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Surface EMG Data Enhancement Method Based on Improved Energy
Generation Adversarial Networks

WANG Hanli, MA Mingyu
(School of Mechanical, Electrical and Vehicle Engineering, Chongqing Jiaotong University,
Chongqing 400074, China)

Abstract: Electromyography (EMG) control is a research focus in intelligent prosthetics, where its recognition algorithm
relies on on extensive EMG data. However, Surface EMG signals have the characteristics of difficulties in acquisition, lack of
data diversity, and instability in quality. Hence, an EMG data augmentation method based on an improved energy-based gen-
erative adversarial network (EBGAN) is proposed. This method combines convolutional neural networks with the EBGAN
model to enhance the model’s optimization and simulate the generation process of original data. Dynamic time warping and
mean squared error (MSE) of the fast Fourier transform (FFT) amplitude are employed as metrics to evaluate the authentici-
ty of the generated data across time and frequency domains. Support vector machines (SVMs) and other models are used to
classify and validate the effectiveness of the synthesized and original data. Experimental results demonstrate that the EMG
signals generated by the improved EBGAN model are highly similar to the original signals. and the synthesized data set sig-
nificantly improve the classification accuracy. with an increase range of 1% to 9%. This confirms the effectiveness of the data
augmentation method and provides a new approach for the intelligent analysis and application of EMG signals.

Keywords: surface EMG signals; data enhancement; generative adversarial network; classification accuracy
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