ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 37,No. 2,Mar. 2022, pp. 279—287 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2022. 02. 002 Tel/Fax: +86-025-84892742
© 2022 by Journal of Data Acquisition and Processing

ETHZFRREHEHRARFRIEITAIRA
3ot ERFL R ORL A&, BHE KIR

(1. K% R2AE B T RSB, PG4 710064 ; 2. P52 f FRHE K #0555 A0 P K & S S0 =, 794 710071)

W E: RARABRAGPMATALNSR REREMNMATRTREGCEEARET 42, A, AL
BAOTHREAMNATEREERNEG OB HE R BELE S LRGN TF R R IEFARG F M7 H 3
AT RS e T A B L FHR A EARA P R A, B, R ERFERIT A Fo FAL 2, 2 I3 108
Ye e LR, ERAE LT 55 R R RS AT A AT T kR oA IR ETFE ]
B89 S8 2 PRAE 2 R M B9 AT 3R T MR R I8 T 44 5 SR U, R R M A B AE o5 3, R R 6 FF o K B AT RN
FHEREN HIERGRAMRE G X RO RANE HIELFREBRMERB RO T, RIES R
BWRANE A FRBEL A A RN E FIEFEIEERN THRMT AR, BEHIERIMN
(Light gradient boosting machine, LightGBM) B 7 8] 2 &4 b 46 48 %+, 1045 X X B 4k 69 -F 3 32 5] F T34
93% .

KB EAAAR; T F RIRE R B AR H P AT AR EF T

hESES. TP391 XHERFRERE A

Impaired Behavior Classification for People with Special Needs Based on Wearable

Devices

MA Lun'?, WANG Ruipingl, ZHAO Bin', LIU Xin', LIAO Guishengz, ZHANG Yajingl

(1. School of Information Engineering, Chang’an University, Xi’an 710064, China; 2. National Lab of Radar Signal Processing,
Xidian University, Xi’an 710071, China)

Abstract: The impaired behaviors of people with special needs bring heavy psychological pressure and
economic burden to individuals, families and the whole society. This paper aims to explore the possibility
of sensing the impaired behaviors of people with special needs by combining advanced Al techniques with
wearable device embedded with 9-axis motion sensors to prevent accidents and reduce nursing costs.
Firstly, the self-collected data are analyzed and preprocessed to extract the features of 108 dimensions.
Secondly, in the process of feature selection, the feature is divided into three feature subsets by using two
methods of priori analysis and random forest respectively. The purpose is to reduce the time cost on the
premise of ensuring the recognition accuracy. Finally, two validation methods and six classifiers are used
for evaluation. Experimental results show that multi-sensor data fusion can greatly improve the recognition
rate of the classifier and the feature selection can ensure the recognition rate of the classifier under the
premise of low performance loss. Feature subset 3 is more suitable for representing impaired behaviors of

people with special needs. The light gradient boosting machine (LightGBM) has an obvious performance
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advantage, and the average recognition rate of 10-fold cross-verification can reach 93% , which turned out
to be more feasible and practical considering both computation cost and classification accuracy.
Key words: people with special needs; wearable devices; feature extraction; feature selection; impaired

behavior recognition; machine learning
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Table 2 Extracted features of sensor data
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LightGBM 99.4 9.2 98.3 3.0 1.1 67.4
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