Proceedings of the 12
KACC, October 1997

23} A7 &3 AAI2E o) §7 UL A F &efeld

BE A7) A

Identification of Suspension systems using Error Self Recurrent Neural
Network and Development of Sliding mode Controller
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Abstracts In this paper the new neural network and sliding mode suspension controller is proposed. That
neural network is error self-recurrent neural network. For fast on-line learning, this paper use recursive least

squares method. A new neural networks converges considerably faster than the backpropagation algorithm and

has advantages of being less affected by the poor initial weights and learning rate. The controller for suspension

systems is designed according to sliding mode technique based on new proposed neural network.
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Fig. 1a. Conventional Neural
Network model
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Fig. 4. Network output by BP althorithm (Bias=+1)
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Fig. 6. Network output of proposed algorithm (Bias=e(t-1))

3. 7-DOF &% @7} 2d A4

At Bde 073 e TAREE 73 glen 4508 &7
A"z 22 28] 2= Heave, Pitch, Roll $239-¢ 1
a3 k(1] '

A7 d¥o=2E 2389 13 23 Ad AAREMH A
odgel 1a XA AR} (478). Road Disturbanced 1z}t A
A AJ/Z(AN) F 1670 2L Z wiAL M2 d 2EZ
=)=

A gAY 27 AFAUEE 0~0.58 331 Lo g
weight 0.052 3t 29 8, 9, 10, 112 37 0.1m9
Bumpggel g ztz uife Madid 2823 F34AHE
BogFE}

9o B Eel el 05m
e A& ¢+ ok

FRFole 24 23t A9

626



| 7 DOF Full Car Model ]

Ground Level

Refarence Ground

agl 7. 7-DOF Atz 24
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Fig. 8. Road Disturbance (Left:0.2, Right:0.1)
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