A I -
COMPUTER SCIENCE

Vol. 45 No. 10
Oct. 2018

Sylvester B 55 B 77 FE K R U L MM E M 4% B %

L oHm FNERE
(LT AkFEETRER MM 310023 (HIBEFREFEE SR FIEEKR MM 310023)°

H E ATEHRRZINEGEEFHE RE—ALEWNZERNAL(TNN) &L ik B X (ATNN) 6 K5 %, &%
W 2 KR e B S ARG A AR W5 AT FR6d B U] P9 A B B 4B MR 6G A SRR . AB b T B R BT M S Bh A A M 6 A
W, G A% STk B A TR ISR, R A RO SR W LA R BB B R, B3R
AV Z M T ik T R M L Sylvester 31 A% 2 R B, AL SAZ M A KB REAF A, £ IHTHRIUKA Ka-
tana6M180 A ML o MK k) T H B H AR LS, T AL RBIET LAV Z NS kA,

LI & A5AVZ W%, Sylvester B % 46 M 42, A MR B Mk 8%, & 515 Fh AL %I
hEESEKS  TP391 XEkARIRAD A DOI 10.11896/j. issn. 1002-137X. 2018. 10. 038

Terminal Neural Network Algorithm for Solution of Time-varying Sylvester Matrix Equations
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Abstract In order to improve the convergence rate and convergence precision,a method for new types of terminal neu-
ral network (TNN)and its accelerated form (ATNN) was proposed. This method has terminal attractor characteristics
and can get effective solution for time-varying matrix in finite time. In contrast to the ANN,it’s proved that TNN can
accelerate the convergence,speed and achieve finite-time convergence. It not only improves the rate of convergence, but
also results in high computing precision. The dynamic equations of time-varying Sylvester are solved by ANN.,TNN and

ATNN models respectively. In addition, the terminal neural network models are applied in Katana6M180 manipulator to

demonstrate the effectiveness of the proposed computing models in performing the repeatable motion planning tasks.

The simulation results verify the validity of the terminal neural network method.
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Fig. 1 Structure diagram of solving Sylvester matrix equation

based on TNN (6)
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based on TNN (7)
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Fig. 7 Joint angle trajectories of redundant manipulator Katana6 M180
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