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EEG-MFNet: a lightweight multi-branch fusion network for
electroencephalogram signal analysis
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Abstract: In order to solve the problems of decoding efficiency caused by low resolution, insufficient data volume and individual
differences of subjects, multi-branch fusion network for electroencephalogram signal (EEG-MFNet) model suitable for EEG signal
analysis is proposed. Multi-level spatiotemporal features of EEG data are extracted through multi-scale spatiotemporal convolutional
modules, and further applied by multi-scale temporal convolution to extract more advanced time-space-frequency domain features.
Applying a sliding window to the feature data of the input classifier significantly enhances the effective features of the data. The
average classification accuracy and standard deviation of the EEG-MFNet model are improved by more than 3.19% and 22.86%
compared with the comparison model, respectively. Model inference time is reduced by more than 16.87%. The experimental results
show that the proposed method improves the stability of the model and significantly improves the training efficiency. This work
provides a more efficient decoding scheme for EEG signal analysis based on motor imagery.
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NVIDIA GeForce RTX 3060 Ti LA PNAFEH 16 GB [USEEGIAEE T A TR B Il 2R PEAL , 78 38> 3o 2 v 238
6T AT BCE R Adam ARS8 B35 A i/ MESE UG R pREOG AR S50 E A T Ak 5 481> epoch Rt Ak 3
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SEALEAT T A, BARSE R L3 2—4 R,
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Table 2 Classification accuracy of EEG-MFNet model and traditional machine learning methods on the BCI IV 2a dataset

BT %
g FBCSP!!! MTF-CSP!®! EEG-MFNet
Al 76.00 922 91.60
A2 56.50 59.9 78.19
A3 81.25 97.1 95.80
Ad 61.00 64.7 89.65
A5 55.00 74.8 78.44
A6 45.25 65.7 78.92
A7 82.75 81.4 93.06
A8 81.75 92.5 89.58
A9 70.75 80.0 86.18
FHME 67.75 78.7 86.82
bRuE2E 16.96 12.7 6.58

T A IS R iR 45 2R

%3 1E BCIIV 2a $d4E I EEG-MFNet A58 5 Hop U RE 2% o) J5 ik (4 2 iERf %
Table 3 Classification accuracy of EEG-MFNet model and other deep learning methods on the BCI IV 2a dataset

LA %

#ik#&  EEGNet'”’ EEG-TCNet'" D-ATCNet''' MBEEGNet "’ Mslil;:\lit_““ cl\l/sliﬁ% MBHNN " ;j:fﬁet
Al 86.9 83.0 87.5 89.59 86.81 91.09 90.58 91.60

A2 62.6 58.8 70.0 68.06 68.40 65.87 75.99 78.19

A3 91.7 92.6 94.9 94.58 95.83 94.52 93.73 95.80

A4 64.7 67.7 80.5 79.88 79.86 77.88 83.14 89.65

AS 71.6 73.0 79.5 76.92 82.29 81.87 73.09 78.44

A6 60.3 60.1 74.4 66.10 71.53 64.48 68.15 78.92

A7 88.9 86.0 93.2 91.57 92.71 93.38 95.82 93.06

A8 85.0 81.8 87.6 87.71 87.50 89.84 89.06 89.58

A9 80.0 81.4 89.6 83.69 86.81 86.69 86.24 86.18

FEIE 76.9 76.1 84.1 82.01 83.53 82.85 83.91 86.82
i 12.2 11.8 8.53 10.13 9.10 10.70 9.09 6.58

E AR R e 4 45

F4 1 BCIIV 2a $fi4E I EEG-MFNet #6815 Hop U E 2 S BERUY &
Table 4 k of EEG-MFNet model and other deep learning methods on the BCI IV 2a dataset

#iX#  EEGNet'”’  EEG-TCNet'™ D-ATCNet!'" MBEEGNet'”’ MBEEGCBAM"  MBHNN["'  EEG-MFNet

Al 0.83 0.77 0.83 0.86 0.88 0.88 0.89
A2 0.50 0.45 0.60 0.57 0.55 0.69 0.71
A3 0.89 0.90 0.93 0.93 0.93 0.95 0.94
A4 0.53 0.57 0.74 0.73 0.71 0.71 0.86
AS 0.62 0.64 0.73 0.69 0.76 0.64 0.71

A6 0.47 0.47 0.66 0.55 0.53 0.60 0.72
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Fa(5h)
#i#  EEGNet”  EEG-TCNet'™’ D-ATCNet'' MBEEGNet'”’ MBEEGCBAM™  MBHNN""  EEG-MFNet
A7 0.85 0.81 0.91 0.89 0.91 0.94 0.91
A8 0.80 0.76 0.83 0.84 0.87 0.80 0.86
A9 0.73 0.75 0.86 0.78 0.82 0.85 0.82
A 0.69 0.68 0.79 0.76 0.77 0.78 0.82
FrifE % 0.16 0.16 0.11 0.13 0.15 0.12 0.09
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2 AN T g Ik S RGN 2E S TR 9 A E A FRER R XS L, SR AE SRR, it
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Fig.3 Ablation experiments of multi-scale spatio-temporal convolution modules
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Fig.4 Ablation experiments for multi-scale time convolution modules
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Table 6 Parameter of the individual modules of the EEG-MFNet model
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MSTS 84.81 0.80
MST 85.52 0.81
SW 84.22 0.79
SW+MST+MSST 83.55 0.78
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Table 7 Comparisons of the training time for the EEG-MFNet model and the baseline model
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