B o o8& R AR

ELECTRONIC MEASUREMENT TECHNOLOGY

2021411 f1

DOI1:10. 19651/j. enki. emt. 2107170

E F CNN-Mogrifier LSTM B9 A{KiZsh#E R IR A & %

F #' FARAY A’ A@HK"°
(L5 M ML HE & B R A LT 1000765 2. MARAARIE S A FHFH K LR ZE b 100076)

B OE. MELES BT ER AN KR 2 8 2R AR X R SR AT U, BRI O R A
Q0] Pt e U 8 Mt A B RS S, BB AR T BB B 04 L RN T — Fh B T CNN A Mogrifier LSTM
1AMz Bl s 20U L SR CININ B TR R 30408 10 Jo 44 SRR 1F , B f A Mogrifier LSTM B £ E#Z 1248
Ja R AR SRR AR 1Y AU AR IR AT VD L RS RS L R R A 6 R b 1Y aE s R AT U . TR aE R
FHIL AL TS LSTM Rk, Mogrifier LSTM I HEM 28T 1. 03% .4 CNN #l Mogrifier LSTM fHE5 & F7 . #E 4y
P — BRI T 11793880 T 98. 18 %0, IF W] T 5 ik 19 A i e

E3- 2o PR RS Sl R e VA S BT AR LR G SN ek - WA PR iRk 3 oS Tw

FESFES;: TP391. 4 XHFRIDED: A EXRirAFR LRI 520. 2040

Human motion pattern recognition algorithm based on
CNN-Mogrifier LSTM
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(1. Beijing Research Institute Precision Mechatronics and Controls, Beijing 100076, China;

2. Laboratory ol Aerospace Servo Actuation and Transmission, Beijing 100076, China)

Abstract: With the development of sensor technology and microclectronics, it has a wide application value to recognize
human motion pattcrns by wearable scnsors. It is of great signiflicance to improve the accuracy ol recognition. This
paper considered the characteristics of human lower limb motion. and proposed a human motion pattern rccognition
algorithm based on CNN and Mogriflicr .STM. First, CNN is uscd to cxtract local related [catures of the original data,
then Mogrilier LSTM is used to replace the [ull connection layer to mine the [ront and back dependencics of local related
(caturcs., Recognize the six common motion patterns ol walking, running. upstairs, downstairs, uphill and downhill,
The experimental results show that compared with the traditional .STM algorithm, the accuracy of Mogrilicr LSTM is

improved by 1. 03%. Alter combining CNN and Mogrilicr LSTM, the accuracy is [urther improved by 1.17% to

a4 21 M

98. 18% . which proves the superiority ol the algorithm proposcd.
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