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Introduction

Introduction

What's an estimator ?



Introduction

Figure: [1] An estimation : GNSS positioning
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Figure: An other estimation : Weight measurement



Formalism

x € Xy Set of possible parameters
y = g(x) + e Noisy observation
e € [e] Noise interval

%X = y(y) Estimator to validate

™

(x) = ||x —X|| Error of the estimator
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Formalism

Formalism

Equivalently, this problem can be written as below:

maxe (x) = [[x— v (g(x) +e)||
x € Xp
ec e

It can be interpreted as a maximization problem of € or as a
minimization problem of —e&.



Global Optimization algorithm

An Optimization problem is defined by:

@ An objective function to minimize f : R" — R
@ A domain Xy CRR"

@ A set of conditions g; {x1,...,x,} <O0forie{l,...,m}. g are
functions of type R"” — R.



Global Optimization algorithm

The Moore-Skelboe algorithm

The Moore-Skelboe algorithm gives an box containing the global
minimum of a function with width inferior to a choosen criteria,
noted & below:

let the cover be {By}

while (w(f(Bo))>d){
/7 ,U-Ef(Bu)
remove By from the cover
split By and insert the results into
the cover in non decreasing order of
(f(B;)), for i=0,...,N—-1

}

/7 pe f(By) and w(f(By)) <6

output f(Bn)

Figure: [2] Moore-Skelboe algorithm (MS0)



Global Optimization algorithm
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Figure: Moore-Skelboe algorithm - Step 1



Global Optimization algorithm
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Figure: Moore-Skelboe algorithm - Step 2



Global Optimization algorithm
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Figure: Moore-Skelboe algorithm - Step 3



Application
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Figure: Moore-Skelboe algorithm - Step 4



Application

Problem

Xo X, = [5,25)

Y do le] = [-0.2,0.2]3
a = (10,-9)
o/ | tzem,
! ¢ dg,
b gx)=| d
de

Figure: Problem description



Application

Gradient descent Estimator

AN fo(x)

>

Figure: Gradient descent algorithm - Step 1



Application
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Figure: Gradient descent algorithm - Step 2



Application
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Figure: Gradient descent algorithm - Step 3



Application
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Applied to fg (x) = [ly —g(x) [|, &€ =8.4m

Figure: Gradient descent algorithm - Step 4



Application

Gradient descent estimator bad case
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Figure: Gradient descent algorithm -"Step 1
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Figure: Gradient descent algorithm - Step 2
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Figure: Gradient descent algorithm - Step 3
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Figure: Gradient descent algorithm - Step 4



Application

CNN Estimator

Figure: Neural Network Estimator



Application
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Figure: Visualization of &



Conclusion

Conclusion

e Validation of all nonlinear estimator (non interval-based)

o Guaranteed
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