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Remark The gain computation is independent from the rest.



Extended Kalman filter
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Remark: NO equations !
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Our application: heading estimation

EKF-like filter
Filters sensor noise
Estimates the orientation

Finds statistical
correlations

Assesses uncertainty
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Our application: heading estimation
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Preliminary

Graphical representation: The EKF computes an estimate X:
with a covariance matrix P;. This is the confidence ellipsoid.

True state

Estimate

Uncertainty ellipsoid
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Reminder: EKF equations
Consider continuous time deterministic dynamics with discrete
time measurements fy, t;, - - -

d
ZXe= (XU, Yo=h(X) + Vi

The EKF is based on a prior distribution with Xo, Po.
Propagation step: for f,_1 <t < tj

d . - d
aXt = (X, Uy) apt = AP+ PA]

Update step: at t = t,,
—1
Ky = Py HT (H,,PthnT ¥ N)

)A(t;i_ == )A(tn + Kn( Yn - )A(tn)
P;; == (/_ Kan) Ptn
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A simple terrestrial navigation problem
And the EKF does this

GPS
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A simple terrestrial navigation problem

Obviously the EKF poorly handles small eigenvalues in P;.
This talk: we consider no process noise.?
Use of symmetries as the remedy.

Namely: we use an Invariant (I)-EKF 3.

2The well-known 2003 local convergence proof of A. Krener excludes it.
3See "The invariant extended Kalman filter as a stable observer".
IEEE-TAC, 2017. Arxiv preprint, 2014



Invariant Kalman filtering

Main difference the estimation error it linearizes is not

<A0_9>, where 0e S', x ¢ R?
Xt — Xt



Invariant Kalman filtering

Main difference the estimation error it linearizes is not

<A0_9>, where 0e S', x ¢ R?
Xt — Xt

It is the estimation error

where A(0) = (cose —sin 9) ‘

sind cosd
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* Estimation error

(o i)

Theorem: The estimate be-
longs only to sets “physically”

[I:I] reachable.
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Convergence: what about it ?

EKF : position error aver time

—— EKF with initial heading errar 40°
—— EKF with initial heading error 30° | :
5r . — EKF with initial heading errar 20°
— EKF with initial heading error 10°
— EKF with initial heading error 5°

—— |EKF with initial heading error 40° | :

0 10 20 a0 40 50 60 70 6o ) 100

Figure: Position error of the EKF for GPS and perfect odometry, with
initial position known and initial heading unknown. The IEKF
initialized with a large error (40°) even beats the EKF initialized with a
small error (5°).
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Convergence: Does the EKF truly NOT converge ??

EKF : position error aver time

03 : EKF with initial heading srror 40°
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Figure: Extension to 1 million steps. The EKF does not converge.
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Convergence: Does the IEKF converge ?7?

YES: for this simple problem we have proved a theorem.
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