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SEMG gesture recognition based on improved ResNet5(
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Jia Kunming Gui Ranran Dong Penghao

Abstract: To enhance the recognition accuracy of gesture actions in scenarios with numerous and highly similar
categories, a gesture recognition method for surface electromyographic signals based on continuous wavelet transform
and residual neural network ResNet50 is proposed. The raw surface EMG signals collected are first preprocessed and
continuously wavelet transformed to obtain the Multi-sEMG Wavelet Map dataset, and then fed into the improved
ResNet50 model for recognition and classification. The experimental results show that the improved ResNet50 network
model achieves an average accuracy of 96.40% and 94.11% for 17 gesture actions in Ninapro DB2 and DB3,
respectively, which is an improvement of 4.87% and 5.83% compared to the ResNet50 network model method.
Achieved accurate recognition of gesture actions in situations with numerous and highly similar categories. A new scheme
is provided for prosthetic hand based on non-invasive sensors and machine learning control.
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1.3 Multi-sEMG Wavelet Map
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Table 1 DB2 and DB3 dataset
T DB2 DB3
UEES HUREES UEES RS
1 1791 447 1568 391
2 1 600 400 1597 399
3 1477 369 1510 377
4 1227 306 1536 383
5 1 140 284 1496 373
6 1192 297 1546 386
7 1743 435 1699 424
8 1234 308 1596 399
9 1230 307 1 558 389
10 970 242 1238 309
11 1241 310 1561 390
12 1 006 251 1276 318
13 1012 253 1338 334
14 1 004 250 1505 376
15 1213 303 1415 353
16 1045 261 1462 365
17 951 237 1 285 321
&it 21 076 5 260 25 186 6 287
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J T AEM % ResNet50 15 by JE 26 ™ 45 09 00k Pk L 2
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Table 2 Performance metrics of different CNN baseline

networks %)

pIEIES %! HER R OREHR HER F1 08

DB2 AlexNet 85.76  85.96  85.47 85.71
MobileNetV2  87.54 87.83  87.28 87.55
GoogleNet 89.71  89.64  89.36 89. 50
ResNet50 91.53  91.46  91.32 91. 39

DB3 AlexNet 77.56  77.62  77.34 77.48
MobileNetV2  82.26  82.51 82. 05 82.28
GoogleNet 85.52  85.47  85.17 85. 32
ResNet50 88.28 88.19  87.94 88. 06

MFE 2 FE 6 n] LIE . AlexNet EMEFEL7E 2 ML
A F BT HUER RN 81. 66% , X &M T AlexNet £
T 1 25 R bl 20 I 24, ) 4% 0 R 00 2 A 84 45 2
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88.28%, A |l X th 3k F] T 91.39% H1 88.06%.,
GoogleNet il MobileNetV2 1 B 4~ 504l 4 I 7 I 34 o #
ARk 87.62% 1 84. 90% , GoogleNet £ 7 Inception
S5 A0 1 Y Inception 2544 A0 7 2 Fi RO FRRAE /Y Al 6 53X
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Fig. 6 Accuracy and number of epochs for different CNN

baseline networks
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Table 3 Performance metrics of different CNN baseline

networks 73
Bl 5 155 7Y HER R R AR F1 55
ResNet50 91.53 91.46 91.32 91.39

MS-ResNet50(1~3) 93.68 93.54 93.47 93.50
MS-ResNet50(18-2) 94.37 94.43  94.38  94.40
MS-ResNet50(1&:3) 93.32 93.25 93.33 93.29

bz MS-ResNet50(28&.3) 92.73 92.68 92.53 92.60
MS-ResNet50(1)  94.10 94.03 93.95 93.99
MS-ResNet50(2)  93.77 93.82 93.57 93.69

MS-ResNet50(3)  92.36 92.33 92.19 92.26
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MS-ResNet50(1&:3) 90.63  90.62  90.
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Table 4 Performance metrics of different CNN baseline

networks %
B 4 LT W R iR Bl% F1 4%
ResNet50 91.53 91.46 91.32 91.39

DB2 MS-ResNet50 94.37 94.58 94.14 94. 36
ECAMS-ResNet50 96.40 96.34 96.21  96.27
ResNet50 88.28 88.19 87.94 88.06

DB3 MS-ResNet50 91.42 91.36 91.21 91.28
ECAMS-ResNet50 94.11 94.08 93.89 93.98
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Fig. 7 Accuracy and number of epochs for ablation

experiments
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Table 5 Classification results of different methods

B 4R WIRZS LT M2/ %

SCHk[22] CNN 76. 34

—_— k23] Multi-CNN 83.70
CHRL24] ALR-CNN 87. 90

Z ' ECAMS-ResNet50 96. 40

ik[25] CNN =70

B3 CHk[22] CNN 73.31
Hk[24] ALR-CNN 85. 58

ENS'S ECAMS-ResNet50 94. 11
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