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Abstract—Steady state visual evoked potential (SSVEP)-based 

brain-computer interfaces have been widely studied for their fast 

response speeds and high information transfer rates. However, 

how to fully utilize the potential information of existing subjects to 

realize the mining of common information among different 

subjects and then realize the information migration in a small 

amount of data scenarios is a difficult problem faced by current 

research. In order to solve the above problems, this study proposes 

a deep neural network based on the pyramid squeeze attention 

(PSA-DNN) mechanism to enhance the performance of SSVEP-

BCI through common information migration. Specifically, the 

band-pass filtered EEG signals were first Fourier transformed to 

obtain the frequency domain information; subsequently, the 

frequency domain information is input into a deep neural network, 

followed by a spatial convolution step to extract spatial domain 

information. In order to further enhance the quality of 

information extraction, a pyramid attention module is introduced 

into the network to realize the enhancement of frequency domain 

and spatial domain information. Time domain information from 

the EEG signals is then mined using temporal convolution. Finally, 

the full connectivity layer is used to output the recognition results.  

The model is trained in a three-stage stepped approach for SSVEP 

target recognition. The first stage uses data from all participants 

in the training set for common information learning and transfers 

the model parameters trained in the first stage to the network 

model in the second stage. In the second stage, some of the 

information from participants in the test set is used for fine-tuning 

and to mine personalized information from these new participants. 

The third stage uses the remaining data from participants in the 

test set to produce classification results. The proposed method is 

systematically evaluated using the Benchmark and BETA 

datasets, where it demonstrates favorable performance compared 

to established baselines. These findings contribute theoretical 

insights and methodological references for the application of 

SSVEP-based brain–computer interfaces in real-world scenarios. 
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I. INTRODUCTION 

rain-computer interfacing (BCI) refers to a 

communication framework in which brain signals are 

directly translated into commands for external devices. 

It has a broad range of potential application prospects in the 

fields of medical rehabilitation, smart homes, gaming and 

entertainment, and intelligent education [1-5]. Currently, the 

three most popular BCI paradigms are based on motor imagery 

(MI) [6-10], event-related potentials (ERP) [11-13] and steady-

state visual evoked potentials (SSVEP) [14-16].  

The performance of SSVEP-based BCI systems is 

determined, in part, by the efficiency and accuracy of the 

decoding algorithms they use. A wide range of SSVEP 

decoding approaches has been introduced by researchers in 

recent years. Since the signals of SSVEP have similarities with 

sine-cosine signals, the target frequency of the SSVEP response 

can be identified by calculating the correlation between the 

EEG signal and a sine-cosine reference signal. Traditional 

decoding was based on the canonical correlation analysis 

(CCA) algorithm and over the years researchers have proposed 

a number of improvements to this base method [17]. For 

example, filter bank CCA (FBCCA) seeks to improve the 

effectiveness of the CCA algorithm by adding filter banks [18]. 

The extended CCA(ECCA) [19] and multiset CCA [20] also 

perform target frequency recognition by maximizing the 

correlation between the target signal and the reference signal in 

a training-free manner.  

The above algorithms perform recognition based on a 
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reference signal. However, different participants may produce 

different responses when subjected to target stimuli of different 

frequencies. Therefore, Nakanishi et al. proposed a decoding 

algorithm based on individual EEG template signals in an 

approach referred to as template signals-task-related 

component analysis (TRCA) [21]. By training the spatial filter 

to extract the spatial features of the SSVEP response and thus 

achieve the target classification of SSVEP, Wong et al. 

proposed a multistimulus extended version of CCA by 

optimizing the spatial filter through use of information in 

neighboring frequency bands. This method further enhances the 

effectiveness of the SSVEP decoding algorithm [22]. 

In recent years, deep learning methods have demonstrated 

superior feature mining capabilities in the fields of image 

segmentation [23,24], target detection [25], and video 

recognition [26,27], and thus have been gradually introduced 

into the decoding algorithms of SSVEP. Convolutional neural 

network (CNN) is one of the most important breakthroughs in 

the field of deep learning and is widely used in image 

processing tasks [28,29]. CNNs can automatically learn and 

extract features through different convolutional layers without 

the need to extract features manually. SSVEP is rich in 

nonlinear latent information and, compared with traditional 

methods, CNN is better equipped to deal with this information. 

CNN-based approaches outperform conventional techniques in 

multiple aspects, such as robustness to faults, autonomous 

feature learning, adaptive behavior, fine-grained feature 

resolution, and strong generalization ability. 

Cecotti proposed a novel structure for convolutional neural 

networks [30]. The structure includes two hidden layers that 

switch the signal analysis inside the network from the time 

domain to the frequency domain. The method is an end-to-end 

data-driven approach that does not require any data 

preprocessing operations to achieve the task of classifying 

SSVEP signals. In order to further utilize the information of the 

SSVEP signals within different frequency bands, Zhao et al. 

proposed a filter bank convolutional neural network structure 

(FBCNN) for SSVEP classification [31]. The method 

preprocesses the SSVEP signals with band-pass filtering to 

obtain the signals in different frequency bands and then extracts 

and learns the harmonic features in the frequency bands through 

three parallel CNN channels to finally derive the correlation 

between the harmonics. The FBCNN method improves the 

performance of the CNN-based SSVEP classification method. 

A deep learning framework was developed by Guney et al. to 

capture spectral, spatial, and temporal characteristics of SSVEP 

signals collected from several electrode sites. The network 

applies convolutions over harmonic frequency bands, electrode 

arrays, and temporal windows, with fully connected layers used 

for classification, demonstrating promising results [32]. Liu et 

al. proposed a novel deep learning framework, EEGNetPSA, 

designed to capture subtle yet critical temporal dynamics in 

SSVEP signals, achieving strong performance under within-

subject training conditions [33]. 

Some of the above traditional methods as well as neural 

network algorithms have achieved better classification scores in 

within-participant classification scenarios. However, in online 

SSVEP-based BCI system applications, different participants 

will be involved and the different responses of different 

participants to the SSVEP stimuli will lead to large differences 

in signals across participants. Therefore, it is important to seek 

to improve the classification performance of the model in cross-

participant scenarios. In these scenarios, a classifier is first 

trained using data from a group of participants, and then tested 

using data from new, unseen, participants.  

Waytowich et al. proposed a compact CNN network-

EEGNet for classification of different participants [34]. Chen et 

al. proposed the SSVEPformer network structure to achieve 

SSVEP target recognition across participants [35]. Although 

both the above models achieved some success, they did not use 

the information about the new, unseen participants and ignored 

the personal characteristics of individual participants when 

performing cross-participant decoding. 

In order to address the shortcomings of the above studies, 

Guney proposed a two-stage modeling strategy [32]. In this 

two-stage strategy, the training data from all participants were 

first used to train a global model, then the training data from 

individual participants were used to fine-tune the model, finally 

the test data from individual participants was used for testing to 

obtain the final classification results. This approach worked 

well, however, it still relied on a within-participant training 

strategy. If the global model trained in the first stage is applied 

to new participants, the performance of the model is greatly 

reduced. Zhang et al. proposed the ConsenNet framework, 

which aims to enhance SSVEP classification performance by 

leveraging information from existing participants [36]. 

However, during data augmentation, the method randomly 

selects only 10 participants, which does not fully exploit the 

underlying inter-participant correlations. 

To solve the above problems, this paper proposes a deep 

neural network model based on the pyramid squeeze attention 

(PSA-DNN) to enhance the performance of SSVEP-BCI 

through common information migration. First, the mining of 

frequency domain information and spatial domain information 

is carried out through two-layer convolution, then pyramid 

squeeze attention is introduced to recalibrate the frequency 

domain information and spatial domain information, suppress 

redundant information, and enhance the weights of important 

information. Group convolution is then carried out to acquire 

the time domain information, and finally, the final recognition 

results are outputted through the fully-connected layer.  

Our main innovations of this paper are as follows: 

(1). We propose a novel SSVEP decoding architecture that 

directly exploits Fourier-transformed spectral components (real 

and imaginary parts) as model inputs. By jointly integrating 

frequency-domain convolution, spatial-domain convolution, 

and a pyramid squeeze attention mechanism for multi-scale 

feature recalibration-along with group convolution for 

complementary temporal modeling-the framework enables 

unified modeling of frequency, spatial, and temporal 

information. This design aligns closely with the 

neurophysiological characteristics of SSVEP signals and 

facilitates more discriminative feature representation. 
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Fig. 1 (a) Structural framework diagram of PSA-DNN. The preprocessed signal first goes through the frequency domain convolution layer for 

frequency domain feature learning and extraction, and the second layer goes through spatial convolution for spatial feature learning and extraction. 

In order to further improve the effectiveness of frequency domain features and spatial features, the features are input into the PSA module, and 

the features are recali-fied, and then input into the time convolution layer for time feature extraction. The time-dependent information is captured, 

and finally the result is output through the fully connected layer to complete the classification task. (b) Specific structure of time-domain 

convolution. In the temporal convolution layer, three layers of group convolution are used to extract the time domain information. In addition, 

group convolution can greatly reduce the number of parameters and improve the computational efficiency. 

 

TABLE Ⅰ. The core information of the dataset. 

Dataset Subject Block Target Channel Stimulus frequency 

Benchmark 35 6 40 64 8-15.8Hz 

BETA 70 4 40 64 8-15.8Hz 

(2). We develop a feature recalibration strategy tailored to 

SSVEP signals by embedding pyramid squeeze attention into 

the frequency-spatial processing pipeline. Unlike generic 

attention mechanisms, this design emphasizes stimulus-locked 

spectral components and spatial patterns associated with visual 

cortex activity, while suppressing redundant or non-task-related 

information, thereby improving robustness under low signal-to-

noise conditions and short time windows. 

(3). We introduce a structured three-stage training paradigm 

for cross-subject SSVEP decoding that explicitly balances 

global generalization and subject-specific adaptation. The 

approach first learns subject-invariant representations from 

large-scale multi-subject data, then performs lightweight fine-

tuning using minimal calibration data from a new subject, and 

finally evaluates on unseen samples from that subject. This 

progressive strategy effectively mitigates inter-subject 

variability while reducing calibration burden. 

The layout of this article is as follows: Section II introduces 

the datasets, network structures and experimental setup. Section 

III presents the experimental results. Section IV discusses the 

importance of each part of the proposed network structure and 

explores the influencing factors of the model performance. The 

final section includes a summary of the work and a discussion 

on the model’s future prospects. 

II. MATERIALS AND METHODS 

A. Overview of Dataset Information 

Ⅰ. Benchmark dataset: The Benchmark dataset was 

collected from 35 participants. Each participant’s data was 

recorded over 6 blocks, and each block contains 40 stimulus 

target presentation events (trials). The stimulus targets were 

presented to the participants on a computer screen arranged in 

a 5*8 matrix. The stimulus presentation frequency range was 

8Hz-15.8Hz. The frequency interval was 0.2 Hz. The  

stimulation duration of each target was 6 s, and there was a 0.5 

s cue before each target was presented. A total of 64 channels 

of EEG signals were recorded in each experiment, with a raw 

sampling rate of 1000 Hz which was down-sampled to 250 Hz. 

Ⅱ. BETA dataset: The BETA dataset is similar to the 

Benchmark dataset in that it also uses 40 stimulus targets with 

presentation frequencies ranging from 8 to 15.8 Hz, with 

intervals of 0.2 Hz. The BETA dataset was recorded from a 

larger number of participants (70 in total), and each 

participant’s data was recorded over 4 blocks. The target 

stimulus durations used for participants 1 to 15 were 2 seconds, 



 

and the stimulus durations of the remainder of the participants 

were 3 seconds. EEG data were recorded from 64 channels. The 

major difference from the Benchmark dataset is that the BETA 

dataset was acquired in a real environment and the signal-to-

noise ratio of the signal is low. 

The same preprocessing operation was used for both 

datasets. A Butterworth bandpass filter was used to divide the 

original signal into three frequency bands of 8-90Hz, 16-90Hz, 

and 24-90Hz. After filtering, the Fourier transform is performed 

on the data of each channel, and the real and imaginary parts of 

the transform results are extracted and spliced into the 

frequency band dimension respectively, so as to construct 

multi-band spectral features for model input. 

B. Description of the model structure 

In order to enhance the performance of SSVEP target 

recognition, a deep neural network model with a pyramid 

squeeze attention structure is proposed in this paper. The model 

contains six convolutional layers, a pyramid attention module 

and a fully connected layer (as shown in Fig. 1(a)). The specific 

structure of the model is as follows: 

(1) The first part of the network module focuses on 

frequency domain feature mining of SSVEP signals. When a 

visual stimulus is flashed at a specific frequency, the SSVEP 

generated by the brain show a characteristic response related to 

the stimulus frequency and its harmonics. Notably, there are 

significant differences in the extent to which these harmonic 

components contribute to the SSVEP signal: typically, lower 

harmonic components such as the fundamental frequency (first 

harmonic) and the second harmonic have larger amplitudes, 

while the energy contribution of the harmonics tends to show a 

decreasing trend as the number of harmonics increases. This 

frequency domain feature distribution provides an important 

basis for frequency identification of SSVEP signals. 

In terms of technical implementation, the module adopts a 

direct input strategy in the frequency domain, where the 

spectral features obtained from the original EEG signal after 

Fourier transform are used as inputs to the model. This 

processing avoids the noise interference in the time-domain 

signal and directly focuses on the effective information in the 

frequency domain. SSVEP responses have narrowband 

properties and are strictly locked to external stimuli, so 

maintaining fine frequency resolution is essential for effective 

feature extraction. If a large convolution kernel is used when 

processing the frequency domain, it may cause the blurring of 

fine-grained spectral features such as harmonics and 

intermodulation components, thereby weakening the 

discriminability between different targets. Based on this, a 1×1 

convolution kernel is used in the frequency domain feature 

learning stage in this paper to ensure that the frequency 

resolution of the SSVEP signal and its physiological specificity 

are not lost. In addition, 1×1 convolution essentially performs 

frequency-based feature projection rather than spatial 

neighborhood aggregation, which is more suitable for 

frequency domain feature extraction. 

In the specific design, we use a convolution kernel of size 

(1, 1) and configure 128 filters in the frequency domain branch 

for deep feature learning. This design has the following three 

advantages: 

(1) Preserving the independence of frequency points: The 

1×1 convolution acts on each frequency point in the form of dot 

product, which avoids unnecessary mixing between frequency 

neighborhoods and ensures that the harmonics and their high-

order components are accurately preserved. 

(2) Constructing a high-dimensional feature space: 128 

filters provide the model with sufficient expressive power to 

capture the subtle differences between different frequency 

bands, harmonics, and intermodulation components; 

(3) Adaptively learning frequency correlation: By 

automatically assigning weights to different harmonic 

components and spectral features, the network emphasizes 

informative frequency responses, leading to improved 

recognition performance. 

In summary, the design of 1×1 convolution kernel not only 

conforms to the frequency characteristics of SSVEP signals, but 

also provides an efficient and physiologically reasonable 

modeling method for frequency domain feature projection, 

which helps to improve the frequency sensitivity and overall 

identification ability of the model. 

(2) The second part of the model is used for mining spatial 

information. SSVEP signals are usually acquired 

synchronously by multi-lead electrodes, and the signals of each 

channel reflect the characteristics of neural electrical activities 

in different functional areas of the brain. In order to fully exploit 

the synergistic characterization ability among multiple 

channels, the second level of the network uses a spatial 

convolution operation to realize cross-channel feature 

integration.  

The core objective of the spatial convolution operation is 

to analyze the spatial correlation between channels and reveal 

the functional coupling of different brain regions. During the 

data preprocessing phase, the choice of relevant electrodes 

needs to be consistent with the functional distribution of brain 

regions. Since SSVEP mainly originates from the posterior 

cortex of the brain, the design of the convolution kernel 

covering the entire visual-related area (a total of nine channels) 

matches the neurophysiological characteristics of the visual 

evoked potential, so as to achieve the effective capture of spatial 

coherence and ensure stable and physiologically valid spatial 

feature extraction. In contrast to the first layer, which focuses 

on frequency-domain feature extraction, this layer focuses more 

on the topological correlations brought about by the spatial 

distribution of electrodes. Through the dynamic weighted 

fusion of inter-channel signals, realized by the trainable 

convolutional kernel, the network is able to discover the 

contribution of each channel to spatial feature decoding and 

then extract discriminative spatial pattern features. 

To implement this, the layer adopts a convolutional kernel 

structure of 9×1 dimensions, which is designed to retain the 

local detailed features of single-channel signals and realize the 

deep mining of cross-channel spatial correlation patterns. After 

processing in this layer, the network is able to effectively 

extract spatially discriminative feature representations from 

multi-channel signals, providing key spatial coding information  



 

 

 
 
Fig. 2. Schematic diagram of the specific structure of the PSA module. First, the input features are separated through four parallel branches to 

realize the multi-view representation of the feature space. Subsequently, convolutional layers with different kernel sizes are introduced in each 

branch to learn feature weights at multiple scales. After the extraction, the features of each scale are concatenated to achieve the effective fusion 

of cross-scale information. Finally, the channel weights of the fused features were adaptively updated by the SE attention module, so as to obtain 

a more discriminative and effective feature representation.

 

for subsequent classification decisions. This feature extraction  

architecture significantly improves the network’s ability to 

express spatial features, establishes a reliable spatial feature 

foundation for SSVEP signal decoding, and ensures optimal 

utilization of functional correlations between different 

channels. 

(3) Design and implementation of the third part of the 

model, pyramid squeeze attention. After the first two modules 

complete the frequency-domain feature and spatial-domain 

feature extraction of SSVEP signals respectively, the network 

faces the challenges of feature redundancy and information 

interference. To solve this problem, this part innovatively 

introduces a multi-scale pyramid squeeze attention layer to 

optimize the feature characterization through feature 

recalibration [37]. The structure of this layer is shown in Fig. 2, 

and the module adopts a three-stage processing flow: 

Multi-scale feature decomposition: A progressive down-

sampling strategy is used to decompose the input feature map 

into four sub-feature spaces of different scales (original scale, 

1/2 scale, 1/4 scale, and 1/8 scale), and 3, 5, 7, and 9 

convolutions are applied to each scale space for local feature 

refinement. This hierarchical processing is able to capture both 

microscopic details and macroscopic modes, where the larger 

receptive field scale focuses on capturing global correlations 

across channels, while the fine scale preserves the harmonic 

details of the frequency domain features. 

This paper introduces a multi-scale feature extraction 

architecture based on channel segmentation. The specific 

implementation process is as follows: First, the input feature 

map X is divided into channel dimensions and decomposed into 

S sub-feature maps, which are denoted as ��₀, �₁, . . . , �ₛ₋₁	. 

where the channel dimension of each sub-feature map is: 
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The sub-feature maps obtained from each segmentation can be 

represented as: 
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Here, C represents the number of output channels = 128, H 

represents the number of EEG channels = 9, and W represents 

the number of time points = the length of the time 

window� 250. 

In order to fully extract multi-scale spatial features, this 

method uses an adaptive grouping convolution operation for 

each sub-feature map. Through experimental validation, we 

find the following optimal relationship between the convolution 

kernel size K and the number of groupings G: 
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The specific feature extraction process can be expressed as 

follows: 
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where each parameter is satisfied: 
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Ultimately, the fusion of multi-scale features is achieved 

through channel splicing operations: 
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In order to establish the competitive relationship between 

scales, the softmax function is used to normalize the attention 

weights and obtain the attention distribution with 

interpretability: 
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Channel dimension modulation of raw features based on 

normalized attention coefficients is performed: 
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where ⊙  denotes a channel-by-channel multiplication 

operation. The modulated multiscale features are finally 

integrated along the channel dimension to output enhanced 

features that incorporate multiscale contextual information:  
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This mechanism achieves synergistic optimization of local and 

global features through a hierarchical attention design. Softmax 

normalization establishes inter-scale competition and the 

feature modulation process preserves the unique features of 

each scale. 

Cross-scale feature fusion: After unifying the features of 

each scale to the original resolution by bilinear interpolation, a 

fusion strategy combining channel concatenation and 1×1 

convolution is adopted. This design not only retains the unique 

characterization advantages of each scale, but also establishes 

cross-scale feature correlation, especially enhancing the 

synergistic expression of fundamental frequency harmonic 

features and spatial topology features. 

Dynamic Feature Re-weighting: An improved Squeeze-

and-Excitation mechanism is introduced, which first generates 

channel-level statistical descriptors through global average 

pooling, then learns the dependencies of each feature channel 

using a two-layer fully connected network before, finally, 

generating adaptive weights through Sigmoid activation. For 

the input set F of multi-scale feature maps, a set of 

corresponding channel attention weights are generated for each 

scale feature map by the Squeeze Excitation (SE) module: 
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where each 6� ∈ �
  ��0�0  denotes the channel importance 

distribution of features at that scale. The attention weights 

extracted from each scale are subsequently spliced and 

integrated to construct the global attention representation: 
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enabling attentional information interactions across scales. 

The process pays special attention to the enhancement of 

discriminative features suitable for SSVEP decoding (e.g., 

frequency bands corresponding to dominant harmonics), while 

suppressing redundant features. 

(4) The fourth part is used for mining time-domain 

information. As a typical time series, SSVEP signals contain 

critical temporal dynamic information. This module deeply 

mines the time-varying properties of EEG activities through a 

multi-scale convolutional architecture to accurately capture the 

neural response patterns that are phase-locked with visual 

stimuli. The parallel processing strategy of convolutional 

kernels with differentiated sizes is adopted to realize the 

synergistic extraction of transient and steady-state time-domain 

features, which significantly improves the richness of feature 

expressions. 

Multi-scale convolutional kernels work in concert to form 

a key mechanism for time-domain feature extraction. The fine-

scale convolutional kernels specialize in signal micro-features, 

which can sensitively detect transient events such as amplitude 

bursts and short-duration oscillations, and effectively capture 

the fast neural response at the initial stage of SSVEP 

stimulation. This high temporal resolution design significantly 

enhances the accuracy of recognizing dynamic patterns at the 

millisecond scale. The macroscale convolutional kernel, on the 

other hand, focuses on the overall signal characteristics and 

extracts the periodic patterns of steady-state oscillations 

through wide time window analysis, so as to accurately resolve 

the sustained rhythmic patterns of SSVEP signals that are 

phase-locked to the stimulus frequency. This complementary 

design enables the network to recognize both fast transient 

responses and capture stable time-domain oscillatory features. 

The small convolution kernels of (1,4) and (1,6) are used 

to focus on the local details of the signal, while the macro 

convolution kernels of (1,10) and (1,12) are applied to analyze 

the overall waveform characteristics (As shown in Fig. 1(b)). 

This design realizes the multilevel analysis of the time-domain 

signal: the fine convolution kernel captures the millisecond 

transient response, and the macroscopic convolution kernel 

extracts the periodic steady state pattern. The synergistic work 

of different receptive fields enables the network to perceive 

both the microscopic fluctuations of the signal and grasp its 

macroscopic evolutionary patterns, constructing a complete 

time-domain feature space for making classification decisions. 

 

 

Fig. 3. A three-stage stepped model training approach. A subject 

independent global model is trained using all available subjects except 

the target test subject. For the benchmark dataset, this corresponds to 

the classical leave-one-subject (LOSO) strategy: in each fold, 34 

subjects are used for training and 1 subject is taken out as the new 

(unseen) subject. For the BETA dataset, 69 subjects were used for 

training and 1 subject was used as a new subject. This phase enables 



 

 

the model to learn generic, cross-topic SSVEP representations. Stage 

2 - Topic-specific fine-tuning (learning personalized patterns). From 

the retained “new subjects”, only a small fraction of trials (e.g., one or 

two blocks, depending on the dataset configuration) are used to fit the 

global model. This step allows the model to capture subject-specific 

spectral-spatial variations that are known to be important in EEG 

decoding. Stage 3 - Final evaluation of the remaining data for the new 

subjects. 

The synergistic effect of multi-scale convolutional kernels 

aims to significantly improves the expression ability of time 

domain features. By fusing local details and global trend 

features, the network realizes three-dimensional analysis of the 

EEG signals spatio-temporal characteristics, in order to attempt 

to enhance the discriminative ability of the model. The feature 

refinement module optimizes the feature representation through 

the convolution operation, highlighting informative time 

domain patterns while suppressing background noise. 

C. Model Training Strategy 

In this paper, a progressive model training strategy 

consisting of three stages is proposed (the overall process is 

shown in Fig. 3). The core goal of this strategy is to achieve the 

efficient integration of “general feature learning” and 

“personalized adaptation”, so as to balance the cross-subject 

generalization ability and individual level recognition 

performance of the model. In the first stage (global model 

training stage), we integrate the complete data set of all subjects 

to learn stable and consistent neural response patterns across 

different subjects through large-scale cross-individual data, and 

then construct a basic model with strong generalization ability. 

In this stage, a leave-one-subject-out (LOSO) strategy is 

adopted. For the Benchmark dataset, the data of 34 subjects are 

used for global model training. For the BETA dataset, the data 

of 69 subjects were used for model training. Through this 

process, the model is able to extract the SSVEP feature 

representation shared across subjects, which provides a solid 

and structured feature foundation for the subsequent 

personalized fine-tuning stage. 

The second phase (personalized fine-tuning phase) 

employs a transfer learning paradigm with a global model as 

initialization and adaptive tuning of model parameters using 

limited calibration data from targeted new subjects. This critical 

step enables the model to gradually adapt to target subject-

specific EEG feature variations, such as individual-specific 

brain anatomical structure differences, electrode impedance 

properties, etc., while retaining common features through a 

small-sample learning mechanism. 

To rigorously evaluate the model, the final testing employs 

a hold-out strategy, applying it to data from new participants 

who had no exposure to the fine-tuning phase. This data 

partition method effectively avoids data leakage and ensures the 

objectivity and reliability of the model evaluation results. 

D. Methods of comparison 

We compared the performance of our proposed model to 

seven state of the art methods, including three traditional 

algorithms and four deep learning methods: 

(1) ECCA [19]: Separate calibration data and artificial 

sinusoidal signals were used. 

(2) iFuzzyTL [38]: iFuzzyTL integrates fuzzy inference 

systems with attention mechanisms to optimize input signal 

processing and classification, presenting results in a format 

readily comprehensible to humans. 

(3) DB-AFDNet [39]: The Dual-Branch Attention 

Mechanism Frequency Domain Network (DB-AFDNet) is 

capable of independently decoding the real and imaginary 

spectral components, aiming to acquire more discriminative 

and generalisable features. 

(4) DNN [32]: Deep Neural Network (DNN) realizes 

adaptive extraction and learning of dense features by stacking 

multilayer convolutional structures. 

(5) EEGNetPSA [33]: Using EEGNet as the base network, 

a PSA module is subsequently integrated to accomplish the 

SSVEP target classification task. 

(6) SSVEPformer [35]: SSVEPformer adopts the 

Transformer structure to characterise SSVEP signals. 

(7) ConsenNet [36]: This teacher-student network model 

is used to learn and characterize the diverse features of the 

SSVEP. 

III. RESULTS 

A. Detailed setup and performance evaluation 

All deep learning models in this study (including our 

proposed method) are implemented based on PyTorch. The 

training process uses the Adam optimizer with an initial 

learning rate set to 1e-4 and a batch size of 128. Model training 

is divided into two phases: 80 rounds of global training and 300 

rounds of fine-tuning. An early stopping mechanism (50 rounds 

are terminated if the validation loss does not improve) is used 

to prevent overfitting and improve training efficiency. The 

model optimization objective is to minimize the cross-entropy 

loss [40]. 
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The parameters are updated using a stochastic gradient descent 

algorithm, and L2 regularization (with a penalty factor of 1e-10) is 

introduced to further normalize the model parameters. To ensure 

fairness in the comparison, all models in this paper use a uniform 

preprocessing procedure and training configuration. 
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Fig. 4. (a) On the Benchmark data set, 0.4 s, 0.6 s and 0.8 s time windows 

are used, and the experimental results of the proposed method and other 

comparison methods are compared. (b) On the Beta data set, 0.4 s, 0.6 s 

and 0.8 s time Windows are used, and the experimental results of the 

proposed method and other comparison methods are compared. The 

symbols *, **, and *** represent significance levels of p<0.05, p<0.01, 

and p<0.001, respectively. 

 

In this study, classification accuracy and information transfer 

rate (ITR) are used as performance evaluation metrics. The 

accuracy rate is calculated as the ratio of the number of correctly 

predicted samples to the total number of tested samples and reflects 

the overall classification ability of the model. ITR is used to 

evaluate the communication efficiency of the BCI system and is 

calculated as follows [41]: 
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where P denotes the accuracy and N denotes the number of targets. 

B. Performance Evaluation on Benchmark Dataset 

We evaluated the performance of the models using the 

Benchmark dataset, which contains SSVEP data from 35 

participants. The experiments were conducted using a leave-one-

out cross-validation strategy: the global model was trained using 

data from 34 participants in the first phase, and individualized fine-

tuning was performed in the second phase using a small amount of 

calibration data from the remaining participants. Specifically, fine-

tuning was performed using 3 blocks of data from participants in 

the test set. The third phase tested the model using the remaining 

unseen data from the participants in the test set.  

To fully evaluate the method performance, we used three time 

windows of 0.4 seconds, 0.6 seconds and 0.8 seconds for analysis. 

The experimental results are shown in Fig. 4(a), which indicate 

that under the most challenging 0.4-second short time window 

condition, our proposed method demonstrates a significant 

performance advantage: the recognition accuracy is improved by 

27.12%, 14.7%, 11.45%, and 6.0%, respectively, compared to the 

three mainstream methods, namely EEGNetPSA, SSVEPformer, 

iFuzzyTL, and ConsenNet. Under the condition of 0.6 seconds 

medium duration, there is still a 3.1% performance improvement 

relative to ConsenNet. It is worth noting that our proposed method 

still achieves the best average result even in the case of the 0.8-

second long time window.  

After a comprehensive comparison of the seven existing most 

advanced methods (excluding the algorithm proposed in this 

paper), we found that this model achieved the highest decoding 

performance under all time window conditions. Further statistical 

significance analysis indicated that the performance improvement 

of this method was statistically significant. The above results 

demonstrate that the proposed algorithm shows stable and 

significant advantages in different application scenarios and time 

window settings.  

C. Performance Evaluation on BETA Dataset 

To further evaluate the generalization ability and robustness 

of our proposed method we conducted supplementary experiments 

on the more challenging BETA dataset. This dataset contains 

SSVEP recordings from 70 participants and, uniquely, the data  

collection environment is an outdoor scene. The signal quality is 

significantly lower than that of the Benchmark dataset, which was 

recorded under laboratory conditions. This evaluation, using data 

recorded under more challenging scenarios, better reflects the  

practical application value of our proposed method. 

For this experiment also used three typical time windows of  

0.4 s, 0.6 s and 0.8 s duration for system evaluation, and the fine-

tuning also used three blocks of data from participants in the test 

set. Fig. 4(b) indicates that the proposed approach continues to 

perform favorably under a brief 0.4-second time window, despite 

the reduced signal-to-noise ratio. Specifically, the accuracy is 

improved by 2.4%, 1.28%, 2.09% and 1.3% compared to 

SSVEPformer, iFuzzyTL, DB-AFDNet and ConsenNet, 

respectively.  

The performance advantage of 11.44 percentage points over 

the iFuzzyTL is particularly noteworthy. This suggests that our 

proposed method is particularly robust to noisy environments. A 

stable advantage of 1.9% is maintained relative to ConsenNet in 

the 0.6 s medium duration condition. Even under the 0.8-second 

long time window condition where the signal quality is limited, our 

proposed method still shows some performance advantages. These 

results demonstrate that our proposed method maintains a stable 

performance advantage in both controlled laboratory environments 

(Benchmark dataset) and more challenging real-world scenarios 

(BETA dataset), showing excellent generalization ability and 

environmental adaptability. 

It is worth noting that to further validate the technical 

advantages of this work, we conducted a direct comparison with 

EEGNetPSA using the identical dataset and training strategy. 

Experimental results demonstrate that the proposed frequency-

spatial-temporal dedicated architecture significantly outperforms 

EEGNetPSA across key performance metrics: in cross subject 

validation tasks, the average classification accuracy improved by 

18.6% under 0.4 seconds. 

The core reason for this performance improvement lies in our 

architecture’s tailored design for EEG signals’ non-stationary and 

multi-band characteristics. Specifically, we designed specialized 

frequency convolution layers and multi-scale temporal 

convolution layers, whereas EEGNetPSA employs a generalized 

deep separable convolution architecture that lacks this specificity. 

Furthermore, the PSA module is positioned after spatio-temporal 

feature extraction in this work, serving as a refinement bottleneck  



 

 

Table Ⅱ. Classification accuracies (%) and standard deviation (%) of models fine-tuned using different calibration data. 

Block Benchmark  BETA 

 0.4 s 0.6 s 0.8 s  0.4 s 0.6 s 0.8 s 

1 72.01±18.37 82.73±15.73 90.63±11.58  60.09±18.75 70.65±17.16 77.43±15.67 

2 77.06±17.61 86.45±14.26 92.55±10.45  65.81±18.40 75.40±16.36 81.13±14.18 

3 79.70±17.02 88.30±13.23 93.56±9.28  69.10±19.01 77.96±15.29 84.78±13.09 

 

Table Ⅲ. ITRs (bits/min) and standard deviation (bits/min) of models fine-tuned using different calibration data. 

Block Benchmark  BETA 

 0.4 s 0.6 s 0.8 s  0.4 s 0.6 s 0.8 s 

1 207.21±74.82 210.36±57.84 206.09±39.81  157.04±72.17 163.91±59.10 159.78±48.26 

2 230.14±74.12 225.60±54.29 213.64±36.87  180.36±73.44 181.43±58.08 171.84±45.23 

3 242.75±73.16 233.68±51.72 217.52±33.71  194.18±76.27 191.59±55.84 182.56±42.56 

 

Table Ⅳ. Accuraces (%) and standard deviation (%) of ablation experiments in four different situations. 

Case Benchmark  BETA 

 0.4 s 0.6 s 0.8 s  0.4 s 0.6 s 0.8 s 

w/o spatial 

FFT&PSA 
77.91±17.54 86.78±14.08 92.57±10.35  67.91±18.10 75.70±16.61 81.04±14.60 

with PSA 79.54±16.91 87.91±13.39 93.36±9.50  68.58±18.27 77.37±15.68 82.29±13.33 

with FFT 78.65±17.23 87.43±13.74 92.96±9.88  68.50±18.36 77.08±15.99 81.96±13.94 

our model 79.70±17.02 88.30±13.23 93.56±9.28  69.10±19.01 77.96±15.29 84.78±13.09 

 

Table Ⅴ. ITRs (bits/min) and standard deviation (bits/min) of ablation experiments in four different situations. 

Case Benchmark  BETA 

 0.4 s 0.6 s 0.8 s  0.4 s 0.6 s 0.8 s 

w/o spatial 

FFT&PSA 
234.31±73.79 227.15±53.73 213.78±36.49  189.94±73.52 183.47±58.92 172.44±45.99 

with PSA 241.83±72.50 231.87±51.65 216.77±34.22  193.05±74.44 189.47±56.27 176.24±55.84 

with FFT 237.67±73.22 229.88±52.44 215.26±35.37  192.74±74.92 188.41±57.51 175.33±44.38 

our model 242.75±73.16 233.68±51.72 217.52±33.71  194.18±76.27 191.59±55.84 182.56±42.56 

 

for highly discriminative features. In contrast, EEGNetPSA 

embeds PSA as an independent module within the convolutional 

stack, resulting in significant differences in its adaptability and 

contribution to EEG decoding tasks. 

IV. DISCUSSION 

A. A feasible approach to categorizing scenarios between 

participants for SSVEP data 

The large target instruction sets available in SSVEP-based 

BCI systems support their deployment in a broad range of 

practical scenarios. Despite numerous research results, target 

recognition of EEG signals, especially accurate decoding for 

multi-target scenarios, still faces significant challenges. 

Existing methods generally suffer from two key limitations: 

one, most algorithms only achieve good results on participant-

specific data, with a significant performance degradation when 

 

faced with new participants. This stems from the failure of the 

models to adequately learn common features across participants. 

Second, existing methods tend to neglect the important value of 

individual-specific information. 

To address these issues, this study innovatively proposes a 

three-phase training and testing paradigm, which achieves a 

balance between model generalization and specificity by 

organically combining the learning of common features and the 

adaptation of individualized features. Specifically, the first 

stage focuses on cross-participant common feature extraction, 

the second stage fine-tunes the model for individual specificity, 

and the third stage applies the model to new participants. This 

incremental learning strategy not only captures stable neural 

response patterns at the population level, but also preserves the 

unique EEG features of individuals, which significantly 

improves the system’s adaptability to new users. 

 

 



 

 

Table Ⅵ. Classification Accuracies (%) of the PSA-DNN after removing the spatial convolution layer and the temporal 

convolution layer. 

Case Benchmark  BETA 

 0.4 s 0.6 s 0.8 s  0.4 s 0.6 s 0.8 s 

w/o spatial 57.25±20.50 68.76±19.00 79.86±17.40  51.29±19.39 59.61±19.37 66.28±19.23 

w/o temporal 74.13±17.53 83.71±15.11 90.94±11.36  63.80±18.42 72.81±17.07 78.19±15.23 

PSA-DNN 79.70±17.02 88.3±13.23 93.56±9.28  69.10±19.01 77.96±15.29 84.78±13.09 

 

Table Ⅶ. The ITRs (bits/min) of the PSA-DNN when the spatial convolutional layer and the temporal convolutional layer are 

removed. 

Case Benchmark  BETA 

 0.4 s 0.6 s 0.8 s  0.4 s 0.6 s 0.8 s 

w/o spatial 147.72±75.61 158.53±62.47 168.99±52.44  125.43±67.90 128.36±59.72 127.69±53.46 

w/o temporal 216.30±71.87 214.33±56.02 207.37±38.94  172.97±71.67 172.84±59.20 162.97±46.87 

PSA-DNN 242.75±73.16 233.68±51.72 217.52±33.71  194.18±76.27 191.59±55.84 182.56±42.56 

 

Table Ⅷ. The computational complexity of different models under 0.4 s. 

Model Params 
First Stage 

Training Time (s) 

Second Stage 

Training Time (s) 

Inference Time 

per Sample (ms) 
Accuracy (%) 

SSVEPformer 2614276 50.75257 17.30714 0.308286 47.33 

EEGNetPSA 258000 59.43000 7.72500 0.093370 52.58 

DNN 413926 44.14286 15.33714 0.203429 57.71 

ConsenNet 1025876 1020.15000 660.25690 0.361256 73.62 

Our model 872528 187.50910 67.58457 0.652458 79.82 

B. Impact of calibration data volume on model performance 

In this study, an incremental three-stage training strategy was 

used. In the second stage the model was fine-tuning with 

calibration data from new participants. To systematically assess 

the effect of the amount of calibration data on model performance, 

we designed a comparative experimental scheme. As shown in 

Table Ⅱ and Table Ⅲ, the performance changes under three 

calibration data volume conditions examined over the two 

datasets: 1 block, 2 blocks, and 3 blocks. 

The experimental results show two important findings: first, 

the model performance is significantly and positively correlated 

with the amount of calibration data. As the amount of calibration 

data increases from 1 block to 3 blocks, the recognition accuracy 

continues to improve, suggesting that richer individual data helps 

the model learn more discriminative feature representations. This 

phenomenon was particularly prominent in the most challenging 

0.4-second short time window condition. 

Second, the information transfer rate (ITR) showed an 

increasing and then decreasing trend, which reflects the trade-off 

between time window length and system efficiency. Under all test 

conditions, fine-tuning using 3 blocks of data resulted in optimal 

performance, a result that provides an important reference for 

calibration time settings in practical applications. These findings 

confirm that appropriately increasing the amount of calibration 

data can effectively improve the model’s adaptability to new users. 

C. Ablation experiments 

In this study, the contribution mechanism of FFT frequency 

domain preprocessing and Pyramid Attention Module (PSA) to 

the model performance is analyzed through a set of ablation 

experiments. As shown in Table Ⅳ and Table Ⅴ, the experiments 

are designed with four progressive comparison schemes: the base 

model (Case 1, without FFT and PSA), the PSA-enhanced model 

(Case 2), the FFT preprocessing model (Case 3), and the full 

model (Case 4, with both FFT and PSA integrated). By analyzing 

the experimental results from multiple perspectives, we obtain the 

following important findings: 

1) The effectiveness of the attention mechanism of the PSA 

module: case 2 shows significant performance improvement 

compared to case 1 under all test conditions. This confirms the key 

role of the pyramidal attention structure in feature selection and 

cross-scale information fusion. Attentional weight visualization 

analysis showed that the PSA module was able to automatically 

focus on the brain regions and frequency bands most relevant to 

the stimulus frequency. 

2) The necessity of FFT preprocessing: Case 3 exhibits a 

steady performance improvement over Case 1. This advantage is 

more obvious in low signal-to-noise ratio conditions. Frequency 

domain analysis shows that FFT conversion effectively enhances 

the signal-to-noise ratio of fundamental and harmonic 

components, providing a better input representation for 

subsequent feature extraction. 

3) Synergistic enhancement effect between modules: Case 4 

achieves optimal performance in all test scenarios, and the ITR 

metrics are synchronized with significant improvement (up to 35 

bits/min). This synergistic effect stems from the organic 

combination of the high-quality frequency-domain features 

provided by the FFT and the feature selection capability of the 

PSA, forming a complementary enhancement mechanism. 



 

 

It is worth noting that this performance advantage is 

particularly prominent under the long-time window (0.8 s) 

condition, and the improvement in performance of the full model 

over the base model reaches 3.7% under the outdoor acquisition 

condition of the BETA dataset. These findings not only provide a 

solid theoretical basis for the model design, but also indicate an 

important direction for future optimization of SSVEP-BCI 

systems. 
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Fig. 5.(a) Feature distribution of the SSVEP signal after convolution of 

the first network layer. (b) Distribution of features in the absence of PSA 

modules. (c) Distribution of features using the PSA module. 

 

In addition, we further investigate the role of spatial 

convolution versus temporal convolution in the model. To this 

end, we performed ablation experiments in two datasets with 

different time windows by removing spatial and temporal 

convolutional layers, respectively. Tables Ⅵ and Ⅶ show the 

classification accuracy and ITR of the model under different 

settings, respectively. Here, ‘w/o spatial’ means removing spatial 

convolutional layers, and ‘w/o temporal’ means removing 

temporal convolutional layers. From the experimental results, we 

can see that removing the temporal convolutional layer results in 

about 2.62-6.59% performance degradation of the model, while 

removing the spatial convolutional layer results in a more 

significant performance degradation of about 13.78%-22.45%.  

The results indicate that during the multi-domain feature 

extraction process of the model, the contribution of spatial 

convolution is more prominent compared to temporal 

convolution, suggesting that spatial domain information plays a 

more significant role in characterizing the neural response patterns 

of SSVEP. However, although the importance of spatial 

convolution is more significant, temporal convolution also plays 

an indispensable role in capturing rhythmic neural dynamics. 

Overall, spatial convolution and temporal convolution form a 

complementary and collaborative feature learning mechanism in 

the network, and their combined effect is crucial for fully 

exploring the separable features of SSVEP and significantly 

improving the overall recognition performance of the model. 

D. Model Visualization 

To explore the progression of feature extraction, t-SNE [42] 

was employed for dimensionality reduction and visualization, 

with the corresponding results shown in Fig. 5. By tracking the 

evolutionary trajectories of the features in each layer of the 

model, the gradual improvement process of the representation 

quality can be clearly observed. In order to quantitatively assess 

the feature separability, we introduced the inter-class Euclidean 

distance as an evaluation index and conducted a comparative 

analysis of the feature distributions over the three participants. 

The experiment was set up with four comparison groups: the 

baseline model (no FFT and PSA), the FFT-enhanced model, 

the PSA-enhanced model, and the full model (FFT and PSA). 

The visualization analysis reveals three important findings: 

first, the baseline model has the highest feature aggregation 

(mean inter-class distance = 132.73), resulting in blurred 

classification boundaries; second, the introduction of the FFT 

or PSA module alone results in an obvious trend of separation 

of the feature distributions (the inter-class distance is enhanced 

to 183.64 and 19.51, respectively), which corresponds to an 

increase in accuracy of about 3% ; most importantly, the full 

model exhibits an optimal feature distribution pattern 

(interclass distance = 0.54), with different classes of features 

forming a clear clustering structure. The above results indicate 

that the PSA module plays a crucial role in improving the model 

performance. By separating and re-aggregating the features, 

and achieving adaptive feature calibration, this module can 

guide the network to learn more discriminative features, thereby 

significantly enhancing the classification recognition 

performance. This visual evidence confirms the superiority of 

multi-module synergy from a geometric perspective and 

provides an intuitive explanation for the effectiveness of the 

model. 

To further analyze the model’s feature attention pattern in 

the spatial domain, we visualized the channel weights of the 

trained model across the nine electrodes. Specifically, we 

selected two representative subjects in the dataset and presented 

their channel weights in the form of heat maps, as shown in Fig. 

6. It can be observed from the figure that POz and Oz electrodes 

show significantly higher weight values, and the high-weight 

regions are mainly distributed in these two electrodes and their 

surrounding locations. This result is highly consistent with 

previous studies: POz and Oz are located in the corresponding 

regions of the occipital visual cortex and are the most prominent 

and stable response channels for SSVEP signals [43]. The 

model automatically learned higher weights on these electrodes, 



 

 

indicating that it successfully captured the neurophysiological 

characteristics of SSVEP. This phenomenon further 

demonstrates the capability of the proposed approach to learn 

spatial features, as it enables the model to selectively attend to 

brain regions with more pronounced neural activity, thereby 

enhancing recognition accuracy. 

 

 
(a) 

 
(b) 

Fig. 6. Channel weight distributions after the spatial convolution layer 

for two representative subjects ((a) subject 4, (b) subject 13) in the 

Benchmark dataset. The visualization results are based on the 

classification scenes of three training blocks, all with a data length of 

0.6 s. Each column in the figure corresponds to the channel weight 

extracted by a spatial filter, while each row represents the weight 

change of each electrode under all spatial filters. 

 

E. Computational complexity 

We selected several representative baseline models for 

comparison with the proposed method, with specific 

experimental results presented in Table VIII. Regarding model 

parameter scale, although our approach does not possess the 

minimal number of parameters, its parameter count is markedly 

lower than that of SSVEPformer and ConsenNets. 

Simultaneously, while maintaining a low parameter count, this 

method achieved the highest classification accuracy, 

demonstrating superior performance-complexity trade-off 

capabilities. In computational efficiency, our model 

demonstrates high performance in both training and testing 

times. Notably, during testing, its inference time falls well 

below the 0.4-second stimulus duration, rendering it negligible 

for real-time systems. Overall, our approach achieves a 

favourable trade-off between accuracy, model complexity, and 

computational efficiency, fully validating its practicality and 

convenience for real-world applications. We selected several 

baseline models for comparison with our proposed approach, 

with detailed results presented in Table VIII. Regarding model 

parameter count, while our model is not the most minimal, it 

remains comparatively sparse relative to SSVEPformer and 

ConsenNets, whilst achieving the highest accuracy. Both 

training and testing times are notably brief, rendering them 

negligible compared to the 0.4-second stimulus duration. These 

results demonstrate the practicality and convenience of our 

proposed method. 

F. Limitations and Future Work 

Although our proposed method demonstrates notable 

improvements in SSVEP-based brain-computer interface (BCI) 

target recognition, several limitations remain and warrant 

further investigation. 

(1) Cross-dataset generalization remains unexplored. We 

have evaluated our proposed model on two large-scale SSVEP 

datasets; however, we have not assessed cross-dataset 

performance. Future work will investigate cross-dataset 

training strategies to more thoroughly evaluate the robustness 

and generalization of the model in varied recording 

environments.  

(2) Computational cost limits real-time deployment. 

Despite achieving high recognition accuracy, the multi-band 

FFT processing and PSA module introduces additional 

computational overhead, which may restrict deployment in 

low-latency BCI applications. In future studies, we plan to 

develop lightweight model architectures to reduce computation 

cost, accelerate inference speed, and support efficient online 

BCI implementations. 

(3) Subject-specific calibration is still required. The 

current three-stage training pipeline still relies on a small 

amount of calibration data for new subjects. Minimizing or 

eliminating this requirement remains an open challenge in BCI 

research. Future work will explore advanced subject adaptation 

and transfer learning techniques to reduce the dependency on 

subject-specific calibration. 

(4) Neurophysiological interpretability requires deeper 

validation. Although spatial- and frequency-domain saliency 

analyses are provided, more in-depth neurophysiological 

validation (e.g., source localization) could further enhance the 

biological interpretability and neuroscientific relevance of our 

proposed model. In future research we will integrate such 

analyses to strengthen theoretical insights into SSVEP 

generation mechanisms. 

V. CONCLUSION 

To enhance decoding performance in SSVEP-BCI 

applications, this work proposes a deep neural network model 

that leverages a multi-scale attention mechanism. The model 

adopts a multi-stage feature extraction strategy: first, the 

preprocessed EEG signal is Fourier transformed to convert the 

time domain signal into a frequency domain representation; 

then, the deep neural network architecture is constructed. The 

first part of this neural network extracts harmonic features 

related to the stimulus frequency through the frequency domain 

convolutional layer; the second part uses spatial convolutional 

operations to capture topological correlations between 

electrodes in different brain regions; and in the third part, the 

pyramidal attention module is used to enhance the expression 

of key features through a multi-scale feature fusion and 

dynamic weight allocation mechanism. The final part of the 

neural network uses a time-domain convolutional network to 

mine the temporal dynamic properties of the signal. Ultimately, 

accurate classification is realized through the fully connected 

layer. In terms of training strategy, a three-stage progressive 

learning approach is adopted, where cross-participant common 

features are first learned, then fine-tuned for individuals, and 

finally the performance is evaluated on an independent test set. 



 

 

Through rigorous comparative experiments and ablation 

analysis, the superiority of our proposed method over existing 

techniques is verified. We also confirm the key contribution of 

the Fourier transform and pyramid attention modules to the 

observed performance improvement. This study provides an 

important theoretical foundation and technical path for 

constructing a practical, robust and high-precision SSVEP-BCI 

system, and the proposed deep neural network method can also 

provide strong support for the research and application in 

related fields such as object detection and image processing. 
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