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Time-optimal Control Utilizing Neural Networks

Wonsu Choi*, Joongsun Yoon**

ABSTRACT

A time-optimal control law for quick, strongly nonlinear systems has been developed and demonstrated.
This procedure involves the utilization of neural networks as state feedback controllers that learn the time-
optimal control actions by means of an iterative minimization of both the final time and the final state
error for the systems with constrained inputs and/or states. A neural identifier or a genetic algorithm iden-
tifier could be utilized for modeling the partially known systems and the unknown systems. The nature of
neural networks as a parallel processor would circumvent the problem of “curse of dimensionality’. The
contro] law has been demonstrated for both a torque input motor and a velocity input motor identified by a
genetic algorithm called GENOCOP.
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Fig. 2 Neural Network Control for Unknown Plant with
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Table 1. Simulation Parameter Values for Optimiza-
tion with Bounded Input

Parameter Name Symbwol | Parameter Value
Initial position a0} -0.4667 mad
Initial velocity a0l 0 rad/sec
Target position ér 0 rad
Plant Target veloeity Ot 0 rad/sec
o .
Bounds of contrel input umm erm
u =2 N-m
Input nodes 2
1st Hidden nodes 10
2nd Hidden nodes 2
Qutput nodes 1
Neural Controller|Leaming rate 7 1
Initial final-time step K 20
Convergence threshold r 0.001
Counter/status vaniahle C 2,000
T . 0.3625 sec
Resulte Switching time T | 035~04" sec
esu — ) T 0725 sec
Minimum, tme -
tr 0.7 sec .

* true optimal solution
~ adapted neural optimal solution
+ switching occurs between (.35 sec and 0.4 sec
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Table 2. Simulation Parameter Values for Optimiza-
tion with Bounded States

Parameter Name Symbol | Parameter Value
. pm= 0.75 rad/s
by
lant Bounds of velocity b 075 yad/s
Convergence threshold ¥ 0.0004
Neural Controller|
Counter/status variable] € 10,000

Ll x| mato]el & Table 12 A&

Table 3. Simulation Parameter Values for System

Identification
Parameter Name Symbol | Parameter Value

Input nodes 3

lat Hidden nodes 10

2nd Hidden nodes 10
Neural Identifier Output nodes 2

Learning rate 7 0.005

Convergence threshold r 0.001

Position data g —0.5~0,001rad
Learmng Data | Velochty dar 8 0~ 12 rad

|Control input data u =2—2 kg - m’

learning datat= 0. A2 B
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Table 4. Simulation Parameter Values for Optimiza-
tion with Identified Model

Parameter Name | Symbol | Parameter Value
Leaming rate 7 0.005
Initial final-time step K 2
Neural Controller Convergence value v 0.001
Counter/status variable, C i 2,000

Aol HelE Table 134 ¥3

4.2 5T AHY REL| X5t

AZd 29 2H AoAE Yaskawa AC servo
motor, interface board DR_DAS D/A, PCE F44
0 AFd 29 TEe GENOCOP 71 9% 4
(3.17)9 A, B#3e 49 A= At=0.05 secd o)
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Table 5. Simulation Parameter Values for Plant

Identification
Parameter Name | Symbol | Parameter Value
Positi 0 -05-~-01 rad
sihofl (#=005)
Identification . 0-~1.2 rev/sec
Data Veloaity b (45=0.1)
. -20-20 rev/sec’
Acceleration u (A=2)
Papulation 50
Mutation Pm 03
GENOCOP Crossover Pe 0.9
Parameters ) A -7
Constraints B 1~1

*Max, lteration 3100 Threshold 0.001~0.00(1

0 500

1500 2000 2500 3000

lteration
Fig. 9 Evolution of the Maximum Fitness Value
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Fig. 11 Evolution of the Acceleration Input

Table 6. Simulation Parameter Values for Optimiza-
tion with Bounded Input

Parameter Name Symbol | Parameter Value
Tnitial position 810l -4,4995 tad
Tnitial velocity g[o] 0 rev/sec
Plant Target position /2% 0 rad
Target velocity B 0 rev/sec
Bounds of - 20 rev/sec’
acceleration input u™ -20 rev/sed
Input nodes 2
1st Hidden nodes 10
2nd Hidden nodes 2
Neural Qutput nodes 1
Controller | Leaming rate 7 05
Initial final-time step K 29
Convergence threshold v 0.001
Counter/status varable | C 10000
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Fig. 13 Evolution of the Acceleration Input

Table 7. Simulation Parameter Values for Optimization
with Bounded Input and States

Parameter Name  (Symbol | Parameter Value
. 6= 5 rev/sec
Flant Bounds of velocity B -5 rev/se
Neural Convergence threshold v 0.001
Controller | Counter/status variable | C 10000
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