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Discriminative transfer feature for motor imagery
brain-computer interfaces

QI Lei, CHEN Minyou, ZHANG Li
(School of Electrical Engineering, Chongqing University, Chongqing 400030, P. R. China)

Abstract: To address the cross-sessions variability of motor imagery electroencephalogram (EEG) and eliminate
the need for lengthy recalibration step, this study proposes a motor imagery classification method based on
discriminative transfer feature learning (DTFL). DTFL aims to reduce domain differences by jointly matching the
marginal distribution and class conditional distribution of both domains. Simultaneously, DTFL maximizes inter-
class dispersion and minimizes intra-class scatter, preserving class discrimination information and improving
classification performance. This method does not require class information for EEG samples in the target domain,
effectively avoiding the need for long-term calibration. Experimental results on brain-computer interface
competition datasets demonstrate that, compared with some transfer learning methods, the proposed DTFL
mitigates cross-session variability and improves the classification accuracy of motor imagery EEG.
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Fig. 1 Flowchart of classification method of motor imagery
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Fig. 2 Schematic diagram of source domain sample pair discrimination constraint
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Table 2 Classification accuracy of the 4 algorithms %
=87
ZilE
CSP+SVM CSP+TCA+SVM CSP+JDA+SVM CSP+ DTFL +SVM

A01 84.0 83.3 86.8 91.0

A02 58.3 59.7 60.4 66.7

A03 92.4 94.4 93.8 97.2

A04 60.4 79.2 65.3 80.6

A05 56.3 65.3 65.3 66.7

A06 70.1 72.2 71.5 73.6

A07 78.5 78.5 81.3 82.0

A08 97.2 97.9 97.2 97.9

A09 80.6 95.8 86.8 95.8
TH1E 75.3 80.7( 1 5.4) 78.7( 1 3.4) 83.5(18.2)

P& 0.004 0.018 0.017
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Fig.3 Visualization of data distribution on subject 1
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Fig. 4 Visualization of data distribution on subject 4
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