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Neuro-Fuzzy Identification for Non-linear System and Its
Application to Fault Diagnosis
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Abstract

A fault is considered as a variation of physical parameters; therefore the design of fault
detection and identification(FDI) can be reduced to the parameter identification of a non linear
system and to the association of the set of the estimated parameters with the mode of faults.
ANFIS(Adaptive Neuro-Fuzzy Inference System) which contains multiple linear models as
consequent part is used to model non linear systems. Generally, the linear parameters in
ANFIS can be effectively utilized to fault diagnosis. In this paper, we proposes an FDI system
for non linear systems using ANFIS. The proposed diagnostic system consists of two ANFISs
which operate in two different modes (parallel and series-parallel mode). It generates the
parameter residuals associated with each modes of faults which can be further processed by
additional RBF (Radial Basis Function) network to identify the faults. The proposed FDI

scheme has heen tested hv <imulation on a two-tank svstem
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Fig.1. Structure of proposed fault diagnosis system
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Fig. 3. Neural representation of TSK fuzzy model
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