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summary

The Kalman filter is a recursive algorithm that estimates the state of a dynamic system subject to
measurement and model noise. If all noise terms affecting the system are white Gaussian noise with
known mean and variance, and all noise terms are independent of each other, then the Kalman filter is
the optimal estimator for the state variable. When measurements are collected from multiple sources,
the covariance between these sources should be known or the sources should be independent to
ensure that the estimate made by the Kalman filter is optimal. When the covariance between dependent
measurement sources is not known, various methods exist which provide a solution to this problem.
This thesis discusses two methods: the H, filter and covariance intersection.

1. The H,, filter can be used instead of the Kalman filter, and is a generalisation of the Kalman
filter. The H filter does not pose any constraints on the noise, therefore the correlation structure
between the measurement sources does not need to be known. The H filter is not guaranteed
to be optimal, but the estimation error is bounded.

2. Covariance intersection is used in addition to the Kalman filter and consists of two steps. First,
each measurement source is used to calculate a partial estimate of the state. Second, these
estimates and their covariances are fused using a linear combination. This method is consistent,
which means that the estimated covariance matrix minus the error covariance matrix is positive
semi-definite. This prevents overconfidence in the estimate of the state. Covariance intersection
also converges as long as the constant controlling the linear combination is optimised for every
time step.

The Kalman filter and the H, filter can be formulated in both discrete and continuous time. However,
covariance intersection is only suited for the discrete time Kalman filter, because the constant controlling
the linear combination between the the partial estimates must be optimised for every time step to ensure
convergence. The overall aim of this thesis is to formulate covariance intersection such that it can be
applied to the continuous Kalman filter. This aim is partially achieved. To this end, three different topics
are discussed in this thesis:

1. The proof showing the consistency of covariance intersection, first given by S. J. Julier and J. K.
Uhlimann, is investigated. This proof makes the assumption that a Kalman filter step with informa-
tion from only one measurement source is consistent, but this is neither trivial nor proven. This
work highlights this assumption and explores it. Additionally, the proof given by S. J. Julier and
J. K. Uhlmann does not use conditional expectations and conditional covariances, even though
the estimates that are being fused are conditional expectations. This work contains a reformula-
tion of the proof in the literature so that it does include conditional expectations and conditional
covariances where appropriate.

2. Covariance intersection is reformulated to fuse the covariance matrices of the measurement noise
instead of the partial estimates of the state and their covariances, without changing the result.
This means that covariance intersection can be rewritten as a Kalman filter with slightly altered
input. This alternative formulation therefore removes the need to calculate partial estimates. This
reduces the number of Kalman filter applications from one per measurement source to one in
total per time step when applying covariance intersection to the Kalman filter. Since a continuous
Kalman filter exists, this fusion step can be included into the continuous Kalman filter. However,
the constant that controls the linear combination still needs to be optimised at every time step
to ensure that the algorithm converges. This work suggests a starting point for further research
aimed at finding a method to optimise the constant in continuous time.

3. This work also includes a H., generalisation of the Kalman filter with covariance intersection
applied to it. This has no practical use because itimposes an additional constraint on the inputs of
the H filter, limiting the opportunity for tuning the filter without improving the estimate. However,
because the H filter can also be formulated in continuous time, it offers another avenue to make
covariance intersection applicable to the continuous time Kalman filter.
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Introduction

At the start of the Second World War, a military project was set up in the USA to develop an estimator
that could predict the future position of fast-moving aircraft using noisy radar tracking data. The aircraft
would drops bombs over targets while flying at high speed. To improve the hit rate, it was necessary to
know the future position of the aircraft so that this could be taken into account when aiming. Norbert
Wiener, as part of the programme, was tasked with developing an optimal estimator of the future position
of aircraft. What he came up with was an estimator that minimised the mean squared prediction error
using power spectral densities to characterise the statistical properties of the dynamic system. Andrei
Kolomogorov developed the same theory around the same time, so this estimator became known as
the Wiener-Kolomogorov filter. In the late 1950s, Rudolf Kalman built on this foundation. During a
train journey, he came up with the idea of using state variables in the Wiener-Kolmogorov filter. State
variables describe the dynamics of the system whose future state is to be estimated. The state variables
describe the system without external forces, such as measurements. This idea led to the development
of the Kalman filter [1]. The Kalman filter was first used in the Apollo space programme in the early
1960s [13]. Since then, the Kalman filter has been applied to other fields and is particularly widely used
in the field of navigation [1].

In terms of terminology, the term ’filter’ may seem unusual for an estimator. Historically, filters separated
unwanted components of gas-liquid-solid mixtures and later referred to analogue circuits that filtered
electronic signals by frequency. In the 1930s and 1940s, the concept was extended to the separation of
signal from noise using power spectral densities developed by Kolmogorov and Wiener. With Kalman
filtering, the term evolved to include the solution of inversion problems that estimate the independent
variables as an inverted function of the measurements [1].

The Kalman filter is a recursive estimator that minimises the mean square prediction error and is used
to estimate the (future) state of a dynamic system. The dynamic system consists of a state variable
and measurements. The state variable is modelled with an additional white noise term, which accounts
for undescribed model characteristics. The measurements are a linear function of the state variable
perturbed by white noise. The recursive estimation process consists of two steps: first, a prediction is
made based on the current state. Second, the state is updated to incorporate the latest measurement to
correct the prediction. If the noise of the dynamic system and the measurements are Gaussian, then the
Kalman filter is the optimal estimator. However, if the noise is not Gaussian, then the Kalman filter is the
best linear estimator. Note that the noise of the dynamic system and the noise of the measurements are
assumed to be independent of each other [2]. The Kalman filter also has a continuous time form, but this
is rarely used in practice because modern measurement equipment produces discrete measurements.
The continuous Kalman filter is still useful, however, because in some cases it is easier to analyse the
effects of mathematical variations on the design of the filter in its continuous form than in its discrete
one.

The Kalman filter can also incorporate multiple measurement sources, but the full covariance matrix
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between these sources should be known, or preferably the sources should be independent. For exam-
ple, the acceleration of a vehicle can be measured using the Doppler effect. Another way of measuring
its acceleration would be to carry a weight, suspended on springs, on the vehicle, and measuring the
compression of the springs. Because these two measurements do not share the same error source,
they are independent and can therefore be used in the Kalman filter.

In practice, errors in measurements from different sources are often correlated, and the full correlation
structure is usually not known. An example is a GPS location calculation by two different devices
that are located in the same place, using an overlapping set of satellites. If the data from one of the
shared satellites is flawed because of, for example, atmospheric interference, the location estimate
produced by both devices will have a correlated error. Many solutions of varying rigour and efficiency
have been proposed. | will highlight three methods of dealing with measurement correlations: tuning
of the covariance matrix, the H, filter, and covariance intersection.

1. The most rudimentary solution of these three is tuning of the covariance matrix of the estimate. It
does so by treating the measurements as independent when applying the Kalman filter. Having
dependent measurements means that part of one measurement is ‘contained’ in the other mea-
surement. This means that having dependent measurements generates less information than
independent measurements. Thus assuming that the measurements are independent while they
are actually dependent fictitiously increases the amount of information available. This makes the
covariance matrix of the estimate smaller than it should be. The underestimation of the covari-
ance matrix can be remedied by tuning the covariance matrix, which will ensure consistency of
the algorithm under certain conditions. Consistency means than the estimated covariance matrix
minus the error covariance matrix is positive definite. Thus ensuring that the confidence in the
estimate of the state is not unreasonably large. But the filter can no longer be considered optimal
and does not guarantee that the estimate is consistent in general [8].

2. Another solution to the problem of unknown correlated measurements is the use of the H filter.
This filter can be seen as a generalisation of the Kalman filter. It makes no assumptions about
the noise and therefore it does not matter whether the noise is correlated or not. The downside to
this relaxation of assumptions is that the filter is no longer guaranteed to be optimal. Instead, the
maximum error of the estimate is bounded. The H filter contains a trade-off. It allows the user
to consider whether it is better to reduce the covariance matrix of the estimate by increasing the
bound on the maximum error or to reduce the maximum error at the cost of a larger covariance
matrix of the estimate.

3. The last solution discussed in this thesis that can be used to deal with unknown correlations be-
tween measurements is covariance intersection, introduced by Simon Julier and Jeffrey Uhimann.
Covariance intersection consists of two steps. First, partial estimates per dependent measure-
ment source are calculated, using the Kalman filter. Second, these estimates are fused using a
linear combination. This means that the number of applications of the Kalman filter scales with
the number of dependent error sources. The constant controlling the linear combination needs to
be optimised at each time step to ensure non-divergence [7]. The resulting estimate is consistent
[9].

Fusing the partial estimates for every time step, as in covariance intersection, clearly requires the
existence of discrete time steps. Covariance intersection in its current form can therefore not be applied
to the continuous Kalman filter. The overall aim of this thesis is to formulate covariance intersection
in such a way that it can be applied to the continuous Kalman filter. To this end, three topics are
explored. First, this thesis investigates the proof given by S. J. Julier and J. K. Uhlmann which proves
that covariance intersection is consistent. This thesis points out two issues with this proof.

1. Julier and Uhlmann’s proof does not use conditional expectations even though all estimates and
covariance matrices in the Kalman filter are conditional expectations. This thesis contains a
rewritten proof that does include conditional expectations where appropriate.

2. Julier and Uhlmann’s proof assumes that the partial estimates are all consistent. This assumption
is neither trivial nor proven. This thesis highlights this assumption and shows why this assumption
does not hold in general. An alternative assumption is proposed: that the partial estimates are
consistent in expectation over many time steps, rather than for each time step individually.



The second topic this thesis addresses is a reformulation of covariance intersection. This reformulation
fuses the covariance matrices of the measurements noise rather than the covariance matrices of the
estimates. This means that the Kalman filter only has to be applied once to this fused covariance
matrix instead of as often as there are dependent measurement sources, while the result remains the
same. This reformulation allows covariance intersection - except for the optimising of the constant that
controls the linear combination - to be written into the algorithm of the Kalman filter. This means that
the fusion of the partial estimates can be translated to the continuous time Kalman filter if a differential
equation of the constant is provided. However, the optimisation problem that needs to be solved for
every time step has not yet been reformulated such that it is possible to find a differential equation for
this constant. A starting point for further research is suggested to also solve this last barrier to applying
covariance intersection to the continuous time Kalman filter.

The last topic discussed in this thesis is how the H, filter can be adjusted such that it becomes a
generalisation of the Kalman filter with covariance intersection applied to it. This adjustment impairs
the performance of the H,,, because additional requirements are posed on the input matrices of the
H filter. However, this adjustment provides a different way of arriving at a continuous Kalman filter
with covariance intersection applied to it, as there also exists a continuous time version of the H filter.

The outline of this thesis is as follows. Chapter 2 provides the mathematical background of both the
discrete and continuous time Kalman filter. Section 2.1 derives the discrete Kalman filter. This section
also contains several frequently used formulations of the Kalman filter. Section 2.2 derives the continu-
ous time Kalman filter as a limit of the discrete time Kalman filter. Chapter 3 introduces the H, filter; the
discrete form can be found in Section 3.1 and the continuous form in Section 3.2. The Kalman filter and
the H, filter are compared in Section 3.3. Section 3.4 investigates whether the H, filter can be seen
as a Kalman filter with non zero noise terms. This does not turn out to be possible. Chapter 4 focusses
on the subject of covariance intersection, starting with an introduction to the concept in Section 4.1.
Section 4.2 gives the definition of consistency and investigates the proof of the consistency of covari-
ance intersection, given by S. J. Julier and J. K. Uhimann. This section also highlights and discusses
the assumption that the partial estimates used in covariance intersection are consistent. Section 4.3
formulates a method which fuses the covariance matrices of the measurement noise instead of the
covariance matrices of the estimates, as covariance intersection does. It is shown that this formulation
leads to the same estimate as covariance intersection, provided that the constant which controls the
linear combination is the same. Chapter 5 adjusts the H, filter such that the H, filter becomes a
generalisation of the Kalman filter with covariance intersection applied to it. This provides a different
path to make covariance intersection applicable to the continuous time Kalman filter. The conclusion
of this work is contained in Chapter 6. Section 6.1 contains recommendations for future work.



Kalman filter

This chapter contains a mathematical derivation of both the discrete and the continuous Kalman filter.
The discrete Kalman filter will be derived using the Bayes’ method combined with moment generating
functions. The discrete Kalman filter is a recursive algorithm consisting of two steps. The first step is
the prediction step, which is derived in Section 2.1. The second step is the update step. To derive this
step, some background on moment generating functions is needed which is provided in Subsection
2.1.1. Subsection 2.1.2 derives the update step of the Kalman filter. Subsection 2.1.3 contains sev-
eral reformulations of the solution of the Kalman filter, which will be used throughout this thesis. The
continuous Kalman filter is derived in Section 2.2 as a limit of a discrete Kalman filter.

2.1. Derivation of discrete Kalman filter

There are many ways to derive the discrete Kalman filter. This section will the derive the discrete
Kalman filter by using Bayes’ theorem and moment generating functions, which is based on a paper
written by H. M. Masnadi-Shirazi et al. [12]. We consider the following dynamic system:

Xp=Fp 1 Xp—1 + Wiy,

2.1)
Y1 = Hp 1 Xp—1 + Vit

where X, € R" is the state vector, this vector is a random variable; F;, € R™ x R™ is the state transition
matrix, which can describe the physics underlying the process that is modelled; W), € R™ is Gaussian
white noise with covariance matrix @, € R™ x R™. Therefore, W, ~ N(0,Q). W} can be used to
compensate for unmodelled factors. Y, € R™ represents the measurement at time k, H, € R™ x
R™ provides a linear connection between the state vector and the measurement vector. V;, € R™ is
Gaussian white measurement noise with covariance matrix R, € R™ x R™. Thus V,, ~ N(0, Ry). Wy
and Vj, are assumed to be independent. If V;, and W, are Gaussian, the Kalman filter is the optimal
estimator, otherwise the Kalman filter is the best linear estimator. The derivation of the discrete filter in
this section uses that these two noise terms are Gaussian. Different derivations exist that do not need
this assumption.

An example where the Kalman filter can be applied is in modelling the course of a ship. In this case,
X, represents the vector describing the ship’s coordinates and velocity. Y}, could then represent GPS
measurements of these coordinates and velocity, while H;, serves as a projection onto X.

Let us define the sigma algebra F,, = o(Y1,...,Y,), which is generated by the observations up until
and including time n. We will denote the density of X given the sigma algebra F,, as fx, |z, -

The Kalman filter minimises the the mean square error between the true state and its estimate. The
mean square error is conditioned on the sigma algebra F,, to account for the measurements up until
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2.1. Derivation of discrete Kalman filter 5

and including time n. We thus need to find the following estimator:

) = argmin E[(Xy, — £)7 (Xy — 2)|F). (2.2)

The solution to this estimation problem is given in the following lemma.

Theorem 2.1.1. [2] Assume that 2T & is integrable. Then the solution to the minimisation problem of
Equation (2.2) is the conditional mean E[X}|F,,)].

This theorem is proved later in this section.

From now on, the estimate of X, given the observations up until and including time n will be denoted by
Ty = E[Xy|F,]. The error covariance matrix of this estimate is denoted by Py, = E[( Xz — Zpjn ) ( Xk —
£k|n)T|}'n}. Note that 2, and P, are the mean and variance of fx, r, . Typically, when using the
Kalman filter, we are interested in finding iy, and Py;. To this end, we need to find fx, 7 which
reflects a belief in the state X given 7. The following theorem shows how fx, =, can be found.

Theorem 2.1.2. Given the dynamic system in Equation (2.1). Then:

ka|]:k_1(l‘) :/kale_l(‘r)ka—l\fk—l(w) dw7

f (z) = Iyvix, W) fxy ) 7y (2)
el ffyk\Xk (y).ka\]—'k,l(l‘) dz’

Theorem 2.1.2 is proven below.

Remark 2.1.3. Theorem 2.1.2 shows that it is possible to derive the density of fx,r,, called the pos-
terior from fx, |\r._, via fx,|r._,, which is called the prior. This means that fx, r, can be calculated
recursively, by first finding the prior and then the posterior. The calculation of the mean and the covari-
ance matrix of the prior and the posterior are called the prediction step and the update step, respectively.

To find the estimate of the states #;,;,_, and Z;, the means of the prior and posterior need to be found.
The error covariance matrices P, and Py, are found by calculating the covariance matrices of the
prior and posterior, respectively. We start with deriving the mean and covariance matrix of the prior.

Theorem 2.1.4 (Prediction step of Kalman filter). Given the dynamic system in Equation (2.1), we find:

Tpph—1 = Fr—1Tp—1)k—1,
T
Pop—1 = Fe 1 Po_1jp—1Fy_1 + Qr—1.

This theorem is proved below. The next theorem gives the update step, by deriving the mean and
covariance matrix of the posterior.

Theorem 2.1.5 (Update step of Kalman filter). Consider the dynamic system of Equation (2.1). Then:

T = (I — Kxy, v Hi)Trpi—1 + Kx, v Yk
= -1 + Kx, v, (Ur — Hpp)p—1),
Py = (I = Kx, vi Hi) Pep 1 (I = Kx v Hi) T 4 Kx v RiKY, s

where
Kx, v, = Pup—1H{ Py, Py, = HyPyx—1H" + Ry.

Some background on moment generating function and auxiliary results are needed to prove this theo-
rem. The background on moment generating functions can be found in Subsection 2.1.1. The auxiliary
results and proof can be found in Subsection 2.1.2.



2.1. Derivation of discrete Kalman filter 6

In conclusion, we find the following algorithm to estimate the state of the dynamic system of Equation
(2.1). The algorithm starts with 2o and Fyo, where Fy|o should reflect the certainty with which i, was
chosen. The exact starting point does not matter as long as P, is not the zero matrix. Note that from
now on, we will denote Kx, y, as Kj, for brevity. As mentioned before, first a prediction step is made,
which was derived in Theorem 2.1.4;

Tpp—1 = Fr—1Tp—1)k—1,
Pyji—1 = Fro1 P11 Fi_y + Q1.
After which the update step takes place, which was derived in Theorem 2.1.5:
T = Trjp—1 + Ki(ye — HeZpp—1),
Pue = (I = KgHy) Pre—1 (I — K Hy)" + Ky Ry K
Ky = Pyjp—1 Hl (Hi Pyj—1 H + Rie) ™"

K}, is often called the Kalman gain and I, = yx — Hy2y,—1 is called the innovation, which is the differ-
ence between the observation and the a priori estimate of the measurements, 7.1 = E[Yi|Fr—1] =
HyZp,—1- The solution of the Kalman filter can be rewritten into multiple forms. These reformulations
of the solution of the Kalman filter are derived in Subsection 2.1.3.

We now prove the above results, starting with Theorem 2.1.1.

Proof of Theorem 2.1.1. We prove this theorem by setting the gradient of the mean square error to
zero. Before deriving the gradient of the mean squared error, we find a bound for |(X; — 2)T (X — 2)|:

0<|(Xp —2)T (X —2)| = | X X5 — XTd — 27X, + 27 8.
Note that X/'& € R, so it is equal to its transpose:
0 < |XTXp — 227X, 4 27 2|
= XXy + 227 Xy | + 272, (2.3)
We bring |27 X | to the left, to obtain:
12T Xy | < %(X,ZX;C + 27%).

We use the above expression in Equation (2.3), to find:
(X — )0 (X —2)| < XTXp + XX+ 270+ 273
=2X! X, + 227 4.

We define Z = QXZXk +227%. Since we assumed that £7'% is integrable and since X}, has a normal
distribution, we conclude that Z is an integrable random variable which bounds |( X} — 2)T (X — %)
from above. We continue to rewrite the gradient of the mean square error. By the definition of the
gradient:
(X — 2)" (X — 2)| )
VaE[(Xk — )T (X), — )| Fal = :

S E[(Xy — )T ( Xy, — 2)|Fn)

din
To avoid long derivations in matrix notation, we show that it is possible to interchange the partial deriva-
tive with respect to z; and the expectation. To this end, we define e; = [0,...,0,1,0,...,0] where the 1

is on the ith position. Then using the definition of partial derivatives:

9 El(xp — )T (Xx - )|

oz,
= im T (E(Xk — (&4 hea)T (X — &+ hea)) B — EI(Xe — )7 (X — )|5,])
= lim E [;11 ((Xk — (& +he:))" (Xi — (& + hes)) — (X5, — &) (Xg — o%)) IFn} :
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We have seen that |E[(X) — 2)T (X, — )| F,]| < Z, thus using conditional dominated convergence, we
are allowed to interchange the limit and the expectation:

0
0Z;

E[(Xk — 2)" (Xi — 2)|F]

h—0

—F [Iim % ((Xk (@4 he)) T (Xp — (& + hes)) — (Xp — 2)T (X5 — az)) |fn}

=F [aii (Xp, — ) (Xp — )| Fn| -

Thus we conclude:
VE[(Xe — 2)T (Xg — 2)|Fn) = E[Ve(Xp — 2)T (Xp — 2)|F)

= 2E[X}, — 2| F]
= 2E[X4|F) — 7) = 0.

Clearly, this only holds when & = E[X|F,,]. O

We need a preliminary result before we can prove Theorem 2.1.2.

Lemma 2.1.6 (Bayes Theorem). [6] Let X,Y € R? be two continuous random variables with probability
densities fx(x) and fy(y), respectively. We assume fy (y) > 0. Let fx y(z,y) be the joint probability
function of the random vector (X,Y). Then,

Fxiy (@) = JW

This result is proven at the end of the section.

Proof of Theorem 2.1.2. We start with the derivation of the prior. Using the definition of conditional
probability functions, we find:

f (33) = kay]:k—l(‘/E7y) _ fka—tha]'—kfl(w’x’y) dw
Xl Fia fr () fr ()

_ fka|Xk717]:k—l(x)kafllfk—l(w)f]:k—l(y) dw
f]:k—l(y)

:/ka|Xk—1,.7:1«—1(l‘)ka—l\}-k—l(w) dw.

Using that conditioning X on X;_; and F;_ is the same as only conditioning on X1, because Fj_;
has been used to calculate X1, so F;_ is redundant information, gives:

kal}-k—l (l‘) = / ka|Xk,1 (‘r)ka,ﬂ]:kfl (U]) dw
We derive the probability function of the posterior. Using Bayes theorem, see Lemma 2.1.6, we obtain:

ka\fk (z) = ka‘ka]:k—l(x)
— i xeme W xm . (@)
fYk‘]:k—1(y)

Again, using that conditioning on Fj._; is redundant when conditioning on X}, gives:

= W fxgs (@)
ka\]-‘k( )* fyk‘]:k_l(y) )
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We use the definition of conditional probability to rewrite fy, |7, , (v) as follows:

fYk\]:kfl(y) :/ka,Yk|fk—1(x7y) dx
:/fyk|xk,fk71(y)ka\fk,l(x) dz.

Using that F;_; is redundant when conditioning on X, gives:

yilFe (y) = /fYk|Xk(y)ka|fk,1($) dz.

O

Proof of Theorem 2.1.4. ltis possible to derive the mean and covariance matrix of fx, |z, _, by writing
out the integral of the prior in Theorem 2.1.2. This is, however, a tedious process and can be done
more easily by using basic rules of conditional expectations. We use the latter method. We start with
deriving the mean of the prior:

Tpjp—1 = E[Xp|Fro1] = E[Fp_1 Xp—1 + We_1|Fr—1]
= F 1 B[ Xp1|Froa] + E[Wr 1| Fr1]
= Fyp 1% 1k-1-

We continue to derive the covariance matrix of the prior:

Pyjp—1 = Var(Xg|Fr—1) = Var(Fp_1 Xp 1 + Wr_1[Fr-1)
= Fk_1Var(Xk_1\Fk_1)FE_1 + Var(Wk_1|J-"k_1) + 2Fk._1COV(Xk_1, Wk—l‘Fk—l)
= Fr1Peo1pa1 Fi g + Qi1

This concludes the claim. O

We proceed with the proof of Theorem 2.1.5, whose main idea is to derive the moment generating
function of the posterior that we found in Theorem 2.1.2. Since the moment generating function deter-
mines the distribution of a random variable uniquely, this will then give us the distribution, mean and
covariance matrix. The proof of Theorem 2.1.5 is split over two subsections. Subsection 2.1.1 will give
the definition and some basic properties of moment generating functions. Subsection 2.1.2 will then
use moment generating functions to derive the distribution of the posterior.

Before moving on to Subsection 2.1.1, we prove the preliminary result.

Proof of Lemma 2.1.6. We prove this lemma via the definition of conditional density functions:

NORALG

fy ()
_ fY|X(y)fX(I)
B fr(y) '

This concludes the claim. O

2.1.1. Moment generating functions

This subsection contains the definition of moment generating functions and some basic properties. We
start with the definition of a moment generating function.
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Definition 2.1.7 (Moment generating function). [11] Let X be a random vector on R™ and t a vector on
R™. Then the moment generating function is defined as:

My (t) = [E[e“’X)},

provided that the right-hand side exists on some open neighbourhood of 0.

Remark 2.1.8. For the moment generating function to exist, there must be a § € R such that if ||t|| < ¢
then [E[e“*x >} < oo. The name of the moment generating function comes from the fact that if the

moment generating function of a random variable exists on an open neighbourhood around 0, then all
its moments are finite and can be computed by partial differentiation.

Some basic properties of the moment generating function will be shown in Lemma 2.1.9.

Lemma 2.1.9 (Basic properties of moment generating functions). Let X; and X, be two independent
R™ valued random variables for which the moment generating functions Mx, and Mx, exist on an
open neighbourhood of 0. Let A : R™ — R™ be a linear map and let b € R™. Then fort € R" in the
neighbourhood where Mx, and Mx, exist:

(@) Max, s(t) = e My (ATt), where A is the transpose of A,
(b) MX1+X2 (t) = MX1 (t)MXQ (t)

Let X = (X1,X2) and t = (t1,t2) with t; € R™ and ty € R™ in the neighbourhood where M, and Mx,
exist, respectively. Then:

(€) Mx(t) = Mx, (t1)Mx,(t2).

This result is proven later in this section.

A very important and useful property of the moment generating function is that the moment generating
function uniquely determines the distribution. We state the relevant theorem without proof.

Theorem 2.1.10 (Uniqueness theorem for moment generating functions). [11] If for some 6 > 0,
Mx(t) = E[el*X)] < oo and Mx(t) = My(t) for all t such that ||t| < o, then X and Y have the
same distribution.

In Theorem 2.1.2 we derived the probability functions for the prior and posterior. These probability
functions are conditional probability functions and therefore, it is necessary to know the dynamics of
conditional moment generating functions.

Lemma 2.1.11 (Conditional moment generating function). Let (X,Y’) be a random vector with moment
generating function Mx y (t1,ts) = E[efX)+Y)] fort; € R™ and ty € R™ with n = dim(X) and
m = dim(Y"), such that the moment generating function Mx y exits. We define the probability measure
Py, forY as

dP, My |y =y(t1)
—(y) = ——— 24
W Mx(th) (2.4)
Then the moment generating function My ., of Y under the measure P, is given by:
My y (t1,t2)
— (t2,v)) _ Mx vy, t2
MYatl (t2) . [Etl [e } MX (tl) (25)

This lemma is proven below. To find the distribution of X} |F, we will use Equation (2.4) and Equation
(2.5) and we therefore need the moment generating functions of the vector (X, Y) and of X;.. Because
we assumed the noise to be Gaussian, X, and Y;, have a normal distribution and we thus need the
moment generating function of a normal distribution. The moment generating function of a normal
distribution will be derived in Lemma 2.1.12.
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Lemma 2.1.12 (Moment generating function of normal distribution).  The following three statements
are true:

(a) Let X ~ N(0,1), then Mx(t) = e2'’ fort € R.

(b) Let X ~ N(0,I) be a vector of n independent standard normal random variables, then Mx (t) =
ezll!l” fort e R™.

(c) Let X ~ N(u,X) onR"™. Then fort € R",

Mx (t) = [E[e(t,X)} _ e(t,u)+%(t,zt)_
This lemma is proven at the end of this section. Below we prove the results of this section.

Proof of Lemma 2.1.9. We prove the above statements as follows:

(8) Max, () = E[04%1H0 | — Felttlg(dtX0) | — g ol 1:X0)| — ot aiy, (AT1),
(b) My, 1 x,(t) = E[eltXi+Xa | = Flelt-XneltXa)]| — F|e(tX0) | E[eX)| = My, (6) M, (1),

(c) Mx(t) = [E[e<t’x>] = [E{e“““)’(X“X?”} = [E{e<t1’Xl>e<t2’X2>} = [E{e“l’xﬁ] [E[e“?’Xz)}

= MX1 (tl)MX2 (t2)'
O
Proof of Lemma 2.1.11. Fix t;. By the law of total expectation,
Mgy (tn,t2) = £ [olt050027] = el Mglm]
— e [e<tl,X>e<t2,Y>‘yH — [E{[E{eul,X)W}e@z,w}
I (2. E{MX‘Y(tl)e“z’w}
= 25 =
E _MX|Y(751)e } M (1) Mx (t1)
= B, [ Mk (1),
Diving both sides by Mx (¢1) concludes the proof. O
Proof of Lemma 2.1.12. We prove the statements as follows:
(a) We use tz — 22 = 1¢2 — 1(z — t)? to obtain:
Mx(t) = [E{e“vxq - /e“feféc”2 do—ed L [ 307 gy — gir”,
V2r V2r

(b) This is an immediate consequence of Lemma 2.1.9(c) and Lemma 2.1.12(a).

(c) By definition X = AY + u with Y ~ N(0,I) for some map A such that ¥ = AA”. Note that it
is possible to write ¥ = AAT because X is a covariance matrix. The result immediately follows
from Lemma 2.1.9 (a) and Lemma 2.1.12 (b).

O

This concludes the theory on moment generating functions necessary to continue the derivation of the
distribution of the posterior. The following subsection will derive this distribution.
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2.1.2. Distribution of posterior

This subsection uses the theory discussed in Subsection 2.1.1 to derive the distribution of the posterior.
To this end, the following lemma will derive the distribution of a vector (X, Y") with similar properties to
the vector (X, Y%).

Lemma 2.1.13. Let X e R" and letV € R™ with X ~ N(ux,Xx) andV ~ N(0, Xy ) independent. Let
Y e R™ suchthatY = HX +V with H € R™ x R™ a linear map. Then,

X N X Yx YxHT
Y Hux ) ' \HXx HXZxH" +%v) )

This result is proven at the end of the section.

In the following lemma we will derive the distribution of a normal random variable conditioned on another
normal random variable with a given covariance structure. This will be used as a stepping stone to
derive the distribution of X},|F;.

Lemma 2.1.14. Let (X,Y) be a normal distribution with mean u = (ux,uy) and block-covariance
matrix 3 given by
5 { Yx EX,Y}
Yvx Xy |

Let Kxy =YxySy'. Then (X|Y =y) ~ N(ux + Kxy(y — piy), Sx — Kx ySy K% y).

This result is proven below.

The following lemma combines Lemma 2.1.13 with Lemma 2.1.14, to obtain the mean and covariance
matrix of a conditional distribution that has the same properties as the distribution of X |Fj.

Lemma 2.1.15. Let X € R" be a random vector with X ~ N(ux,Xx). LetY e R™ withY = HX +V
for some linear map H € R™ x R™ and V' € R™ a normal random variable such that V ~ N(0,Xy ).
Assume that X and V' are independent. Then:

pxjy=y = ([ — KxyH)ux + Kxyy,

Sxjyey = — KxyH)Sx(I - KxyH)" + KxySvKX y,

where
Kxy =Sxy2y' = SxH'Sh

The proof of this lemma can be found at the end of this section. Finally, enough background is estab-
lished to prove Theorem 2.1.5.

Proof of Theorem 2.1.5. This result is directly obtained by applying Lemma 2.1.15 to the dynamic sys-
tem of Equation (2.1). O

The auxiliary results of this section are proven below.

Proof of Lemma 2.1.13. The mean and covariance matrix of X are already given. We calculate the
mean and variance of Y
E[Y] =E[HX + V] = HE[X] + E[V] = Hux,
Var(Y) =Var(HX + V) =Var(HX) + Var(V) + 2Cov(HX,Y)
= HYxHT +%y.
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What remains is the covariance between X and Y:

(X —E[X])(Y - E[Y])T]

XYT] - EXE[Y])T] - E[E[X]YT] + E[E[X]E[Y]T]

XYT) - EXEY) = EX(HX + V)T — pxp kv

XXTHT + XVT) — uxpk HT = ([ XXT)HT + E[X|E[V] — pxpk HT
=SxH" + puxpxH" — pxpxH' =SxH".

[
[
[
=L
Note that Y has a normal distribution because it is a linear combination of normal random variables.
This concludes the claim. O

Proof of Lemma 2.1.14. Let n = dim(X) and m = dim(Y’). Let¢; € R™ and {2 € R™ such that the
moment generating function My y (t1,t,) = E[e(tt:-X)+{2Y)] exists. By Lemma 2.1.11, the moment
generating function of Y under the measure P,, is given by:

1
E [e<t2,Y>} _ Mxy(tits) &P [<t’u> 3l EM
t1 - -
Mx(t1) exp [(tl,,ux> + %(th Ethﬁ

exp |:<t17 px) + (ta, py) + %(@1, Yxt1) + (t1, Xx,vte) + (t2, By, xt1) + (t2, ZY&))}

exp |:<t17 px) + %(th EXh)}

1
= exp |:<t23 py) + 5 (<t17 Yx,yta) + (t2, By, xt1) + (t2, Eyt2>>]

Using that Xy x = X% ;. and thus (t1, X x yt2) = (t2, Ly xt1), gives:
, X,Y , ,

1
B[] = exp [(t2, v + Syixtr) + 5 (62, Sy ).

In the last line we can recognise the moment generating function of the normal distribution. Thus
by Theorem 2.1.10, Y under the measure P,, has a normal distribution with mean py + Xy xt; and
covariance Yy. We write this distribution as fy;, (y) = fuy +5y xt1.=y (¥). Equation (2.4) gives:

Mx|y—y(t1) = dc[jP[;l (y) Mx (t1)

_ f;ty-i—zy,xtuzy (y)
fuy,EY (y)

Mx (t1).

Because all terms on the right are in terms of an exponential, we compute the factor of the exponential
by taking the logarithm of My |y _,(t1):

1 _ 1 _
log(Mx|y—y(t1)) = —=(y — py — Sy, xt1, 55 (y — py — Sy, xt1)) + §<y — v, Sy (y — py))

2
1
+ (t1, ux) + §<t17 Yxt1)
1 _ _ 1
= _§<EY,Xt1a Sy Sy xt) + (Syxt, By (Y — py)) + (B px) + §<t1, Yxt1)
_ 1 _ _
= (t1,px + Sx vy Sy (Y — py)) + = {t1, (Ex — Sx v Oy Sy 2y By x )t1).

2
Using the definition of Ky and that (Sxy 2,17 = 23" Sy x, gives:
1
log(Mx|y—y(t1)) = (t1, ux + Kxy(y — py)) + 5@17 (Sx — KxySy Kx y)t1).

In the last line we recognise the exponent of the moment generating function of a normal distribution
with mean px + Kx v (y — py) and variance X x — KX,yEyK)Tgy. This concludes the claim. O
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Proof of Lemma 2.1.15. Firstwe derive the mean of X |Y = y. We use that uy = Hpux, which is shown
in Lemma 2.1.13. Applying Lemma 2.1.14, we find:

px|y=y = hx + Kxyy —py)=px — KxyHpx + Kxyy = — KxyH)ux + Kxyy.
We continue with the covariance. By Lemma 2.1.14, we find:
Sxjy—y =Sx — KxySyKxy.
Adding and subtracting Kx y Xy K% , and using that Kx y Xy K% y = Kx,yYy,x = Ex vy K% y gives:
Sxjyey =5x — KxySyx —SxyKxy + KxySyKxy.
Using Xy, x = HYx and Xy = HYxHT + 3y, which was derived in Lemma 2.1.13, gives:

Sxjyey =5x — KxyHSx —SxH KX y + KxyHExH K% y + KxySvK% y
=(I-KxyH)Sx(I - KxyH)" + KxySvKyx.y.

This concludes the claim. O

2.1.3. Alternative formulations of the solution of the Kalman filter

Throughout this thesis, different formulations of the Kalman filter will be used. This subsection contains
a derivation of several formulations. The following lemma states the reformulations commonly used.

Theorem 2.1.16 (Rewritten solution of Kalman filter). The solution of the Kalman filter can be rewritten
in the following way:

Prediction step:

Trih—1 = Fr1Zp—1jk—1,
T
Pyp—1 = Fe1Pp_1jp—1Fi_1 + Qr—1-

Update step:

Tk = Tpp—1 + Ke(yr — Hedgpp—1),
Py = (I — KiHy) Py (I — K Hy)" + K Re KL
= (I — KyHy)Pyjj—1
= (Pyjpy + H R HE)
Ky, = Pyp—1H (He Py HY + Ri) ™!
= Py HI R (2.6)
Note that when using the second definition of the Kalman gain, the third definition of the covariance

matrix should be used. Otherwise, the Kalman gain is needed to calculate Py, while Py is also
needed to calculate the Kalman gain.

To prove Theorem 2.1.16, we need a preliminary result called the Woodbury matrix identity. It is also
sometimes called the Woodbury formula, matrix inversion lemma or Sherman-Morrison-Woodbury for-
mula.

Lemma 2.1.17 (Woodbury matrix identity). The Woodbury matrix identity is given by:
(A+vcv)yt=A"t - AU CcTt+vATiU) VAT,

provided the above matrix products and inverses exist.
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This result is proven below.

Proof of Theorem 2.1.16. We start with deriving the second formulation of the covariance matrix P,
starting from the first:

Py = (I = KiHy)Poj—1(I — K Hi)" + Ky R KL
= Pyp—1 — Poppr HE K — K Hy Pyj—1 + Ko Hy Py Hi Kj + K R K
= (I — KxHy)Pyjo—1 — Popp—1 Hif K[ + Ki(Hp P Hi, + Ry) K.
Using the first definition of the Kalman gain, gives:
Py, = (I = KyHy) Pyji—1 — Pojg—1 HE KiD + P HY (He Pyj—1 HE + Ri) ™ (Hy Pyj—1 Hi + Ri) K}
= (I — KiHy)Pyjr—1 — Prjp—1 Hi Kif + Prjp—1 HE K
= (I — Ky Hyg)Pyjp—1-

Next the third characterisation of the covariance matrix is derived, starting from the second formulation.
Using the first definition of the Kalman gain, we find:

Py = (I — KiHy)Pyjj—1 = (I — Pyg—1 Hjf (Hi Pyj—1 HE + Ri,) " Hy,) Pyjjo—1
= Pyji—1 — Pujp—1 Hj (HiPyj—1 HY + Ri) ™" Hy Pyjje—1.-
Applying the Woodbury matrix identity, see Lemma 2.1.17, we find:
Py, = (Ppg_y + Hi Ry P Hy) ™

We shift our focus to the Kalman gain. This derivation is based on a similar derivation in the book
written by Y. Bar-Shalom et al. [2]. To make notation easier we use Sy, = HkPk‘k_lHkT + Ry,. Thus:

Ky = Py Hi (Hi Py HF + Ri,) ™!
= Py H S,
= Py HL Sy 'Ry R
Adding and subtracting HkPk‘k_lHkT to Ry, gives:
Ky = Pyp—1H S;, (Hp Prje—1 Hif + Ry — Hp P Hi )R
= Py HY Sp ! (Sk — Hy Py HY Ry
= (Pye—1H} — Pupp—r H{ Si " Hy Py HO R
Using K = Pyx—1HI'S; ", we find:
Ky = (Pyr—1H — KiHp Py HY )R,
= (I — KyHy) Py HE Ry
Using the second definition of P, ;, we obtain:
Ky = Py HE R

This concludes the claim. O

Proof of Lemma 2.1.17. We prove the formula directly by multiplying both sides by A + UCV.
(A+UCV)(A ' —A"lU(C +vATIU)tvaY
=I-UlCt+vAa'tu)y"tvatyucvaTt —ucvATtU(CT +vATIU) v ATt
=I+UCVA™' —(U+UCVATIU)(C + VA U)'vA™!
=I1+vUcvA—vccCct+vaTtyyCcTtrvaATi) v AT
=I1+UCVA ' —UCIVA™!
=1

This concludes the claim. O
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2.2. Derivation of continuous Kalman filter

This section contains a derivation of the continuous times Kalman filter. The continuous time Kalman
filter will be derived as a limit of the discrete time Kalman filter.

The derivation in this section is based on the book ‘Optimal and robust estimation’ written by F. L.
Lewis et al. [10] and the book ‘Estimation with applications to tracking and navigation’ written by Y.
Bar-Shalom et al. [2]. We consider the following continuous dynamic system:

d);t(t) — A()X(t) + DOW (1), (2.7a)
V() = C(OX() + V(2), (2.7b)

where W : R™ — R® and V : RT — R™ are continuous Gaussian white noise and are independent
of each other. The intensity of W (¢) is @ : Rt — R™ x R™ and the intensity of V' (¢) is R(t), with
R : R — R™ x R™. Engineers use the word ‘intensity’ for the variance of Brownian noise. From
here on, ‘intensity’ will be used when the random variable is continuous and variance will be used
when the random variable is discrete. Note that A, C' and D are continuous linear functions for fixed
t. A:RT 2 R"xR",C:R" = R"xR*",D: Rt = R*"xR*". X :R" = R*andY : R" — R™ are
continuous random variables.

Theorem 2.2.1 derives the solution of the continuous time Kalman filter.

Theorem 2.2.1. The solution to the dynamic system given in Equation (2.7) is:

PO AW + POCHT RO u(e) - C)2()
= AW+ K(0)y(t) — COR0)
d%t) = A(t)P(t) + P(t)A(t)" + DOQ#)DH)T — P)CH)TR(t) " C(t)P(t)
= At)Pt)+ PM)A®)T + D)Q(t)D(1)T — K(t)C(t)P(t)
= AWP() + POAWT + DOQWD(N ~ KWROK(D",
K(t) = P()C(t)" R()™"

To prove this theorem, two auxiliary results are needed. Lemma 2.2.2 discretises the system given
in Equation (2.7). Then Lemma 2.2.4 finds the discrete Kalman solution to the discretised system of
Lemma 2.2.2. Theorem 2.2.1 is proven by taking the limit over the time step size of the solution of
Lemma 2.2.4. It is also possible to derive the continuous Kalman filter directly, but this is not shown in
this work.

Lemma 2.2.2. Discretising the system with time step length A given by Equation (2.7) gives the follow-
ing dynamic system:

X(tk) = (I + A (tkfl) A) X(tkfl) + W(tkfl),

’ (2.8)
Y(tp—1) = Cth—1) X (tr—1) + V(tp—1),
with W (t,—1) = AD(ty—1)W (t)—1) and V(ty_1) = + ti’:ﬁA V(r) dr. The covariance of W and V/

are then given b:

Q(tr—1) = Cov(W (t—1)) = AD(ty—1)Q(tr—1)D(t)—1)",

R(tp_1) = Cov(V (tp_1)) = %R(tk,ly

respectively.

This lemma will be proven at the end of this subsection.
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Remark 2.2.3. /t may seem contradictory that Cov(W (tx—1)) = AD(t;_1)Q(t—1)D(tx—1)" while
Cov(V (tx—1)) = % R(tx—1) as these differ a factor A2. It may also seem strange that as A gets smaller,

the covariance of the noise R(t) grows. Since V (t) is discretised by averaging over an interval, the
longer the interval, the closer the average will be to zero (since the noise is centred around zero).
Therefore, by averaging over a smaller interval (A goes to zero), the average will be further from zero.
This is reflected in an increasing variance, see Figure 2.1.

W (t) is discretised by the Euler Maruyama method, which is the stochastic extension of the Euler
method or the first order Taylor expansion. W (t;,) is the accumulated noise of W (t) over an interval of
length A, because the noise has an accumulative effect on the state variable. By integrating over W (t},),

W (t) accounts for all the noise in the interval of length A. The integral over W (t) is approximated by
multiplying W (ti) with A. When A goes to zero, the error of this approximation goes to zero. When
A goes to zero, the area of AW (t;) also decreases. Thus W (t) decreases, which means that the
variance of W (t) also decreases. For a visual interpretation, see Figure 2.1.

Lemma 2.2.4. When applying the Kalman filter to the system given in Equation (2.8) we find:

Prediction step:
(tglth—1) = (I + Atr—1)A)T(tp—1]th—1),
P(tpltp-1) = (I + A(tp—1)A)P(ti—1|ti—1)(I + A(te—1)A)" + AD(t-1)Q(ti—1)D(tr—1)".
Update step:
&(tkltn) = T(telte—1) + K (te)[y(te) — C(te) 2 (trltk—1)],
P(tplte) = (I — K (t)C(te)) P(trlts—1),

K (1) = Plts i)l (Pl o)™ + 5920 )

Discretisation of process and measurement noise

A=0.5 A=0.1

a) Process noise discretised via integral approximation b)
a4
L ]
2 <
y
= f . * . . " . F H
= 01 i rt 1 b e T Ll ke e ¢ i ol 4 »
[ ]
_2 < Jy } I
-4
c) Measurement noise discretised via sample mean d)
4
7 L '
[ * L] . .|
= i . - t ... L] (] .
= 0 ® 1 * * . T k111" T
L ] i .
-2 4 [ 4
-4 T T T T T T T T T T T T T T
0 1 2 3 4 5 6 00 02 04 06 08 10 12 14 1.6 1.8 2.0
t t

Figure 2.1: This figure shows the discretisation of the process and measurement noise. All figures show continuous time
Gaussian white noise in blue in the background with the red dots representing the discrete approximation of the continuous
noise. The process noise is discretised by approximating the integral over the the Euler Maruyama discretisation, which is
shown in figure a) and b). Figure a) shows the discretisation with A = 0.5 and figure b) uses A = 0.1. Itis clear that the
variance of the discrete process noise decreases when A decreases. Figure c) and d) show the discretisation of the
measurement noise with A = 0.5 and A = 0.1, respectively. The measurement noise is discretised by calculating the mean
over intervals of length A. Itis clear that the variance of the noise increases when A decreases.

This result is proven below. We have enough background to prove Theorem 2.2.1 by taking the limit
over the time step size of the solution given in Lemma 2.2.4.
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Proof of Theorem 2.2.1. We start by taking the limit of A — 0 of the Kalman gain of the discretised
solution from Lemma 2.2.4:

. T T T
A“TOK(tk)_AIITOP(tk|tk_1)C(tk_l) <C(tk_1)P(tk|tk_1)0(tk_1) + A

Taking A out of the brackets gives:
lim K(tk) = lim AP(tk‘tkfl)C(tkfl)T (AC(tkfl)P(tk|tk,1)0(tk,1)T + R(tkfl))il = 0.
A—0 A—0

To obtain the differential equation for the a priori covariance, the difference equation of the a priori
covariance matrix is derived. We then take the limit of A — 0 of the difference equation to obtain the
differential equation. To this end, we rewrite the expression for P(t¢;|t;—1) by working out the brackets
in the definition of P(¢|tx—1):
P(tylti—1) = P(ti—1lte—1) + A[A(ts—1) P(tr—1|ti—1) + P(tx—1|te—1)Alte—1)"
+ D(tk_l)Q(tk_l)D(tk_l)T + AA(tk_l)P(tk_1‘tk_l)A(tk_l)T].

Using the expression for P(t;_1|tx—1), we obtain:

P(tlti—1) = (I = K(tx—1)C(tr-1))P(tr-1ltk—2) + A[A(tx—1)(I — K(tx—1)C(tk—1))P(tk—1]tr—2)
+ (I = K(tg-1)C(t5—1)) P(tr—1[tr—2) Altr—1)" + AD(ty—1)Q(tx—1) D(ts—1)"
+ AA(tk—1)(I — K(tk—1)C(tr—1)) P(tr—1ltk—2) A(tk—1)]-
We subtract P(t;_1|tx—2) from both sides and divide both sides by A to find:

1

N (P(trlte—1) — P(tp—1ltk—2)) = *iK(tk—1)C(tk—1)P(tk—1|tk—2)

A
+ A(tp1)(I = K (tg—1)C(tr-1))P(to—r|ti_2) + (I — K (t5—1)C(to1))P(ts—1|tr—2) A(tr_1)T
+ D(tkfl)Q(tkfl)D(tkfl)T + AA(tk,ﬂ(I — K(tkfl)C(tkflnp(tk,l|tk,2)A(tk,1)T.

Working out the brackets gives:

(P(tglti—1) — P(tk—1|tp—2)) = _%K(tkfl)c(tkfl)P(tkfl|tk72) + A(tp—1)P(tr—1|tk—2)

— A(tg—1) K (tg—1)C(tr—1)P(tr—1|ti—2) + P(tp_1|tp—2)A(tp_1)"
— K(tx—1)C(th—1) P(tr—1[th—2) A(tr—1)" + D(tr—1)Q(tx—1)D(tr—1)"" (2.9)

Bl =

Before taking the limit of A — 0 of this difference equation, we calculate the limit of %K(tk,) when
A —0:

~1
A"LnO %K(tk) = %P(f”tk,l)C(tk)T (C(tk)P(fk|ﬁk1)C(tk>T + R(Atk)) .

Taking A out of the brackets gives:

.1 . _
lim fK(tk) = lim P(tk‘t}gfl)C(tk)T(AC(tk)P(tk|tk,1)0(tk)T + R(tk)) 1
A—0 A A—0

= P(tk|tk_1)0(tk)TR(tk)71.
Using lima_ K (tx) = 0 and the above result in Equation (2.9) and taking the limit of A to zero, gives:

- Am, %(P(tk“k—l) = P(te-1]tr—2))

dt¢
= At)P(t)+ PMA®)T + DO)Q(t)D()T — P()C(t)TR(t)*C(t)P(t).

Note that we can drop the subscripts & and k& + 1 of ¢t because A, C, D, P, R and @ are all continuous
functions. We left out notation to indicate that this is the differential equation for the a priori covariance
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because we will show that the differential equation for the a priori and a posteriori covariance matrices
are equal. To do this we take a look at the difference between the a posteriori and the a priori covariance:

P(tltr) — P(telte—1) = (I = K(tx)C(tr)) P(teltr—1) — P(teltr—1)
= —K(ty)C(tg)P(tr|tk—1)
= —K(t))C(tr) (I + A(to—1)A)P(tp—1[t—1)(I + A(tr—1)A)T
+ AD(tj—1)Q(tx—1)D(tr—1)")
= —K(t))C(te) P(tr—1lti—1) — AK (t)C(tr) P(tr—1]te—1) A(tr—1)"
— AK(t3)CO(tp) A(ty_1)P(tp_1ltp—1) — A2K (tx)C(tr) A(tp—1) P(th_1|th_1)A(tp_1)T
— AK(t)C (1) D(te1)Q(tr—1) D(tp1)".

We take the limit over this difference with A — 0. Because lima_,o K (t;) = 0 we find:

lim P(tg|tr) — P(tkltk—1) = 0.
A—0

From this, we conclude that the differential equation for the a priori and the a posteriori covariance are
the same. We can rewrite the differential equation of the covariance matrix to find the expression for
K(t):

with
K(t)=PH)CH) R
We continue the proof by finding the differential equation for the state estimate. We do this in a similar

way to the covariance matrix. So we start with rewriting the formula for (t;|tx) by working out the
brackets:

E(tklte) = (I + A(tr—1)A)2(tr—1tr—1) + K () y(tr) — C(tr) (I + A(te—1)A)E(te—1[te—1)]
= B(tp-1lti—1) + AA(te—1)&(te—1[te—1) + K (tx)[y(te) — C(tr)B(tr—1[tr—1)]
— AK(tr)Ctg) A(tk—1) T (tg—1tp—1)-

We subtract & (¢,—1|tx—1) from both sides and divide by A to obtain:

1

A @elte) = E(tr-1fti-1)) = Altr—1) T (Er-1tr—1) + %K(tk)[y(tk) — C(tk) 2 (tp—1tr—1)]

— K(t1)C(t) At 1)@ (ter [tr_1).
We take the limit A — 0 using lima_,0 K (t;) = 0 and lima_o x K (tx) = P(t)C(t)" R(t)~*, we find:
da(t)
dt

We can again drop the subscripts of ¢ because all functions involved are continuous. Finally, we show
that the a priori and a posteriori differential equations of state are equal by calculating the difference
between the a priori and a posteriori estimate:

= A()z(t) + P(OCHTRE) " y(t) — C(1)a(1)) (2.10)

E(tklte) — T(telte—1) = B(tklte—1) + K(te)[y(te) — Ctr)T(tklth—1)] — (I + A(tk—1)A)Z(tk—1[tk-1)
= (I + A(tg-1)A)2(th—1tr—1) + K(tx)[y(tr) — Cte) (I + Altr—1)A)Z(tg-1[tk—1)]
= (I + A(tk—1)A)&(tr—1tk—1)
= K(te)[y(te) — C(tu)(I + Alte—1)A)2(tk—1[tr—1)]
= K(tp)y(te) — K(t)C(tk)2(th-1ltk—1) — AK (tx)C(tr) Atk —1)2 (tr—1lte-1)-
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Taking the limit of A — 0 to zero over this difference and using lima_, K () = 0 gives:
A'To(f(tkﬁk) — &(tx|te—1)) = 0.

This concludes the proof. O
Below we prove the auxiliary results.

Sketch of proof of Lemma 2.2.2. We will discretise Equation (2.7a) using the Euler-Maruyama method.
This gives:
X(tk) = (I + A(te—1)A)X (te—1) + W (tr_1),
Y(tr1) = C(te1)X (tr_1) + V(tr_1).

We derive W(tk_l) and f/(tk_l) and their perspective covariances. W(tk_l) is discretised by the Euler
Maruyama method along with the rest of the state equation. So we find:

tp_1+A
W (tg—1) m / (I + A(T)A)D(T)W(T) dr.

= |i
A—0 th_1
When A is sufficiently small I + A(7)A tends to the identity matrix, so we find:

th—1+A
W (ti—1) =~ lim / D(r)W(r) dr
A—0 tho1
~ AD(tk_l)W(tk_l).
We continue to derive the covariance of W (t_1):

Q(te—1) = E[W (tp—1)W (te-1)"]
_ [El(/tti_l+A D)W () dﬁ)(/ji_lw D(r)W (1) dr2)T].

Using Fubini’s theorem, we find:
5 th—14+A  ptp_1+A
Qtr-1) = / / E[D ()W (71)(D(12)W (12))T] dri d7y
tr—1 tp—1
th—1+A  ptp_1+A
= / / D(Tl)Q(Tl)D(Tg)T(S(Tl — TQ) dTl dTQ
tr—1 tr—1

tr—1+A
:/t D(1)Q(r)D(r)T dr
~ AD(t_1)Q(tr—1)D(tr_1)T,

where §(t) is the Dirac-delta function. Note that Q(t;_, ) is the covariance, not the intensity because the
dynamic system is discrete. Equation (2.7b) is discretised by taking the average over a small interval,
so V (tx—1) is discretised in the same manner. We thus obtain:

1 te—1+A
V(i) = im < /t V(r) dr.
k—1

We continue to derive the covariance of V (¢;,_1):

R(tr—1) = E[V(tr-1)V (tr-1)"]

( /ttk_lJrA Vi(m) dT1) (% /ttk_l+A V() de>T].

k—1 k—1

=L

D] =
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Applying Fubini’s theorem, we obtain:
B 1 th_1+A  ptp_1+A
R(tkfl) = E/ / [E[V(Tl)V(TQ)T] dT1 dTQ
t te_
1 th—1+A  ptr_1+A
o [ R - ) dndn
te—1 te—1
1 tk—1+A 1
= F/t R(7) dr =~ ZR(ﬁk,l).
k—1
O

Proof of Lemma 2.2.4. The solution is directly obtained by applying the discrete Kalman filter to the

dynamic system in Equation (2.8).

O



Hqo filter

This chapter introduces the H, filter. Unlike the Kalman filter, the H, filter does not require any
statistical properties of the noise. The cost of this relaxation is that the H, filter does not provide an
optimal estimate. However, it does ensure that the maximum error is bounded. The H, filter involves
a trade-off: either the maximum error can be kept small, resulting in a large error covariance of the
estimate, or the error covariance can be reduced at the expense of a larger maximum error. Since the
H filter does not rely on knowledge of noise characteristics, it is particularly useful in situations where
error covariances are unknown. One example is estimating a location using satellites, where the extent
to which the satellite signal is disturbed by cosmic radiation is uncertain.

Section 3.1 explains the background of the discrete H, filter through the perspective of game theory.
Section 3.2 gives a brief introduction into the continuous H, filter. Section 3.3 compares the H,
filter with the Kalman filter. In this section, it becomes apparent that the H, filter can be viewed as
a generalisation of the Kalman filter. Finally, in Section 3.4 the Kalman filter is derived for non zero
mean noise in an attempt to view the H, filter as a Kalman filter with the mean of the noise shifted. It
becomes clear that it is not correct to interpret the H, filter that way.

3.1. Discrete H_ filter

This section will explain the discrete H ., filter using game theory. The H filter requires no assumptions
on the statistics of the noise terms. The H, filter minimises the worst case estimation error, whereas
the Kalman filter minimises the mean squared error. The consequence is that the H.. filter is not
necessarily the optimal filter in the least square sense. We consider the following dynamic system:

xp = Fr_1Tp—1 + wi—1,
k k—1Tk—1 k—1 (3.1)
Yr—1 = Hp_ 121 + V1,

where w;, € R™ and v, € R™ are the noise terms. These noise terms do not need to satisfy any
conditions. The noise terms can, for example, be deterministic, they may have a non-zero mean and
the covariance matrices need not be known. Small letters are used instead of capital letters to indicate
that these noise terms are not necessarily random variables. x;, € R™ is the state variable. y, € R™
represents the measurements. Fj € R™ x R™ describes the model dynamics. Hy € R™ x R™ provides a
linear connection between the state variable and the measurements. The H filter estimates a linear
combination of the state, 2z, = Lyzi. Lix € R™ x R™ can be any full rank matrix. It is also possible to
choose L; = I to estimate the state itself. L, can be used to estimate any linear combination of the
state. This may be useful when it is already known that the variable of interest is a linear combination
of the state. We will explain the H, filter according to the game theory approach, as in [14]. To this

21



3.1. Discrete H, filter 22

end, we define the cost function:

N-1 52
5 Do llze = Z&ll3, (3.2)

" N-1 ’
0 = Zoll31 + Xazo (lwnlBs + lol30)

where Py, Si, Qr € R™ x R™ and R, € R™ x R™ are all symmetric positive definite matrices. The
vector norm is defined as ||z||% = =T Az. The idea of the game with the above cost function is that our
opponent chooses the starting point zo and the noise terms v, and wy, with the goal to maximise J;
and therefore z;, — 3;. By choosing a large v, and wy, 2z, — 2, will be large. However, since v, and wy,
are in the denominator, our opponent can not choose v, and wy, arbitrarily large. We try to minimise J;
and therefore z;, — 2;. Thus this game can be written down as the following minimax problem:

min max Ji. (3.3)

2k Wk,Vk,T0
Note that P, Sk, Qr and Ry are chosen in accordance with a specific problem. If information about
the noise terms is known, this information can be incorporated into these matrices. If, for example, the
covariance would be known and the noise is zero mean, then Py, Q; and R should be chosen to be the
covariance matrices. It is unfortunately not tractable to minimise J; directly, therefore a performance
bound is chosen such that J; < % where 0§ > 0 is the performance bound. Using this performance
bound gives the following variant on Equation (3.2) and Equation (3.3):

N-1
1 .2 sz L 2 2
J = —5llwo — o} + ;;) (12 = 213, = 5 (hoel3os + oel2-0)] < 1, (3.4)

the minimax problem then becomes:
J*=min max J.

2L Wk,Vk,Zo

Since yp = Hypxp, + v, we find v, = yp — Hipxi. So the minimax problem can be rewritten as:

N—
. 1 . . 1
Jr=min max —o|lzo — do[ 5o + {sz = 2ell5, — 5 (lwell s + llye — Hkﬂik”%;l)]- (3.5)

2k Wk,Yk,To o

—

The solution to this minimax problem is the H,, filter. We will not derive the solution, but we will state
it in the following theorem.

Theorem 3.1.1 (H, filter). The solution to the dynamic system given in Equation (3.1) by the H, filter
is given by:

Prediction step:

-1 = Fro1Tp_1jk—1,
Pyj—1 = Fyo1 P Fiy + Q.
Update step:
Sy = LE Sk Ly,
Tk = Trpp—1 + Ke(ye — Hrgjp—1),
Py = Prpp1[I — 0SkPyjp—1 + HE Ry, "Hy, Pyjjo—1] 7",
Ky = Pyjia[I — 08k Pyje—1 + HE Ry, Hy Py | HE R (3.6)

provided that at each time step the following holds:

Pyjj—1 — 08, + H R Hy, = 0. (3.7)
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Remark 3.1.2. Even though the noise terms are allowed to be deterministic, the covariance matrices
Q. and Ry, cannot be the zero matrix, because they need to be positive definite. So, even if the noise
is deterministic, the noise is modelled with a small variance.

The condition in Equation (3.7) ensures that the solution found is a minimum for 2. In the proof of
Theorem 3.1.1, see [14], another condition arises to ensure that the H, filter is a maximum for .
This condition is:

Ry, — Hy Py HY > 0.

In the derivation given in [14], this condition is considered only relevant for academic purposes. Do
note however, that when this additional condition is not satisfied, the H, filter is strictly speaking not a
solution to the optimisation problem in Equation (3.5).

In the H filter, it is not necessary to know the statistics of the noise. In case these statistics are known,
they can be incorporated. The choice of Q) and R;, influences the quality of the filter, even though the
maximum error is bounded [16]. @, and R, should therefore always be tuned before using the filter.
This could in a sense be seen as estimating @ and R;. Of course, the tightness of the bound on
the error is dependent on the choice of §. Choosing a large 6 will lead to a tighter bound on the error,
however, this will increase the variance of the estimate. Thus there is a trade-off between the tightness
of the bound error of the estimate and the size of the variance of the estimate. Also 6 can not be chosen
infinitely large because Py,;_; — S, + H,CTRngk > 0 needs to hold for every time step. Choosing 6
too large will violate this condition.

From a game theory perspective it is interesting to see whether is it possible to interchange the minimum
and maximum. Being allowed to switch the order of the minimum and the maximum means that it does
not matter whether our opponent or we choose our position in the game first. It is unfortunately not
possible to use the minimax theorem from von Neumann since 2, wy, o € R™ and y, € R™ and R™ and
R™ are not compact spaces. There is however an generalisation of the minimax theorem, which can
be found in the book ‘Convex Analysis and Variational Problems’ written by I. Ekeland and R. Téman
[4]. This generalisation gives rise to the following proposition.

Proposition 3.1.3. The minimax problem given in Equation (3.5) can be generalised in de following
way:

N—-1
. 1 R R 1
min sup = Zllwo —doll2 1+ Y [llan = 2l = 5 (welo + e — Hyanl30)]
2k TO,Wk,Yk 0 k=0 k k
= max inf—1||x — Zol2 +N_1 [HZ — |2 —1<||w 121 + [lyx — Hewg||? )}
T0sWh Yk Bk 9 0 0 P(;l ~ k k Sk 0 k ;1 k kLk R;l .

To prove this proposition, some definitions and a theorem are needed.

Definition 3.1.4 (Convex set). [4] Let V be a vector space. If u,v € V, u and v are called the end
points of the line-segment denoted by [u, v]|, where

[u,v] ={du+ (1 —=XNv|0 <A <1}

A set A C V is convex if and only if for every pair of elements (u,v) of A the line-segment [u,v] is
contained in A.

Definition 3.1.5 (Reflexive Banach space). [4] A Banach space is a complete normed vector space.
A Banach space is reflexive if its unit ball is compact in the weak topology. This implies that every
bounded sequence admits a weakly converging subsequence.

Note that every finite dimensional normed space is a reflexive Banach space.

Definition 3.1.6 (Lower semi-continuous function). [4] A function F' : V — R is said to be lower semi-
continuous on 'V if it satisfies the two equivalent conditions:
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(@) Va € R,{u € V|F(u)
(b) Ya € V,lim,_4 F(u)

< a} is closed,
> F(a).

Fis called upper semi-continuous if —F' is lower semi-continuous. A function is continuous if it is both
upper and lower semi-continuous.

Theorem 3.1.7 (Generalisation of minimax theorem). [4] Let V and Z be two reflexive Banach spaces.
Let A C V and B C Z both convex, closed and non-empty. If the function L : A x B — R satisfies:

(a) Yu € A,w — L(u,w) is concave and upper semi-continuous,
(b) Yw € B,u — L(u,w) is convex and lower semi-continuous,

such that Jwy € B such that:
1[‘?)4 L(u,wp) = 400,
llull—oc0

and Jugy € A such that:

Then L possesses at least one saddle point and

min sup L = max inf L .
min sup L(u,w) = max inf, (u,w)

For the proof we refer to [4]. Enough background is established to prove Proposition 3.1.3.
Proof of Proposition 3.1.3. To apply Theorem 3.1.7 to the cost function of Equation (3.5) we define the
vector ¢, € R as ¢, = [xg, wy, yx|T. We rewrite Equation (3.5) as follows:

N—

. 1 R . 1 =
I =minmax —llex = %0+ > [z = 2%, = 5 (el + o — Arinl %) |
2k Ck 0 0 P 0 k k

=

= minmax F(Z, cx).

Zk  Ck

We define d,,, € R™ as a zero vector, we also define d,, € R™ in the same fashion. D,,,, € R" x R™ is a
zero matrix, similarly for D,,,,,, € R™ x R™, D,,,, € R"® x R™ and D,,, € R™ x R™. Then,

~ PO Dnn Dnm
ék = [jjoadn’ dWL]Ta PO = Dnn Dnn Dnm 5
_Dmn Dmn Dmm_
- - _Dnn Dnn Dnm 1
Hk = [DnnannaHk]Tv Qk = Dnn Qk Dnm 5
_Dmn Dmn Dmm_
B Dnn Dnn Dnm_
Dmn -Dmn Rk |

If we equip R™ and R(2”t™) with any matrix norm, then R™ and R(2"t™) are reflexive Banach spaces.
Then clearly, Ve, € R(2n+m) F(2g,ci) is convex and continuous and therefore lower semi-continuous.
Similarly, VZ, € R™ F(2x, cx) is concave and continuous and therefore upper semi-continuous. Note
that this only holds if 6 is indeed positive. Let ¢, € R?**™) be the zero vector. Then,

im - F(Z, co) = +o0,
2R ER™
ll2x |00
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and of course if 25 € R™ is the zero vector, then:

lim  F(Z,c;) = —o0.
cn €REnA™M)
llexl|—o0

Thus we conclude with Theorem 3.1.7 that:

minsup F(Zx, ¢;) = maxinf F (2, ci),

2k cp Ck Zk
N—1
& min sup —*||$0—$0||p1+Z{HZk g, — 5 (onl s + e — Heal )]
Zk T0, Wk Yk k k k
N—

Lo, Wk Yk Zk

1
5112 2 2
= max Inf—foo - l’oHP_l + 570 [sz — Zells, — E(HwkH 1 + |lyx — HkkaR;l)]

Note that it is not possible to replace the supremum with a maximum and the infimum with a minimum,
because R” and R(2"*™) are not compact. O

3.2. Continuous H_, filter

There also exists a continuous version of the H, filter. This section will briefly introduce the continuous
H, filter. Note that the H filter is not applied in its continuous form. It is, however, very useful to
analyse the filter. We do not derive the continuous filter. The filter is cited from [14].

We consider the following continuous dynamic system:

dx
& — AW + ()

y(t) = C()x(t) + v(t),
2(t) = L(t)a(t).

(3.8)

for ¢t € [0,T], with T. Note again that we use small letters forz : R - R*,w : R - R*,y : R — R™
and v : R — R™, because these are not necessarily continuous random variables, and might be
continuous functions instead. We again estimate a linear combination of the state, where z : R — R"
with L : R — R™ x R™. A and C are continuous linear functions. A: R - R" xR and C' : R — R™ x R™.
We define a continuous version of the cost function:

Jo I2(t) = 2(0)[13,) dt
||CU(0) - i‘(O) 1+ fo ( ||2 Q)1 + HU(t)H%(t),l de

where Py e R* xR", S:R—> R*" xR, Q@ : R —- R*"xR*and R : R — R™ x R™. The matrices S(t), Q(t)
and R(t) must be positive definite for every ¢ € R.

In continuous time it is also not tractable to minimise J; directly, so we set J; < % We can rewrite this
to:

T
R 1
2 i+ / I2(t) = 2013 = 5 (0@ B0 + 0 [y ) dt < 1.
The continuous H, gives the solution to the following optimisation problem:

J*=min max J.
2(t) w(t%:(t),

The H filter is given in the following theorem.
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Theorem 3.2.1. Given the dynamic system of Equation (3.8). The H filter is given by:

diit) = A()a(t) + K (t)(y(t) — C(1)(t).
d%t) = A{t)P(t) + P(t)A()" + Q(t) — K(t)C(t)P(t) + 0P(t)L(t)" S(t)L(t)P(t),
K(t) = P#)CH)TR(#)!,

2(t) = L(t)2(),
provided that P(t) - 0 fort € [0,T].

Remark 3.2.2. Note that P(t) - 0 fort € [0, T] does not automatically hold, because Q(t) and R(t) are
not necessarily the intensity of w(t) and v(t), respectively. So, Q(t) and R(t) can be chosen such that
P(t) > 0 fort € [0,T] does not hold. In practice, for the H., filter to behave as desired the covariance
matrix calculated by the H, filter will be larger than the covariance matrix calculated by the Kalman
filter. This reflects the extra uncertainty added by not knowing the intensities Q(t) and R(t). Because
the covariance matrix calculated by the Kalman filter is positive definite, in practice the covariance
matrix calculated by the H ., filter is expected to be positive definite as well.

3.3. Comparison Kalman filter and H_, filter

In this section we compare the Kalman filter with the H, filter. We start comparing the discrete filters
in Subsection 3.3.1 and then move on to the continuous filters in Subsection 3.3.2.

3.3.1. Discrete filters

This subsection compares the discrete Kalman filter with the discrete H filter. At first glance, it is not
clear how these two filters are related. Therefore, we rewrite the solution of the H_ filter so that the
differences become apparent. We do so in the following lemma.

Lemma 3.3.1 (Rewritten solution of the H, filter). The solution of the H., can be rewritten in the
following way:

Prediction step:

-1 = Fr—1Tp—1jk—1,
T
Prjg—1 = Fr—1Pg—1p—1Fp_1 + Qi1

Update step:
Sy = L SkLy,

Tk = Tpp—1 + Ke(yp — Hedgpp—1),

Py = Pyjj—1(I — 08k Pyji—1 + H{ Ry " Hy P—1) ™" (3.9a)
= (Pgy_y — 05k + Hi R Hy,) ™! (3.9b)
= (I = KyHy)(Pyy_y —05K) 7", (3.9¢c)

Ky = Pyjj—1[I — 08k Pyt + H Ry, Hy Pyo—] " HY Ry (3.9d)
= Py HER;! (3.9e)
= (Pyi_y — 0Sk) " HE [(Hp(Pypy_y — 0Sk) ™ Hi + Ry] ™, (3.9f)

provided that at each time step the following hold:
Pyji—1 — 05y, + H R, Hy, = 0.

Note that the second definition of Py;, only goes together with the second definition of K.



3.3. Comparison Kalman filter and H filter 27

This lemma is proven later in this subsection.

Proposition 3.3.2. Given the dynamic system in Equation (3.1), with wy, ~ N (0, Qx) and vy ~ N(0, Ry),
where Q)i and Ry, are covariance matrices, sending 6 — 0, makes the H filter equivalent to the Kalman
filter.

This proposition is proven later in this section.

Remark 3.3.3. The Kalman filter does not include the matrix S, like the H, filter does. The role of this
matrix is eliminated when sending 6 — 0 however, the role of this matrix is different in the Kalman filter
and H filter. In the H filter, the choice of S}, influences the outcome, but as 6 — 0 all terms with S},
disappear, making the choice of Sy, irrelevant in the limit. The Kalman filter minimises the Sy-weighted
sum for any symmetric matrix Sy, as shown in Lemma 3.3.4, which explains why the choice of the
matrix Sy, is irrelevant in the limit.

Note that sending 6 — 0 essentially sets the bound on the maximum error to infinity. So the Kalman
filter can be seen as a H. filter where the covariance matrices of the noise are known and there is
no guaranteed bound on the estimation error [16]. However, the Kalman filter is still the best (linear)
estimator.

Lemma 3.3.4. Let S, € R* x R™ be a symmetric matrix. Assume that 7 S,,& is integrable. Then the
solution to the following optimisation problem:

Epjy = argmin £[|[ X — &[|%, |F,] = arg min E[(X. — )T S (X — #)|Fn)
is the conditional mean E[X|F,,].

This lemma is proven below. We prove the results of this subsection, starting with the proof of Lemma
3.3.1.
Proof of Lemma 3.3.1. The reformulations are proven one by one, starting with Equation (3.9b).
Proof of Equation (3.9b): Using the Woodbury matrix identity, see Lemma 2.1.17, we find:
Pyje = Pyjj—1(I — 08k Pyj—1 + H{ Ry " Hy Prji—1) ™"
= Prjr—1 ((I — 08k Prj—1) "
— (I = 0Py—1) " "H{ (Ri + Hi Pyj—1 (I = 0Py—1) " HD) " Hy Pyppo—a (I — QPk\k—l)_l)
= Pyp—1(I = 08, Pyj—1) ™" = Pyjrm1(I — 08k Pye—1) " H[ %
(Ri, + Hy Pyji—1 (I — 08k Pyjo—1) " H )™ Hy Pyt (I — 0Sk Pyj—1) ™"
Again, using the Woodbury matrix identity, see Lemma 2.1.17, gives:
Py = (Pypp—1(I — 08, Pyjj—1) ™)' + H Ry Hy) ™!
= ((I = 08 Pyj—1) Py + Hy By Hi) ™
= (Pyg_y — 08k + Hi R\ Hy) ™
To derive Equation (3.9¢), we need Equation (3.9f). So we continue to rewrite the Kalman gain.
Proof of Equation (3.9e): Using Equation (3.9a), we obtain:
Ky = Pyl — 08k Pyj—1 + HL Ry, "Hy Pyt ) " HE R}
= P HER;
Proof of Equation (3.9f): Using Equation (3.9b), we find:

Ky = (P, — 08, + Hy Ry Hy)  HE R
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Applying the Woodbury matrix identity, see Lemma 2.1.17, gives:
Ky = ((P,;l,i_l —08;)7"

— (Pygjg_y — 05k) " Hj, [Ry, + Hy(Pyy_y — 05,)  Hy | Hy(P_y — 95k)—1)H,{R;1

— (P, — 080" HT

— (Prp_y — 05k) " Hy [Ry + Hy (P y — 0Sk) ™ Hy |~ Hy (P _y — ask)*lﬂg)R,;l.

We multiply (Pk_lli_lfegk)*lHkT with I = [Rk+Hk(Pk_|;_1fHS‘k)*lHkT]*l[RkJer(Pk_l;_lfHS‘k)*lHkT],
to obtain:

Ky = ((Pk_Ui—l - Hgk)_ng[Rk + Hk(Pk_l,i_l — ng)_ng]_l[Rk + Hk(pk—“i_1 _ egk)_ng]

— (P, — 080 HT Ry, + Hy(Pypt_, — 08) " HT 7 Hy (Pt — agk)—lﬂ,’;’“)R,;l.

We take (P, , —0Sx) ' HI'[Ry, + Hy,(Py,_, —0S5;) "H[']~" out of the brackets, to find:

Ky = ((Pk—l,i_1 —0Sk) " Hyg [Ri + Hy(Pypp_y — 05k)  Hi )[Ry + Hy(Pyp_y — 05,) Hj.

~ Hi(Pgt_y — 080 B B!

_ ((pk—l,;l —05,) " HY [Ri + Hu(Pg}_, — QSk)*lHkT]*le)R,;l

= (Pyy_y — 05K) ' Hi [Ri + H(Pyy_y —08x) " Hy |
Proof of Equation (3.9c): Using the Woodbury matrix identity, see Lemma 2.1.17, we obtain:
(Pk*“LI — 08, + HF R Hy,) ™

= (Pgp_y — 05K) ™ = (Pgy_y — 05K) " Hi (R + Hi(Pypy_y — 0S0) " Hy. )" Hi Py — 050) ™

= (1 — (Ppp_q — 0S0) ™ Hy; (Ry, + Hy (P — GS’k)_lHkT)‘lHk)(Pk_‘;_l —60Sp)™"
Using Equation (3.9f), we find:
(Pje—y — 08k + Hi Ri7PH) ™ = (1 — KpHi ) (P y — 05K)
This concludes the claim. O
Proof of Proposition 3.3.2. The reformulation of the H, filter in Lemma 3.3.1 makes it clear that given

the statistics of the noise are known and used in the H, filter, there are two differences between the
Kalman filter and the H filter. First, the term QSkPk‘k,l in the calculation of the covariance matrix
Pyx, which is removed by sending ¢ — 0. Second, the condition Py ;,_; — 08, + H,CTR,ZlHk > 0. This
condition is satisfied for every time step when sending ¢ — 0, because both P ;,_; and H,CTR,ZIH;C are
positive definite matrices. Thus sending § — 0 eliminates the difference between the Kalman filter and
the H filter. O

Proof of Lemma 3.3.4. We prove this theorem by setting the gradient of the mean square error to zero.
Before deriving the gradient of the mean squared error, we find a bound for |(X; — 2)7 (X3, — 2)|:

0 <|(Xp —2)TSp(Xy, — 2)| = | XFSp Xy — XFSpi — 27 S, Xy, + 27 Spit|.
Note that XS4 € R, so it is equal to its transpose:

0 < |XFSpXy — 287 Sk Xy, 4+ 27 Sp
= XFS. Xy + 2|27 S Xi| + 2T Sk (3.10)
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We bring |27 S, X, | to the left, to obtain:
1

We use the above expression in Equation (3.10), to find:

|(Xp — 2)TSk(Xp — 2)] < XTSpXp + XL Sp X + 27 Spz + 27 Sp
=2XIS, X}, + 227 S

We define Z = 2X,€TSka + 227 8,2. Since we assumed that 7 S, 4 is integrable and X, has a normal
distribution, we conclude that Z is an integrable random variable which bounds |(X}, — )7 Sk (X, — 2)|
from above. We continue to rewrite the gradient of the mean square error. By the definition of the
gradient: ,

s E[(Xx — )T Sk (X, — £)| ]

VE[(Xk — &) Sk(Xp — #)|Fn] = :
a%n[E[(Xk — )T Sp( Xy — 2)|F]

To avoid long derivations in matrix notation, we show that it is possible to interchange the partial deriva-

tive with respect to z; and the expectation. To this end, we define e; = [0,...,0,1,0,...,0] where the 1
is on the ith position. Then using the definition of partial derivatives:
i[E[(X — )T S(Xy, — 2)|Fn]
ai’i k k k n
.1 . . . .
= Jim 7 (E[(Xk — (& + hey)) " Se(Xe — (2 + heq)) | Fu] — E[(Xy — )7 Sk(Xy — 2)|Fn))
. 1 R T N AT .
= lim E | (X — (& + hea))” Sk(Xy — (& + hes)) — (Xp — )T Sk(Xp = 3)) | Fn| -
h—0 | h

We have seen that |E[(X}, — 2)T Sk (X} — 2)|Fn]| < Z, thus using conditional dominated convergence,
we are allowed to interchange the limit and the expectation:

R )7 S5 (X~ )|
- L!iL“o;lz (X = @+ hen)” Sy(Xx = (& + her)) = (X — D)7 Sy(Xx — 3)) |7 ]
-F L?@:%-(Xk — &) S (Xk — 2)|Fn | -

Thus we conclude:

VeE[( Xy — 2)TSp( Xy — )| Fn] = E[Va(Xg — 2)TSp(Xi — 2)|F]
= 2SLE[X), — | F]
= 25, (E[Xy|Fn] — 2) = 0.

Clearly, this only holds when & = E[X|F,,]. Thus, the Kalman filter minimizes the S, weighted sum for
any choice of a symmetric matrix Sj. O

3.3.2. Continuous filters

After comparing the discrete Kalman filter and the discrete H, filter, this subsection compares the
continuous version of these two filters. We used a slightly different dynamical system for the continuous
Kalman filter in Section 2.2 than for the continuous H filter in Section 3.2. To compare the solutions
of the filters, we will use the dynamical system given in Equation (3.8). So we use D(¢) = I in the



3.4. Kalman filter with non zero mean noise 30

dynamic system of Equation (2.7). The continuous Kalman filter then becomes:

di(t“ = A0 (1) + KB (y(t) — C(1 ),
WP~ AP) + POADT +QU) ~ KOCW)P(),

K(t)=P@t)Ct)TR(t)" .

It is now immediately clear that the difference between the continuous Kalman filter and the continuous
H,, filter is the term P (¢)L(¢)T S(t)L(t)P(t) in the differential equation for the covariance matrix. So
we see again that sending 6 — 0 in the continuous H filter gives the continuous Kalman filter provided
the known statistics of the noise are used in the H filter.

Note that when the known statistics of the noise are used in the H, filter, P(¢) is positive definite for
every t € [0,T]. This is because P(¢) is positive definite in the Kalman filter, and the corresponding
P(t) in the H is larger than or equal to its Kalman filter counterpart, making it positive definite as well.

3.4. Kalman filter with non zero mean noise

This section attempts to formulate a different interpretation of the H, filter by viewing it as a Kalman
filter with non zero mean noise. The idea for this interpretation arises because the terms containing
the measurement noise in the cost function of the H, filter looks like the relative entropy between two
random normal variables. The relative entropy in this context can be seen as the error that arises from
using a normal distribution with a shifted mean instead of a normal distribution with zero mean, with the
same covariance matrix. What remains of the cost function is similar to the cost function used in the
Kalman filter. This could mean that the H filter is a Kalman filter where the noise is allowed to have a
shifted mean, for which the relative entropy compensates. However, this interpretation is shown to be
incorrect. Thereto, the definition of relative entropy is given and the relative entropy of two Gaussian
random variables is derived. Then the Kalman filter is derived for non zero mean noise. We start with
the definition of relative entropy, also called the Kullback-Leibler divergence or distance.

Definition 3.4.1 (Relative entropy). [3] Let p and q be two probability distributions defined on the same
support, with p absolutely continuous with respect to q, meaning p(xz) = 0 whenever q(x) = 0. The
relative entropy between distribution p(x) and q(z) is then defined as:

Dicr(plla) = E, [Iog zg;] |

Intuitively, relative entropy can be seen as the error of using distribution ¢ instead of distribution p, while
the actual distribution is p. This will then be denoted by Dy (p|lq). Note that the relative entropy is
always non-negative and only O if p = q. However, the relative entropy is not a metric, because it is not
symmetric and it does not satisfy the triangle inequality.

To continue, we need the relative entropy between two Gaussian random variables. This will be derived
in the following lemma.

Lemma 3.4.2 (Relative entropy for two Gaussian random variables). Suppose we have two normal
distributions X, ~ ]\/v(/J,l7 21) and Xy ~ N(ILLQ, 22) With Xl,Xg,/Ll,/LQ € R™ and 1,29 € R™ x R™. The
relative entropy between these two Gaussian distributions is:

L detX
Prer(XliXe) =35 (tr(22121) =+ (p2 = 1) 5y (2 — ) + log (detzi».

/le =3 then, 1
Dicp (X1 X2) = Sllpa = 5
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This lemma is proven below.

Remember the cost function of the H filter, see Equation (3.4):

N-1

1 . R 1
J = =Zlwo = a0l + Y [l = 2lE, = 5 (lweldos + ol
k=0 ' '

The last term — 5 (flwg|/2 -1 + Hvk||?%_1) can remind us of the relative entropy between two Gaussian
k k
random variables with the same covariance matrix and different mean. The term %HwkHé_l would
k
then be the relative entropy between Z; ~ N(0,Qx) and Zy ~ N(wy,Qk). Flvxl|%-. would then
'k

be the relative entropy between Z; ~ N(0, Rx) and Z; ~ N(vg, Rx). Note that w; and vy are not
random variables in this context, but constants. The intuitive interpretation of this reformulation would
be that the H, filter is essentially a Kalman filter where the mean of the noise is shifted. The term
— % (lwkll® - + Hw”?%,l) would then compensate for mistakenly using that the noise is zero mean
as the Kaanan filter akssumes. 0 would then determine the degree of compensation for the shifted
mean of the noise. We will derive the Kalman filter where the noise has a shifted mean to check this
interpretation.

Theorem 3.4.3. Given the following dynamic system:

Xy = Fp Xp_1 + W1,
Yio1=Hp 1 Xp—1 + Vi—1,

where X, € R" is the state vector; I}, € R™ x R™ is the state transition matrix; W, € R™ is shifted
Gaussian white noise with covariance matrix Q. € R™ x R™; Y, € R™ represents the measurement at
time k; H, € R™ x R™ provides a linear connection between the state vector and the measurement
vector; V), € R™ is shifted Gaussian white noise with covariance matrix R, € R™ x R™. W; and V}
are assumed to be independent. Furthermore, E[Wj] = wy,; E[Vi] = vk, Qk = Var(Wy) = E[W, W] —
EWLE[Wi]T = Q — wpw] and Ry, = Var(Vy,) = E[Vi V] — E[Vi]E[Vi]T = Ry, — vpo], with w, € R™;
vr € R™ and Q, € R" x R"; R, € R™ x R™.

The Kalman filter is given by:

Prediction step:

Tpih—1 = Fr—1Zp—1)p—1 + vk,
T
Prjp—1 = Fe—1 P11 F5_1 + Q.

Update step:

Trik = Tpjp—1 + Ke(yr — (HpZpjp—1 + wy)),
Py = [I — Ky Hy] Pyjie—1,
Ky = Py HE [Hy Py HY + Ri] "

Remark 3.4.4. Note that for this interpretation to work, the noise should have a normal distribution and
the covariance matrices should be known. So this interpretation could only work for a specific case of
the H filter. Itis, however, immediately clear that this solution has a different structure than the solution
of the H filter for any choice of 0. In the H filter, Py;.—, is replaced by (Pk_‘ ;_1 — 0Sy)~ L. Shifting
the mean of the noise in the Kalman filter does not result in the same change. In the adjusted Kalman
filter, Py ;,—1 remains unchanged. The terms that are changed by shifting the mean of the noise in the

Kalman filter are iy,;—, and iy We must therefore conclude that viewing g (|lw||2 . +[|vx]%,.) as a
k k

relative entropy to compensate for using the Kalman filter without a shifted mean of the measurement
noise it not correct.

We prove the results in this section below, starting with the proof of Lemma 3.4.2.
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Proof of Lemma 3.4.2. We write out Dg 1, (X1||X2) when X7 ~ N(u1,%1) and Xa ~ N(pg, X9):

(277) n/2 det( 21) 1/2 exp( %(m — Ml)Tzfl(a? — Ml))‘|
1
2

Din(X11Xs) = Ex. | lo
kL(X1][X3) Xl[ 9 2m) /2 det(Ty) /% exp(—

[Xll o9 | Gex EQ) ~ ) 1(xm>+<wuz>T2;1<zuz>>1

= %('09 <32:g?)> Ex,[(z — p11)" 37 (@ — p)] +[X1[(a:—M2)T22—1(x_M2)]),
(3.11)

Let X ~ N(p, %) with X, u € R” and ¥ € R” x R". For a matrix A € R” x R™ and a vector b € R" we
have

E[(X —b)TAX —b) =E[XTAX — XTAb — bTAX + b7 Ab).
Since X7 Ab € R it is equal to its transpose. Thus:

E[(X —b)TAX —b) = E[XTAX — 2XT Ab + b7 Ab|
=E[XTAX] - E[2XT)Ab + b" Ab
=T Ap +tr(AX) — 2u" Ab + bT Ab
= (u—b)TA(u — b) +tr(AX).

Using the above in Equation (3.11), we find:

D (X1]|X2) = %('09 (gztg 2)

Y
+ (2 — 1) "5 (2 — ) +tr(Z5 1 %0)
1)

= %('Og (3:;2 )> tr(1) + (p2 — 1) S5 (2 — ) + tr(z;lzl))
1
2

) — (1 — ) "8 (1 — ) +r(STTE)

- - detX
(1255 = -t (i = 1) 755" (o ) + g (G ) )

Setting X1 = X5, we find:

1 detX®
Dir(X1]|X5) = = (tr(1) — — 1) TS (o — | !
L (XallXe) = 5 (W(0) = 0+ G = )25 i = )+ (Gt ) )

1 _

= 2(” —n+ (u2 — )" ST (2 — pa) + In(l))
1 1
5(#2-#1) E1 (p2 — )
1 2

= 5 llke = mll5--

This concludes the proof. O

Proof of Theorem 3.4.3. This proof is a modified version of the method used in [2]. We start with deriv-
ing the expression for the conditional mean:
Tppp—1 = E[Xp|Fro1] = E[Fr1 Xp—1 + Wi | Fr—1]
= Fr 1 E[Xp 1| Fra] + E[Wr 1] Fr—1]

= Fp1Zp_1k—1 + Wk—1-
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We derive the conditional error covariance P;_1:

Prje—1 = E[(Xk = Zxjp—1) (Xi — Ep—1) " [Fro1] = E[(Fro1(Xe—1 — En—1jp—1) + Wao1 — wp—1) X
(Fro1(Xp—1 — @p—1jp—1) + We—1 — wi—1)" | Fe—1]
= Fl 1 E[(Xp—1 — Zp—1jp—1) (Xe—1 — Er—1je—1)” | Fa—1]Fr_y
+ Fp 1 E[X o1 — S [Fr JE[(Wi—1 — wi—1) T [ Fe1]
+ E[Wi—1 — w1 [Tt JE[(Xp—1 — Ep—1pp—1) " [ Fum1)Fiy
+ E[(Wi—1 — we—1) (Wi—1 — wie—1) " | Fr—1]-

Using that E[X), 1 — &1 j,—1]Fr—1] = 0 gives:

Pyjj—1 = Fro1 Py Fi_y + EWio W] — EWeq]wi_y — we EW ] + wpqwi_y
= Fp1 Py o1 Fiy + Qro1 — wpmaw]_y

= Fyo1 Py Fi_y + Q1.
We derive the estimator for g, conditioned on Fj,_1:

Unio—1 = E[Y3|Fr—1] = E[Hp Xg + Vi| Fr—1]
= HgZpp—1 + k-

We derive the covariance of the error of the measurement estimation:

By = E[(Yk — Grp—1) Yk — Drp—1) " | Fa-1]
= E[(Hy (X — Zrjp—1) + Vi — 0r) (Hi (X — Eppp—1) + Vi — 0x) " | Fr1]
= Hy 1 E[(Xy — Zgp—1)(Xp — Eppp—1) " [FraJH
+ HyE[(Xg — Eppe—1) | Fr—1JE[(Vie — vi) " | Fr1]
+ E[Vi — k| FeaJE[(Xk — Zrpp—1)” [ Fre 1] HE_y 4+ E[(Vie — 0x) (Vie — v8) " | Fr]
= Hy Py H + E[ViV] — EVilvf — viE[V] + vpv])
= H Py H + Ry, — vgv}
= HyPy—1H{ + Ry
Finally, we derive the cross covariance between the error of the state estimation and the error of the
measurement estimation:
E[(Xk — Zajp—1) Ve — Grppe—1)" | Fre1] = E[(X — &gpp—1) (He (X — Egpp—1) + Vi — vi) " | Fz]
= E[(Xk = @rp—1)(Xp = @) [Froa ] HY + E[Xk = pppe1 | Frma JE[(Vie — vp) 7]
= Py HE,

which leads to the following Kalman gain:

Ky = E[(Xi = Zrpo—1) Ve — Grpp—1)" [ Fr—1] By !
= Py Hl B!
= Prpor H{ [Hp Pyj—1 HE + Ri] ™

This concludes the proof. O



Covarlance Intersection

Up until now, we have only included one measurement source in the dynamic systems. In this chapter,
we add another measurement source. The Kalman filter can also be applied to multiple measurement
sources provided that all correlations between these sources are known. However, in practice these
correlations are often not known. There exist multiple methods that calculate a state estimate when
the correlations between measurement sources are not known. This chapter describes one possible
method, namely covariance intersection.

Section 4.1 provides an introduction to covariance intersection. Covariance intersection is essentially a
linear combination between two partial estimates. Covariance intersection is consistent, which means
that the method does not underestimate the covariance of the estimate. The formal definition of con-
sistency is given in Section 4.2. The consistency of covariance intersection is proven by S. J. Julier
and J. K. Uhlmann. This proof contains two issues. First, it does not use conditional expectations
even though the estimates made by the Kalman filter are conditional expectations. Second, Julier and
Uhlmann’s proof assumes that the partial estimates are all consistent. This assumption is neither trivial
nor proven. Section 4.2 rewrites the proof to include conditional expectations where appropriate and
discusses the assumption made in this proof. A reformulation of covariance intersection is presented in
Section 4.3. This reformulation makes it possible to translate the fusion step of covariance intersection
into the continuous Kalman filter. In Chapter 5 it will be shown that this reformulation can easily be
added to the structure of the H filter.

4.1. Introduction to covariance intersection

We consider the following dynamic system with two measurement sources A and B:

Xpy1 = Fp Xy + Wy,

4.1)
Y = Hi Xy + Vi,
with
yA VA
Yk = |:YkB:| ) Vk - |:VkB:| )
kA ; A AB (42)
Hk = |:HkB:| ) Rk = |:RBkA z:kB :l )
Hk Ek} Rk

where X, € R” is the random state vector; F;,, € R™ x R™ is the state transition matrix, which can
describe the physics underlying the process that is modelled; W, € R™ is white noise with the following
distribution: W, ~ N(0,Qg), with Q; € R™ x R™; Wy can be used to compensate for factors not
included in the linear combination of the state variable. Y;* € R™ represents the measurements from

34
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source A at time k; H* € R™ x R™ provides a linear connection between the state vector and the
measurement vector for measurement source A; VkA € R™ is Gaussian white measurement noise, so:
VA ~ N(0,Ry), with R{} € R™ x R™. Measurement source B is allowed to have different dimensions,
so ;P € R, HP € RT x R", V/B € R?, VB is also Gaussian white noise, so V;? ~ N(0, RP), with
RB € R7 x R1. 248 = (2BM4T ¢ R™ x RY represents the cross-covariance between V4 and V2. W,
is assumed to be independent from both V;* and V,Z. Note that it is possible to add as many sources
of measurements as desired, but for the sake of simplicity we use two measurement sources.

If all matrices are known, the Kalman filter can be applied as seen in Chapter 2. Unfortunately, 15
is often not known in practice. One possible solution is the H, filter, which can be found in Chapter
3. Another solution to this problem is provided by covariance intersection, which was first suggested
by J. K. Uhlmann in his PhD thesis [15]. Covariance intersection consists of two steps which calculate
an alternative update step for the Kalman filter, without knowing the full covariance matrix between the
measurement sources:

1. Partial update steps are calculated by applying the Kalman filter with a partial covariance matrix
for each measurement source separately.

2. These estimates are fused together using a linear combination. This step requires the optimisa-
tion of the constant that controls the linear combination.

The details of covariance intersection are given in Definition 4.1.1. In the rest of this chapter, we will
use the following sigma algebras:

Fn=0Y{YE YA YE, (4.3a)
FA =o(Fno1, Y, (4.3b)
Fr = o(Fa1,Y,). (4.3c)

In words, F,, contains information from the measurement sources A and B up until and including time
n. F2 contains the information of both measurement sources up until and including time n — 1 and
additionally contains information about the measurement from source A at time n. 72 has the same
interpretation as ]-",j‘ except that information from measurement source B is available at time n.

Definition 4.1.1 (Covariance intersection). Given the dynamic system of Equation (4.1) with unknown

cross correlations o7 = (SP4). Let (47, _,, P5i_,) be an a priori estimate of the mean and variance

of the random variable X;,. We define the following partial a posteriori estimate for measurement source
A, using the sigma algebra F' as described in Equation (4.3b):
Ty = E[X%| 7] = Fifho1 + Kyt - fig\é—ﬂ’
Pil, = E[(X5 — &4j) (X — &) T 1F7]
= ((Pi—0) "+ HED (R HHD
Kit = P (H)T (R~

(4.4)

Note that this is the standard Kalman update step except that all information on measurement source
B is left out. An analogous patrtial a posteriori estimate is calculated for measurement source B, using
FB as described in Equation (4.3c). Then these two partial a posteriori estimates are fused in the
following way:

(PG =w(Pi) + (1 —w) (P, (4.5a)
ik = PO @(P) " 2 + (1 — ) (P 25), (4.5b)

with }
w= arg nl!n ¢(X(wa P]<;c"]£717£k\k—layk7 Hkka)> S [07 1]7 (46)

where R, = [R?, RPIT, ¢ : R* x R™ — R is some measure and y maps its input to a matrix of size
R™ x R™.

Figure 4.1 depicts a schematic representation of the covariance intersection algorithm.
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Remark 4.1.2. The literature chooses x such that X(w,Pﬁ,{_l,ikw,l,yk,Hk,Rk) = Pkc‘,g Remark
4.3.6 discusses the possibility of different choices for x. There is no consensus in the literature on
which measure for ¢ is best. [9] claims that the Kalman filter with covariance intersection applied to it
converges as long as w is optimised for every time step, ensuring that the updated estimate is smaller
than or equal to the previous estimate. Define C' = x(w, P,ﬁ;ﬁ,l, k-1, Yk, Hr, Rk). Common choices
for ¢ include:

* ¢(C) = det(C) [15],

* o(C) =tr(C) [7],

* o(C) = IC] 9]
It is not clear which choice for ¢ should be preferred, except that the trace and matrix norms are convex
functions with respect to w guaranteeing a unique minimum [7]. The determinant is neither concave
nor convex, but is still used.

4.2. Consistency of covariance intersection

Covariance intersection is claimed to be consistent, which means that the covariance matrix of the esti-
mate is ‘large enough’, thereby mitigating the risk of overconfidence in the algorithm. This section gives
the formal definition of consistency. The consistency of covariance intersection is proven by S. J. Julier
and J. K. Uhlmann. This section contains a rewritten version of their proof so that it includes conditional
expectations where appropriate. This section also highlights and discusses the assumptions made in
this proof. The contents of this section are loosely based on [5] and [7].

Definition 4.2.1. Given x € R", & € R™ x R™ a positive definite matrix, and F a sigma algebra. The
estimate (%, X) is called consistent for the random variable X |F if:

Y= E[(X - 2)(X —2)"|F), 4.7)
where > means that the left-hand side minus the right-hand side is a positive (semi-)definite matrix.
Remark 4.2.2. According to bias-variance decomposition:

E[(X - 2)(X - &)7|F] = Ex + (& - E[X|F])(& - E[X|F])T,
where Y x = E[(X — E[X|F])(X — E[X|F]))T|F]. Using this in Equation (4.7) gives:
Y= Sy + (& - E[X|F)) (& - E[X|F)T. (4.8)

Remark 4.2.3. Note that an estimate (1, Py|x—1) made by the Kalman filter, when all assumptions
are satisfied, is always consistent for Xy |Fj.. This follows directly from &, = E[X|Fy] and Py, =
E[(Xy — E[X5|F%])(Xk — E[Xk|Fx])T|Fk], as seen in Chapter 2.

The following theorem proves the consistency of covariance intersection, provided that the partial a
priori estimates are consistent.

Theorem 4.2.4 (Consistency of covariance intersection). Given the partial a posteriori estimates
(%15 Piy) and (23, Ph,), as in Equation (4.4). Given an estimate by covariance intersection
(&} Pii4), as described in Definition 4.1.1. Assume that (i3}, Fyj,) and (&}, P\,) are consistent
for the random variable X |Fy. If this assumption is satisfied, then (:ch‘{:, Pﬁé ) is consistent for X,| Fy,
for every choice of w € [0, 1].

This theorem is proved later in this section.

Remark 4.2.5 (On the consistency of the partial a posteriori estimates). Theorem 4.2.4 uses that the
partial a posteriori estimates are consistent. Using the definition of P,;“‘k, see Equation (4.5a), and the
definition of consistency, see Equation (4.7), we see that if (i{jl s P,;‘l‘k) is consistent for X | Fj, following
needs to hold:

Pl = E[(Xk — 230 (Xx — 20 T 1F = ElXk — 240) (X — 2707 1 k). (4.9)
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We define the following random variable:
Dy = E[(Xy, — a33) (Xi — @) 1] — EN(Xk — 35),.) (Xe — i) 1P, (4.10)

If Equation (4.9) is true, then D, must be a non-negative random variable, which is not necessarily true.
So Equation (4.9) can not hold in general. However, we can show that E[Dy,|F{!] = 0. Using the tower
rule we can rewrite P ik @S follows:

Pile = E[(Xk = 21 (Xi = 25) T1FL] = E[ELX — &3 (X0 — &7) T 1] Fi)-
Using this expressing in Equation (4.10), we find:
Dy, = E[E[(X5 — &3),) (Xx — Z4) " [FR)lFL] = E[(Xh — 240) (Xk — &) | F]-
If we take the expectation conditioned on ]—‘,j‘ of Dy, then:
E[Dx|Fi) = EE[(Xx — &3,) (X — &33) " 1FR] I FE] = E[(Xx — 24) (Xi — 200) T 1 F6] | F)
= E[E[(Xx — Z4) (Xn — 20) " 1T Fit) — EIE[(Xx — &7 (X — &333) T | FR] | FL] = 0

Based on this realisation, we formulate conjecture.

Conjecture 4.2.6. Given the partial a posteriori estimates (xk|k7Pk‘ x) and (&g, B, as in Equa-
tion (4.4). Given an estimate by covariance intersection <ku T Pkc‘,g ), as described in Definition 4.1.1.
(zk‘ s Pﬁk) and (:z:k‘ w P 53.) are consistent in expectation for the random variable X|F,. This means

that, on average, the terms preventing consistency for every time step approach zero. This implies that
(z g‘{c, Pﬁ,ﬁ ) is consistent in expectation for the random variable X}|F,.

Remark 4.2.7. If this conjecture turns out to be true, covariance intersection would not be consistent
for every time step, but would be consistent over many time steps, creating consistent behaviour in
practice.

We need an auxiliary lemma to simplify the proof of Theorem 4.2 4.

Lemma 4.2.8. Let A, B € R™ x R™ be two invertible matrices. Let w € (0,1). We define:

C= WA +(1-wB)™"

And we define:

L=wCA™!,
M= (1-w)CB™.

Then L+ M = 1.
Below we prove the results of this section.

Proof of Theorem 4.2.4. We first show consistency for w = 0 and w = 1. Let us fix w = 0. Using the
definitions of Pﬁ,ﬁ and @kc‘{c given in Equations (4.5a) and Equation (4.5b) we find:
Pk|k Plﬁka
ikcé Pkc\‘lﬁplﬁk)iljlﬁk
= B

By assumption, this estimate is consistent for the random variable X |F;. A similar result can be
obtained for w = 1. We will now prove consistency for w € (0,1). Definition 4.2.1 gives us what we
need to show to prove the consistency of covariance intersection:

Pk = E[(Xx — 2550 (Xk — 2570) T 1 Fl.
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Kalman filter _ Kalman filter with ClI
Assume: consistent

for the random vari-

(fik—1|k—1aPk—1|k—1) able Xy _1|Fk_1 (i.g—IHk—l’PkC—IUk—l)
L [ ]
Prediction Prediction
step step

To prove: consis-
tent for the random

(Thjk—15 Prir—1) variable X |Fy_1 (Ikcli 1’Plﬁé 1)
Partial up- Partial up-
date step date step
Update -
Step (mk\mpﬁk) (ka|k7PkB\k)
Cl fusion

To prove: consis-

. tent for the random

(Zkj> Prejr) variable X|Fx (@55 P
|

Figure 4.1: This figure shows a schematic representation of the Kalman filter on the left and covariance intersection applied to
the Kalman filter on the right. The Kalman filter starts with an a posteriori estimate for time step k — 1, (Zx_1jx—1, Pr—1]x—1)-
Using a prediction step, an a priori estimate is calculated: (5—1, Pxjx—1)- Then with the update step, an a posteriori
estimate is calculated for time step k: (Zx, Pr|x)- On the right it can be seen that, when applying covariance intersection to

the Kalman filter, we start with an a posteriori estimate for the mean and variance for time step k — 1: ( pPC!

T wc 1 k—l\kfl)'
Using the prediction step of the Kalman filter, an a priori estimate is calculated: ( pPCl ). Then two partial a posteriori

klk—1 1 k|k—1

updates are calculated for time step &, both conditioned on one measuremen‘t source‘ This gives (& ( ek lﬁk) and

(AkB 1)k—1> Pk 1)k— 1) Finally, these two a posteriori estimates are fused to one a posteriori estimate for time step & with the

fusion rule given in Definition 4.1.1: (& gli’ Pkc‘,ﬁ) The horizontal arrows indicate what is needed for covariance intersection to

be consistent. This means that if X,_1|Fx_1 is consistent for the random variable Xj_1|Fj_1, then both the predlctlon and

the update step should be consistent for the relevant random variables. This work only proofs the consistency of ( klk7 5};)
provided that the partial estimates made by covariance intersection are consistent for the random variable X |F. This is

proven in Theorem 4.2.4.

Subtracting E[(X}, — f1,) (Xx — @§j;)"[F%] from both sides, we find:

P — E[(Xk — 253) (Xi — 253) "1 Fa] = (4.11)

For brevity we will use the following notation in this proof:

P = E[(Xk — 2550) (Xx — 253) 7 1 F],
Py, = E[(Xg — @7,) (Xi — 233) 7 |1 Fal,
Pl = E[(X, — &5, (X5 — 25) T 1Fx], (4.12)
PP = E[(Xk — &3,) (Xi — 25,) 7 | Fal,
Pl = E[(Xg — 213,) (Xi — &7,,) T | Fi)-

Using this notation we can rewrite Equation (4.11) as follows:

Pl - pPSl -0, (4.13)
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We will use Lemma 4.2.8 to rewrite X, — xk‘{c To this end, define:

L = wPg (P

414
M= (1= w) PP~ (@14

By Lemma 4.2.8, we know L{’ + M’" = I. Using the definition for i{ ;, see Equation (4.5b), we can
rewrite X — xk‘k as follows:

Xk — fg\{c = (LT + M) X — P \k( (Pk\k) xk\k +(1- )(Pk|k) xﬁk)
= (Lg" + MET) Xe — (L 20, + M 30,
= L (X — ) + M (X5 — 243)-
Using the above in the definition of Pkcvg see Equation (4.12), we find:
PiE = E[(Xg — 2(3) (Xy, — 253) " [ F]
= E[(LY (Xx — $k|k) + M (X — $k|k))(Lk (Xk — Ik\k) + M (X — iﬁk))T\Fk]-

By writing out the definitions of L' and M1, see Equation (4.14), we obtain:
PG = E[ (PG (P ™ (X — &) + (1 = w)(PE) ™ (Xe - #f,)) ) x
T
(P (P ™ (X = i) + (A = W) (PE) (X = 360) ) 1.

Using the notation in Equation (4.12) and that P ol and P,ffk are symmetric, we find:

PG = PG (W (P ™ Pl (Pl ™ + w(1 = w) (P~ PR ()™
+w(l—w)(PE) T PENPL) T+ (1= w2 (PG PE(PE) ™ )Pk|k
Then the left hand side of Equation (4.13) can be rewritten as:
Pk|k Pk|k = Plc\k [E[(Xk - ikcﬁc)(Xk - jjkc\{c)TL]:k] k:\k Pk\k( 2(PI:|1k>_1PI:|1k(PI:\‘k)_1
+w(l - w)(P/ﬁk) Pk\k (Pk\k) w1 - w)(Pklk) Pk|k (Pk|k)
+(1- W)Z(Plﬁk)ilpkUc(PkUc)i )Plgl{

When multiplying both sides from the left and the right with (Pg;)) ", we find:

(PG = (PG B (PG = (PO Q(Plﬁk)ilpﬁk(PIﬁk) —w(l = w)(Pgy) PR (PR !

—w(l— w)(P/c\k) P/c\k (Pk\lc) —(1- w)2(Pk|k) 1Pk|k(Pk\lc)
(4.15)

By assumption (i:,f‘k, P,;‘l‘k) is a consistent estimate for X | 7. Note that this assumption is not proven,
see Remark 4.2.5. If (fﬁ\w P,jl‘k) is a consistent estimate for X;|F;, the following needs to hold:

Pije = E[(Xe = 2730 (Xe — 1) T 1Fi ] = BNk — 2703, (Xe — 27.) T [ Fi].
Using the definition of Pﬁé see Equation (4.12), in Equation (4.9), we find:
Pl = Py
Multiplying from the left and the right with ( klk) ! gives:

(P;;Tk)_l = (Piﬁk)_lpiﬁk(Pﬁkrl
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We find a similar expression for measurement source B: (P,f"k) L= (P,ffk) 1P,ffk(P,f|k) 1. These can

be used to rewrite (P,ﬁ,f) 1 as defined in Equation (4.5a):

(P~ = w(Pe) ™ + (1= w)(Pf) ™
(Pﬁk)_lpﬁk(Pﬁk)_l +(1 - w)(PIﬁk)_lplﬁk(Plﬁk)_l
We use the above to continue to rewrite Equation (4.15):

(P \k) — (P \k) P\k(P N liw(Pﬁk)flpﬁk(Pﬁk)fl (17w)(PIﬁk)7lplﬁk(Pﬁk)il
—w (Pk\k) 1Pk\k(PI;4|k)71_ (1—w)(P1§Tk) P|k (Pk\k)
—w(l—w)(B) P (Pk|k) — (1 —w)*(Pf)~ 1Pk\k(Pk|k)_1

=w(l- )(Pk:\k) P}c\k(PkUc) +w(l- )(Pk|k:) Pk|k<Pk\k)
—w(l- )(Pk|k) P|k (Pk|k) —w(l - )(Pk\k) P\k (Pk\k)

=w(l - )((Pk\k) 1Pk\k(Pk|k) - (Pk|k) Pk|k (Pie) ™ = (B~ Pk|k (Pk|k)
JF(P/ﬁk)ilp/ﬁk(Plﬁk)il)-

We use the definitions of Pkﬁk, Pl P and P,f‘,f, see Equation (4.12) to find:

(Pk\k) (Pk\k) Pk\k(Pklk) W(I_W)E{((Plﬁk)il(Xk l"kuc) (P M (X, — 24,)) %
((P) ™ (X = ale) = (PR~ (X = 2f, )T 17| = 0,

because the expression on the right hand side is a square. Thus we conclude that covariance intersec-
tion is consistent for Xk|]-'k every choice of w € [0, 1], provided that the partial a posteriori estimates

(%5 Pfpy,) and (4., Pi,) are consistent for the random variable Xj,| 7. O

Proof of Lemma 4.2.8. \We rewrite L as follows:

L=wCA™ =w(@A +(1-w)B™) 47!
TSR S

We use I = (ﬁB) (ﬁBY1 and take (ﬁBY1 out of the brackets to obtain:

L:<<1EWB+SUA>(1—W)B—1>1 li B(I_B+ A)l.

We can similarly rewrite M:

=(1- )CB Lo (1- )(wA’l—s—(l—w)B’l)_lB’l

-1
BA~ +I) .
17w

We use I = (L4) (L A)™" and take (1 4) ™" out of the brackets to obtain:
-1
<1 B+ A) wA1>
1 -1
A < B+ A> )
1-w w
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then

—w 1—w w —w w

1 1\ !
=(—B+ A 7B+ A =1,
1—w 1—w

establishing the claim. O

1 1 1\t o1 1 1\t
L+M= B( B+A> +A<1B+A)
w

4.3. Covariance intersection on covariance matrices of measure-
ment noise

This section provides a reformulation of covariance intersection. Covariance intersection is essentially
a linear combination between the partial estimates calculated by conditioning on part of the measure-
ments. In this section we define a method that applies the linear combination that is used in covariance
intersection to the covariance matrices of the noise. Then we prove that this method gives the same
result as covariance intersection described in Section 4.1 for a fixed w. The advantage of this refor-
mulation is that the fusion step is done before the Kalman filter is applied, instead of breaking up the
Kalman filter as in the standard approach to covariance intersection. This makes it possible to trans-
late the fusion step and the Kalman filter separately to continuous time. The lemma below presents
the reformulation of covariance intersection.

Lemma 4.3.1 (Reformulation of covariance intersection). Given the dynamic system of Equation (4.1).
For w € [0,1], define a matrix (RECT)~1 as follows:

_ [w(ri) ™ 0

BEDVT=10 e

Applying the Kalman filter to the dynamic system of Equation (4.1), using matrix (RF“T)~1 instead of

matrix (Ry)~", gives an estimate for the state and its covariance, denoted by (2", Pii""). Using the

definitions given in Equation (4.2), this estimate is calculated by the following variation of the Kalman
filter:

Prediction step:
Bty = Fi- @ﬁcﬂk 1
P = B PRSI iy + Qi
Update step:
ijlfI — i]ﬁfll +KRCI(

= &Ly +wRT DT (R l — HitagiLy) + (1= w) Pe T (H) T (RE) ™ (o — HE &Ly,

1
PR = (PR + HE (RS Hy)
—1
= ((PE ™ +w(HNT (R T HE + (1= W) (HE)T(RE) T HE)
1

KRCI PkITkCIHk (RECI

~RCI
Yk *Hkl’k\k—l)

)
wPIE TR T
(1= w) PIC (HP)T(RE)™!

(4.16)

This lemma is proven below.
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Remark 4.3.2. REC! js defined such that:

O ][ ]

To see this, we define the vectors VA = [V, 0T and V2 = [0, VP]T. Also define:

- R4 0 - 0 0
A k B _
=) =10 )

Clearly, (0, Ri*) and (0, RE) are consistent estimates for VA and V,P, respectively. Then forw € (0,1),
RECT = LRA 4+ _L-RB. By Lemma 4.3.7, (0, REC!) is conservative for VA + VP = [VA, ViPIT for
€ (0,1). Forw € {0,1}, it is clear that R{* < R, and RE < Ry.. Thus we conclude for w € [0,1]:

O ][ ]

Of course, changing the covariance matrix of the measurement noise like in Lemma 4.3.1 violates the
conditions to apply the Kalman filter. This change therefore impairs the optimality of the Kalman filter.
Note that in this situation this is not a problem, because we aim to reformulate covariance intersection.
Covariance intersection also impairs the optimality of the Kalman filter. In Theorem 4.3.3 we will show
that the Kalman filter with the adjustment of Lemma 4.3.1 is the same as covariance intersection, as
given in Definition 4.1.1 for a fixed w.

Theorem 4.3.3. Given the dynamic system of Equation (4.1), covariance intersection described in
Definition 4.1.1 and the method described in Lemma 4.3.1 are the same algorithm for a fixed w € [0, 1].

The proof of this theorem is given at the end of this section.

Remark 4.3.4. The reformulation given in Lemma 4.3.1 removes the need to calculate two partial
estimates and fuse them together, because it fuses the covariance matrices of the noise before applying
the Kalman filter. This reduces the number of times that the Kalman filter needs to be applied compared
with the method described in Definition 4.1.1 while obtaining the same result for a fixed w € [0,1],
see Theorem 4.3.3. Furthermore, it means that it is possible to apply covariance intersection to the
continuous time Kalman filter by changing the input in a similar manner as in the discrete case. Thus,
if it is possible to fuse the intensities of the measurement noise from source A and B, then covariance
intersection can be applied to the continuous Kalman filter.

Along with the calculation of the a priori and a posteriori steps of covariance intersection, the calculation
of w can also we rewritten. This is done in Theorem 4.3.5.

Theorem 4.3.5. The minimisation problem of Equation (4.6) with  (w, P,ﬁ,g_l, Ehk—1,Yi, Hiy Ri) = Pﬁ,{
is equivalent to:

-1
_1 HA Tripa 0 -1 HA
_ H ClI k w 'k k
omarmpe () "+ 8] 55 0] [

This theorem is proven below.

Remark 4.3.6. Applying covariance intersection to the continuous time Kalman filter requires contin-
uous optimisation of w. The optimisation of w is needed to ensure the convergence of covariance
intersection. Thus w must influence the convergence rate. Since there is no consensus in the literature
on which measure for ¢ leads to the fastest convergence rate, it might be possible to change the map
without impairing the convergence rate. It is possible that there exists a map x that is a linear function
ofw, (HMT(R{)"*H and (HP)T(RB)~'HE, which makes it possible to translate the optimisation of
w to continuous time and to apply covariance intersection to the continuous time Kalman filter. Note
that this would lead to a different algorithm than covariance intersection described in Definition 4.1.1.
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Below the lemma used in Remark 4.3.2 is given.

Lemma4.3.7. Let X1, X, be two R? valued random variables. Let (z1,%,) and (z-, X)) be conservative
for X, and X, respectively. Let w € (0, 1) and let

1

1
U= -3+ b
w 1

Then (x1 + z2,U) is conservative for X1 + Xo.

This lemma is proven later in this section.

We start by proving the results of this section.

Proof of Lemma 4.3.1. Changing the covariance matrix of the measurement noise does not change
the expressions for the a priori steps, because the covariance matrix of the measurement noise is
not involved in those steps. For the a posteriori steps, we will start with the covariance matrix of the
estimate P,fj,ff. By Equation (2.6) the expression of P,ﬁ,ff is:

-1
PECT = ((PECT) ™ + HE (RECT) ™ 1y )

T -1 -1
(o [ B ot i
blk—1 Hy; 0 =51 Hy,
-1
= ((BECH ™ + w(HNT (R HE + (1 - w)(HE)(RE) " HE) .
We continue with the Kalman gain, again starting from the expression in Equation (2.6):
KEC = PCHT(REC)

_ prOI {Hﬂ ‘ FR? 0

-1
= hk | B 0 135}

1—w
wPI(HMNT (R

(1= w) P HP)T (R

Lastly, we derive the expression of ifﬁf starting from the expression in Equation (2.6):

~RCI _ ~RCI RCI ~RCT
Ty = B T K (v — Hie@rply)

T
_ 4RCI Wplﬁg;(clfzf)qj;(??); ) ([y;g} _ {Hé} SROT )
=1 (1 = w) P HP)T (RY) ™ Yg HyZ | 7Rkt
T A
_gror | @R DT (RO yi — Hi'a 701,
=B (1) PRCT(HPYT(RP) | |y — HPSHCT,

= a5y + WP DT (RO ™ = H'aydh) + (U= w) B ()T (B ™ i — B a1y,

O

Proof of Theorem 4.3.3. We denote the estimates calculated by covariance intersection, as given in
Definition 4.1.1, by (27}, P/i ). The estimates calculated by the method described in Lemma 4.3.1 are
denoted by (iﬁf’,P,f"]f’). Fix w € [0,1]. We prove that these two estimates are equal using induction.

We start with the base step and then continue to the induction step.

Base step: Both algorithms have the same starting position, thus:

+ Covariance of state estimate: Pocl({ = P(ﬁOCI ,
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+ Estimate of the state: x(% = i{f‘/gl.
This concludes the base step.
Induction step: Assume i) = @i’ and P = P[f7". We derive the induction step for the a priori
and a posteriori estimates separately.
* A priori covariance of state estimate:
Pguk = Fkﬁg\{ch + Qk
= Fuigy Fr + Qk
_ pRCI
= i1k
* A priori estimate of the state:
~CI ~CT
Ltk = Fkxk\k
~RCI
= kak‘k
~RCT
= Tht1lk

* A posteriori covariance of state estimate:
Pkc+ll|k+1 = (W(Pf+1|k+1)_l +(1- W)(Plf+1|k+1)_l)_1'

We use the expression of Pg‘HlkJr1 and P, ,, asin Equation (4.4):

PkC+I1|k+1 = (W((qur]nk)_l + (HIQL‘H)T(R?Jrl)_lHI?H) +(1 - w)((PkCJrll\k)_l + (HI§+1)T(R1<B+1)_1HI§+1)_1
= ((Plgllkrl +w(Hi )T (Rit) T Hit ) + (U= w)(HE )T (RE )T HE )

CI  _ pRCI .
We use P’y = B

Pkc+11|k+1 = ((Plﬁcﬁk)il +w(Hi )T (Rit) T Hit ) + (L= w)(HE )T (RE )T HE ) ™!

_ pRCI
= Fpiik+1-

A posteriori estimate of the state:

Nels o1 A 1.4 B 1.8
Ttk = Pt @B i) T Bepgeer + (0= @) (Pagesn) ™ i1 jes1)
o1 A 1.4 o1 B 1.8
= wpk+1|k+1(Pk+1\lc+1) Tpp1k+1 T (1- W)Pk+1\k+1(Pk+1|/c+1) JUlc-|-1|lc-~-1)~

We use the expression of £?+1|k+1 and ikBﬁ-lIk-i-l of Equation (4.4):

ke = 9P e (P ) T @ e + Pl (HE DT (RS D) ™ (Witer — Hit @00 )
+(1- W)Plgf1|k+1(PIcB+1\k+1)_l(‘i‘g+1|k + Plfi1|k+1(HI§+1>T<RkB+1)_1(yI§+1 - Hiilffkciuk)
= (wplg1|k+1(PI?+1\k+1)_l +(1- w)PkCJrll\k+1(P1£H|k+1)_1)§3kci1|k
+ w‘PkCJrI1|k+1(H?+1)T(R?+1)_1(yl?+l - Hl?Jrl‘f"ka{l\k)
+(1— w)P;ngHkH(Hk + 15 (R, +17) Ny, — H1§+1fgi1\k)~

y~tand ME!T = (1-w)PEL (P1f+1\k+1)71

Using Lemma 4.2.8 with L = wPS! (PA f T

k+1]k+1 L kr1]k+1
such that LT + MET = I, we find:

A CT ACT CI A \T(pA \—1(, A A ~CI
Trik+1 = Ty T ka+1|k+1(Hk+1) (Rit1) ™ Wiew1 — Hk+1xk+1|k:)
C - ~C
+(1 - W)PkJrI1|k+1(Hlf+1)T(RkB+1) 1(ka+1 - HkBJrlxkil\k)'

~CI  _ ~RCI .
We use 2y, = Tyt

ol _ ARCI RCI A \T(pA \—1/, A A ~RCI
itk = Trgape T 0P e (His1)” (Rig1) ™ Wi — Hiean @i ae)

+(1- W)Pli-ci{k-l,-l(Hliil)T(RkB—&-l)il(yl?+1 - HI£3+1:%]¢R-€1[\I€)

_ ARCI
= Tht1)k+1-
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In conclusion, for a fixed omega, covariance intersection can be rewritten as in Lemma 4.3.1. O

Proof of Theorem 4.3.5. We will start with Equation (4.6) and rewrite it using the expressions of Pkcl,g ,
P]jl‘k and PkB"k, given in Equations (4.5a) and Equation (4.4) respectively:

w = argmin ¢ (P,ﬁlf)

= argmin¢ ((w (P,j“kyl F(1-w) (PkBk)l)_1>

= argmin ¢ ((w ((Pkcl,{_1>1 )" (rY) Hff) +(1-w) ((Plﬁé—l)l (B (rE) H;f))_l>

= argmin¢ (((pkc“gl)l +o(HY (RY T HE+ (1 —w) (HE) (RE)T H,?)_ )

-1
1 HA T 1pA 0 - HY
7 . crI k w "k y
=argmin ¢ (((Pk|k—1) + [H,f] { 0 ulw)RkB] {HI?] .

This establishes the claim. O

Proof of Lemma 4.3.7. We aim to establish:
U= [(X1+ Xz = (@1 +22)) (X1 + Xz — (1 +22))"] =0,
Working out the expectation, we have:
E {(x1 F Xo — (1 4+ 22)) (X1 + Xo — (21 + xg))T}
= E[(X1 = 21) (X1 = 2)"| + E [(Xz = 22) (X2 — 22)" |
+E [(X1 1) (Xo — )" 4 (Xo — 22) (X — a:l)T] .

Sety = 4 /1*7“ to simplify the computation below. Using the definition of U and the properties of (z1, 1)
and (z2, X2) we obtain:

U-L {(Xl + X9 — (331 + .132)) (Xl + X9 — (331 + $2))T

1l—-—w w
T R s R (X1 = 1) (X2 — )" + (X2 = w2) (X1 —a0)" .

Using that if (z, %) is consistent for X, then ¥ = E[(X — z)(X — z)7] gives:

U-—E [(X1 F Xo — (21 + 22)) (X1 + Xo — (21 + zz))T}
= 9% (X1 — ) (X1 — 2) | + 972 (X3 — 22) (X — 22)7 |
_E [(X1 — 1) (Xa — 20)T + (Xo — a2) (X — xl)T}
=E|(v (X1 —a1) =77 (X2 — 22))]

> 0.

This concludes the claim. O



Covariance intersection in Hy, filter

In Section 5.1 we modify the cost function of the H, filter such that it is a generalisation of covariance
intersection applied to the Kalman filter. Since a continuous version of the H filter exists, this approach
offers a different method to extend the fusion step of covariance intersection to continuous time.

5.1. Covariance intersection in H, filter
We consider the following dynamic system with two measurement sources A and B:

Tpy1 = Frap + wy,
vk = Hi'my + vf, (5.1)

B B B
Yk :Hkxk+vk,

where z;, € R" is the state vector; ;. € R™ x R™ is the state transition matrix, which can describe
the physics underlying the process that is modelled; w; € R™ is the noise term. y,f € R™ represents
the measurements from source A at time k; H{* € R™ x R" provides a linear connection between the
state vector and the measurement vector for measurement source 4; vii € R™ is the measurement
noise. Measurement source B is allowed to have different dimensions, so yZ € R?, Hf € R? x R",
and vP € RY. The noise terms wy,, vi* and v£ do not have to satisfy any assumptions and may even be
deterministic. Note that it is possible to add as many sources of measurements as desired, but for the
sake of simplicity we use two measurement sources.

Remember the cost function of the H filter, given in Equation (3.2):

N-1

_ 1 S 012 512 1 2 1 2 }
J = =gl wollpowki_%[nzk aull3, — gllwell? = gllonl 2 ).

with S, € R x R™; Py € R® x R"; Qi € R® x R" and R, € R™ x R™ positive semi-definite matrices.

The vector norm is defined as ||z||%3 = 27 Az. To introduce the structure of covariance intersection to
the H, filter, the term containing v, is split as follows:

A
lor s = 0 2y -s + 1oF 12

where R} € R™ x R™ and RP € R? x R? are positive semi-definite matrices. The two terms on the
right hand side get their own different 6, which will take on the role that w has in covariance intersection,
see Definition 4.1.1. Note that this split essentially constrains the allowed structure of the R;, matrix

A AB
R ] then this split forces R{Z = RPA = 0. This

in the original H, filter. If we write R, = [RkBA RE
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reflects that covariance intersection treats the measurement noise as independent until fusing the two

estimates. Forcing this structure on the matrix R, negatively impacts the performance of the H filter,

because it reduces the opportunity for tuning. The split of ||ka§3_1 gives rise to the following cost
k

function, for 0,0 z4,0p= > 0:

2

-1

1 . R 1 1
J = =Fllwo = ol + D [llan = 2l3, = Flhwnld o —

Ora

1
||/U;<:4||?R;€4)—1 - TRB HUE"?RE)“

=
Il
o

=

1 R R 1 L a A
= —5llzo - 1‘0”?3071 + {ka — &%, — §||wk||2 i @Hyk — Hiwilltpay-

>
Il
o

(5.2)
S lyr — Hil 2xll? e —1}
Ors (R0

N-1

= ¢(x0) + Z Lr(zr, Wi, Vi UK
k=0

where S;, = L{SkLk. Theorem 5.1.1 derives the H filter belonging to this cost function.

Theorem 5.1.1. Given the dynamic system of Equation (5.1) and the cost function defined in Equation
(5.2). Aswellas 6,6 rp,0ps > 0. Using the following notation:

HY 9pa pa 0 F/A]
H = k) 5 R = 0 k s = k s
* [H 1’3} * 0 srpp 7
the solution to the following optimisation problem:
min max J, (5.3)
T L0, Wk,
Yi Yk

is given by:

Prediction step:

Sy = L{ SkLy,
Tpik—1 = Fro1@p_1jp—1,
Prjr—1 = Fe—1Prqjp—1Fk—1 + Qp—1.

Update step:
Tk = Trp—1 + Ke(yr — Hedgjp—1)
) 0 _ R 0 _ R
= Tpjp—1 + Prji <9RA(H,?)T(R,€A) "kt — Hf & ppe—1) + GITB(H’E)T(R’?) Yy - Hzfiﬂkkﬁ),

Py = (P,C*l,Ll — 08, + HF R, Hy,) ™

~ 8 -
= (ks - 0+ g gy +

0 B —1
- HEY (RO P )

On
Ky, = Py HE R

91;“‘ HOT(RH™!
g (HP) (RP)™!

[

T

= Pk

7

(5.4)
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provided that:

Pk_“i_l — 08, + HER, Y Hy, = 0,

0
R — i Hi Py (HNHT = 0,
RA

0
RP — Q—HEPWC(HE)T - 0.
RB

The proof of this theorem can be found in Appendix A.

In the solution given in Theorem 5.1.1 three different 8’s arise. The following proposition shows that it
is possible to choose these such that we find the Kalman filter with covariance intersection applied to
the measurement covariance matrices.

Proposition 5.1.2. Given the dynamic system in Equation (5.1) with v, wi* and wP Gaussian white
noise such that v, ~ N(0,Qx), wi ~ N (0, Ri) and w? ~ N(0, RP) and v, independent of w;} and w?.
The algorithm given in Lemma 4.3.1 can be obtained with two additional constraints from the algorithm
given in Theorem 5.1.1 by choosing:

Opa =

)

0
1—w’

9
w
O =

and sending 6 — 0. The additional constraints to the algorithm in Lemma 4.3.1 are:

R} — wH Py (H)" =0,

RP — (1 —w)HP Py (HP)T = 0.
Remark 5.1.3. It is important that vy, wi' and wP are Gaussian white noise with the correct covariance
matrices. If these noise terms are not white noise, then the Kalman filter will not be obtained when
sending 0 — 0. The choice of Sy, is unrestricted, because as 8 — 0, the role of Sy, disappears. This can
also be seen from Lemma 3.3.4, where it is shown that the Kalman filter minimises the mean square

error of the S;, weighted sum for every symmetric Sj.. Note that the additional constraints arise from
the structure of the H filter.

Proof of Proposition 5.1.2. For P, in Equation (5.4) to be equal to P, in Equation (4.16), we need

% = w. This is obtained when 0p4 = % The reasoning is similar for the choice of 0.
R

With these choices, we are left with the following algorithm:

Prediction step:

S, = LLS, Ly,
-1 = Fr—1Tp—1)p—1,
Pyojp—1 = Fe1Pp_1jp—1Fr—1 + Qr—1-
Update step:

A Az
~ A yk _Hk xkk1:|
Tpik = Trip—1 + K N ,
= e+ 80 [
_ -1
Pie = (Pt s = 056+ w(HYT (R H + (- w) (HE)(RE) ' HE)

k|k—1
w(HA)T(RA)—l T
T it ]

(5.5)
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The only difference between Equation (5.5) and (4.16) is the term 6.5}, in the expression for Py~ When
sending # — 0, this term vanishes and the two expressions are the equal.

To ensure that both the minimum and the maximum of the optimisation problem in Equation (5.3) are
attained, we need:

Py — 08, + Hy, Ry Hy = 0,

0
Ry — 9on Hi Py (HHT =0,
RA

0
R — erBPk\k(Hl?)T = 0.
RB

The first equation is automatically satisfied when sending 8 — 0. The last two equations turn into the
following when 7% = wand 7% =1 —w:
R R

Ry - WH}?PWC(H/@A)T =0,
RY — (1 —w)H Py (HP)" = 0.

This concludes the claim. O



Conclusion

This thesis studied the Kalman filter with observations from one and multiple measurement sources. A
problem arises when the correlation between multiple measurement sources is not known when using
the Kalman filter. There exist multiple solutions to this problem. The solutions discussed in this work
are the H filter, see Chapter 3, and covariance intersection, see Chapter 4. The overall aim of this
thesis was to investigate whether it is possible to apply covariance intersection to the continuous time
Kalman filter. To this end three topics were discussed:

» Section 4.2 highlights the assumption made in the proof of the consistency of covariance inter-
section given by S. J. Julier and J. K. Uhimann. It is found that this assumption which is treated
as frivial in the literature is found to be non-trivial. For this assumption to hold, the a posteriori
Kalman filter steps must be consistent. This is likely not true in general. However, the assumption
made in the proof probably holds in expectation over many time steps. So in practice covariance
intersection behaves as a consistent algorithm.

* In Section 4.3, the linear combination in covariance intersection is applied to the covariance ma-
trices of the measurement noise rather than to the covariance matrices of the estimates. This
reformulation essentially changes the input of the Kalman filter. This means that the Kalman fil-
ter only needs to be applied once per time step rather than once per dependent measurement
source per time step. It also means, that if this change in input can be translated to continuous
time, then the continuous Kalman filter can be used with the altered input, making it possible to
apply covariance intersection to the continuous time Kalman filter.

* In Section 5.1, the fact that the H, filter is a generalisation of the Kalman filter is used to include
the limit case of covariance intersection described in Section 4.3 in the H, filter. While this
has no practical application, the ability to formulate the H, filter in continuous time provides a
different path to formulate covariance intersection such that it can be applied to the continuous
time Kalman filter.

6.1. Recommendations for future work

In Section 4.2 we saw that the assumption made in the proof of the consistency of covariance inter-
section given by S. J. Julier and J. K. Uhlmann, is neither trivial nor proven. Does assumption does
not hold in general, but it probably holds in expectation. A possible avenue for further research is to
show that the terms preventing consistency for every time step approach zero on average. This would
explain why there are no problems with consistency when applying covariance intersection in practice.

The literature on covariance intersection states that covariance intersection is consistent for every w €
[0, 1], but that the optimisation of w to an indifferent (convex) measure is needed to ensure convergence.
It would be interesting to investigate why the algorithm converges for every (convex) measure. Does
the measure influence the convergence rate of covariance intersection?
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6.1.1. Possible extensions to continuous time

To apply covariance intersection to the continuous time Kalman filter, the fusion of the covariance ma-
trices of the measurement noise should be formulated in continuous time. A possible way of doing
this, is by changing the map y in the optimisation problem for w. Perhaps x can be chosen as linear
map of w, (HMT(R{)"*H and (HZ)T(RP)~'HP such that it is possible to find a differential equation
for w. It is however, not clear what the consequences of this change would be. Covariance intersec-
tion will remain consistent (in expectation), because this property is not dependent on the value of w.
However, w controls the convergence of covariance intersection, as convergence is ensured only by
optimizing w at each time step. Therefore, the map x should be chosen such that convergence is still
ensured. Investigating possible choices for the map x such that covariance intersection converges will
likely make it possible to formulate covariance intersection such that it can be applied to the continuous
time Kalman filter.



(1]
(2]
[3]
[4]
[5]
[6]
[7]
8]
[9]
[10]

[11]
[12]

[13]

[14]
[15]

[16]

References

A. P. Andrews and M. S. Grewal. Kalman Filtering: Theory and Practice with MATLAB, 3rd Edition.
John Wiley & Sons Inc., 2008.

Y. Bar-Shalom, X. Rong Li, and T. Kirubarajan. Estimation with Applications to Tracking and Nav-
igation. John Wiley & Sons Inc., 2001.

T. M. Cover, J. A. Thomas, et al. “Entropy, relative entropy and mutual information”. In: Elements
of information theory 2.1 (1991), pp. 12-13.

I. Ekeland and R. Téman. Convex Analysis and Variational Problemns. Elsevier, 1976.

Robin Forsling, Benjamin Noack, and Gustaf Hendeby. “A Quarter Century of Covariance Inter-
section: Correlations Still Unknown?” In: IEEE Control Systems Magazine 44.2 (2024), pp. 81—
105.

G. R. Grimmett and D. J. A. Welsh. Probability: An Introduction, 2nd Edition. Oxford University
Press, 2014.

D. Hall and J. Llinas. Handbook of Multisensor Data Fusion. CRC Press, 2001.

S. J. Julier and J. K. Uhlmann. “A non-divergent estimation algorithm in the presence of unknown
correlations”. In: Proceedings of the 1997 American Control Conference (Cat. No. 97CH36041).
Vol. 4. |IEEE. 1997, pp. 2369-2373.

S. J. Julier and J. K. Uhlmann. “Using covariance intersection for SLAM”. In: Robotics and Au-
tonomous Systems 55.1 (2007), pp. 3—20.

F.L. Lewis, L. Xie, and D. Popa. Optimal and robust estimation; with an introduction to stochastic
control theory, 2nd Edition. CRC Press, 2008.

J. I. Marden. Multivariate Statistics. University of lllinois at Urbana-Champaign, 2015.

H. Masnadi-Shirazi, A. Masnadi-Shirazi, and M.-A. Dastgheib. “A Step by Step Mathematical
Derivation and Tutorial on Kalman Filters”. In: arXiv preprint arXiv:1910.03558 (2019).

S. F. Schmidt. “The Kalman filter-Its recognition and development for aerospace applications”. In:
Journal of Guidance and Control 4.1 (1981), pp. 4—7.

D. Simon. Optimal state estimation. John Wiley & Sons Inc., 2006.

J. K. Uhlmann. “Dynamic Map Building and Localization: New Theoretical Foundations”. PhD
thesis. University of Oxford, 1995.

D. Wang and X. Cai. “Robust data assimilation in hydrological modeling—A comparison of Kalman
and H-infinity filters”. In: Advances in water resources 31.3 (2008), pp. 455-472.

52



Proof of Theorem 5.1.1

This appendix proves Theorem 5.1.1. The proof in this appendix is based on the derivation of the H,
filter given in [14]. Before proving Theorem 5.1.1 a preliminary result is needed. Lagrange multipliers
are used to solve constrained optimisation problems. The constraints are assumed to be constant over
time. In the context of the H, filter, the constraints have the following form: z.1 = Fjxj, + wy, which
means that the constraint might change for every time step. We use a sequence of Lagrange multipliers,
instead of a constant Lagrange multiplier to account for the time varying constraints. Lemma A.0.1
shows that the method of Lagrange multipliers can be extended in this way. This extended method of
Lagrange multipliers is then used to prove Theorem 5.1.1.

Lemma A.0.1. Given the following process dynamics:

Tpy1 = Frag + wg, (A1)
with z, € R, w, € R™ and F,, € R™ x R™. For some differentiable function ¢ : R — R and some
differentiable function L;, : R*™ — R define the following cost function:

N—-1

J (g, w) = ¢(wo) + Z Lp(r, wr).

k=0
The cost function can be augmented with a sequence of Lagrange multipliers to obtain:

N_
Iy = ¢(xo) + (Hk(xk,wk) - )\fazk) —Mrn + Mo,
k=0

[

with Hy (zk, wi) = Li(xk, w) + )\{H(Fkxk -+ wy), which is called the Hamiltonian. The Hamiltonian
is analogous to the Lagrangian except that \ is a sequence instead of a constant. The necessary
conditions of the stationary points for the following constrained optimisation problem:

max J(z, wy)
o, Wk (A.2)
s.t. Tht1 = Frxp + wg,

are:
9¢
T — =
0 + axo (IO) 07 (A3a)
_)\]7\} =0, (A.3b)
OH
Tw:(l_k,wk):o’ (k=0,...,N—1), (A.3c)
e = T ), (k=0,...,N—1). (A.3d)
al‘k
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Proof. We intent to find the necessary constraints for the stationary points for the constraint optimisation

problem defined in Equation (A.2). We add the constraint posed by the dynamic system via the method
of Lagrange multipliers. This gives:

Iy, wi) = ¢(x0) + Y [Lr(@r, wi) + Mgy (Fewp + wi — Tpg1)]

=2

o
(=)

N-1 N-1
= ¢(x0) + [Li(xp, wy) + )\E_,'_l(Fk.xk + wg)] — )\kT>+11'k+1-
k=0 k=0
Adding and subtracting A\l z, gives:
N-1 N
Ia(@r, wi) = ¢(wo) + Y [Lrlwr, wr) + Ny (Frwy + wi)] = Y A @k 4+ Ag 7.
k=0 k=0

We define the Hamiltonian:

Hio (@, wr) = Lip(T, wr) + Mgy (B + wg).

We use the Hamiltonian to rewrite the cost function:

N-1 N
In(@rwi) = ¢(wo) + > Helwr, wp) — > M ax + Aj 2o
k=0 k=0
N-1 N-1
= ¢(zo) + Hi(zp, wi) — )\gl'k — AZ]\}CUN + )\(7;1'0
k=0 k=0
N-1
= ¢(x0) + (Hy(zg, wy) — )\gxk) — )\]:C,xN + Agxo. (A.4)
k=0

Just like when using a constant A the following conditions need to be satisfied for the constrained
stationary point:

OIN (e ) = 0, (k=0,....N), (A.5a)
8xk
0Jx
Tw(xk,wk)—o, (k—O,,N—l), (ASb)
OIN (e 0n) = 0, (k=0,...,N). (A.5¢)
O

Equation (A.5c) turns out to be superfluous, because in this context the first two equations give enough
information to solve the constrained optimisation problem. We start with rewriting Equation (A.5a) using
the definition of the cost function defined in Equation (A.4). Fork =1,..., N — 1, we find:

oJ OH
78332 (g, w) = 7(%: (g, wr) — A\p =0,
OH
& M= W:m,wk» (A.6)

For k = N Equation (A.5a) can be rewritten as:

0Jx

=)L =o0.
Dz (xn,wn)

For k = 0 Equation (A.5a) becomes:

Dy 99
aTCO(l"o,wo) = 67:130(:60) +

B0 (xo,wo) — Ao+ Ao =0,

< Ao+ . (xo) = —87(33071110) - Ao.
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Note that this last equality holds when both sides are 0. So we add k£ = 0 to the constraint in Equation
(A.6). And we add the constraint:
o¢

A —(zg9) = 0.
0+8x0(10) 0

Using the definition of J) (xy, wy) of Equation (A.4), Equation (A.5b) can be rewrittenfork =0,... N —1:

0.7 oMy, ~
ka(xk’wk) = Wk(l’]ﬁwk) = 0

So in conclusion we find the following constraints:

¢

A+ F7 (z0) =0,
*)‘% =0,
M,
-k =0,...,N—1
Ak 81’k (x/wwk), (k 07 ) )7
OHy

—_— = = P - 1 .
Jun (@h, wi) =0, (k=0,...,N—1)

We move on to the proof of Theorem 5.1.1.

A.l. Proof of Theorem 5.1.1

Proof of Theorem 5.1.1. This proof will consist of the following steps:

1. Finding 29 and w;, that satisfy the constraints of Equations (A.3a) through (A.3d), see Subsection
A1.1.

2. Incorporating the equations found from the constraints of Equations (A.3a) through (A.3d) into
the cost function defined in Equation (5.2), see Subsection A.1.2.

3. Calculating the partial derivatives of the cost function defined in Equation (5.2) with respect to xy,
yit and y 2 to find the stationary points with respect to =, yi* and yZ, see Subsection A.1.3.

4. Finding the conditions such that the stationary points found are a minimum for x; and a maximum
for yi* and y?, see Subsection A.1.4.

A.11. Satisfying necessary conditions

Before solving the conditions of Equation (A.3) we change the Lagrange multiplier slightly. This will not
change the solution, but makes the calculations easier. We use QAﬁT“ instead of \;;1. Note that 6 is
different from 8z and 6z=. The Hamiltonian then becomes:

27,

Hi (g, wi) = Ly (vr, wi, it yP ) + (Frar + wg).

From the condition of Equation (A.3a) we obtain:

2 X
T—EPO 1(.130—.130):0.

Multiplying from the left with P, and dividing by % gives:

PoXo — (20 — #0) = 0,
& x9 = To + Po)o. (A?)
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Equation (A.3b) gives:
An =0. (A.8)

Satisfying Equation (A.3c) requires:

22X k41

0 =0.

2 —1

Multiplying from the left by Q. and dividing by % gives:

Wi = QpApy1- (A.9)
Equation (A.9) can be substituted into the process dynamics of Equation (A.1) to obtain:
i1 = Frxr + QrAit. (A.10)
The fourth condition given in Equation (A.3d) gives:
20 = 28ua — )+ 5 (TR B + 5o (P (RE) G = HP o) + G Ff dn
N = 0o = ) + 5= (HET(RE) ol = Hika) + 5 (HEY (BE) 0 — HE0) + F v
(A.11)

To move forward, we have to make an assumption. From Equation (A.7) we know that x; is a linear
function of \g, so we will assume that z;. is a linear function of ;.. Thus:

Tp = pg + Pr)g, (A.12)

forall k =0,...,N, where u; and P, are some vector and matrix to be determined, with P, given, and
the initial condition:
1o = Zo- (A.13)

This assumption may or may not turn out to be valid. Substituting Equation (A.12) into Equation (A.10)
gives:

frt1 + Popr A1 = Fepig + Fe P + QpAg41. (A.14)
Substituting Equation (A.12) into Equation (A.11) gives:

0
g O (R (0t = H G+ P)

(HZ)T (R ™ i’ — HE (1 + Pidv)),

Ao = Fif Akyr + 0Sk(un + Pedr — &1) +

0
05

(A.15a)
+

_ 0 ~ 0 _
& A — 0SpPe)y + ﬂ(H;‘)T(R,g‘) YHA P + ﬂ(H;?)T(R,f) YHE P
R R

- . 0 _ 0 _
= Fy A1 + 08k (e — &) + 57— (H)T(Re) ™ (it — Hi ) + 57— (HP )T (RE) ™ (i — Hig ),

QRA GRB
_ 0 0 5 .
S Ap == 05:P + — (HO (R HE P+ . (H)T(RY) ™ HE Pi] ™ [F Akt + 05k (i — &)
R RB
0 _ 0 _
* 0 (HOT (R (yie — Hi ) + . (HO)T(RE) ™y, — Hi )

(A.15b)
Substituting Equation (A.15b) into Equation (A.14) gives:

P11+ Pepr Ay = Frpn
—1

_ 9 0
+ Fp Py {I — 05, Py + E(H,?)T(Rﬁ)’lH,ka + T(HE)T(RE)*HEP,C X
R REB

O (P (RE) WE — HE )

0 _
S (T (R i — Hib) +
RB

[F;CTMH + 0k (. — &x) + 7
RA

+ QrAi+1-
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Bringing all terms with ;. to the left hand side gives:
Pre+1 — Frefuk

0 0
— FyPu|I - 08P, + — (HHT (R 'H{ P, + —
QRA HRB

o HEV (R ~ HE )|
RB

—1
<H5>T<R£>-1H5Pk} x

{m( e — &) + é(m VT(RY) ™ (it — H ) +

0

-1
S P (R HER E

_ 0
— Pey1+ Py [I —0S, P, + r(ng‘)T(RA) 1Hk P+ —
RA

+ Qk

Aot

(A.16)

This equation is satisfied if both sides are zero. Setting left hand side to zero gives:

9 0 -t
Prt1 = Frpp + Fi Py {I 05, Py + — (HOT (R H Py + — (HP)" (RkB)_lHkBPk:| X

Ora Ors

Oy ry (z‘é‘—H?uk)Jrég(Hf)T(Rf)_l(yf—Hfuw],

{95k(ﬂk = Zy) + O

with the initial condition given in Equation (A.13). Setting the right hand side of Equation (A.16) to zero
gives:

_ 9 B 9 _ _
Pry1 = FyPy[I — 08P, + — (HMT (R L HY (HE T (REY'HE P 'EL + Qi (AAT)

Opa Ops
We define:
- _ 0 0
Py = Pll = 08Py + o— (H)T (RE) T HE P+ 5— (H)T (R THP P (A18)
R RB
B 0 0 _ _
=[Pt (HZ)"(RY) T HP !

(HOT (R HE +
RA HRB
And we can thus write: ~
Py = By Py FE + Q. (A.19)

From Equation (A.18) we see that if P;,, Sy, and R;, are symmetric, then P, will be symmetric. We see
from Equation (A.17) that if @}, is also symmetric, then Pj.,; will be symmetric. So if Py, Q, R, and
S, are symmetric for all k, then P, and P, will be symmetric for all &. Note that Py, Q;, R) are not
necessarily covariance matrices thus the symmetry of these matrices is not automatically guaranteed.

The necessary conditions to ensure that the constraints of the optimisation problem are satisfied can
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be summarised as follows:

xo = To + PoAo, (A.20a)

Wi = QrAky1, (A.20Db)

An =0, (A.20c)

_ 0 0 -1
Mo = | — 08P, + — (HMHT (R HAP, + — (HP)T(RE)*HPP,| x
Opa Ops
~ . 0 - 0 B
|:FEAk+1 + 0Sk (e — Tr) + @(H?)T(RI?) Yyt — Hir ) + Opn HOT(RE) (i — Hlfﬂk):|7
(A.20d)
_ 0 9 -1
Piy1 = Fi. P, {1 — 05, P, + Q—(H,f)T(R;;‘)*lH,ka + 5 (H,?)T(R{f)lﬂ,fpk] EF +Qy,
RA R

(A.20e)

to = o, (A.20f)

_ 0 0 -t
Pt = Frpr + F Py [1 — 05, P, + ﬂ(H;;‘)T(R,?)*H,;“ﬂ +5— (HE)T(RE)‘lHEPk} X
R R
_ X 0 B 0 B
[esm ) g (YT (R ot = Hi) + 5 (HE YT (RE) o Hfm].

(A.20g)

The next section will incorporate the relevant conditions into the cost function of Equation (5.2).

A.1.2. Incorporating necessary conditions into cost function

In this subsection the conditions of Equation (A.20a) through Equation (A.20f) will be incorporated
into the cost function of Equation (5.2). The condition in Equation (A.209g) is used to create the H.,
algorithm.

By incorporating these conditions the condition in Equation (A.20g) is also satisfied.
Using the condition of Equation (A.20a) and (A.20f) in Equation (A.12), we see that:
Xe = Pyt (wk — ),

_ . (A.21)
/\0 = PO 1(1‘0 — $0).
We therefore obtain:
llzo — if?0||i>071 = (w0 — #0)" Py ' (z0 — Z0)
= (1;0 — JA?())TPO_TP()PO_l($0 — .fo) (A22)
=Xy PoXo
= [ Noll2,-
Therefore, Equation (5.2) can be written as:
N-1
1 . 1 1 1
I g ol X ol = (Gl s oot = H gy o~ HE 2l )|
(A.23)

Substituting the expression for z;, from Equation (A.12) into Equation (A.23) gives:
1 = 1 1
. A A
J = —5”)\0”%0 + kz_:o {Iluk + Pudi — l[3, — (5Hwk||é;1 o i — Hil (i + Pedi) [ )1

1
+ QJTBHZ/Z:B — HP (e + Pk>\k)||?Rk{3)1):|~
(A.24)
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We rewrite the term [|wy |7, as follows:
s = wi QM.
Using the condition in Equation (A.20b) for wy, gives:
||wk||Q—1 = M1 QF QL Qi1
= M1 QrAkt1
= [ Mn41llB,
Equation (A.24) can therefore be written as:
N-1 1
J = H)‘OHPO +Y {”Mk + P — 2|2, fn Tyt — Hi (e + Pude) [y
h=0 (A.25)
1 N—-1

1
- ol - HkB(uHPkAk)n%Rf)_l} IS el
k=0

Using the condition in Equation (A.20c), we can write:

N-1
0= Z/\k Pid — Z A P
k=0 =
N—-1
= A PyXo + Z M Pdk = > M Pk
k=1 k=0
N-1 —1
=AM Poro+ Y M Pesideir — D M Pedy
k=0
N-1
= Roli3, + 3 (Iwsalb,, = Il ) -
k=0

Dividing both sides by 6 gives:

N—
1
Sloll3, + 5 > (salid e = IAlE,) -
k=0

We can add this zero term from the cost function of Equation (A.25) to obtain

N-1
1
J=—=

. 1
7 H)\O”%)O + Z {Huk + Pu — :EkH%k — @Ily;f — Hlf(ﬂk + Pk‘)\k)”?R?)—l
k=0

1
= g Il = HE G P g | - ann@ (A.26)

N—
1 1
+ 5120l + 5 Z (YT P

Note that we can rewrite the matrix norm ||y + Py)x — 21 |% as follows

e + Pedi — 2x%, = (ke + Pede — 21) " Sk(pk + Pede — &1
= (pn — &) " Sk(p — 1) +

(e — &) TSP + (Pede) T Sk (pn — &1)
+ (Pu)) T Sy Py

(A.27)
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Since (PuAi) T Sk(ur — #1) € R itis equal to its transpose. Thus we find:
ik + Pude — 2xll3, = (ur — 1) " Sk — &) + 2(ux — 21) " Sk Pedi + (PeAr)T Sk Pedr. (A28)

Using similar reasoning we find:

1 1 _
g i = Hi G+ Ped) -+ = g—(uit = Hil ) (R ™ (' — H{ )
2 . 1 B
— g Wi — Hilu) TR T HE P + G NCP(HDT (B T HE P, (A299)
1 1 .
i = Hi (i, + Pdo)Epey 1 = 57— (W — Hwe) T (RE) ™ (i — Hi 1)
QRB k aRB
2 1
= g W — HP o) T(RY) T HE P+ g M PU(HP)T(RY) T HE P (A29b)

Substituting Equations (A.27), Equation (A.29a) and Equation (A.29b) into Equation (A.26) and using
that P, is symmetric gives:

1

s

{(Mk — 1) Sk (i — 1) + 2(un — 3%) T Sk Pe i + AL PSP

k=0
1 1 N
+ §A£+1(Pk+1 - Qk))\k+1 - @Afpk)\k - O rn (yfc4 - Hi?#k)T(Rﬁ) 1(9124 - Hl?ﬂk)
2 1
+ =y — H ) T(RY) T HE P, — — AT P(HMT (R HYE Py, (A.30)
eRA QRA
1 B 2 i
. (Wi — HP pe)" (RE) "yl — HP ) + @(y’? — HP )" (RE) ™ HZ Py

1
- G—AZP;C(H;?)T(RE)‘IH;?PM;C :
RB

We consider the term Af+1(Pk+1 — Qk)Ak+1 In the above expression. Substituting Py, from the con-
dition in Equation (A.20e) in this term gives:

N1 (Prr1 — Qi) Aksr = M (FePeFy, + Qi — Qi) M

~ (A.31)
= M1 Fe Py F Ay

And from Equation (A.15a) (which is equivalent to the necessary condition in Equation (A.20d)) we see
that:

- ) 0 _
Ff Xe1 = Mo — 0 (e + Pedp — &) — 7 HOT (R (it — Hi (e + Pede))
RA
, (A.32)

T s (HO)T(RY) ™ (wk — HE (e + Pe)i))-
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Substituting this expression for F' A1 into Equation (A.31) gives:

O TRy — HE e+ Ped))

Mt (Pes1 — Qi) Aes1 = [ Ak — 08k (s + Py — &) — -
R

0 T - .
3 (HZ)T(RE) ™ wi — Hi (s + Plc)\k)):| P [Ak — 08k (s + PeAe — Z)
RB
0 _ 6 _
e TR 0t~ M+ P)) = 5 (YT (RE) 0~ HE -+ Piw)|-

Rewriting the brackets and working out the transposes gives:

O P (HE)T(RE) ' HE)

. 0
M1 (Pes1 — Qi) Akg1 = [Af (I —0P.Sx + — P (HMT(RH'HY +

0 pa Ops
. 0 N 6 _ .
— (i — 21)7 Sk — @(y? — Hi' )" (R Hf - 0?5(‘”’? — HP )" (RY) 1H;§} Py x
_ 0 0 . \Ta
[Xi(f = OPeSk + 5 —Pu(H)T (R T HE + o — Po(HE) T (RE) T HE) = 0 — 1) S
R REB
0 _ 0 _ T
- 97(2/1? —Hlfuk)T(Rf) IHI? - 97(3/1? - chBﬂk)T(RkB) IHIJCB .
RA REBE
(A.33)
NotNe from Equation (A.18) that I — P, S, + %%Pk(H,f)T(R;j)‘lH,? + %%Pk(HE)T(RE)—lHE =
PkPk_l. Substituting this in Equation (A.33) gives the following:
M1 (Prg1 — Qi) Mot
- s 0 _ 4 -
= [NEPBT = Ol — 7 Se — o — ) (R — G — ) (RE)HE |
i i 9 B 0 B 4
BUNERPE — 0 = 750~ G = i) (R HE G0 — ) (RE) P

Working out the brackets gives:

0
——(yit = H )" (RY) " Hi Pude

M1 (Prr1 — Qi) M1 = ML PPy ' Pl — 0 — )" Sk P — =
R

- 923 (e — HP )" (RE) ™ HE Pudie — ONL PiSi(pu — 1) + 0 (i — &) T Sk P Sk (s, — &)

+ 65;(?!7? — H )" (R T Hi Pe Sk (pue — &) + 99;(%15 — HP )" (RP) " HP P.S), (i — )

- %Aka(H,;“)T(Rf)‘l(y;;‘ — Hi'w) + ;}:A(Mk — 1) S P (HDT (R ™ (vt — Hi'wr)

¥ 92;@,? )T (R HA BT (R — Hi)
e 0" i~ ) (RE) HP BT (R o — HL )

- %%Agpk(HI?)T(RkB)_l(ylg — HP ) + 0125 (e — @) Sk PL(HP)T (RE) N (yf — HP i)
s = H ) R HE PV (RE) 0 = HE )

g = B (RE) P P (RE) ™ 0F = B ).

(A.34)

Notice that the left hand side of the above expression is a scalar. Therefore, the right hand side must
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also be a scalar and thus every term on the right hand side must also be a scaler. The transpose of a
scalar is the scalar itself, so each term on the right hand side side is equal to its transpose. For example,
consider the second term on the right side. Since it is a scalar, we see that (u, — )7 Sy PuAr =

A Py Sy (ux — &%). Where we use that P, and S;, are symmetric. Equation (A.34) can therefore be
written as:

. ~ _ 20 _
M1 (Pit1 — Q) Met1 = AL PPy P, — 20(uk — )T Sp Pedi — @(y,ﬁ‘ — Hi )" (R ™ H Pow,
2
Opn
202 A A T AN—117ApD O - 202 B B T B\—1rrBp C© -
+ @(yk — Hi pw)” (Ry) ™ Hi PeSy (e — 1) + @(yk — Hypw)” (Ry,)™ Hy PeSk(pr — 2x)
62 _ ~ _
HT(yI? — H )" (RO HE P(HDT (R ™yt — Hi )
RA
262

HRAQRB
2

(P — HP )" (RE) " HE Py, + 0% (g — i) " S PyS (s — &)

+

(yPHy — HZ pe)"(RP) ' HE P (H)T (R ™yt — Hi p)

0
+

02 (yPHy, — HP )T (RE)  HE P (H2)T (RE) " (yf — HP ).
RB

(A.35)

Equation (A.18) can be rewritten as follows:

o i 0 ) 0 B e
Bt = (Pyll — 05,Py + @(H?)T(R?) YHi Py, + oo HA(RE)TTHE P~

_ 0 0
= [ = 08P+ 5 —(H)" ()T H{ P + 5
RA RB

. 0 _ .
= (Hi)" (Ry) ™ HE + GITB(H’?)T(R’?) LHP PPy

o 0
=PI = 0PSy + o—Po(H)T (RY) T HEE +
R

(HP)'(RE)'HE PP,

:[P,gl—HSkJr

0 _
5 DD (RE) P,

We therefore see that:
- _ 2 0
M PP P, = ML [T — 0P Sk + @Pk(H,f)T(RkA)‘lH,f + @Pk(H,f)T(RkB)_lH,f]Pk)\k

. 0
= M Py — AT PSPy + ﬂ)\f P.(HHT (R H P (A.36)
R

+

0
7 M Po(HE)T(RZ) " H P
RB
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Substituting Equation (A.36) into Equation (A.35) gives:
M1 (Pes1 — Qi) Akt
- 0 0
= M PuA\p — ONF PuSp Pe)y + Q—A{Pk(H,;“)T(R,g‘)*lH,;“PkAk + G—A;{Pk(H,?)T(RkB)*lH,?PkAk
RA RB
26

R _ 20 _ _
— 20(pk — &)" Sk Py — @(y? — Hi )" (R ™ Hf Py — @(?Jf — HP )" (RY) ™ H Py
A~ - . 262 _ 5 G X
+ 02 (s, — )" S PSSk (ke — 3x) + ﬂ(y? — Hit )" (R " H PSe (i — &)
R
20 B N\T(pB\—177B P & -
+ O (yx — Hi pe)” (Ry,)™ Hy PreSy (g — %)
02 _ - _
+ HT(yI? — Hpwe)" (RO HR Po(HOT (R ™yt — H )
RA
262 _ - _
Ornlns (yPH, — HP )" (RE) " HE Po(HNT (R (yit — Hi )
92 _ - _
+ 72 (yPHy, — HP )™ (RE) " HE P (HO) (RE) (vf — HP ).
RB

(A.37)
We substitute Equation (A.37) into Equation (A.30). In the interest of brevity, we will immediately collect
the terms and leave out the terms that are cancelled out:

-1

T = [k — &) " (Sk + 08k PuSi) (e — 1)

k=0

20 s N s )

+ On (v — Hi' )" (R~ Hi P Sy (s, — &) + O (yi' — H )" (RY) ™ H PySy (. — &)
1 0 e ian . .
b g ) (e (R P (R ™ = () ) 0 — Hi)
0 e ) .

+o— (P Hy — HP )" | 7—(RZ) HY Bo(HP)T(RY) ™ = (RO ) (v — HY )

O b

2

(y" Hy, — He )" (RY) ™ HP Py ()T (R ™ (ut — Hipaw)].

eRAeRB

A.1.3. Stationary points with respect to iy, y;' and y?

We intent to find a stationary point with respect to iy, y,g‘ and yZ. So we will take the partial derivative
of J with respect to 2, y,;“ and yZ and set them to 0. This gives us the following:

aJ L 29 o
e —2(Sk + 08k Py Sk) (x — Zx) — 0 (it = H )" (R " H PeSi
20 -
" O (P — He )" (RE) " HP PSi = 0,
a0J 20 a-1pAp G . 2 O AN—1 A D AT Ay —1 Av—1)/ A A
oy = GITA(RIC) Hj, PkSk(Mk—l’k)‘F'g}TA @(Rk) Hi Pp(Hi )" (R) ™ — (Ry) (yr — Hj; )
A
260 _ ~ _
Gy W~ HEm) T (RO THE PU(HT (R ™ =0,
a‘] 29 By—1 Bp @ - 2 9 By—1 B BN\T By—1 By—1 B B
9P = K(Rk) Hj; PkSk(Mk:—l”k)‘Fg K(Rk) Hp P(H ) (Ry)™ — (Ry) (yr, — Hy )
k B B B
20

+ (R) ™ Hy Po(Hi) (R ™ (vt — Hi ) = 0.

OpaOps
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These equations are satisfied when:

Ty = pk,
yit = Hi' (A.38)
yi = HP .

A.1.4. Type of stationary points

We of course want that &, minimises J and that y,‘f and y? maximise J. So we want the second partial
derivative of J with respect to 7 to be positive and the second partial derivative of J with respect to
y,f and y? to be negative. We calculate the second partial derivatives:

0%J - o~
W = Q(Sk + QSkPkSk) > 0,
k
0%J 2 0 _ ~ _ _
sy = o Ry OB (R — () <0,
A g
0%J 2 0 _ - _ _
55 = o 0 (RE) HE PHE) (R = (RE) ) <.
k B B

Let us first analyse the second partial derivative with respect to 2. Note that S;, is chosen such that

it is positive definite. So we conclude that g%{ is positive definite if and only if P is positive definite.
k

Thus we find:

_ - 0 _ 0 _ _
(P! =08+ (YT (BT B + 5 (HE)T (RE) P -0,
_ & 0 _ 0 _
& B =08+ g (BT (RO H + ()T (RE) T HE - 0.

We continue with analysing the second partial derivative with respect to y,f. Thus:

2( O (RO HBUHAYT (R - <Rz;‘>-1) <0,

HRA GRA
_ 0 _ ~ _
o (R - SR AP (RO
_ 0 - _
o (R 1(R£—9mePk<Hﬁ>T)<R£> o,

0 ~
& R - @H,;“Pk(H,f)T = 0.

Of course we find a similar expression as a result of setting the second partial derivative with respect
to y? to be negative definite. So in conclusion the following need to be satisfied for every time step:

_ _ 0 B 0 _
Pt =08k + —(H) (R Hyt + —— (HPZ)"(R) ™ Hy -0,
HRA HRB
0 -
R} — —H{'P(H)™ =0,
HRA
0 -
RP — Q—HEPk(H,f)T = 0.
RB

In conclusion, using Equation (A.38) in the conditions in Equation (A.20e) and Equation (A.20g), we
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find:
_ 0 0 -1
Pyy1 = Fi P, {1 — 08P, + ™ (HHT(RHTHAP, + h(H,f)T(RkB)lH,ka} Fr' +Qu,
R R
X X _ 0 - 9 B -1
T = Frdy + Fi Py, {I —08,LP;, + G—A(H,;“)T(R,ﬁ‘) YHAP, + G—B(HE)T(RE) 1H£Pk} X
R R

[ O AT RE) My — B +

9 — ~
" B (RE) (- H,fm],

QRB
with S, = LTS, L. This can be rewritten as:

Py = FL P FL + Qy,
- . 0 0 -
P, =P, {I — 05, Py + G—A(H,‘:‘)T(Rﬁ)*lH,f‘Pk + G(HE)T(RE)IHEP;C}
R REB

. ) ~| 0 _ )
Tpt1 = Pl + Fip Py {(H?)T(R?) Yy — Hidw) +

3 O Py (RE) P - H,?m].
RA

GRB

Choosing Py11 = Pyy1x; Pi = Prjis 1 = p)x gives us the Ho filter:

Prediction step:
Sy = L} SiLy,
Tpp—1 = Fr—1Tp—1)k—1
Prjp—1 = Fe—1Pr_1jp—1Fk—1 + Q1.
Update step:

Trik = Tjp—1 + Kp(yr — Hedgjp—1)

R 0
= Tpip—1 + Prpp (9RA

Py = (Ppg_y — 08k + Hi RV H) ™

_ - 0
= (Pklil — 0S5, + 0}{7

_ . 0 _ .
(R R = ) + 5= () (RE) ™ - H,?xkk_n),

-1

f (HE)T(RE)*H,?) ,

(HOT (R HE + 57—
Ops

Ky = Py Hi R

1T
. [t
— Tk|k — )
)T ()

provided that:

Py — 05, + Hy, Ry Hy = 0,

0
R} — i H{ Py (HNT =0,
RA

0
RP — THEPM,C(H,?)T = 0.
RB
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