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Abstract: To improve the recognition accuracy and computational efficiency of gait recognition for lower extremity
surface electromyography (SEMG), the Gaussian kernel function-regularized extreme learning machine (GKF-RELM) algo-
rithm is presented. The features of time domain, frequency domain and non-linear dynamics via SEMG signals are extracted
and the corresponding gait recognition rates are calculated, respectively. Fisher discriminant function is utilized to analyze
the separability of the proposed features, and the fusion features of multi-class features are obtained as the input data to train
the classifiers, and the trained classifier is used for gait recognition. The recognition rate and calculation time are compared
with support vector machine (SVM) and deep neural network (DNN). The results show that the combination of multi-class
features based on Fisher discriminant separability index can obtain the optimal recognition effects, and improve the classifi-
cation accuracy, as well as optimize the calculation efficiency. In addition, the recognition rate of GKF-RELM method is
preferable to that of traditional ELM method.
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