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Abstract: Brain-computer interface system is a new type of interactive technology, the core of which is to convert the electrical signals
generated by the brain into executable device instructions. Steady-state visual evoked potentials, as a typical electroencephalogram signal, is
widely used in BCI technology because of its high signal-to-noise ratio and relatively stable. Compared with other EEG signals, SSVEP-BCI
does not require pre-training of subjects. It can realize device control by analyzing specific EEG signals induced by visual stimulation, and
can quickly realize efficient human-computer interaction. However, the existing SSVEP classification algorithms and practical applications
of BCI systems still have problems such as being susceptible to noise and easy fatigue of subjects. To address the above bottlenecks, a neural
network architecture based on multi-band convolution and feature enhancement is proposed to improve the classification accuracy. The signal
is divided into five frequency bands through band-pass filtering, and their respective differential entropy features are extracted; higher-level
features are extracted through independent convolution operations based on the attention mechanism; concatenate the features and encode
them through Transformer, the multi-head self-attention mechanism adaptively adjust each frequency band and spatial weight to enhance
features; finally, the enhanced features are sent to the classification module to achieve accurate classification. Experimental results show that
the average classification accuracy and information translate rate of this method under different time windows are better than existing
methods. In 1.0 s time window, classification accuracy reaches 86. 61% , which is 16. 86%, 13. 1% and 5. 79% higher than power spectral
density analysis, typical correlation analysis and traditional convolutional network respectively.

Keywords: steady-state visual evoked potential; brain-computer interface; electroencephalogram signal; multi-band convolution; self-
attention mechanism; Transformer
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Muti band and enhancement convolutional neural networks model
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Fig.2 Squeeze-and-excitation model
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Fig. 4 EEG acquisition device and channel distribution
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