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Abstract

Gait recognition of lower extremity exoskeleton robot is a key technology to realize the intelligent
exoskeleton and human-machine collaboration, which is of great significance in the fields of reha-
bilitation medicine, assisted walking, and motion enhancement. However, the existing gait data ac-
quisition is faced with such problems as complex hardware layout, high cost, and long collection
process. At the same time, the traditional manual gait feature extraction method has a low degree
of automation, strong subjectivity, and a heavy workload. To solve these problems, this paper pro-
poses a gait recognition method based on mixed simulation and real data. First of all, Solidworks
was used to model the lower limb exoskeleton robot. The dynamics model of the lower limb exo-
skeleton robot was built through Simulink, and the required gait simulation data was generated
using the C3D human gait database as the data source. The simulation data was then fused with the
real gait activity data from the WISDM dataset to construct a hybrid dataset, which significantly re-
duced the cost and difficulty of the actual experiment. Then, according to the characteristics of time
series data, a deep learning model, Halfconstm, is designed for gait recognition of lower limb exo-
skeleton robots to accurately identify and classify gait movements. The experimental results show
that this method can efficiently and accurately complete the task of gait recognition, which has high
application potential and provides a new solution for the intelligent and convenient design of lower
limb exoskeleton robots.
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TRANE BB A — PSRRI, T RNV N TR REBOR AT 7 i s, RS BATIE
G [ Ia B BE 7 3 1 A ISR 45 A AR . 102D A SR SE LA B B LA N BEAL 5 AL
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B[1], XIEEE NG G 8RR J7 20k LA ROR I AR 2845 AR HE OREALAE SR, St —Fh
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Figure 1. Simulation data collection flow chart
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Figure 2. The joints of the left and right legs of the lower limbs were fitted with curves
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3.1. BiETALE

X FRTCEAG BEGE, ASCAE Pycharm A b AT 0= (1) B 19 203 V3 — {6 (Normalization) PATE AT
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Figure 3. Data labeling procedure
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Figure 4. Halconstm model diagram
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e, ASCH FRT 15 3 USSR 5 253 XUZ PConv Al 5 35 AR H B 3 (1) JEL R B A HE T B 3.
TR B LE [R5 A PR R AR I 00 1R I TR AR M AL 5 6L, AT — A B SR ML A, A B T T
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RLF AT, RS HE E A (]I AR AE ) B A A8 Ak, BT I AR B B T ] 5 PR

For Wy AT by BB SEREFIm B 1) & FhR | RoRE RG] o2 NG R EL, 7 DA EEVF 20k 0,
t4n sigmoids, rectified linear units (ReLU)FH tanh BR%. 1255, AT LARA E 2 FIRCE L fh B A0S BRI
L5 CFD BLAUAREL, IR AR B % KOR FRAR T B AR

3.2.2.LSTM 5432
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Figure 5. Time-frequency domain information extraction module
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He, g, A ERHERE@DTE KA. h FoRar— N ZIBREIRAS (i T 2 /5 &7 511G
B)o W. b FRMERELENME, o F£n Sigmoid BIFREL HT 1 1HE#AE.

LSTM 22 )&, i8id4 5 T Hitiik (GlobalAveragePoolinglD)it— L B XS HHEE, AN B&4BHE
BT RANIAS . &, D4R Z (Dense)ii B A2801, 1 softmax B ek 20K 45 S Ay

[ERf, ERERYIZadfEd, A Adam (Adaptive Moment Estimation)fifb 2%, 0\ amsgrad =
True ZHCKIEEB R I ZRYERE . Adam TRALER 2 —Fh 255 T 3 & (Momentum) I [ Jd& 7% 2] %6 (Adagrad)
Mtk T, 38 F T A B A EOE F s 4E S 50 18] . 78 R I AME B L2 A D &5 3R AT %54, Adam
RALES BEBSTEAL TSR B 2 /ME AR PR G HAER, BRGNS 2, N 2ol #2442
RIS B, AR F IR S ST A SRR RC B e 1 BoR . RTHRAL SR SR e v . B bRk
PR BRI A SCIR A DA BARAT %8 LR

Table 1. Deep learning software and hardware configuration
# 1 REZIRHESEHRE

fatn ZH
Tensorflow_gpu fii 4 2.8.0
Python f A 3.7.0

BIER S Windows 10 Pro — x64
GPU 16GB

RO AR Intel(R) Core(TM) i5-10400F
Clock Frequency 2.90 GHz

BAT WA 16 GB

m
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Table 2. Model training results
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E4L S
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3LSTM 89.04 89.00 89.26 89.08 8955 89.66 89.04 89.27 89.96 89.65 89.351 388,680
%ﬁ%&;) 8097 8989 89.31 9012 90.24 9051 90.47 9024 90.08 9071 90.154 125512
//
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Figure 6. Model confusion matrix diagram
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