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Abstract

In this study, we analyzed the driver’s EEG
data and adopted Artificial Neural Networks
(ANN), Support Vector Machine (SVM) and £
Nearest Neighbor (KNN) classification methods
to classify brain data into two categories with
drowsy and non-drowsy. Furthermore, to increase
the accuracy of prediction we integrated the
results of the above methods through a
Multi-modal method. The parameters in the
fusion function of multi-modal method were
estimated through a genetic algorithm. To sum up,
the classification of brain data was the primary
topic in this study. In the experiments of this
study, the brain data was collected through a
brainwave instrument. The prediction results of
the classification methods were compared to each
others. We also analyzed the rates of
true/negative and false/negative of these methods.
According to the experimental results, we found
that the classification accuracy rates of three
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multi-modal method we proposed can get the
highest accuracy rate of classification. Moreover,
the experimental results also show that the
methods using multiple subjects” dataset
outperform the ones using the personal dataset.

Keywords: Artificial Neural Networks, Support
Vector Machine, & Nearest Neighbor, Genetic
Algorithm, Eletroencephalogram
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PolyKernel( % 38 5%) :

K(x,x,)=(x/x; +1) (4-1)
NomolizePolyKernel(& i % 38 ;%) :
K(x,x;)= (x x,+1)7/ S(]I"Z(XT+1 T“) (4-2)
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10 80.1 78.6 81.9 77.8 79.4 78.1 77.3 78.3 78.9
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1 74.3 72.6 77.4 70.2 73.6 70.9 71.1 72.1 72.7
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100 75.1 73.1 78.5 72.8 74.4 72.9 73.3 73.0 74.1
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k eniB B
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# 4-8 ANN ¢ k-fold 4% %

k-fold( %) A BRI FE S (%)
1 74.3
2 75.2
3 75.6
4 76.8
5 74.9
6 76.4
7 74.8
8 78.1
9 74.2
10 76.1
AVG 75.6
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SVM R &4+ F& kernel function i& 7 4~ 4f
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# 4-9 NomolizePolyKernel 7 k-fold cross validation % %
NomolizePolyKernel
k-fold
) 1 2 3 4 5 6 7 8 9 10 AVG
5
1 742 | 73.4 | 747 | 723 | 75.1 | 72.1 | 747 | 724 | 72.7 | 74.9 73.6
10 753 1 747 | 75.8 | 73.6 | 76.7 | 73.4 | 75.7 | 73.5 | 73.9 | 76.1 74.8
100 76.6 | 752 | 763 | 743 | 77.2 | 742 | 76.1 | 74.7 | 74.6 | 76.8 75.6
% 4-10 PolyKernel £ k-fold cross validation % %
PolyKermnel
k-fold
e 1 2 3 4 5 6 7 8 9 10 AVG
1 71.6 | 73.8 | 70.1 | 71.2 | 70.8 | 70.7 | 70.8 | 70.2 | 72.3 | 72.9 71.4
10 7251742 | 71.8 | 724 | 71.6 | 71.8 | 719 | 71.7 | 73.6 | 73.9 72.5
100 737 | 75.6 | 723 | 73.2 | 72.5 | 72.6 | 72.4 | 72.2 | 7T4.8 | 74.7 73.4
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5 75.7 | 763 | 77.9 | 76.6 | 75.1
6 731 | 764 | 768 | 754 | 74.2
7 764 | 782 | 79.6 | 783 | 71.6
8 73.1 | 745 | 75.6 | 745 | 132
9 77.8 | 78.6 | 79.8 | 783 | 715
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AVG | 746 | 762 | 775 | 763 | 752
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