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Abstract To solve the joint-angle drift problems in cyclic motion of redundant robot manipulators,a kind of quadratic
optimization models for redundant manipulators’ trajectory planning based on terminal optimality criterion was pro-
posed and analyzed. The terminal neural network models with limited value activation functions are applied to redundant
manipulators to demonstrate the effectiveness of the proposed computing models in performing the repeatable motion
planning tasks under the condition that the initial position deviates from the target position. New types of terminal neu-
ral network (TNN) and its accelerated form (ATNN) were proposed, which are of terminal attractor characteristics and
can get effective solution for time-varying matrix in finite time. Compared with the asymptotic neural network (ANN),

terminal neural network method not only accelerate the convergent rate, but also improve convergent precision. The si-

mulation results on the model of PUMAS560 show that the proposed method is effective and real-time.
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Table 1 D-H parameters for redundant manipulator PUMA560

x ¥ é/rad a;/m di/m
0, /2 0 0
0, 0 0.4318 0
0, —x/2 0.0203  0.4318
9, 7/2 0 0.4318
05 /2 0 0
0, 0 0 0. 25625
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Fig. 4 Joint trajectories for redundant manipulator PUMAS560
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Table 2 Joint-angle displacements of redundant manipulator

PUMA560 solved by TNN,ANN and ATNN

W % R f# % ANN TNN ATNN
0,(10)—6,(0) —0. 000651 0.00005299 0.000004085
6,(10)—6,(0) 0.0009115 0.00001669 0.0000467
0,(10)—0,(0) 0.0002271 —0.00001798 —0. 00000739
0,(10)—6,(0) —0.0007989 —0.0003679 —0. 0000681
05(10)—65(0) —0.0001696 —0.00009885 —0. 00001264
04(10)—0,(0) 1.617¢—09 —2.022¢—09 —2.162¢—09
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Fig. 7 Convergent error trajectories solved by TNN and ANN
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