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  Abstract 

Cross-subject electroencephalography (EEG) emotion recognition for 
hearing-impaired individuals is limited by inter-subject distribution shifts, the 
acquisition burden of high-density systems, and overfitting on small cohorts. This 
study proposes RASR-Net, a Riemannian-anchored spectral-region lightweight 
residual network that combines unlabeled within-subject Euclidean alignment, 
robust five-band statistics, frontal-parietal attention and gated fusion, and a 
constrained neural correction to a Riemannian logistic anchor. The model was 
evaluated on 30 hearing-impaired participants using strict leave-one-subject-out 
validation, with model selection confined to training subjects and three random 
seeds (90 outer folds). RASR-Net achieved 58.563% accuracy and 54.859% 
macro-F1 with 7,227 trainable neural parameters. It outperformed same-channel 
SGD logistic regression by 6.07 percentage points in accuracy and EEGNet by 
10.35 points. Using 23 frontal-parietal channels retained 98.94% of the accuracy 
of a parameter-matched 62-channel counterpart while reducing electrodes by 
62.90%, the FLOPs lower bound by 58.09%, and single-thread CPU latency by 
47.02%. These results indicate that geometry-anchored residual learning can 
improve robust cross-subject decoding while preserving a practical lightweight 
acquisition configuration. 
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1. Introduction 

Emotion recognition is a core capability in affective computing and 

human-computer interaction. Compared with facial, speech, and textual cues, EEG 

directly reflects central nervous activity, is difficult to disguise voluntarily, and 

offers high temporal resolution [1-3]. Most existing systems, however, have been 

developed for normal-hearing populations. Objective affective interfaces for people 

with hearing impairment may support more inclusive communication and adaptive 

services [4,5]. The HIED dataset provides EEG responses from 30 hearing-impaired 
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participants exposed to subtitled film clips, but its cross-subject decoding remains 

difficult because of individual neurophysiological variability, nonstationary noise, 

and limited cohort size. 

A central methodological risk is subject leakage. Randomly splitting temporal 

windows can place samples from one person in both training and test sets, 

producing optimistic results that do not represent deployment to an unseen user. 

Strict leave-one-subject-out (LOSO) evaluation better reflects this setting but usually 

lowers performance [6-8]. Meanwhile, high-density EEG increases preparation, 

maintenance, and computation costs, whereas large convolutional, Transformer, or 

graph networks may amplify estimation variance in a 30-subject study [9,10]. 

We therefore propose RASR-Net, which combines stable geometric priors with 

low-capacity residual learning instead of increasing network depth. The method 

aligns unlabeled subject distributions, models five-band and frontal-parietal 

structure explicitly, and uses a Riemannian logistic classifier as a decision anchor. Its 

main contributions are: (i) a 7,227-parameter neural branch that captures spectral 

importance, regional complementarity, and short-term context; (ii) a strict LOSO30 

protocol with validation-only model selection and three training seeds; and (iii) a 

parameter-matched 23/62-channel comparison plus paired ablation and class-wise 

error analyses. 

2. Materials and Methods 

2.1. Dataset and Evaluation Protocol 

HIED contains recordings from 30 hearing-impaired university students (12 women 

and 18 men; mean age, 22 years). Thirty Chinese-subtitled film clips elicited six 

emotions. Following the dataset protocol, happiness and inspiration were merged as 

positive, calmness as neutral, and anger, fear, and sadness as negative. EEG was 

recorded with a 62-channel Neuroscan SynAmps2 system at 200 Hz. Public 

preprocessing comprised 1-75 Hz band-pass filtering, 49-51 Hz line-noise 

suppression, bad-channel interpolation, TP9/TP10 rereferencing, and ICA-based 

artifact removal [4,5]. The final 180 s of each trial were divided into nonoverlapping 

3-s windows, yielding 1,800 samples per participant and 54,000 samples overall. 

The lightweight montage contains 14 frontal electrodes (Fp1, Fpz, Fp2, AF3, AF4, F7, 

F5, F3, F1, Fz, F2, F4, F6, F8) and nine parietal electrodes (P7, P5, P3, P1, Pz, P2, P4, 

P6, P8). Each LOSO fold held one participant out for testing; 26 of the remaining 

participants formed the training set and three formed the validation set. Split seed 

42 and training seeds 42, 3407, and 2026 produced 90 outer-fold evaluations. Test 

labels were never used for feature selection, scaling, early stopping, or 

hyperparameter selection. Euclidean alignment and within-subject standardization 

used only the target participant's unlabeled EEG; the reported setting is therefore 

offline unsupervised transductive calibration rather than a fully inductive 

no-target-data scenario [6]. 
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Table 1. Dataset and experimental configuration. 

Item Configuration 

Participants and task 30 hearing-impaired participants; three emotion classes 

Samples 15 × 23 × 600 input context; 54,000 three-second windows 

Channels 23 frontal-parietal electrodes; 62-channel matched control 

Validation Strict LOSO30; 26 train, 3 validation, 1 test 

Repeated runs Three training seeds; 90 outer folds 

Optimization 
AdamW; lr 3×10⁻⁴; weight decay 10⁻³; batch 256; max 30 

epochs 
 

2.2. RASR-Net 

After unlabeled Euclidean alignment, each 3-s window is encoded in five canonical 

bands: delta (1-4 Hz), theta (4-8 Hz), alpha (8-14 Hz), beta (14-31 Hz), and gamma 

(31-50 Hz). Robust differential entropy, log power, and relative power form three 

statistics per band. A compact frequency-attention pathway (Linear 15-16, GELU, 

Linear 16-5, Softmax) weights the bands, while a Linear 3-32 projection with 

learned band embeddings provides a 32-dimensional representation. Separate 

channel-attention blocks summarize the 14 frontal and nine parietal electrodes. A 

learned gate combines the two regions, and their frontal, parietal, and fused 

representations are concatenated and projected to 32 dimensions. 

𝑔 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑔[ℎ𝐹 ⊕ℎ𝑃] + 𝑏𝑔),  ℎ𝑀 = 𝑔⊙ ℎ𝐹 + (1 − 𝑔)⊙ ℎ𝑃  

The resulting tensor U has shape B × 15 × 32. Parameter-free averaging across the 

15-window (45-s) context yields e, which enters a residual head composed of Linear 

32-32, GELU, dropout 0.15, and Linear 32-3. The parallel anchor branch computes 

one shrinkage-regularized 23 × 23 covariance matrix per band, applies trace 

normalization and a Log-Euclidean map, and vectorizes the upper triangle with the 

isometric √2 convention [11-15]. Concatenating five 276-dimensional vectors gives 

1,380 features; the mean of the most recent five windows is standardized using 

training data only and classified by L2-regularized SGD logistic regression [16,17]. 

𝐶𝑏 = 𝐶𝑜𝑣(𝑋𝑏) + 𝜀𝐼,  𝐿𝑏 = log( 𝐶𝑏),  𝑣𝑏 = 𝑣𝑒𝑐ℎ(√2(𝐿𝑏)) 

Validation chooses a bounded residual scale s from {0, 0.5, 1}; test logits are 

obtained by adding the scaled neural correction to the anchor logits. The neural 

branch is trained with AdamW, gradient clipping at 5, early stopping patience 6, a 

KL-consistency weight of 0.15, and an L2 residual penalty of 0.01 [18,19]. This 

bounded formulation keeps the stable geometric decision surface dominant when 

the neural correction is unreliable. 

𝑧 = 𝑧𝐴 + 𝑠(0.5𝑟),  𝑠 ∈ {0,0.5,1},  𝑝(𝑦|𝑋) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑧) 
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Figure 1. Overall architecture of RASR-Net. The dashed validation path selects the bounded 
residual scale without using test labels. 

3. Results and Discussion 

3.1. Recognition Performance and Efficiency 

Across three seeds, RASR-Net achieved 58.563 ± 0.077% accuracy, 56.407 ± 0.436% 

balanced accuracy, 54.859 ± 0.285% macro-F1, 57.711 ± 0.098% weighted-F1, and κ 

= 0.3291 ± 0.0037. On the identical 23-channel input, it exceeded SGD logistic 

regression by 6.07 percentage points in accuracy and 6.72 points in macro-F1, and 

exceeded EEGNet by 10.35 and 8.59 points, respectively. The gain over the 

lightweight neural residual baseline was 3.02 accuracy points (paired p = 0.033) and 

2.24 macro-F1 points (p = 0.168). These results support the value of constraining 

neural learning around a stable geometric classifier rather than relying on an 

unconstrained deep model. 

Table 2. Same-channel LOSO30 comparison (%). 

Method Accuracy Macro-F1 

TSception23 43.35 37.43 

IAG23 47.48 45.27 

EEGNet23 48.21 46.27 

Linear SVM 49.81 46.19 

SGD logistic 52.49 48.14 

Lightweight neural residual 55.46 52.32 

RASR-Net 58.56 54.86 

The parameter-matched 62-channel model reached 59.100% accuracy and 55.044% 

macro-F1, compared with 58.476% and 54.563% for the 23-channel model under 

seed 42. The paired differences were not significant (accuracy p = 0.452; macro-F1 p 

= 0.718). Thus, 23 channels retained 98.94% of full-channel accuracy while reducing 

the electrode count by 62.90%, the FLOPs lower bound by 58.09%, checkpoint size 

by 24.82%, and single-thread CPU latency by 47.02%. The same 7,227 neural 
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parameters in both variants isolate the contribution of channel count from model 

capacity. 

Table 3. Parameter-matched channel and efficiency comparison. 

Configuration Accuracy (%) FLOPs (M) CPU (ms) Parameters 

23 channels 58.476 0.853 0.566 7,227 

62 channels 59.100 2.036 1.068 7,227 

23/62 ratio 98.94% 41.90% 52.98% 100% 

 

 

Figure 2. Main recognition performance and lightweight comparison of RASR-Net under 
strict LOSO30 evaluation. 

3.2. Ablation and Error Analysis 

Exact seed-42 ablation showed complementary contributions. Removing frequency 

attention reduced accuracy by 2.14 points and macro-F1 by 3.65 points; removing 

frontal-parietal fusion reduced them by 2.34 and 3.57 points. Removing the 

Riemannian anchor caused the largest accuracy loss (4.11 points), whereas the 

anchor-only model lost 4.24 macro-F1 points. Holm-corrected paired tests were 

significant for both frequency attention and regional fusion, for anchor removal in 

accuracy, and for anchor-only macro-F1 [20]. The pattern indicates that the anchor 

stabilizes cross-subject decisions while the spectral-region residual improves class 

balance. 

Table 4. Exact module ablation under seed 42 (%). 

Variant Accuracy Δ Accuracy Macro-F1 
Δ 

Macro-F1 

Complete RASR-Net 58.48 — 54.56 — 

Without frequency attention 56.34 −2.14 50.91 −3.65 

Without regional fusion 56.14 −2.34 50.99 −3.57 

Without Riemannian anchor 54.36 −4.11 52.77 −1.79 

Riemannian anchor only 56.33 −2.14 50.32 −4.24 

The three-seed mean confusion matrix yielded recalls of 60.3% for positive, 48.0% 

for neutral, and 60.9% for negative emotion. Neutral samples were most frequently 

confused with negative emotion (32.5%), making the neutral class the main error 

source. This likely reflects the lower neutral sample count and weaker physiological 
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separation. Although the proposed design compares favorably with conventional 

and compact neural baselines, the study remains limited to one dataset and an 

offline transductive calibration protocol. External cohorts, a strictly inductive setting, 

and montage optimization below 23 electrodes should therefore be tested before 

clinical or real-time use. Recent frequency-selection, domain-generalization, and 

contrastive methods offer relevant directions [22-29]. 

 

Figure 3. Core-module ablation and classification behavior. Error bars denote paired LOSO30 
uncertainty; the confusion matrix is averaged over three seeds. 

4. Conclusion 

RASR-Net combines unlabeled Euclidean alignment, five-band frontal-parietal 

modeling, a Log-Euclidean Riemannian anchor, and bounded neural residual 

correction for cross-subject emotion recognition in hearing-impaired individuals. 

Under strict LOSO30 evaluation, it achieved 58.563% accuracy with 7,227 trainable 

neural parameters and substantially outperformed same-channel classical and 

compact neural baselines. The 23-channel configuration retained 98.94% of the 

accuracy of a parameter-matched 62-channel model while materially reducing 

acquisition and inference costs. The ablation and error analyses support the 

complementarity of the spectral, regional, geometric, and residual components, 

while identifying neutral-emotion recognition and external generalization as 

priorities for future work. 
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