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Abstract: In order to achieve an intelligent prosthetic hand that can naturally simulate the continuous motion of a human hand, this
paper proposes a DF-ANN model based on sEMG to estimate the finger joint angle. The method introduces the SE-Net module in the
channel attention mechanism to enhance the relevant feature expression of sSEMG, reduce the loss of essential features of sSEMG, and
effectively improve the performance of the regression model. 10 healthy subjects were selected for experiments with 10 different hand
gestures , and regression measures such as R-Squared ( R*) were chosen to evaluate the accuracy of the method’ s joint angle estimation.
The experimental results showed an R* of 86. 5%. Compared with the DF-ANN model without introducing SE-Net, the deep forest, and
an artificial neural network alone, the R” is improved by about 4%. It indicates that the method effectively reduces the error of successive
decoding of joint angles of sSEMG and can contribute to the supple control of intelligent prosthetic hands.
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Table 2 RMSE values in 10 healthy

subjects under different models

ZiR#% DF-ANN+SE-Net DF-ANN DF ANN
1 7.524 10. 547 11.535 17. 476
2 9.525 11. 653 13. 467 20. 581
3 7.134 9.384 11.485 18.572
4 6.976 8.965 10. 957 17.954
5 6. 465 8.742 11.537 18. 145
6 11.463 13. 675 15. 642 23.325
7 7.054 9.745 11. 894 19. 572
8 7.523 9.371 12.745 18.742
9 10. 679 12. 476 13.742 20. 461
10 7.325 9.041 11.245 17.371
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Table 3 R’ values in 10 healthy subjects
under different models

ZiR A  DF-ANN+SE-Net DF-ANN DF ANN
1 0. 854 0. 3831 0. 823 0.754
2 0. 3832 0. 815 0.795 0.724
3 0. 861 0. 845 0. 821 0.753
4 0. 865 0. 843 0. 826 0.757
5 0.871 0.3851 0. 826 0.761
6 0. 824 0. 808 0.784 0.704
7 0. 863 0. 840 0. 821 0.749
8 0. 858 0.834 0. 805 0. 746
9 0.3834 0.811 0.794 0.713
10 0. 862 0. 842 0. 824 0.757
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