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Introduction
Deep learning models achieve high classification ac-
curacy in EEG decoding, but their decision-making
process is often difficult to interpret. In neuroreha-
bilitation, it is important to verify that the model
relies on physiologically meaningful EEG features
rather than dataset-specific patterns. Popular ar-
chitectures such as EEGNet [1] operate directly on
raw EEG signals and provide excellent classification
performance. In this work, we investigate whether
a CNN [2] based on Continuous Wavelet Transform
(CWT) spectrograms [3] can achieve comparable
performance while offering improved interpretabil-
ity through Explainable AI (XAI) [4],[5]. By link-
ing the model’s decisions to established sensorimotor
rhythms, we assess whether the learned features are
neurophysiologically meaningful.

Data collection
• Subject: 1 participant (EEG - electrode C3)
• Mirror box training: 3 sessions
• Classes:

• Rest: Looking at a black cross
• Movement: 4 unique left-hand movements

• Validation: 4-fold cross-validation

Preprocessing steps
• Initial removal: First 2 s of each task period
were excluded
• Epoching: 2 s epochs, 80% overlap
• Artifacts: Contaminated epochs removed
• Final dataset: 2107 data inputs

Data inputs
Filtered EEG signal

• Band-pass filter: 4-25 Hz
• CNN input: 1× 500 vector

Spectrogram
• Continuous Wavelet Transform (CWT)
• Frequency range: 4-25 Hz
• Frequency resolution: 0.5 Hz
• CNN input: 43× 125 matrix

Neurophysiological Validation
Independent validation of XAI findings
• IRASA: oscillatory activity estimation [6]
• PARAFAC: spatial/spectral decomposition [7]

Comparison of two approaches

Comparison of two CNN architectures

Left table-EEGNet. Right table-modified AlexNet.
Both CNNs have a similar number of parameters.

Results
1. Neurophysiological validation
IRASA: µ/α/β-band event-related desynchronization ERD during movement (Fig.1)
PARAFAC: clear µ-peak (∼ 11Hz) around C3 electrode (Fig.2)

Figure 1: IRASA spectra at C3. Rest (dark red) vs
movement (orange).

Figure 2: Left: Extracted µ component (Frequency pro-
file) Right: Scalp weights (C3 electrode focus).

2. Classification performance
The proposed CWT-based CNN achieved classification per-
formance comparable to EEGNet.

3. Explainability

XAI (Grad-CAM and Occlu-
sion Sensitivity) highlighted
µ/α/β frequency bands asso-
ciated with movement-related
ERD and enhanced µ/α/β
activity during rest, demon-
strating that the CNN relied
on physiologically meaningful
EEG patterns. Left panel:
Correctly classified spectro-
grams, Rest (top), Movement
(bottom). Middle panel:
Grad-CAM map. Right
panel: Occlusion Sensitivity
map.

Conclusion
• XAI highlighted physiologically meaningful EEG patterns, including µ/α/β ERD during movement and
increased µ/α/β activity during rest.
• XAI maps showed consistent patterns across validation samples, indicating stable model behavior.
• XAI explained misclassifications by revealing movement-like patterns during rest and pause-like EEG
patterns during movement.
• IRASA and PARAFAC confirmed the extracted neurophysiological patterns.

CWT-based CNN achieves comparable accuracy to EEGNet,
with improved explainability.
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