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Realization of Artifact-free Systems Using Single-channel EEG in Real
Environment
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This study developed an automatic ocular artifact reduction technigue using
only single-channel EEG data. Usually, we need a reference channel to alleviate effects of ocular
artifacts; however, the proposed technique can remove the effects automatically without any
reference channel information. Although we can realize ocular artifact-free single-channel EEG-based
systems in real environment after integrating this technique into them, this artifact reduction
technique does not ensure the discriminability of artifact-reduced EEG data. Thus, the expansion of
proposed artifact reduction for remaining discriminability is my future work.
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https://github.com/Sugurub55/MSDL based artifact rejection

https:/github.com/Suguru55/Motor_imagery-based single-channel EEG classification
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https://github.com/Suguru55/MSDL_based_artifact_rejection
https://github.com/Suguru55/Motor_imagery-based_single-channel_EEG_classification
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