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Abstract The purpose of this study was to check the position classification prediction rate based on the movement data of
field hockey players using the random forest algorithm. In order to achieve the purpose of this study, movement data were
collected using wearable devices in 15 practice matches. The collected information was then analyzed using the Random
Forest algorithm, one of the ensemble techniques, with Python, a high-level, general-purpose programming language. As a
result of this study, first, the position classification prediction rate was 52.4+3.3% when data measured by GPS sensors
were used. Second, when using the data measured by an inertial measurement unit (IMU) sensor, the position
classification prediction rate was 50.8+2.4%. Third, when both Global Positioning System (GPS) and IMU data were used,
the position classification prediction rate was 55.6+2.0%. As a result of the study, it showed that the prediction rate was the
highest when both GPS and IMU data were used.
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1. M2 CHRE ZofellA m4l=d (Machine Learning)s -3t A&
Ao FAZ qtzoly e, S5 e 97t A=l
LxzzoA F719E A dEsh] HsiAe vt ¥ ZIRYE AL QIHS]. 53] wAle Y-S HFE7} dolEE 7o s
IE= asiof =H, 714, A4, A=eky dlolg7t a4t AFEo R shgolo] A S WEl=s ERATIE ol
HEH1]. gt HolH e APE Axxo)A | defey 9 uf F2 FEHI e dAFoRe HAEZ(Perceptron), 24|
AR, H7HEE S $8% ARRE FEEHI Q2] 53] 28 SH24, AARE A SVM), K- ©o](k-NN) 5=
7] FHAE dlolHE Z8ste] Ao ZAA A A4 8ol FHEMpeL ol =2 Mg TR TRt Zofl
T e AEAQ] ARE F85taL Q7] fi2ell[3], Bkt o A A dl&she A7E 3= o] 6]
== HeiAe FEEE guidt & bolErt dasty oz Hale g o] A2 Aol pAle=HE Agekal A-sst
Al A5o] dasitt. sh, AAEo R dElE tiFe] HolHE A elskal ojAEA
BEEFN e W= sto] HirH, IS 285t W of W 4= SUrk= Holr. ofHdt 52 1x9 °F 1,00071
tiek el dloleE skl 24o] BolsiAltt4]. o|= Qlsto] of diolgE e o= 2laL, etet sjeS 2elste] 3719
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Fig. 1 Catapult wearable device

Table 1 Wearable device measurement variables

Sensor Factor

Zone 1 distance [m, %

Zone 2 distance [m, %

Zone 4 distance [m, %

GPS

[m,

[m,
Zone 3 distance [m, %

[m,

[m,

Zone 5 distance [m, %

]
%]
%]
%]
%]
]

Zone 6 distance [m, %
Velocity [km/h]

Meter per min [m]

Playerload

Playerload per min
IMA Acc low [n
IMA Acc med [n
IMA Acc high [n
IMA Dec low [n
IMA Dec med [n
IMA Dec high [:

—_

—

IMU

—_

[l

—_

n

—

2.3 Q47184
2 ATY] WQle Table 13} ). WA GPSAIAZ S W=
WoloR 6 7718 o57iejel TP olBulg, Xk
(Velocity, km/h), 1825} o] 7 2] (Meter per min)E Z-&35}%
o, IMUAIAE A5 ¥l 3= 7l&x 2219 7+
7

Ir

b r

(Playerload)?} 155 3= 7[&= 229 Zk(Playerload per min),
B A g S48 st
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15919] A5 7)ol A L}EP’} =AYe AFEstr] flsto]
Microsoft Excel (Microsoft, Redmond, WA, USA) AT E ¢|o]

oflA HEYE, 2AAE R ERslo] F 949719 &2 Y HolHE
Zzeloch. Boet 252 98 ool W 37 (Python
Software Foundation, NED)2 ANE3le] tlgAlAel EA7}
= VIF (Variance Inflation Factor) 7k 10 ©]3}2] 22719 &
21 ¥He A It

tolEl S AF3slr] Y8l Zik(z-score)o & WBIA 7L
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3.1 GPSH|0|E

Table 32 GPSZ Z4E dHlo[E|E &85l oS3t Aol
ok A 9497112] glofE] FolA BIAEE f15ke] 20%<1 1907
o] dlojelE &8sk}l o] & EA]Ho] Forward?l tlo]E 48
7, Midfield 907}, Defender 527)|7} &%)t}

A Forward?] o|&ZA7}= HH Precision 50%, Recall 2%,
Fl-score 4%= UEltow, Midfield?] o=Z3s =i
Precision 51%, Recall 91%, Fl-score 66%= L}EFITEH
Defender+= Precision 75%, Recall 35%, Fl-score 47%= Ve
on, dAPFY oS A Ao e 54%= SHRIESITh

Fig. 1= GPSH|o|E| 2] AHde wslr] 93t ado= &
2l olele] AE Jeof m}2 TS Lrehdl TRlolch. sk
o[e|2} HFHlolE o UAeS FRITE A 5007) o] e o]
EoA &d dlolE et HF dlole e B A s et
A 60 ok b

Table 4= K-fold Zx}HZ0 2 RE folg7} Fa 1 HE
EﬂiE&QE 2O|EE slo] 1099] HAE Al P e
L 0.524+0.0330.2 e} 52.443.3%9] o282 Q1% Q).

3.2 IMU LIO|E] KIZE

Table 52 IMUZ S4 % HolEE &83to] 53 Aol
o} A 94974€] HlofE FollA HIAEE f15to] 20%<1 19074
o] dlofelE &8skt o] & EA]4o] Forward?l tlo]E 48
7, Midfield 907, Defender 52717} &&= %I},

H*| Forward?] oj|=431}= HW Precision 35%, Recall
15%, Fl-score 21%= UERG O™, Midfield?] d&23E HH
Precision 50%, Recall 84%, Fl-score 63%= VUERIT]
Defender= Precision 47%, Recall 15%, F1-score 23%= e}
o, dae]Fo oS FeS HeE 48%= SRIE It

Fig. 22 IMUH|o|€]9] 234e wteksy] st agow
2 dolge] W o] mE FEAHL vl 1olc)

Table 3 GPS data prediction results

Precision [%] Recall [%] F1-score [%] Support
Forward 50 2 4 48
Midfield 51 93 66 90
Defender 75 35 47 52
Accuracy 54 190
Weight avg. 57 54 45 190
11
10
09
§ 08
513‘ 07
06
o | Wraning accuracy
e e w0 o sooldeoomo
Number of training samples
Fig. 1 GPS data conformity test
Table 4 GPS data K-fold cross-validation
Fold 1 Class Distribution: [0 216 404 234]  accuracy: 0.505
Fold2  Class Distribution: [0 216 404 234]  accuracy: 0.558
Fold3  Class Distribution: [0 216 404 234]  accuracy: 0.526
Fold4  Class Distribution: [0 216 404 234]  accuracy: 0.537
Fold5  Class Distribution: [0 216 404 234]  accuracy: 0.526
Fold6  Class Distribution: [0 216 404 234]  accuracy: 0.516
Fold7  Class Distribution: [0 216 404 234]  accuracy: 0.463
Fold8  Class Distribution: [0 216 404 234]  accuracy: 0.484
Fold9  Class Distribution: [0 216 404 234]  accuracy: 0.537
Fold 10  Class Distribution: [0 216 404 234]  accuracy: 0.585

Fold CV accuracy : 0.524+0.033

Table 5 IMU data prediction results

Precision [%] Recall [%] Fl-score [%] Support

Forward 35 15 21 48
Midfield 50 84 63 90
Defender 47 15 23 52
Accuracy 48 190
Weight avg. 45 48 41 190
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Fig. 2 IMU data conformity test

Table 6 IMU data K-fold cross-validation
Fold 1 Class Distribution: [0 216 404 234]  accuracy: 0.526
Fold 2 Class Distribution: [0 216 404 234]  accuracy: 0.516
Fold 3 Class Distribution: [0 216 404 234]  accuracy: 0.474
Fold 4 Class Distribution: [0 216 404 234]  accuracy: 0.484
Fold 5 Class Distribution: [0 216 404 234]  accuracy: 0.516
Fold 6 Class Distribution: [0 216 404 234]  accuracy: 0.558
Fold 7 Class Distribution: [0 216 404 234]  accuracy: 0.516
Fold 8 Class Distribution: [0 216 404 234]  accuracy: 0.516
Fold 9 Class Distribution: [0 216 404 234]  accuracy: 0.495
Fold 10 Class Distribution: [0 216 404 234]  accuracy: 0.479

Fold CV accuracy : 0.508+0.024
Table 7 GPS+IMU data prediction results
Precision [%] Recall [%] Fl-score [%] Support
Forward 67 4 8 48
Midfield 51 97 67 90
Defender 83 29 43 52
Accuracy 55 190
Weight avg. 64 55 46 190

3.3 GPS+IMU H|O|E{
Table 72 GPSE =4 Uo]g]2 8r&slo] o235t Axjo]

o}, A7) 949712] tlole] FolH HlAES Siato] 20%el 1907)
sh83}9iTh. o] & i 40| Forwardsl Ho]E 48
7N, Midfield 907}, Defender 52717} &&= ¢)ch.

AFE B Precision 67%, Recall 4%,
AE B Precision

o gole

HA] Forward®] &
Fl-score 8%= UEIG O H, Midfield?] o=
51%, Recall 97%, Fl-score 67%= LEFITE. Defender= Precision
83%, Recall 29%, Fl-score 43%= LEFFO

AL AHoln = 5592 olE] Q).

o= o=

0.508+0.024°.F L}ERL} 50.8+2.4%2] o|&&EF ElE i),

Al o

g R g R ———
—e— training accuracy
-m~ validation accuracy

100 200 300 400 500 600 700
Number of training samples

Fig. 3 GPS+IMU data conformity test

Table 8 GPS+IMU data K-fold cross-validation

Fold 1 Class Distribution: [0 216 404 234]  accuracy: 0.537
Fold 2 Class Distribution: [0 216 404 234]  accuracy: 0.547
Fold 3 Class Distribution: [0 216 404 234]  accuracy: 0.589
Fold 4 Class Distribution: [0 216 404 234]  accuracy: 0.558
Fold 5 Class Distribution: [0 216 404 234]  accuracy: 0.537
Fold 6 Class Distribution: [0 216 404 234]  accuracy: 0.558
Fold 7 Class Distribution: [0 216 404 234]  accuracy: 0.537
Fold 8 Class Distribution: [0 216 404 234]  accuracy: 0.558
Fold 9 Class Distribution: [0 216 404 234]  accuracy: 0.547
Fold 10 Class Distribution: [0 216 404 234]  accuracy: 0.596

Fold CV accuracy : 0.556+0.020

Fig. 32 GPS+IMU tj|o]¥] 9] AFAS
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