate the
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synergistic effects of our model’s components, they also highlight avenues for future research, including
the exploration of adaptive architectures that can dynamically adjust component weights based on the

specific EEG classification task at hand.

4.6. Visualization

To provide deeper insights into the superior performance of our proposed approach, we present a
comprehensive visual analysis of our data processing and feature extraction methods. Figure 4 illustrates
the effectiveness of our Singular Spectrum Analysis (SSA) decomposition on raw EEG signals, while

Figure 5 showcases the feature extraction process from MTF images.
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Figure 4. Sample of Trend-Seasonal decomposition with Singular Spectrum Analysis.

Figure 4 demonstrates the power of SSA in decomposing raw EEG signals into trend, seasonal, and noise
components. This decomposition is crucial for isolating relevant signal patterns from background noise
and artifacts. By separating these components, our model can focus on the most informative aspects of
the EEG data, leading to more accurate classification. The clear separation of trend and seasonal
components, as shown in the figure, allows our subsequent processing steps to work with cleaner, more
structured data. This pre-processing step is fundamental in enhancing the signal-to-noise ratio and

contributing to the overall robustness of our approach across various EEG datasets.
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Figure 5 provides a visual representation of how our model extracts and refines features from MTF
images. The progression from the penultimate image feature extraction layer to the final image feature
extraction layer reveals the model’s ability to transform low-level patterns into high-level, class-specific
features. In the penultimate image feature extraction layer, we observe the capture of localized structures
and patterns present in the original MTF images. As we move to the final image feature extraction layer,
these features become more abstract and discriminative, highlighting regions crucial for classification.
The distinct activation patterns between Class 0 and Class 1 in the final image feature extraction layer
demonstrate the model’s capacity to learn class-specific representations. This hierarchical feature
extraction process enables our model to capture subtle, yet critical differences between classes that may
not be immediately apparent in the original signals. The clear differentiation in feature maps between

classes explains the high classification accuracy achieved by our model across diverse EEG datasets.

iginal MTF images for Class 0

Penultimate
| image feature
| extraction
layer
2]
Final image .
feature
extraction
layer

Figure 5. Feature extraction process: original MTF images and corresponding feature maps from the

penultimate and final image feature extraction layers for both classes.

These visualizations not only corroborate our quantitative results but also offer valuable insights into the
internal workings of our model. They illustrate how the combination of effective signal decomposition
(SSA) and hierarchical feature learning (MTF imaging and CNN) contributes to the superior performance

of our approach in EEG signal analysis and classification tasks.
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5. Discussion and Limitations

Our proposed approach for EEG signal analysis, integrating Trend-Seasonal Decomposition using SSA,
parallel 1D-CNNs with modified attention mechanisms, and MTF imaging, has demonstrated superior
performance across various EEG datasets. This section discusses the implications of our results,

acknowledges limitations, and suggests future research directions.

The ablation study results in Table 2 reveal the significant contributions of each component in our
model. The MTF imaging component appears to be particularly important, with its removal resulting in
an average accuracy decrease of 4.2%. This suggests the significance of capturing spatiotemporal
dependencies in EEG signals for accurate classification. The Trend-Seasonal Decomposition using SSA
also contributes substantially, with its removal leading to an average accuracy decrease of 1.7%,
indicating its potential in separating relevant EEG components from noise. The Cross-Channel Split
Attention (CCSA) mechanism, while contributing positively, shows a less pronounced impact with an
average accuracy decrease of 0.8% when removed. These findings suggest that while the attention
mechanism may refine the model’s focus on relevant features, the SSA decomposition and MTF imaging

appear to be key strengths of our approach.

Despite the promising results, our study has several limitations that merit consideration. Our current
methodology focuses primarily on single-channel EEG analysis, which may limit its applicability to more
complex EEG datasets. While the integration of multiple advanced techniques shows potential, it could
increase computational complexity, possibly challenging real-time applications. Moreover, our model
does not explicitly incorporate domain-specific knowledge about EEG signals, which might enhance
result interpretability if included. The generalizability of our approach to diverse populations, such as
different age groups or individuals with various neurological conditions, requires further investigation.
These limitations suggest avenues for future research. Extending our approach to multi-channel or
multi-modal EEG data analysis might yield additional insights. Exploring the integration of our
methodology with other deep learning architectures, such as graph convolutional networks or

transformer models, could potentially capture more complex EEG signal dependencies.

6. Conclusion

In this study, we have introduced STEAM-EEG, a novel approach for EEG signal analysis that integrates

Trend-Seasonal Decomposition using Singular Spectrum Analysis (SSA), parallel 1D-CNNs with modified
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attention mechanisms, and Markov Transfer Field (MTF) imaging. Our methodology aims to address the
challenges inherent in EEG signal analysis, including their complex and non-stationary nature, presence

of noise artifacts, and the need for effective spatiotemporal modeling and visualization.

Our experimental results across diverse EEG datasets suggest that STEAM-EEG may offer improvements
in classification accuracy compared to several existing methods. The SSA decomposition appears to
enhance the signal-to-noise ratio, while the MTF imaging component seems to capture important
spatiotemporal dependencies. Additionally, our modified attention mechanism in the 1D-CNNs shows
promise in focusing on relevant features within EEG signals. Through ablation studies and visualizations,
we have gained insights into the contributions of individual components and the feature extraction

process.

While our current focus has been on specific EEG classification tasks, STEAM-EEG could potentially be
adapted to a broader range of biomedical signal processing applications. The improvements in accuracy
and interpretability might have implications for neuroscience research, clinical diagnosis, and brain-

computer interfaces.

Future research could explore the generalizability of our approach, its potential applicability to multi-
channel and real-time EEG analysis, and the possible incorporation of additional domain-specific
constraints. Such investigations might contribute to the development of more accurate, robust, and
interpretable EEG analysis tools, potentially benefiting both research and clinical applications in

neuroscience and related fields.

References

1.2Gu X, Cao Z, Jolfaei A, Xu P, Wu D, Jung TP, Lin CT (2021). "EEG-Based Brain-Computer Interfaces (BCIs): A
Survey of Recent Studies on Signal Sensing Technologies and Computational Intelligence Approaches and
Their Applications". IEEE/ACM Transactions on Computational Biology and Bioinformatics. 18(5):1645-166

6. doi:10.1109/TCBB.2021.3052811.

2. 2Aggarwal S, Chugh N (2022). "Review of Machine Learning Techniques for EEG Based Brain Computer Int

erface". Archives of Computational Methods in Engineering. 29 (5): 3001-3020. doi:10.1007/s11831-021-0968

4-6.
3. 2Abdulkader SN, Atia A, Mostafa MS (2015). "Brain computer interfacing: Applications and challenges". Eqy

ptian Informatics Journal. 16 (2): 213—230. doi:10.1016/j.eij.2015.06.002. Link to article.

geios.com doi.org/10.32388/WHUN2I

17


https://doi.org/10.1109/TCBB.2021.3052811
https://doi.org/10.1007/s11831-021-09684-6
https://doi.org/10.1007/s11831-021-09684-6
https://doi.org/10.1016/j.eij.2015.06.002
https://www.sciencedirect.com/science/article/pii/S1110866515000237
https://www.qeios.com/
https://doi.org/10.32388/WHUN2I

10.

11.

12.

13.

. 2Hramov AE, Maksimenko VA, Pisarchik AN (2021). "Physical principles of brain—computer interfaces and t

heir applications for rehabilitation, robotics and control of human brain states.” Physics Reports. 918: 1-133.

doi:10.1016/j.physrep.2021.03.002. Link to article.

.ALotte F, Congedo M, Lécuyer A, Lamarche F, Arnaldi B (2007). "A review of classification algorithms for EE

G-based brain--computer interfaces” Journal of neural engineering. 4 (2): R1.

. ATaheri Gorji H, Wilson N, VanBree J, Hoffmann B, Petros T, Tavakolian K (2023). "Using machine learning

methods and EEG to discriminate aircraft pilot cognitive workload during flight". Scientific Reports. 13 (1): 2

507. doi:10.1038/541598-023-29647-0.

.2Min J, Cai M, Gou C, Xiong C, Yao X (2023). "Fusion of forehead EEG with machine vision for real-time fatig

ue detection in an automatic processing pipeline". Neural Computing and Applications. 35 (12): 8859—8872.

doi:10.1007/s00521-022-07466-0.

.9 hDadebayev D, Goh WW, Tan EX (2022). "EEG-based emotion recognition: Review of commercial EEG de

vices and machine learning techniques"”. Journal of King Saud University - Computer and Information Scie

nces. 34 (7): 4385—4401. doi:10.1016/j.jksuci.2021.03.009. Link to article.

.ab SRajwal S, Aggarwal S (2023). "Convolutional Neural Network-Based EEG Signal Analysis: A Systematic

Review". Archives of Computational Methods in Engineering. 30 (6): 3585—3615. d0i:10.1007/s11831-023-099

20-1.

2,5 ¢7hu H, Wang L, Shen N, Wu Y, Feng S, Xu Y, Chen C, Chen W (2023). "MS-HNN: Multi-Scale Hierarchical
Neural Network With Squeeze and Excitation Block for Neonatal Sleep Staging Using a Single-Channel EE
G". IEEE Transactions on Neural Systems and Rehabilitation Engineering. 31: 2195-2204. doi:10.1109/TNSR
E.2023.3266876.

g l—’Yang M, Wang K, Li C, Qian R, Chen X (2024). "IEEG-HCT: A Hierarchical CNN-Transformer Combined Ne

twork for Intracranial EEG Signal Identification”. IEEE Sensors Letters. 8 (2): 1-4. doi:10.1109/LSENS.2024.33

51913.
3,bsu E, Cai S, Xie L, Li H, Schultz T (2022). "STAnet: A Spatiotemporal Attention Network for Decoding Audi
tory Spatial Attention From EEG". IEEE Transactions on Biomedical Engineering. 69 (7): 2233—2242. doi:10.1

109/TBME.2022.3140246.

3, bE]dele E, Chen Z, Liu C, Wu M, Kwoh CK, Li X, Guan C (2021). "An Attention-Based Deep Learning Approa
ch for Sleep Stage Classification With Single-Channel EEG". IEEE Transactions on Neural Systems and Reha

bilitation Engineering. 29: 809-818. d0i:10.1109/TNSRE.2021.3076234.

geios.com doi.org/10.32388/WHUN2I

18


https://doi.org/10.1016/j.physrep.2021.03.002
https://www.sciencedirect.com/science/article/pii/S0370157321001095
https://doi.org/10.1038/s41598-023-29647-0
https://doi.org/10.1007/s00521-022-07466-0
https://doi.org/10.1016/j.jksuci.2021.03.009
https://www.sciencedirect.com/science/article/pii/S1319157821000732
https://doi.org/10.1007/s11831-023-09920-1
https://doi.org/10.1007/s11831-023-09920-1
https://doi.org/10.1109/TNSRE.2023.3266876
https://doi.org/10.1109/TNSRE.2023.3266876
https://doi.org/10.1109/LSENS.2024.3351913
https://doi.org/10.1109/LSENS.2024.3351913
https://doi.org/10.1109/TBME.2022.3140246
https://doi.org/10.1109/TBME.2022.3140246
https://doi.org/10.1109/TNSRE.2021.3076234
https://www.qeios.com/
https://doi.org/10.32388/WHUN2I

14.32Tao W Li C, Song R, Cheng J, Liu Y, Wan E, Chen X (2023). "EEG-Based Emotion Recognition via Channel-
Wise Attention and Self Attention". IEEE Transactions on Affective Computing. 14 (1): 382—-393. doi:10.1109/T

AFFC.2020.3025777.

15.2 Bpescombes X, Kruggel F, Von Cramon DY (1998). "Spatio-temporal fMRI analysis using Markov random f
ields" IEEE Transactions on Medical Imaging. 17 (6): 1028—1039. doi:10.1109/42.746636.

16.207hy Z, Ke J, Wang H (2021). "A mean-field Markov decision process model for spatial-temporal subsidies i
n ride-sourcing markets". Transportation Research Part B: Methodological. 150: 540-565. doi:10.1016/j.trb.2

021.06.014. Link to article.

17.25Qin, Zong L, Liu F (2024). "Exploring Inner Speech Recognition via Cross-Perception Approach in EEG a

nd fMRI". Applied Sciences. 14 (17): 7720. doi:10.3390/app14177720. Link to article.

18.2 Bsanei S, Hassani H (2013). "Singular spectrum analysis of biomedical signals”. CRC Press.

19. & bMaddirala AK, Shaik RA (2016). "Removal of EOG Artifacts From Single Channel EEG Signals Using Com
bined Singular Spectrum Analysis and Adaptive Noise Canceler". IEEE Sensors Journal. 16 (23): 8279-8287.
doi:10.1109/]SEN.2016.2560219.

20.35xu S, Hu H, Ji L, Wang P (2018). "Embedding Dimension Selection for Adaptive Singular Spectrum Analys
is of EEG Signal”. Sensors. 18 (3): 697. doi:10.3390/s18030697. PMID 29495415

21. 3 byedukondalu J, Sharma LD (2023). "Circulant Singular Spectrum Analysis and Discrete Wavelet Transfor
m for Automated Removal of EOG Artifacts from EEG Signals". Sensors. 23 (3): 1235. doi:10.3390/523031235.
PMID 36772275.

22.23b)a Y Cheng J, Wang P, Wang J, Yang Y (2022). "A novel Lanczos quaternion singular spectrum analysis
method and its application to bevel gear fault diagnosis with multi-channel signals". Mechanical Systems a

nd Signal Processing. 168: 108679. doi:10.1016/jymssp.2021.108679. Link to article.

23.2Khosla A, Khandnor P, Chand T (2020). "A comparative analysis of signal processing and classification me
thods for different applications based on EEG signals”. Biocybernetics and Biomedical Engineering. 40 (2):
649—690. doi:10.1016/j.bbe.2020.02.002. Link to article.

24, Wan Z, Yang R, Huang M, Zeng N, Liu X (2021). "A review on transfer learning in EEG signal analysis". Neur

ocomputing. 421: 1-14. doi:10.1016/j.neucom.2020.09.017 Link to article.

25. 2Hatamoto M, Furui A, Ogawa K, Tsuji T (2022). "Sleep EEG Analysis Based on a Scale Mixture Model and i
ts Application to Sleep Spindle Detection". 2022 IEEE/SICE International Symposium on System Integration

(SII). pages 887-892. S2CID 246871149,

geios.com doi.org/10.32388/WHUN2I

19


https://doi.org/10.1109/TAFFC.2020.3025777
https://doi.org/10.1109/TAFFC.2020.3025777
https://doi.org/10.1109/42.746636
https://doi.org/10.1016/j.trb.2021.06.014
https://doi.org/10.1016/j.trb.2021.06.014
https://www.sciencedirect.com/science/article/pii/S0191261521001259
https://doi.org/10.3390/app14177720
https://www.mdpi.com/2076-3417/14/17/7720
https://doi.org/10.1109/JSEN.2016.2560219
https://doi.org/10.3390/s18030697
https://pubmed.ncbi.nlm.nih.gov/29495415
https://doi.org/10.3390/s23031235
https://pubmed.ncbi.nlm.nih.gov/36772275
https://doi.org/10.1016/j.ymssp.2021.108679
https://www.sciencedirect.com/science/article/pii/S0888327021010013
https://doi.org/10.1016/j.bbe.2020.02.002
https://www.sciencedirect.com/science/article/pii/S0208521620300231
https://doi.org/10.1016/j.neucom.2020.09.017
https://www.sciencedirect.com/science/article/pii/S0925231220314223
https://api.semanticscholar.org/CorpusID:246871149
https://www.qeios.com/
https://doi.org/10.32388/WHUN2I

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

ASubasi A. Epileptic seizure detection using dynamic wavelet network. Expert Systems with Applications. 2
010; 37(1):103-109.

AZhang S, Zhang S, Huang T, Gao W (2017). "Multimodal deep convolutional neural network for audio-visu
al emotion recognition". 2017 IEEE International Conference on Multimedia and Expo (ICME). IEEE. pp. 403
—408.

ALiuJ, Wu G, Luo Y, Qiu S, Yang S, Li W, Bi Y (2020). "EEG-Based Emotion Classification Using a Deep Neural
Network and Sparse Autoencoder”. Frontiers in Systems Neuroscience. 14. doi;:10.3389/fnsys.2020.00043.
ADokur Z, Olmez T (2021). "Classification of motor imagery electroencephalogram signals by using a diverg

ence based convolutional neural network". Applied Soft Computing. 113: 107881. doi:10.1016/j.as0c.2021.1078

81. Link to article.

2Huang W, Chang W, Yan G, Yang Z, Luo H, Pei H (2022). "EEG-based motor imagery classification using co
nvolutional neural networks with local reparameterization trick". Expert Systems with Applications. 187: 11
5968. doi:10.1016/j.eswa.2021.115968. Link to article.

AGong L, Li M, Zhang T, Chen W (2023). "EEG emotion recognition using attention-based convolutional tra

nsformer neural network". Biomedical Signal Processing and Control. 84: 104835. doi:10.1016/j.bspc.2023.10

4835. Link to article.

AShahabi MS, Shalbaf A, Nobakhsh B, Rostami R, Kazemi R (2023). "Attention-Based Convolutional Recurre
nt Deep Neural Networks for the Prediction of Response to Repetitive Transcranial Magnetic Stimulation fo
r Major Depressive Disorder". International Journal of Neural Systems. 33 (02): 2350007,

AMa X, Chen W, Pei Z, Zhang Y, Chen ] (2024). "Attention-based convolutional neural network with multi-m
odal temporal information fusion for motor imagery EEG decoding". Computers in Biology and Medicine. 1

75: 108504. doi:10.1016/j.compbiomed.2024.108504. Link to article.

Asi X Huang D, Liang Z, Sun Y, Huang H, Liu Q, Yang Z, Ming D (2024). "Temporal aware mixed attention-b
ased convolution and transformer network for cross-subject EEG emotion recognition". Computers in Biolo

gy and Medicine. 181: 108973. doi:10.1016/j.compbiomed.2024.108973. Link to article.

AKhatoonabadi SH, Bajic IV (2013). "Video Object Tracking in the Compressed Domain Using Spatio-Tempo
ral Markov Random Fields". IEEE Transactions on Image Processing. 22 (1): 300-313. doi:10.1109/TIP2012.2
214049.

AXu M, Yao J, Zhang Z, Li R, Yang B, Li C, Li J, Zhang ] (2020). "Learning EEG topographical representation fo
r classification via convolutional neural network". Pattern Recognition. 105: 107390. doi:10.1016/j.patcog.20

20.107390. Link to article.

geios.com doi.org/10.32388/WHUN2I 20


https://doi.org/10.3389/fnsys.2020.00043
https://doi.org/10.1016/j.asoc.2021.107881
https://doi.org/10.1016/j.asoc.2021.107881
https://www.sciencedirect.com/science/article/pii/S1568494621008036
https://doi.org/10.1016/j.eswa.2021.115968
https://www.sciencedirect.com/science/article/pii/S0957417421013191
https://doi.org/10.1016/j.bspc.2023.104835
https://doi.org/10.1016/j.bspc.2023.104835
https://www.sciencedirect.com/science/article/pii/S1746809423002689
https://doi.org/10.1016/j.compbiomed.2024.108504
https://www.sciencedirect.com/science/article/pii/S0010482524005882
https://doi.org/10.1016/j.compbiomed.2024.108973
https://www.sciencedirect.com/science/article/pii/S0010482524010588
https://doi.org/10.1109/TIP.2012.2214049
https://doi.org/10.1109/TIP.2012.2214049
https://doi.org/10.1016/j.patcog.2020.107390
https://doi.org/10.1016/j.patcog.2020.107390
https://www.sciencedirect.com/science/article/pii/S003132032030193X
https://www.qeios.com/
https://doi.org/10.32388/WHUN2I

37.2Li D, Liu J, Yang Y, Hou E, Song H, Song Y, Gao Q, Mao Z (2023). "Emotion Recognition of Subjects With Hear
ing Impairment Based on Fusion of Facial Expression and EEG Topographic Map". IEEE Transactions on Ne

ural Systems and Rehabilitation Engineering. 31: 437-445. doi:10.1109/TNSRE.2022.3225948.

38. 2Rubinov M, Sporns O (2010). "Complex network measures of brain connectivity: uses and interpretations”
Neuroimage. 52 (3): 1059—1069.

39. 2Wang M, Hu J, Abbass HA. "BrainPrint: EEG biometric identification based on analyzing brain connectivity
graphs". Pattern Recognition. 105: 107381, 2020. doi:10.1016/j.patcog.2020.107381. Link to article.

40. 2Delorme A, Makeig S (2004). "EEGLAB: an open source toolbox for analysis of single-trial EEG dynamics i
ncluding independent component analysis". Journal of neuroscience methods. 134 (1): 9-21.

41. “Truong D, Milham M, Makeig S, Delorme A (2021). "Deep Convolutional Neural Network Applied to Electro
encephalography: Raw Data vs Spectral Features". In: 2021 43rd Annual International Conference of the IEE

E Engineering in Medicine & Biology Society (EMBC). pp. 1039-1042. doi:10.1109/EMBC46164.2021.9630708.

42.2Dau HA, Keogh E, Kaveh K, Yeh CCM, Zhu Y, Gharghabi S, Ratanamahatana CA, Yanping, Hu B, Bequm N,
Bagnall A, Mueen A, Batista G, Hexagon-ML. The UCR Time Series Classification Archive [Internet]. October

2018. Available from: https://www.cs.ucredu/~eamonn/time series data 2018/.

43. 2Nie J, Shu H, Wu F (2024). "An epilepsy classification based on FFT and fully convolutional neural network

nested LSTM". Frontiers in Neuroscience. 18. doi:10.3389/fnins.2024.1436619.

44, Nie J, Shu H, Wu F (2024). "An epilepsy classification based on FFT and fully convolutional neural network
nested LSTM". Frontiers in Neuroscience. 18. doi:10.3389/fnins.2024.1436619.

45. 2Mahjoory K, Bahmer A, Henry MJ (2024). "Convolutional neural networks can identify brain interactions i
nvolved in decoding spatial auditory attention". PLOS Computational Biology. 20 (8): €1012376.

46.2Shen M, Yang F, Wen P, Song B, Li Y (2024). "A real-time epilepsy seizure detection approach based on EEG
using short-time Fourier transform and Google-Net convolutional neural network". Heliyon. 10 (11): e31827.

doi:10.1016/j.heliyon.2024.e31827.

Declarations

Funding: No specific funding was received for this work.

Potential competing interests: No potential competing interests to declare.

geios.com doi.org/10.32388/WHUN2I

21


https://doi.org/10.1109/TNSRE.2022.3225948
https://doi.org/10.1016/j.patcog.2020.107381
https://www.sciencedirect.com/science/article/pii/S0031320320301849
https://doi.org/10.1109/EMBC46164.2021.9630708
https://www.cs.ucr.edu/~eamonn/time_series_data_2018/
https://doi.org/10.3389/fnins.2024.1436619
https://doi.org/10.3389/fnins.2024.1436619
https://doi.org/10.1016/j.heliyon.2024.e31827
https://www.qeios.com/
https://doi.org/10.32388/WHUN2I

