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a soft sensor
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Same remark for a good controller...
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u(t)

Process

Output feedback control
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u(xz(t)) has been replaced by u(z(t))
since z(t) is unknown
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. any measurement of observer accuracy, as a physical sensor.
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* Interval observers (Gouze, Rapaport, ...)
* Kalman filtering (Kalman, Bucy, ...

* Nonlinear filtering (DMZ, Clark, Davis, Pardoux, ...)
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Population of larvae (biomass x1), juveniles
(z5) and adults (z3).
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c(t) represents an harvesting effort on the adult

population.

a;, m;, a,b,c poorly known: just some intervals...



Interval observer

Worst case observer
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Gouze—Rapaport—Hadj-Sadok, " Interval observers
for uncertain biological systems’.



“Adaptive”
observers
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Probability law of X (¢t) knowing Y (s) for s from
O to t.
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Dirac approximation

N (k)
q(t,z) = ) 7. (2)
i=1

where Z,;(t) denotes particules.



Filtering

Killing
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25

Filtering
Killing

But sometimes,
no survivals !



Weighted sum of Dirac approximation

N(k)
q(t,x) = Y bi(t)dz ) (x)
1=1

where
e /.(t) denotes particules
e b;(t) denotes weights






