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Abstract:In order to improve the accuracy of arm fatigue model recognition, this study introduces time-frequency domain, nonlinearity

and parametric model features based on common time-domain and frequency-domain features, and extracts 3-channel surface EMG

signals to form features set. Feature dimensionality reduction is generally divided into feature extraction and feature selection. This

research uses principal component analysis (PCA) in feature extraction, kernel principal component analysis ( KPCA) and mutual

information (MI) measurement methods in feature selection. Feature dimensionality reduction, using support vector machine ( SVM)

and K-nearest neighbor (KNN) as the classifier; three dimensionality reduction methods and different combinations of SVM and KNN

constitute a fatigue classification model. Results show that the correct recognition rate of KPCA and SVM is 99% , which is higher than

other combination algorithms.
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Table 1 Basic information of subjects
Ff HE/em KE/kg BMI 43

Subject P51

1 i 25 163 51 19.20 1B
2 i) 26 171 68 23.26  IEH
3 ks 23 170 57 19.72  IE#H
4 i 23 158 48 19.23  IEH
5 L 25 171 66 22.57  IEW
6 L 25 180 65 20.06 IEH
7 % 24 181 73 22.28 IEW
8 o 28 172 59 19.94 IEW
9 3 26 176 73 23.57  IEW
10 % 29 168 65 23.03 IEH

13 :BMI W E S AR dE, IE TG 18.5~23. 95 (% < 18. 4; fhi T
24.0=26.9; fE=27.0
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Table 2 The formula of time domain characteristic
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Table 3 The formula of frequency domain characteristics
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Table 4 The formula of time frequency characteristic
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Fig. 1 Framework of feature selection
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Fig.2 Schematic diagram of support vector machine
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Table 5 Classification results of three

dimensionality reduction methods
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