984 U@1AGE =23 B, A 28H A 8%, pp. 984~988, 2004

gdwel A3 z2vS o] 43 HSDI Common-Rail
AAE e seivly F4H 2 2d

golg’. Meyst. olzg’ ola8”

(=)
(20043 492 398 AF, 20043 6¥ 7€ AreE)

Ho

Parameter Estimation and Modeling of HSDI Common-Rail
Injector Using Feedforward Neural Network

Maru Yoon, Myoungho Sunwoo, Kangyoon Lee and Seungjong Lee

Key Words :  Feedforward Neural Network(Z@® & 417 3 2 %), HSDI(1 &3] 4]), Common-rail(#]
A ¥ Y), Electromotive Force(F <! &), Inductance(F = A1)

Abstract

This study presents the process of the solenoid parameter estimation of an common-rail injector for
HSDI(High Speed Direct Injection) diesel engines. The EMF(Electromotive Force) and solenoid inductance
are the major parameters for presenting the injector dynamics, and also these parameters are estimated by
using a multi-layer feedforward artificial neural networks(ANN). The performances of parameter estimators
are verified by the simulation with injector model. The feasibility of this methodology is closely examined
through the simulation in the various operating points of injector. The simulation results have revealed that
estimated parameters show favorable agreements with the common-rail injector model.
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Fig.1 Common-rail fuel injection system
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Fig. 2 Cross-section of common-rail injector
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Fig. 5 Solenoid electromotive force estimation result:
simulation
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