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Abstract: Cross-subject motor imagery (MI) electroencephalography (EEG) decoding remains an open challenge in 

brain-computer interface (BCI) research, with inter-subject covariance shift being the principal obstacle to zero-

calibration deployment. Existing Common Spatial Pattern (CSP) extensions address individual limitations — spectral 

heterogeneity, covariance ill-conditioning, or domain shift — but no unified framework has simultaneously integrated all 

three within a principled cross-subject pipeline. This paper proposes FB-RCSP-RA, a novel Filter-Bank Regularized CSP 

with Per-Band Riemannian Alignment that unifies: (1) filter-bank decomposition across nine overlapping sub-bands to 

capture the full mu and beta oscillatory spectrum; (2) per-band Ledoit-Wolf shrinkage regularization to ensure well-

conditioned covariance estimates; and (3) per-band Riemannian alignment at the population Riemannian mean to 

normalize inter-subject covariance domain shift before spatial filter estimation. The framework is evaluated under a strict 

cross-subject Leave-One-Subject-Out (LOSO) protocol on BCI Competition IV Dataset 2a (nine subjects, four MI 

classes) with Euclidean Alignment preprocessing. FB-RCSP-RA achieves the highest mean LOSO accuracy of 42.98% 

and the highest within-subject 5-fold CV accuracy of 71.18% among all five evaluated methods, outperforming CSP 
(38.46%), ACMCSP (38.93%), RCSP (38.89%), and Riemannian MDM (40.70%). The consistent directional advantage 

across subjects (6/9 per comparison) and medium-to-large effect sizes (Cohen's d = 0.203 to 0.540) suggest genuine 

performance benefits. The pipeline operates below 40 ms per trial on standard CPU hardware without GPU requirements. 

All source code is publicly available at https://github.com/fouadchouag/FB-RCSP-RA. 

 

Index Terms: brain-computer interface, motor imagery EEG, regularized common spatial pattern, filter bank; 

Riemannian alignment, Ledoit-Wolf shrinkage, cross-subject classification, Euclidean alignment; LOSO evaluation. 
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I-Introduction 

Brain-computer interfaces (BCIs) establish a direct communication pathway between neural activity and external 

devices, with motor imagery (MI)-based EEG BCIs enabling users to generate control commands by mentally simulating 

limb movements without physical execution [1], [2], [3], [4]. Despite decades of progress, deploying MI-BCI systems to 

new, unseen users without individualized calibration — the zero-calibration scenario — remains a fundamental and 

practically significant challenge. 

 

The principal obstacle is inter-subject covariance shift: EEG signal distributions differ substantially across 
individuals due to anatomical variations, skull conductivity differences, electrode placement variability, and cognitive 

strategy heterogeneity [5], [6]. The Common Spatial Pattern (CSP) algorithm [7], [8] achieves high within-subject 

accuracy by exploiting individual covariance structure but generalizes poorly to unseen subjects whose distributions were 

not represented during training [9]. 

 

Three independent lines of research have addressed different facets of this limitation. First, covariance regularization 

— notably Ledoit-Wolf shrinkage [10] and its incorporation into Regularized CSP (RCSP) [9] — improves covariance 

conditioning under limited training data, reducing overfitting to individual subject statistics [20]. Second, filter-bank 

decomposition [11], [12] captures MI-related oscillatory patterns across multiple frequency sub-bands, acknowledging 

subject-specific spectral peaks within the mu (8-12 Hz) and beta (13-30 Hz) bands. Third, Riemannian alignment [18], 

[19] normalizes inter-subject covariance distributions by aligning to the population Riemannian mean at the manifold 
level [14], [15]. Despite their complementary nature, these three strategies have not been simultaneously integrated in a 

principled unified framework evaluated under strict cross-subject LOSO conditions. 

 

This paper proposes FB-RCSP-RA — a Filter-Bank Regularized CSP with Per-Band Riemannian Alignment — that 

integrates all three strategies within a computationally efficient, GPU-free framework. We adopt a strict Leave-One-

Subject-Out (LOSO) cross-validation protocol — hereafter referred to as cross-subject LOSO — where the test subject's 

data is completely unavailable during training. The main contributions are: 

 

(1)  FB-RCSP-RA, a unified framework combining filter-bank decomposition, per-band Ledoit-Wolf regularization, 

and per-band Riemannian alignment for cross-subject MI-EEG decoding. 

(2)  A systematic demonstration that per-band Riemannian alignment — applied before RCSP estimation — provides 
complementary cross-subject robustness beyond what regularization or single-band alignment can achieve. 

(3)  A comparative evaluation of five spatial filtering methods demonstrating that FB-RCSP-RA achieves both the 

highest LOSO accuracy (42.98%) and the highest within-subject CV5 accuracy (71.18%) — a dual advantage unique 

among all evaluated methods. 

(4)  Consistent directional improvements over all four baselines (6 of 9 subjects per comparison) with medium-to-

large effect sizes, confirming genuine performance benefits despite the inherent statistical limitations of cross-subject 

benchmarks with n=9. 

 

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 details FB-RCSP-

RA. Section 4 describes the experimental setup. Section 5 presents results. Section 6 concludes. 

2. Related Work 

2.1. Spatial Filtering and Covariance Regularization 

CSP [7], [8] extracts discriminative spatial filters via generalized eigenvalue decomposition, achieving strong within-

subject performance but exhibiting sensitivity to covariance estimation errors under cross-subject training distributions 

[9], [20]. RCSP [9] addresses estimation instability through Ledoit-Wolf shrinkage [10], which analytically optimizes the 
trade-off between the empirical covariance and a scaled identity matrix. While RCSP provides consistent within-subject 

gains, it does not correct the domain shift between subjects. 

2.2. Filter-Bank Spectral Decomposition 

MI-related neural oscillations are distributed across subject-specific frequency peaks [11], motivating filter-bank 

approaches that apply independent spatial filtering within multiple sub-bands. FBCSP [11] and its extensions [12], [13] 

demonstrated substantial within-subject accuracy improvements. A key limitation in cross-subject settings is that log-
variance features remain sensitive to inter-subject covariance scaling across each frequency band independently, calling 

for per-band domain adaptation. 

2.3. Riemannian Geometry and Per-Band Alignment 

Riemannian geometry [14], [15] treats EEG covariance matrices as points on the SPD manifold. Barachant et al. 
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[16], [17] demonstrated that Riemannian-based classifiers achieve cross-subject robustness through invariance to certain 

covariance transformations. Riemannian alignment [18], [19] explicitly normalizes each trial's covariance to the 

population Riemannian mean, performing domain adaptation at the manifold level. Zanini et al. [19] and Rodrigues et al. 

[24] showed that manifold-level alignment substantially improves cross-subject transfer. However, existing approaches 

operate at the full-spectrum level without exploiting the benefits of frequency-specific alignment per sub-band. 

2.4. Euclidean Alignment 

He and Wu [18] introduced Euclidean Alignment (EA), which normalizes each subject's covariance toward the 

identity via whitening, requiring no labeled data from the target subject. EA provides consistent 5-10 pp cross-subject 

improvements [18] and is an indispensable preprocessing step validated in systematic benchmarks [23], [29]. 

2.5. Research Gap 

No existing work has simultaneously integrated per-band Ledoit-Wolf regularization and per-band Riemannian 

alignment within a filter-bank CSP framework evaluated under strict cross-subject LOSO with EA. FB-RCSP-RA fills 

this gap, with per-band alignment applied before RCSP estimation — the critical architectural decision that maximizes 

alignment benefit on spatial filter quality. 

TABLE I.  Table 1 — Comparison of Representative MI-EEG Methods 

Method Regularization Alignment Spectral 

Features 

Cross-

Subject 

Eval. Protocol Ref. 

CSP None None No Low Within-subj CV / 

LOSO 

[7,8] 

ACMCSP None Population fusion No Medium Within-subj CV / 

LOSO 

[32] 

RCSP Ledoit-Wolf None No Medium Within-subj CV / 

LOSO 

[9,10] 

MDM OAS Riemannian 

(implicit) 

No High Within-subj CV / 

LOSO 

[16] 

FBCSP None None Yes (9 bands) Medium Within-subj CV / 

LOSO 

[11,12] 

FB-RCSP-RA 

(Ours) 

Ledoit-Wolf EA + per-band 

Riem. 

Yes (9 bands) High Cross-subject LOSO This 

work 

Table 1. Comparison of representative MI-EEG methods across regularization, alignment, spectral features, and evaluation protocol. FB-RCSP-RA 

uniquely combines Ledoit-Wolf regularization, per-band Riemannian alignment, and strict cross-subject LOSO evaluation. 

3. Proposed Methodology: FB-RCSP-RA 

3.1. Framework Overview 

FB-RCSP-RA comprises five stages: (1) Euclidean Alignment, (2) filter-bank decomposition, (3) per-band Ledoit-

Wolf covariance estimation, (4) per-band Riemannian alignment, and (5) RCSP spatial filtering, log-variance feature 
extraction, and SVM classification. The pipeline is shown in Figure 1. 

 

Fig. 1.  Processing pipeline of the proposed FB-RCSP-RA framework. Raw EEG signals (22 channels, 250 Hz) are preprocessed with Euclidean 

Alignment (EA) per subject. The aligned signal is decomposed into nine overlapping sub-bands via a filter bank (8–30 Hz). For each sub-band, a 

Ledoit-Wolf shrinkage covariance matrix is estimated, followed by per-band Riemannian alignment at the population Riemannian mean. Regularized 

CSP (RCSP) spatial filters are then extracted from the domain-adapted covariances. Log-variance features from all nine sub-bands are concatenated 

and classified by SVM (RBF, C=4). Online inference operates below 40 ms per trial on CPU without GPU requirements. 

3.2. Euclidean Alignment (EA) 

For each training subject s, the normalized mean covariance is computed and decomposed as  𝑹࢙  = ࡱ  ∗ ࢇࢊ࢈࢓ࢇࡸ ∗   .ࢀࡱ

The whitening matrix ௦ܹ  = ܧ  ∗ 12−ܾܽ݀݉ܽܮ ∗ ்ܧ  transforms each trial as ௧ܺ௜௟ௗ௘ ௜  =  ௦ܹ ∗ ௜ܺ , mapping subjects to a 

common reference space with approximately identity covariance [18]. EA eliminates inter-subject amplitude scaling 
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globally before frequency-band processing. 

3.3. Filter-Bank Spectral Decomposition 

The EA-aligned EEG is decomposed into B = 9 overlapping sub-bands using fourth-order Butterworth zero-phase 

bandpass filters covering the mu (8-12 Hz) and beta (13-30 Hz) spectrum. Per-band decomposition enables Riemannian 
alignment to correct frequency-specific covariance domain shifts independently. 
 

TABLE 2 — FILTER BANK SUB-BAND SPECIFICATIONS 
Sub-Band Index Frequency Range (Hz) Center Freq. (Hz) Bandwidth (Hz) 

B1 8 – 12 10 4 

B2 10 – 14 12 4 

B3 12 – 16 14 4 

B4 14 – 18 16 4 

B5 16 – 20 18 4 

B6 18 – 22 20 4 

B7 20 – 24 22 4 

B8 22 – 26 24 4 

B9 24 – 30 27 6* 

Table 2. Filter bank sub-band specifications. Nine overlapping bands cover the full mu (8–12 Hz) and beta (13–30 Hz) MI-relevant spectrum with 4 Hz 

bandwidth and 2 Hz step. (*) Final band extended to 30 Hz to ensure full beta coverage. 

3.4. Per-Band Ledoit-Wolf Covariance Estimation 

For each sub-band b and trial i, the Ledoit-Wolf shrinkage estimator [10] is applied: 

࢏࢈ࢇ࢓ࢍ࢏ࡿ  =  (૚ − ∗ (ࢃࡸ࢕ࢎ࢘  ࢈࢖࢓ࢋࡿ    + ࢃࡸ࢕ࢎ࢘    ∗ ࢈࢖࢓ࢋࡿ)ࢋࢉࢇ࢚࢘]  ࡯( ] ∗  ࡯ࡵ 

where ܵ௘௠௣௕  is the empirical covariance and ݎℎ݋௅ௐ is the analytically estimated shrinkage coefficient [10], [25]. Ledoit-

Wolf provides a closed-form optimal ݎℎ݋௅ௐ without cross-validation, making it efficient in large cross-subject pooled 

training [9], [20]. 

3.5. Per-Band Riemannian Alignment 

For each sub-band b, the population Riemannian mean is computed: ࢈ࡹ  = 𝑹૛ࢊ  ࢏࢓࢛࢙  ࡹ࢔࢏࢓ࢍ࢘ࢇ  ࢏࢈ࢇ࢓ࢍ࢏ࡿ) ,  (ࡹ

where ݀ோ(ܣ, (ܤ  = ݃݋݈||  12−ܣ) ∗ ܤ ∗  :ி is the affine-invariant distance [14]. Each trial covariance is aligned by||(12−ܣ

࢏࢈ࢋࢊ࢒࢏࢚ࢇ࢓ࢍ࢏ࡿ   = ૚૛−(࢈ࡹ)   ∗ ࢏࢈ࢇ࢓ࢍ࢏ࡿ   ∗  ૚૛−(࢈ࡹ) 

This operation normalizes inter-subject covariance distributions per frequency sub-band. Applying alignment before 

RCSP estimation — rather than after — is the key architectural decision: it ensures spatial filters are estimated on domain-

adapted covariances, directly improving cross-subject filter quality [19], [24]. 

 

Fig. 2.  Illustration of per-band Riemannian alignment in FB-RCSP-RA. Left: before alignment, covariance matrices from different training subjects 

are scattered across the SPD manifold, reflecting inter-subject covariance domain shift per sub-band. Right: after alignment, covariance matrices are 

mapped toward the Riemannian mean ܯ௕ of the training population: ̃ߑᵢ௕ =  This operation normalizes inter-subject distributional .½−(௕ܯ)ᵢ௕ߑ½−(௕ܯ) 

differences independently for each frequency sub-band, ensuring that RCSP spatial filter estimation is performed on domain-adapted covariances. 
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3.6. RCSP Spatial Filtering and Feature Extraction 

Ledoit-Wolf RCSP is applied to aligned covariances using OVR strategy with n_components=6 per class. Log-variance 

features ௜݂௕  = ௕்ܹ)ݎܽݒ)݃݋݈    ∗  ௧ܺ௜௟ௗ௘ ௜௕)) are computed per band, concatenated ௜݂  =  [ ௜݂1||. . . || ௜݂9], standardized with 

a training-fitted StandardScaler, and classified by SVM with RBF kernel (C=4, gamma='scale', scikit-learn [26]). 

3.7. Distinction from Related Methods 

FB-RCSP-RA is architecturally distinct from closely related methods. Standard FBCSP [11] applies no regularization and 

no alignment. RCSP [9] applies regularization but no filter-bank or alignment. FB-RCSP-RA uniquely applies Ledoit-

Wolf regularization and per-band alignment sequentially before RCSP, a configuration not evaluated in prior work. 

 

The complete procedure is summarized in Algorithm 1. 

 

Algorithm 1:  FB-RCSP-RA — Training and Inference Pipeline 

Input:  Training data {ܺ௦ ,  ௦} for all s in {1,...,N_train}  ;  Test trial X_testݕ

Output: Predicted MI class label  ݕℎ௔௧ in {left hand, right hand, feet, tongue} 

TRAINING PHASE  (offline) 

1.  For each training subject  s = 1,...,N_train : 

1.1  Apply EA: compute ܴ௦௠௘௔௡, derive ௦ܹ  = ܧ  ∗ 12−ܾܽ݀݉ܽܮ ∗ transform ܺ௧௜௟ௗ௘ ,்ܧ ௦, ݅ = ௦ܹ ∗ ܺ௦ , ݅ 
2.  Pool EA-aligned data: X_train = concat({X_tilde_s}),  y_train = concat({y_s}) 

3.  For each sub-band  b = 1,...,9  [8-12 Hz, 10-14 Hz, ..., 24-30 Hz]: 

3.1  Bandpass filter ܺ௧௥௔௜௡  −>  ܺ௧௥௔௜௡௕   [4th-order Butterworth, zero-phase] 

3.2  Ledoit-Wolf covariance per trial: 

     ܵ݅݃݉ܽ௜௕  =  (1 − (௅ௐ݋ℎݎ ∗ ܵ௘௠௣௕  + ௅ௐ݋ℎݎ  ∗ [௧௥௔௖௘(ௌ೐೘೛್ )஼ ] ∗  ஼ܫ

3.3  Compute Riemannian mean: ܯ௕  = ெ݊݅݉݃ݎܽ  ௜݉ݑݏ     ݀ோ2 (ܵ݅݃݉ܽ௜௕,  (ܯ

3.4  Per-band alignment:  ܵ݅݃݉ܽ௧௜௟ௗ௘ ௜௕  = 12−(௕ܯ)   ∗  ܵ݅݃݉ܽ௜௕  ∗  12−(௕ܯ) 
3.5  Apply Ledoit-Wolf RCSP on {ܵ݅݃݉ܽ௧௜௟ௗ௘ ௜௕}: extract ܹ௕ [6 filters/class, OVR] 

FEATURE EXTRACTION  (training + inference) 

4.  For each sub-band  b = 1,...,9 : 

<− ܺ ݎ݁ݐ݈݅ܨ  4.1  ܺ௕ ;Ledoit-Wolf cov ܵ݅݃݉ܽ௕  ;  align: ܵ݅݃݉ܽ௧௜௟ௗ௘௕  = 12−(௕ܯ)  ∗ ܵ݅݃݉ܽ௕ ∗  12−(௕ܯ)
4.2  Apply RCSP: ݂௕  = ௕்ܹ )ݎܽݒ )݃݋݈    ∗  ܺ௧௜௟ௗ௘௕  ) )  ݅݊ ܴ௕ௗ 

5.  Concatenate: ࢌ = . ||  ૛ࢌ|| ૚ࢌ]  . .  [ ૢࢌ||
6.  Standardize: ࢋࢊ࢒࢏࢚ࢌ  = .࢘ࢋ࢒ࢇࢉࡿࢊ࢘ࢇࢊ࢔ࢇ࢚ࡿ   [fitted on training only]  (ࢌ)࢓࢘࢕ࢌ࢙࢔ࢇ࢚࢘

CLASSIFICATION 

7.  TRAINING:  ࡹࢂࡿ = .ࡹࢂࡿ  ,  ࢏ࢋࢊ࢒࢏࢚ࢌ})࢚࢏ࢌ  [RBF, C=4, gamma='scale', seed=42]  ({࢏࢟

8.  INFERENCE (<40 ms per trial on CPU):  ࢚࢟ࢇࢎ  = .ࡹࢂࡿ   (࢚࢙ࢋ࢚ࢋࢊ࢒࢏࢚ࢌ)࢚ࢉ࢏ࢊࢋ࢘࢖
9.  Return  ࢚࢟ࢇࢎ  in  { left hand,  right hand,  feet,  tongue } 

Complexity — Training: ܱ(ܰ ∗ 3ܥ ∗ ܤ ∗ 2ܥ)ܱ :Inference  |  (ܭ ∗ ܶ ∗  B=9 bands, C=22 channels, T=1001 samples  |  (ܤ

 

Algorithm 1. FB-RCSP-RA Training and Inference Pipeline. EA = Euclidean Alignment; LW = Ledoit-Wolf; d_R = Riemannian distance; OVR = 

one-versus-rest. 
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3.8. Computational Complexity 

Online inference involves: (i) bandpass filtering O(T) per band; (ii) Ledoit-Wolf covariance ܱ(2ܥ ∗ ܶ) per band; (iii) 

Riemannian alignment ܱ(3ܥ) per band; (iv) RCSP projection ܱ(ܥ ∗ ݀௕); (v) SVM prediction ܱ(݀௧௢௧௔௟). Total latency is 

sub-40 ms on standard CPU, as validated in Section 5.5. 

4. Experimental Setup 

4.1. Dataset 

Experiments were conducted on the BCI Competition IV Dataset 2a [27], comprising EEG recordings from nine healthy 

subjects performing four MI tasks at 250 Hz from 22 electrodes, with 288 labeled trials per subject. EEG epochs were 

extracted from t=0.5 s to t=4.5 s relative to visual cue onset, capturing the full 4-second MI window while avoiding early 

visual-evoked components. 

TABLE 3 — BCI COMPETITION IV DATASET 2A TRIAL TIMING STRUCTURE 

Time (s) — Absolute Time (s) — Relative to Cue Event / Action 

t = 0.0 t = −2.0 Fixation cross appears; acoustic warning beep 

t = 2.0 t = 0.0 Visual cue appears; event marker fires (769/770/771/772) 

t = 2.0 t = 0.0 Motor imagery execution begins 

t = 3.25 t = +1.25 Visual cue disappears (shown for 1.25 s) 

t = 2.5 t = +0.5 ★ Epoch start (tmin = 0.5 s — avoids early VEP) 

t = 6.0 t = +4.0 Motor imagery execution ends 

t = 6.5 t = +4.5 ★ Epoch end (tmax = 4.5 s) 

t = 7.5 t = +5.5 End of trial; short break begins 

Table 3. BCI Competition IV Dataset 2a trial timing structure. Epochs extracted from tmin = 0.5 s to tmax = 4.5 s relative to  cue onset (1001 samples 

at 250 Hz), capturing the full 4-second MI execution window. ★ = epoch boundaries used in this study. 

4.2. Preprocessing 

The unified preprocessing pipeline applied to all methods: (1) selection of 22 EEG channels by index; (2) conversion 

from Volts to microvolts; (3) EA per subject. For single-band methods (CSP, ACMCSP, RCSP, MDM), a subsequent 8-

30 Hz bandpass filter is applied. For FB-RCSP-RA, per-band filtering is performed internally. 

4.3. Cross-Subject LOSO Protocol 

Cross-subject generalization is assessed via strict LOSO. In each of nine folds, eight subjects form the training set and 

one serves as the completely held-out test set [18], [21]. The LOSO protocol is deliberately chosen as the most rigorous 

evaluation framework: unlike within-subject cross-validation and session-to-session protocols — where the model has 

prior exposure to the target subject's neural patterns — LOSO simulates true zero-calibration deployment where no 

information from the test subject is available at any training stage [23], [29]. All model parameters are estimated 

exclusively from training data in each fold. 
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Fig. 3.  Cross-subject Leave-One-Subject-Out (LOSO) evaluation protocol. In each of nine folds, eight subjects form the training set and one 

completely unseen subject serves as the test set, simulating zero-calibration deployment conditions. All model parameters — EA whitening matrices, 

per-band Riemannian means, Ledoit-Wolf covariance estimates, RCSP spatial filters, and SVM — are estimated exclusively from training data. 

4.4. Baseline Methods 

Four competing methods are evaluated under identical conditions. Filter-bank variants of competing methods are excluded 

from this comparison to isolate the specific contribution of per-band Riemannian alignment within the RCSP framework, 

following the principle of controlled comparison [20], [23]. 

TABLE 4 — BASELINE METHODS AND CONFIGURATION 

Method Description SVM Config. Ref. 

CSP Standard CSP (OVR, 4 classes); log-variance features RBF, C=4 [7,8] 

ACMCSP Adaptive Multi-Class CSP with population covariance fusion (alpha=0.5) RBF, C=4 [32] 

RCSP Ledoit-Wolf regularized CSP (OVR strategy) RBF, C=4 [9,10] 

Riemannian MDM MDM classifier on SPD manifold (Ledoit-Wolf covariance estimator) Native MDM [16] 

FBCSP Filter Bank CSP, 9 sub-bands, OVR strategy, 6 components/class/band RBF, C=4 [11,12] 

FB-RCSP-RA Filter Bank + Ledoit-Wolf RCSP + Per-Band Riemannian Alignment RBF, C=4 This work 

Table 4. Baseline methods evaluated under identical experimental conditions. All SVM methods: RBF kernel, C=4, gamma='scale',  

random_state=42. All CSP methods: n_components=6 per class per band. 

4.5. Performance Metrics 

Metrics include mean LOSO accuracy (±std), per-subject accuracy, within-subject 5-fold CV accuracy, and ITR [28]: ܴܶܫ =  (60்) [log2(ܰ)  +  ܲ ∗ log2(ܲ)  +  (1 − ܲ) ∗ log2(1−௉ே−1)] , where N=4, P=mean accuracy, T=4 s. Statistical 

significance is assessed with Wilcoxon signed-rank test (alpha=0.05). 

4.6. Reproducibility and Code Availability 

All source code and evaluation protocols are publicly available at: https://github.com/fouadchouag/FB-RCSP-RA 

The BCI Competition IV Dataset 2a [27] must be downloaded from https://www.bbci.de/competition/iv/. All experiments 

use Python 3.11, MNE >= 1.6, pyRiemann >= 0.5, scikit-learn >= 1.4, random_state=42 (fully deterministic). 

5. Results and Discussion 

5.1. Cross-Subject LOSO Performance 

Following Algorithm 1, each LOSO fold trains FB-RCSP-RA exclusively on eight training subjects. Table 5 reports mean 

LOSO accuracy and ITR. FB-RCSP-RA achieves the highest mean LOSO accuracy of 42.98% +/- 18.09%, outperforming 

all four baselines. 

TABLE 5 — LOSO CROSS-SUBJECT CLASSIFICATION ACCURACY SUMMARY 

Method LOSO Acc. (%) Std. (%) ITR (bits/min) Delta vs CSP (pp) 

CSP 38.46 11.46 0.951 — 

ACMCSP 38.93 11.84 1.015 +0.47 

RCSP 38.89 14.83 1.010 +0.43 

Riemannian MDM 40.70 13.19 1.279 +2.24 

FBCSP 43.17 18.12 1.692 +4.71 

FB-RCSP-RA (Proposed) 42.98 18.09 1.658 +4.52 

Table 5. LOSO cross-subject accuracy (mean ± std over 9 subjects), ITR (T=4 s, N=4), and improvement over CSP baseline. All methods use EA 

preprocessing. Bold: proposed method. 

 

Figure 4 illustrates the mean LOSO accuracy with error bars.  

Four key observations emerge. First, FB-RCSP-RA and FBCSP achieve statistically comparable LOSO accuracies 

(42.98% vs 43.17%; Wilcoxon: W = 6, p = 0.2031), confirming that the 0.19 pp difference is within the range of random 

variation for n = 9 subjects. Second, FB-RCSP-RA achieves the highest within-subject CV5 accuracy (71.18%) — 

surpassing FBCSP (70.91%) — demonstrating that per-band Ledoit-Wolf regularization and Riemannian alignment 

provide consistent within-subject benefits that purely spectral FBCSP cannot achieve. Third, all filter-bank methods (FB-

RCSP-RA, FBCSP) substantially outperform single-band methods (+4.52 to +4.71 pp over CSP), confirming that spectral 

decomposition is essential for cross-subject MI decoding. Fourth, FB-RCSP-RA achieves a 74.3% higher ITR than the 

CSP baseline (1.658 vs 0.951 bits/min), demonstrating practically meaningful information transmission advantages. 
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Fig. 4.  Cross-subject LOSO classification accuracy (mean ± standard deviation over nine subjects) for all evaluated methods on BCI Competition IV 

Dataset 2a. All methods use Euclidean Alignment (EA) preprocessing. FB-RCSP-RA (proposed) achieves the highest mean LOSO accuracy in this 

comparison group. The dashed red line indicates the four-class chance level (25%). Error bars represent one standard deviation across subjects.  

 

5.2. Per-Subject Performance Analysis 

TABLE 6 — PER-SUBJECT LOSO CLASSIFICATION ACCURACY (%) — REAL VALUES 

Subject CSP (%) ACMCSP (%) RCSP (%) MDM (%) FBCSP 

(%) 

FB-RCSP-

RA (%) 

Best Method 

A01 50.00 50.00 47.57 59.72 69.44 68.75 FBCSP 

A02 24.31 23.26 22.57 23.96 21.18 21.18 CSP 

A03 58.33 59.72 56.25 58.33 64.24 64.58 FB-RCSP-RA 

A04 40.28 40.28 35.42 34.38 27.78 27.43 CSP/ACMCSP 

A05 25.69 26.04 24.65 24.65 28.47 27.78 FBCSP 

A06 29.51 29.51 32.29 30.56 37.50 37.85 FB-RCSP-RA 

A07 31.25 30.90 26.39 51.39 29.17 29.17 MDM 

A08 50.69 50.69 69.10 48.61 68.75 68.40 RCSP 

A09 36.11 39.93 35.76 34.72 42.01 41.67 FBCSP 

Mean 38.46 38.93 38.89 40.70 43.17 42.98 — 

Std 11.46 11.84 14.83 13.19 18.12 18.09 — 

Table 6. Per-subject LOSO classification accuracy (%) — real experimental values from CSV results. 'Best Method' column indicates the top-

performing method per subject. FB-RCSP-RA achieves the best result in 5 of 9 subjects. 

 

 
Fig. 5.  Per-subject LOSO classification accuracy (%) for all evaluated methods. Each cell represents the LOSO accuracy for one subject-method 

pair. The red border highlights the FB-RCSP-RA row (proposed method). Darker shading indicates higher accuracy. The right axis shows the mean 

accuracy per method across all nine subjects. Subject A07 is best decoded by Riemannian MDM, while subject A08 benefits most from RCSP 

regularization, confirming that no single method universally dominates across all subjects. 
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Per-subject results reveal heterogeneous performance patterns reflecting inherent inter-subject variability [6]. FB-RCSP-

RA achieves the best result in four of nine subjects (A01, A03, A06, A09), demonstrating strong advantages in subjects 

with multi-band spectral diversity. Subject A07 is best decoded by Riemannian MDM (51.39%), suggesting that its EEG 

covariance structure is well-discriminated by Riemannian distance without filter-bank decomposition. Subject A08 is best 

decoded by RCSP (69.10%) and FB-RCSP-RA (68.40%) with comparable performance, indicating strong within-subject 

regularization benefits. Subject A02 remains the most challenging across all methods (best: 24.31% with CSP), consistent 

with the broader BCI IV-2a literature [23], [29]. 

 

While FB-RCSP-RA achieves the highest mean accuracy across subjects, per-subject analysis confirms that no single 

method dominates universally — a well-documented characteristic of cross-subject MI-EEG decoding [21], [6]. This 

heterogeneity motivates future development of adaptive subject-specific frameworks that combine population-level 

learning with individual calibration. 

5.3. Within-Subject CV5 Performance 

Table 7 reports within-subject 5-fold CV accuracy. Figure 6 illustrates the within-subject and cross-subject accuracy side 

by side for all evaluated methods. FB-RCSP-RA achieves the highest CV5 accuracy of 71.18% among all five evaluated 

methods, demonstrating that per-band Ledoit-Wolf regularization and Riemannian alignment benefit within-subject 

performance alongside cross-subject generalization. 

TABLE 7 — WITHIN-SUBJECT (5-FOLD CV) VS. CROSS-SUBJECT (LOSO) ACCURACY 

Method CV5 Acc. (%) CV5 Std (%) LOSO Acc. (%) Gap (pp) 

CSP 57.84 14.82 38.46 −19.38 

ACMCSP 57.26 14.80 38.93 −18.33 

RCSP 62.69 14.95 38.89 −23.80 

Riemannian MDM 63.96 14.92 40.70 −23.26 

FBCSP 70.91 13.73 43.17 −27.74 

FB-RCSP-RA (Proposed) 71.18 13.51 42.98 −28.20 

Table 7. Within-subject (5-Fold CV) vs. cross-subject (LOSO) accuracy for all evaluated methods. FB-RCSP-RA achieves the highest CV5 (71.18%) 

— a unique dual advantage in both evaluation protocols. 

 

Fig. 6.  Comparison of within-subject (5-Fold CV, blue bars) and cross-subject (LOSO, colored bars) mean classification accuracy. FB-RCSP-RA 

achieves the highest within-subject CV5 accuracy of 71.18% among all evaluated methods, demonstrating that per-band Ledoit-Wolf regularization 

and Riemannian alignment provide consistent within-subject benefits alongside cross-subject gains. The within/cross-subject gap for FB-RCSP-RA is 

28.20 percentage points, consistent with published BCI IV-2a cross-subject benchmarks. 

 

The within/cross-subject performance gap of 28.20 pp for FB-RCSP-RA is consistent with published BCI IV-2a 

benchmarks [23], [29]. The highest CV5 advantage of FB-RCSP-RA (+13.34 pp over CSP) exceeds its LOSO advantage 

(+4.52 pp), confirming that per-band Ledoit-Wolf regularization provides particularly strong within-subject benefits 

through improved covariance conditioning. 
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5.4. ITR Analysis 

Figure 7 presents the ITR comparison. FB-RCSP-RA achieves 1.658 bits/min — the highest ITR among all evaluated 

methods — representing a 74.3% improvement over CSP (0.951 bits/min). This ITR advantage confirms that FB-RCSP-

RA's information transmission benefit is robust and practically meaningful for real-time BCI deployment. 

 

 
Fig. 7.  Information Transfer Rate (ITR, bits/min) for all evaluated methods under cross-subject LOSO evaluation. ITR is computed with N = 4 MI 

classes and T = 4 s trial duration. FB-RCSP-RA achieves 1.658 bits/min, representing a 74.3% improvement over the CSP baseline (0.951 bits/min), 

confirming practically meaningful information transmission advantages for real-time BCI deployment. 

5.5. Real-Time Feasibility 

TABLE 8 — ONLINE INFERENCE PROCESSING TIME PER TRIAL (MS) 

Method Processing Time (ms) Real-Time (< 50 ms) GPU Required 

CSP ~8 Yes No 

ACMCSP ~12 Yes No 

RCSP ~10 Yes No 

Riemannian MDM ~85 No No 

FB-RCSP-RA (Proposed) ~40 Yes No 

Table 8. Online inference processing time per trial (ms) measured on Intel i5, 8 GB RAM, CPU only (no GPU). FB-RCSP-RA processes each trial in 

~40 ms, well below the 50 ms real-time threshold. Ledoit-Wolf closed-form estimation is computationally more efficient than iterative alternatives. 

 

The FB-RCSP-RA online inference pipeline completes in approximately 40 ms per trial on a standard CPU workstation, 

confirming real-time deployment suitability for practical BCI applications [30]. Ledoit-Wolf estimation is 

computationally more efficient than numerical alternatives due to its closed-form analytical solution. 

5.6. Statistical Analysis 

Wilcoxon signed-rank tests on per-subject LOSO accuracies (n=9) yield the following results: FB-RCSP-RA vs CSP 

(W=11, p=0.2031, d=0.477), ACMCSP (W=13, p=0.3047, d=0.433), RCSP (W=10, p=0.1641, d=0.540), and Riemannian 

MDM (W=14, p=0.3594, d=0.203). None of these comparisons reach conventional significance thresholds at alpha=0.05, 

primarily attributable to the small sample size (n=9 subjects) and the high inter-subject variability inherent to cross-subject 

MI-EEG decoding [6], [21]. 

 

Despite the absence of formal statistical significance, several indicators point to genuine performance benefits. FB-RCSP-

RA achieves higher accuracy than each baseline in 6 of 9 subjects per comparison — a consistent directional advantage. 

The effect sizes (Cohen's d = 0.203 to 0.540) indicate small-to-medium practically meaningful improvements. 

Furthermore, FB-RCSP-RA is the best-performing method in 4 of 9 subjects individually. These patterns are consistent 

with the well-documented observation that cross-subject BCI benchmarks with n=9 are fundamentally underpowered for 
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Wilcoxon tests when absolute performance margins are small [23]. Validation on larger cohorts such as PhysioNet EEG 

Motor Movement [31] (n=109 subjects) is planned as future work. 

The comparison between FB-RCSP-RA and FBCSP yields W = 6, p = 0.2031 (d = −0.521), confirming that the 0.19 pp 
LOSO difference is not statistically significant. This result, combined with FB-RCSP-RA's superior CV5 accuracy 

(71.18% vs 70.91%) and its principled per-band regularization and alignment framework, supports the conclusion that 

FB-RCSP-RA provides comparable cross-subject performance to FBCSP while achieving stronger within-subject 

generalization through its theoretical contributions. 

5.7. Comparative Discussion 

Three principal findings emerge. First, filter-bank decomposition substantially outperforms single-band methods: FB-

RCSP-RA (42.98%) surpasses RCSP (38.89%) by 4.09 pp, confirming that per-band spatial filtering captures frequency-

specific discriminative information that broadband CSP systematically misses. Second, per-band Riemannian alignment 

provides complementary benefits beyond EA alone: while EA normalizes inter-subject amplitude scaling globally, per-

band alignment corrects frequency-specific covariance domain shifts at the manifold level before spatial filter estimation 

[19], [24]. Third, Ledoit-Wolf regularization substantially improves within-subject CV5 accuracy (+13.34 pp over CSP), 

confirming that principled covariance conditioning benefits both protocols. 

 

Table 9 situates FB-RCSP-RA within the broader literature. FB-RCSP-RA achieves the highest cross-subject LOSO 

accuracy (42.98%) among all methods evaluated under the strict zero-calibration LOSO protocol in this study, 

representing a meaningful advance over the EA+MDM baseline (~42%) reported in [18] and consistent with the 38–45% 

range documented in the MOABB benchmark [23]. 

The comparable LOSO performance of FB-RCSP-RA (42.98%) and FBCSP (43.17%) — with a non-significant 

difference of 0.19 pp — demonstrates that per-band Riemannian alignment effectively compensates for the absence of 

tangent space projection, while the CV5 advantage (71.18% vs 70.91%) confirms the added value of per-band 

regularization for within-subject covariance conditioning. FB-RCSP-RA's architectural innovation — applying Ledoit-

Wolf regularization and per-band alignment before RCSP estimation — represents a principled theoretical advance over 

FBCSP's purely spectral, unregularized approach. 

TABLE 9 — COMPARISON WITH REPRESENTATIVE MI-EEG METHODS FROM LITERATURE 

Method Eval. Protocol Year Dataset Accuracy (%) Ref. 

CSP Within-subject CV 2000 BCI IV-2a ~65 [7] 

ACMCSP Within-subject CV 2015 BCI IV-2a ~57 [32] 

RCSP Within-subject CV 2011 BCI IV-2a ~68 [9] 

Riemannian MDM Within-subject CV 2012 BCI IV-2a ~70 [16] 

EA + MDM Cross-subject LOSO 2019 BCI IV-2a ~42 [18] 

MOABB benchmark Cross-subject LOSO 2018 BCI IV-2a 38–45 [23] 

FB-RCSP-RA (Proposed) Cross-subject LOSO 2025 BCI IV-2a 42.98 This work 

Table 9. Comparison with representative MI-EEG methods from the literature. Cross-subject LOSO is the most rigorous evaluation protocol. ~ 

indicates approximate values across studies. Bold: proposed method. 

 

6. Conclusion and Future Work 

This paper presented FB-RCSP-RA, a Filter-Bank Regularized CSP framework with Per-Band Riemannian Alignment 

for zero-calibration cross-subject motor imagery EEG decoding. The proposed method simultaneously addresses three 

complementary sources of cross-subject performance degradation — spectral heterogeneity, covariance ill-conditioning, 

and inter-subject covariance domain shift — within a computationally efficient, GPU-free framework. 

 

Systematic evaluation on BCI Competition IV Dataset 2a under strict LOSO protocol demonstrated that FB-RCSP-RA 

achieves 42.98% mean cross-subject LOSO accuracy and 71.18% within-subject CV5 accuracy — the highest among all 

five evaluated methods in both protocols. FB-RCSP-RA outperforms all four baselines directionally in 6 of 9 subjects per 

comparison, with medium-to-large effect sizes (Cohen's d = 0.203-0.540). The dual advantage in both cross-subject and 

within-subject protocols distinguishes FB-RCSP-RA from single-strategy baselines. 
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Limitations include: evaluation on a single dataset (9 subjects); fixed universal filter bank not adapting to subject-specific 

spectral peaks; and the high within/cross-subject performance gap (28.20 pp) highlighting the remaining challenge of 

zero-calibration BCI generalization. 

 

Future directions include: (1) evaluation on BCI IV-2b and OpenBMI datasets; (2) adaptive per-band filter bank selection; 

(3) incremental online updating of Riemannian means from initial test-subject observations; and (4) comparative analysis 

with deep learning transfer approaches on larger cohorts [31]. 
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