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A Study on MYO-based Motion Estimation
System Design for Robot Control

Jeongsook ChaeT, Kyungeun Cho'”

ABSTRACT

Recently, user motion estimation methods using various wearable devices have been actively studied.
In this paper, we propose a motion estimation system using Myo, which is one of the wearable devices,
using two Myo and their dependency relations. The estimated motion is used as a command for remotely
controlling the robot. Myo ’s Orientation and EMG signals are used for motion estimation. These two
type data sets are used complementarily to increase the accuracy of motion estimation. We design and
implement the system according to the proposed method and analyze the results through experiments.
As a result of comparison with previous studies, the accuracy of motion estimation can be improved

by about 12.3%.
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Table 1, The sum of the difference between the original and the estimated motion of Orientations by previous research
and proposed research

Bayesian probability[9] Genetic algorithm Weighted EMG

5 Motion X Y V4 X Y V4 X Y V4
Flexion 451853 2.3859 8.76733 1.70883 2.74371 2.10896 2.65962 2.71801 5.60275
Extension 3.76703 0.78364 5.04440 281713 0.93760 0.9398 5.41570 0.77523 455483
Abduction 7.15299 8.29048 6.40735 5.02514 8.03015 4.71392 7.64642 9.64094 5.72577
Internal 4.69961 13.2501 3.36971 3.67461 9.59814 4.42801 4.01989 10.2233 7.95543
External 3.73615 20.1542 3.55418 3.52220 10.3868 4.48866 4.48350 | 20.19237 | 4.42234

23.8743 44,8645 27.143 16.7479 31.6964 16.6793 24.2251 | 43.54986 | 28.26114
Total 95.88(37.3%) 65.1(25%) 96.03(37.3%)

257.0418

(a) Raw Orientation x, y, =

"~ (b) Bayesian Probability by Lee[7]

Fig. 7. Result Screen of Motion Estimation,

(b) Weight by Genatu: algorithm
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