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Abstract: For the aim of improving accuracy and reducing training time in automatic gesture
recognition, a new gesture recognition model based on Fisher Score (FS) feature reduction
combined with machine learning method is proposed. Firstly, the feature set is extracted from
four-channel surface electromyography signals, involving the features of time domain, frequency
domain, time-frequency domain and nonlinear dynamics. Then, FS and principal component
analysis (PCA) are used for feature reduction respectively, and linear discriminant analysis
(LDA) and support vector machine (SVM) are adopted as classifiers. Finally, different gesture
recognition models are constructed by the two classifiers with and without two feature reduction
methods, and their classification performance is compared. Experimental results demonstrate that
the feature reduction method can help classifier improve accuracy and reduce training time
significantly. Furthermore, compared with PCA, FS is a simple and effective feature reduction

method: the combination of SVM and FS can achieve the highest classification accuracy of
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99.92%; the combination of LDA and FS obtains the accuracy of 99. 24 % and takes the shortest

training time of 1.44 ms, which suggests an ideal method for real-time automatic gesture

recognition.

Keywords: surface electromyography; feature extraction; feature reduction; machine learning;
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