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EM G pattern recognition method for prosthetic hand based on
wavelet trand orm and sample entropy

ZHAO Jing-dong', JIANGLi*, CAl Hegao", LIU Hong®
(1. College of Mechatronics Engineering, Harbin Institute of Technology, Harbin 150080, China; 2. Institute of
Robotics and Mechatronics, German Aerospace Center , Munich 82230, Germany. Correspondent : ZHAO Jing-dong,
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Abstract : A nove classfier is presented, which can achieve the finger motion control of a 3DOF prosthetic hand by
measuring the surface EM G through three electrodes mounted on the flexor pollicis longus, flexor digitorum
profundus and extensor digitorum. By using wavelet trandorm and sample entropy to construct feature vectors, the
flexion and extension of the thumb, the index finger and the middie finger can be succesd ully identified via three-layer
feedforward neural network which combines the variable learning rate (VLR) and reslient backpropagation (RP)
algorithm. The average correct rate is above 96 %. Furthermore, the experimental results show that the classfier
presents a new method for the EM G control of the multi-DOF prosthetic hand.
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