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Pattern classification of motor imagery EEG signals based on ABC-SVM algorithm

MA Yuliang, LIU Weixing, ZHANG Songjie, WANG Zhenjie, ZHANG Qizhong

Institute of Intelligent Control and Robotics, Hangzhou Dianzi University, Hangzhou 310018, China

Abstract: Due to the problems of traditional support vector machine (SVM) classification method in electroencephalogram (EEG)
signal processing, such as high complexity of searching the optimal parameters, heavy workload and low classification accuracy,
anew SVM classification method based on artificial bee colony (ABC) algorithm is proposed in this study to improve the accuracy
of motor imagery EEG recognition. Firstly, the regularization common spatial pattern is used for EEG feature extraction. Then
penalty factor and kernel function of SVM are optimized by ABC algorithm. Finally, the optimized SVM classifiers is trained
and tested by two kinds of EEG data of right foot and right hand movements. The final results show that the accuracy of ABC-
SVM classifier for EEG classification is averagely 2.5% higher than that of non-parameter-optimized SVM classifier, which
proved that the proposed algorithm is feasibility and achieves a high accuracy in motor imagery EEG recognition.
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Fig.1 Three—dimensional waveform diagram of the test function
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Tab.2 Optimal results of optimization algorithm

150

Solution  ABC algorithm Genetic algorithm Particle swarm optimization

i) 00

o) 0+0

6.720 584E-4+0.000 00

2.794 138E-3£0.000 32 2.511 30E-8+0.000 000

1.549 00+0.066 95

ABC: Artificial bee colony
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Tab.3 Experimental data
Subject Training set Test set
aa 168 112
al 224 56
av 84 196
aw 56 224
ay 28 252
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Fig.2 Curve of ABC to search the optimal parameter
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The actual and predicted classification chart of the test set
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Fig.3 Diagram of support vector machine (SVM) classification

accuracy before optimization
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Fig.4 Diagram of ABC-SVM classification accuracy after optimization
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Tab.4 Classification of SVM before ABC optimization

Subject Training set Test set Accuracy rate/% Average accuracy/%

aa(100) 52 48 95.83 96.40
54 46 95.65
56 44 97.72

al(200) 101 99 92.55 89.46
108 92 88.04
110 90 87.78

av(80) 42 38 81.58 77.63
44 36 77.80
46 34 73.53

aw(56) 30 26 88.46 88.96
32 24 87.51
34 22 90.91
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Tab.5 Classification after SVM optimized by ABC

Subject Training set Test set Accuracy rate/% Average accuracy/%

aa(100) 52 48 97.94 97.76
54 46 97.83
56 44 97.52

al(200) 101 99 94.64 9237
108 92 90.32
110 90 92.15

av(80) 42 38 82.58 81.50
44 36 81.50
46 34 80.42

aw(56) 30 26 93.32 92.30
32 24 92.67
34 22 90.91
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Fig.5 Comparison of the accuracy of ABC-SVM and other

classification methods
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