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ABSTRACT

A fime-optimal control law fer quick. strongly nonlivear svstems Hke revolute mbots as been developed and
A-monstrated. This procedure involves the utilization of neurd. networks as state feechack controllers that leam the

“me-opimal control actions by means of en iterative mininuzetion of boti the final time and the final state crror for
e known and unknown svstems with constramned inputs and or states. The nature of neural networks as a parallel

rocossor wou'd circumvent the problem ol “eurse of dimensienalin”
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Fig. 2 Basic Structure of the Adaptation Algorithm
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Table 3. Simulation Parameter Values for System

Table 1. Simulation Parameter Values for . Identification i )
Optinuzation with Bounded Input o Name ‘Svmbol Value
Name Sy mbol Value Input nodcs j ‘ 3
Tnitial position 6101 ~0.1667 rad st Hidden nodes . 0
Initial velocity o101 0 rad-scc Nenral 2nd Hidden node&§ ‘ 10
Target position g 0 rad Controller Output nodes 2
Target velocity [ 0 rad’sec Learning rate ‘ 7 ‘ 0.005
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: T 2N -m threshold '
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i(‘()u»m““ﬁmmg C 2000 i \amo 7 Symb(i;lmw ~ Value
variahle f e
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