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Noise-resistant gesture recognition method based on the collaborative
extraction of channel and spatial features

Lu Yinghang Qiu Dawei Liu Jing Li Tongwei Wang Xicheng

(College of Intelligence and Information Engineering, Shandong University of Traditional Chinese Medicine,Jinan 250355, China)

Abstract: Surface electromyography directly reflects muscle activity, effectively capturing muscle contraction patterns
and intensity, making it widely used in gesture recognition. However, it' s sparsity, non-linearity, and noise
interference pose significant challenges for feature extraction. To address this, we propose the RASTNet model, using
ResNet50 as the backbone and replacing the 3 X3 convolution in each layer's last block with an Atrous Spatial Pyramid
Pooling module to capture multi-scale information via dilated convolutions. An STConv module, incorporating a triple
attention mechanism into SCConv, is added to enhance the fusion of channel and spatial features. Experiments on the
NinaPro DB1 and DB5 datasets, augmented with four methods, show that RASTNet improves accuracy by 1. 83% and
1.57% on average. Compared with models like ResNeXt, Swin Transformer, and CnovNeXt under simulated noise,
RASTNet outperforms in recall rate, F1 score, and other metrics. It also remains superior to the latest closed-source
models without noise, demonstrating robustness and noise resistance in complex gesture recognition tasks.
Additionally, RASTNet shows strong generalization across datasets, enhancing its real-world applicability and
robustness.
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Table 1 Different noise levels
Dataset Noise Type Description
Gaussian m=0,v=0.05
Impulse P=0.01,a=0.8
DB1 . o
Time Shifting 25
Amplitude Scaling 0.8~1.2
Gaussian m=0,v=4
Impulse P=0.01,a=30
DB5 ) o
Time Shifting 20
Amplitude Scaling 0.8~1.2
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Table 2 Statistical information of the two datasets

Dataset DB1 DB5
Total 105 020 47 458
Training 84 016 37 966
Testing 21 004 9492
gestures 52 52
channels 10 16
format (200X10) (200X16)
Hz 100 200
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Table 3 Experimental results under different noise conditions

Dataset Model Noise Type Ace/ % Precision/ % Recall/ % Specificity/ % F1/%
Gaussion 95.18 95. 21 95. 20 99.91 95.19
ResNet50 Impulse 94. 30 94. 32 94. 30 99. 89 94. 30
esNet
Time Shifting 96. 86 96. 89 96. 86 99. 95 96. 87
DEI Amplitude Scaling 96. 49 96. 49 96. 49 99. 94 96. 49
Gaussion 97.15 97. 00 96. 99 99. 94 96. 98
RASTN Impulse 96. 71 96. 69 96. 66 99. 94 96. 67
D1 Net
¢ Time Shifting 98. 32 98. 23 98. 22 99. 97 98. 22
Amplitude Scaling 97.96 97.76 97.78 99. 96 97.76
Gaussion 90. 64 90. 76 90. 63 99. 82 90. 66
ResNet50 Impulse 93. 66 93.68 93. 65 99. 88 93. 66
S t
eeen Time Shifting 96. 36 96. 39 96. 40 99. 93 96. 39
DBS Amplitude Scaling 96. 44 96. 46 96. 48 99.93 96. 46
Gaussion 93. 66 93.62 93.70 99. 88 93.63
RASTN Impulse 94. 47 94. 50 94. 43 99. 89 94. 43
Net
Time Shifting 97.42 97.42 97. 39 99. 95 97. 39
Amplitude Scaling 97. 84 97. 86 97. 88 99. 96 97. 86
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Fig. 10 Performance differences of the model
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Table 4 Classification results of different methods %
_ DBI DB5
Noise Model — — — —
Acc/Precision/Recall/Specificity/F1 Acc/Precision/Recall/Specificity/F1
ResNeXt 96.53/96.56/96. 54/99. 93/96. 55 92.36/92.45/92.38/99. 85/92. 39
Vision Transformer 90. 98/91.01/90. 99/99. 82/90. 99 89.22/89. 25/89.24/99.79/89. 27
Gaussian Swin Transformer 95.95/95.98/95. 95/99. 92/95. 95 92.73/92.82/92.76/99. 86/92. 78
ConvNeXt 90. 44/90. 54/90. 48/99. 81/90. 49 88.49/88.63/88.53/99. 77/88. 54
RASTNet 97.15/97.00/96.99/99. 94/96. 98 93.66/93.62/93.70/99. 88/93. 63
ResNeXt 95.82/95. 85/95. 83/99. 92/95. 84 94.04/94.11/93. 94/99. 88/93. 99
Vision Transformer 91.31/91.33/91.30/99. 83/91. 31 89.46/89.55/89.39/99. 79/89. 38
Impulse Swin Transformer 95.54/95.55/95.54/99. 91/95. 54 93.32/93.32/93.28/99. 86/93. 28
ConvNeXt 91.76/91.82/91.78/99.84/91.78 93.69/93.70/93.65/99. 87/93. 66
RASTNet 96.71/96.69/96. 66/99.94/96. 67 94.47/94.50/94. 43/99. 89/94. 43
ResNeXt 96.98/97.00/96.99/99. 95/96. 99 96.94/96.93/96.93/99. 94/96. 91
Vision Transformer 91.71/91.72/91.73/99. 84/91. 71 89.94/89.97/89. 86/99. 80/89. 88
Time Shifting Swin Transformer 96.73/96.74/96.74/99. 94/96. 74 96.88/96.90/96. 89/99. 94/96. 89
ConvNeXt 94.24/94. 28/94. 26/99. 89/94. 26 96.30/96.30/96.28/99. 93/96. 28
RASTNet 98.32/98.23/98.22/99.97/98. 22 97.42/97.42/97.39/99.95/97. 39
ResNeXt 96.52/96.52/96.52/99. 95/96. 52 97.20/97.23/97. 24/99. 95/97. 23
Vision Transformer 92.83/92.84/92. 84/99. 86/92. 83 88.53/88.62/88.47/99.77/88. 47
Amplitude Scaling Swin Transformer 96.98/96. 98/96. 98/99. 96/96. 98 94. 65/94. 68/94. 65/99. 89/94. 65
ConvNeXt 93.89/93.92/93.92/99. 88/93. 90 96.62/96.60/96.62/99. 93/96. 62
RASTNet 97.96/97.76/97.78/99.96/97.76 97.84/97.86/97.88/99.96/97. 86
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Table 5§ Classification results of different methods

Datasets Author Year Class Feature extraction classifier ACC/ %
Pancholi et al. "7 2021 52 — DLRP 91.11

Wei et al. " 2021 52 — HVPN 87. 10

Karnam et al ™" 2022 52 CNN+Bi-LSTM EMGHandNet 95. 77

Krishnapriya et al. ¥ 2023 52 — 1D CNN 78.95

Ninapro DB1 Wang et al, 2023 52 MAV, ZC, SSC,WL, and RMS Transformer 89. 43
Zhang et al. =% 2024 52 MAV, ZC, SSC,WL, and RMS dual-stream model 89. 66

Shin et al, " 2024 52 — 4-stream DL 94.31

Lee et al. 2024 53  MAV,MAV slope % 11 M 4#fiF  Prototype learning method  96. 25

ours - 52 — RASTNet 96.71

Wei et al. = 2021 41 — HVPN 88. 40

Peng et al. " 2022 52  MAV,RMS, VAR % 16 MH1E EELM 77. 90

Xiong et al. """ 2023 53 — GLF-CNN 91. 40

Ninapro DB5 Niu et al, ™" 2024 53 — PCS-EMGNet 88. 30
Wang et al. ™" 2024 52 RMS,WL,ZC,SSC CDEM 84. 00

Mohapatra et al. ¥ 2024 52 WL.MAV.SD,RMS SVM 84. 00

Zhang et al. ™" 2024 52 Mutil-attention softmax 91. 64

ours - 52 — RASTNet 93. 66
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Fig. 13 Performance difference between Baseline and RASTNet on different gesture classifications
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Table 6 Test set metrics on dataset Ninapro DB1 %
No. Model Acc Precision Recall Specificity F1 AACC
1 Baseline 95.18 95.21 95. 20 99.91 95.19 —
2 Baseline+ ASPP 96. 58 96. 61 96. 59 99.93 96. 59 A1.40
3 Baseline+SC 96. 36 96. 36 96. 33 99. 93 96. 33 A1.18
4 Baseline+TA 96. 23 96. 26 96. 25 99.93 96. 25 A1.05
5 Baseline+STConv 96. 83 96. 80 96. 77 99. 94 96. 78 A1.65
6 Baseline+ ASPP+STConv 97. 15 97. 00 96. 99 99. 94 96. 98 £1.97
R 7 7TEEHIE S Ninapro DB5 Bk £ #6545
Table 7 Test set metrics on dataset Ninapro DB5 %
No. Model Acc Precision Recall Specificity F1 AACC
1 Baseline 90. 64 90. 76 90. 63 99. 82 90. 66 —
2 Baseline+ ASPP 92. 30 92. 29 92.28 99. 85 92. 26 A1.66
3 Baseline+SC 91.05 91.12 91.03 99. 82 91.05 A0.41
4 Baseline+TA 91. 36 91.43 91. 35 99. 83 91. 35 £0.72
5 Baseline+STConv 91.75 91. 81 91.78 99. 84 91.77 A1.11
6 Baseline+ ASPP+ STConv 93. 66 93. 62 93.70 99. 88 93.63 43.02
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Fig. 14 Confusion matrix of RASTNet on the SIA dataset
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