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Abstract: Traditional methods of electroencephalograms(EEG) data augmentation, such as segmentation-
reassembly and noise mixing, suffer from data distortion that can alter the original temporal and spatial
feature distributions of the brain signals. Deep learning-based methods for generating augmentation
EEG data, such as Generative Adversarial Networks (GANs) and Variational Autoencoders (VAEs),
have shown promising performance but require a large number of comparative learning samples for
model training. To address these issues, this paper introduces an EEG data augmentation method
based on Gaussian Mixture Model microstates, which retains the spatiotemporal dynamic features
of the EEG signals in the generated data. The method first performs Gaussian mixture clustering on
data samples of the same class, using the product of the probability coefficients and weight matrices of
each Gaussian model as corresponding microstate features. Next, it randomly selects two EEG data
samples of the same type, analyzes the similarity of the main components of the microstate features,
and swaps the similar main components to form new Gaussian mixture model features. Finally, new
data is generated according to the Gaussian mixture model using the respective model probabilities,
weights, means, and variances. Experimental results on publicly available datasets demonstrate
that the proposed method effectively characterizes the original data’s spatiotemporal and microstate
features, improving the accuracy of subject task classification.

Keywords: EEG; Gaussian mixture model; microstate; feature; data augmentation

1. Introduction

Electroencephalograms (EEG) are biological signals generated by brain neural activity, reflecting
the physiological state of the brain. EEGs record the spontaneous and rhythmic electrical activity of
groups of brain cells through electrodes. Due to their safety, portability, ease of use, high temporal
resolution, and low cost, EEGs are widely used in medical and cognitive neuroscience research
fields [1].

However, commonly used scalp EEG signals exhibit characteristics such as nonlinearity, non-
stationarity, broad frequency bands, and a low signal-to-noise ratio (SNR) [2]. These traits pose
significant challenges for research and application. Firstly, the potential signals from within the skull
are conducted through layers of tissues, fluids, bones, etc., to reach the scalp, where they are easily
interfered with by physiological and non-physiological signals, reducing SNR [3]. Secondly, due to
the high level of attention required during data collection, it is difficult to obtain large amounts of
brain data, leading to small sample characteristics [4]. Thirdly, the signal data changes over time and
is non-stationary and nonlinear [5,6], resulting in poor generalization performance of computational
models for EEG processing. Fourthly, there are significant individual differences in EEG signals, further
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limiting the generalization performance of EEG processing models.EEG models trained on specific
individuals may perform poorly on new individuals [7,8]. Additionally, a large amount of redundant
information or non-specific information unrelated to the target interferes with the key physiological
information in the EEG signals. Therefore, it is necessary to increase samples, denoise, and transform
EEG data to generate new datasets with better diversity and robustness, thereby improving model
generalization, reducing overfitting, and enhancing model analysis accuracy.

Traditional EEG data augmentation methods mainly include the following:

Firstly, methods based on data morphology changes [9,10]. These methods simulate the effects
of factors such as head movement and muscle tension on EEG data, generating data with better
representation of temporal and frequency variations based on the original EEG data . However, these
geometrically transformed data may destroy the time domain and frequency features [11,12].

Secondly, methods based on signal segmentation and recombination [13-16]. This method
segments specific time window EEG data according to the temporal characteristics of the EEG signal
and reconstructs new data by randomly selecting fragments. Assuming D = x;is an EEG signal set
with a specific category, x; € N (i=1...N, |x;| = N indicates the total number of samples), where N
represents the number of sampling points in each sample. Each EEG waveform is divided into k
non-overlapping consecutive segments, forming a dataset D’ containing N x K data fragments. New
EEG samples x’ are then generated by randomly concatenating K segments from D’, repeating the
operation until the desired number of signals is obtained.These methods are intuitive and simple
but may exacerbate model overfitting due to the similarity after augmentation [17-20]. Another
common method is adding noise. This method adds random matrices from Gaussian distributions
(Gaussian or salt-and-pepper noise) to the original EEG data to simulate real-world noise interference
for data augmentation. This method can effectively increase dataset diversity and improve model
robustness [21-23]. However, introducing artifacts in the original signal makes it difficult to verify the
true psychological state response of the new EEG signal, complicating model accuracy validation.

Thirdly, methods based on data transfer. This method transfers existing same-type EEG data
to new environments to improve model performance. It usually uses auxiliary data from the source
domain to support training in similar domains. This method may lead to data distortion and affect
model accuracy [24].

Fourthly, methods based on data generation. There are two main types here: Variational Autoen-
coders (VAE), consisting of an encoder and a decoder, where the encoder converts original data into
latent data, and the decoder maps latent data back to real data. To generate new data, VAE randomly
samples points from the learned latent space and passes these samples through the decoder network to
reconstruct them as new samples. The drawback of this method is the need for a large number of data
samples [25,26]. Generative Adversarial Networks (GAN) and their variants can generate synthetic
data through training generative and discriminative networks [27-29]. The generative network ac-
cepts random noise from a specific distribution (e.g., Gaussian) and attempts to generate realistic-like
synthetic data, while the discriminative network is trained to classify between real and synthetic data.
These two networks are adversarial; after sufficient training, the generative network produces similar
signals. [30-32] The common drawback of these methods is that they require a certain amount of data
to support the adversarial training of generators and discriminators, which conflicts with the goal of
data augmentation on small training sets, and also consumes substantial computational resources and
presents replication difficulties [33-35].

Existing methods for increasing EEG data samples either require a large number of comparison
learning samples or generate new data that alters the original EEG’s spatiotemporal features, leading
to data distortion. Researching a new data augmentation method that does not require extensive
original data samples while preserving the spatiotemporal dynamic features of similar EEG signals is
significant for improving EEG processing algorithms.

Microstate analysis is one of the EEG signal analysis methods, capable of characterizing quasi-
steady-state scalp potential fields on a sub-second scale and retaining the temporal dynamics and
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spatial information of scalp potential distributions, representing a novel form of EEG signal quantifica-
tion with potential neurophysiological relevance [36,37]. Our paper reconstructs new EEG data based
on Gaussian microstate features. Firstly, Gaussian Mixture Models (GMM) decompose same-type
sample EEG signals to obtain microstate feature parameters for each sample, using the probability of
Gaussian submodels. Secondly, random selection of two same-type samples analyzes the similarity of
principal components, and exchanges and reassembles principal components with similar features
to form new submodel probabilities. Finally, new data is generated based on submodel probabilities,
weight values, means, and variances.

(1) Proposing an EEG data augmentation method based on GMM microstate feature reconstruction.
Firstly, GMM clustering is performed on same-type data samples to obtain microstate features of each
sample type, using Gaussian submodel probabilities. Secondly, random selection of two same-type
samples analyzes the similarity of principal components and exchanges principal components with
similar features to form new submodel probabilities. Finally, new data is generated based on submodel
probabilities, weights, means, and variances.

(2) By analyzing the newly added EEG samples and original EEG samples from traditional EEG
data augmentation methods in terms of time and space features, we demonstrate the differences in
spatiotemporal features among the methods.

(3) Classification tasks are performed on EEG generated by traditional methods and the method
proposed in this paper to compare improvements in classification performance.

The rest of this paper is organized as follows. Section 2 mainly introduces our proposed method
and experimental data, including the implementation of Gaussian microstate feature reconstruction.
Section 3 primarily discusses experiments and results. Section 4 discusses and analyzes experimental
results. Finally, Section 5 summarizes this work.

2. Materials and Methods
2.1. The BCI Competition IV Dataset 2a

The publicly available dataset BCI Competition IV 2a is an electroencephalogram (EEG) dataset
based on visually induced motor imagery, collected by the American Enco company [38]. The experi-
ment was conducted with 9 participants, each completing two sessions. Each session included data
from 4 categories, with 7 trials per category. Therefore, each participant contributed a total of 288 trials,
comprising 72 trials for left-hand motor imagery, 72 trials for right-hand motor imagery, 72 trials for
feet motor imagery, and 72 trials for tongue motor imagery.

Data preprocessing: The EEG dataset is pre-processed using Python 3.8.8 and the MNE 0.23.4
toolkit.Baseline Correction, Principal Component Analysis (PCA), and Artifact Rejection preprocessing
steps are detailed in the article [39] published by Liao et al.

2.2. EEG Microstates and Gaussian Microstate
2.2.1. EEG Microstates

Originating from Lehmann et al. in 1987, multi-channel EEG recordings can be composed of a
series of quasi-stable microstates, each characterized by the topological structure of the entire channel
terrain map [36,37]. This representation is an effective method that helps us understand the dynamic
processes of the brain during information processing, as well as functional changes under different
tasks and states. It holds significant importance for fields such as cognitive neuroscience, clinical
diagnosis, and rehabilitation therapy. As shown in Figure 1, EEG microstate analysis includes the
following steps:
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Figure 1. Principle diagram of EEG microstate analysis.

Microstate Feature Extraction: Key features such as duration, frequency of occurrence, and spatial
distribution are extracted from each microstate. These features can reflect functional changes in the
brain under different tasks and states.

Microstate Detection: EEG signals are divided into different microstates through specific algo-
rithms (such as clustering analysis). Each microstate represents a transient functional state of the brain,
usually lasting from tens to hundreds of milliseconds.

Statistical Analysis: Extracted microstate features are statistically analyzed to reveal patterns and
differences in brain activity under different conditions. For example, comparing microstate features
under different cognitive tasks or pathological states can help study abnormalities and plasticity of
brain function.

Result Interpretation: Based on the results of statistical analysis, combined with knowledge from
neuroscience and psychology, changes in brain activity are interpreted and inferred. This aids in
our better understanding of the brain’s functions and structure, as well as its role in cognitive and
behavioral processes.

2.2.2. Gaussian Microstate

Gaussian Mixture Model-Based EEG Microstates, a distinction from Traditional EEG Microstates
Unlike traditional EEG microstates, Gaussian Mixture Model (GMM)-based EEG microstates are
distinguished by their use of GMM to decompose EEG microstates into a mixture representation
rather than a unique one-hot representation. It has been proven that the classification capability of the
GMM-based microstate model under MI tasks is Augmentation [39].

As shown in Table 1, taking a ten-component Gaussian Mixture Model (GMM) as an example, the

preprocessed electroencephalogram (EEG) data X € RN*T

serves as the input to the model and is a
three-dimensional dataset. Here, N represents the number of sensors on the EEG device, corresponding
to the variable ‘channel’ in the table; T is the number of sampling points per sample, corresponding to
the variable 'n_samples’ in the table. The variable 'n_components’ indicates the number of submodels

in the GMM, which is set to 10.
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Table 1. Algorithm Process for EEG Data Augmentation Method Based on Gaussian Mixture Model.

Algorithm:EEG Data Augmentation Method Based on Gaussian Mixture Model
Input:original_data = (trial,channel,n_samples), original_labels =(trial,)
Output:gmm_data
Step1:Set model parameters.n_components = 10;random_stata = 42;Vr = 0.8
Step2:Cluster the data with the same label and calculate the microstate features
of each sample belonging to each cluster.
probs = gmm.predict_proba(original_data)
means = gmm.means_
covariances = gmm. covariances_
weights =gmm.weights_robs
Step3:Sampling.
fori < trial do
for j < channel do
for k < n_components do
fittedyalue = np.random.(mean = meansli],
cov = np.diag(covariances[i]))

end

end
end
Step4:Calculate the product matrix.
weighted_probs_values = gmm.weights_ * probs
Step5:Swap similar points.
weighted_probs_values = swap_columns(weighted_probs_values, Vr)
Step6:Fit the data.
data_generate_sampel = np.matmul(weighted_probs_values  fitted_values)
Step7:Swap channels and reconstruct the data.
gmm_data = GMM_FEATURE(probability=probability,random_state=42)

Ultimately, the multi-channel EEG data is decomposed into a linear combination of multiple
Gaussian submodels. Similar to the one-hot representation model for MI EEG, the GMM mixture
representation model extracts dynamic statistical features based on the probability of each submodel.
These features include three characteristics as shown in Figure 2: duration, frequency of occurrence,
and coverage.

(] I [ )

Mean value count count

(a) duration (b) occurrence frequency (c) coverage rate
Figure 2. Feature extraction of microstate hybrid model based on GMM.

2.3. Gaussian Mixture Model-Based EEG Data Augmentation Method

This paper decomposes EEG microstates into a mixture representation, meaning that each sam-
pling point of the multi-channel raw EEG data sample can be decomposed into a linear combination
of multiple Gaussian distributions. The duration and frequency or coverage of each Gaussian sub-
model at each sampling point form the microstate features, encompassing spatiotemporal dynamic
information. Then, points with the same feature across different samples are randomly exchanged
while maintaining the overall characteristics of the samples. This is followed by inverse reconstruction
to synthesize new EEG data. The overall principle is shown in Figure 3, and the algorithm is presented
in Table 1. This method increases data diversity and complexity by combining the original EEG signals
with noise or distortion signals generated by GMM (Gaussian Mixture Model). As illustrated by the
aug_gmm waveform curve in Figure 6 and the brain topographic maps in Figure 10, the signal exhibits
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more uncertain variations. This approach helps the model learn more robust feature representations,
enhancing its ability to recognize different physiological states or cognitive processes.
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Figure 3. Principle diagram of the EEG data augmentation method based on Gaussian mixture models.Data
preprocessing mainly includes filtering(0-38HZ), segmentation and baseline correction, removing artifacts, and
referencing. (a) Decomposition.First, preprocess the original EEG data, then use the Gaussian Mixture Model
(GMM) for clustering. Calculate the product matrix of weights and probabilities for adjacent data points with the
same label. Swap points with similarity coefficients greater than a threshold to obtain a new microstate feature
matrix. (b) Reconstruction.First, set a random seed to ensure the reproducibility of results. For each sample,
randomly select a channel, swap channels between the original data and the fitted data, and finally generate new
EEG data.

2.3.1. Gaussian Microstate Decomposition

As shown in Figure 3a, during the decomposition process, we first preprocess the original EEG
data, then apply Gaussian Mixture Model clustering to calculate the product matrix of weights and
probabilities for adjacent data points with the same label. Points with a similarity coefficient greater
than a threshold are exchanged to obtain a new microstate feature matrix. The steps are as follows:

Step 1: Preprocess the original data with filtering, denoising, and other operations.

Step 2: Conduct Gaussian clustering on the data based on labels to obtain the probability, weight,
mean, and variance for each category.

Step 3: Multiply the weight of each sample by the probability matrix to obtain the microstate
feature matrix.

Step 4: Calculate the similarity coefficients of the microstate feature matrix points for adjacent data
with the same label. For points with a similarity coefficient greater than 0.8, exchange their positions to
generate a new microstate feature matrix. The purpose is to reduce overfitting in the generated data.

2.3.2. Gaussian Microstate Reconstruction

As shown in Figure 3b, during the reconstruction process, we set a random seed to ensure the
reproducibility of the results. For each sample, a channel is randomly selected, and the original data
and fitted data are exchanged for that channel, ultimately generating new EEG data. The steps are as
follows:

Step 1: Combine the microstate feature matrix with the mean and variance to refit the EEG data.

Step 2: Set a random seed to ensure the reproducibility of the results.

Step 3: Randomly select a channel for each sample according to a certain probability.

Step 4: Exchange the original data and fitted data for the corresponding channel.

Step 5: Reconstruct to obtain new EEG data.
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2.4. Other Augmentation Methods

To evaluate the effectiveness of the EEG data augmentation method proposed in this paper,
we employed nine different data augmentation techniques. These techniques cover time domain,
frequency domain, spatial domain, or other comprehensive transformations.

4th trial 22 channel — Original_data
Corr- 0.83 —— aug_noise_data
1
I
0 |
{
-1
—2 I T T T T T T T
—— Original_data
Corr: -1.00 = aug_sign_flip_data

i H' M kAW _ -t-'u
AN
—2 r T T T _. — T T

0 W1
o

T T T T T T T
0 100 200 300 400 500 600 700
Samples point

Figure 4. Time-domain augmentation method waveform diagram.Data source: Subject 1, Trial 4, Left-hand Motor
Imagery, Channel 22.
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Figure 5. Frequency-Domain augmentation method waveform diagram.Data source: Subject 1, Trial 4, Left-hand
Motor Imagery, Channel 22.
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Figure 6. Spatial-Domain and GMM augmentation methods waveform diagram.Data source: Subject 1, Trial 4,
Left-hand Motor Imagery, Channel 22.
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2.4.1. Time-Domain Augmentation Methods

Noise Addition: By superimposing noise signals onto the original signal, we simulate inter-
ference and distortion in real-world environments [22,23]. This accounts for variations in different
environments, device differences, or signal transmission disturbances. As shown by the aug_noise
curve in Figure 4, the waveform changes after adding noise. The brain topographic maps in Figure 7
reflect how the intensity and distribution of signals in different regions are affected by noise to varying
degrees, thereby increasing data complexity and diversity. This helps the model learn more robust
feature representations, enhancing its ability to recognize different physiological states or cognitive
processes.

Assuming the original signal is x(t), where f represents time, and € represents noise, which could
be Gaussian white noise, uniform white noise, salt-and-pepper noise, etc. The augmented signal can
be expressed as:

y(t) =x(t) +e 1)

Time Reverse: By reversing the signal in time, we increase data diversity [23]. This is demon-
strated by the aug_time _reverse curve in Figure 4. The mathematical representation is relatively
straightforward, primarily involving reversing the time sequence of the signal.

Assuming the original signal is x(t), where t represents time, the time-reversed signal can be
expressed as:

y(t) = (T~ 1) @

Time Masking: By randomly selecting a continuous segment on the time axis and setting its
values to zero, we simulate noise or distortion [23].As shown by the aug_smooth _time_mask curve in
Figure 4, the signal is completely set to zero within a certain time interval. This treatment may appear
as a sudden drop or disappearance of signal intensity in specific regions during the corresponding
time intervals in the brain topographic maps in Figure 5, thereby simulating signal interference or loss
scenarios.

Assuming the original signal is x(t), where t represents time, the mathematical representation of
the symmetric transformation is:

y(#) = x(t) x (1 - M(t) 3)

where M(t) is the masking function, taking values of 0 or 1.

Sign Flip: By flipping the sign of the signal, we convert positive signals to negative and vice
versa [23]. As shown by the aug_sign_flip curve in Figure 4, the waveform undergoes a reversal
between positive and negative values. In the brain topographic maps in Figure 7, this change manifests
as an opposite distribution of positive and negative signals in certain regions compared to the original
signal, increasing data diversity.

Assuming the original signal is x(t), where t represents time, the mathematical representation of
the sign flip transformation is:

y(t) = —x(t) 4)

2.4.2. Frequency-Domain Augmentation Methods

Frequency Shift: By shifting the frequency of the signal, we alter its frequency components [23].
As shown by the aug_frequency_shift curve in Figure 5, the frequency components of the waveform
undergo a shift. In the brain topographic maps in Figure 8, this may reflect changes in the spatial
distribution of different frequency components, indicating that the dominant frequencies in certain
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regions differ from the original signal, thereby simulating different physiological states or cognitive
processes.

Assuming the original signal is x(t) and A is the amount of frequency shift, the mathematical
representation of the frequency shift transformation is:

y(t) = x(t) - 20! ®)

Fourier Transform Surrogate: By computing the Fourier transform of the EEG signal and generat-
ing a surrogate signal, we alter the frequency-domain characteristics of the signal [17]. As shown by
the aug_ft_surrogate curve in Figure 5, the waveform undergoes changes in its frequency components.
In the brain topographic maps in Figure 8, this may reflect variations in the spatial distribution of
different frequency components, aiding the model in learning richer frequency-domain information.

Assuming X(t) is the original signal and Y (w) is the frequency-domain signal after the Fourier
transform, the mathematical representation of the Fourier transform is:

Y(w) = F[X(t)] (6)

Bandstop Filter: A signal processing technique used to block signals within a specific frequency
range while allowing other frequencies to pass through [23]. It is useful in many applications, such
as removing power line noise from electrocardiogram (ECG) signals or eliminating interference
in specific frequency bands in electroencephalogram (EEG) signals. This is demonstrated by the
aug_bandstop_filter curve in Figure 5. The transfer function of a bandstop filter typically consists of
two low-pass filters and one high-pass filter.

Assuming we have a bandstop filter with a center frequency of fc and a bandwidth of B, its
transfer function can be expressed as:

H(f) = HLP(f) — HHP(f) )

where: HLP(f) is the transfer function of the low-pass filter with a cutoff frequency of 2f. — 2B.
HHP(f) is the transfer function of the high-pass filter with a cutoff frequency of 2f. + 2B.

2.4.3. Spatial-Domain Augmentation Methods

Channel Symmetry: This method involves applying a form of symmetric transformation to
signals recorded from different electrodes [19]. As shown by the aug_channels_symmetry curve in Fig-
ure 6, this may result in waveforms exhibiting some degree of symmetry between different electrodes.
In the brain topographic maps in Figure 9, this change may cause the signal distribution between
different regions to exhibit symmetric patterns, aiding the model in learning the interrelationships and
independence among various channels.

Assuming the original signal is x(t);, where t represents time and i indicates the electrode number,
the mathematical representation of the symmetric transformation is:

y(B)i = x(t)y41 (8)

where 7 is the total number of electrodes.

Channel Shuffle: By randomly shuffling the order of signals recorded from different electrodes,
we alter the correspondence between the electrodes [20]. As shown by the aug_channels_shuffle
curve in Figure 6, this results in changes to the correspondence between waveforms across different
electrodes. In the brain topographic maps in Figure 9, this change may cause the signal distribution in
different regions to become chaotic or disordered, increasing the complexity and diversity of the data.
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Assuming the original signal is x(t);, where t represents time and i indicates the electrode number,
the mathematical representation of the shuffling transformation is:

y(1)d(i) = x(t); ©)
where J is a random permutation function.

3. Experiment and Results
3.1. Comparison of Data Characteristics Generated by Different Augmentation Methods

Figure 4 shows the time-domain waveforms of the first participant, the first trial, imagined left-
hand movement, and channel 22 for data generated by ten EEG data augmentation methods. Figure 10
displays the brain topographic maps of the first subject, the fourth trial, imagined left-hand movement,
and frequency bands 0—-4 Hz (Delta), 4-8 Hz (Theta), 8-13 Hz (Alpha), and 13-30 Hz (Beta) for data
generated by the same ten EEG data augmentation methods.
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Figure 7. Time-domain augmentation method for brain topographic maps using left-hand motor imagery.Data
source: Subject 1, Trial 4.
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Figure 8. Frequency-Domain augmentation method for brain topographic maps using left-hand motor im-

agery.Data source: Subject 1, Trial 4.
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Figure 9. Spatial-Domain augmentation method for brain topographic maps using left-hand motor imagery.Data

source: Subject 1, Trial 4.

0-4 Hz
0.10

0.08
0.06
0.04
0.02

. 0.00
Original Data_topomap

0-4 Hz
0.10

0.08
0.06
0.04
0.02

0.00
GMM_topomap

0.10
0.08
0.06
0.04
0.02

4-8 Hz
0.10

0.08
0.06
0.04
0.02
0.00

GMM_topomap

8-13 Hz
0.10
0.08
0.06
0.04
0.02
0.00
Original Data_topomap
8-13 Hz
0.10
A
0.08
3 7 0.06
( ~l 0.04
A 0.02
‘ 0.00

GMM_topomap

13-30 Hz
0.10

0.08
0.06
0.04
0.02

. 0.00
Original Data_topomap

13-30 Hz
0.10

0.08
0.06
0.04
0.02

0.00
GMM_topomap

Figure 10. GMM augmentation method for brain topographic maps using left-hand motor imagery.Data source:
Subject 1, Trial 4, Left-hand Motor Imagery.

From the original data brain topographic maps, it is evident that different frequency bands exhibit

significant variations in activity across various brain regions. Specifically, the « wave band (8-13 Hz)

shows the most pronounced activity in the frontal and occipital lobes. The activation of these areas
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is closely related to the planning, simulation, and execution of imagined left-hand movements. In
contrast, other frequency bands such as 6 waves, 8 waves, and § waves show relatively weaker activity
during imagined left-hand movement tasks and have less distinct associations with specific brain
regions compared to the « wave band.

Looking at the brain topographic maps from each augmentation method, methods such as signal
flipping, time masking, channel shuffling, and GMM generally maintain characteristics similar to those
of the original data brain topographic maps. Other augmentation methods exhibit larger deviations.

Of course, the above description is based on a general understanding. Due to significant individual
differences, actual research results often vary greatly depending on factors such as specific task
requirements, personal physiological characteristics, psychological states, and the analytical methods
used for data analysis.

3.2. Comparison of the Effectiveness of Data Generated by Different Augmentation Methods on Classification
Models

To accurately assess the performance of each data augmentation method on various models,
we will employ a 5-fold cross-validation approach. Specifically, for each participant, the dataset is
divided into five subsets. Each time, one subset is used as the test set and the remaining subsets are
used as the training set. This process is repeated k times, and the average classification accuracy for
each participant under the model is calculated. Finally, the average classification accuracy across nine
participants is computed as the performance metric.

For each model (FBCSP, LSTM, EEGNet, ShallowNet, Deep4Net), we record the average classifi-
cation accuracy of each data augmentation method across nine participants. As shown in Table 2.

Table 2. Comparison of average classification accuracy in K-fold cross-validation between data generated by
different augmentation methods and the original data accuracy mean on dataset 2a.

EEGNet ShallNet Deep4Net

Method FBCSP [40] LSTM [41] [42] [43] [};4] Avg SD
Original data 67.75 48.17 46.07 48.91 52.89 52.76 8.74
Noise Addition  73.22 80.72 75.29 80.32 83.08 78.53 4.10

Sign Flip 74.63 80.72 74.50 81.84 82.75 78.89 4.01
Time reverse 78.27 79.32 76.39 79.73 79.90 78.72 1.45
Time Masking 75.46 79.88 75.52 80.17 80.92 78.39 2.67
FT Surrogate 81.26 77.60 73.34 80.13 82.19 78.90 3.55
Frequency Shift ~ 81.18 74.40 68.47 72.79 76.83 74.73 4.72
Bandstop fliter 76.32 78.39 76.98 78.16 81.13 78.20 1.85
Channel Sym 77.87 75.86 73.93 79.47 81.61 77.75 3.00
Channel Shuffle 78.59 76.51 68.29 75.06 79.86 75.66 4.52
GMM Aug 79.67 80.53 77.70 82.61 82.73 80.64 211

Through the analysis of the average classification accuracies of different augmentation methods
across five models, we obtained the following results:

GMM Augmentation: It achieved the highest average accuracy of 80.64% with a standard
deviation of 2.11, indicating that among all augmentation methods, GMM Augmentation provided the
best performance improvement. It delivered the highest average classification accuracy on all models,
particularly excelling on Deep4Net.

FT Surrogate: The average accuracy was 78.90% with a standard deviation of 3.55, making it the
second-best enhancement method, closely approaching the performance of GMM Augmentation. This
method significantly improved the accuracy on FBCSP and Deep4Net but had minimal impact on
EEGNet.

Time Reverse: The average accuracy was 78.72% with a standard deviation of 1.45. This method
performed well across all models and also showed relatively good stability in terms of data consistency,
although it had a narrow range and limited variation.
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Sign Flip: The average accuracy was 78.89% with a standard deviation of 4.01, similar to Channel
Symmetry, and demonstrated good consistency. While it performed well on ShallowNet and Deep4Net,
its improvements on FBCSP and EEGNet were minimal.

Noise Addition: The average accuracy was 78.53% with a standard deviation of 4.10, performing
well overall and significantly enhancing the accuracy on FBCSP and EEGNet, but having almost no
effect on ShallowNet while showing significant improvement on Deep4Net.

Time Masking: The average accuracy was 78.39% with a standard deviation of 2.67. Although
ranked middling overall, it improved performance on all models, especially on ShallowNet and
Deep4Net.

Bandstop Filter: The average accuracy was 78.20% with a standard deviation of 1.85. This method
significantly Augmentation the accuracy on Deep4Net and maintained relatively stable performance.

Channel Symmetry: The average accuracy was 77.75% with a standard deviation of 3.00, indicat-
ing consistent and stable performance across all models.

Channel Shuffle: The average accuracy was 75.66% with a standard deviation of 4.52, showing
the most variability among all methods. Its performance varied across models, providing some
improvement on FBCSP and Deep4Net.

Frequency Shift: The average accuracy was 74.73% with a standard deviation of 4.72, similar to
Noise Addition, performing well but with larger fluctuations. It performed best on FBCSP but offered
limited improvements on other models.

Original: As a baseline, the average accuracy was 52.76% with a standard deviation of 8.74, the
lowest among all methods.

From these analyses, it is evident that GMM Augmentation and FT Surrogate are the two most
effective data augmentation methods, significantly improving the model’s classification accuracy. Time
Reverse and Bandstop Filter also provided relatively stable performance improvements. In contrast,
the original data (without augmentation) performed the worst, indicating that employing appropriate
data augmentation techniques can significantly enhance the classification performance of models.

3.3. Comparison of Visualization Results Between Original Data and the Data Augmented Using the Gaussian
Mixture Model (GMM)

As shown in Figure 11, by comparing the t-SNE visualization of the original data and the data
generated by augmentation methods for the first participant, we found that:
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° Classes * o Classes
L] ° « Class0 ee % o s Class0
° .. & .® « Class1 o® ?. « Class1
® = Class 2 &,‘ = Class 2
L] b . 3 . . s Class 3 ... % < * * Class3
® ° * . = ° 20 % ‘A" o °s
* o0 ° e® % Jel
e T ". "y e o‘. : J..O.‘ ...:.‘.o .:'g .‘~' o
Y LAY £ 432 goe o0 10 5
o® - e ..... e %0 * :. .f' ..‘ .v. * :..'.. ‘>,
o 2 . . e, ® o ogly’ " ey
° ® * 9o
O RS AR "".'.?‘i..:..- ".'-"'5'2“"?" 1o%
.
e & %e%et® Y o e s g IR 4 X * s L%
) * gem o ‘...’ *e , @ = o .:o -: ~u"‘ < .."‘. .0'0 o ...-
%0 ¢ o... e ° o -t o ol %7 oo
.: o 0°% %ooe ! sl S . ) “?® L 4 o %
e 0 o % o
.o . '.'. o % °e N ¢ .?."‘:.o ‘o, -:‘..
o **Q L, N A S
s o, , ° . s o4 o op ®e
* e o F] ™
® . -4 @ %e
S° o, 0o 00
. ie

Figure 11. t-SNE visualization of Subject 1’s original data and the data augmented using the Gaussian Mixture
Model (GMM).Red represents the data for left-hand motor imagery, blue represents the data for right-hand motor
imagery, green represents the data for both feet motor imagery, and purple represents the data for tongue motor
imagery.
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3.3.1. Clarity of Clusters

Original Data: In the t-SNE visualization of the original data, points from different classes do not
have clear boundaries, leading to insufficient distinction between classes.

Augmentation Data: The data processed by the augmentation method described in this paper
shows clearer cluster structures in t-SNE visualization. Points from each category are relatively
clustered together, forming distinct clusters with certain boundaries between them. This indicates that
the augmentation method effectively improves the distinguishability between different categories.

3.3.2. Local Structure Compactness

Original Data: In the t-SNE visualization of the original data, points from the same class are more
dispersed and do not form tight clusters.

Augmentation Data: The data processed by the augmentation method described in this paper
exhibits higher local structural compactness in t-SNE visualization. Points from the same category
are closely clustered together, forming more compact clusters. This indicates that the augmentation
method effectively improves the intra-class consistency.

In summary, the augmentation methods in this paper improve the visualization of the data,
making points from different classes more clearly clustered together, and increasing the separation
between different classes. This improvement helps enhance the performance of subsequent machine
learning models, as clearer class boundaries and higher local structure compactness aid the model in
learning and classifying data more accurately.

4. Discussion

The purpose of data augmentation is to improve the generalization ability of models by increasing
data diversity, reduce overfitting, and ultimately enhance model performance on unseen data. Different
augmentation methods can have varying impacts on model performance. In practical applications, the
choice of which augmentation method to use depends on the specific classification task and objectives.
Ideally, the specific impact of different augmentation methods on model performance should be
evaluated through techniques such as cross-validation.

Based on the comparison of different augmentation methods and their effects on classification
models discussed above, we can conclude:

(1) The method proposed in this paper demonstrates significant improvements across all models,
particularly on FBCSP and Deep4Net, where the enhancements are most substantial, with increases
of 11.92% and 29.84%, respectively. This indicates that the proposed method is an effective data
augmentation technique that can significantly improve the generalization ability of models.

(2) Noise injection also shows considerable improvement on most models, especially on LSTM
and ShallowNet, where the enhancement exceeds 30%, demonstrating the potential of noise addition
in improving model robustness. However, the level of noise needs careful tuning to avoid obscuring
useful information within the signal.

(3) Data expansion is beneficial for all types of models, especially for deep learning models that
require large amounts of data to optimize parameters, as it can significantly improve the statistical
performance of models and reduce overfitting.

(4) Combining multiple augmentation methods generally provides the best performance enhance-
ment, but care must be taken to avoid excessive augmentation that may distort the signal, thereby
reducing model performance. Therefore, the selection of augmentation methods and models needs to
be carefully adjusted based on the characteristics of the data and the requirements of the task.
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5. Conclusions

In this paper, we introduce an augmentation scheme based on Gaussian microstate feature recon-
struction for EEG data to address issues related to the disruption of spatiotemporal dynamic features
or reliance on a large number of real samples. The scheme involves Gaussian clustering of similar
samples to extract mixed representations of microstates, followed by exchanging and reconstructing
new Gaussian mixture model probability features based on the similarity of probability features
between two samples of the same type. New sample data is generated through sampling based on
probability, mean, and variance. Its performance was tested and evaluated on datasets. Experimental
results demonstrate that our proposed scheme is an effective data augmentation technique in terms of
motor imagery recognition accuracy, significantly enhancing the generalization ability of models.

6. Results

This section may be divided by subheadings. It should provide a concise and precise description
of the experimental results, their interpretation as well as the experimental conclusions that can be
drawn.
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