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The parameter estimation method :
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Residual generation for detection :
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To minimise this effect
forgetting factor adaptation

A¢(L(k)) =¢(L(K))—¢(L(k-1))
NG (K)=6.2(K) - 6.2 (k1)
A(K) is adapted between A and 1

it AE(L(K) >0 A(k+1) = A(K)+(1-A(K)/a

f AG(k)>0  A(k+1D) =A(k)—(A(k)=A)/ B
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DM xN) | Au(k) | Auy(k) [ Ay,(K) | Ay,(K)
Model 1 [ @, (k) 1 1 1 0
Model 2 [ 0, (k) 1 1 0 1
Model 3|  0,(k) 1 0 1 1
Vi(K) =Gy() W (K) + G (@ [y, (K) 8 B,(k)
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==)» Linked to the structural properties
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Symptom generation
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Fuzzy description of the symptoms
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Fixed forgetting factor
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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.



