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Self-Localization of Distributed Multi Inertial Measurement Units on Body Using Motion Data
for Motion Recognition
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Fig. 1 Overview of the self-localization system
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Table 1, Used body positions

No. Position
1 Left arm
2 Right arm
3 Left wrist
4 Right wrist
5 Waist
6 Left thigh
7 Right thigh
8 Left foot
9 Right foot
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Fig. 2 Fitted Curve within one frame
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Fig. 4 Method for SVM prediction
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Fig. 6 Sensors’ accelerated value of each position
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Table 3, Accuracy of the recognition of IMU position

Positions Accuracy (%)
Left arm 91.3
Left wrist 89.1
Right arm 94.5
Right wrist 92.0
Waist 99.3
Left thigh 94.9
Left foot 92.1
Right thigh 95.0
Right foot 93.2

Fig. 7 Accuracy of the versatility experiment
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