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The Kalman filter 1s wondertful, but...

® The linear model of measurement isn’t always helpful

® The linear model of movement isn’t always helpful

® Example:
® the car in ND Kalman filter example is completely unrealistic

® What to do about non-linearities?



Example: a car has a nasty dynamical
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Formally: car is non-holonomic



Building a movement model
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For sufficiently small timestep, bounded rate of change in angle, we get
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A general movement model
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THIS ISN’T LINEAR!

x + v cos 6 .
. v, u parameters of motion
Yy + vsinf
0+u | THIS ISN'T LINEAR!




The extended Kalman filter

® What happens if state update, measurement aren’t linear?
® linearize and approximate (EKF)

x; = f(xi—1, 1?)

Noise - normal, mean 0, Cov known
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The steps, KF:

Have: Mean and covariance of posterior

after i1-1’th measurement

Construct:

Now construct:




The steps, KF:

Have: 7:__ 1 Z‘;I—_ 1

Construct:

Now construct:




[Linearization and noise

® Two ways in which noise could affect x_i l

o LT
X {1-1} 1s noisy X; = f(Xz'—ly n)
® AND there is n to account for

® Now consider some nonlinear function with noisy input
® first case

h(x) where x ~ N (X, ¥,) h(x + ¢) where ( ~ N (0, X,)
Approximate
Yo A ] h(X+ () = h(X) 4+ Jr 2C
Jh,a: = ce 8302 e
i | Yields

Jacobian === derivative h(X) ~ N(h(i)a Jh,:c Zax Ji{',ac)



[Linearization and noise

® Two ways in which noise could affect x_i l

o LT
X {1-1} 1s noisy X; = f(Xz'—ly n)
® AND there is n to account for

® Now consider some nonlinear function with fixed input,

noise

® second case

h(x,n) where n ~ N(0, o,)
Approximate

o h(x,n) ~ h(x,0) + Jy o0
Jhm=1| ... S
) on

Yields

Jacobian === derivative h(x, n) ~ N(h(X, O), Jh,nznjgjn)



The extended Kalman filter

® Linearize: Xi; = [i (X’i—lv n)
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Posterior covariance of x {i-1}

x; ~ N(fi(XF1,0), FoXit (FL 4 FuZnsFLD)

Noise covariance I




The steps, EKF:

Have: 7:__ 1 Z‘_I_ 1

z_

Construct:

Now construct:




The steps, EKF:

Have: Y;I__ 1 Z‘_I_ 1

z_

Construct:

Now construct:




The extended Kalman filter

® Linearize: Yi = Gi (Xz'a n)
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Recall: The steps, KF:

Have: 7:_ 1 Z;_—l .

Construct:
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The steps, EKF:

Have: 7:_ 1 E;l__ 1

Construct:




Recall: The steps, KF:

Have: 7;'_ 1 Z;l__l .

Construct:




The steps, EKF:

Have: Y;I__ 1 Z_I_ 1

z_

Construct:

Now construct:




Recall: The steps, KF:

Have: 7:_ 1 22_—1 .

Construct:




Have:

Construct:

The steps, EKF:

Now construct:
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Where:

X, +K; [Yi _gi(Xi_ao)] L) = [Id - KiG:] Ty

Ki =767 [GoS; 6T + GnSim iGT]




Outcome and 1ssues

® In principle, can now filter position/orientation wrt map

® linearize dynamics following recipe above
® linearize measurements ditto

® There could be problems
® EKF’s are fine if the linearization is reliable
® can be awful if not (examples)
in fact, the map points are uncertain
® why not try to make/update map while moving? SLAM, to follow



