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2.1. Localization process in a probabilistic framework: basic concepts
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Screen 1: Robot configuration for a wheeled robot (up) and the probability distribution
in the case of a robot moving in a 1D space
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Screen 2: A qualitative representation of the entire estimation process in 1D
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2.2. Characterization of proprioceptive and exteroceptive sensors
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Screen 1: Examples of analytical expressions for exteroceptive sensors
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Screen 2: Analytical expression for a proprioceptive sensor in 1D
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2.3. Wheel encoders for a differential drive vehicle
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Screen 1: Differential Drive
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Screen 2: Shift and rotation in a differential drive in terms of the rotations of the two
wheels
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Screen 3: The function that describes the link between the wheel encoders and the
robot configuration in a Differential Drive
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2.4. Sensor statistical models
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Screen 1: Exteroceptive statistical model
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Screen 2: Proprioceptive statistical model
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2.5. Reminds on probability
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Screen 1: Basic ingredients to derive the Bayes Filter
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Screen 2: Bayes rule and the theorem of total probability
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2.6. The Bayes Filter
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Screen 1: Notation for the Bayes Filter
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Screen 2: First equation of the Bayes Filter

Mooc : Mobile Robots and Autonomous Vehicles - Week 2 - A. Martinelli



,,,,,,,,,,,,,,,,,,,,,,,

prae). PBIAC) PLAT)
P(Qlc)f

P51 T 2. ) = Sl
B8V UD 20) 7]
A - S ST

C = U{:, Zlg

B <D B P(S.-HW:\ 2,.-,.>:/7P($”’] U;». )

Screen 3: Second equation of the Bayes Filter
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2.7. Grid Localization: an example in 1D
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Screen 1: Example of grid localization in 1D: Action
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Screen 2: Example of grid localization in 1D: Perception
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2.8. The Extended Kalman Filter (EKF)
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Screen 1: Computational complexity to implement the grid localization
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Screen 2: Equations of the Extended Kalman Filter

Mooc : Mobile Robots and Autonomous Vehicles - Week 2 - A. Martinelli

@Iocle

11



