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Extended Kalman Filter

22> Implementation through
linearization of f() and A()
around the estimates
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We obtain the covariance matrix before the kth measurement:
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Substituting these parameters in the LSQ estimator formula,
the algorithm of Kalman filter can be summarized as:

Prediction step:

ﬁ_ — f(mruk—lr U)

P, = Fx,k—lpk—lFxf,k—l + Fw,k—le—lpmir,k—l

Correction step:
X = X, + K (i — h(X}))
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Where the last parameter is called Kalman Gain




UNSCENTED KALMAN
FILTER

22> Implementation through
Unscented Transformation




The Unscented Transformation

» A trick to propagate mean and covariance of random variables
(or vectors) through nonlinear transformations

X -> random variable f(x) -> non linear function

0
| Produce 2N+1 Sigma Points, vi, with weight wi |
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Map these points through the nonlinear
transformation f(x)

A 4

Approximate, from these points, py() by a Gaussian

Py, () =N, P)



Graphical example with n = 2
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How to compute Sigma Points?

Vg =X
v, = X+ < 0y

UaN-1 = Xt X Oy
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The Unscented Filter

The Unscented Transformation is used to establish the following
algorithmic procedure

xk—l]
X
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fa(xm ’LL) — f(x,u, W)

Consequently we will have
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Prediction Step Procedure



Correction Step Procedure

For each transformed | .
sigma point, compute yl',k B h(vi,k)

the measurement vector
| ‘ 2ng
yk — E W; ik
i=0

Compute the a priori
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Nonlinear transformation of a Gaussian variable
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EKF Approximation
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From Thrun Burgard Fox, Probabilistic Robotics, MIT Press 200F
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UKF Approximation
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Localization as an estimation problem

The Robot must infer its position and orientation from available data

Motion Information

- Proprioceptive sensors (encoders, accelerometers, etc.)

Environment Measurements

- Exteroceptive sensors (e.g. laser, sonar, IR, GPS, camera,
RFID, etc.)

A filtering approach is required to merge information

Considering the Observability Issue
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IF ONLY MOTION INFORMATION ARE USED, ERRORS WILL BE CUMULATIVE

Start location
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Mathematical approximation of mobile robot motion
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Quality of approximation in EKF and UKF
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From Thrun Burgard Fox, Probabilistic Robotics, MIT Press 2006

21




Conclusions

Common characteristics

»Implementation goal: Guassian Fitting of nonlinear systems pdfs
»Based on affine Least SQuare (LSQ) estimator

»>Used to approximate unimodal pdfs

Differences

» Tool: linearization of nonlinear » Tool: Sigma Point
functions transformation

» Fixed formula, based on » Flexible formula: some
Jacobians of given functions parameters could be adapted

» Required computation of » Non linear functions are fully
Jacobians for linearization exploited

EXTENDED FILTER UNSCENTED FILTER
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