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1 Introduction

For highly non-linear dynamics and/or non-Gaussian dis-
tributed states, standard filters for state estimation lose their
optimality or in extreme cases, fail altogether. In this work, a
sampling-free filter is proposed that iteratively linearises the
non-linear observation function without explicitly deriving
the Jacobian.

2 Iterative Bayesian updating
Assume a continuous non-linear dynamical system,
x=f(x1),

which is observed at discrete time moments k£ with an obser-
vation function A(-),

ey

¥* = h(xF) 4wk (2)

A general version of the Kalman filter is based on the con-
ditional expectation of the random variable x* given a mea-
surement yk [1], and can be written as:

= xp(0) +0(5) — ¢ (y(x}(@))),

in which the map ¢ approximates the previously mentioned
conditional expectation, ¢(y) ~ E(x|y), and x?(a)) repre-
sents our prior knowledge (i.e. uncertainty) on the state es-
timate.

3)

x, (@)

Further assumptions on the map ¢, such as linearity, as well
as possible approximations of the highly nonlinear functions
f(-) and A(-) in equations (1) and (2) will result in different
types of filters. Two special cases of this are the classical
and the ensemble Kalman filters [1], although many more
exist.

In this work, a linear approximation of the observation func-
tion is made using an ensemble, i.e. A ~ h(-). Subsequently,
this approximation is updated by iteratively adjusting its lin-
earisation point such that an unbiased filter is obtained.

Furthermore, the sampling based approximation of 4(-) can
be replaced using polynomial chaos expansions [3]. This
results in a sampling-free filter, suitable for non-linear dy-
namics and non-Gaussian distributed states.
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Figure 1: State estimation of the Lorenz 84 problem. (=) Truth;
(=) Estimated mean; () 90% confidence interval;
(%) Linearisation point.

3 Results

The sample based iterative filter is applied on the Lorenz 84
[2] problem with nonlinear observations (Figure 1). As can
be seen, the filter is able to track the the states of the system.
Similar results are obtained for the sampling-free iterative
filter, however, this filter requires more frequent measure-
ments for accurate approximation of the observation func-
tion.
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