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Study of muscle fatigue state classification based on
Fourier decomposition method

Yao Helong Lyu Donghao Zhang Yong Zhang Peng Cao Zhen

(School of Information Engineering, Inner Mongolia University of Science & Technology, Baotou 014010, China)

Abstract: Due to the nonlinearity and non-smoothness of surface electromyography (sEMG) signals, which leads to the limitations of
traditional muscle fatigue classification methods, a muscle fatigue classification method based on the combination of Fourier
decomposition method (FDM) and machine learning is proposed based on this. The FDM is used to decompose the sEMG signal into a
series of Fourier intrinsic band functions (FIBF) , determine the optimal decomposition level, extract the ratio of the total power of each
FIBF component to the total power of the sEMG signal (FTPR) as classification features using the FDM, and compare the effectiveness
of each machine learning classification algorithm and the effect of data length on the classification accuracy. It was shown that the FDM-
based feature extraction method can effectively identify muscle fatigue states, and an average classification accuracy of 98. 17% was
obtained using a support vector machine classifier with a data length of 3 000 and a 10-level decomposition level of FDM. Each FIBF
component was analyzed individually, and it was found that the FTPR under the 5th FIBF component had the best class separability, and
the FTPR of the Ist to 2nd components would become larger when muscle fatigue was present, and the FTPR of the 4th to 10th
components would become smaller, i.e. , the frequency amplitude of the sEMG signal in the 0~ 117 Hz interval would increase when
muscle fatigue was present, and the frequency amplitude in the 175.5 ~ 585 Hz interval would decreases. By comparing the muscle
fatigue classification effects of different feature extraction methods, the experimental results show that the FDM and FTPR features can
significantly improve the classification accuracy. Therefore, the proposed method can be used for muscle fatigue state recognition.
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Fig. 1 Signal processing flow chart
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Fig.2  Fourier decomposition method process of sEMG signal under non-fatigue condition
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Fig. 4 Fourier decomposition method process of sEMG signals under fatigue condition
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Fig. 5 Spectrogram of each FIBF component under fatigue condition
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Fig. 6  Spectrogram of sEMG signal under non-fatigue condition
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Table 1 Comparison of average classification accuracy of
different classifiers under different

decomposition levels of FDM (%)

i-FIBF DT LDA NB SVM KNN
6-FIBF 89.17 86. 00 87.50 96. 50 94.17
7-FIBF 82.50 84.83 83.67 96. 33 94.17
8-FIBF 90. 50 88. 50 86. 83 96. 67 96. 00
9-FIBF 95.00 87.50 87.50 96. 17 92.83
10-FIBF 92.17 92.00 87.67 98.17 94.33
11-FIBF 89. 83 87.50 87.83 96. 67 93.33
12-FIBF 95.67 89. 00 88.17 96.5 93.83
13-FIBF 89.33 85.50 87.00 96. 83 93.17
14-FIBF 85.17 87.17 86. 50 93.83 92.33
15-FIBF 86. 83 88. 50 86. 17 94.33 92.17
16-FIBF 89. 00 87.67 87.50 95.83 91.83

+F2 HEB/HAUC T LE

Table 2 AUC comparison of classifiers

I ROC(AUC)
DT 0.92
LDA 0.95
NB 0.97
SVM 1.00
KNN 0.97

FEASCH 3875 56 T AN TR) A0 B0 < B8 o 40 e g
FIsEIm, M 3 HRal DL Y5 K 8 3 000 B, 15
B2 70 2 UE K 98. 17% -3 REUE K 96. 77%
FISES4 R BE R 99. 62% , Ho v B A sl B R #
SRR IEAL, JRERNLRIE S T sEMG {555
SELE TR AR R DU Y B R AR T B A R B
sEMG {55 WHE A5 B, B KK RIRAE sEMG 15
5 I ALK DL ZE T WL IR 55 R AR TR A2 B0f o el >R
FEAR

R3 HIBKEX SVM KM
Table 3 Effect of data length on the

performance of SVM classifier

B Sen/% Spec/ % Ace/%
1 000 85. 81 81.52 83.83
2 000 94.17 95.73 95.00
3 000 96.77 99. 62 98.17
4 000 96. 65 97.05 97.50
5 000 94. 47 98.95 96. 67
6 000 93.90 94.97 94. 83
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Fig. 8 Feature comparison chart
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Fig.9 Different models feature recognition accuracy statistics
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Table 4 Comparison of methods

ik WRAE PIIIGETR % PR EERR %
mHR % RMS 78.59 79.33
WO R 72.97 71.17

EMD FTPR 86. 32 87.33

FDM RMS 93.36 93.17

FDM FTPR 95. 00 98. 17
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