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Research on intelligent recognition algorithm of human
gait detection based on machine learning

Gao Jingwei' Ma Chao' Yao Jie® Wang Shaohong'

(1. Key Laboratory of Modern Measurement and Control Technology, Ministry of Education, Beijing Information
Science and Technology University, Beijing 100192, China; 2. School of Biological Science and
Medical Engineering,Beihang University, Beijing 100191, China)

Abstract: In order to achieve rapid gait state judgment and analysis to better perform high-precision gait recognition and control of the
exoskeleton of the lower limbs, the algorithm research based on wearable inertial measurement device to detect human body posture
change is carried out. Through the measurement experiment of non-periodical gait changes such as falling, turning, squatting and
standing up of the lower limbs of the human body, data of the subjects’ body angle, lower limb joint angular velocity and acceleration
changes during the experiment were obtained, and then random forests were applied. Four classic classification algorithms for machine
learning have performed a comparative analysis of activity recognition on subjects. The results show that compared with other algorithms,
the decision tree supervised learning algorithm can quickly and accurately detect and judge a variety of non-periodic changes in the
human body in the active state, the previous recognition accuracy can reach more than 99%. Research can provide a theoretical basis for
the development and application of wearable smart equipment.
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Fig. 1 Flow chart of experiment
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Fig.3  Description of the position of human body placed

in the IMU measurement unit
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Fig.4 Decision tree for fall experiment
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Fig.5 Algorithm experiment flow
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Fig. 6 (a)~(c) Variation curve of falling;

curve of squatting and standing up
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Fig. 7 Comparison diagram of cross-validation of
various algorithms in the fall experiment
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Table 2 Confounding matrix of turning experiment
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Table 3 Squat and stand up confusion matrix
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Fig. 8 The algorithms are cross-verified

in the turning experiment
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Table 4 Each algorithm is evaluated in the fall experiment

BAPRIEE R ORER HlR P B mEYs

) 0.9841 0.9844 0.9841 0.9841  0.0058
FEMLARAR  0.9682 0.9682 0.9683 0.9682  0.259 3
TR RNl 0.7074 0.6594 0.7074 0.6824  0.049 5
RPEFUT 0.8471 0.8471 0.8471 0.8446  0.066 7
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Table 5 Each algorithm is evaluated

in the turning experiment

BAPRIEE R ORER flR P B s

RPEMUT 0.9844 0.9844 0.9844 0.9844  0.099 1
TR EHNL 0.5958 0.5902 0.5958 0.5925  0.156 0

PSR 1.0000 1.0000 1.0000 1.0000  0.005 6
BEHLARAK  0.9961 0.9961 0.9961 0.9961 0.278 6
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Table 6 Evaluation of algorithms in squat and

standing experiments

BEGRBIRRE R RTIR HIER R s E/s

PSR 0.9863 0.9865 0.9863 0.9863  0.0147
FEMLARAR  0.9954 0.9957 0.9954 0.9955  0.407 0
PEFEYT 0.8901 0.8901 0.8901 0.8815  0.128 8

FHREENL 0.8198 0.7667 0.8198 0.7669  0.297 6
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Table 7 Decision tree algorithm scoring results (%)

BRI e LR PEREIES F-1 14
PSR 99.313 99. 324 99.313 99.313
RHAILARAR 99.116 99. 120 99. 118 99. 116
KREm L 63. 856 67. 146 63. 856 63. 872
etk A 97.706 97. 706 92. 706 91. 454
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