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Abstract

This paper showed the possibilities of performance improvement of Brain-Computer Interface (BCI) decreasing
classification error rates of EEG signals by applying Variance-Considered Machine (VCM) which proposed in our
previous study. BCI means controlling system such as computer by brain signals. There are many factors which
affect performances of BCIL In this paper, we used suggested algorithm as a classification algorithm, the most
important factor of the system, and showed the increased correct rates. For the experiments, we used data which are
measured during imaginary movements of left hand and foot. The results indicated that superiority of VCM by
comparing error rates of the VCM and SVM. We had shown excellence of VCM with theoretical results and
simulation results. In this study, superiority of VCM is demonstrated by error rates of real data.

Key Words : Variance Considered Machines (VCM), Support Vector Machines (SVM), ##F ¢ i2]%, Brain-Computer
Interface (BCI)
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2. Variance—-Considered Machine
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