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Steady-State Motion Visual Evoked Potential Decoding Method Based on

Integration of Transformer Network and Convolutional Neural Network

ZHANG Huanqging, XIE Jun, YANG Hanlin, DU Fangzhao, JIN Zhiwei, CHEN Yujie

(School of Mechanical Engineering, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: Addressing the issues of limited receptive fields and ineffective perception of global
information in convolutional neural networks (CNNs), as well as their suboptimal classification
performance when processing short-duration steady-state motion visual evoked potentials (SSMVEP)
signals, a compact EEGNet-Transformer (i. e, EEGNetformer) network is proposed. EEGNetformer
network integrates the strengths of the EEGNet network (a general-purpose CNN designed for EEG
recognition tasks) and the Transformer network. It efficiently captures and processes both local
and global information in the electroencephalogram (EEG) signals, enhancing the network’s
learning of the SSMVEP features, thereby achieving an excellent decoding performance. The EEGNet

network is utilized to extracts local temporal and spatial features of SSMVEP, while the Transformer
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network is utilized to capture global information in EEG time series. Based on data collected using the

SSMVEP-BCI paradigm, experiments were conducted to evaluate the performance of the EEGNetformer
network. The results showed that under the condition of 2 s SSMVEP data, EEGNetformer achieved an
average accuracy of 88. 9% +6. 6% for within-subject conditions and 69. 1% +4. 3% for cross-

subject conditions. Compared with traditional CNN algorithms, the classification performance of

the EEGNetformer network was improved by 4. 2%—17.4%. These findings demonstrate the significant

advantage of EEGNetformer network in enhancing the recognition accuracy of SSMVEP-BCI

systems, providing a new research direction for further enhancing SSMVEP-BCI decoding performance.

Keywords: steady-state motion visual evoked potential (SSMVEP); EEGNet network; Transformer

network; EEGNetformer network
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validation set in EEGNetformer network training
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