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Abstract: Brain—computer interfaces (BCIs) translate brain activity into control signals for external devices. Electroencephalography
(EEG) is the most widely used noninvasively modality for BCIs because of its portability and temporal resolution, but EEG signals are
low-SNR, nonstationary, and highly subject-specific, making classification challenging. This paper reviews state-of-the-art machine
learning (ML) methods for EEG/BCI signal classification, proposes a comprehensive end-to-end methodology combining
preprocessing, feature extraction (CSP, time-frequency features), and modern classifiers (LDA, SVM, ensemble methods, CNNs), and
presents a sample experimental pipeline using public motor-imagery datasets. Results show that deep models (CNNs) typically
outperform classical shallow classifiers when sufficient data or transfer learning is available, while filter-bank CSP and transfer
learning remain effective for limited data and subject-specific calibration. The paper concludes with practical recommendations,
limitations, and future research directions in transfer learning, domain adaptation, explainability, and privacy for BCI systems.
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1. Introduction

Brain—computer interfaces provide a communication/control pathway between the brain and external devices; they
are essential for assistive technologies, neurorehabilitation, and next-generation human—computer interaction.
Noninvasively EEG-based BCIs remain a practical choice for many applications because they are inexpensive and
safe, though they pose signal processing and classification challenges arising from artifacts, nonstationary, and
subject variability. Foundational overviews and surveys describe the typical BCI pipeline: signal acquisition,
preprocessing and artifact removal, feature extraction, classification, and feedback/control.

2. Literature Review
2.1 Classical signal-processing and feature-based approaches

Early and widely used approaches extract handcrafted features (power spectral density, band-power, time-
frequency coefficients, Hjorth parameters) and classify them with linear discriminant analysis (LDA), support
vector machines (SVM), or ensembles. The Common Spatial Pattern (CSP) family of algorithms (and its filter-
bank variant FBCSP) is a dominant method for motor-imagery EEG because it optimizes spatial filters to maximize
variance differences between two classes; many extensions address multiclass, nonstationary, and regularization.

2.2 Deep learning approaches

Deep neural networks—especially convolutional neural networks (CNNs)—Iearn hierarchical representations
directly from raw or minimally pre-processed EEG and have shown strong performance on motor imagery and
other BCI tasks when sufficient labelled data or augmentation/transfer learning is available. Hybrid architectures
(CNN + RNN) capture spatial and temporal patterns. Surveys show the rapid growth of DL approaches in the past
5-7 years and highlight techniques for short/zero calibration through data augmentation and domain adaptation.

2.3 Transfer learning and calibration-reduction methods

Reducing or removing lengthy per-subject calibration remains a practical requirement. Transfer learning, domain
adaptation, and data-augmentation techniques (including adversarial and pseudo-labelling methods) have been
applied to cross-subject and cross-session generalization. Reviews emphasize that transfer learning remains a
major research direction for usable BCls.

2.4 Datasets and benchmarks

Public datasets have driven BCI advances (e.g., BCI Competitions, PhysioNet EEG Motor Movement/Imagery
Dataset). Well-curated, large datasets and standardized benchmarks are critical for fair comparison and

reproducibility. Recent curation efforts have produced cleaned, large-scale MI datasets to accelerate research.

2.5 Recent trends and challenges
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Recent reviews (2023-2025) highlight progress in clinical BCIs, ethical/privacy considerations for neural data,
and the importance of explainability, low-power embedded implementations, and robustness to noise. Regulations
and ethical standards for neurotechnology are an emerging concern.

3. Methodology

This section outlines an end-to-end pipeline for machine learning—based EEG classification for BCIs, using motor-
imagery (MI) as the exemplar paradigm.
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Figure 1: Hypothetical classification accuracy comparison of ML algorithms.
3.1 Data sources
Recommended public dataset for reproduction: PhysioNet EEG Motor Movement/Imagery Dataset
(EEGMMIDB) and BCI Competition datasets (BCI-IV datasets such as 2a/2b). These datasets provide multi-

subject motor imagery trials with known protocols and labels.

3.2 Preprocessing

1. Bandpass filtering (e.g., 0.5-40 Hz) to retain EEG bands relevant for MI (mu: 8—13 Hz, beta: 13-30 Hz).
2. Notch filter at powerline frequency (50/60 Hz).

3. Down sampling (optional, e.g., to 128-256 Hz) to reduce computational load.

4. Artifact removal: Independent Component Analysis (ICA) to remove ocular and muscular artifacts, or

automated artifact rejection pipelines.
3.3 Feature extraction
Two parallel strategies (can be combined):

A. Handcrafted / engineered features

. Filter-Bank Common Spatial Pattern (FBCSP) across multiple frequency sub bands, followed by feature
selection (e.g., mutual information, LDA-based selection). FBCSP remains a robust baseline for MI classification.
. Time-frequency features: Short-time Fourier Transform or Wavelet Packet Decomposition to capture

transient event-related desynchronization/synchronization (ERD/ERS).

B. Learned features (Deep models)
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. 1D/2D CNN s that operate on raw multichannel EEG, time-frequency spectrograms, or spatially arranged
channel maps. Architectures such as shallow ConvNets (for small data) or deeper ResNet-style models (for larger
datasets) are common. Data augmentation (windowing, noise injection) supports learning.

3.4 Classification models

. Shallow models: LDA, SVM (with RBF or linear kernel), Random Forest, and ensemble voting. LDA
often used as baseline for CSP features.
. Deep models: CNN, RNN/GRU/LSTM (for temporal patterns), and hybrid CNN-RNN. Transfer learning

variants fine-tune models pretrained on larger EEG corpora for subject adaptation.

3.5 Evaluation protocol

. Cross-validation: subject-dependent (within-subject k-fold) and subject-independent (leave-one-subject-
out) to measure generalization.

. Metrics: classification accuracy, confusion matrix, F1 score, kappa statistic, area under ROC (when
appropriate). Statistical significance should be tested across subjects (e.g., paired t-tests, Wilcoxon signed-rank).
. Calibration time and online latency are practical metrics for real-time BCls.
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Figure 2: Simulated EEG signal over time.
4. Tools & Technologies Used

Recommended open-source tools and stack for reproducible experiments:

Python: SciPy, NumPy, pandas.

MNE-Python: EEG data loading, visualization, preprocessing, ICA.

scikit-learn: feature selection, classical ML models (LDA, SVM, RF).

TensorFlow / PyTorch: deep learning model development (CNNs, RNNs).

MATLAB + EEGLAB (optional): signal processing and legacy pipelines.

Datasets: PhysioNet EEGMMIDB, BCI Competition datasets (Graz, IV), and cleaned curation releases.

Hardware: GPU (NVIDIA) for training deep models; Raspberry Pi/ Jetson Nano for embedded real-time inference
prototypes (with model quantization).

5. Experimental Setup (Suggested Reproducible Protocol)
1. Dataset: Use PhysioNet EEGMMIDB motor imagery subset (select subset of subjects for initial
experiments).
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2. Preprocessing: Bandpass 1-40 Hz, notch 50 Hz, down sample to 128 Hz, apply ICA to remove ocular
artifacts.

3. Feature pipelines:

o Pipeline A (engineered): FBCSP with sub bands [8—12 Hz, 12-16, 16-20, 20-24, 24-30], select
top CSP features (e.g., 6 pairs), classify with LDA/SVM.

o Pipeline B (deep): Time-windowed raw EEG (multi-channel) fed into a shallow CNN (24

convolutional blocks) with batch normalization and global average pooling; train with data augmentation and
subject-wise cross-validation.

4, Evaluation: Compare pipelines using within-subject and cross-subject protocols. Report average
accuracy, standard deviation, confusion matrices, and computational latency for online feasibility.

6. Results and Discussion (Illustrative / Example)
NOTE: The figures below are Al-generated illustrative visuals (simulated data) to show typical results and features

you would report. They are not from an experiment on a public dataset—use them as templates for the real
experiment described above. (Real experimental numbers require running the pipeline on the chosen dataset.)
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Figure 3: Spectrogram of simulated EEG signal
1. Accuracy comparison (illustrative): A hypothetical comparison between classical and deep models

shows typical trends—CNNs often achieve higher accuracy when enough data/augmentation is available;
ensemble and feature-rich pipelines (FBCSP + SVM) remain competitive for small data. See figure: Hypothetical
Classification Accuracy Comparison.

2. EEG time-series & spectrogram (illustrative): Example simulated EEG signal (5 s) and its spectrogram
highlight how ERD/ERS appears in mu/beta bands and motivates time-frequency feature extraction. See figures:
Simulated EEG Signal and Spectrogram of Simulated EEG Signal.

Interpretation:

. If experiments replicate literature trends, expect CNNs to yield ~5—15% absolute improvement over
simple LDA on subject-dependent tasks with adequate data; however, subject-independent performance often
drops and requires adaptation. Feature-based FBCSP + LDA remains strong for low-data regimes. Transfer
learning and domain adaptation can substantially reduce calibration needs.

Limitations: Practical deployment faces nonstationary, electrode variability, and susceptibility to artifacts. Ethical
and privacy concerns for neural data must be addressed in real systems.
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7. Conclusion

Machine learning has transformed EEG-based BCI classification. Classical pipelines (CSP/FBCSP + LDA/SVM)
are robust baselines, especially in low-data settings, while deep learning approaches (CNNs, hybrid models)
provide greater representational power when supported by adequate data, augmentation, or transfer learning.
Future practical BCIs will likely blend both paradigms: lightweight feature-based methods for rapid online use
and deep models for richer control once calibration/transfer techniques mature.

8. Future Scope

1. Transfer learning & domain adaptation: Robust cross-subject and cross-session generalization to
reduce calibration time.

2. Explainable BCI models: Interpretable model outputs to build clinician/user trust.

3 Privacy-preserving ML: Federated learning on EEG with secure aggregation to protect neural data.

4. Low-power embedded inference: Model compression and quantization for wearable BCls.

5 Multimodal BCIs: Combining EEG with fNIRS, EMG, or inertial sensors to increase robustness.
References

1. Nicolas-Alonso, L. F., & Gomez-Gil, J. (2012). Brain computer interfaces, a review. Sensors, 12(2), 1211-1279.
https://doi.org/10.3390/512020121 l

2. Ko, W., et al. (2021). A survey on deep learning-based short/zero-calibration methods for BCI. Frontiers in Neuroscience.
(Review).

3. Amin, S. U, et al. (2019). Deep learning for EEG motor imagery classification based on multi-layer CNNs. Journal of Parallel and
Distributed Computing.

4. Ang, K. K., et al. (2012). Filter bank common spatial pattern (FBCSP) in BCI Competition IV. Journal of Neural Engineering, 9(6).
https://www.ncbi.nlm. n1h gov/pmc/articles/PMC3314883/.

5. Goldberger, A. L., et al. (2000). PhysioBank, PhysioToolkit, and PhysioNet: components of a new research resource for complex
physiologic signals. Circulation, 101(23), e215-¢220. (PhysioNet resource).

6. Schalk, G., McFarland, D. J., Hinterberger, T., Birbaumer, N., & Wolpaw, J. R. (2004). BCI2000: a general-purpose brain-computer
interface (BCI) system. IEEE Transactions on Biomedical Engineering, 51(6), 1034-1043.

7. Samek, W., et al. (2012). Stationary common spatial patterns for brain—computer interface. Journal / conference paper.

8. Wu, W., et al. (2014). Probabilistic Common Spatial Patterns for multichannel EEG. Frontiers / Journal.

9. Geng, X., et al. (2022). An improved feature extraction algorithm for EEG signals combining ICA and wavelet packet
decomposition. Journal of Biomedical Engineering.

10. Wang, X., et al. (2024). An in-depth survey on deep learning-based motor imagery EEG classification. Neurocomputing / Journal.
11. Shugqfa, Z., et al. (2024). Curation of PhysioNet EEG motor movement/imagery dataset. Data in Brief / Elsevier.

12. Naderi, M., et al. (2025). A systematic review of EEG-based machine learning classification studies in OCD. Journal (PMC).

13. Chen, S., et al. (2025). Brain—computer interfaces in 2023—-2024. Brain and Behavior Reviews.

14. Das, A., et al. (2025). Enhanced EEG signal classification in brain computer interfaces. Scientific Reports.

15. Blankertz, B., Miiller, K. R., Schlogl, A., et al. (2004). BCI Competition 2003—Progress and perspectives in detection and
discrimination of EEG single trials. IEEE Transactions on Rehabilitation Engineering.

16. Zhang, H., et al. (2012). BCI Competition IV — Data Set I: learning discriminative patterns for self-paced EEG-based motor imagery
detection. PLoS / PMC.

17. Wolpaw, J. R., Birbaumer, N., McFarland, D. J., Pfurtscheller, G., & Vaughan, T. M. (2002). Brain—computer interfaces for
communication and control. Clinical Neurophysiology / Handbook chapters.

18. UNESCO. (2025). Global standards and ethical recommendations on neurotechnology (coverage and policy commentary). (Article

summarizing standards and recommendations).

10


https://ijrasht.com/

