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SSVEP Neural Network Classification Model Based on ICEEMDAN
Decomposition
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(College of Computer Science, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: Steady state visual evoked potentials have become one of the most commonly used control signals in brain computer interfaces due
to their high signal-to—noise ratio and high information transmission rate. However, current deep learning based methods overly rely on indi-
vidual subject calibration data, and there is still significant room for improvement in inter subject classification performance. To address the
above challenges, the ICE-GSE algorithm is proposed by combining an improved adaptive noise complete set empirical mode decomposition,
a spatial feature extractor based on graph convolutional networks, and a feature fusion module based on compressive excitation. This algorithm
utilizes an improved adaptive noise complete set empirical mode decomposition method to decompose steady—state visual evoked potential sig-
nals into a set of intrinsic mode functions, effectively reducing the influence of noise and artifacts. The adjacency matrix of the spatial feature
extractor can fully express the spatial positional relationship of EEG signals, thereby better learning spatial domain features. To improve the ac-
curacy of target recognition and algorithm robustness, a feature fusion module is further introduced to selectively select the most relevant chan-
nel for the task. On two publicly available datasets, the time window length was set to 0.5-1.0 s to comprehensively compare ICE-GSE with
other traditional and deep learning methods. The experimental results show that in cross subject situations, the classification accuracy and in-
formation transmission rate of ICE-GSE are superior to the control method, demonstrating its feasibility in classification tasks.

Key Words: steady-state visual evoked potential; brain—computer interface; improved complete ensemble empirical mode decomposition

with adaptive noise; intrinsic modal functions; graph convolution; squeeze—excitation
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Fig. 2 The relationship between the spatial position between elec-
trodes and the adjacency matrix
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Fig. 5 Experimental results of various methods on public dataset B
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Fig. 7 Visualization of classification results
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