BEFRETLEE 20009 WESMAEHLTE pp.224~228

KSPE 00F052

NEURAL NETWORKSE 0|23 ®i=zinj{Zajo]H <9
7]+t M

Ol (HYd dista Z[HHAZ), AUA(AI7|[AHTH), =8 S(SHH ZIHALAZ)

Forward Kinematics Analysis of a Parallel Manipulator Using Neural Network
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ABSTRACT

In this paper, the kinematics of the new type of parallel manipulator is studied, and neural network is applied to

golve the forward kinematics problem. The parallel manipulator,

called a Stewart platform, has an easy and unique

solution about the inverse kinematics. however the forward kinematics is difficult to get the solution because of the
lack of an efficient algorithm due to its highly nenlinearity. This paper proposes the neural network scheme as an
alternative Newton-Raphson method. The neural network is found to improve its accuracy by adjusting the offset of

the result obtained.
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Fig. 1 3-DOF parallel manipulator

2.2 =748 &)l

TEEUE (83,04, 05) BHZ 39 By
HEE o= ALR Gf £o2 dAHc),

(613, O, tn) siel (B, 0y, 0) st (Tpe, Tpy, T

step 1
FEsh 49 UL 4d Fxol7]d 34

-225-

Aoz Tt A B
2 yene ggs g,

& FPae 2USWS

nﬁ: 00003"‘ OR:;_?’ (52
00003 = { L%sin 92' — gin 61(®+ 63008 62),
cos 8, {cp+ &5 cos 85)} (6)

714 P = {0}REANN B Y Bey
goltk, 0,05 H(6)F 7ol FYFY 2=
Wez el 2 gt R, = xdd g, yEHol
g, Bdss gHgdeln 2t B A& Eulerdto]
&,
step 2

TEZER 9%y IR T AL
HE7) 7o HRT gAY TERAE g, B
gate 92 =dd 'BP>(=1,2,9)E A0
# Zo] FUHDL - fnks] 2CE W2 el
IR E 2=

r

=2
X

Os

‘BP.= "0,0,— "0B,+ "Ry Y0P, (D
°B.Pi= {0550, —(ch+ 05C02)58,,
COLep+ 85C0,)) (8}
214, AMF @S E7) AH g 2L
WS AR,
SS,=(@+‘ cb,)SB,1 ' CC,=(C?+ Cb,')Sﬁﬂ
Cb,= QBCBQ y Sb,'z 5,3-5‘6,2 (9
FoF AFES Ao g Humans
£ B8 A
(cptcb)i=ssi4cct (10
cclitsbi=g% (an
A{1,8),09),00,UD o8 G5 ¢E& ¢7)7E
< RATE 9A4Y 49 dEdel fEdEr
TS+ 1 plaS8y+ 2c88,Ch+ 7o+ 031+ 20
_‘2& rpr5C81+ Taz +Lr23 rprB.’S‘GlSSg +\/§Cﬂ?’ﬁse|_
+‘/§?’B€3S€l CGZ - % Tp?’BCBQ_CﬁV 46})?’;&962 +4 ?‘pz
+ 86}963 CBZ - Grp?'gcﬁl - ?"p2 C‘Eﬁz +463?‘}1892C6|2

+3 75 +4ch +27pSH,SON 3 ra+ VI 70,560,068,
+4epVArgS8,+4 8,2 CP0,— 0337 =0 (12)




v pSty + 750350 + FcpBChy+ rp°+ 0y 4 2ep”
l rpruCé; — fzi ¥prpS6,50;

— V686,00, —V3cpreSt— a4 rp +4 cp®
dcpr pSOy+ 8cplsCl — By praCH — 75" Co0043 75"
+ A7 p8:50,C8; — 2V 37 pr 56,86, — 4V3 r 58,58, CO,
—AV3cpr eS8+ 4 0, Ci 0~ B t=0 (13

—_23‘ Tp?’BCH]+ ?’Bz—

— 2chr pS0; — 27 pr Uy — 276258, + 2cp8350, ¢ 75
+26p0;C0,+ 6042 %+ rpt =2V eptt wpt
— 2y nSOy + 208,00, — 7p° C° 0y — 2y plI3S8,CH:
+ 830, — 8gt=0 (14)

£(12),(13) , (1) & E (83, Oon, O) %
FUE ZE (4, 8, 87 w77 & 97]
T8 AY Y wAAet, § AHdAN FEFH
ZE (6,,0,, 002 TF ZUE (8, 0y, On)E
Tie 97178e {A &2 7 ¢ g 29
i, 7% 2UER 34 RAEE FEE &7

Fere 33 A9 MY $Ae) Bk,

Z91

3. Neural NetworkZ 0j &%t 27|78 3§44

wgrlpe #r17ehe go An o] WAy
A9 WA eg FHel B o)z FE FA 47
He o F5 WEF T, 2 SR
FARog 8] o471 vAE BAY e N-NE
Hgatgll Axztez A4 b L HE A
o e YRS g7 g5 FHg FEHE
A7) 78} feedbackS 28] B} R2E JZE &
2L viny AL Ads 3ERE 19 29 g

Inverse kinematics
Datad & { 8.0,8,05,6:;,8:)

——_—A:{Ha

NN training
Input 18,
Output -8

Inverse kinematics

" =8, - A,
8, =87"

HE

lteration number 2 8

=

Fig 2. Flow chart

-226-

31 MNP FxE
0" 3 el 4
Oy, O, B2 150
W9, 8y, 2 T B
A2 el 5] F2E &
AFpRE AR 2 (sigmoid)EFS AR

1nput Isyer Hidden layer

Dutpot Inyer
———

Fig. 3 The structure of the NN with BP

2t 8 A X (neuron)?) e DHFH 7hEA HE
FHA dg 492 e 493 A8
o2 Aitsle Aeais vig Ha g,

neft= g}kak"' bk
(15)

A7) y= A Einewon) EFH, fe BAET,
b, AR bias), A= Lolth

3.2 FdolH A4

We 77 AYTHE adhd AYETY
Hg2 WA Adstd o7 JrIFEE £
TUH FNE AFE T F PF ERAE WF
FEsier, FYF FUEWESF (0,8, 5)F
AAgve 29, FF 249 4= (G, O, O} E
ARG 9yog gu 1000009 FW GHE A
$9n QAF FAL 0-1 Aoz AT
{normalizing ) 515 ¢},

=

=

=

i

7

6.6,,6, —|imvess Kneasios |+ 6,0,

)
Li: !
8,,6,,,0,,—*| Neural Network |— &,8,.0,

Fig. 4 Generation of training data

63 k]




33 AA%Y sk

Adws ges e £95 A7 98 A5
AEE WEA7 e Folw p3 AubAql 2i
A ¢ka17]F (back-propagation algorithm)& AR&-3F
et BPE S HAEEC #Ed AFA 3 <
A @3 HE HEHLE et dukEg W
WA FA BATeY Hig e ugkd
HAAH MPod H4E%pE thed @do] A4s
T A AETs AHREgn e U 7o
28 ez AFgoel 0.0052 33,

e= o, 21t—A* (18}

A71M, = BE &9l fe NNY EFolt)
BPStrel 452 PHA7Y) A8 1AW e
gol WA= ¥e FHAT OE PPOE g
o Amd W7 AEFL AT WRAAE,
% AN RES WAL SHES RS

34 Sdst

gxe) NNTEE DY 2938 21 239
Sggd BUE g F18 FER, AUYY @
H2ol A8d A% Fol & s EHE
&89 00] H3, 2719 29F S AgaE A A

TEA Yol

Table 1 Structure of NN

Patterns num. 1000
Learning rate 0.7
momentum 0.8
Neuron num. 41
Hidden layer 1
Decision fun. Sigmoid
Error 0.02106

Fig. 5 Total error of NN output
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