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Abstract : [Objective] Electroencephalography (EEG) is a widely used method for detecting brain electrical activities. It offers
advantages of non-invasiveness, high temporal resolution, and cost-effectiveness. Nevertheless, EEG signals are susceptible to being
affected by physiological artifacts during the recording process due to their low amplitude. which may mislead the data analysis and
seriously affect the interpretation of results. Currently, most deep learning methods for EEG denoising typically employ a single-level
structure, thereby suffering from limited feature representation and loss of signal details. [ Methods] To tackle this issue,we proposed

a multi-level feature generation adversarial network (MFGAN) for EEG denoising. To begin with, we construct a multi-level
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generator with the following steps: At the first level, we utilize the convolution neural network (CNN) to learn the shallow features
of the target signal. At the second level, we use a Transformer-based encoder to obtain the contextual features from the EEG signal.
At the third level, we deepen the CNN structure to acquire the deep detailed features of the signal. Furthermore, a feature self-
filtering fusion module (FSFM) based on the attention mechanism is designed in the generator for extracting the multi-level features.
FSFM applies a self-attention mechanism to filter feature information after channel interaction and a channel attention mechanism to
capture feature information of each channel. These two mechanisms run parallel to each other, effectively fusing the aforementioned
feature information and eliminating noise components. [ Results] This method was qualitatively and quantitatively validated using the
EEGdenoisenet and MIT-BIH arrhythmia datasets, with the aim to evaluate the denoising performance of MFGAN on
electrooculography (EOG) , electromyography (EMG) , electrocardiography (ECG) and hybrid artifacts (EMG and EOG) in EEG
signals. A systematic evaluation was conducted using three performance indicators, including correlation coefficient (CC) , signal-to-
noise ratio (SNR) ,and relative root mean square error (RRMSE). In qualitative experiments, we compared the denoising effects of
different methods under ECG and EOG noise conditions. Results indicate that MFGAN can greatly reduce peak overflow and
waveform distortion, thereby producing samples that more closely resemble pure EEG signals. In quantitative experiments, the
proposed method outperformed the previous optimal method across three evaluation metrics. Specifically, in the EMG single noise
environment, the proposed method led to a 0. 99% increase in CC,a 4. 26% increase in SNR, and a 6. 72% decrease in RRMSE
compared to the suboptimal model. Besides, compared to the suboptimal model the CC increased by 2. 1%, the SNR increased by
6.49% ,and the RRMSE decreased by 8. 69% in the hybrid dual-noise environment. To gain a better intuitive understanding of the
differences in denoising effects between different methods, we also visualized the quantitative results that highlight the superiority
and potential of MFGAN in EEG denoising. [ Conclusion] The proposed model is based on the generative adversarial network (GAN)
structure, which integrates CNN, Transformer, and advanced CNN to sensitively capture shallow details of the signal, understand
contextual dependencies and enhance the level of feature extraction to reveal the hidden deep patterns. In addition, introducing
attention mechanisms to optimize the feature fusion further promotes the denoising performance. Experimental results show that
MFGAN outperforms current mainstream denoising techniques and excels in diverse noisy environments. Consequently, this study not
only offers an effective solution to the problem of inadequate feature extraction in conventional single-level architectures, but also

presents a dependable data processing approach for neuroscience research.
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Fig. 4 Comparison of denoising effects of different methods in ECG noise environment on EEGdenoisenet dataset
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Tab. 3 SNR.,CC,RRMSE metrics (mean—+standard) between denoised and clean signals on the EEGdenoisenet and

MIT-BIH arrhythmia datasets

M P 2SR FEEHY CcC SNR/dB RRMSE
FCNN 0. 892 14£0. 004 4 8. 468 140. 169 6 0. 413 540. 007 3
Novel CNN 0.875 72£0.011 5 9.354 20, 411 2 0. 405 80.018 1
SimpleCNN 0. 940 040, 003 5 11. 553 3420, 251 3 0. 301 140, 008 2
EOG ResCNN 0. 942 740. 003 7 11. 861 840. 250 4 0. 291 840, 007 9
DuoCL 0.915 6£0. 007 9 11,077 5420. 631 3 0.334 240,018 6
MFGAN(Ours) 0.950 40. 004 1 13.590 8+0.309 1 0.257 2+0. 011 2
FCNN 0. 877 04£0. 006 1 7.547 840,207 7 0. 452 740. 010 3
NovelCNN 0. 914 340, 006 3 9.765 320.311 8 0.368 02£0. 011 9
SimpleCNN 0. 937 8£0. 003 2 10. 580 12£0. 279 0 0. 325 92£0. 009 6
ECG ResCNN 0. 940 0£0. 002 8 10. 800 50. 191 4 0. 319 12£0. 007 2
DuoCL 0. 930 620, 004 1 10. 549 14-0. 282 1 0. 330 84£0. 010 0
MFGAN(Ours) 0.962 60. 001 7 12. 868 91+0. 157 8 0.252 6£0. 005 8
FCNN 0. 908 6£0. 004 6 9. 203 32£0. 206 0 0. 384 12£0. 008 9
NovelCNN 0. 927 320. 004 9 10. 920 44-0. 230 0 0. 335 32£0. 009 8
SimpleCNN 0. 891 940, 003 2 7.603 540,157 0 0. 438 620, 007 2
EMG ResCNN 0. 902 8£0. 003 1 8. 254 840, 160 4 0. 411 12£0. 006 9
DuoCL 0. 922 620. 004 9 11. 254 60, 211 6 0. 324 6£0. 008 9
MFGAN(Ours) 0.936 5+0.003 5 11.733 320. 265 0 0.302 80. 008 4
FCNN 0. 895 97-0. 004 8 8.957 940. 165 3 0. 400 120, 007 5
Novel CNN 0. 897 6£0. 009 1 9.995 040. 318 3 0. 382 9£0. 015 2
SimpleCNN 0. 886 12£0. 003 6 7.379 940.162 9 0. 448 52£0. 007 8
EMGHEOG ResCNN 0. 903 12£0. 003 9 8.528 0£0. 176 4 0. 402 240. 007 8
DuoCL 0. 907 0=£0. 007 4 10. 803 140, 245 7 0. 347 620,010 5
MFGAN(Ours) 0.926 1£0.004 8 11. 503 70. 258 0 0.317 4£0. 009 0
FCNN 0. 872 974£0. 006 5 7.909 040, 189 0 0. 445 440. 009 2
NovelCNN 0.898 540. 201 8 9. 695 974-0. 006 7 0. 385 9740, 009 2
SimpleCNN 0. 858 12£0. 003 8 6. 254 140, 143 3 0. 506 22£0. 007 4
EMGHECGHEOG ResCNN 0. 872 520. 002 5 6. 895 220. 089 8 0. 473 42£0. 004 5
DuoCL 0. 901 00. 006 8 10. 133 92£0. 278 6 0. 366 1220. 010 6
MFGAN(Ours) 0.922 3+0.004 3 11. 055 7£0. 264 0 0. 329 9£0. 008 6
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Fig. 6 Comparison of evaluation indicators under different signal-to-noise ratios
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Tab. 4 Experimental results of FSFM ablation under EOG

noise interference (mean— standard)

Sz RRMSE/107° CC/107% SNR/dB
1 269.5+9. 3 938.5+3.7  13.215 940. 296 2
I 257.5410.2  950.24+4.4  13.505 340.337 2
m 264.74£9.2  947.64+4.1  13.238 44-0.310 6
IV 257.2411.2  950.44+4.1  13.590 840.309 1

%5 WD JE AdvancedCNN 43325 VD 58%& 3 73 S 4544
5 R, =53 S IH Rl YA A Y P RE R TH A AR
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Experimental results of multi-level structure under

Tab. 5

EOG noise interference (mean=standard)

Sz RRMSE/107° CC/107% SNR/dB

Vv 261.5+9.8
Vi 278.1£9.9
I 267.7£8.6
i 257.2411.2

947.244. 8 13. 540 20. 319 2
940. 0£5. 0 12.992 1£0. 284 3
948.8+4.5 12.975 540. 303 9
950.4+4. 1 13.590 84+0. 309 1
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Tab. 6 Influence of hyperparameters on denoising performance

e PN CcC SNR/dB RRMSE
0 0. 942 9+0. 005 1 13.346 14-0. 302 8 0. 269 3+0.009 5
(=0 0.05 0. 947 240. 005 0 13.590 240. 289 8 0.260 3£0. 010 7
0.10 0. 946 440.004 8 13.324 840.284 0 0. 263 840. 009 8
0.25 0. 908 3+0.020 7 8.341 5+1.519 7 0. 404 240.057 0
0.5 0.912 740.039 0 8.602 5+1.736 9 0.393 3+0.083 7
a 0 0. 947 240. 005 0 13.590 240. 289 8 0. 260 3+0.010 7
(f=0.05 0.05 0. 946 140. 004 6 13.079 8-£0. 358 5 0. 267 640. 010 9
0.10 0. 944 8+0. 004 2 12. 921 84-0. 399 2 0.271 940.010 9
0.25 0. 949 6+0. 004 4 13.511 140. 298 7 0. 258 2+0. 009 3
0.5 0. 950 40. 004 1 13.590 840.309 1 0.257 240. 011 2
A 0 0. 941 140. 003 3 13.573 040. 328 0 0. 259 0+0. 008 5
0.25 0. 947 940. 004 0 13.331 840.278 5 0. 263 140. 008 9
0. 50 0. 950 42£0. 004 1 13.590 840.309 1 0.257 220. 011 2
0.75 0. 947 6+0.003 9 13.475 24-0. 270 8 0. 262 0+0. 009 0
1. 00 0. 949 740. 004 2 13.551 040. 292 3 0. 257 8+0.009 5
dropout 0 0. 950 140. 004 2 13.513 240,344 5 0.257 740.010 5
0.25 0. 950 140. 004 1 13.463 84-0. 302 1 0. 258 5+0. 008 7
0. 50 0. 950 40. 004 1 13.590 840.309 1 0.257 240. 011 2
0.75 0. 949 540. 004 9 13.549 640, 420 6 0. 259 140.013 7
1. 00 0. 950 24+0. 004 3 13.489 0+0. 310 2 0. 258 740. 008 2
B 3 0.950 4+0. 004 1 13.590 8+0.309 1 0.257 240. 011 2
5 0. 942 240. 003 9 13.504 540. 298 4 0. 260 740. 009 0
7 0. 949 240. 003 7 13.428 340. 275 4 0. 264 5+0.007 7
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