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FootbSense: Study of Soccer Motion Recognition Model Using an IMU
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1 Schematic of proposed system outline
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2 Sensor wearing position (inside-ankle, lower back, upper-

back)
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B 3 Example of raw acceleration data
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4 Example of result of data normalization, peak detection,

and segment extraction
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B 5 Classification accuracy depending on sensor position and

machine learning model
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3 2 sum-up of collected dataset
Movements K P H R D KF

Inside-ankle | 621 | 699 | 290 | 385 | 445 | 321
Lower-back | 699 | 697 | 339 | 373 | 447 | 292
Upper-back | 561 | 501 | 280 | 386 | 423 | 265
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67%, Upper-back: 67%).
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6 Classification accuracy of Ensemble Bagged Trees depend-

ing on sensor position and action set
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