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Black Box Model :

?U Y Estimation

Physical

OBJECTIVE :

diagnosis 
method 

Parameter Estimation

Black Box Model
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The parameter estimation method :

ARMAX

RELSE

Estimation on different HORIZONS

Robustness to numerical error

Classical algorithm
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The reference
model

The tracking 
model

1=λ

1<λ

kk =0

weighting

RESIDUALS

+        -

)(ˆ)(ˆ)( kkkr jjj θ−Θ=

long horizon
estimate vector
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1 kkkk npj θθθ=θθθθ

short horizon
estimate vector

Residual generation for detection :
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0 if no fault occurred
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For the short 
horizon estimate 
vector

Low inputs excitation

Low forgetting factor
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forgetting factor adaptation
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Low inputs

excitation
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When a fault 

occurred

Low inputs

excitation
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Residuals fuzzyfication

Fuzzification
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2 horizons
estimations

Process 

reference 

residuals
generation

fuzzification
tracking -
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)( NM ×D )(1 ku∆ )(2 ku∆ )(1 ky∆ )(2 ky∆

)(ˆ
1 kθθθθ 1 1 1 0

)(ˆ
2 kθθθθ 1 1 0 1

Redundant estimators

Faults ISOLATION
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Identification ? 
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2 kθθθθ 1 1 0 1

)(ˆ
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Linked to the structural properties
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Symptom generation

IsolationResidual 
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estimation aggregation description
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Fuzzy description of the symptoms

The Isolation function FI
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Conclusion

�The estimation method used leads to a decision 
robust to the numerical errors.

�The forgetting factor adaptation leads to a decision 
robust to the poor input excitation.

�Models redundancy are used to generate structured 
residuals. 

�The decision is based on fuzzy sets and a distance 
to classify the symptoms.
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