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Motor Imagery EEG Classification Based on Immune Multi-domain-feature
Fusion and Multiple Kernel Learning SVM
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Abstract For the classification problem of four kinds of multi-channel motor imagery (MI) EEG, a multi-class motor
imagery EEG classification algorithm based on immune multi-domain-feature fusion and multiple kernel learning SVM is
proposed. Firstly, discrete wavelet transform (DWT) is used to extract the time-frequency features of EEG signals. The
spatial features of EEG are extracted by using one versus the rest common spatial patterns (OVR-CSP). And then time-
frequency and spatial features are fused to form one-dimensional feature vector. Secondly, multiple kernel learning support
vector machine (MKL-SVM) is used as a classifier to classify the feature vectors. Finally, immune genetic algorithm (IGA)
is used to optimize the parameters of MKL-SVM. The experimental results on BCI2005desc-1II a dataset show that the
classification model proposed in this paper not only effectively overcomes the shortcomings that is the traditional single-
domain feature extraction algorithm is lack of information description, but also more accurately expresses the multi-domain
characteristics of different subjects. It achieves a recognition rate of 94.21 %, which is better than other methods of using
the same data set.
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Fig.5 Evolution graph with six algorithms
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Table 3  Recognition rate comparison of four algorithms
= PUIE (%)
Tk

K3b K6b Lib =%
AICTr ik 98.21 93.91 92.63 94.21
CSP-SVM 88.71 82.55 76.13 83.21
DWT-SVM 82.21 74.24 78.00 77.11
CSP+DWT-SVM 87.14 74.70 83.13 82.69
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Table 5 Comparison of the accuracy of the proposed

method with other methods

Table 4  Recognition rate comparison of four algorithms
for K3b
i P (%)
Ji ¥
1 2 3 P
KT 92.36 94.44 93.06 93.29
CSP-SVM 81.94 83.33 82.64 82.64
DWT-SVM 78.47 79.86 79.17 79.17
CSP+DWT-SVM 80.56 81.94 79.86 80.79
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Fig.7 Evolution graph of K3b subject with four

algorithms
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