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A pattern recognition method of lower limb movements based on
convolutional neural network

ZHANG Xia, ZHAO Dong, TAO Sihan
(School of Mechanical, Electrical and Vehicle Engineering, Chongqing Jiaotong University, Chongqing 400074, China)

Abstract: In order to solve the problems of low data and low recognition rate in the current pattern recognition technology of
lower limb movements, a new lower limb movement pattern recognition method based on convolutional neural network was
proposed. The lower limb gait movements recognition was taken as the object, and the surface electromyography (sEMG)
signals of five gaits of walking on flat ground without weight, going up/down stairs without weight, and going up/down stairs
with weight were collected. Based on the feature extraction of SEMG, a convolutional neural network with feature set as input
was constructed,s and the recognition accuracy and working characteristics of several other classification and recognition
methods were compared. The experimental results show that the average recognition accuracy of this method for five gaits is
greater than 95%, and the error rate is less than 8%, which has high accuracy. The input feature set of the method can better

represent the characteristics of the prediction model, and the pattern recognition rate is higher, which provides some reference
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for the improvement of lower limb motor function of rehabilitation medical robots. power-assisted robots and other equipment.

Keywords: pattern recognition; surface electromyography signal (sEMG); convolutional neural network; feature extrac-

tion; classification and recognition; lower limb movements
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Fig.3 Characteristics of rectus femoris in time domain and frequency domain
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P TSR I 5 AR X2 A B AT ek 15 22 P 1) A% 9 RIBE JBE T B A o AN Bk AR B A A
IR BN BE 19158 25 SR ARIEUR L DRAF AR Y 19 32 SUIR 4 2% (Loss) AR HER %8 (Accuracy) 2 24, R H]
T 3R 00 3 X A AR g 15 2 RNVEE A R HEAT S Uk . TR B 2 S RN B HE R /N 155, 2% SRS FE R R 0.01, 34K
RN 1000, SEH R FH A FL I 45 7E 2 48 8 Windows10, Ab H88  i5-9400FCPU ., fifi F [ I J 2% > HEZE
Tensorflow, 5 8T & 355 J& spyder,

3 THRIERKANLBERKSH

KRB G T HZ R F R SRS R, nE 1 R, 2R E AT B R DM N 96.83 %,
AR AR 2R 95.97 % . PRSI BIMER 2R 96.27 % , T RS IVERG 2 95.75 % . T T AR B ERR
FK 96.55% . A UL, HBAT A B 4D AP0 E AR AR S v L T T E R A D S T A R AR I

A1 MXFFESHERNER

Tab.1 Results of gait and movement recognition
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