t=28UZ5H5|X| M 37 # M 55 pp. 339-345 May 2020 / 339

J. Korean Soc. Precis. Eng., Vol. 37, No. 5, pp. 339-345 http://doi.org/10.7736/JKSPE.019.138
ISSN 1225-9071 (Print) / 2287-8769 (Online)

roh

2% o4 M Y THE |ute| A5 QI

Design of Prosthetic Robot Hand and Electromyography-Based Hand
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In this paper, a prosthetic robot hand was designed and fabricated and experimental evaluation of the realization of basic
gripping motions was performed. As a first step, a robot finger was designed with same structural configuration of the
human hand and the movement of the finger was evaluated via kinematic analysis. Electromyogram (EMG) signals for
hand motions were measured using commercial wearable EMG sensors and classification of hand motions was achieved
by applying the artificial neural network (ANN) algorithm. After training and testing for three kinds of gripping motions via
ANN, it was observed that high classification accuracy can be obtained. A prototype of the proposed robot hand is
manufactured through 3D printing and servomotors are included for position control of fingers. It was demonstrated that
effective realization of gripping motions of the proposed prosthetic robot hand can be achieved by using EMG
measurement and machine learning-based classification under a real-time environment.
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Fig. 1 Structural configuration of the prosthetic robot hand

(a) Structural configuration
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(b) Section view with tendon and elastic band

Fig. 2 The proposed finger model
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Fig. 3 Simulation results for locus of fingertips
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(a) Raw EMG data for multiple hand motions
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Fig. 5 Measured EMG data
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Fig. 6 Hand motions and corresponding EMG feature vectors
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Fig. 8 Classification accuracy for three hand motions with ten
hidden neurons

shelak 4 9lek. 7 52 607, & 18079] Tlo]El S o] 83t
HAE Bl BA TYL 100%2] wje e B Ao
S Halou ARy T8 HEY OdoR AR BREe A
©7} 33] WAsto] 95%-4 25 AIEE Uehyolt. Y
g ArEo R o W s, 7%4 B8 gshes yehyola
Ay 09 Zog A BHEnl AHoy oo Aoz 1}
ek ol Al2ld elst el 1Rle] A, Aok 2

i

Fig. 9 Manufactured prosthetic hand

Fig. 10 Experimental setup for real time hand motion realization
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(b) Cylindrical grasp

(c) Pinch grasp

(d) Lateral grasp

Fig. 11 Snapshots of hand motions and realization with prosthetic
robot hand
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