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Gabriele Ligorio

Sensor fusion:

from the idea to the product
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Discovery of the Kalman Filter as
a Practical Tool for Aerospace and
Industry
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Given what | see here and
what | know , what's

happening over there?
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Dynamical model State-space representation Multi-Input Multi-Output
LINEAR

x( =F(x(*+ +W(
ye =Hx +vy

Stochastical model Markov process model

The state vector Is a random vector!
(aka multivariate random variable)
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*See the beautiful article: Least squares estimation: from Gauss to Kalman, Soreson, 1970
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Sensor fusion are computational methods for:
- Merging multiple data sources;
- Improving accuracy and/or robustness through
Sensing complementarities;

Sensors cooperation;

see another beautiful paper An Introduction to Inertial and Visual Sensing, Corke, 2007
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Creating the ideal accelerometer with a Kalman filter
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Thanks for your attention! 6 )
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