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EMG-based Prediction of Muscle Forces

J.U. Chu, J. H. Hong, S. K. Kim, M. S. Mun(Korea Orthopedics and Rehabilitation Engineering Center),
J. H. Lee(IPSI)

ABSTRACT

We have evaluated the ability of a time-delayed artificial neural network (TDANN) to predict muscle forces using only
eletromyographic (EMG) signals. To achieve this goal, tendon forces and EMG signals were measured simultaneously in the

gastrocnemius muscle of a dog while walking on a motor-driven treadmill. Direct measurements of tendon forces were
performed using an implantable force transducer and EMG signals were recorded using surface electrodes. Under dynamic
conditions, the relationship between muscle force and EMG signal is nonlinear and time-dependent. Thus, we adopted EMG
amplitude estimation with adaptive smoothing window length. This approach improved the prediction ability of muscle force
in the TDANN training. The experimental results indicated that dynamic tendon forces from EMG signals could be predicted

using the TDANN, in vivo.

Key Words: Time-delayed Artificial Neural Network (TDANN), Muscle Forces, Eletromyographic (EMG) Signals,

Adaptive Smoothing Filter
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Fig. 1 Time-delayed artificial neural network
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Fig. 2 Force record of dog gastrocnemius
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Fig. 3(a) EMG record of dog gastrocnemius
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Fig. 3(b) Envelope estimation of EMG
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Table 1 Composition of TDANN

Order of time delay 100
Hidden layer 50
Activation function of hidden layer Sigmoid
Output layer 1
Activation function of output layer Linear
Leamning rate 0.1
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Fig. 4 Force predicted by the TDANN(dashed line) and
force measured by the transducer(solid line)
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