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Fig.1 Framework of neurofeedback system
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Fig.2 One example of 3D visual game
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Table 1 Subjects' information
Subject Sex Age
1 M 26
2 M 25
3 F 24
4 F 22
5 M 23
6 M 23
7 M 27
8 M 22
9 F 22
10 F 27
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Table 2 Classification accuracy rates based on different

feature extraction methods (taskl)

The number of Hit/Miss

SMR PCA NMF
Subjectl 31/9 30/10 33/7
Subject2 29/11 29/11 32/8
Subject3 29/11 30/10 35/5
Subject4 28/12 32/8 32/8
Subject5 30/10 33/7 37/3
Subject6 29/11 33/7 36/4
Subject? 26/12 32/8 31/9
Subject8 27/13 30/10 32/8
Subject9 28/12 35/5 34/6
Subject10 29/11 34/6 35/5
Accuracy 71.5% 79.5% 84.5%

Table 3 Classfication accuracy rates based on different

feature extraction methods (task2)

The number of Hit/Miss

SMR PCA NMF
Subjectl 30/10 31/9 33/7
Subject2 28/12 29/11 32/8
Subject3 31/9 34/6 35/5
Subject4 29/11 33/7 34/6
Subject5 30/10 35/5 38/2
Subject6 31/9 34/6 35/5
Subject? 29/11 32/8 36/4
Subject8 32/8 34/6 35/5
Subject9 30/10 34/6 37/3
Subject10 33/7 37/3 37/3
Accuracy 78% 83.25% 88%
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Fig.3 (A) EEG spectrum vectors; (B) NMF basis images; (C) PCA basis images
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Table 4 Classfication accuracy rates based on different

feature extraction methods (task3)

The number of Hit/Miss

SMR PCA NMF
Subjectl 29/11 31/9 34/6
Subject2 30/10 30/10 32/8
Subject3 30/10 32/8 34/6
Subject4 29/11 32/8 33/7
Subject5 31/11 36/4 37/3
Subject6 28/12 31/9 34/6
Subject? 28/12 32/8 37/3
Subject8 32/8 35/5 34/6
Subject9 29/11 34/6 34/6
Subject10 32/8 36/4 37/3
Accuracy 74.5% 82.25% 86.5%
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USING NON-NEGTIVE MATRIX FACTORAZATION TO
EXTRACT ATTENTION-RELATED EEG FEATURES

LIU Ming-yu, WANG Jue, ZHENG Chong-xun, YAN Nan
(The Key Laboratory of Biomedical Information Engineering of Ministry of Education, Xi'an Jiaotong University,
Xi'an 710049, China)

Abstract: The fundamental of non-negative matrix factorization algorithm was introduced. It is used
to extract EEG power spectrum feature. Artificial neural network is employed as classifier. Three level
attention mental tasks are designed to test the method. Ten subjects attended the experiment. The
classification accuracies indicate that the NMF technique is a powerful feature extractor in
high-dimensional feature space. The average classification accuracy of ten subjects achieves 88%, it is
higher obviously than that of principal component analysis and direct method.
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