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A Residual Neural Network Muscle Fatigue Prediction Model for
Overhead Tasks

ZHAO Xiaoyi, ZHAO Chuan, YANG Wenxin, LIU Siqi
( School of Mechanical and Electrical Engineering, Qingdao University, Qingdao 266000, Shandong, China)

Abstract; Objective To investigate the relationship between upper limb joint angles and muscle fatigue in
overhead tasks and develop a muscle fatigue prediction model based on residual neural networks ( ResNet).
Methods Through the simulation of drilling experiments performed with different working postures and on different
operating surfaces, the maximum voluntary contraction, maximum endurance time, maximum residual muscle
force, and subjective fatigue ratings were measured. The collected data were processed and used as input for
the ResNet prediction model, which was constructed to predict muscle fatigue levels. Results The ResNet model
exhibited outstanding predictive accuracy, with a root mean square error (RMSE) of 0.028. Compared with
traditional backpropagation neural networks (RMSE =0. 053) and multilayer perceptron neural networks ( RMSE =
0.059), they displayed smaller errors and better fitting. Conclusions The proposed residual neural network
muscle fatigue prediction model can effectively and accurately predict muscle fatigue, providing strong support for
improving work efficiency and reducing the risk of work-related musculoskeletal disorders.

Key words: overhead work; muscle fatigue; joint angles; residual neural networks; work-related musculoskeletal
disorders
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Fig.1 Schematic diagrams for different postures and operating
(a) Pose A, (b) Pose B, (c¢) Pose C,

(d) Simulated overhand work test
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Fig.2 Results of pairwise comparison between different operating surfaces and operating positions

(a) MVC changes under different postures and operating planes, (b) MET changes under different postures and operating

surfaces, (¢) Maximum residual muscle strength changes under different postures and operating surfaces
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Fig.5 Comparison results between real and predicted values of neural networks

(a) Comparison of real and predicted values of

ResNet, (b) Comparison of real and predicted values of BP, (c¢) Comparison of real and predicted values of MLP
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Fig. 6 Comparison of the true value and the three predicted values

of networks

g T i — 25U B ResNet (15035 5%, LA RMSE
Ry O B0 B A B AR bR THE S5 R, ResNet
A LAt 9 X 28 %) 50N E ) RMSE 34708, L BP
MLP £ (1) T30 00 A B 43 0 B 1 1 47.59% ,52. 87%
(WF24), 2 FFAR ResNet [t BP F1 MLP (45 5%
Y XL T ResNet F55k 19 7% 22 g w4 ml DLAR
SF A AT E AR B S H B X 5 SR A5

x4 HARIRENE

Tab.4 Comparison of root mean square errors
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RMSE/rad 0.027 71 0. 058 79 0.052 88
TR %/ % — 47.59 52.87




EREMAS $£39% HF3H 202456 R
488 Journal of Medical Biomechanics, Vol.39 No. 3, Jun. 2024

4 #ig

Bt b AL PR 98 5 A 0 [e) A, AR SCOR)
ResNet #2254~ T FRETT A E S NFD Z[H]
AR R it 5 BP M M4 1 MLP 22 )2 &
HIZS 22 45 7E NFD (B 70000 1135 22 43t J 1 B9 L
AR e .

(1) MVC MET AL 7E b OGS /BTy
I 22 A Geit 5 50, B3 SR T 2 52 i ik
P14 A5 SRS 205 S | B0 T R AR v B X AN [ ) ) 5 i
AR NS

(2) ResNet fift 25 ] 28 45 75U 5 A 45 4 8) 100 3000 A
JEFIZALBE 11, RMSE 2 0. 028 , W 8503 i B | BEfi%
AR AR TR S e S A AR AR DG LA -
P 1) RS

(3) HHAMPEA P L8 AEXT L, AL PR 98 55 $50 0
M2 NFD ¥ 757 MR 1% 22 K R 22 K B Xt e, BP MLP
W45 1) RMSE 43 51 & 0.053.0.059, v LIFEH,
ResNet FZEAE R T BP A1 MLP [ Z5 570

A BT T3 S VR ol S 50 B8 i A A, Kok
MIBRFFE AT L — 204 RAE A UL, I AT 240 DG
TEFNZ SR | LAHE— 25 D0 A 53 2 1) % 8 A FH
Fil o AT A e 3 AT AFEAR KR FE ik
Hefe TGS AEAE N L LR 57 12 B 4 i 4
& FEIA B v VR T i, 75 29 A48 WA DL e &
A2, B — o i e B SO TR R A
(B, FEF 58 254 28 I 245 1% JB AL R 8% 57 ) A g
A EETE N T R M L PR g R AR R B S R
MAEE DA P AR 2 Z B H

FlEmhRAER. L,

TEBTTBR AR A% — i BB AT AR
EAe i LEE BB G X ER s ER
BAFF SR RE RN R ow FRE LB R
FBAEE

S Xk

[ 1] MACIUKIEWICZ JM, CUDLIP AC, CHOPP-HURLEY JN,
et al. Effects of overhead work configuration on muscle
activity during a simulated drilling task [ J]. Appl Ergon,
2016, 53(Part A) ; 10-16.

[2] SOOD D, NUSSBAUM MA, HAGER K. Fatigue during
prolonged intermittent overhead work. Reliability of
measures and effects of working height [ J]. Ergonomics,
2007, 50(4) . 497-513.

[3]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]
[18]

[19]

[20]

ANTON D, SHIBLEY LD, FETHKE NB, et al. The effect
of overhead drilling position on shoulder moment and
electromyography [ J]. Ergonomics, 2001, 44 (5) . 489-
501.

Syhlied, $AY, 2P, S5, BRI P I 55 BF 5T i e
JEEL[J]. PR, 2018, 28(4) ; 78-84.

LIU B, MA L, CHEN C. Experimental validation of a
subject-specific maximum endurance time model [ J].
Ergonomics, 2018, 61(6) : 806-817.

VROMANS M, FAGHRI PD. Functional electrical
stimulation-induced muscular fatigue. Effect of fiber
composition and stimulation frequency on rate of fatigue
development [J]. J Electromyogr Kinesiol. 2018;38.67-72.
MG, Zalm, 2906, & BRI P9 57 AR A
RIS J]. hEZ2R2ER, 2018, 28(8) : 61-67.

LI KW, CHIU WS. Isometric arm strength and subjective
rating of upper limb fatigue in two-handed carrying tasks
[J]. PLoS One, 2015, 10(3) : e0119550.

MA L, ZHANG W, HU B, et al. Determination of subject-
specific muscle fatigue rates under static fatiguing
operations [ J]. Ergonomics, 2013, 56(12) : 1889-1900.
Eais, sk, SE, & PFEAEF U F ULIHE SR
AT B Sl AT [ D] AR 1%, 2023, 38
(4): 797-803.

WANG RX, ZHANG XS, GUO Y, et al. Measurement and
analysis of joint angle and contact force of common thumb
movements when operating mobile phone with one hand
[J]. J Med Biomech, 2023, 38(4): 797-803.

LIU J, BROWN R, YUE G. A dynamical model of muscle
activation, fatigue, and recovery [ J]. Biophys J. 2002, 82
(5) : 2344-2359.

EHSANI M, GAO Y, EMADI A. Moden electric, hybrid
electric and fuel cell vehicles [ M]. Boca Raton; CRC
Press Taylor & Francis Group, 2010.

LARING J, FORSMAN M, KADEFORS R, etal. MTM-
based ergonomic workload analysis [ J]. Int J Ind
Ergonom, 2022, 30(3) . 135-148.

BRI, A, Rab, T ZESE B RGO &
Sz Ehfbi[J]. BRI 2, 2023, 38(2) ; 324-330.

LI SJ, ZHU Y, WU K, et al. Continuous motion estimation
of elbow joint based on multi-modal information fusion [ J].
J Med Biomech, 2023, 38(2) : 324-330.

JAIN R, MEENA ML, SAIN MK, et al. Puling force
prediction using neural networks [ J]. Int J Occup Saf
Ergon, 2019, 25(2) : 194-199.

KWON S, KIM J. Real-time upper limb motion estimation
from surface electromyography and joint angular velocities
using an artificial neural network for human-machine
cooperation [ J] IEEE Trans Inf Technol Biomed, 2011, 15
(4) . 522-530.

. N TN 4 B R A B [ M. JEET . AU T
AL, 2003.

HE KM, ZHANG XY, REN SQ, et al. Deep residual
learning for image recognition [ C ]//Proceedings of 2016
IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas: IEEE, 2016. 770-778.

A, XN WP 55 4 3 T UL S R AE I oY S e
[J]. PEAFEFRHE, 2003, 39(2): 4-7.

ARG, Tk 2 W4 Y T R R A IR BB 98 [ D]
MK, 2023.

B
)z

P



