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Mean accuracy with standard deviation when classifying SSVEP for unseen

subject on offline dataset.
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Mean accuracy with standard deviation for cross-task when classifying SSVEP
on online subject dataset.
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Our Subject Invariant SSVEP Generative Adversarial Network. The Generator
(G) produces data with subject-specific information removed (Sub) that can
fool the Discriminator (D) and is classified as a certain frequency (Aux).
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The subject invariant loss component:
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Softmax probability values taken from the pre-trained subject-biometric classification
network for the generated data. A low consistent value distributed across all subjects
is best as it indicates the subject-biometric classification network is unable to find
discriminative features.
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The overall training objective:
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(a) SSVEP Signal at 10Hz. (b) SSVEP Signal at 12Hz. (c) SSVEP Signal at 15Hz.
Comparing Fast-Fourier Transforms (FFT) of real and synthetic data from all the generative models.
Conclusion: ° successfully generate new synthetic SSVEP-based dry-EEG signals via SIS-GAN

creation of subject-invariant data removing subject-specific features whilst preserving the
SSVEP frequencies

improvement of unseen subjects generalisation when performing zero-calibration
classification by training only on synthetic signals.
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