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Modeling of a 5-Bar Linkage Robot Manipulator
with Joint Flexibility Using Neural Network
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Abstract: The modeling of 5-bar linkage robot manipulator dynamics by means of a mathematical and neural
architecture is presented. Such a model is applicable to the design of a feedforward controller or adjustment
of controller parameters. The inverse model consists of two parts: a mathematical part and a compensation

part.

In the mathematical part, the subsystems of a 5-bar linkage robot manipulator are constructed by

applying Kawato’s Feedback-Error-Learning method, and trained by given training data. In the compensation
part, MLP backpropagation algorithm is used to compensate the unmodeled dynamics. The forward model is
realized from the inverse model using the inverse of inertia matrix and the compensation torque is decoupled
in the input torque of the forward model. This scheme can use the mathematical knowledge of the robot
manipulator and analogize the robot characteristics. It is shown that the model is reasonable to be used for

design and initial gain tuning of a controller.

Keyword: Feedback-Error-Learning, 5-bar robot manipulator, Neural network, Feedforward controller

1. A&

doje} cfat Alage] sl Aolr] AdAA] MY mdo 4
¢ Fasich Al EHeldE AsiME e YUY 2dL e
€ o] Fa3x%t A7) dA2 A$= 75 ¢ On-line A4}
g A b FAY ¢ L viAEs FEUE AR AT 2
4 27 o 23 24y H$¢ PUMARX & %e 5
AA mdo] ghol AFsAX 1 6% iy A} F£4] 2
A d7sHcH2) dxivt 58 gPa 2xd o dFEs H2Ho)
H[5] £4] 2dE ojHME Y A4S FHFAUY ndYs]
) e FHY EHoz Jd YuF 2dg FHErIs ot o)
213 FA4E #Ast7lg8 2 Ze Neural network(NN) g o] 43 4}
WEel Az ek dHEHQ) A3 2P ohEHYEE(MLP)
2] A% Foixl dlojeelmtel P A= vtepd £ x|k Guk
2t A} Heiz] AAA 2R S diF o] EibsElcts &
Aol et olofl 2 X2 BEAE & MY £ 4 U FHEYY 2
WA e 9% S4¢ wAdE MLPY 4A2 AAzXY
FAE 24 e 29 Ao £4 Rl 4= Jacobian
e 2% e Lagrange-Euler WA A& fx &3, Kawato[l]5e] A
otgt Feedback-Error-Learning(FEL)H}A] & 283t 2+ 8159
SubsystemE-& FHstn AFEE Fo|A A4 dolelR Fel dF
AlA Inverse 2.9 & F3HsA =} o}8l SubsystemE2 FELeIA
Feedforward djej7] dAlo} L4 ¢ glx, AR 45 Hsl

flo

of B2 Ag8 £ 5 glo) shx 2 o] H A T3 Inverse Rlel = B
dAs) A e FAel ot 227t EA3] fFel o] LAE Fol
7} g RAVIE 4712 AAEA Bt Inverse RS HA Y2
2R E3E GYAlIs ZEE 2R TS HAE) HaMe
dd 23z £9 HAE YAse Rdo) A3t 1WA ol
Inverse Z.ilo] FPYH] o Fslod ety oz Mgy 5th
order Runge-Kutta®}¥ & o] 43l 3 dg F## o Inverse 2
ot §aty] £33+ Forward 299 31 Y & Fo| 4 decouplingstod =
Fe yag ARE-Ho) ofe{ ¥ Forward 298 Ap43td A4 228
32 s Hejr|e £7] olEEE 2HY 5 el Ao AA
2885 92 A2 ¥E A & ok FEd nd e A £
Hdole & Sall A& 222 2R FAY AR B

2. 53 g3 2% vEa ol
dubdel 289 Fo3 2 AERY (1) 2o}
7= D(q)¢ + Clq,4) + B(¢) + G(q) (1)
4714 ¢,4,4 & B2 4E, A4E, A7MEEe| R, M(g)E nxn #4
e, C(g,¢)= n x 1 Coriolis and Centrifugal ¥&|, B(¢)= n x 1
Coulomb and Viscous Friction &}, G(g)= nx 158 #Eo|c}.
54 2| 7% Spongld]el ojstd Z Wze) ARF4Ale HEE
fubst B xe) g 2sled £ Jacobiang Tl HAHPL (2)

431



