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OIZH & ClAMS 9IS H|™ T8t oIzt XM FHof BE AP
2.1 AR E D QI7k A 4 Mol
71& RGB AREHE o83l kel AE 243}

4 9] Z}*ﬂ% T3 Hshte FdemFE A
A B H9Ee HRIE dSsior gtk

A1) 1@ Bolse] o3 ke Jes (Y 1 2
o 2AYE RIS THFOEA IR AAE et
B 5 gtk 2AHE Bhe F2 09 A

S71e] old AARIIE vekhead), Hoeck), V)
(shoulder), ZEA|(elbow), =Z(wrist), FHOlhip), T
Gaxe), Wokge] L FHEL. of BAER
FHHIYE 2ANE B Faiol el A
EHT 5 QA S0, oI Ao ) A4S F
sk WS A4 @ 5 9 Ak

1 Head

2 Neck

3 Right Shoulder
4 Right Elbow
5 Right Wrist

6 Left Shoulder
7 Left Elbow

8 Left Wrist

9 Right Hip

10 Right Knee
11 Right Ankle
12 Left Hip

13 Left Knee
14 Left Ankle

2Z2eE 2
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B 2 ZAe] RS o]t /1 7)1EA2 Q7 A F
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ol g3 It Al 4 Aol Al WAle Ve
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EFAE AT Gt o]ulAe] AA| FAolAM A}
Ale) B& A (ambiguity)& S5 & 5 3rk

2.3 FE 2Aof| mE oIzt XM £ o7
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T ZF 139 71EES AEske H29 AR A=
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