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Abstract: This paper investigates the impact of Riemannian Procrustes Analysis (RPA) on enhancing the classification
performance of SPD-Net when applied to EEG signals across different sessions and subjects. EEG signals, known for their
inherent individual variability, are initially transformed into Symmetric Positive Definite (SPD) matrices, which are natu-
rally represented on a Riemannian manifold. To mitigate the variability between sessions and subjects, we employ RPA, a
method that geometrically aligns the statistical distributions of these matrices on the manifold. This alignment is designed
to reduce individual differences and improve the accuracy of EEG signal classification. SPD-Net, a deep learning archi-
tecture that maintains the Riemannian structure of the data, is then used for classification. We compare its performance
with the Minimum Distance to Mean (MDM) classifier, a conventional method rooted in Riemannian geometry. The ex-
perimental results demonstrate that incorporating RPA as a preprocessing step enhances the classification accuracy of
SPD-Net, validating that the alignment of statistical distributions on the Riemannian manifold is an effective strategy for
improving EEG-based BCI systems. These findings suggest that RPA can play a role in addressing individual variability,
thereby increasing the robustness and generalization capability of EEG signal classification in practical BCI applications.
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Table 1. Accuracy result of DEAP on each method
Average accuracy MDM based SPD-Net based
ORG RCT RPA ORG RCT RPA
DEAP 20 Source(k=32) 0.529 0.617%* 0.586** 0.616 0.626 0.630
DEAP 20 Source(k=20) 0.528 0.623** 0.589* 0.646 0.658 0.658
DEAP 20 Source (k=10) 0.525 0.633** 0.617* 0.663 0.663 0.663
DEAP 20 Source (k=5) 0.537 0.642 0.628 0.760 0.760 0.760
DEAP 10 Source(k=32) 0.571 0.558 0.546 0.608 0.630 0.625
DEAP 10 Source (k=20) 0.528 0.623 0.589 0.626 0.664 0.650
DEAP 10 Source (k=10) 0.525 0.633 0.617 0.667 0.675 0.663
DEAP 10 Source (k=5) 0.537 0.642 0.628 0.760 0.760 0.760
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Cho2017 40 Source(k=52) 0.543 0.634** 0.589%* 0.598 0.643* 0.595
Cho2017 40 Source(k=20) 0.579 0.677%* 0.656* 0.619 0.674 0.638
Cho2017 40 Source (k=10) 0.586 0.712 0.726* 0.685 0.74 0.706
Cho2017 40 Source (k=5) 0.538 0.683 0.749* 0.757 0.769 0.818
Cho2017 20 Source(k=52) 0.536 0.620** 0.591** 0.579 0.630** 0.581
Cho2017 20 Source(k=20) 0.572 0.663** 0.66%* 0.612 0.655 0.638
Cho2017 20 Source(k=10) 0.569 0.687* 0.726** 0.676 0.726 0.729
Cho2017 20 Source (k=5) 0.526 0.649 0.749** 0.725 0.784 0.810
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Table 3. Accuracy result of SEED on each method
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SEED 10 Source(k=10) 0.450 0.533" 0.416 0.670 0.679 0.566

SEED 10 Source (k=5) 0.446 0.559 0.433 0.666 0.666 0.533

SEED 5 Source(k=15) 0.658 0.584 0.489 0.673 0.642 0.516

SEED 5 Source(k=10) 0.676 0.606 0.566 0.630 0.613 0.533

SEED 5 Source (k=5) 0.693 0.560 0.533 0.626 0.693 0.600
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