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Sign Language Recognition Based on Image-interpreted Mechanomyography and Convolution
Neural Network

WANG Xin-ping, XIA Chun-ming and YAN Jian-jun

School of Mechinery and Power Eningeering, East China University of Science and Technology,Shanghai 200237, China
Abstract Time series signals are widely used in various pattern recognition applications. In order to solve the problem of low
pattern recognition rate of time series signals for a large number of targets, this article uses a variety of transform methods to
convert time series signals into images, and performes pattern recognition using image classification algorithms. In the experi-
ment, the mechanomyography (MMG) corresponding to 30 sign languages on the forearm are collected and converted into diffe-
rent image styles,and a convolution neural network (CNN) framework is designed to establish pattern recognition classification
models for the images. The models are optimized twice with the application of transfer learning algorithm.and the recognition rate
of the best classification model reaches 98. 7% ,which is much higher than the recognition rate of traditional machine learning algo-
rithms. The experimental results imply that the image processing of time series signals can effectively improve the recognition rate of

multi-target pattern recognition of MMG. This paper can provide references for pattern recognition of other time series signal.
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Fig. 14 Confusion matrix of GADF style mechanomyography
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Table 1 Overfitting analysis
CHLA %)
test-1 wvalidation-1 test-2 validation-2 test-3 validation-3
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tion 45 SRR N IG5 09 I 2 L Y walidation KT Table 2 Model Performance of different classifiers
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