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DBTNet: A fusion network for motor imagery EEG decoding

Li Xiang Arkin Hamdulla Wang Lulu

(College of Intelligent Manufacturing and Modern Industry (Mechanical Engineering College) ,
Xinjiang University, Urumgi 830017, China)

Abstract: To address the limitations in model decoding performance caused by the low spatial resolution and high inter-
subject variability of motor imagery EEG signals, this paper proposes a novel DBTNet model based on an attention-
enhanced dual-branch convolutional network and a temporal multi-scale attention mechanism. The model employs a
dual-branch convolutional network to extract multi-scale spatiotemporal features and integrates an efficient multi-scale
attention mechanism to enhance the extraction of spatial features from EEG signals. Subsequently, a temporal multi-
scale attention mechanism is applied to capture both local features and global dependencies under different receptive
fields, thereby obtaining more comprehensive feature representations. Finally, a classifier is used to fuse the extracted
features for efficient decoding. In subject-dependent evaluations, the proposed model achieves a four-class classification
accuracy of 86.57% with a Kappa coefficient of 0.821 0 on the BCI Competition 1V-2a dataset, and a two-class
classification accuracy of 88.95% with a Kappa coefficient of 0.779 0 on the BCI Competition 1V-2b dataset.
Experimental results demonstrate that the DBTNet model achieves superior model decoding performance.
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Fig. 2 Attentional dual-branch convolutional networks
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Fig. 3 Efficient multi-scale attention mechanisms
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Table 1 Performance comparison with other models on the BCI competition IV-2a dataset
Tk DBTNet Conformer™" CTNet™ EISATC-Fusion™" EEGNet"

Ace/ % Kappa Ace/ % Kappa Ace/% Kappa Ace/% Kappa Ace/%  Kappa
S01 93. 06 0.907 4 85.07 0.800 9 88. 89 0.8519 87.50 0.833 3 86.11  0.814 8
S02 75.69 0.6759 56. 60 0.421 3 72.92 0.638 9 71.18 0.615 7 64.58  0.527 8
S03 95.49 0.939 8 92.71 0.902 8 92.71 0.902 8 95. 14 0.935 2 93.40  0.9120
S04 87.15 0.828 7 77.78 0.703 7 81.25 0.750 0 84.03 0.787 0 62.50  0.500 0
S05 79. 86 0.7315 75.00 0.666 7 75.69 0.6759 75.35 0.671 3 71.88  0.6250
S06 74.31 0.657 4 65. 97 0.546 3 66. 32 0.550 9 72.22 0.629 6 58.33  0.444 4
S07 93. 06 0.907 4 87. 85 0.838 0 90. 97 0.879 6 90. 97 0.879 6 85.42  0.805 6
S08 89.93 0.865 7 86. 11 0.814 8 88.54 0.847 2 86. 46 0.819 4 85.07  0.800 9
S09 90. 63 0.8750 84. 38 0.7917 87.50 0.833 3 87.85 0.838 0 85.76  0.810 2
Avg 86. 57 0.8210 79.05 0.720 7 82.75 0.770 1 83.41 0.778 8 77.01  0.693 4
Std 7.950 0.106 0 11. 57 0.154 3 9.210 0.122 9 8. 520 0.113 6 12.77  0.170 2

®2 BCIRFIV2D HBESHMEZAMEREXTLL
Table 2 Performance comparison with other models on the BCI competition IV-2b dataset
Bt DBTNet Conformer"*" CTNet"" EISATC-Fusion™” EEGNet"

Ace/ % Kappa Ace/ % Kappa Ace/ % Kappa Ace/ % Kappa Ace/%  Kappa
S01 80. 31 0.606 3 72.19 0.443 8 76.25 0.5250 75.94 0.518 8 79.06  0.581 3
S02 69. 29 0.3857 70. 00 0.400 0 71.79 0.4357 66. 43 0.328 6 68.57  0.3714
S03 85.94 0.718 8 80. 31 0.606 3 86. 88 0.737 5 82. 81 0.656 3 85.31  0.706 3
S04 98. 44 0.968 8 97.50 0.950 0 98.13 0.962 5 97.19 0.943 8 97.81  0.956 3
S05 98.75 0.975 0 96. 25 0.9250 95.63 0.912 5 95. 31 0.906 3 95.00  0.900 0
S06 87.19 0.743 8 81.25 0.6250 86. 56 0.731 3 84. 06 0.681 3 86.88  0.737 5
S07 95. 31 0.906 3 90. 31 0.806 3 93.75 0.8750 92. 81 0.856 3 93.75 0.8750
S08 95. 00 0.900 0 93.75 0.875 0 94. 69 0.893 8 94. 69 0.893 8 93.13  0.862 5
S09 90. 31 0. 806 3 88.75 0.7750 89. 38 0.787 5 89. 38 0.787 5 90.63  0.8125
Avg 88.95 0.779 0 85.59 0.711 8 88.12 0.762 3 86.51 0.730 3 87.79  0.7559
Std 9.610 0.192 2 10. 15 0.202 9 8. 980 0.179 5 10. 25 0.205 1 9.200 0.1840
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Table 3 Module ablation experiment

PRI RS Accuracy/ % Kappa
AL B 86. 57 0.8210
EMA 84. 88 0.798 4
X 81.75 0. 756 7
EMA+4r32 — 83. 49 0.779 8
TMSA 83. 41 0.778 8
Aug 81. 06 0.747 4
TMSA+ Aug 77.85 0.704 7
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