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Abstract

Muscle fatigue assessment is one of the most popular research filed recently, and it is closely re-
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lated to people’s daily health. At present, the commonly used classification methods of muscle fa-
tigue include Support Vector Machine (SVM), Random Forest (RF), logistic regression and other
shallow machine learning methods. In order to further improve the accuracy of muscle fatigue
recognition, this paper designs a hardware acquisition device to collect data from the muscle fati-
gue experiment of the rectus femoris of the lower limbs, and constructs a deep forest model to di-
vide the preprocessed surface electromyography (sEMG) data into three categories: normal, fati-
gue and extreme fatigue, compared with the traditional methods of SVM and RF models. The expe-
rimental results show that the deep forest model has the best fatigue recognition effect, with an
overall accuracy rate of 92%. The proposed method is superior to traditional methods in all eval-
uation indicators. The deep forest-based fatigue detection algorithm for the rectus femoris of the
lower limbs can be used as a method of muscle fatigue recognition to provide reference and help
for human health.
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Figure 1. Overall flow chart
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Figure 2. Overall block diagram of the hardware acquisition device
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Figure 3. Lower extremity muscle fatigue experiment. (a) SEMG acquisition equipment; (b) Simulated cycling damping bi-
cycle muscle fatigue experiment
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Figure 4. Preprocessing of SEMG signal. (a) Raw EMG signal; (b) Signal after denoising and motion segmentation
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Figure 5. Data distribution of the three muscle states of all subject
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Figure 6. RF algorithm implementation process
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Figure 7. Deep forest implementation process
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Table 1. Classification results of lower limb muscle state
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SVM Precision Recall F1 score Accuracy
Normal 100% 100% 100%
fatigue 88% 56% 0.77
extreme fatigue 69% 93% 79%
Total 84%
RF Precision Recall F1 score Accuracy
Normal 100% 100% 100%
fatigue 83% 70% 76%
extreme fatigue 76% 86% 81%
Total 86%
DF Precision Recall F1 score Accuracy
Normal 100% 100% 100%
fatigue 89% 85% 87%
extreme fatigue 86% 90% 88%
Total 92%
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Figure 8. Comparison of the confusion matrix results of the network
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