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EMG Classification for EMG-based Teleoperation of 3D Printed Prosthesis
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Abstract: Surface electromyogram (EMG) has been used as an input to systems of prostheses for providing modes
such as power assist and functional recovery to users. Many studies reported excellent schemes that show high classi-
fication accuracy of one or two degree-of-freedom (DOF) upper limb movements without wrist pronation/supination
in laboratory environments. This paper investigates the practical efficiency of major EMG classification schemes with
wearable device to control prosthesis. Twenty-two kinds of movements in free space from fifteen able-bodied subjects
and one subject with congenital cerebral palsy were recorded along with isometric force from right forearm. Twelve
combinations of window size and feature extraction methods were used to generate classifier. Artificial neural networks
were trained by the Levenberg-Marquardt back-propagation algorithm and leave one subject out cross validation for
one and two DOF classification. The results showed 64.49+16.29 or 47.03+10.37% classification accuracy averaged
across subjects for one or two DOF movements.
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Table 1 Movements included in the protocol based on
the reference®.
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Rest (Hand opening)
Wrist flexion

Wrist extension
Radial deviation
Ulnar deviation
Forearm pronation
Forearm supination

Hand closing
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Forearm pronation & Wrist flexion
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Forearm pronation & Wrist extension
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Forearm pronation & Radial deviation

—_
)

Forearm pronation & Ulnar deviation
Forearm supination & Wrist flexion
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Forearm supination & Wrist extension
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Forearm supination & Radial deviation
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Forearm supination & Ulnar deviation
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Hand closing & Wrist flexion
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Hand closing & Wrist extension
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Hand closing & Radial deviation
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Hand closing & Ulnar deviation
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Hand closing & Forearm pronation
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Hand closing & Forearm supination
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Fig.1 Surface EMGs from right forearm where the force
of whist flexion was recorded in an able-bodied subject.
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Fig.2 Effects on classification accuracy when using differ-
ent feature sets and varying the size of window for feature
extraction from one DOF movements.
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Fig.3 Effects on classification accuracy when using differ-
ent feature sets and varying the size of window for feature
extraction from two DOF movements.
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Fig.4 Classification results under three different feature
sets for each subject.
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Table 2 Confusion matrix for each movement from TDAR feature set with 200 ms window size (HO: hand opening,

WE': wrist flexion, WE: wrist extension, RD: radial deviation, UD: ulnar deviation, FP: forearm pronation, F'S: forearm

supination, and HC: hand closing).

HO WF WE RD UD FP FS HC
HO | 75.0 3.1 2.5 2.1 0.4 6.5 9.8 0.6
WEF | 3.5 72.3 04 2.3 2.7 7.9 5.0 5.8
WE | 2.5 0.0 67.7 98 4.4 10.6 4.0 1.0
RD 5.2 4.6 146 65.2 0.2 8.3 1.7 0.2
UD 0.4 4.2 4.8 0.2 67.7 5.6 16.7 0.4
FP | 10.8 11.9 9.8 9.2 6.5 35.4 121 4.4
FS 4.2 7.1 5.6 1.9 10.8 8.5 52.5 94
HC 0.8 1.5 1.7 0.6 3.3 6.3 2.9 829
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