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Research on motor imagery EEG classification based on RSCM
and Riemann space
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(1. School of Computer and Artificial Intelligence, Beijing Technology and Business University,Beijing 100048, China;
2. Key Laboratory of Industrial Internet and Big Data, China National Light Industry, Beijing Technology and
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Abstract: In recent years, motor imagery (MI) has attracted significant attention in the fields of assistive healthcare and
human-computer interaction. However, the classical common spatial pattern (CSP) feature extraction method is mainly based
on calculating covariance matrices (CM) from time-domain signals, making it susceptible to noise and artifacts while failing to
fully exploit the spectral information of electroencephalogram (EEG) signals. This limitation reduces classification accuracy and
stability. To address this problem, this study proposes a MI-EEG classification algorithm based on regularized spectral
covariance matrix (RSCM) and Riemannian space. Firstly, the preprocessed EEG signals undergo fast Fourier transform
(FFT) to compute spectral covariance matrices, followed by ridge regularization. Then, the regularized matrices are mapped
into the tangent space for geodesic filtering and projected back to the Riemannian space for CSP feature extraction. Finally,
classification is performed using SVM. Experimental results demonstrate that, on BCI Competition IV datasets 1 and 2a, the
proposed method achieves an average binary classification accuracy of 86.95% and 81.48% , respectively, outperforming
traditional CSP by 7.44% and 9.57%. In the four-class classification task on BCI Competition 1V dataset 2a, it reaches
74.23% , representing a 14. 10% improvement over traditional CSP. These findings indicate the effectiveness of the proposed
method in MI-EEG classification.
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Fig. 1 Preprocessing flow chart
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Table 1 Comparison of average accuracy, average standard deviation, average recall and average Kappa coefficient

of binary classification ablation experiments

L BCIIV 1 L BCIIV 2a
o RCM— RCM— RSCM—  RSCM— e RCM— RCM— RSCM—  RSCM-—
CSP RM-CSP  CSP RM-CSP CSP RM-CSP  CSP RM-CSP
a 76. 00 86. 00 82. 67 89.33 A01 75.93 81. 48 82. 41 86. 11
b 72.67 74. 00 74. 00 77.33 A02 55. 56 63. 89 68. 52 71.30
c 74. 67 75. 33 72. 67 76. 67 A03 87. 96 89. 81 93.52 93.52
d 82. 67 87.33 88. 00 90. 67 A04 62. 04 71. 30 74.07 75. 00
e 87.33 93.33 92. 67 95.33 A05 65. 74 68. 52 67.59 74.07
f 82.57 86. 00 85. 33 86. 67 A06 72.22 76. 85 79. 63 82. 41
g 80. 67 88. 00 90. 00 92. 67 A07 69. 44 75.93 73.15 75.93
— — — - - A0S 86. 11 91. 67 87. 96 93.52
- - - - - A09 72.22 79. 63 78.70 81.48
Mean+  79.51+  84.28+  83.62+  86.95+ Mean+  71.91+  77.68+  78.39+ 81.48+
Std 10. 63 9. 69 9.21 8. 86 Std 12. 68 11. 71 11. 01 10. 65
Recall 79.52 84. 29 83. 62 86. 95 Recall 71. 91 77. 67 78. 40 81.48
Kappa  0.5905  0.6857  0.6724  0.739 0 Kappa  0.4383  0.5535  0.567 9 0.629 6
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Table 2 Comparison of average accuracy, average standard deviation, average recall and average Kappa coefficient

of four-class classification ablation experiments

ZARHE G5 RCM-CSP RCM-RM-CSP RSCM-CSP RSCM-RM-CSP
A01 69. 44 76. 39 71. 30 80. 09
A02 51. 85 65.28 58. 33 70. 37
A03 68. 98 80. 09 73.15 82.87
A04 66.67 73.15 74.07 76. 85
A05 41. 20 52.78 43.98 62. 04
A06 45. 37 51. 85 49. 07 56. 94
A07 64. 81 71.76 69.91 84.72
A08 69. 44 77.31 74.54 83. 80
A09 63.43 66. 20 65. 28 73. 61
Average= Std 60. 13+ 14. 60 68.314+12.54 64.40+£12.99 74.23111. 86
Recall 60. 13 68. 31 64. 40 74.23
Kappa 0.443 8 0.557 6 0.506 2 0.639 2
R3 ZHEINIETHUHNFEHERE  FHREEITLL
Table 3 Comparison of average accuracy and average standard deviation of binary classification comparison experiments %}
Tk —~ BCIIV 1 — Tk BCIIV 2a —
5 Gao %M Habashi 2£™ Cherloo %™ RM-CSP i Fan %% Ha %™ Riyad %" RM-CSP
a 76.55 76. 00 87.50 89.33 A01 80. 49 83.68 83.68 86. 11
b 55. 88 73.00 74.50 77.33 A02 61.32 49. 31 49. 65 71. 30
c 64. 67 69. 50 75.50 76. 67 A03 86. 17 92. 36 89. 24 93.52
d 79.90 75.00 67.50 90. 67 A04 64.08 61.46 68. 06 75.00
e 87.95 89. 00 92.00 95.33 A05 54. 31 63.19 64.93 74.07
{ 56. 52 74.00 91. 00 86. 67 A06 58. 14 54. 86 56. 25 82.41
g 76.94 76. 00 90. 50 92.67 A07 63. 60 88. 54 94. 10 75.93
— — — A08 81. 74 80. 90 82.99 93.52
— — — A09 85. 40 84. 38 74.61 81. 48
75. 49+ 76. 07+ 82. 64+ 86. 95+ 70. 58+ 73.19+ 74.61+  81.48%
Mean == Std Mean =+ Std
11. 56 10. 03 9.91 8. 86 12. 66 15.98 14. 56 10. 65
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Table 4 Comparison of average accuracy and average standard deviation of four-class classification comparison experiments %{

ZAAH G Li &g Cecotti 212" 4 o e RSCM-RM-CSP
A01 76. 74 75.09 78. 85 80. 09
A02 58. 68 60. 42 66. 73 70. 37
A03 81. 25 89. 01 82.14 82. 87
A04 57. 64 66. 23 64.91 76. 85
A05 38.54 44. 20 60. 88 62. 04
A06 48. 26 55. 81 43.24 56. 94
A07 76. 39 79.06 87.25 84. 72
A08 79.17 81.92 83. 64 83. 80
A09 78. 82 76. 14 83.93 73.61

Mean= Std 66.174+15.75 69. 76+14. 24 72.39414.52 74.23+11. 86
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Fig.5 In the binary classification task, t-SNE 2D dimensionality reduction visualization of features of subject g in the BCIIV 1 and
subject A08 in the BCIIV 2a
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Fig. 6 1In the four-class classification task, t-SNE 2D dimensionality reduction visualization of features of subject A07 in the BCIIV 2a
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