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[Abstract]

High-density electroencephalography (EEG) systems provide superior spatial resolution for emotion recognition,
but their high cost, complexity, and user discomfort make them impractical for real-world applications. This
study presents a practical alternative: an EEG super-resolution paradigm operating in the Power Spectral Density
(PSD) feature space rather than the raw signal domain. The proposed Transformer-based architecture reconstructs
62-channel high-density PSD features from sparse inputs of 8, 14, 16, and 32 channels through a subject-independent
reconstruction model. Evaluated on the SEED-IV dataset, the proposed method achieves an average Accuracy
Preservation Ratio (APR) of 78.45% with 32 channels and 77.92% with 16 channels (Uniform strategy), reaching
up to 97.56%. The Uniform channel selection strategy significantly outperforms both Clinical Standard and
Hardware Realistic strategies (paired t-test, p<0.01, Bonferroni-corrected). These results demonstrate that
low-channel wearable EEG can achieve emotion recognition performance comparable to clinical-grade systems
without subject-specific high-density data collection.

» Key words: EEG Super-resolution, Emotion Recognition, Power Spectral Density, Transformer,
Wearable EEG, Subject-independent Reconstruction
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I. Introduction

1. Background and Motivation
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2. Problem Statement and Significance of the
Study
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Fig. 1. Clinical-Grade vs. Wearable EEG

3. Limitations of previous studies
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4. Research Objectives
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II. Preliminaries

1. Related works

1.1 EEG-based emotion recognition
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Table 1. Detailed results for each scenario for all 15 subjects

Strateay | (o™ igh) MSE Range Corr Range i b

32 > 62 0.000408 ~ 0.004862 0.9156 ~ 0.9638 0.4245 ~ 0.8718

N 16 — 62 0.000536 ~ 0.005020 0.8643 ~ 0.9403 0.6250 ~ 0.8846

Clinical 14— 62 0.000616 ~ 0.005230 0.8705 ~ 0.9421 0.7500 ~ 0.8846

8 — 62 0.000636 ~ 0.006366 0.8273 ~ 0.9604 0.6442 ~ 0.8846

32 > 62 0.000380 ~ 0.004716 0.9093 ~ 0.9634 0.5566 ~ 0.8718

N R 0.000683 ~ 0.005126 0.8647 ~ 0.9349 0.6078 ~ 0.8304

14— 62 0.000620 ~ 0.005221 0.8705 ~ 0.9395 0.5943 ~ 0.8393

8 — 62 0.000667 ~ 0.006699 0.8273 ~ 0.9234 0.5758 ~ 0.8269

32 > 62 0.000314 ~ 0.003707 0.9293 ~ 0.9724 0.5755 ~ 0.9756

_ 16 — 62 0.000479 ~ 0.004766 0.8756 ~ 0.9494 0.6667 ~ 0.8692

Uniform 14— 62 0.000540 ~ 0.005602 0.8676 ~ 0.9439 0.5849 ~ 0.8509

8 — 62 0.000971 ~ 0.006699 0.8275 ~ 0.9157 0.5556 ~ 0.8692
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6. Differential Entropy Features and Emotion
Classification
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V. Experiment Results
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1. Average Performance by Strategy (32—62
Scenario)

Table 2. Average performance by strategy

Strategy MSE Corr APR F1 Pres
Uniform 0.0019 0.954 78.45% 76.83%
Hardware 0.0022 0.943 73.42% 71.25%
Clinical 0.0023 0.940 71.56% 69.47%

EAA 8o AR 3262 AlUR] 0l 15% WAL
o] APRS B2 02 paired t-testS 4:385}9Ic}. Uniform
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3. Classification Performance Preservation
Analysis
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3.1 Class-wise F1-Score (Uniform 32—62 Average)

Table 4. F1-Score by class

Emotion Original F1 Restored F1 Preserv
Happy 0.867 0.841 97.0%
Neutral 0.823 0.792 96.2%
Sad 0.798 0.743 93.1%
Fear 0.765 0.695 90.8%

Fear7t 71 W2 l%% adet A8 02 &
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3.2 Frequency Band-wise MSE and Correlation
(Uniform 32—62)

Table 5. MSE and correlation by frequency band

Band Freq MSE Corr Importance
Delta 1-4 0.0014 0.962 Low

Theta 4-8 0.0017 0.954 Midium
Alpha 8-14 0.0020 0.949 High

Beta 14-31 0.0022 0.931 High
Gamma 31-70 0.0039 0.888 Midium
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Fig. 4. Reconstruction Quality per Frequency Band

VI. Conclusions

1. Findings
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2. Future Perspectives
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