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ABSTRACT

In-sub Jeong, Ki-kwang Lee, Min-ho Choi. Classification of Ptching and Arm Motion Using Data Mining. KINESIOLOGY, 2017,
1922): 75-81. [PURPOSE] The purpose of this research is to classify pitching motions using the data mining method, which
aims to help injury prevention overuse. [METHODS] One healthy person participated in the experiment. Subject performed six
actions like pitching including pitching by wearing a smart band with IMU sensor built in the wrist. We converted the IMU
data of each of the six motion into 5 Datasets. We performed data mining using the WEKA program to find the Dataset with
the highest classification probability among the five Datasets and the appropriate classification model. [RESULTS] Among the
5 Datasets, Peak value Dataset when changing to Frequency domain through FFT showed the highest classification probability
of each dlassification model, and NaiveBayes of each classification model had appropriate advantages for classification of pitch-
ing motion. Therefore NaiveBayes has decided on an appropriate classification model to dassify pitching motion.
[CONCLUSIONS] The data of the acceleration sensor and the gyroscope of the six actions are best classified for conversion
using FFT and the NaiveBayes classification model is an appropriate classification model for classifying each motion.

Key words : overuse, IMU sensor, data mining, pitching, classification
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Table 1. Physical characteristic of subjects (M+SD)
age (y1) height (cm) weight (kg)
31 177.3 75
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Figure 1. Experimental motion (Normal, Under, Up
& Down & Right & Left)
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Table 2. 5 kinds of Dataset
Frequency @ maxf_ax maxf_ay maxf_az maxf_gx maxf_gy maxf_gz
domain @) minf_ax minf_ay minf_az minf_gx minf_gy minf_gz
- ® int ax int ay int az int_gx int gy int gz
me
domai @ max_ax max_ay max_az max_gx max_gy max_gz
min_ax min_ay min_az min_gx min_gy min_gz
Normal Left nght
1”}’“ AN 1 2 WIIIHH
Up Down
L _'____"!l | |n!'_‘\"_ —ll e A~ t—A——w——r———
ol 1 ] #‘HHHHH
N ERERA RN AN e AR B
Figure 2. Graph of x-axis acceleration data of each motion
(above : time domain , blow : frequency domain)
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Table 3. Classification probability of each model.

Classification model (lassification probability

NaiveBayes 89.83

IBk(k-NN) 98.22
MulticlassClassifier 8313
J48(Decision Tree) 9491
Time taken to build model: 0 seconds

=== Stratified cross-validation ===
=mw SUMMATY ===

Correctly Classified Instances 53
Incorrectly Classified Instances [
Kappa statistic 0.8778
Mean absclute error 0.0351
Root mean aquared error 0.1848
Belative abaolute error 12.6371 %
Root relative aguared error 49,5825 %
Total Number of Instances 59
== Detailed Accuracy By Clasa =—
TP Rate FP Rate Precisicn Recall
0.558 0.0a00 1.000 0.556
1.000 0.122 0.625 1.000
1.000 g.oaa 1.000 1.600
0.800 0.000 1.000 0.E00
1.000 0.000 1.000 1.000
1.000 0.000 1.000 1.000
Weighted Avag. 0.898 0.021 0.936 0.898

Confusion Matrix =—

a b d & £ <— ¢lassified as
5 4 0 0 0 0| a=normal

010 0 0 0 0| b= under

0 010 0 0 0| c=1left

0 2 0 &8 0 0| d=right

0 0 0 010 0| e=up

0 0 06 0 010 | £ = down

Z 60719 B& thek -5+ Confusion MatrixS
3l A8 JEREoH, 671 _0,] Ez]—u]-o] ol BE
Vet E8 B8 2de] A Wleke A

ROC Areat= &2 38 7HA3 9o &7 249 4
5ol =he AS ¢ Utk
=9

B AFE & Al ez st d3s

238 DAY AR 6744 RS ool A

Dataset?} -7 RS 27] 98] WEKAZZ 73S

2ol EALS HRE31=Y 9o} ZAH HoEHE
ofgA AL ZARJAATE St volHe 7E=A
A HloJEf 9} Afo| ZA4lA dlolE] T FFoln, 7 Ho]

89.8305 %

10.1695 &
F-Measure MCC ROC Area FRC Area Class
0.714 0.717 0.918 a.784 normal
0.769 0.741 0.959 0.751 under
1.000 1.000 1.000 1.000 left
0.889 0.877 0.994 0.9877 right
1.000 1.000 1.000 1.000 up
1.000 1.000 1.000 1.000 down
0.898 0.892 a.980 0.921

Figure 3. Result of WEKA (NaiveBayes)
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