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Development of Simulation Software for EEG Signal Accuracy Improvement
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ABSTRACT

In this paper, we introduce our simulation software for EEG signal accuracy improvement. Users can check and
train own EEG signal accuracy using our simulation software. Subjects were shown emotional imagination
condition with landscape photography and logical imagination condition with a mathematical problem to subject.
We use that EEG signal data, and apply Independent Component Analysis algorithm for noise removal. So we
can have beta waves(3, 14-30Hz) data through Band Pass Filter. We extract feature using Root Mean Square
algorithm and That features are classified through Support Vector Machine. The classification result is 78.21%
before EEG signal accuracy improvement training. but after successive training, the result is 91.67%. So user can
improve own EEG signal accuracy using our simulation software. And we are expecting efficient use of BCI

system based EEG signal.
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Fig. 1. The training process for EEG signal accuracy
improvement using Simulation software.
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Fig. 2. The flow diagram for EEG signal accuracy

improvement using simulation software
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Fig. 3. The execution screen of simulation software
for EEG signal accuracy improvement.
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Fig. 5. The shown pictures for emotional imagination
and logical imagination inducement.
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Table 2. The table of classification accuracy.
T 13] 23] 33]
DAMV 80.65% 717.86% 70.89%
N1 MAV 79.13% 73.72% 69.14%
RMS 34.11% 81.82% 74.67%
DAMV 68.42% 70.53% 75.93%
N2 MAV 79.91% 65.26% 63.77%
RMS 75.56% 70.45% 79.28%
DAMV 62.26% 75.28% 78.05%
N3 MAV 76.19% 81.71% 73.17%
RMS 78.95% 87.01% 87.08%
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