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Abstract

Steady-state visual evoked potential (SSVEP) signals are widely used in brain—computer interface (BCI)
applications. Artificial generation of SSVEP signals can reduce the time required for experimental data collection,
thereby minimizing user fatigue and improving comfort during electroencephalographic recordings. Synthetic
SSVEP data enable data augmentation, training and validation of BCI classification algorithms, and benchmarking
of SSVEP-based BCI systems without extensive subject-specific recordings. However, realistic modelling and
generation of SSVEP signals remain challenging due to their nonlinear and non-stationary characteristics and the
presence of harmonic components. In this study, we present a comparative analysis of two approaches to synthetic
SSVEP signal generation: generative adversarial networks and diffusion models. The performance of both methods
is evaluated using qualitative and quantitative metrics to assess the fidelity of the generated signals in both the
time and frequency domains. The evaluation framework includes the frequency-domain Euclidean distance,
Wasserstein distance, signal-to-noise ratio (SNR), and principal component analysis (PCA). The results indicate
that diffusion models produce synthetic SSVEP signals with higher fidelity in both the time and frequency domains
than the evaluated GAN configuration. Overall, diffusion models achieved better agreement with real data
according to the adopted metrics while preserving key signal characteristics.
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1. Introduction

Steady State Visual Evoked Potentials (SSVEP) are widely used signals in Brain—Computer
Interfaces (BCI) [1, 2] due to their high information transfer rate (ITR) and non-invasive nature
as an electroencephalographic-based method [3]. Collecting electroencephalographic (EEG)
signals is costly, time-consuming, and requires careful experimental preparation and
monitoring [4]. Generating synthetic SSVEP data can potentially improve the performance and
reliability of SSVEP-based BCls. Augmenting training datasets with synthetic SSVEP signals
can enhance the performance of SSVEP classifiers [5]. Synthetic signals can also reduce the
time-consuming calibration required for each subject and help minimize fatigue during
experiments [6, 7]. Additionally, synthetic data can help mitigate privacy issues associated with
sharing EEG recordings, facilitating broader data dissemination and collaboration [8, 9].
However, modelling SSVEP signals is challenging due to their nonlinear characteristics [10]
and the presence of harmonic and sub-harmonic components in EEG signals caused by
rhythmic stimulation [11, 12]. Moreover, SSVEP signals exhibit non-stationarity, with
amplitude and energy fluctuating over time [13]. Another challenge is the reliable assessment
of the quality of generated data and the development of robust validation methods [14].

From the perspective of metrology and measurement systems, accurate acquisition of EEG
signals—particularly SSVEP—remains a significant challenge. EEG signals are extremely
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weak, typically in the microvolt range, and highly susceptible to various sources of interference,
which complicates reliable measurement. Measurement uncertainty arises from factors such as
variability in electrode placement, differences in scalp conductivity, environmental noise, and
individual physiological variability. Furthermore, EEG acquisition requires specialized
equipment and controlled experimental conditions. Collecting data from large groups of
participants also involves substantial organizational and ethical requirements, including
obtaining informed consent, securing approval from bioethics committees, and ensuring
appropriate data protection. Consequently, large, high-quality, and standardized EEG datasets
remain limited and are not widely available.

In this study, we investigate the generation of synthetic SSVEP signals using generative
adversarial networks and diffusion models and provide a comparative evaluation of both
approaches using time- and frequency-domain criteria.

2. Related articles

Generative Adversarial Networks (GANs) are a class of deep learning models [15] first
introduced in 2014 [16]. In its basic form a GAN consists of two components: a generator and
a discriminator, which compete in a minimax game [17, 18]. The generator maps noise, often
sampled from normal distribution, to generate data close to real examples. Both components
are trained simultaneously, with the generator improving its ability to mimic real data and the
discriminator enhancing its ability to distinguish between real and generated data. To address
these issues, several extensions have been proposed [19]. In Wasserstein GANs (WGANSs) the
objective function was modified by replacing the Jensen-Shannon divergence with the
Wasserstein distance, further stabilizing training [20, 21]. GANs have been used to reconstruct
high-resolution signals from low-resolution data acquired with low-cost equipment in [22]. This
approach incorporates Temporal-Spatial-Frequency Loss, computing loss across time-series,
common spatial patterns and power spectral density features. MIEEG-GAN is a model for
generating artificial EEG signals for motor imagery tasks [23]. Deep convolutional GANs have
also been adopted for EEG augmentation [24]. It uses various up- and down-sampling
techniques and a multi-stage learning process with increasing data resolution. In [25] authors
use GANs to augment EEG data and compare classification performance. The study found that
GAN-generated data was most beneficial for smaller datasets. Another approach with
EEGGAN-Net [26] combines Conditional GANs (CGANSs) with the Squeeze-and-Excitation
(SE) attention mechanism to enhance EEG signal classification, particularly for motor imager
tasks in BCI Competition IV dataset.

Diffusion models (DM) were introduced in 2015 as generative models inspired by non-
equilibrium thermodynamics [27]. The concept is to gradually add noise to the data during the
forward process and learn the reverse process to reconstruct data from noise. Diffusion
Probabilistic Models (DPMs), such as Denoising Diffusion Probabilistic Models (DDPMs)
[28], which incorporate deep networks to parameterize the inverse process, have achieved state-
of-the-art performance in high-quality image synthesis [29, 30]. While diffusion models excel
at generating realistic data, they require significant computational resources and large datasets
to train. Denoising Diffusion Implicit Models (DDIMs) are an efficient class of generative
models that accelerate the sampling process of DDPMs while maintaining high image
generation quality [31].

Diffusion models are increasingly being applied to time series data to forecast [32], refine
and generate synthetic data [33]. Several diffusion models have been developed for time-series
data. TimeDiff [34] is a non-autoregressive model for high-quality time series forecasting with
new conditioning mechanisms. 7SDiff [35] is an unconditional diffusion model with a self-
guidance mechanism, useful for forecasting, refinement and synthetic data generation.
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In EEG signal generation, diffusion models have been utilized for tasks such as noise
reduction [36] and data augmentation [37]. DPMs have been successfully applied to generate
high-quality EEG signals, including visually evoked potentials [38, 39] and motor imagination
signals from BCI competition datasets [40]. The researchers have used techniques such as
implicit sampling and progressive distillation to speed up inference while using convolutional
neural networks without up- and down-sampling layers to prevent frequency artifacts. The
importance of appropriate metrics to assess the quality of generated EEG data has been
highlighted due to the unique characteristics of EEG compared to image or audio data. Recent
advances include brain-based representation learning [41], extending Motor Imagery data for
classification tasks [42], and high-fidelity EEG generation using DDPMs with convolutional
neural networks and the Short-time Fourier Transform (STFT) [43]. BCI modelling with stable
diffusion models and generation of visual evoked potentials were also investigated.

For generated EEG signals evaluation, two main approaches are used: comparing generated
and real data in both time and frequency domains [44], and comparing data projected into lower-
dimensional spaces [45] using such techniques as the Principal Component Analysis (PCA)
[46, 47]. These domain-specific evaluation methods provide more meaningful insights into the
quality of synthetic EEG signals compared to metrics designed for image-based tasks.

3. Aim of the Article

Artificially generated steady-state visual evoked potential signals can significantly reduce
the time required for experimental data collection, thereby minimizing user fatigue and
increasing comfort during electroencephalographic recording procedures. Furthermore, they
serve as an effective tool for training data augmentation, supporting the development of
classification algorithms in cases where the availability of real electroencephalographic
samples is limited. The aim of this study is to assess the quality of synthetic
electroencephalographic data generated using two advanced deep learning techniques: GANs
and diffusion models. These two approaches represent fundamentally different paradigms for
data generation. In diffusion models, the learning process is based on sequential denoising, that
1s, reconstructing the signal from successive levels of noise, which leads to a stable and well-
defined approximation of underlying data distribution. In contrast, GAN-based generation
relies on adversarial competition between two networks—a generator and a discriminator—
which often results in an unstable training process. To the best of the authors’ knowledge, no
prior study has compared these two methods in the context of SSVEP signal generation,
highlighting the novelty and originality of the present work.

The comparison includes both quantitative and qualitative aspects of the generated signals.
The main contributions of this article are as follows:

e Comparative analysis of generative approaches: We conduct a detailed comparison of
GANs and diffusion models for synthetic steady-state visual evoked potential signal
generation.

e Multi-domain evaluation framework: We assess the quality of generated signals using a set
of quantitative and qualitative metrics in both the time and frequency domains.

e Computational comparison: We report training and inference costs of both approaches to
contextualize the quality—efficiency trade-off.

4. Materials
SSVEP responses are typically strongest at stimulation frequencies around 10 Hz. To

investigate responses near this frequency range, we selected a dataset including stimuli at 5, 6,
7 and 8 Hz. This study utilized a previously published online dataset of steady-state visual
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evoked potentials [48]. The dataset included recordings from 5 participants aged 23, 25, 31, 42,
and 46. The EEG data was recorded at a sampling rate of 256 Hz using a g. USBAmp 2.0
biosignal amplifier (g.tec) with 24-bit A/D converters. Visual stimulation was provided by
a green LED (1 cm diameter) placed 1 m from the participants' eyes. The LED was driven by
a Siglent SDG1062X function generator with frequencies of 5, 6, 7, or 8 Hz. EEG signals were
recorded from 16 electrodes placed according to the international 10-20 system.

The data were pre-processed using a Butterworth bandpass filter (0.1-100 Hz) to remove
low-frequency drifts and a notch filter (48-51 Hz) to eliminate power line interference. We
chose the Oz electrode for our study because it is widely recognized as giving strong SSVEP
response [49, 50]. For each SSVEP stimulation frequency (5, 6, 7, and 8 Hz), the first 20
seconds of the 30-second recordings were used for training purposes. The remaining 10 seconds
of each recording were reserved exclusively for testing. The EEG signals were segmented into
1-second epochs (256 samples) with an overlap of 245 samples. For a single subject, this
resulted in 348 training examples and 165 test examples per class. In total, 1392 training
examples and 660 test examples were obtained across all four classes. The use of overlapping
windows increased temporal resolution, enabling a more fine-grained analysis of signal
dynamics while reducing the impact of discontinuities that may occur at window boundaries.
Prior to model training, all signals were normalized to the range [—1, 1] to ensure consistency
across different EEG recordings. This normalization procedure improved the models’ ability to
accurately capture salient signal characteristics. Empirical observations showed that training
both GANs and DMs on normalized data led to more stable training behaviour and, in many
cases, faster convergence.

Models were trained separately for each subject using the full training set containing 348
examples per class. Subsequently, 1000 new synthetic samples per class were generated. The
generated data were then adjusted to match the mean and variance of the original dataset for
the corresponding subject, ensuring statistical consistency between synthetic and real samples.
Test EEG data were not used at any stage in the training of either the GAN or DM generative
models. This strict separation prevents data leakage and ensures that the evaluation of the
generated signals faithfully reflects the true generalization capability of the models.

5. Methods

This study used both diffusion models and generative adversarial networks (GANs). These
two methodologies are crucial in generative tasks such as generating images and time series
data. The use of noise in both diffusion models and GANSs is an integral part of them, although
they use it differently. Below is a detailed description of the architectures and learning processes
used for both networks in this study. The dataset used in this study, Synthetic SSVEP Dataset
Generated with GAN and Diffusion Models, was created by the authors and is publicly available
in the Zenodo repository (https://doi.org/10.5281/zenodo.18874308, accessed on 5 March
2026).

5.1. Diffusion models

Diffusion models are a type of machine learning framework that transforms data in a two-
stage process. In the forward diffusion phase, structured data becomes increasingly noisy over
time. The reverse diffusion phase then reconstructs the original data by systematically removing
noise, based on learned probabilities. Visualization of the time steps for sinusoidal data
highlighting the gradual degradation and subsequent recovery of the data structure is presented
in Fig. 1. The first step in diffusion models is the diffusion process, which systematically
transforms clean data into clean noise through a series of steps. The noise is introduced
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gradually perturbing the original data, which is modelled as a Markov chain. The data at each
timestep x; depends only on the previous step x;_;.

Xo \;‘J(Xolx{)ﬂfx'l\\;‘J(X1IXz’)ﬂ/X'Z\\f(XzIX%)ﬁ p(XNfllxN)’ X

q(x1|xo0) q(x2|x1) q(x3]x2) q(xn|xn-1)

------------------------------------ forward diffusion -
< reverse diffusion

Fig. 1. Illustration of forward and reverse diffusion processes in a diffusion model.

The forward process is defined as follows:

q(xe | xp—q) = N(xt;\/ 1- :tht—lfﬁtl)a (1

where: ¢ - represents the timestep, [5; - noise variance schedule, N(u, X) - Gaussian distribution
with mean x and covariance X.

The noise schedule determines how much noise is added at each time step. In this
implementation there was a cosine schedule used to ensure smooth transitions between time
steps.

Later, during the reverse process, the aim is to reconstruct the data by gradually eliminating
noise in an iterative manner, effectively reversing the transformations applied during the
forward diffusion phase in a learnable way. The reverse process learns to de-noise the data by
predicting added noise or other parameterizations of the original data. The goal is to learn a
transition function that reverses this process, moving from a Gaussian distribution back to the
original data distribution. The inverse process is also modelled as a Markov chain:

Po (xt—l | xt) = N(xt—l; Ug (xtl t)' O-tzl)a (2)

where: pig (xt, t) - predicted mean, of - predicted or fixed variance, @ - are the model parameters
learned during training.

As the backbone for the diffusion model, a modified U-Net network was used, using a
hierarchical structure to effectively denoise the data over multiple time steps (Table 1). U-Net
is an architecture widely used in diffusion models due to its symmetric encoder-decoder
structure and the use of skip connections. These skip connections are crucial for preserving
spatial information and enabling efficient back propagation, as they directly connect the
relevant layers in the encoder and decoder paths [51]. The U-Net followed a classical encoder-
decoder structure with skipped connections, adapted to temporal signals. It begins by
embedding input sequences into higher-dimensional feature representations using
convolutional layers and sinusoidal positional embeddings as proposed in [52], which inject
temporal context into models for time conditioning. The encoder progressively down-samples
the input data through multiple levels of resolution, each using residual blocks and linear
attention mechanisms to effectively capture local and global dependencies. At the bottleneck,
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the network integrates multi-head attention to model complex temporal dependencies. The
decoder then reconstructs the original sequence resolution by up-sampling and combining
encoder features using skip connections, ending with a final convolution layer that maps
features back to the original data dimensionality.

Table 1. Architecture components of the 1D U-Net model within the diffusion model.

Component Modules Details
Initial projection Convld (kernel=7, padding=3) 256 samples — 64 features
Time Embedding SinusoidalPosEmb, Linear, GELU Scalar — 256-dim vector
Downsampling (Level 1) | 2xResnetBlock, Linear Attention, Downsample Feature dim: 64
Downsampling (Level 2) | 2xResnetBlock, Linear Attention, Downsample Feature dim: 128
Downsampling (Level 3) | 2xResnetBlock, Linear Attention, Downsample Feature dim: 256
Downsampling (Level 4) | 2xResnetBlock, Linear Attention, Downsample Feature dim: 512
Bottleneck ResnetBlock, Multi-head Attention, ResnetBlock Feature dim: 512
Upsampling (Level 4) 2xResnetBlock, Linear Attention, Upsample Feature dim: 512—256
Upsampling (Level 3) 2xResnetBlock, Linear Attention, Upsample Feature dim: 256—128
Upsampling (Level 2) 2xResnetBlock, Linear Attention, Upsample Feature dim: 128—64
Upsampling (Level 1) 2xResnetBlock, Linear Attention, Conv1d Feature dim: 64
Output Projection ResnetBlock, Convld 64 features — 256 samples

In this work, we used a DDPM for one-dimensional data. The forward process involved
gradually adding Gaussian noise to the input data over a fixed number of 50000 training steps.
The training was performed using the Adam optimizer with a learning rate of le* and beta
parameters set to (0.9, 0.99).

The loss function was based on mean squared error between the model's prediction and target
using v-parametrization:

L= Ep g elw(®) - llv —vg (x, O], 3)

) . . SNR
where: SNR = —— - signal-to-noise ratio, w(t) =
l—at SNR+1

with SNR being the signal-to-noise ratio, v = \/a:te —J1—a;xy, € ~N(0,I)is Gaussian
noise, @; = [[f-; @; - cumulative product of alpha values up to the timestep ¢, a; = 1 — f3; -
alpha values derived from the noise schedule.

In our implementation, we used the v-parameterization objective [53], where the model
predicts a parameterization that combines aspects of both noise prediction and data prediction.

at

- time-dependent weighting function,

5.2. Generative Adversarial Networks

The GAN framework consists of two competing neural networks—a generator and
a discriminator—trained simultaneously in an adversarial learning process (Fig. 2). As part of
this study, a systematic analysis and comparison of multiple GAN architectures were conducted
to identify the model that produces the highest-quality synthetic data. Both classical approaches
and advanced variants were considered, including Basic GAN (binary cross-entropy loss),
LSGAN (mean squared error loss), WGAN with a Lipschitz constraint enforced via weight
clipping, WGAN-GP with gradient penalty, conditional architectures (WGAN-Cond),
progressive models (WGAN-Progressive), approaches incorporating frequency-domain losses
(WGAN-FFT), as well as models specifically designed for temporal and neurophysiological
data, such as TimeGAN, EEG-GAN, and MIEEG-GAN. For each architecture, extensive
experiments were carried out involving the selection and evaluation of training
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hyperparameters, loss functions, regularization strategies, and training stability. The process of
selecting the optimal model was time-consuming and required multiple iterations of training
and validation to assess the quality of the generated signals. Nevertheless, this comprehensive
evaluation enabled the identification of the architecture best suited to the characteristics of the
analysed data. Among the evaluated GAN variants, Basic GAN provided the best overall
performance, including the highest classification accuracy within the GAN group; therefore, it
was selected as the representative GAN baseline for comparison with diffusion models.

S—
real data
—>| real samples
() P
— )
discriminator label
- N\ Ly (D) (real/fake)
noise generator > fake samples o T
=) (G) (G(z)
N J | |
A
backpropagation

Fig. 2. Schematic representation of the Basic GAN architecture.

The generator network aims to synthesize artificial data samples that closely resemble actual
data distribution, while the discriminator network acts as a binary classifier that distinguishes
between real and fake samples. The training procedure involves a minimax game in which the
discriminator aims to maximize the classification accuracy, while the generator attempts to
minimize it. This adversarial relationship is formulated mathematically using the following loss
functions:

LGyime = _% Yiqlog (D(G(Zi))), (4)
Logme = =+ Sty [log(DGx) + log (1 - D(G(z)))). (5)

where: D(-) represents the discriminator, G(-) represents the generator, x; - real data samples,
z; - random noise inputs, n - number of examples in the batch.

We have introduced additional spectral losses for the generator and discriminator to
efficiently generate SSVEP signals that exhibit characteristic frequency patterns in response to
repeated visual stimuli, calculated as follows:

== T IFG)| = IF(GD2, (©)
(1)

where F(-) represents the Fourier transform operation, capturing the characteristics in the
frequency domain of both the real and generated signals.

To balance the characteristics in the time and frequency domains, we formulate the final loss
functions as weighted combinations:

L;=01- LGtime + 0.9-Lg spectral’ ™

Gspectral - LDspectral

LD = 01 . LDtime + 09 b LDspectral' (8)

This weighted approach prioritizes spectral fidelity (90%) while maintaining temporal
coherence (10%), which is consistent with the frequency-sensitive nature of SSVEP signals.

The GAN training process utilized a generator and discriminator network, with a latent
dimension of 20 for input noise. The model was trained for 3000 epochs using a mini-batch size
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of 8 and a learning rate of 0.00005. The Adam optimizer was employed with a gradient decay
factor of 0.7 and a squared gradient decay factor of 0.999. The neural network architecture used
in this study was selected through an empirical optimization process, guided by performance
metrics across multiple configurations.

The generator network used an architecture designed to transform random noise into realistic
SSVEP patterns (Table 2). The network starts with a 20-dimensional noise input vector,
processes it through a hidden, fully connected layer with 256 neurons and ReL U activation.

Table 2. Architecture of the generator used in the GAN model.

Layer Type Output Shape Activation
Input Feature Input 20 None

Hidden Fully Connected 256 ReLU
Output Fully Connected 256 Tanh

The discriminator consists of a deeper network structure to effectively distinguish authentic
and synthetic SSVEP signals (Table 3). It processes 256-dimensional input signals through two
hidden fully-connected layers with ReLU activations, gradually reducing the dimensionality to
extract discriminative features.

Table 3. Architecture of the discriminator used in the GAN model

Layer Type Output Shape Activation
Input Feature Input 256 None
Hidden 1 Fully Connected 256 ReLU
Hidden 2 Fully Connected 64 ReLU
Output Fully Connected 1 Sigmoid

6. Results and discussion

In this study, we compared the performance of GANs and DMs in generating artificial EEG
data. Both models were trained to generate 1000 examples per class.

6.1. Evaluation in the Time Domain

The data generated by both GANs and diffusion models were compared with the original
data used for training. A visual inspection of the sample data for the 5 Hz stimuli illustrated in
Fig. 3 shows the similarities between the generated and original data in the time domain.

The distributions of amplitude values for the original and generated SSVEP data for four
stimulation frequencies are compared in Fig. 4. The distribution analysis showed that the
diffusion models generated data more closely matched the original distribution, while the GAN-
generated data showed a smoother and shifted distribution compared to the original data,
suggesting less precise replication of amplitude characteristics.

6.2. Evaluation in the Frequency Domain

A spectral analysis of the generated EEG waveforms was conducted. A comparison of the
mean Fourier transform spectra of original SSVEP data and the data generated by the diffusion
model and GAN across four stimulus frequencies is presented in Fig. 5. The diffusion model
shows excellent performance in maintaining spectral fidelity at all frequencies of the stimulus.
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The GAN shows reduced accuracy in replicating the higher frequency components. This
suggests that the diffusion model is more effective in capturing key features of SSVEP signals
in the frequency domain.

a) Original b) Diffusion model c) GAN
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Fig. 3. Comparison of single examples of original SSVEP data (left), diffusion model-generated data (middle),
and GAN-generated data (right) in the time domain. The plots show amplitude variations over a 1-second
interval, illustrating the temporal characteristics of the signals for each dataset.

(a) Diffusion model
5 Hz stimulus 6 Hz stimulus 7 Hz stimulus 8 Hz stimulus
3 3 ‘ 3 3 ‘ [ original
generatei
29 25 25 2)
2 2 2 2
a a a |
1 1 1 1
0 0 0 0
-0.5 0.0 0.5 -0.5 0.0 0.5 -0.5 0.0 0.5 -0.5 0.0 0.5
Amplitude Amplitude Amplitude Amplitude
(b) GAN
5 Hz stimulus 6 Hz stimulus 7 Hz stimulus 8 Hz stimulus
3 3 ‘ 3 L 3 ‘
2 2 2 2
£2 £2 £2 £2
1 1 1 ! 1
0 -0.5 0.0 0.5 0 -0.5 0.0 0.5 0 -0.5 0.0 0.5 0 -0.5 0.0 0.5
Amplitude Amplitude Amplitude Amplitude

Fig. 4. Distribution of amplitudes for original (blue) and generated (orange) SSVEP data for the diffusion model
(top row) and GAN (bottom row) across stimulus frequencies (5 Hz, 6 Hz, 7 Hz, and 8 Hz). Each panel shows
the density of amplitude values, highlighting the similarity in distribution between original and generated data

for each model.

In the context of SSVEP signal analysis, the spectral components up to 40 Hz represent the
most significant frequency band. It captures the fundamental frequencies and up to the 5th
harmonic in our experimental paradigm. The spectra generated by the diffusion model are very
close to the original spectra, with peaks at the corresponding stimulation frequency. The
standard deviation bands for the diffusion model indicate a more consistent reproduction of the
spectrum across samples. The spectra for the GAN-generated data also show peaks at the
corresponding stimulation frequency but with less precise amplitude alignment compared to the
diffusion model.
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Fig. 5. Fourier transform spectra (mean and standard deviation) of original SSVEP data (train org) and generated
data (gen) for the diffusion model (left panels) and GAN (right panels) across stimulus frequencies (5 Hz, 6 Hz,
7 Hz, and 8 Hz). Each row corresponds to a specific stimulus frequency, showing amplitude variations in the
frequency range of 0—40 Hz.

6.3. Evaluation Using Quantitative Similarity Metrics

To objectively evaluate the quality of the generated SSVEP data, we used three different
metrics: Euclidean distance of the Fourier transform, Wasserstein distance, and SNR. These
metrics provide complementary insights into the similarity of the generated and original data,
taking into account different aspects of data fidelity.

Euclidean distance was chosen as the primary metric for quantitative comparison because of
its well-established utility in signal processing applications. Given that steady-state visual
evoked potentials are essentially frequency-domain phenomena, characterized by characteristic
peaks at the stimulation frequency and corresponding harmonics, we implemented
measurements of the Euclidean distance between representations of signals in the frequency
domain. First, we applied the Fourier transform to convert the time-domain signal into its
frequency-domain representation. Next, we computed the mean spectral magnitude within the
0—40 Hz range. Finally, we assessed the difference between the generated and reference signals
by calculating the Euclidean distance between their average mean spectral magnitudes obtained
in the previous step.

In SSVEP analysis, the Fourier transform is crucial for identifying the frequency components
of the signal. By calculating the Euclidean distance between the Fourier transforms of the
original and generated data, it is possible to assess how well the generated data reproduce the
spectral features of the original data.
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Table 4 shows a comparison of the Euclidean distances between the original SSVEP data
and the data generated by two models, DM and GAN. Euclidean distances are listed for each
of the five tested subjects at four different stimulus frequencies. The diffusion model shows
a greater consistency and yields lower Euclidean distances (on average 1.4) across frequencies
and subjects. For each subject, the Euclidean distances vary according to frequency, with GAN
generally showing larger distances (on average 3.5) compared to the diffusion model.

Table 1. Comparison of Euclidean distances between original and generated SSVEP data for the DM and GAN
across different stimulus frequencies (5 Hz, 6 Hz, 7 Hz, and 8 Hz) for five subjects. The final column shows the
overall mean Euclidean distance for each model.

SHz 6Hz THz 8Hz Mean
DM GAN DM GAN DM GAN DM GAN DM GAN
Subject 1 1.13 3.59 1.39 3.51 1.09 3.35 1.59 4.28 1.30 3.68
Subject 2 1.42 2.44 1.38 1.82 1.60 2.36 1.32 2.78 1.43 2.35
Subject 3 1.37 4.65 1.45 5.06 2.34 6.76 1.53 6.14 1.67 5.65
Subject 4 1.36 3.22 1.39 3.58 1.38 3.40 2.07 2.89 1.55 3.27
Subject 5 0.88 2.80 1.12 2.61 0.88 2.74 1.91 2.79 1.20 2.74

Mean 1.43 3.54

To assess the similarity in terms of probability distributions, the Wasserstein metric was
used. This measure quantifies the difference between the distributions of generated and original
data distributions by calculating the cost of transforming one distribution into another. The
Wasserstein distance provides a comprehensive picture how well the generative models capture
the distribution of the underlying data. This is particularly useful for assessing the overall shape
and spread of data distributions, offering insights into the fidelity of the generated data. Table
5 presents a comparison of Wasserstein distances between original SSVEP data and data
generated by two models: the diffusion model and the GAN. The Wasserstein distances are
listed for each of five subjects across four different stimulus frequencies. The diffusion model
generally shows consistent and low Wasserstein distances (on average 0.0057), indicating
a good fit with the original data in terms of similarity of distribution. The GAN shows slightly
higher Wasserstein distances (on average 0.0067), suggesting that it generates data distributions
that are slightly less similar to the original data.

Particularly relevant for EEG data, the SNR measures the ratio of signal power to noise
power within a specified frequency range, providing an indication of signal clarity. In SSVEP
analysis, SNR is a critical metric for assessing signal strength and reliability. By evaluating the
SNR of both original and generated data, it is possible to determine how effectively the
synthetic signals reproduce relevant signal features while minimizing noise, which is essential
for accurate classification and analysis in BCI applications.

In this article, SNR estimation was computed as follows:
1. Identifying the amplitude of the Fourier transform at the stimulation frequency.

2. Dividing this amplitude by the average of the amplitudes of two neighbouring frequencies

A(f)
SNR(f) = : 9
) AP -Af)+A(F+01)] 2

where f is the stimulation frequency, A(f) is the amplitude of the Fourier transform at a given
frequency, and Afrepresents the spectral resolution (equal to 1 Hz in our case).
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Table 2. Comparison of Wasserstein distances between original and generated SSVEP data for DM and GAN
across different stimulus frequencies (5 Hz, 6 Hz, 7 Hz, and 8 Hz) for five subjects. The final column shows the
overall mean Wasserstein distance for each model. All values are multiplied by 1000 for clarity.

S5Hz 6Hz THz 8Hz Mean
DM GAN DM GAN DM GAN DM GAN DM GAN
Subject 1 3.0 7.5 4.6 5.1 3.8 7.8 10.3 6.1 5.4 6.6
Subject 2 6.7 4.0 5.8 4.4 7.4 3.6 5.9 4.7 6.5 4.1
Subject 3 11.7 11.4 2.1 11.5 6.0 12.1 10.0 10.1 7.4 11.3
Subject 4 4.9 32 32 7.0 5.8 8.4 8.8 5.4 5.7 6.0
Subject 5 2.8 6.3 1.8 3.5 32 53 5.8 6.7 34 5.4
Mean 5.7 6.7

The SNR was computed separately for each stimulation frequency (5, 6, 7, and 8 Hz). For
each of these frequencies, the noise was estimated locally using only two neighbouring
frequencies, rather than across the entire spectrum.

Table 6 presents a comparison of the mean signal-to-noise ratio for the original SSVEP data,
and the data generated by the DM and GAN. Additionally, Figure 6 shows box plots comparing
the SNR values for five subjects at stimulation frequencies (5 Hz, 6 Hz, 7 Hz, and 8 Hz). The
mean SNR across subjects is 0.698 for the original data, 0.689 for the diffusion model, and
0.678 for GAN. This indicates that the signals generated by the DM and GAN exhibit a mean
SNR very close to that of the real data. It should be noted, however, that in some cases there
are slight discrepancies. For example, a clear overestimation is observed at 7 Hz for Subject 1
(1.220 vs. 0.957), whereas an underestimation occurs at 8 Hz for Subject 3 (0.458 vs. 0.620).

Table 3. Mean SNR values for original SSVEP data (real) and data generated by the DM and GAN across
different stimulus frequencies (5 Hz, 6 Hz, 7 Hz, and 8 Hz) for five subjects. The final column shows the overall
mean SNR for each model.

SHz 6Hz THz 8Hz Mean

real | DM |GAN | real | DM | GAN | real | DM | GAN | real | DM | GAN | real | DM | GAN
Subject 1 |0.536]0.560]0.542 [0.713]0.587{0.580 [0.957|1.013| 1.220 |0.758(0.738|0.745 [0.741|0.724|0.772
Subject 2 |0.649]0.628]0.652 [0.532]0.577{ 0.538 {0.702|0.654| 0.719 |0.786(0.736| 0.691 [0.667|0.648| 0.650
Subject 3 |0.504]0.512]0.484(0.700]|0.715{0.717 {0.514|0.521| 0.420 |0.620{0.625]| 0.458 [0.584|0.593]0.520
Subject 4 |0.656]0.638]|0.611[0.705|0.686| 0.659 {0.590|0.548| 0.739 |0.893]0.834|0.752(0.711|0.676|0.690
Subject 5 |0.590(0.584]0.558 0.739]0.736| 0.701 {0.915|0.859| 0.880 |0.903|1.032| 0.889 [0.787|0.803|0.757

Mean 0.698|0.689/0.678

The highest SNR values are generally observed at 7 Hz and 8 Hz, depending on the subject,
indicating that higher stimulation frequencies tend to yield stronger signal dominance over
noise. The SNR values obtained from the diffusion model are consistently close to those of the
original data across subjects and frequencies, with only minor deviations and a nearly identical
overall mean. In contrast, the SNR values of the GAN-generated data exhibit greater variability
relative to both the real and diffusion-generated signals, including both overestimations and
underestimations at specific frequencies. Nevertheless, the differences in the overall mean SNR
values remain small.
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Fig. 6. Box plots of signal-to-noise-ratio (SNR) at stimulation frequencies (5 Hz, 6 Hz, 7 Hz and 8 Hz) for the
original SSVEP data (top row), data generated by the diffusion model (middle row) and data generated by GAN
(bottom row). Each column corresponds to a specific stimulus frequency (5 Hz, 6 Hz, 7 Hz and 8 Hz).

6.4. Evaluation Using Principal Component Analysis

PCA was employed as a quantitative and visual tool for assessing the quality of synthetic
data with particular emphasis on the agreement between their distribution and that of the real
data, as well as on the degree of preserved diversity. PCA enables the projection of high-
dimensional data into a lower-dimensional space while retaining the maximum possible
variance, thereby allowing the structures of real and generated data distributions to be compared
within a common feature space. The PCA transformation was derived exclusively from real
training data to ensure direct comparability and to avoid distortions arising from differences in
feature representations.

The analysis was performed on spectral data obtained via the Fourier transform in the 040
Hz frequency range. By definition, the leading principal components captured the largest
proportion of the dataset variance, representing the dominant spectral patterns of signals. The
results of the PCA are shown in Fig. 7 as a two-dimensional projection (PC1 vs. PC2) of both
real and synthetic data. Each point in the plot corresponds to a single sample projected onto the
first two principal components while contour plots illustrate the density of the data distributions.
Data generated by the diffusion model exhibited a high degree of agreement with the
distribution of the real data while simultaneously preserving increased diversity. These samples
occupied regions of feature space that partially extended beyond the original data yet were
primarily located between the clusters of real samples, indicating the generation of realistic and
diverse signals. In contrast, data generated by the GAN covered a substantially broader area in
the PCA space, including points distant from the main distribution of real data. Despite this
higher variability, the resulting distribution reflected the structure of the original data to a lesser
extent. Consequently, the dispersion observed in the diffusion-model-generated data was
assessed positively as an indication of enhanced diversity while maintaining distributional
consistency, whereas the broader coverage of the feature space by the GAN was considered less
favourable.
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Fig. 7. PCA of the Fourier transform for 0-40Hz frequency range analysis. Scatter and contour plots compare the
principal component distributions of original SSVEP data (blue) and generated data (red) for the diffusion model
(left panels) and GAN (right panels) across stimulus frequencies (5 Hz, 6 Hz, 7 Hz, and 8 Hz). Each row

corresponds to a specific stimulus frequency, while the columns show scatter plots (left) and kernel density
estimate (KDE) plots (right).

6.5. Evaluation Using Classification Performance

One of the key measures of signal quality in brain—computer interface systems is
classification accuracy. High classifier performance indicates that the signals contain salient
information necessary for correctly recognizing user intent. In this study, classification
accuracy was used as an indirect measure of synthetic data quality, understood as the ability of
the generated signals to preserve features that are essential for SSVEP signal recognition.

The aim of this analysis was not to evaluate the effectiveness of data augmentation or to
optimize the classifier training process, but rather to perform a comparative assessment of the
quality of signals generated by different generative models. In particular, the analysis examined
the extent to which synthetic signals, generated independently for each subject, retain
information that enables accurate classification of real EEG signals. To this end, classification
accuracy was compared across three EEG datasets: real signals from the training set, synthetic
signals generated using generative adversarial networks, and synthetic signals generated by
diffusion models. Classifiers were trained separately on real training data, GAN-generated
synthetic data, and DM-generated synthetic data. In all cases, testing was performed exclusively
on real EEG test data which were not used at any stage in the training of either the generative
models or the classifiers. This approach enables a direct assessment of whether synthetic data
contain sufficient information to train a classifier that can subsequently generalize to real
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SSVEP signals. The analysis thus addresses the extent to which data generated by a given model
can serve as a substitute for real data from the perspective of the classification task.

Classification was performed using a support vector machine (SVM) with a radial basis
function (RBF) kernel applied to EEG data after the Fourier transformation. The entire
frequency spectrum was treated as a feature vector, ensuring consistent comparison conditions
across all data types. Based on the obtained results (Table 7), the highest mean classification
accuracy was achieved using real signals, while signals generated by diffusion models attained
a very similar level of performance.

In contrast, signals generated by GANs exhibited substantially lower classification accuracy.
These findings indicate that diffusion models preserve the key spectral features of SSVEP
signals required for accurate classification to a greater extent than GANSs. It should be
emphasized that the presented analysis is comparative in nature and does not constitute
a comprehensive evaluation of data augmentation effectiveness. The investigation of other
classifiers, alternative feature representations, and different proportions of real and synthetic
data is left for future work. Nevertheless, the results suggest that, for the considered SSVEP
signal generation task, diffusion models produce data whose quality is closer to that of real data
than that achieved by conventional GAN-based approaches.

Table 7. Classification accuracy (in percentage points) for real and synthetic EEG signals generated using DM
and GANs. Classification using an SVM with Fourier transformed data.

Real DM GAN

Subject 1 69.4 67.3 414
Subject 2 66.2 65.6 35.8
Subject 3 27.7 28.8 33.6
Subject 4 55.3 50.9 40.5
Subject 5 57.4 53.8 42.9
Mean 55.2 53.3 38.8

6.6. Computational Cost Analysis

GAN training took approximately 3.5 hours per subject, while diffusion models training
required about 12 hours. Diffusion models have a significantly larger number of parameters
(14 853 505) compared to GANSs (generator: 71 168, discriminator: 82 305). Both models were
trained using an NVIDIA GeForce RTX 4090 GPU and a 12th generation Intel™® Core™ i7-
12700F CPU.

The inference time was 6.08 s for generating 1000 samples using the diffusion model and
0.157 s for the GAN model. This corresponds to per-sample generation times of 6.08 ms and
0.157 ms for the diffusion model and GAN, respectively. The differences in inference time arise
directly from the nature of the generation process. In diffusion models, generating a single
sample requires iterative denoising over multiple time steps, which substantially increases the
computational cost. In contrast, GANs generate data in a single forward pass through the
generator network, resulting in a very short inference time.

7. Conclusions

The study revealed a trade-off between data quality and computational requirements. Both
diffusion models and GANs were able to successfully generate artificial EEG data to augment
the original dataset. However, the EEG signals produced by diffusion models demonstrated
superior fidelity and stability compared to those generated by GANs. Specifically, diffusion-
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based synthetic EEG data better preserved critical frequency characteristics and temporal
patterns which are essential for accurate representation of brain activity.

Despite their quality advantages, diffusion models required significantly more
computational resources and longer training times than GANS.

These findings suggest that while both methods are viable for EEG data generation, diffusion
models offer higher-quality outputs at the expense of greater computational demands. Their
stability and ability to capture fine-grained signal details make them especially suitable for
generating complex EEG data.

Ultimately, the generation of synthetic SSVEP signals using diffusion models and GANs
can reduce the need for extensive data collection, increase user comfort and enhance the
performance of BCls, all without altering the physical experimental setup.
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