BraEUDe3X A 28 6.F pp. 670-677 June 2011 / 670

Journal of the Korean Sociely for Precision Engineering Vol. 28, No. 6, pp. 670-677

¢ ST & 2IX ) ojole @S =X NNA Il
QUL HZY 028 0|8% BEA HEFY HEE3I R0 Tet o4

Joint Torque Estimation of Elbow joint using Neural Network Back Propagation Theory
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This study is to estimate the joint torgues without torque sensor using the EMG (Electromyogram)
signal of agonist/antagonist muscle with Neural Network Back Propagation Algorithm during the
elbow motion. Command Signal can be guessed by EMG signal. But it cannot calculate the joint
forque. There are many kinds of field utilizing Back Propagation Leamning Method. It is generally
used as a virtual sensor estimated physical information in the system functioning through the
sensor. In this study applied the algorithm to obtain the virtual senor values estimated joint torque.
During  various elbow movement(Biceps isometric contraction, Biceps/Triceps Concentric Contraction
(isofonic), Biceps/Triceps Concentric Contraction/Eccentric Contraction (isokinetic) ), exact joint torque was
measured by KINCOM equipment. It is input to the (BP)algorithm with EMG signal simultaneously
and have trained in a variety of situations. As a result, Only using the EMG sensor, this study
distinguished a variety of elbow motion and verified a virtual torque value which is
approximately(about 90%) the same as joint torque measured by KINCOM equipment.
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Table 1 Elbow joint’s agonist muscle motion

Dynamic .

Muscle . Motion
muscle action
. Isometric Biceps isometric contraction

Biceps
brachii | Concentric | Biceps Concentric Contraction
muscle . . . .

Eccentric Biceps Eccentric Contraction
Triceps | Concentric | Triceps Concentric Contraction
Brachii
muscle | Eccentric | Triceps Eccentric Contraction
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Fig. 1 EMG Signal of Elbow extension/flexion
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Fig. 2 Filtering Data of EMG Raw Signal
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Fig. 3 Measurement of real joint torque using KINCOM
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Table 2 Elbow joint’s agonist/antagoinst muscle motion

No Measurement

Biceps isometric contraction

Triceps brachii muscle EMG 2,
1 Biceps brachil muscle EMG 1 n

Force, Velocity
: User Command

2
Biceps Concentric
- Contraction
Triceps Concentric
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0°
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Fig. 4 KINCOM Data (Biceps isometric contraction)
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Fig. 5 EMG Data (Bicops isometric contraction)
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Fig. 6 KINCOM Data (Biceps/Triceps Concentric
Contraction)
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(V) EMG Filtering Data (Biceps/Triceps concentric contraction)
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Fig. 8 KINCOM Data according to experimental scenario
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Fig. 9 EMG Data according to experimental scenario
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(b) Basic Input/output expression of multi-layered neural
networks
Fig. 10 Basic concept of multi-layered neural networks
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Back propagation Training Algorithm
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