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Multi-source Physiological Energy Consumption Prediction
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Abstract: In the process of exoskeleton design, the evaluation of assistance performance directly
impacts the overall structural safety and efficiency. Addressing the current issue of predominantly
utilizing single metrics for performance evaluation, a method based on multi-source physiological
signals (surface electromyography, photopretismography, and respiration) for LSTM prediction
of motion energy consumption was proposed. This method involves preprocessing and feature
extraction of physiological signals, followed by prediction using a 6-layer LSTM model and
validation through K-fold cross-validation. Comparative experiments with DT and SVM were
conducted. Finally, an online energy consumption monitoring system was established, serving as
a basis for evaluating exoskeleton assistance performance. Results indicate the feasibility of
utilizing multi-source physiological signals for fusion prediction, with an RMSE of 0. 073 kJ for
the three-source signal. The LSTM model achieves a 39. 53% and 15. 68% reduction in RMSE
compared to DT and SVM, respectively. The total energy consumption error on the test set is
23.98 kJ, demonstrating the superior performance of the LSTM model for total energy
consumption prediction and its suitability for exoskeleton assistance performance evaluation.
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Fig. 11 Flow chart for exoskeleton energy
consumption evaluation
:h N
6 én I/I:\;

1) SEMG, PPG 1 RESP = 251 5 #5- 1k fill &
F14) 50 o T 1 e R, Hodh = RGBS RS
RMSE 7 0.073 kJ, Ut A58 8 H 1 2005 55
A Re s — e B 3% =2 sh REFETRS S .

2) LSTM #: % () RMSE {8 #H# T DT, SVM
Ry R B T 39.53%, 15.68%, Pt B 1 % A5 74!
TERUE (LA B R BLMEREW 8 /= T DT, SVM
LT

3) Xt T —Behf B P Y BV GEFE(E, DT, SVM
LSTM #1524 7351 4 149.14,89.03 F123.98 kJ,
Uk B LSTM A5 % 5 (R B8 AL F00 A8 SR fe &, T
AR FH T 210 4 B T pEREPEAY

4) JLF LabVIEW $45 (1) 7 £k B8 AE Wil &R
G2, 0] Sk b B 0 1 RE PEAR B4 AT AR AR 55
[Fi) s i 285 SR T AR S B B ) MR

Sk

[ 1] Shepertycky M, Burton S, Dickson A, et al. Removing
energy with an exoskeleton reduces the metabolic cost of
walking[ J].Science,2021,372(6545) :957-960.

[ 2] JOCHE, PMFIE, Mo, 25 i ] SR IR0 T Bk 2

R AL B ARG 5E [T] MU T A2 241, 2023,59(5) : 29~
40.
(Qi Wen-qian, Sun Shou-qian, Chen Chao, et al.Research on
multimodal interaction system of lower limb exoskeleton for
athletic training [J]. Journal of Mechanical Engineering,
2023,59(5):29-40.)

[ 3] Baltrusch S J, van Dieén J H, Koopman A S, et al. SPEXOR
passive spinal exoskeleton decreases metabolic cost during
symmetric repetitive lifting[J |. European Journal of Applied
Physiology,2020,120(2) :401-412.

[4] Zhou T C, Xiong C H, Zhang J J, et al. Reducing the
metabolic energy of walking and running using an
unpowered hip exoskeleton [J]. Jouwrnal of Neuro
Engineering and Rehabilitation,2021,18(1):1-15.

[ 5] Slade P, Kochenderfer M I, Delp S L, et al. Personalizing
exoskeleton assistance while walking in the real world [J].
Nature,2022,610(7931):277-282.

[ 6 1 Beato M, Impellizzeri F M, Coratella G, et al. Quantification
of energy expenditure of recreational football[J].Journal of
Sports Sciences,2016,34(24):2185-2188.

[ 7] Bisi M C, Stagni R, Han H, et al. An EMG-driven model
applied for predicting metabolic energy consumption during
movement | J |.Journal of Electromyography & Kinesiology ,
2011,21(6) : 1074-1080.

[ 8] Tsianos G A, Macfadden L N. Validated predictions of
metabolic energy consumption for submaximal effort
movement [J]. Plos Computational Biology, 2016, 12(6) :
el004911.

[9] ChoiJ] W,Kim H J.Accuracy verification of heart rate and
energy consumption tracking devices to develop forest-based
customized health care service programs [J]. Journal of
People Plants and Environment,2019,22(2):219-229.

[10] Wang B C,Li Y, Luo Y, et al. Early event detection in a
deep-learning driven quality prediction model for ultrasonic
welding [J]. Journal of Manufacturing Systems, 2021, 60:
325-336.

[11] T3, #wees, 208 35+ sEMG HILSTM [ T i % 8532 5

FFLI] AR AR 224 (A 28R L 2020, 41(3) :305-
310.
(Wang Fei, Wei Xiao-tong, Qin Hao. Continuous motion
estimation of lower limbs based on SEMG and LSTM [J].
Journal of Northeastern University( Natural Science) ,2020,
41(3):305-310.)

[12] Dbl , & 75 JCIRICL AL AR 6 18 AR AE AR I v Y
NI AL T RS 3031, 2014,35(12) :4395-4401.
(Qiu Xun-chao, Cao Jun. Application of passive wireless
sensor platform in human running detection [J]. Computer
Engineering and Design,2014,35(12):4395-4401.)

[13] Zong X, Wang F, She J, et al. Denoising method for surface
electromyography signals combining CEEMDAN and
interval total variation [J]. Circuits, Systems, and Signal
Processing,2022,41(11) :6493-6512.

[14] Hochreiter S, Schmidhuber J. Long short-term memory [J].
Neural Computation,1997,9(8) :1735-1780.



