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Recognition system of fatigue states based on gait information
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Nanjing 210003, China)

Abstract: In this paper, a fatigue recognition system based on gait information is designed. Gait information is collected in real
time through a pressure membrane and inertial sensor, and the gait signal is sent to the upper computer by Bluetooth. The upper
computer uses a dynamic time warping algorithm for gait segmentation. From a single gait sequence, the maximum, minimum,
mean, standard deviation and other statistical features are extracted, and then a machine learning classification model is used to
identify the fatigue state. In this paper, the fatigue state is divided into 5 types:normal walking and 60% , 70% , 80% , and 90% of
the maximum oxygen consumption correspond to the exercise intensity. The fatigue state recognition algorithm uses machine learning
classification algorithms such as Random Forest, Support Vector Machine, and Gradient Boosting Decision Tree. The experimental
results show that in the test set, the accuracy of random forest fatigue level recognition reaches 94. 7%. After signal screening, the
accuracy of random forest fatigue level recognition can still reach 91. 3%.
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Table 1 Correspondence table of fatigue levels and exercise intensity
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Fig. 1 Wearable devices for collecting gait information
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Fig. 2 Eight signals collected by pressure sensor array and nine signals collected by IMU
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Fig. 3 Single-step signal after gait segmentation
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Fig. 4 Comparison of model classification accuracy
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Table 6 Accuracy of the Random Forest model
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Table 9 Accuracy of the gradient boosting decision tree

fESfod TIE wE | FSf THE R
1 0.626  0.008 6 0.915  0.011
2 0.762  0.006 7 0.913  0.013
3 0.898  0.011 8 0.914  0.010
4 0.906  0.015 9 0.917  0.009

5 0.913  0.013

BEALARARB R B AR R S 5 R 5 55,5 fi%
AE LB HER R A 91. 3% ; XGBoost #RY ({ i ({5

SR 4 BG5S R UEAER N 90. 6% ;
AdaBoost 5B (I AEAE 580 7 M55, 5 58 X
AIE IR A 92. 0% ; A B 4 5 BRI () A1 5
Bk 5 AMES,5 538 R UEHERG N 91. 3%,

T I e PR ML AR PRAE TR | R IR 5 B/ )
5 (o B BE 2 FlOINEEE oy AR T o Bl AR R E A 2
MRS ), I BB B & 0 57 KO U A
B RN H T ExtraTree HEHf R FEAEA AL I
K6 i,

1.00

0.95

0.90

£ 0.85

0.80
0.75 XIS UEYIN R e R
32 SUYG TR AR A 5

0.70

200 400 600 800 100012001400 1600 1800

B 6 ExtraTrees A ZREFEARITHE

Fig. 6 ExtraTrees accuracy variation graph with samples

AR L3R B e 6 R AN 5 SR, RN
R BEAT IG5, 45 200 158 4R 114 T 15 R I 6] 0 2% 288 531
EMZE R LA RIEFE R E 7 B, 1817
AR A TIPS 2], R{E s T
IR AR B E B, B2 b
LR LLBIINPE 8 B, P 8 o Bl o SRR ],
NI /R R — I B P AR 5 %S B Y o
P &7 FE 8 on, R o P45 R 2 IE# A
P 7 FpoRT A 2 B0 B8 A I X A AR RO 2 Y LA
RTI , 56 RH T 15 22 32 R AR A LRI AT, 13
2 R AT RE PR

100
1 80
o
X2 60
i
40
3
20
4
0
0 1 2 3 4
T

& 7 ExtraTrees /B &M

Fig. 7 Confusion matrix of ExtraTrees



110 E I B 2 o A S B A | %16 &

! UM T AR A I AEA T E R b R B 5 BRI Y

w0 g a& PR, ORI L AT JULIA S 75 55 , 3 i

PRSI 5 55 P2 | 3 P 7 B 2D AT Y e o T

g % VeI, tnte oz , ARk il TN AT T o5 R e A

20 EE Y TARZEHE, WA T TR, T

5 22 A fE it T ORIIE

& 40
20

[1] CHOORUANG K, MANGKALAKEEREE P. Wireless heart rate

0 1 2 3 4 5 monitoring system using MQTT[J]. Procedia Computer Science,

HIAG) 2016,86:160-163.

B8 FWMZERESANEINBHLE

Fig. 8 The proportion of prediction results in each category
3 itie

P et E NS SN e A (o)
SEGIHAE S BEAY , AT LA RO AR A R
Wi, TSR RS BB WA B, AT
,uéj\gﬂﬂl PRI, 38 1 ML o T A BRI 57 R

AT R AU %%’J%%ﬁ%%ﬁ%iﬁ)ﬁ,%v%&%
RIS, 95 55 UM B HERf PE DR TR AR KF

TS 2% #FEI‘JKE%U EN/E9 e B
FT AR B PR AR IR LB, TR AR, BT
AAF IS B AR AR AT A R AT S 8, [
I, SER AR T A SCIA Tk A

4 LERIE

FEARTSC R WESE T A A B 57 ki vg 7, Al
FHE 4% G R AL RS 15 5 A AR 5 b 57
JE 5207 A M R AN 2 3 AT 60% . 70% 80% |
90% VO Jr X} I ()12 3l 5 BEAE R 9% 55 S5 9, 7 —
FRIE I oa iR T A2 S 55 S5 R R FE i, R
FH Bl 75 Bt 1] B4 3 Xt 26 A s 0 A5 1, A 3k
B LT 53 24 L35 P 91 5 SR FH 187 B Y R
TEHEBUR 7 B A S R 9 A e Kk /N 2
(EURIBRIE 25 SRR AE , AR T RS RY 1) 52 2% 8 3l ok
Z PSSR RS B LA, R 3 B AL AR ARARE 50 6] 15
PR AR (095 57 R BE RO B 5 00 2 i ik
i %%E@ﬁ%%%ﬁiﬂ%ﬂ*%ﬁ*ﬁ% 0. 024, K A A
FPEAR IR ERAE 5 HEA TR 57 B BRI, BRI Z 4h,
A SO LR A5 5 Shapley {1 8- 15 46 % K %6
ﬂﬁ%ﬁﬁz%%%ﬁ”u R E B, R, X
TRIEES G T AT HE— 2D i | e 28 {5 5 A B0k
ﬂf%ﬂ%%ﬁ%#ﬁ%% RGN 91.3%

AR SCIIT SR FH 095 57 7 B TR0 22 G0 BR A M A 1t 52

[2] LIU Yonghuan, ZHANG Lei, WANG Yucheng. Wireless control
design of intelligent window [ J]. Smart Factory, 2016, 1188 -
90.

[3] MA Liang, CHABLAT D, BENNIS F, et al. A new simple
dynamic muscle fatigue model and its validation[ J]. International
Journal of Industrial Ergonomics, 2009,39( 1) ; 211-220.

[4] SILVA B A R S, MARTINEZ F G, PACHECO A M, et al.
Effects of the exercise —induced muscular fatigue on the time of
muscular reaction of the fibularis in healthy individuals [ J].
Revista Brasileira de Medicina do Esporte, 2006,12; 85-89.

[5] GERLACH K E, WHITE S C, BURTON H W, et al. Kinetic
changes with fatigue and relationship to injury in female runners
[J]. Medicine and Science in Sports and Exercise, 2005,37(4) ;
657-663.

[6] TKACH D, HUANG He, KUIKEN T A. Study of stability of
time— domain features for electromyographic pattern recognition
[J]. Journal of Neuroengineering and Rehabilitation, 2010,7.21.

[7] GUAITOLINI M, TRUPPA L, SABATINI A M, et al. Sport—
induced fatigue detection in gait parameters using inertial sensors
and support vector machines[ C ]//Proceedings of 2020 8" IEEE
RAS/EMBS International Conference for Biomedical Robotics and
Biomechatronics ( BioRob ). Piscataway, NJ: IEEE, 2020; 170 -
174.

[8] ZHANG Jian, LOCKHART T E, SOANGRA R. Classifying
lower extremity muscle fatigue during walking using machine
learning and inertial sensors [ J ]. Annals of Biomedical
Engineering, 2014,42. 600-612.

[9] CHOI H R, KIM T Y. Directional dynamic time warping for
gesture recognition [ C]// Proceedings of the 2™ International
Conference on Multimedia Systems and Signal Processing. New
York:ACM, 2017 22-25.

[11]GIAO B C, ANH D T. An application of similarity search in
streaming time series under DTW . Online forecasting [ C ]//
Proceedings of the 8" International Symposium on Information and
Communication Technology. New York:ACM, 2017 10-17.

[11 ] YONEKAWA K, YONEZAWA T, NAKAZAWA J, et al.
FASH: Detecting tiredness of walking people using pressure
sensors| C |// Proceedings of the 6™ Annual International Mobile
and Ubiquitous Systems: Networking & Services. Piscataway,NJ.
IEEE, 2009: 1-6.

[12]LIU Jun, CHEN Jianhui, YE Jieping. Large—scale sparse logistic
regression [ C ]// Proceedings of the 15" ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining. New York: ACM, 2009: 547-556.



iKih, 5 BRTEEEE

B2 s 57 RN R G5 111

[13] AKAY M F. Support vector machines combined with feature
selection for breast cancer diagnosis [ J]. Expert Systems with
Applications, 2009,36(2) ; 3240-3247.

[14]BELL J. Machine learning for big data; Hands—on for developers
and technical professionals[ M]. New York: Wiley,2015.

[15] BATAINEH A A. A comparative analysis of nonlinear machine
learning algorithms for breast cancer detection[ J]. International
Journal of Machine Learning, 2019,9(3) ;248-254.

[16 ] MITCHELL T M. Machine Learning [ M ]. Beijing: China
Machine Press ,2003.

[17]BAUMANN F, EHLERS A, ROSENHAHN B, et al. Sequential
boosting for learning a random forest classifier| C]// Proceedings
of 2015 IEEE Winter Conference on Applications of Computer
Vision. Piscataway,NJ.IEEE,2015. 442-447.

[18]ZHAO Xiaowei, LI Xiangtao, MA Zhigiang, et al. Prediction of
lysine ubiquitylation with ensemble classifier and feature selection
[J]. International Journal of Molecular Sciences, 2011, 12(12) .
8347-8361.

[19] GARDNER M W, DORLING S R. Artificial neural networks
(the multilayer perceptron ) —a review of applications in the

atmospheric sciences [ J ]. Atmospheric Environment, 1998, 32

(14-15) : 2627-2636.

[20] YAN Hongmei, JIANG Yingtao, ZHENG Jun, et al. A
multilayer perceptron —based medical decision support system for
heart disease diagnosis [ J].
2006, 30(2) . 272-281.

[21] PEDREGOSA F, VAROQUAUX G, GRAMFORT A, et al.
Learning scikit — learn; Machine learning in python [ J]. The
Journal of Machine Learning Research, 2011,12.2825-2830.

[22]BUITINCK L, LOUPPE G,BLONDEL M, et al. API design for
machine learning software; Experiences from the scikit — learn
project[ J]. arXiv preprint arXiv,1309. 0238,2013.

[ 23] CHEN Tiangi, GUESTRIN C. XGBoost: A scalable tree boosting
system[ J]. arXiv preprint arXiv,1603. 02754,2016.

[24]BUNCE J D, PATTERSON D E, FRANK I E. Crossvalidation,

bootstrapping, and partial least squares compared with multiple

Expert Systems with Applications,

regression in conventional QSAR studies [ J ].
Structure—Activity Relationships, 1988, 7(1) . 18-25.

[25] SHORROCKS A F. Decomposition procedures for distributional
analysis: A unified framework based on the Shapley value[ J].
The Journal of Economic Inequality, 2013, 11(1): 99-126.

Quantitative



