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Abstract: To address the challenge of cross-subject cognitive load detection, by combining the
advantages of Riemannian geometry methods in electroencephalography (EEG) signal analysis,
a method of cross-subject cognitive load detection based on minimum distance to mean (MDM )
and tangent space was proposed. Based on 60-channel EEG signals from the multi-source
interference task (MSIT) data, event-related data segments were extracted through data
preprocessing, and the xDAWN spatial filter was employed to optimize the representation of the
EEG covariance matrix features. Compared with traditional feature-based methods, the
effectiveness of the proposed method in cognitive load detection tasks was verified. The results
show that, for the data window with the length of 1. 2 s, the Riemannian geometry-based method
achieves an area under the receiver operating characteristic curve (ROC AUC) of 0. 790 1 for the
optimum classification performance in leave one subject out (LOSO) cross-subject classification
and reaches a maximum ROC AUC of 0. 806 2 within subject (Within) classification. Compared
to deep learning models, the proposed method maintains high classification performance while
significantly improving computational efficiency and providing a feasible solution for real-time
monitoring.

Key words: cognitive load detection; electroencephalography signal; Riemannian geometry;
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Fig.2 Flowchart of EEG data preprocessing
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Table 2 Average model execution time per sample ms
B MDM X MDM X8 MDM TS XT S X8T S Incept Netv4 SFBCSP
Within 2.888 1.315 2. 126 3.109 1.327 2.158 16. 769 12.773 6.361
LOSO 3.448 0. 663 1. 448 12. 746 0.917 2.78 38.616 13. 426 8.535
LPSO 3.415 0. 652 1.379 9.791 0. 867 2.449 38.435 12. 238 8.314

*3 SVMZEE HAELLE (ROC AUC)
Table 3 Performance comparison of SVM kernel functions (ROC AUC)
SVM # CSP CSP8 T XT X8T

2R 0.5102+0. 016 1
RBF 0.505 7+0. 018 5

0. 505 6+0. 009 7
0.511 2+0. 013 7

0. 565 8+0. 007 3
0.602 1£0. 012 0

0.768 8+£0. 015 8
0.766 1£0. 012 7

0.771 3+0. 013 8
0.770 0+0. 013 0
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Table 4 Performance comparison of the proposed method (1.2 s data) with other methods in EEG cognitive load

classification tasks

B Jrik B 1155 HEBH /% RABE % FE4E/%  ROC AUC
M_CV DWT SVM#" 26 N-back 87.89 — — —
MuLHiTAP* 20 MSIT 93.58 93. 63 — 0.9932
CNN_DG™ 15 MATB 11 60. 60 — — —
LOSO CDAM 13 TAEIEZ 98.18 — — —
X8T S 50 MSIT — — — 0.790 1
RBF SVMP 22 MSIT 88. 69 87. 60 89.70 0.9510
Within Ly RE N[ 250 10 MSIT 89.72 93. 66 90. 21 —
X8 MDM 50 MSIT — — — 0. 8062
electroencephalography to measure cognitive load [J].
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