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Design of Recurrent Time Delayed Neural Network Controller

Using Fuzzy Compensator
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ABSTRACT

In this paper, we recurrent time

delayed neural network controller which compensate

proposed a

a output of neural network controller. Even if learn
by neural network controller, it can occur an bad
results from disturbance or load variations. So in order to
adjust above case, we used the fuzzy compensator to get
And the weight of main neural

network can be changed with the result of learning a

an expected results.

inverse model neural network of plant, so a expected
dynamic characteristics of plant can be got. As the results
through the
confirmed that the proposed recurrent time delayed neural

of simulation second order plant, we

network controller get a good response compare with a

time delayed neural network controller.
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Fig. 1. The structure of neural network cont-
roller within fuzzy compensator.
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Fig. 1. The neural network controller consist
of Recurrent TDNN.
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Fig. 3. The Inverse model of neural network
used to the Recurrent NARX neural

network.

B =RoME 858 g WY AF oF 4 04
8 072 MASAS. x(n), n), yne 44 949
= U, oedE: FUg, £¥F wd@E vEhid
Wi A% edastols 7EA, Wyne &
U3 £ 3ZAboly 7MEAE YERAT

AARA
(FLOY

e}

2% 4. HAARZIE AR FUE qRd
gg T

Fig. 4. The leaming structure of inverse
model by the fuzzy controller.
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Fig. 6. Before arrive at the first overshoot,
used to error( es) and change rate

of error membership function( deg,),

plant input membership function
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Fig. 7. After arrive at the first overshoot,
used to error( €g.) and change rate

of error membership function( de ).
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Fig. 8 The response of the TDNN neural
network controller and the TDNN
neural network controller within
fuzzy compansator.
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Fig. 9. The time response of the TDNN
neural network controller within fuzzy
conpansator, the TDNN neural
network controller and the fuzzy
conpansator.
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For a disturbance of 7rpm at 30ms, the
response of the TDNN neural network
controller within fuzzy compansator(1)
and the TDNN neutal network
controller(2).
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Fig. 11. The graphics of TDNN neural
network SSE.(Sum of Squared Error)
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Fig. 12. The response of the Recurrent TDNN

neural network controller and the
Recurrent TDNN neural network
controller within fuzzy compansator.
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Fig. 13. The time response of the Recurrent
TDNN neural network controller
within fuzzy conpansator, the
Recurrent TDNN neural network
controller and the fuzzy conpansator.
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Fig. 14. For a disturbance of 7Trpm at 30ms,
the response of the Recurrent TDNN
neural network controller within
fuzzy  compansator(l) and the
Recurrent TDNN neutal network
controller(2).
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