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Abstract
The process of blending observations and numerical models is called in the environmental
sciences community, data assimilation. Data assimilation schemes produce an analysis state,
which is the best estimate to the state of the system. Error in the analysis state, which is due
to errors in the observations and numerical models, is called the analysis error. In this thesis
we formulate an expression for the analysis error as the data assimilation procedure is cycled
in time and derive results on the boundedness of the analysis error for a number of different
data assimilation schemes. Our work is focused on infinite dimensional dynamical systems
where the equation which we solve is ill-posed. We present stability results for diagonal
dynamical systems for a three-dimensional variational data assimilation scheme. We show
that increasing the assumed uncertainty in the background state, which is an a priori estimate
to the state of the system, leads to a bounded analysis error. We demonstrate for general
linear dynamical systems that if there is uniform dissipation in the model dynamics with
respect to the observation operator, then regularization can be used to ensure stability of
many cycled data assimilation schemes. Under certain conditions we show that cycled data
assimilation schemes that update the background error covariance in a general way remain
stable for all time and demonstrate that many of these conditions hold for the Kalman filter.
Our results are extended to dynamical system where the model dynamics are nonlinear
and the observation operator is linear. Under certain Lipschitz continuous and dissipativity
assumptions we demonstrate that the assumed uncertainty in the background state can be
increased to ensure stability of cycled data assimilation schemes that update the background
error covariance. The results are demonstrated numerically using the two-dimensional Eady
model and the Lorenz 1963 model.
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Chapter 1
Introduction
Making use of noisy observations and imperfect models to infer the state of a system is applicable to a wide range of scientific disciplines. The environmental sciences community call the
incorporation of observational data into numerical models to produce the best estimate to the
state of the system, data assimilation. Data assimilation methods make use of a background
state, which is an a priori estimate to the state of the system. Techniques in data assimilation take account of the uncertainty in the initial conditions, physical model dynamics and
observations by statistically weighting the influence of the prior estimate, dynamical model
and the observations. The technique of data assimilation is widely used in many fields of
science, such as numerical weather prediction (NWP), hydrology, oceanography, geophysics,
image processing, chemistry and oil reservoir modelling. Many challenges arise from blending
observational data with mathematical models in these scientific fields. The physical processes
in each of these areas are governed usually by highly complex and nonlinear dynamical models which often employ a large number of unknown system parameters. Another significant
challenge is that these dynamical systems work in spaces of very high dimension, for example
in NWP the dimension of the state space currently ranges between orders O(108 − 109 ).

The number of observations is currently between orders O(106 − 108 ) and they are often

incomplete and always contain errors. In NWP the dimension of the state space is expected
to increase as the dynamical models grow in complexity as they resolve physical processes
on finer and finer scales. Also the number of observations is expected to increase as the
atmospheric community improves its ability to observe the atmosphere.
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Since data assimilation methods deal with such high dimension, it is natural to extend
the analysis on the behaviour of data assimilation schemes into infinite dimensions to capture
the key features of large-scale systems. Using an infinite dimensional approach, one is able
to work within a framework that is best suited to analyse directly challenges that exist in
high-dimensional data assimilation methods, such as ill-posedness. Hadamard [31] postulated
that a mathematical problem is ill-posed if a solution does not exist, is not unique and/or
does not depend continuously on the observational data. In practice, the data assimilation
problem is an ill-posed problem, therefore errors in the observational data means that the
errors can be amplified in the analysis state, which is the best estimate to the state of the
system. This error in the analysis state which can be amplified, is called the analysis error.

1.1

Aims of the thesis

The task of this thesis is to investigate the instability of current data assimilation methods
using tools from regularization theory and the theory of ill-posed problems. In particular, we
study various variational and sequential data assimilation methods for a hierarchy of linear
and nonlinear dynamical systems with the task to derive general results on the behaviour of
the analysis error. Specifically, we aim to:
1. derive a general expression for the analysis error in cycled data assimilation, taking
errors in model dynamics, observations, observation operators and cumulated errors
from the previous assimilation cycle into account;
2. investigate using the regularization parameter to stabilise a class of cycled data assimilation schemes that employ static error covariances for a number of diagonal dynamical
systems such as constant model dynamics, diagonal model dynamics with respect to
the singular system of the observation operator and an observation operator that is
diagonal with respect to the eigensystem of the model dynamics;
3. derive theoretical bounds on the behaviour of the analysis error for different classes
of linear dynamical systems where the data assimilation scheme employs static error
covariances, a multiplicative update to the background error covariance and a general
update to the background error covariance;
2

4. develop results on the boundedness of the analysis error for a class of nonlinear dynamical systems, where the model dynamics are nonlinear and the observation operator is
linear;
5. demonstrate the theoretical results using a variety of numerical experiments.

1.2

Outline of the thesis

This thesis is structured as follows.
In Chapter 2 we introduce tools from functional analysis which we require to carry out
the analysis for the later chapters in this thesis. We introduce many definitions and results
for linear operators on Hilbert spaces with infinite dimensional generalisations of well known
finite dimensional results. We discuss how an operator equation is ill-posed. Finally, we
introduce one classical regularization technique from the theory of inverse problems known
as Tikhonov-Phillips regularization, which provides a well-posed solution.
In Chapter 3 we discuss two classes of data assimilation methods. Firstly, we present variational data assimilation, which is widely used operationally in many NWP centres around
the world. Specifically we introduce two variational methods, three-dimensional variational
data assimilation and four-dimensional variational data assimilation. Secondly, we introduce
sequential data assimilation and present arguably the most famous method from filtering
theory, the Kalman filter. We interpret these methods as a form of Tikhonov-Phillips regularization from the theory of inverse problems. This interpretation will guide us through the
rest of this thesis.
In Chapter 4 we formulate our linear analysis error evolution equation which identifies
terms arising from errors in the model equations, observational data, observation operator
and cumulated errors from cycling the data assimilation scheme over time. We relate this
form of the analysis error to the literature and discuss the state-of-the-art stability results
for finite and infinite dimensional linear and nonlinear dynamical systems.
In Chapter 5 we introduce two dynamical models that will be used to test the developed
theory. Firstly, we present the two-dimensional Eady model which is one of the simplest
models of atmospheric instability. Secondly we present the Lorenz 1963 model, which is a
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three dimensional system of ordinary differential equations that can exhibit chaotic behaviour.
For the Lorenz 1963 model we introduce its deterministic and its stochastic form.
In Chapter 6 we present our first theoretical results on the stability of data assimilation
schemes. Here we show that if the model dynamics are constant for all time then our stability
result will only hold when the dimension of the state space and observation space is finite. We
investigate the analysis error for two diagonal dynamical systems, where firstly the model
dynamics are diagonal with respect to the observation operator and secondly the reverse
case, where the observation operator is diagonal with respect to the model dynamics. We
show that using the regularization parameter we can achieve a stable cycled data assimilation
scheme that employs static error covariances. We present a numerical experiment for each
of the diagonal cases to illustrate the behaviour of the analysis error. We observe that the
regularization parameter must be chosen sufficiently small to keep the analysis error controlled
in each step. However, we show that if the observation operator is ill-conditioned and the
observations are noisy then the analysis error will become large again if the regularization
parameter is chosen too small.
In Chapter 7 we derive new theoretical results for linear time-invariant dynamical systems
that show the stability of cycled data assimilation schemes. We show that we can split the
state space so that there is a contraction in the error dynamics leading to a stable cycled
data assimilation scheme that employs static error covariances. We extend this result to
the case of time-varying linear model dynamics for data assimilation schemes that employ a
multiplicative update to the background error covariance. Finally, we show that a cycled data
assimilation scheme that updates the background error covariance in a general way remains
stable for all time. This result is under a number of assumptions and we demonstrate that
many of these assumptions hold for the Kalman filter. We show that if we can artificially
inflate the background error covariance for the Kalman filter then we can show asymptotic
stability in the infinite dimensional setting. We illustrate our stability results using a cycled
four-dimensional variational data assimilation scheme with a dynamical system comprised of
the two-dimensional Eady model and a general observation operator.
In Chapter 8 we extend the linear results developed in Chapter 7 to the case where the
dynamical model is nonlinear. We show that if the nonlinear model dynamics are Lipschitz
continuous and dissipative on higher spectral modes of the linear time-invariant observation
4

operator then we can obtain a sufficient stability condition. We provide new theoretical
bounds on the behaviour of the analysis error for data assimilation schemes that employ
static error covariances, a multiplicative update to the background error covariance and a
general update to the background error covariance. We illustrate the theoretical results with
a numerical experiment for both the deterministic and the stochastic Lorenz 1963 equations
using a cycled three-dimensional variational data assimilation scheme.
In Chapter 9 we summarise the work in this thesis. We present the main conclusions and
discuss open questions in this field of research. We finish by providing suggestions on further
work that could be done in this area.
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Chapter 2
Operator and spectral theory
In this chapter we introduce key results from functional analysis, that will give us the necessary tools to carry out our analysis of data assimilation schemes. The aim of this chapter
is to build the foundation for the research presented in future chapters. The majority of
our analysis developed in future chapters will take place in a Hilbert space setting which
we shall discuss. We then move onto the spectral representation of elements in a Hilbert
space. Next we introduce compact operators with a discussion on their relevance to the data
assimilation setting, and introduce linear projections onto a Hilbert space. Finally, this leads
us to the concept of a well-posed problem, which can be guaranteed using the technique of
Tikhonov-Phillips regularization.

2.1

Functional analysis

In this section we present important basic results and terminology from the field of functional
analysis. We begin introducing terminology which will be used throughout this thesis.

2.1.1

Linear algebra

The following definition is taken from [46, p.9].
Definition 2.1.1. An inner product space is a pair (X, h·, ·i) consisting of a complex (or
real) vector space, X, and a function, h·, ·i : X × X → C (or R), with the following four
properties,
6

• positivity, hx, xi ≥ 0,
• definiteness, hx, xi = 0 if and only if x = 0,
• symmetry, hx(1) , x(2) i = hx(2) , x(1) i,
• linearity, hax(1) + bx(2) , x(3) i = ahx(1) , x(3) i + bhx(2) , x(3) i,
for all x, x(1) , x(2) , x(3) ∈ X and a, b ∈ C (or R).
Now we are able to introduce a Hilbert space, which is of great importance to this work
and its definition is taken from [46, p.10].
Definition 2.1.2. An inner product space, which is complete with respect to the norm
kxk := hx, xi1/2 ,

(2.1)

for all x ∈ X, is called a Hilbert space.
We remark that a definition of complete can be found in [46, Definition 1.12]. Given two
Hilbert spaces X and Y, we denote a mapping from X into Y by, H : X → Y. The space
X is known as the domain of H. In this work we refer to X as the state space. The space Y
is known as the codomain which we call the measurement or observation space.
Here we shall summarise terminology which will be used throughout this thesis and present
the operator equation which we are interested in solving. We first remark that in this work
we will only consider real Hilbert spaces. The following definition is taken from [46, p.1].
Definition 2.1.3. Let H be an operator mapping a Hilbert space X into a Hilbert space Y.
The nullspace of H is the subspace
N (H) := {x ∈ X : Hx = 0}.

(2.2)

The range of H is the subspace
S(X) := {Hx : x ∈ X}.

(2.3)

rk(H) = dim(S(X)),

(2.4)

The rank of H is the number
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where dim denotes the dimension of a Hilbert space. The dimension of a Hilbert space X is
the largest number of linearly independent vectors in the space. Given an operator equation
Hx = y,

(2.5)

the operator H
• is injective if for any y ∈ S(X) there is a unique element x ∈ X such that (2.5) holds.
• is surjective if the codomain is equal to the range of the operator H.
• is bijective if it is injective and is surjective, that is if the inverse mapping H −1 : Y → X
exists.
A useful property is the Cauchy-Schwarz inequality which we will use in our work.
Proposition 2.1.4 (Cauchy-Schwarz). Let X be a Hilbert space. Then
x(1) , x(2)

≤ x(1) · x(2)

(2.6)

for all x(1) , x(2) ∈ X.
Proof. See Proposition 3.5 [22].
The following two definitions are taken from [46, p.10].
Definition 2.1.5. Given a Hilbert space X, two elements x(1) , x(2) ∈ X are called orthogonal
if
x(1) , x(2) = 0.

(2.7)

Two subsets X(1) and X(2) of X are called orthogonal if each pair of elements x(1) ∈ X(1) and

x(2) ∈ X(2) are orthogonal. A subset X(1) of X is called an orthogonal system if hx(1) , x(2) i = 0

for all x(1) , x(2) ∈ X(1) with x(1) 6= x(2) .

Definition 2.1.6. An orthogonal system X(1) is called an orthonormal system if kx(1) k = 1

for all x(1) ∈ X(1) . A complete orthonormal system is an orthonormal system such that there
are enough elements in the system to span the space.
In the Hilbert space setting, orthogonality leads to the Fourier series and Parseval’s
equality, which we require for our analysis in future chapters.
8

Theorem 2.1.7. Let {ϕn : n ∈ N} be an orthonormal system in a Hilbert space X. Then
the following properties are equivalent,
• each x ∈ X can be expanded in a Fourier series
∞
X
x=
hx, ϕn i ϕn .

(2.8)

• for each x ∈ X we have Parseval’s equality
∞
X
2
kxk =
|hx, ϕn i|2 .

(2.9)

n=1

n=1

• x = 0 is the only element in X with hx, ϕn i = 0 for all n ∈ N.
Proof. See Theorem 1.28 [46].

Theorem 2.1.8 (Pythagorean/Parseval). Let ϕj : j ∈ N be an orthogonal system in an
inner product space X, then

∞
X

2

ϕj

=

j=1

When the system



ϕj

∞
X

ϕj

2

.

(2.10)

j=1

is finite (2.10) degenerates to a finite sum, and is known as the

Pythagorean theorem. The infinite dimensional form is an equivalent form of (2.9).
Proof. For a finite system {ϕi } see Proposition 3.10 in [22]. For an infinite system {ϕi } we
begin with (2.9), normalising the orthogonal system
2 X
∞
∞ 
X
|hx, ϕi i|2
ϕi
2
=
x,
kxk =
.
kϕi k
kϕi k2
i=1
i=1
P
Now letting x be the orthogonal sum ∞
j=1 ϕj , we obtain
DP
E2
∞
2
∞
∞
ϕ
,
ϕ
X
X
i
j=1 j
ϕj =
2
kϕi k
j=1
i=1
=

∞
X
hϕ , ϕ i2
i

kϕi k

i=1

=

∞
X
i=1

i
2

kϕi k2 ,

(2.11)

(2.12)
(2.13)
(2.14)

using the property of orthogonality in (2.7). We complete the proof by substituting the index
i in (2.14) with j and obtain (2.10).
Having introduced fundamental properties in a Hilbert space framework, which our analysis will use, we are now able to consider bounded linear operators.
9

2.1.2

Bounded linear operators

With the following definition taken from [46, p.15], we distinguish between linear and nonlinear operators.
Definition 2.1.9. An operator H : X → Y mapping a space X into a space Y is called
linear if



H ax(1) + bx(2) = aH x(1) + bH x(2)

(2.15)

for all x(1) , x(2) ∈ X and all a, b ∈ R.

Here we introduce bounded linear operators, which leads us to the definition of operator
norms.
Definition 2.1.10. A linear operator H : X → Y from a Hilbert space X into a Hilbert
space Y is called bounded if there is a positive number C such that
kHxk ≤ Ckxk

(2.16)

for all x ∈ X.
Definition 2.1.10 is taken from [46, p.16]. The constant C in Definition 2.1.10 represents
a bound on the operator H. The smallest constant C is known as the operator norm, which
we will formally present next. Before considering the operator norm, we first introduce
important notation.
Notation 2.1.11. Let X and Y be Hilbert spaces. We will denote the set of all bounded
linear operators from X into Y by L(X, Y), and denote the set L(X, X) of all bounded linear
operators from X into X by L(X).
It is well known that properties of boundedness and continuity are equivalent for linear
operators H : X → Y from a Hilbert space X into a Hilbert space Y; see [73, Lemma 4.1]
for further details. Therefore, we can use the words bounded and continuous interchangeably
for linear operators. The following definition is taken from [73, p.98].
Definition 2.1.12. Let X and Y be Hilbert spaces and let H ∈ L(X, Y). The operator
norm of H is defined as
kHk := sup {kHxk : x ∈ X, kxk ≤ 1}.
10

(2.17)

Operator norms are important, since they bring the idea of size to linear operators. In
the following chapters, we will make extensive use of the operator norm in our estimates of
the stability of particular data assimilation schemes. Operator norms are a generalisation of
matrix norms from the finite dimensional setting; see [28] for further details. The adjoint
operator applies further structure to a Hilbert space and gives us a different concept of
invertibility.
Theorem 2.1.13. Let X and Y be Hilbert spaces and let H ∈ L(X, Y) be a bounded linear

operator. Then there exists a unique linear operator H ∗ ∈ L(Y, X) such that
hHx, yi = hx, H ∗ yi

(2.18)

for all x ∈ X and y ∈ Y. We call the operator H ∗ the adjoint of the operator H where

kH ∗ k = kHk.

Proof. See Theorem 4.9 [46].
In the real finite dimensional case the adjoint operator is equivalent to the matrix transpose for a Euclidean inner product; see [28] for further details on the matrix transpose.
Self-adjoint operators are useful and we explore their properties in Section 2.2. The following
definition is taken from [46, p.272].
Definition 2.1.14. Let X be a Hilbert space and H ∈ L(X). H is called self-adjoint if
H = H ∗ such that

Hx(1) , x(2) = x(1) , Hx(2)

(2.19)

for all x(1) , x(2) ∈ X.
Self-adjoint operators generalise Hermitian matrices from the finite dimensional setting;
see [28] for further details on Hermitian matrices. Before introducing the inverse operator, it
is necessary to define operator products and necessary notation. The following definition is
taken from [73, p.106].
Definition 2.1.15. Let X and Y be Hilbert spaces and M ∈ L(X) and H ∈ L(X, Y). The
composition H ◦ M of H and M will be denoted HM , and called the product of H and M .
11

Notation 2.1.16. Let X be a Hilbert space and let M ∈ L(X). The product of M with
itself n times will be denoted by M n .

The following definition is taken from [73, p.109].
Definition 2.1.17. Let X and Y be Hilbert spaces. An operator H ∈ L(X, Y) is said to
be invertible if there exists J ∈ L(Y, X), such that JH = IX , HJ = IY , where IX and IY
are the identity operators in the respective spaces. It is conventional to denote the inverse
J ∈ L(Y, X) by H −1 .
Here we have introduced the inverse operator, which will be used to solve (2.5). However,
as we will see in Section 2.3, it is not possible in general to simply apply the inverse operator
to (2.5).
We now introduce the condition number. The condition number is a key measure in
numerical analysis that determines the sensitivity of the solution of an operator equation to
errors in the data. We will discuss the condition number further in Section 2.3 and in future
chapters in numerical experiments. The following definition is taken from [46, p.248].
Definition 2.1.18. Let X and Y be Hilbert spaces and let H ∈ L(X, Y) with a bounded
inverse H −1 ∈ L(Y, X). Then

κ(H) := kHk · H −1

(2.20)

is called the condition number of H.
In future chapters, we will make use of the following results.
Lemma 2.1.19. If X, Y and Z are Hilbert spaces and H (1) ∈ L(X, Y), H (2) ∈ L(Y, Z) are
invertible, then H (2) H (1) is invertible with inverse H (1)−1 H (2)−1 .

Proof. See Lemma 4.35 [73].
Lemma 2.1.20. Let X and Y be Hilbert spaces.
(a) If M, N ∈ L(X) then M + N ∈ L(X) and
kM + N k ≤ kM k + kN k .
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(2.21)

(b) If c ∈ R and M ∈ L(X) then cM ∈ L(X) and
kcM k = |c| · kM k .

(2.22)

(c) If H ∈ L(X, Y) and M ∈ L(X) then HM ∈ L(X, Y) and
kHM k ≤ kHk · kM k .

(2.23)

Proof. See Proposition 1.2 [14].
The following definition is taken from [27, p.49].
Definition 2.1.21. A sequence (an ) is bounded if there exists numbers m(1) , m(2) ∈ R such
that m(1) ≤ an ≤ m(2) for all n.
We finish this section with a key property in operator theory, which is taken from [73,
p.205].
Definition 2.1.22. Let X and Y be Hilbert space. An operator H ∈ L(X, Y) is compact
if, for any bounded sequence (xn ) in X, the sequence (Hxn ) in Y contains a convergent
subsequence.
Compact operators arise when solving operator equations. Here we now introduce the
Hilbert-Schmidt operator, which we will use in subsequent chapters for our norm estimates.

2.1.3

Hilbert-Schmidt operator

One class of compact operators which has an interesting property is the Hilbert-Schmidt
operator. The following definition is taken from [85, p.326].
Definition 2.1.23. Let M ∈ L(X) be a linear operator on a Hilbert space X and {ϕi : i ∈ N},

ψ j : j ∈ N a pair of complete orthonormal systems. M is called a Hilbert-Schmidt operator

if the following norm is finite,
2

kM k =

∞
X
i=1

2

kM ϕi k =

∞ X
∞
X
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i=1 j=1

M ϕi , ψ j

2

.

(2.24)

The interesting property of the Hilbert-Schmidt operator is that its definition is independent of the choice of orthonormal system. This is reflected in the following theorem, which
we will use in subsequent chapters.
(1)

Theorem 2.1.24. Let X be a Hilbert space and let {ϕi

(2)

: i ∈ N} and {ϕi

: i ∈ N} be

complete orthonormal systems for X. Then for a Hilbert-Schmidt operator M ∈ L(X),
∞
X
i=1

(1)
M ϕi

2

=

∞
X

(2)

M ϕi

2

.

(2.25)

i=1

Hence the norm of the Hilbert-Schmidt operator is independent of the orthonormal system.
Proof. See Theorem 7.16 [73].
We next consider projection operators, which will be useful in our analysis.

2.1.4

Projections

We now introduce projection operators. These are important since we will project elements
onto particular subspaces in our work. In order to introduce the subsequent projection
result, we require the definitions of complementary subspaces and projection operators. The
following two definitions are taken from [73, p.155].
Definition 2.1.25. Let X be a Hilbert space. Then two subspaces X(1) , X(2) ⊂ X are called

complementary if X = X(1) ⊕X(2) , such that if for any x ∈ X there is a unique decomposition
of the form
x = x(1) + x(2) ,

(2.26)

where x(1) ∈ X(1) and x(2) ∈ X(2) .
Definition 2.1.26. Let X be a Hilbert space. A projection on X is a linear operator
P ∈ L(X) such that P 2 = P .
Now we are able to present the following result, which we will require to decompose our
state space in future chapters.
Lemma 2.1.27. Suppose X(1) , X(2) are complementary subspaces in a Hilbert space X and
let P1 : X → X(1) , P2 : X → X(2) be linear operators, such that
P1 x = x(1) , P2 x = x(2) ,
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(2.27)

for x ∈ X, where x(1) and x(2) satisfy (2.26). Then P1 and P2 are projections on X and
P1 + P2 = I.
Proof. See Lemma 5.61 [73].
In our work we will be concerned with orthogonal projection operators and their definition
is taken from [73, p.194].
Definition 2.1.28. Let X be a Hilbert space. An orthogonal projection on X is an operator
P ∈ L(X) such that

P = P ∗ = P 2.

(2.28)

The following result demonstrates the representation of orthogonal projection operators.
Corollary 2.1.29. If X is a Hilbert space, X(1) is a closed linear subspace of X, {ϕ1 , . . . , ϕn }

is a complete orthonormal system for X(1) , where n is a positive integer or ∞, and P is the
orthogonal projection of X onto X(1) , then
Px =

n
X
i=1

hx, ϕi i ϕi .

(2.29)

Proof. See Lemma 6.53 [73].
Positive and strictly positive operators in a Hilbert space have useful properties, some of
which we will require in this work. The following definition is taken from [17, p.69]
Definition 2.1.30. Let X be a Hilbert space. A positive operator is a self-adjoint operator
H ∈ L(X) such that
hHx, xi ≥ 0

(2.30)

for all x ∈ X. A positive operator is called strictly positive if
hHx, xi = 0

(2.31)

only if x = 0. We call a sequence of self-adjoint operators Hk ∈ L(X) uniformly strictly
positive if there exists a constant a > 0, such that
hHk x, xi ≥ akxk2
for all x ∈ X and k ∈ N.
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(2.32)

Lemma 2.1.31. Let X be a Hilbert space. If H ∈ L(X) is a positive operator then there
exists a positive constant a > 0 and a constant b ≥ 0, such that
akxk2 ≥ hHx, xi ≥ bkxk2

(2.33)

for all x ∈ X. If H is strictly positive then b > 0 and in this case H has a bounded inverse

H −1 , such that

1
1
kxk2 ≥ H −1 x, x ≥ kxk2
b
a

(2.34)

for all x ∈ X.
Proof. See [17, p.70].
In the following chapters we will require the square root of an operator.
Theorem 2.1.32. Let X be a Hilbert space and let H ∈ L(X) be a positive operator. Then
there exists a unique positive square root H 1/2 ∈ L(X), such that
H 1/2 H 1/2 = H.

(2.35)

Proof. See Theorem 23.2 [3].
We now explore spectral theory for compact operators, which is important since we will
analyse in Chapter 6 the data assimilation schemes in Chapter 3 spectrally.

2.2

Spectral theory

In this section, we introduce important results on the underlying structure of operators acting
on Hilbert spaces. We first introduce the spectrum and the spectral radius of a bounded linear
operator. Here we also consider the singular system of a compact linear operator on a Hilbert
space.

2.2.1

Spectral representation

In this thesis we use the spectrum of bounded linear operators. The following definition is
taken from [46, p.35].
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Definition 2.2.1. Let X be a Hilbert space and let H ∈ L(X). Then λ ∈ C is called an
eigenvalue of H if there exists an element x ∈ X, such that
Hx = λx,

(2.36)

where x 6= 0. Here x is known as an eigenelement. A complex number λ is called a regular

value of H if the resolvent operator of H, (λI − H)−1 ∈ L(X). We call the set of regular

values of H the resolvent set. The complement of the resolvent set is called the spectrum
σ(H) of H, and the constant
r(H) := sup |λ|

(2.37)

λ∈σ(H)

is called the spectral radius of H.
Two useful result from spectral theory, which we will use in later chapters, are as follows.
Theorem 2.2.2. Let X be a Hilbert space and let H ∈ L(X) be a self-adjoint compact linear
operator (where H 6= 0). Then the spectrum σ(H) = {0} ∪ {λn } where λn are distinct real
nonzero eigenvalues of H. There exists a complete orthonormal system of eigenelements
corresponding to eigenvalues of H.
Proof. Theorem 7.44 [25].
Theorem 2.2.3. The spectral radius of a bounded self-adjoint operator H satisfies
r(H) = kHk.

(2.38)

If H is compact then there exists at least one eigenvalue with |λ| = kHk.
Proof. Theorem 15.11 [46].
In the following chapters, we will represent our data assimilation scheme in accordance
with the following result.
Theorem 2.2.4. Let X be a Hilbert space and let H ∈ L(X) be a self-adjoint compact linear
operator (where H 6= 0). Then all eigenvalues of H are real. H has at least one eigenvalue
different from zero and at most a countable set of eigenvalues accumulating only at zero. All
nullspaces N (λI − H) for nonzero eigenvalues λ have finite dimension and nullspaces of
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different eigenvalues are orthogonal. Assume the sequence (λn ) of the nonzero eigenvalues to
be ordered such that
|λ1 | ≥ |λ2 | ≥ |λ3 | ≥ . . . .

(2.39)

Let the sequence of eigenvalues (λn ) be repeated according to the dimension of the nullspace
N (λn I −H). Then there exists a sequence (ϕn ) of corresponding orthonormal eigenelements,
such that
Hx =

∞
X

λn hx, ϕn i ϕn

(2.40)

hx, ϕn i ϕn + Qx

(2.41)

n=1

and
x=

∞
X
n=1

for each x ∈ X where Q : X → N (H) denote the orthogonal projection operator onto the
nullspace N (H). We call each system (λn , ϕn ), n ∈ N, the eigensystem of H.
Proof. Theorem 15.12 [46].
We now consider the singular system of a compact linear operator.

2.2.2

Singular system

In this work we will need the singular values of a compact operator. The definition of a
singular value is taken from [46, p.277].
Definition 2.2.5. Let X and Y be Hilbert spaces, H ∈ L(X, Y) be a compact linear

operator, and H ∗ ∈ L(Y, X) be its adjoint. The non-negative square roots of the eigenvalues

of the positive self-adjoint compact operator H ∗ H ∈ L(X) are called the singular values of
H.
We will carry out our analysis of the data assimilation scheme spectrally, and require the
following decomposition, which is known as the singular value decomposition.
Theorem 2.2.6. Let (µn ) denote the sequence of the positive singular values of the compact
linear operator H (where H 6= 0) ordered such that
µ1 ≥ µ2 ≥ µ3 . . .
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(2.42)

and repeated according to the dimension of the nullspaces N (µ2n I − H ∗ H). Then there exists
orthonormal sequences (ϕn ) in X and (gn ) in Y such that,
H ∗ gn = µn ϕn ,

Hϕn = µn gn ,

(2.43)

for all n ∈ N. For each x ∈ X we have the following singular value decomposition,
x=

∞
X
n=1

hx, ϕn i ϕn + Qx,

(2.44)

with the orthogonal projection operator Q : X → N (H) and
Hx =

∞
X
n=1

µn hx, ϕn i gn .

(2.45)

We call each system (µn , ϕn , gn ), n ∈ N, with these properties, the singular system of H.
Proof. See Theorem 15.16 [46].
The singular value decomposition also applies to the finite dimensional setting, where
the infinite sums in (2.44) and (2.45) degenerate into finite summations; see [45] for further
details. The following result will be useful when we carry out the norm estimates in the
following chapters.
Theorem 2.2.7. Let H ∈ L(X, Y) be a compact operator. Then given the singular system
(µn , ϕn , gn ), n ∈ N of H we have
2

kxk =

∞
X
n=1

and
kHxk2 =
for all x ∈ X. Furthermore

|hx, ϕn i|2 + kQxk2
∞
X

(2.46)

µ2n |hx, ϕn i|2

(2.47)

kHk = sup kHxk = µ1 .

(2.48)

n=1

kxk=1

Proof. See Theorem 15.17 [46].
We now move to the final section in this chapter, where we introduce the concept of a
well-posed problem.
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2.3

Well-posedness

In this section we introduce the concept of a well-posed problem. When solving operator
equations, it is important to check that the equation satisfies certain properties. If these
properties are not satisfied, then the operator equation might not be be physically relevant
to the process it is modelling. We now consider the aspect of a well-posed problem.
In 1923 Jacques Hadamard defined what is known as a properly-posed or well-posed
problem. This consisted of three properties which must be satisfied, see [42]:
1. There exists a solution to the problem (existence).
2. There is at most one solution to the problem (uniqueness).
3. The solution depends continuously on the data (stability).
If a problem does not satisfy at least one of these condition, it is known as ill-posed [31].
We now present a formal definition of a well-posed problem. This definition is taken from
[46, p.266].
Definition 2.3.1. Let X and Y be Hilbert spaces and let H : X(1) → Y(1) be an operator
from X(1) ⊂ X into Y(1) ⊂ Y. The operator equation,
Hx = y

(2.49)

is called well-posed if H is bijective and the inverse operator H −1 : Y(1) → X(1) is continuous.
With this understanding of ill-posed problems, we can now present a fundamental theorem, which demonstrates when the operator equation is ill-posed.
Theorem 2.3.2. Let X and Y be Hilbert spaces and H ∈ L(X, Y) be a compact operator.
If X has infinite dimension then H cannot have a bounded inverse and the operator equation
is ill-posed.
Proof. See Corollary 7.7 [73] or Theorem 15.4 [46].
As we have seen in Theorem 2.3.2, compact operators in an infinite dimensional setting
cannot have a bounded inverse. This lack of boundedness in the inverse operator leads to an
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ill-posed operator equation. It is well known that the singular values of an injective compact
linear operator decay to zero, such that µn → 0 as n → ∞ [46]. The singular values will not
decay to zero for a finite dimensional injective linear operator, although they might be very
close to zero. The condition number from Definition 2.1.18 will be very large for an operator
with singular values that lie close to zero [45], [46]. An operator with a large condition
number is called ill-conditioned. When numerically solving an operator equation by matrix
inversion, an ill-conditioned matrix will affect the numerical results. In numerical analysis
the condition number can be seen as a measure of stability for linear operator equations.
There exists methods that provide stable approximates to an ill-posed operator equation.
These are called regularization methods, which we now consider.

2.3.1

Regularization

Many regularization methods have been developed. However, we shall only introduce arguably the most famous, Tikhonov-Phillips regularization named after Andrey Tikhonov and
David Phillips.
Theorem 2.3.3 (Tikhonov-Phillips regularization). Let H ∈ L(X, Y) be a compact operator.
Then for each parameter α > 0 the operator αI + H ∗ H ∈ L(X) is bijective and has a bounded

inverse. Furthermore, if H is injective then
Rα := (αI + H ∗ H)−1 H ∗

(2.50)

√
describes a regularization scheme with kRα k ≤ 1/(2 α). We call the operator Rα the
Tikhonov-Phillips inverse of H and the parameter α the regularization parameter. In the
finite dimensional setting for an invertible operator H as α → 0 then Rα = H −1 .
Proof. See Theorem 15.23 [46].
Here Tikhonov-Phillips regularization shifts the eigenvalues of H ∗ H away from zero by
the regularization parameter α. This means that the problem is no longer ill-posed in the
infinite dimensional setting, or ill-conditioned in the finite dimensional setting. Of course,
replacing the unbounded inverse operator with this Tikhonov-Phillips family of bounded
inverses, means that we are not solving the original operator equation in (2.5). Instead we
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solve a slightly different problem. However, we are able to solve it now correctly. This
of course incurs an error, which is dependent on how far we shift the eigenvalues of H ∗ H.
We shall discuss this further in future chapters. We now present another formulation of
Tikhonov-Phillips regularization, which is considered as a penalised residual minimisation,
that we will parallel to the data assimilation algorithms introduced in Chapter 3.
Theorem 2.3.4 (Tikhonov-Phillips regularization). Let H ∈ (X, Y) be a compact linear

operator and let α > 0 be the regularization parameter. Then for each y(1) ∈ Y there exists
a unique element x̃ ∈ X such that
Hx̃ − y(1)

2

+ α kx̃k2 = inf

x(1) ∈X

n

Hx(1) − y(1)

2

+ α x(1)

2

o

.

(2.51)

The minimiser x̃ is given by the unique solution of the equation
αx̃ + H ∗ Hx̃ = H ∗ y(1)

(2.52)

and depends continuously on y(1) .
Proof. See Theorem 16.1 [46].
The equation in (2.52) is known as the normal equation. We will explore the impact
of Tikhonov-Phillips regularization and its association with the data assimilation schemes,
which we consider in the following chapters.

2.4

Summary

In this chapter we have introduced key definitions and theorems, which we shall use throughout this thesis. We began with important aspects from functional analysis, which led to
the spectral approach in a Hilbert space setting. We finished this chapter introducing wellposedness, and how it can be ensured with regularization methods. Our main focus was to
provide the necessary tools with which to carry out the analysis in the following chapters.
In the next chapter we will introduce popular data assimilation schemes and show their link
with Tikhonov-Phillips regularization.
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Chapter 3
Data assimilation schemes
In this chapter we introduce two variational data assimilation methods and one sequential
data assimilation method. These different approaches are widely used in many areas of science. We demonstrate how these methods are a form of Tikhonov-Phillips regularization,
which we introduced in Chapter 2. We shall begin with a brief introduction to data assimilation and its applications in the NWP community.

3.1

Data assimilation

The process of data assimilation is the incorporation of observational data into a numerical
model to produce a model state. This model state gives the most accurate depiction of the
observed reality. In the data assimilation community we call this model state the analysis. In
many areas of science, in particular NWP, the analysis can be used with a numerical model
to produce a forecast of the state of the system.
Mathematically, we can interpret the data assimilation task for a linear time-invariant
(a)

observation operator, as seeking the analysis xk at every assimilation step k ∈ N0 to solve
an operator equation
(a)

Hxk = yk ,

(3.1)

where yk represents the measurements, and H is a mapping from the state space into the
measurement space. In this work we will assume that our observation operator H is compact.
This is an adequate mathematical assumption since operators associated with remote sensing
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measurements are compact; see [71] and [49]. It has long been known that the problem
of solving operator equations is ill-posed; see [46] and [73]. Here we work with compact
operators to represent an ill-posed operator equation in a classical mathematical framework.
We present a formal definition of the data assimilation task.
Definition 3.1.1. Given observations yk ∈ Y at times k then the data assimilation task
for a linear time-invariant observation operator is to determine the states xk ∈ X from the
operator equation
Hxk = yk ,

(3.2)

for k ∈ N.
Here we remark that H, which is known as the observation operator, is assumed for
the majority of this work to be a compact time-invariant linear operator, H ∈ L(X, Y).
Also we consider linear and nonlinear time-varying model dynamics denoted by Mk and
Mk respectively. The absence of the time index k shall denote a time-invariant linear and
nonlinear model operator. In data assimilation we also employ knowledge from some given
(b)

prior or background state xk .
It is important to discuss our mathematical approach in this work. From Definition 3.1.1
we interpret the data assimilation task as solving an operator equation. However, the data
assimilation problem can be introduced from a Bayesian viewpoint, where one combines
prior knowledge (background) of the state of the system with a likelihood, to produce a
posterior estimate to the state of the system. In data assimilation the likelihood arises from
the probability density function (PDF) of the errors in the observations. Further details on
data assimilation from a Bayesian perspective can be found in [47]. In this work we provide
deterministic analysis of data assimilation schemes which aim to solve an operator equation,
in accordance with Definition 3.1.1. Results on analysing data assimilation schemes from a
stochastic perspective can be found in [79].
In this research we focus on practical methods which can be successfully applied in operational NWP centres. Many approaches have been developed in science to estimate the
state of the system. However, most of these are limited because of the difficulties to make
operational for weather forecasting. Monte Carlo methods, such as the particle filter are
not yet practical in NWP since the dimension of the state space means that a large number
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of particles are required to produce a posterior PDF. Currently this is not computationally
feasible. Further details on Monte Carlo methods can be found in [41] and results on particle
filters in the field of geophysical sciences can be found in [83] and [84]. We later explore in
Section 3.1.2 the problem of computing matrix operations in a high-dimensional setting. This
is a major challenge that the NWP community would face when trying to implement one
particular sequential data assimilation method. First we present an introduction to a popular
class of data assimilation methods used operationally in NWP, variational data assimilation.

3.1.1

Variational data assimilation

In the 1980’s, variational data assimilation methods appeared in the NWP community. The
UK Meteorological Office was the first operational NWP centre to propose the variational
data assimilation method of three-dimensional variational data assimilation (3DVar) in 1986
[50]. However, 3DVar did not become operational in NWP centres until the 1990’s; see [16]
and [51] for further details.
In this section we will present the data assimilation method of 3DVar under the following
assumption.
Assumption 3.1.2. The observation operator H ∈ L(X, Y) is a linear time-invariant operator. The model dynamics Mk : X → X is a discrete time-varying nonlinear operator.
We remark that the 3DVar method can be defined for a more general setting than Assumption 3.1.2. Under the assumptions in Assumption 3.1.2, the objective of 3DVar is to
minimise the following functional,
J (3D) (xk ) := J (b) + J (o)
E


D
(b)
(b)
−1
xk − xk , xk − xk
= B
+ R−1 (yk − Hxk ) , yk − Hxk

ℓ2

ℓ2

,

(3.3)

with respect to xk for an ℓ2 inner product, where the resultant minimiser to the functional in
(a)

(3.3) is the analysis xk . The 3DVar functional in (3.3) is then subject to the discrete-time
evolution


(b)
(a)
xk+1 = Mk xk ,
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(3.4)

for k ∈ N0 , in accordance with Definition 3.1.1. In NWP the background state at k = 0 can
come from a previous forecast or climatological data. Since we observe measurements in a
different space to the state space, we need an operation that passes from X into Y. This is
represented by the operator H : X → Y which maps elements in the state space X, into the
measurement space Y. Finally, all data assimilated into the scheme is uncertain. Therefore,
we have weights B : X∗ → X and R : Y∗ → Y which represent our uncertainty in the
background state and observations respectively. Here X∗ and Y∗ respectively denote the dual

spaces of X and Y. The dual space is defined as a space of all continuous linear functionals
on a vector space; see [46] for further details on the dual space. Since we restrict our
analysis to the Hilbert space framework, which is reflexive by construction, the background
and observation weights map B : X → X and R : Y → Y. Under the assumption that
the errors on both the background state and the observations come from some probability
distribution, then we can construct these weights to be covariances of these errors. If the
noises are modelled as Gaussian then from a Bayesian perspective it is natural to choose the
weights as covariance operators. In the finite dimensional setting, such that X = Rn and
Y = Rm , the weights B ∈ Rn×n and R ∈ Rm×m are covariance matrices, see [20, p.38] for
further details. In an infinite dimensional setting, for Hilbert space X and Y, the weights
B ∈ L(X) and R ∈ L(Y) are covariance operators, see [79] for further details.
In operational NWP centres, the process of data assimilation is repeated over time to
assimilate more and more measurements. Therefore, we can consider this approach of repeating 3DVar as cycling the data assimilation scheme, which we present in the following
definition.
(b)

Definition 3.1.3. Let Assumption 3.1.2 hold. Given an initial background state x0 at time
t0 . Cycled 3DVar is defined as follows:
For k = 0, 1, . . .
(a)

1. Analysis step. Using the observation yk calculate an analysis xk at time k by minimising the functional in (3.3).
(b)

2. Forecast step. Using the model dynamics Mk , calculate the background state xk+1 at
time k + 1 using (3.4).
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The analysis step in Definition 3.1.3 can also be performed using other data assimilation
schemes such as four-dimensional variational data assimilation, which we now present.
Towards the end of the 1990’s four-dimensional variational data assimilation (4DVar)
appeared operationally in the data assimilation community; see [68] for further details. The
objective of strong-constraint 4DVar is to minimise a functional over an assimilation window
of size L, with respect to the state element xk̂,0 located at the start of each assimilation
(a)

window k̂. The resultant minimiser to the functional in (3.5) is the analysis xk̂,0 . For clarity,
we remark that the index k̂ represents the assimilation cycle. Observations yk̂,l in 4DVar
are located at discrete observation times l where l = 1, . . . , L, each with error covariances
Rl , within an assimilation cycle k̂. We adopt the notation k̂ in order to not clash with the
previous notation for assimilation time. In 4DVar assimilation time refers to an assimilation
window L over which observations are assimilated, whereas in 3DVar assimilation time refers
to only assimilating observations at time k.
We will present the data assimilation method of 4DVar under the following assumption.
Assumption 3.1.4. The observation operator H ∈ L(X, Y) is a linear time-invariant operator. The model dynamics Mk̂ : X → X is a nonlinear time-varying operator.
We remark that the 4DVar method can be defined for a more general setting than Assumption 3.1.4. Under the assumption in Assumption 3.1.4 the 4DVar functional is as follows,


(b)
(o)
J (4D) xk̂,0 := Jk̂,0 + Jk̂,L:1
E


D
(b)
(b)
= B −1 xk̂,0 − xk̂,0 , xk̂,0 − xk̂,0

ℓ2

+

L D
X
l=1

E


.
Rl−1 yk̂,l − Hxk̂,l , yk̂,l − Hxk̂,l
ℓ2

(3.5)

(a)

As we see, 4DVar seeks an analysis xk̂,0 at the beginning of each assimilation window. Then
the next background state at assimilation cycle k̂ + 1 is obtained using the model dynamics
such that,
(b)
xk̂+1,0



(a)
= Mk̂ xk̂,0 .

(3.6)

The 4DVar functional in (3.5) is subject to the discrete-time evolution
 
xk̂,l+1 = Mk̂,l+1:l xk̂,l ,
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(3.7)

for k̂, l ∈ N0 . Again for clarity, the index k̂ in Mk̂,l+1:l (·) represents the assimilation cycle,
and l + 1 : l represents the transition between discrete points l and l + 1. We can see that
4DVar considers measurements across an assimilation window, and seeks to find an analysis at
the start of the assimilation window, which when mapped forward using the model dynamics,
best fits through the data across the assimilation window. Reformulating the problem, we are
able to display (3.5) in a similar form to (3.3), which will be important to connect both with
Tikhonov-Phillips regularization. We store all observations across the assimilation window
in a new vector as follows,



yk̂,1



 yk̂,2
ŷk̂ := 
 ..
 .

yk̂,L






.




(3.8)

We redefine the observation operator to include compositions with the possibly nonlinear
model dynamics operator Mk̂ as follows,



HMk̂,1:0


 HMk̂,2:0
Ĥk̂ := 

..

.

HMk̂,L:0










(3.9)

and we redefine the observation error covariance operator as follows


R1






R2

.
R̂ := 

...




RL

(3.10)

Using (3.8), (3.9) and (3.10), we can rewrite (3.5) as follows,

E


 D

(b)
(b)
J (4D) xk̂,0 = B −1 xk̂,0 − xk̂,0 , xk̂,0 − xk̂,0
ℓ2
D


E
+ R̂−1 ŷk̂ − Ĥk̂ (xk̂,0 ) , ŷk̂ − Ĥk̂ (xk̂,0 ) ,
ℓ2

(3.11)

subject to (3.6). Further details for rewriting 4DVar in the form of (3.11) can be found in [36]
in the finite dimensional setting. Here we now see the similarity between (3.3) and (3.11).
However, for a nonlinear model operator Mk̂ , the functional in (3.11) has now a nonlinear
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term Ĥk̂ . For a linear model operator Mk̂ we shall write Ĥk̂ instead of Ĥk̂ . We are now able
to consider cycling 4DVar, in a similar way to cycling 3DVar in Definition 3.1.3.
However, since the nonlinear model dynamics Mk̂ is dependent on k̂ this means that the
operator Ĥk̂ as defined in (3.9) is time-varying. This means that we are unable to connect
4DVar with cycled Tikhonov-Phillips regularization that we will introduce in Section 3.1.3.
Instead we will make the following assumption for the 4DVar method.
Assumption 3.1.5. The observation operator H ∈ L(X, Y) is a linear time-invariant operator. The model dynamics M ∈ L(X) is a linear time-invariant operator.
Under the assumptions in Assumption 3.1.5 (3.11) becomes
E


 D

(b)
(b)
J (4DLIN ) xk̂,0 = B −1 xk̂,0 − xk̂,0 , xk̂,0 − xk̂,0
ℓ2
D


E
+ R̂−1 ŷk̂ − Ĥ(xk̂,0 ) , ŷk̂ − Ĥ(xk̂,0 ) ,
ℓ2

where



(3.12)



HM




 HM 2 
.
Ĥ := 


..


.


HM L

(3.13)

We can minimise the functional in (3.12) to seek an analysis, then we use the linear
time-invariant model dynamics M L to calculate a background state at the next assimilation
window. Therefore, cycling 4DVar means that we cycle over the assimilation windows k̂.
Both data assimilation algorithms, 3DVar and 4DVar introduced here employ no update to
the background error covariance operator. However, one such algorithm that does make use
of an updated background error covariance operator is the Kalman filter. We now explore
the Kalman filter, which is a sequential data assimilation algorithm.

3.1.2

The Kalman filter

The Kalman filter [40], [21] as introduced by Rudolf E. Kalman in 1960, differs from the
variational approach in the way it includes information from previous observational data.
3DVar assimilates present observations and 4DVar considers observations over an assimilation window. Now we consider a sequential approach; the Kalman filter which includes
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information from past measurements in the update covariance operators. There exist many
different versions of the Kalman filter. Here we only consider the linear Kalman filter which
applies to our theory developed later in this thesis. In this work we do not consider the
extended Kalman filter [47] which is a nonlinear extension to the linear Kalman filter. We
will introduce the standard discrete Kalman filter under the following assumption.
Assumption 3.1.6. The observation operator is a linear time-invariant observation operator
H ∈ L(X, Y). The model dynamics is a linear time-varying operator Mk ∈ L(X).
We remark that the Kalman filter can be defined for a more general setting than Assumption 3.1.6.
(b)

Definition 3.1.7. Let Assumption 3.1.6 hold. Let x0 be an initial background state with
(b)

error covariance B0 . Let yk be a set observations with error covariance Rk for all time
k ∈ N0 . Let Mk : X → X be a modelled linear model operator such that
(t)

(t) (t)

Mk xk = Mk xk + ζ k+1 ,
(t)

(3.14)

(t)

where t in xk and Mk denotes the true state and operator respectively, and ζ k+1 represents
the model error with error covariance Qk , for all time k ∈ N0 . Then the Kalman filter under
the assumption of a linear time-invariant observation operator H ∈ L(X, Y) is as follows:
For k = 0

−1
(b)
(b)
K0 = B0 H ∗ HB0 H ∗ + R0
,


(a)
(b)
(b)
x0 = x0 + K0 y0 − Hx0 ,

(3.15)
(3.16)

and
(a)

(b)

B0 = (I − K0 H) B0 .

(3.17)

Then for k = 1, 2, . . .
1. Forecast the analysis to obtain a new background state,
(b)

(a)

xk = Mk−1 xk−1 .
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(3.18)

2. Update the background error covariance,
(b)

(a)

∗
Bk = Mk−1 Bk−1 Mk−1
+ Qk .

(3.19)

3. Calculate a new observer (Kalman) gain

−1
(b)
(b)
Kk = Bk H ∗ HBk H ∗ + Rk
,

(3.20)

where H ∗ is the adjoint of the operator H.
4. Update the state estimate using the measurements,


(a)
(b)
(b)
xk = xk + Kk yk − Hxk .

(3.21)

5. Update the analysis error covariance,
(a)

(b)

Bk = (I − Kk H) Bk .

(3.22)

The Kalman filter differs from 3DVar and 4DVar in many ways. Most importantly, it
provides a framework to update the background error covariance operator over time. In
operational NWP this update in (3.19) is computationally not feasible. Currently in NWP
the dimension of the state space ranges between orders of O(108 − 109 ), therefore it is not
possible to compute (3.19). Despite this, many current data assimilation algorithms popular
in the NWP community use the approach of Kalman filtering with ensembles; see [47] for
data assimilation schemes in this direction. Therefore, it is important to study the original
Kalman filter in Definition 3.1.7, since it has practical relevance to the NWP community.
We also note that ensemble Kalman filtering is more general than the Kalman filter because
it accounts for nonlinear model dynamics. Furthermore, there is a nonlinear extension to
the Kalman filter, which is known as the extended Kalman filter. Details on the extended
Kalman filter can be found in [47]. However, in this work we will only study the Kalman
filter as introduced in Definition 3.1.7.
To streamline the presentation we now present cycled Tikhonov-Phillips regularization.
Presenting this method will enable us to focus the analysis on one method, which under a
number of assumptions is then equivalent to the data assimilation schemes introduced in this
chapter. For a particular specification of the observation operator H we can align cycled
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Tikhonov-Phillips regularization with 3DVar and 4DVar. We now consider cycled TikhonovPhillips regularization, demonstrate its equivalence with 3DVar and 4DVar, and we shall
discuss its relevance to the Kalman filter.

3.1.3

Tikhonov-Phillips regularization

We will introduce the method of cycled Tikhonov-Phillips regularization under the following
assumption.
Assumption 3.1.8. The observation operator is a linear time-invariant observation operator
H ∈ L(X, Y). The model dynamics is a nonlinear time-varying operator Mk : X → X.
We remark that cycled Tikhonov-Phillips regularization can be defined for a more general
setting than Assumption 3.1.8. The following definition is taken from [57, p.2].
Definition 3.1.9. Let Assumption 3.1.8 hold. Given measurements yk ∈ Y for k ∈ N and
(b)

an initial guess xk , the objective of cycled Tikhonov-Phillips regularization is to seek an
(a)

estimate, xk that minimises the functional,
(b)

J (CT P ) (xk ) := α xk − xk

2
X

+ kyk − Hxk k2Y ,

(3.23)
(b)

(a)

with respect to xk for Hilbert spaces (X, k · kX ) and (Y, k · kY ), where xk = Mk−1 (xk−1 )
and α > 0.
Cycled Tikhonov-Phillips regularization features in the literature in many different forms,
often called dynamic or iterated regularization. One form of cycled Tikhonov-Phillips regularization can be found in [70], which precedes the work of Tikhonov and Phillips. An extensive
review of the literature behind cycled Tikhonov-Phillips regularization can be found in [56].
With the following result we will be able to present cycled Tikhonov-Phillips regularization
in an update form, which will suit our analysis in subsequent chapters.
Theorem 3.1.10. Let H ∈ L(X, Y) be a linear time-invariant observation operator and let
(a)

Mk : X → X be a time-varying nonlinear model operator. Then the minimiser xk to (3.23)
is given by



(a)
(a)
(a)
xk = Mk−1 xk−1 + Rα yk − HMk−1 xk−1 ,
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(3.24)

(b)

(a)

given xk = Mk−1 (xk−1 ), where
Rα = (αI + H ∗ H)−1 H ∗

(3.25)

is known as the Tikhonov-Phillips inverse, with an adjoint H ∗ to the linear time-invariant
observation operator H ∈ L(X, Y) and a regularization parameter α. Here (3.24) is what we
characterise as cycled Tikhonov-Phillips regularization.
(b)

Proof. The proof is obtained using Theorem 2.3.4. We rewrite (2.51) for x(1) := xk − xk
(b)

(a)

and y(1) := yk − Hxk . Then the minimiser, xk to the functional in (3.23) is given by (2.52)

rewritten such that,






(b)
(a)
(b)
(a)
(b)
α xk − xk + H ∗ H xk − xk = H ∗ yk − Hxk .
(b)

(3.26)

(a)

Rearranging (3.26) and substituting xk = Mk−1 (xk−1 ), we obtain (3.24) which completes
the proof.
We can adapt the proof in Theorem 3.1.10 by replacing Rα with two variations of the
Kalman gain, K and Kˆ as defined in (3.28) and (3.30), to obtain the following two results.
Theorem 3.1.11. Let H ∈ L(X, Y) be a linear time-invariant observation operator. Let
B ∈ L(X) and R ∈ L(Y) be a time-invariant linear background error covariance operator
and a time-invariant linear observation error covariance operator respectively. Then the
(a)

minimiser xk to (3.3) is given by
(a)

(b)

xk = xk + K



(b)
yk − Hxk ,

(3.27)

where
K := BH ′ (HBH ′ + R)−1

(3.28)

is known as the Kalman gain and H ′ is the adjoint of H with respect to the Euclidean inner
product.
Theorem 3.1.12. Let H ∈ L(X, Y) be a linear time-invariant observation operator and
let M ∈ L(X) be a time-invariant linear model operator. Let B ∈ L(X) and R ∈ L(Y)
be a time-invariant linear background error covariance operator and a time-invariant linear
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(a)

observation error covariance operator respectively. Then the minimiser xk to (3.12) is given
by

where



(a)
(b)
(b)
xk = xk + Kˆ ŷk − Ĥxk ,

(3.29)

Kˆ := B Ĥ ′ (ĤB Ĥ ′ + R̂)−1

(3.30)

is known as the Kalman gain, with R̂ defined in (3.10), Ĥ defined in (3.13) and where Ĥ ′ is
the adjoint of Ĥ with respect to the Euclidean inner product.
We can now state the equivalence between 3DVar and 4DVar under the assumptions
respectively in Assumption 3.1.2 and Assumption 3.1.5, and cycled Tikhonov-Phillips regularization. When the model dynamics is nonlinear then we cannot show equivalence between
4DVar and cycled Tikhonov-Phillips regularization.
Theorem 3.1.13. Let X and Y be Hilbert spaces. Let Assumption 3.1.2 and Assumption
3.1.5 hold for the 3DVar method with its cost functional as defined in (3.3) and the 4DVar
method with its cost functional as defined in (3.12) respectively.
For the Euclidean inner product and the weighted norms
h·, ·iB −1 := ·, B −1 ·

ℓ2

on X and h·, ·iR−1 := ·, R−1 ·

ℓ2

on Y

(3.31)

for self-adjoint, strictly positive operators B and R, the Kalman gain in (3.28) for 3DVar
corresponds to the Tikhonov-Phillips inverse, (3.25) where its adjoint is given by
H ∗ = αBH ′ R−1

(3.32)

for α = 1.
For the Euclidean inner product and the weighted norms
h·, ·iB −1 := ·, B −1 ·

D
E
−1
on
X
and
h·,
·i
:=
·,
R̂
·
on Y
R̂−1
ℓ2
ℓ2

(3.33)

for self-adjoint, strictly positive operators, B and R̂, the Kalman gain in (3.30) for 4DVar
corresponds to the Tikhonov-Phillips inverse, (3.25) where its adjoint is given by
H ∗ = αB Ĥ ′ R̂−1
for α = 1.
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(3.34)

Proof. See Theorem 2.1 [57].
The result in Theorem 3.1.13 is important, since it shows that for weighted norms according to (3.31) and (3.33), studying cycled Tikhonov-Phillips regularization in (3.24) is
equivalent to studying 3DVar and 4DVar respectively. Furthermore, in Theorem 3.1.13 we
see the appearance of the regularization parameter α for both 3DVar and 4DVar.
We remark that the cycled Tikhonov-Phillips functional (3.23) in Definition 3.1.9 can
be defined for a linear time-varying observation operator Hk ∈ L(X, Y). It then follows
that the results in Theorem 3.1.10, Theorem 3.1.11, Theorem 3.1.12 and Theorem 3.1.13
can be adapted for a linear time-varying observation operator Hk ∈ L(X, Y). In this case
the operators in (3.25), (3.28), (3.30), (3.32) and (3.34) are time-varying. In most of this
thesis we will assume that H ∈ L(X, Y) is a linear time-invariant observation operator.
However, in Section 7.3 we consider the case where the observation operator Hk ∈ L(X, Y)
is time-varying.
From (3.23) we can see that reducing the regularization parameter has the effect of in(b)

creasing the weight on the term involving the initial guess xk in (3.23). We can parallel this
with the 3DVar functional in (3.3) by including a regularization parameter α = 1, such that
J (3D) (xk ) := αJ (b) + J (o)
E


D
(b)
(b)
−1
xk − xk , xk − xk
= αB
+ R−1 (yk − Hxk ) , yk − Hxk

ℓ2

ℓ2

.

(3.35)

From (3.35) we see that reducing the regularization parameter has the effect of increasing
the uncertainty in the background, which means the data assimilation scheme trusts the
observation term more. Conversely, increasing the regularization parameter has the effect
of decreasing the uncertainty in the background which means the data assimilation scheme
trusts the background term more. Therefore the regularization parameter can be understood
as a form of multiplicative variance inflation we apply to each data assimilation scheme. If
the regularization parameter αk can be chosen in each assimilation step k then this can be
seen as adaptively applying multiplicative variance inflation. In particular, multiplicative
variance inflation is used in ensemble Kalman filtering where the variance on the background
state is inflated to reduce filter error and avoid filter divergence. Ensemble Kalman filters
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are beyond the scope of this work however, further details on filter error and divergence for
ensemble Kalman filters can be found in [1] and [59]. We will discuss our use of variance
inflation in the following chapters.
Interpreting the Kalman filter as a form of cycled Tikhonov-Phillips regularization is
more difficult since the Kalman filter provides a framework to update the background error
covariance operator. In this case, using the approach of weighted norms from Theorem 3.1.13
does not yield any benefit, since the measure associated with the state space X, changes in
each assimilation step. We shall discuss this in more depth in Chapter 7.

3.2

Summary

In this chapter we introduced three data assimilation schemes. In the following chapters
we will present our theoretical and numerical results which relate to these data assimilation
schemes. We began introducing 3DVar, a popular variational data assimilation scheme, which
finds the best state to fit between the background and the observations. We then discussed
a similar method to 3DVar, which aims to seek the best trajectory through an assimilation
window of observations, 4DVar. We also presented one sequential data assimilation scheme,
the Kalman filter. Finally, we introduced cycled Tikhonov-Phillips regularization, which
will form the basis for our research. We demonstrated how cycled Tikhonov-Phillips is
equivalent to 3DVar and 4DVar under weighted norms. Our main focus was to introduce
each assimilation scheme, and present it so that our results in the following chapters can
be applicable to each method. In the next chapter, we consider the stability of each data
assimilation scheme introduced in this chapter, and the relevant literature associated with
each method.
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Chapter 4
Instability in data assimilation
schemes
We saw in Chapter 2 and Chapter 3 that we are interested in solving an operator equation.
In Chapter 2 it was shown that in the infinite dimensional setting, a compact linear operator
does not have a bounded inverse, and hence the operator equation is ill-posed. Therefore
we replace H −1 with a family of bounded operators Rα . Regularization provides a stable
solution to an ill-posed problem. In this chapter we will introduce our definition of a stable
and unstable data assimilation scheme. We will present the error evolution for the cycled
Tikhonov-Phillips regularization scheme and relate its form to the literature. We will see that
the error evolution for the cycled Tikhonov-Phillips scheme has been investigated extensively
for the finite dimensional linear setting. Furthermore, there has been extensive research in
the finite dimensional nonlinear setting. However as we will see, the theory developed for
nonlinear systems relies on linearisations. In this chapter we will identify key open questions
for infinite dimensional systems, which we begin to answer in this thesis. We start with our
definition of the stability in the context of cycled data assimilation schemes.

4.1

Instability

We will be concerned with what we call the analysis error. In this section we will introduce
the analysis error for the cycled data assimilation scheme, discussed in Chapter 3. We will
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then derive an explicit form for the evolution of the analysis error of a cycled data assimilation
scheme. We present this evolution equation so that it can be paralleled with the literature.
For this section we want to introduce a general form for the linear analysis error evolution
equation. We will return to the nonlinear analysis error evolution equation later in Chapter
8 and derive similar results. We collect all the assumptions that we will make in this section.
Assumption 4.1.1. Let X and Y be Hilbert spaces. Let Hk ∈ L(X, Y) be a time-varying
linear observation operator. Let Mk ∈ L(X) be a time-varying linear model operator.
As a first step we shall define what is known as the true state of the system. We consider
(t)

that the dynamical system is comprised of a linear dynamical flow equation and let Mk ∈
(t)

L(X) be a true linear time-varying model operator which maps a state xk ∈ X onto the
(t)

state xk+1 for k ∈ N0 , where X represents a Hilbert space. The mapping is a discrete-time
evolution where the true state is defined as,
(t)

(t) (t)

xk+1 = Mk xk ,
(t)

(4.1)
(t)

(t)

for xk ∈ X for k ∈ N0 . Here we have used the notation Mk and xk , whereby we remark
that t here refers to the true linear system operator and true state respectively.
With this definition of the true state we are now able to consider the analysis error. The
analysis error and the notion of stability in the context of cycled data assimilation schemes
are defined as follows.
(a)

Definition 4.1.2. The analysis error ek is defined as the difference between the analysis xk
(t)

and the true state of the system xk , such that
(a)

(t)

ek := xk − xk

(4.2)

at time k ∈ N0 .
Definition 4.1.3. We call the data assimilation scheme stable if the analysis error ek from
(4.2) is bounded, such that
lim sup kek k = c < ∞,

(4.3)

k→∞

given some positive constant c. We call the data assimilation scheme unstable if the analysis
error ek from (4.2) is unbounded, such that
lim sup kek k = ∞.
k→∞
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(4.4)

We now consider the evolution of the analysis error. In Section 3 we showed that the
data assimilation schemes which we consider, take the form of cycled Tikhonov-Phillips
regularization in Theorem 3.1.10. We assume that we have a modelled linear model operator
Mk : X → X such that,



(t)

Mk − Mk



(t)

xk = ζ k+1 ,

(4.5)

where ζ k is some additive noise which we call model error for k ∈ N0 . We require that the
noise ζ k be bounded by some constant υ > 0 for k ∈ N0 .

(t)

(t)

We assume that we have a true linear observation operator Hk , such that Hk : X → Y
maps elements in the Hilbert space X into a Hilbert space Y. Here we state that the true
(t)

observations yk ∈ Y are located at discrete-times k, linearly such that
(t)

(t) (t)

y k = Hk x k ,

(4.6)

(t)

for k ∈ N0 , where xk represents the true state of the system. In addition, we assume that
we have a modelled linear time-varying observation operator Hk : X → Y such that


(t)
(t)
Hk − Hk x k = ω k ,

(4.7)

where ω k is some additive noise, which we call the observation operator error. We also require
that the noise ω k be bounded by some constant γ > 0 for k ∈ N0 . We assume that the given
observations yk ∈ Y take the form
(t)

yk = yk + η k ,

(4.8)

where η k is some additive noise which we call the observation error for k ∈ N0 . Similarly to
the model error, we require that the noise η k is bounded by some constant δ > 0 for k ∈ N0 .
Throughout this work, the noise terms that we have described in (4.5), (4.7) and (4.8)
are only assumed to be bounded by the respective constants υ, γ and δ. There are no more
assumptions on these noise terms. We remark that we can follow through our same analysis
in Chapter 6, Chapter 7 and Chapter 8 assuming that the additive noise terms in (4.5), (4.7)
and (4.8) are constant in time. This approach can be found in [57] and is less general than
what we consider in this thesis.
In order to obtain an estimate for the analysis error at time k, we subtract the true state
(t)

of the system xk from both sides of (3.24) and substitute for linear model dynamics Mk−1 ,
39

such that


(a)
(t)
(a)
(t)
(a)
xk − xk = Mk−1 xk−1 + Rα,k yk − Hk Mk−1 xk−1 − xk ,

(4.9)

where Rα,k = (αI + Hk∗ Hk )−1 Hk∗ ∈ L(Y, X). We substitute (4.8) into (4.9)
(a)
xk

−

(t)
xk

=

(a)
Mk−1 xk−1



(t)
(t)
(a)
+ Rα,k yk + η k − Hk Mk−1 xk−1 − xk .

(4.10)

Now we can input (4.6) into (4.10)


(a)
(t)
(a)
(t)
(t) (t)
(a)
xk − xk = Mk−1 xk−1 + Rα,k Hk xk + η k − Hk Mk−1 xk−1 − xk .

(4.11)

Then we rewrite the model state using (4.1)


(a)
(t)
(a)
(t)
(t)
(t)
(a)
xk − xk = Mk−1 xk−1 + Rα,k Hk Mk−1 xk−1 + η k − Hk Mk−1 xk−1
(t)

(t)

− Mk−1 xk−1 .

(4.12)

Using the substitution
(t)
(t)
(t)
Hk Mk−1 xk−1

−

(a)
Hk Mk−1 xk−1



(t)
(t)
(t)
= Hk − Hk Mk−1 xk−1


(t)
(t)
(a)
+ Hk Mk−1 xk−1 − Mk−1 xk−1 ,

(4.13)

we can rearrange (4.12) so that
(a)

(t)

(a)

(t)

(t)

xk − xk = Mk−1 xk−1 − Mk−1 xk−1 + Rα,k η k


(t)
(t)
(t)
+ Rα,k Hk − Hk Mk−1 xk−1


(t)
(t)
(a)
+ Hk Mk−1 xk−1 − Mk−1 xk−1 .

(4.14)

In a similar way to (4.13), we can use the substitution


(a)
(t)
(t)
(a)
(t)
Mk−1 xk−1 − Mk−1 xk−1 = Mk−1 xk−1 − xk−1


(t)
(t)
+ Mk−1 − Mk−1 xk−1 ,

(4.15)

so that (4.14) becomes

 

(t)
(a)
(t)
(t)
(a)
(t)
xk − xk = Mk−1 xk−1 − xk−1 + Mk−1 − Mk−1 xk−1 + Rα,k η k




(t)
(t)
(t)
(a)
(t)
+ Rα,k Hk − Hk Mk−1 xk−1 − Hk Mk−1 xk−1 − xk−1



(t)
(t)
−Hk Mk−1 − Mk−1 xk−1 .
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(4.16)

We rearrange (4.16) and input (4.5) and (4.7) so that


(a)
(t)
(a)
(t)
xk − xk = (I − Rα,k Hk ) Mk−1 xk−1 − xk−1 + Rα,k η k
+ (I − Rα,k Hk ) ζ k − Rα,k ω k .

(4.17)

Using (4.2) in Definition 4.1.2, we rewrite (4.17) such that
ek = (I − Rα,k Hk ) Mk−1 ek−1 + Rα,k η k
+ (I − Rα,k Hk ) ζ k − Rα,k ω k .

(4.18)

Here in (4.18) we see the errors in each term which are classified as follows:
A. error from the Tikhonov-Phillips inverse Rα,k which is not identical to Hk−1 ;
B. cumulated errors from previous iterations/cycling;
C. error in the observational data yk ;
D. error in the model dynamics Mk ;
E. error in the observation operator Hk .
We identify the role of these different types of errors,
ek = (I − Rα,k Hk ) Mk−1 ek−1 +Rα,k η k
|{z}
|{z}
|
{z
}
B.
C.
A.
+ (I − Rα,k Hk ) ζ k −Rα,k ω k .
|{z}
|{z}
E.
D.

(4.19)

For convenience we will often write

Λk := (I − Rα,k Hk )Mk−1 .

(4.20)

The form we have obtained in (4.19) has been investigated in the control/systems theory
community since the 1960s. We now discuss the literature on the analysis error in the case
of finite dimensional linear dynamical systems.
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4.2

Finite dimensional linear systems

In this section we present the literature associated with the cycled Tikhonov-Phillips regularization in (3.24) and its error evolution in (4.19). As we described in Chapter 3, we consider
in this work both linear and nonlinear model dynamics. Here we first consider the analysis
error in the case of linear finite dimensional dynamical systems.

4.2.1

Time-invariant observer system

In a finite dimensional setting, control and systems theory call the method of data assimilation state estimation. The analysis error has many names in the literature such as state
reconstruction error, observer error and estimation error. As we discussed in Chapter 3, the
data assimilation schemes take the form of cycled Tikhonov-Phillips regularization. Therefore, from Theorem 3.1.10 we saw that cycled Tikhonov-Phillips regularization can be written
as (3.24). In the control theory community, the form (3.24), is a variant of a Luenberger observer, named after David Luenberger; see [54] and [55]. For a deterministic system, an
observer reconstructs the state ensuring that the analysis error is stable for all time. For
a noise-free system, an observer will reconstruct the current state of the system. We shall
begin with the most simple case of a time-invariant linear system. Let us introduce a discrete
time-invariant finite dimensional linear system of the following form,
(t)

(t)

(4.21)

(t)

(4.22)

xk = M xk−1
yk = Hxk ,
(t)

where xk ∈ X = Rn , yk ∈ Y = Rm with n, m ∈ N and M ∈ L(X), H ∈ L(X, Y). Much
theory has been developed for this system in terms of stability due to its simplicity. We now
present one definition and one theorem, which is important to explain Luenberger’s stability
result in Theorem 4.2.3. For a linear finite dimensional system the notion of asymptotic
stability is as follows and is taken from [6, p.170].
Definition 4.2.1. The discrete-time linear time-invariant system
xk = Λxk−1 ,

(4.23)

where Λ ∈ L(X = Rn ) is a real n × n matrix is called asymptotically stable if xk → 0 as
k → ∞ for all x0 ∈ X = Rn .
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The following theorem give a necessary condition to ensure asymptotic stability. Here we
present the finite dimensional form, which we will require for the infinite dimensional case
later on.
Theorem 4.2.2. The discrete-time linear time-invariant system
xk = Λxk−1 ,

(4.24)

where Λ ∈ L(X = Rn ) is a real matrix is asymptotically stable if and only if the eigenvalues
of Λ lie in the open unit disc.
Proof. See Theorem 5.8 [6] or Lemma D.3.1 [38] or Theorem 4.1.2 [34].
(a)

To reconstruct the state xk from the observations yk for the system in (4.21) and (4.22),
we have the Luenberger observer, which takes the following form,


(a)
(a)
(a)
xk = M xk−1 + Rα yk−1 − Hxk−1 ,

(4.25)

where Rα is the known as the observer gain.

Before presenting the important stability result, we first observe several differences between the Luenberger observers in (4.25) and (3.24). The system in (4.21) and (4.22), which
the Luenberger observer reconstructs, assumes no additive noise on the observations, model
or observation operator. Often in the literature the Luenberger observer is referred to as a deterministic device to reconstruct the state of the system [64]. Furthermore, the Luenberger
observer assimilates observations at a different time-step to that of the cycled TikhonovPhillips scheme. This mismatch in observations and model state is known as a delay in the
control theory community, and leads to a slightly different error equation formulation as we
(t)

will see. From (4.25) we substitute the observation yk−1 for the true observations Hxk−1
such that,
(a)
xk

=

(a)
M xk−1
(t)

+ Rα



(t)
Hxk−1

−

(a)
Hxk−1



.

Now subtracting the true state xk from both sides, from (4.26) we obtain


(a)
(t)
(a)
(t)
(t)
(a)
xk − xk = M xk−1 − xk + Rα Hxk−1 − Hxk−1 .
(t)

(t)

(a)

(4.26)

(4.27)

(t)

Substituting xk for M xk−1 and defining ek := xk − xk we obtain the error equation for
the time-invariant Luenberger observer as follows,
ek = (M − Rα H) ek−1 .
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(4.28)

We briefly mention the difference between (4.28) and (4.18). (4.28) does not have any
noise terms. This is expected since the Luenberger observer is a noise-free deterministic reconstructor of the state of the system. Furthermore we observe that the operator evolving
the previous error in (4.28) is different from that in (4.18). This is due to the Luenberger
assimilating observations at a different time-step to the cycled Tikhonov-Phillips scheme,
which we have already mentioned. Therefore, the error evolution of our cycled data assimilation scheme is slightly different and hence the stability result for the Luenberger observer
does not directly apply to the problem we are interested in solving.
In control theory the observer gain in (4.25) is chosen such that the error equation for the
Luenberger observer in (4.28) is asymptotically stable. The stability result in Theorem 4.2.3
relies on the dynamical system in (4.21) and (4.22) being completely observable. A dynamical
system is called completely observable if all initial states can be uniquely determined given the
observed data [6]. As we will see in future chapters, our analysis does not follow the direction
of observability for the following two reasons. Firstly, it is difficult to ascertain observability
conditions in an infinite dimensional linear setting [12]. Secondly, observability conditions are
less established for infinite dimensional nonlinear dynamical systems [65]. Therefore, in this
work we do not focus on the control theory approach of seeking an observability condition
on the dynamical system. However for completeness, a formal definition of observability can
be found in [6].
The following stability result is fundamental part of linear control theory and is due to
Luenberger [54], [55]. This approach to show stability is known as eigenvalue assignment.
This means that the eigenvalues can be placed not only to ensure stability, but also to
determine the rate of the decay in (4.28). Here we present the following theorem formally,
since we will parallel our work with this important result in future chapters.
Theorem 4.2.3. Given linear time-invariant operators M ∈ L(X = Rn ) and H ∈ L(X =

Rn ) from (4.21) and (4.22) respectively, then there exists an observer gain Rα such that the
eigenvalues of M − Rα H can be arbitrarily assigned if and only if the system in (4.21) and
(4.22) is completely observable.
Proof. See Theorem 1.16 [64] or Theorem 28.10 [72] or Theorem 9.3.2 [15].
As we have seen, the concept of observability is crucial in assigning the eigenvalues of the
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operator M − Rα H, so that asymptotic stability can be assured according to Theorem 4.2.2.
We now move to the more interesting situation of a time-varying linear system.

4.2.2

Time-varying observer system

Similar to the system in (4.21) and (4.22), the discrete time-varying finite dimensional linear
system takes the following form,
(t)

(t)

xk = Mk−1 xk−1
(t)

y k = Hk x k ,

(4.29)
(4.30)

where now the linear operators have a time dependence. The work of [11] has showed that
if the model operator is invertible for all time and the finite dimensional time-varying linear
system is uniformly completely observable then an observer gain can be chosen so that the
time-varying observer system is stable. This result can be found here in [11, Theorem D.1].
The work of [61] has relaxed the assumption that the model operator must be invertible. A
definition of of uniform complete observability can be found in [72].
It is often mentioned in the literature that an observer system can be seen as a deterministic representation of the Kalman filter [15]. We now discuss this statistically optimal
observer.

4.2.3

Optimal time-varying observer system

In the previous section we discussed observer systems. Now we turn our attention to systems
which are optimal in some statistical sense. The Kalman filter is an observer system that
has been optimised with respect to errors in both the model dynamics and observations. Let
the discrete time-varying finite dimensional linear system take the following form,
(t)

(t)

xk = Mk−1 xk−1 + Γk−1 ζ k−1
(t)

yk = Hxk + η k

(4.31)
(4.32)

(t)

where xk ∈ X = Rn , yk ∈ Y = Rm with n, m ∈ N, Mk−1 is an n × n matrix, Γk−1 is a time
dependent n × o matrix for n, o ∈ N and H ∈ L(X, Y). We note that here we only consider
the time-invariant observation operator H ∈ L(X, Y) despite the Kalman filter being more
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general. Both ζ k−1 ∈ Ro and η k ∈ Rm are normally distributed elements with mean zero and
covariance operators Qk−1 and Rk respectively. It is well known that under these statistical
assumptions, the Kalman filter is optimal [40]. Here optimal means that the Kalman filter
mean produces an analysis which is closest to the truth in a root mean square (RMS) sense,
(a)

such that it is a minimum variance estimator. Therefore, the analysis covariance matrix Bk

at time k from (3.22) will have the smallest trace. A definition of RMS error can be found
in [5, p.7]. In 1960, Kalman showed under certain conditions that for a finite dimensional
state space, the continuous-time Kalman filter is stable [39, Theorem 6.10 and 7.2] or [40,
Theorem 4]. Soon after, it was shown that the finite dimensional discrete-time Kalman filter
is also stable under certain conditions ([21], [35, Theorem 7.4]). This stability result was
under a number of conditions, such that:
1. the system in (4.31) and (4.32) must be uniformly completely observable and uniformly
completely controllable; see [35, p.232-233] for details on uniform complete controllability;
2. the state transition matrix in (4.31) must be bounded with bounded inverse;
3. the errors in the observations and model must be normally distributed with respective
bounded error covariance matrices for all time k;
(a)

4. the initial background error covariance matrix, B0 in Definition 3.1.7 must be positive.
This stability result has been generalised by relaxing the assumption that state transition
matrix in (4.31) must have a bounded inverse [61]. We now move onto discussing the literature
associated with nonlinear finite dimensional systems.

4.3

Finite dimensional nonlinear systems

Here we consider work related to finite dimensional nonlinear systems. With the added
complexity of nonlinear dynamics comes a difficulty in establishing rigorous analytical theory
on the stability of observer systems. Previous work from the literature used the technique of
linearisation to overcome the challenge of analysing nonlinear observers. When linearising,
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one must argue that higher order terms are somehow negligible in the estimates of the
behaviour of the analysis error. This of course is not true of highly nonlinear systems.
The work of [2] showed that employing a first order Taylor expansion and neglecting
higher order terms, they could obtain a stable evolution of the analysis error in accordance
with linear observer theory developed previously by [54], [40] and [21].
The work of [44] considered a nonlinear time-invariant continuous-time dynamical system
of the following form,

ẋ(t) (k) = M̃ x(t) (k)

y(k) = H̃ x(t) (k)

(4.33)
(4.34)

with x(t) (k) ∈ Rn , y(k) ∈ Rm where M̃ : Rn → Rn and H̃ : Rn → Rm are continuous
nonlinear operators. They showed that if the nonlinear operator M̃ is comprised of nonlinear
perturbations to a linear operator, then an observer gain can be chosen so that the nonlinear
observer is asymptotically stable [44, Theorem 2]. It is stated in [64] that the conditions for
[44, Theorem 2] to hold are conservative. Moreover, [64] states that the work of [44] does not
demonstrate a constructive procedure for choosing such an observer gain to ensure stability.
This highlights the difficulty in analysing general nonlinear systems [64]. The work of [4] has
generalised the work of [44] by considering an operator M̃ that is comprised of nonlinear
perturbations to a particular nonlinear operator. The nonlinear perturbations are assumed
to be Lipschitz continuous, which is the assumption we make in Chapter 8.
The work of [82] showed stability for a nonlinear stochastic observer system. Let a
stochastic discrete time-invariant finite dimensional nonlinear system be defined as follows,




(t)
(t)
(t)
(4.35)
xk = M xk−1 + A(1) xk−1 ζ k−1 ,
 
 
(t)
(t)
(4.36)
yk = H xk + A(2) xk η k ,

where xk ∈ Rn , yk ∈ Rm , M(·), H(·) are continuously differentiable nonlinear operators,

ζ k−1 , η k are normalised, mean zero, uncorrelated Gaussian random variables for k ∈ N and

A(1) (xk−1 ), A(2) (xk ) are error covariance matrices of an appropriate dimension. Their main

result in [82, Theorem 4] showed that if the error covariance matrices A(1) (xk−1 ) and A(2) (xk )
are bounded for k ∈ N then an observer gain exists and the nonlinear stochastic observer is
stable.
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In the data assimilation literature, the work of [81] considered the convergence of a particular type of 4DVar scheme for a weakly nonlinear dynamical system. They considered a
criterion for convergence using the amplification matrix, which arose from a linearisation of
the nonlinear model dynamics. The work of [33] extended this criterion to sequential data
assimilation schemes from the variational setting in [81], and provided numerical experiments
of the behaviour of the analysis error. Their work again assumed that the error evolution
can be adequately represented using a linearisation of the nonlinear dynamics.
Finally, the work in [77] considered the stability of an observer for a general discretetime nonlinear system. They provided an alternative proof to that of [21], for the finite
dimensional Kalman filter. Furthermore, they extended their stability result for the Kalman
filter and showed that the extended Kalman filter may be stable under given conditions [77,
Theorem 3.2]. This stability result showed convergence of the nonlinear observer under the
following assumptions:
1. the nonlinearity in the system must be weak such that higher order terms from a Taylor
expansion are negligible;
2. the linearised nonlinear system must satisfy an observability rank condition to ensure
the error covariance matrices remain bounded over time;
3. the states of the system must behave in an appropriate way; further details on this
behaviour can be found in [77, Assumption 3.1].
Details on the extended Kalman filter can be found in [35]. Now we consider stability results
for infinite dimensional linear systems.

4.4

Infinite dimensional linear systems

Work on infinite dimensional linear dynamical systems has proved stability of observer systems using the semigroup approach. For a detailed introduction to semigroups see [19].
Notably [18] developed many results from the finite dimensional setting into the infinite dimensional setting. They considered the system dynamics in terms of a strongly continuous
semigroup on an appropriate Banach space. Their work, like others, including [9] and [48]
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focused on the continuous stochastical derivation, with particular attention to optimal state
estimation, the Kalman filter. Here we state a significant deterministic result from [19] in
the continuous-time setting, given the following class of deterministic infinite dimensional
systems,
ẋ(k) = M̃ x(k)

(4.37)

y(k) = H̃x(k),

(4.38)

where M̃ is an infinitesimal generator of the strongly continuous semigroup T (k) on a Hilbert
space X and H̃ ∈ L(X, Y) such that Y is also a Hilbert space. See [19] for the definition
of an infinitesimal generator. An infinite dimensional Luenberger observer for this system is
given by,


(a)
ẋ (k) = M̃ x (k) + Rα y(k) − H̃x (k) ,
(a)

(a)

(4.39)

where Rα ∈ L(X, Y). Here we state the following result which shows that if an observer gain
can be chosen in a particular way, then the analysis error will asymptotically tend to zero.
Lemma 4.4.1. Consider the linear system in (4.37), (4.38) and a corresponding Luenberger
observer given by (4.39). If Rα is such that
Λ̂ := M̃ − Rα H̃

(4.40)

generates an exponentially stable strongly continuous semigroup, then the approximation error
e(k) := x(k) − x(t) (k) converges exponentially to zero as k → ∞.
Proof. See Lemma 5.3.2 in [19].
In Section 7.1 we will show that we can choose an observer gain Rα so that the analysis
error of a linear discrete time-invariant observer system is asymptotically stable. Our stability
result in Section 7.1 will show that for a particular choice of observer gain, the bound on the
analysis error consists of error terms arising from the dynamical system.
The generalisations of finite dimensional results for assumed controllable and observable
Gramians, into an infinite dimensional setting can be found in [32]. Their main stability
result in [32, Theorem 4] showed stability of the infinite dimensional time-invariant observer
(a)

(a)

xk = M xk−1 + K
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(a)
yk − Hxk−1 ,

(4.41)

where K ∈ L(Y, X) is the time-invariant Kalman gain operator from (3.28). This result is
under certain positivity conditions, see [32, Section 3] for further details. Their work is an
infinite dimensional extension of the finite dimensional results in [21]. The work of [32] also
extends their stability result to time-varying systems, and can be found in [32, Appendix A].
The work of [74] has generalised the infinite dimensional results of [32] by relaxing strong
conditions on the controllability. Their main result showed that the no-noise analysis error
equation,

(b)

where Kk = Bk Hk∗



ek = (I − Kk Hk ) Mk−1 ek−1 ,
(4.42)
−1
(b)
Hk Bk Hk∗ + Rk
is the time-varying Kalman gain operator, is asymp-

totically stable in the sense that lim supk→∞ kek k = 0. Their main result, [74, Theorem 5.1],

assumes bounds on the model dynamics Mk , a linear time-varying observation operator Hk ,
a time-varying linear background error covariance operator Bk , bounds on the observation
error covariance and uniform complete observability. In Chapter 7 we extend this result by
relaxing the observability condition in [74], allowing for noise in the dynamical system and
assuming a number of positivity conditions on the covariance operators.
Most recently, the work of [57] has considered linear observers for time-invariant linear
systems with constant observation noise. The linear time-invariant system takes the following
form
xk = M xk−1

(4.43)

yk = Hxk + η

(4.44)

given a constant observation error η ∈ Y, where M ∈ L(X) and H ∈ L(X, Y) for Banach
spaces X and Y. Then the linear observer takes the following form


(a)
(a)
(a)
xk = M xk−1 + Rα yk − HM xk−1

(4.45)

where Rα = (αI + H ∗ H)−1 H ∗ ∈ L(Y, X) is the observer gain. They considered the convergence of the linear observer for constant model dynamics, M = I. They showed in [57,
Lemma 3.3] that given an injective linear observation operator H, if the constant observation
error lies in the range of the observation operator, then the observer in (4.45) converges as
time tends to infinity. Conversely, if the constant observation error does not lie in the range
of the observation operator, then the observer in (4.45) diverges as time tends to infinity.
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The work of [57] went further and represented the linear observer system spectrally in
a Hilbert space setting. They suggested how the observer would asymptotically behave
for spectrally expanding and damping diagonal dynamics, with respect to the observation
operator. We formally present our results in this direction later in Chapter 6.

4.5

Infinite dimensional nonlinear systems

In this section we discuss one of the most recent results in infinite dimensional nonlinear
filtering. Closely related to our work, [7] have considered the stability of observers for infinite dimensional nonlinear systems, developing theoretical results for the 2D incompressible
Navier-Stokes equations.
In their work, [7] developed theory for the particular Navier-Stokes system, where the
observation operator and the Stokes operator commute. They consider two types of observations, complete and partial. Here we focus on the partial observations case since it is most
relevant to the work in this thesis. We state their result explicitly since we derive similar
results in Chapter 6 and Chapter 8. Let X be a Hilbert space and let H (1) : X → X and

H (2) : X → X be orthogonal projection operators, where H (2) = I − H (1) , and H (1) projects

an element x ∈ X onto a space spanned by the lower spectral modes of H in accordance
with Section 2.1.4. The discrete time-invariant infinite dimensional nonlinear system takes
the following form,
xk = M(xk−1 )

(4.46)

yk = H (1) xk + η k

(4.47)

where x ∈ X and η k is some sequence satisfying supk≥1 kη k k ≤ δ. The observer gain takes
the form,
Rα,k := Bk H (1)∗ H (1) Bk H (1)∗ + αRk

−1

(4.48)

where Bk and Rk are two sequences of operators that weight the background state and
observations respectively and α = 1. Both sequences of operators are assumed to be strictly
positive. The nonlinear observer then becomes,


(a)
(a)
xk = Nα,k M xk−1 + Rα,k yk
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(4.49)

where Nα,k := I − Rα,k H (1) . The following assumption on the family of operators Nα,k is
necessary to present the main result of [7].
Assumption 4.5.1. The family of positive operators {Nα,k } commutes with the Stokes oper-

ator A, supk≥1 kNα,k k ≤ 1, supk≥1 kRα,k k ≤ c for some c ∈ R+ , uniformly with respect to α.

Furthermore Rα,k H (2) = 0 and there is a constant d > 0 such that supk≥1 kH (1) Nα,k k ≤ dα2 .
Theorem 4.5.2. Under Assumption 4.5.1, there is an α sufficiently small such that there
exists a constant 0 < a < 1, where
kek k ≤ ak + 2cδ

k−1
X

aj

(4.50)

2cδ
.
1−a

(4.51)

j=0

and
lim sup kek k ≤
k→∞

Proof. See Theorem 3.3 [7].
It was shown in [7] that the data assimilation scheme 3DVar satisfies Assumption 4.5.1,
for static operators B and R which are fractional powers of the Stokes operator, and for an
observation operator that commutes with the Stokes operator. Hence, they showed asymptotic stability for a cycled 3DVar scheme where the nonlinear model dynamics were governed
by the 2D incompressible Navier-Stokes equations. In Chapter 6 we will show that if the
observation operator H has the same orthonormal system as a compact linear self-adjoint
model operator M then we can obtain a similar asymptotic result to [7, Theorem 3.3]. Our
work in Chapter 8 will show the asymptotic stability of a cycled 3DVar scheme with a nonlinear dynamical model operator and a linear observation operator that are more general than
considered in [7]. However, our result will depend upon a global dissipative assumption in
the nonlinear model dynamics. A local dissipative assumption has been shown to hold for the
Navier-Stokes equations in [7] for a particular observation operator. Moreover, in Chapter 7
and Chapter 8 we will show that we can satisfy similar bounds on the operators Nα,k and
Rα,k from Assumption 4.5.1 in the linear and nonlinear setting, for the data assimilation
algorithms which we consider in Chapter 3.
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4.6

Summary

In this chapter we have discussed the literature associated with the stability of the data
assimilation schemes introduced in Chapter 3. We have seen that finite dimensional linear
and nonlinear systems have been extensively studied since the 1960s. Stability results for the
finite dimensional linear setting assume that the system satisfies various observability and
controllability conditions. The finite dimensional nonlinear results assume that the nonlinear
behaviour is locally linear in the sense that it can be adequately represented by a low order
Taylor expansion. Therefore, this removes any nonlinearity in the error equations and results
from the linear setting can be applied to show stability.
Stability results are less known in the infinite dimensional setting. This has led to more
recent and ongoing research into the convergence of the analysis error and norm estimates.
The work of both [57] and [7] showed rigorous mathematical results for specific dynamical
systems. It was shown in [57] that a linear observer with constant model dynamics will
converge in the infinite dimensional linear setting if the set of observations yk ∈ S(X). In
the infinite dimensional nonlinear setting the work of [7] used norm estimates to show that
the analysis error of a cycled 3DVar is bounded for all time in the case where the observation
operator and the Stokes operator commute.
Our work in this thesis will develop original stability results for a wider class of infinite
dimensional linear and nonlinear systems using norm estimates. Throughout this chapter
we saw that various stability results have been obtained in the finite dimensional setting
for systems which are observable and controllable. Our interest lies in the infinite dimensional setting. We discussed the work of [32], where the authors generalised results from
the finite setting into the infinite setting under the assumption that the system remains observable and controllable. More recently, the work of [74] has investigated the evolution of
the analysis error equation for infinite dimensional linear dynamical systems under observability and controllability assumptions. Furthermore, stability results have recently emerged
for finite dimensional nonlinear observers that are Lipschitz continuous and satisfy nonlinear
observability and controllability conditions; see [10], [75] and [58].
In this work we focus on developing stability results with norm estimates for infinite
dimensional linear and nonlinear dynamical systems. We seek to develop stability results for
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dynamical systems which are more general than those considered in [57] and [7]. However,
in seeking stability results for general dynamical systems, we expect our results to be weaker
compared with [57] in the linear setting and [7] in the nonlinear setting. In Chapter 6 and
Chapter 7 we will study linear systems where the model dynamics are amplifying a finite
number of modes and damping all sufficiently high modes. In Chapter 8 we will study
nonlinear model dynamics that are Lipschitz continuous and dissipative on higher spectral
modes. In particular, for both the linear and nonlinear setting we will derive new conditions
on the regularization under which the cycled data assimilation schemes from Chapter 3 will
remain stable over time. In the next chapter we introduce the dynamical models, which will
be used to demonstrate numerically the theory developed in later chapters.
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Chapter 5
Dynamical models
In this chapter we introduce two dynamical models which we will use to numerically demonstrate the theory developed in future chapters. The focus of this chapter is to provide the
necessary details on the dynamical models that we have chosen, and the numerical schemes
used to discretise them. We provide a brief overview of firstly a linear model, the twodimensional Eady model which will be used to illustrate the linear results we develop in
Chapter 6 and Chapter 7. Secondly, we provide a brief overview of a nonlinear model, the
Lorenz 1963 model which will be used to illustrate the nonlinear results we develop in Chapter
8.

5.1

Two-dimensional Eady model

In this section, we consider a linear dynamical model where the model operator M arises
from the discretisation of a system of partial differential equations. The system we consider
is the two-dimensional Eady (2D Eady) model, a simple model of atmospheric instability;
see [23] for a detailed introduction. The model is defined in the x − z plane, with periodic
boundary conditions in x and z ∈ [−1/2, 1/2]. The state vector consists of the nondimensional
buoyancy b on the upper and lower boundaries and the nondimensional potential vorticity
in the interior of the domain. For this work we restrict ourselves to the situation where the
interior potential vorticity is zero. Therefore it is only necessary to consider the dynamics on
the boundaries. The buoyancy is advected along the boundaries forced by the nondimensional
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streamfunction ψ according to the following equation,
∂b
∂ψ
∂b
+z
=
∂t
∂x
∂x

(5.1)

on z = ±1/2, where the streamfunction satisfies,
∂ 2ψ ∂ 2ψ
+ 2 =0
∂x2
∂z

(5.2)

in z ∈ [−1/2, 1/2], with the Neumann boundary condition
∂ψ
=b
∂z

(5.3)

on z = ±1/2. The equations are discretised with a leap-frog advection scheme as described
in [36] and [37] using 40 grid points in the horizontal, giving 80 degrees of freedom. We
acknowledge in this work that the code for the discretisation of the two-dimensional Eady
model was developed by Dr. Christine Johnson, Prof. Nancy Nichols and Prof. Brian
Hoskins. In our experiment we choose ∆x = 0.1 and ∆t = 0.1728, which corresponds to
∆x = 100km and ∆t = 4320s in its dimensionalised form. We run the model for 5 timesteps, giving us an 80 × 80 matrix M that corresponds to a 6 hour forecast of the Eady
model. In Chapter 2 we introduced the singular system of a linear operator. The singular
values of the 2D Eady model range as follows,
µ(M ) ≈ (1.4293, . . . , 0.6975)

(5.4)

with spectral radius r(M ) ≈ 1.3066. Here in Figure 5.1 and Figure 5.2 we plot the singular
values and eigenvalues of M respectively.
We observe that the 2D Eady model has growing and damping spectral modes. Now we
introduce the following nonlinear dynamical model.

5.2

Lorenz 1963 model

In this section we consider the Lorenz 1963 (Lorenz ‘63) system [52], which presents chaotic
behaviour under the classical parameters; see [78] for further details. Even though these
equations are finite dimensional they will still allow us to show the behaviour of the analysis
error. Lorenz derived these equations from a Fourier truncation of the flow equations that
56

1.6

µ(M)

1.4
1.2
1
0.8

0

20
40
60
Singular Value Index

80

Figure 5.1: Singular values of the operator M .
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Figure 5.2: Eigenvalues of the operator M .
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govern thermal convection. Despite their limited practical use, these equations present an
excellent foundation for our numerical experiments due to their simplicity. We consider
two formulations of the Lorenz equations, firstly, the deterministic form and, secondly, the
stochastic form. As discussed previously in Chapter 4 we consider the effect of model error
on the data assimilation schemes introduced in Chapter 3. Therefore, we aim to represent
additional unresolved processes (from the atmosphere), as a stochastical noise term. This
noise term will be the model error discussed in Chapter 4 and is assumed to be an additive
Wiener process; further details on the Wiener process can be found in [43]. Firstly, we present
the deterministic Lorenz equations which will be used for our experiments where model error
does not appear.

5.2.1

Deterministic formulation

The deterministic Lorenz ‘63 equations are as follows,
dx
= −σ(x − y),
dt
dy
= ρx − y − xz,
dt
dz
= xy − βz,
dt

(5.5)
(5.6)
(5.7)

where typically σ, ρ and β are known as the Prandtl number, the Rayleigh number and a
non-dimensional wave number respectively. In this work we will use the classical parameters,
σ = 10, ρ = 28 and β = 8/3. We discretise the system using a fourth order Runge-Kutta
approximation with a step-size h = 0.01; see [80] for further details on the Runge-Kutta
scheme. Secondly, we consider the stochastic Lorenz equations.

5.2.2

Stochastic formulation

We seek to present the stochastic Lorenz ‘63 equations in the form of a stochastic differential
equation as follows,
dΨ = a(Ψ)dt + b(Ψ)dW.
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(5.8)

Therefore the stochastic Lorenz ‘63 equations are as follows,
dx = −σ(x − y)dt + c(1) dW (1) ,

(5.9)

dy = (ρx − y − xz) dt + c(2) dW (2) ,

(5.10)

dz = (xy − βz) dt + c(3) dW (3) ,

(5.11)

where x, y, z all represent random variables, σ, ρ, β are the same parameters chosen as
before, and dW (1) , dW (2) , dW (3) represent values from independent Wiener processes. Here
the constants c(1) , c(2) , c(3) can be altered to increase or decrease the level of stochastic noise.
We discretise the stochastic Lorenz equations using an Euler-Maruyama approximation with
a step-size h = 0.01. Further details of the Euler-Maruyama scheme can be found in [43].

5.3

Summary

In this chapter we have introduced two dynamical models, which will be used to illustrate
numerically the theoretical results developed in the following chapters. We began introducing
the linear system which we will use, the 2D Eady model. Next, we considered two formulations of the Lorenz ‘63 equations. Firstly, the deterministic form which will be used for our
numerical experiments where we do not consider model error, and secondly, the stochastic
form for our numerical experiments with model error. In the following chapters, we will
explicitly discuss all numerical details, such as initial conditions, parameters, variables, et
cetera; for each individual experiment we produce. We now move onto the main part of this
thesis where we consider the stability of cycled data assimilation schemes.
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Chapter 6
Constant and diagonal operators
In this chapter we develop new theoretical results for the stability of cycled 3DVar as introduced in Chapter 3 for simple dynamical systems. This will act as the foundation for more
advanced results in the following chapters. We first consider the case where we have a linear
observation operator and constant dynamics. We then consider diagonal model dynamics
with respect to linear observation operators, such that the model dynamics are constructed
using the same orthonormal system as the observation operator. Finally, we consider the
reverse and explore diagonal observation operators with respect to linear model dynamics.
For the theory in this chapter we will make a number of assumptions. For clarity we now
list these assumptions so that we can refer to them clearly later on.
Assumption 6.0.1. The model error ζ k for k ∈ N0 is bounded by υ > 0. The observation
error η k for k ∈ N0 is bounded by δ > 0. The observation operator error ω k for k ∈ N0 is
bounded by γ > 0.
Assumption 6.0.2. The observation operator H ∈ L(X, Y) is a time-invariant linear injective compact operator.
Assumption 6.0.3. The model dynamics M ∈ L(X) is constant in time, such that M = I,
where I is the identity operator.
Assumption 6.0.4. The model dynamics M ∈ L(X) is a time-invariant linear operator that
decomposes with respect to the singular system of the observation operator in Assumption
6.0.2. Therefore, given the singular system (µi , ϕi , gi ), i ∈ N of the observation operator H,
60

we have that
M = U DU −1 ,

(6.1)

where U = {ϕi : i ∈ N} is an orthonormal transformation such that U : X → X and D is a
diagonal operator. We define a diagonal operator as follows,
Dϕi = di ϕi

(6.2)

for i ∈ N, where {ϕi : i ∈ N} is the same orthonormal system in X and (di ) is a bounded
sequence of real numbers. Therefore, we say that the model dynamics are diagonal with respect
to the observation operator, since they have the same orthonormal system.
Assumption 6.0.5. The model dynamics M ∈ L(X) is an injective linear time-invariant
self-adjoint compact model operator. The observation operator H is a linear time-invariant
operator that decomposes with respect to the eigensystem of the model dynamics M . Therefore, given the eigensystem, (λ̃i , ϕ̃i ), for i ∈ N of the model dynamics M , we have that
H = Ũ D̃Ũ −1 ,

(6.3)

where Ũ = {ϕ̃i : i ∈ N} is an orthonormal transformation such that Ũ : X → X and D̃ is a
diagonal operator. We define a diagonal operator as follows,
D̃ϕ̃i = d˜i ϕ̃i ,

(6.4)

for i ∈ N, where {ϕ̃i : i ∈ N} is the same orthonormal system in X and (d˜i ) is a bounded
sequence of real numbers.
In this work we will refer to an operator being diagonal with respect to either the observation operator or the model dynamics. These two situations relate to Assumption 6.0.4
and Assumption 6.0.5 respectively and we use the term diagonal system to relate to both
Assumption 6.0.4 and Assumption 6.0.5.

6.1

Linear observation operators with constant model
dynamics

In this section we develop theory on the analysis error for cycled Tikhonov-Phillips regularization as introduced in Theorem 3.1.10. We first explore the simple case of constant model
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dynamics, such that M = I where I is the identity operator. We found in Chapter 4 that
the work of [57] has looked at the pointwise convergence of the analysis error for this situation. They showed that for constant model dynamics if the observations lie in the range
of the observation operator then the linear observer converges as time tends to infinity. It
was further shown in [57] that if the observations did not lie in the range of the observation
operator then the linear observer diverges. However, they did not consider the evolution of
the analysis error in the form of norm estimates, which we will now present. Given Hilbert
spaces (X, k · kB −1 ) and (Y, k · kR−1 ) from (4.19) we substitute Mk for the identity operator
I so that
ek = (I − Rα Hk ) ek−1 + Rα η k + (I − Rα Hk ) ζ k − Rα ω k ,

(6.5)

where Rα = (αI + H ∗ H)−1 H ∗ ∈ L(Y, X). Let us assume that the observation operator is
time-invariant and let us define N := I − Rα H ∈ L(X). We shall refer to this operator N as
the reconstruction error operator, since it reflects how much we regularize (2.5). Therefore,
(6.5) now becomes
ek = N ek−1 + Rα η k + N ζ k − Rα ω k .

(6.6)

This equation in (6.6) shows the evolution of the analysis error equation. From this form there
are two natural directions with which to analyse this equation, stochastic and deterministic.
In this work we will focus on deterministic analysis since we assume that the distributions
that the errors are drawn from are unknown. Therefore, we take norms on both sides, such
that
kek k = kN ek−1 + Rα η k + N ζ k − Rα ω k k .

(6.7)

Using the triangle inequality and the properties of homogeneity we have that
kek k ≤ kN ek−1 k + kRα η k k + kN ζ k k + k−Rα ω k k
≤ kN ek−1 k + kRα η k k + kN ζ k k + | − 1| · kRα ω k k
≤ kN ek−1 k + kRα η k k + kN ζ k k + kRα ω k k .

(6.8)
(6.9)
(6.10)

We now make use of the property induced by Definition 2.1.10 and rearrange, such that
kek k ≤ kN k · kek−1 k + kRα k · kη k k + kN k · kζ k k + kRα k · kω k k
ek ≤ kN k (ek−1 + kζ k k) + kRα k (kη k k + kω k k) ,
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(6.11)
(6.12)

where we define ek := kek k for all k ∈ N0 . We now use the bounds on the model error,
observation error and the observation operator error from Section 4.1, such that
ek ≤ kN k (ek−1 + υ) + kRα k (δ + γ) .

(6.13)

Before we present the next result we should mention our approach of norm estimates. We
know from Theorem 4.2.2 that the stability according to Definition 4.2.1 is determined by the
eigenvalues of the relevant operator. However, we deal with an error evolution equation that
comprises of many noise terms as seen in (4.19), which we bound as seen in (6.7) through to
(6.13). In general, the operator that governs the error evolution from (4.20) is not self-adjoint.
This means that in taking these bounds we no longer deal with the eigenvalues, instead we
explore the singular values through the norms of these operators in (4.19); see (2.48) in
Theorem 2.2.7. Since the largest singular value bounds the spectral radius, then by ensuring
that the largest singular value is less than one we can derive a sufficient stability condition.
In general, we will only be able to derive a sufficient condition for stability. However, in
this chapter the operator that governs the behaviour of the error dynamics is self-adjoint,
which allows us to derive necessary and sufficient stability conditions. We have the following
definition of asymptotic stability for discrete-time linear time-invariant systems.
Definition 6.1.1. Let (X, k · kℓ2 ) be a Hilbert space. Then the discrete-time linear timeinvariant system
xk+1 = Λxk ,

(6.14)

where Λ ∈ L(X) is called asymptotically stable if for all x0 ∈ X, kxk k → 0 for k → ∞.
Definition 6.1.1 can be considered as an infinite dimensional version of Definition 4.2.1.
We now present the following stability theorem which will be used throughout this work and
can be considered as an infinite dimensional extension to Theorem 4.2.2.
Theorem 6.1.2. The discrete-time linear time-invariant system
xk+1 = Λxk ,
where Λ ∈ L(X), is asymptotically stable according to Definition 6.1.1 if kΛk < 1.
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(6.15)

Proof. Using (6.15) we write
xk = Λk x0 ,

(6.16)

according to Notation 2.1.16. Using the property induced in Definition 2.1.10 and (c) in
Lemma 2.1.20 we obtain
kxk k = Λk x0 ≤ Λk · kx0 k ≤ kΛk · · · kΛk kx0 k = kΛkk · kx0 k .
|
{z
}

(6.17)

k times

Since kΛk < 1 then as k → ∞, kxk k → 0 for all x0 ∈ X, which completes the proof.
In Theorem 6.1.2 we only derive a sufficient condition compared to the necessary and
sufficient condition in Theorem 4.2.2. This is important and we will later explore in detail this
property in our numerical experiment in Section 7.1.1. Given Definition 6.1.1 and Theorem
6.1.2 we can now present the following stability result on the asymptotic behaviour of the
analysis error for cycled data assimilation schemes.
Theorem 6.1.3. For the Hilbert space (X, k · kB −1 ), let Assumption 6.0.1, Assumption 6.0.2
and Assumption 6.0.3 hold. Then the error evolution in (6.13) and the error term ek ∈ X
(a)

(t)

for k ∈ N0 , where ek := xk − xk and N := I − Rα H is estimated by
k

kek k ≤ kN k · ke0 k +

k−1
X

kN kl (kN k υ + kRα k (δ + γ)) ,

(6.18)

1 − kN kk
(kN k υ + kRα k (δ + γ)) ,
1 − kN k

(6.19)

l=0

for k ∈ N0 . If kN k 6= 1 then
kek k ≤ kN kk · ke0 k +
for k ∈ N0 . If kN k < 1 then
lim sup kek k ≤
k→∞

kN k υ + kRα k (δ + γ)
.
1 − kN k

(6.20)

Proof. We prove by induction. For the base case we set k = 1 and using (6.13) we obtain
e1 ≤ kN k (e0 + υ) + kRα k (δ + γ) ,

(6.21)

where ek := kek k such that (6.21) is equal to (6.18). We continue with the inductive step.
From (6.13) rewriting step k + 1 we have that
ek+1 ≤ kN k (ek + υ) + kRα k (δ + γ) .
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(6.22)

Now we bound ek using (6.18), such that
ek+1 ≤ kN k kN kk e0 +

k−1
X
l=0

kN kl (kN k υ + kRα k (δ + γ)) + υ

!

+ kRα k (δ + γ) .

(6.23)

Expanding and reordering the summation we obtain
ek+1 ≤ kN kk+1 e0 +

k−1
X
l=0

kN kl+1 (kN k υ + kRα k (δ + γ)) + kN k υ

+ kRα k (δ + γ)
k+1

≤ kN k

e0 +

k
X
l=0

(6.24)
kN kl (kN k υ + kRα k (δ + γ)) ,

(6.25)

which is equal to (6.18) if we replace k with k + 1 and hence by induction (6.18) is proved.
If kN k 6= 1 then we can use the geometric series, such that
k−1
X
l=0

kN kl =

1 − kN kk
.
1 − kN k

(6.26)

The geometric series can be found in [66, Theorem 5.3]. Replacing the summation in (6.18)
with (6.26) we obtain (6.19). If kN k < 1 then we ensure convergence of the infinite geometric
series and taking the limit in accordance with the Theorem for Convergence of a Geometric
Sequence, which can be found in [66, Theorem 2.34], we have that
kN kk → 0

(6.27)

as k → ∞. Therefore, we obtain (6.20) which completes the proof.
Theorem 6.1.3 shows a sufficient condition for asymptotic stability of the analysis error. If
kN k < 1 then the analysis error will remain bounded for all time and has the asymptotic limit
given by (6.20). We now investigate under what conditions can we make the reconstruction
error operator contract, such that kN k < 1. It is useful to rearrange the reconstruction
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operator as follows,
N = I − Rα H

(6.28)

= I − (αI + H ∗ H)−1 H ∗ H

(6.29)

= (αI + H ∗ H)−1 (αI + H ∗ H) − (αI + H ∗ H)−1 H ∗ H

(6.30)

= (αI + H ∗ H)−1 ((αI + H ∗ H) − H ∗ H)

(6.31)

= α (αI + H ∗ H)−1
−1
= I + α−1 H ∗ H
.

(6.32)
(6.33)

Before presenting the following finite dimensional result, we must first remark on the
operator N . We saw in Theorem 6.1.3 that to show stability it is sufficient that kN k < 1,
and we have discussed that this is only a sufficient condition for stability. We know from
Theorem 4.2.2 that in the finite dimensional setting the necessary and sufficient stability
condition from Definition 4.2.1 is determined by the spectral radius of the relevant operator.
From Theorem 2.2.3 we know that the spectral radius is equal to the norm of a compact
self-adjoint operator. For this case of constant model dynamics, the condition of kN k < 1 is
actually a necessary and sufficient condition for asymptotic stability. This is because for any
α > 0 the operator N , which governs the error evolution, is a self-adjoint operator. This can
directly be seen in (6.33) using the property (N ∗ )−1 = (N −1 )∗ , given N ∈ L(X) for a Hilbert
space X. From Theorem 2.2.4 we can carry out our analysis using the eigenvalues of N .
We now present the following finite dimensional stability result using Theorem 2.2.4. Here
we consider the finite dimensional setting since it demonstrates challenges which exist in the
infinite dimensional setting. Moreover, we will use this finite dimensional results in Chapter
7 and Chapter 8.
Lemma 6.1.4. Let X, Y be finite dimensional Hilbert spaces and let Assumption 6.0.2 and
Assumption 6.0.3 hold. Given a parameter 0 < ρ < 1 and a regularization parameter α > 0
chosen sufficiently small then we can always achieve kN k ≤ ρ < 1.
Proof. Let us introduce the operator G := H ∗ H, which by construction is a self-adjoint
compact linear operator. From the spectral theorem for compact self-adjoint linear operators
in Theorem 2.2.4, we know that X has an orthonormal system consisting of eigenvectors
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{ϕ1 , . . . , ϕn } with real eigenvalues {λ1 , . . . , λn } of G. We choose α and ρ such that


1
− 1 = inf |λj | > 0.
α
j=1,...,n
ρ

(6.34)

Now
kN k =

1

sup
j∈{1,...,n}

1+

≤

λj
α

which completes the proof.

α+α

α


1
ρ

−1

 = ρ < 1,

(6.35)

Here we can parallel this result with the literature. We saw in Chapter 4 that Luenberger’s
main result in Theorem 4.2.3 involved choosing an observer gain to move the eigenvalues of
M − Rα H to obtain stability. Here we have a similar result for the finite dimensional setting,
where we use the regularization parameter to shift the eigenvalues of I − Rα H. From Lemma
6.1.4 to obtain a stable cycled data assimilation scheme, we must choose the regularization
parameter sufficiently small so that the norm of the reconstruction error operator is less one.
We now present an important result for the infinite dimensional setting, which will be
used throughout this thesis.
Lemma 6.1.5. Let X and Y be Hilbert spaces and let Assumption 6.0.2 and Assumption
6.0.3 hold. Then the operator norm of the reconstruction error operator is given by
kN k = kI − Rα Hk = 1.

(6.36)

Proof. Since H is compact, we have that G := H ∗ H is also compact ([73, Theorem 7.3]).
Therefore, the eigenvalues {λ1 , λ2 , . . . } of G decay, such that λi → 0 for i → ∞ ([46, p.280]).
This means that
kN k = sup

i=1,...,∞

α
=1
α + λi

(6.37)

for all α > 0, which completes the proof.
This result will determine our ability to achieve stability for the cycled data assimilation
scheme. We have the following remark.
Remark 6.1.6. In an infinite dimensional space, if Assumption 6.0.2 and Assumption 6.0.3
hold then we are unable to obtain the limit in Theorem 6.1.3, since the proof of Theorem
6.1.3 uses the sufficient condition for stability kN k < 1.
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Of course this set up of constant model dynamics has limited practical use and hence
this result is somewhat artificial. However, this result does highlight that in the infinite
dimensional setting we require some contraction in the model dynamics to seek stability. As
we will see later in this chapter and the next two chapters, it is necessary for the model
dynamics to behave in a particular way to ensure stability for the cycled data assimilation
scheme.
In the next section we consider diagonal model dynamics with respect to the observation
operator, such that the model dynamics are constructed using the same orthonormal system
as the observation operator. Again this situation has limited practical use. However, we will
use it as a stepping stone towards a more realistic set-up.

6.2

Linear observation operators with diagonal model
dynamics

In this section we consider a model dynamics operator that is constructed using the same
orthonormal system as the observation operator in accordance with Assumption 6.0.4. Again
we explore the observation operator spectrally and demonstrate how we can achieve a stable
cycled 3DVar with particular model dynamics. We also present a numerical experiment which
will confirm the theory developed in this section.
Since we work in a Hilbert space we can use Theorem 2.1.7 to expand each element of X
in a Fourier series in a similar way to (2.44). Given an injective linear compact observation
operator H we have that
xk =

∞
X
i=1

hxk , ϕi i ϕi ,

(6.38)

for k ∈ N0 . The inner product hxk , ϕi i is called the spectral coefficient. From (2.43) we see

that the application of the operator H and H ∗ corresponds to the spectral multiplication by

µi for i ∈ N and applying H −1 corresponds to the multiplication by 1/µi for i ∈ N. Therefore,
for any element x ∈ X we have from (2.45)
Hx =

∞
X
i=1

µi hx, ϕi i gi .
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(6.39)

Similarly the application of the Tikhonov-Phillips inverse operator Rα = (αI + H ∗ H)−1 H ∗ ∈
L(Y, X) to any measurement yk ∈ Y we have from (2.45)
∞
X

Rα yk =

i=1

µi
hyk , gi i ϕi .
α + µ2i

(6.40)

Finally, applying the reconstruction error operator N to any element xk ∈ X we have from
(2.45)
N xk =

∞
X
i=1

α
hxk , ϕi i ϕi .
α + µ2i

(6.41)

From (4.19) substituting for time-invariant model dynamics and observation operator we
have that
ek = (I − Rα H) M ek−1 + Rα η k + (I − Rα H) ζ k − Rα ω k .

(6.42)

Applying the steps from (6.7) through to (6.13) then
ek ≤ kΛk ek−1 + kN k υ + kRα k (δ + γ) ,

(6.43)

where ek := kek k, Λ := N M , N := I − Rα H, with noise terms υ, δ and γ in accordance
with Section 4.1. In a similar way to (6.13) and Theorem 6.1.3, we must show for a sufficient
condition that kΛk must be kept less than one in each assimilation step to asymptotically
control the error dynamics. We present the following result.
Theorem 6.2.1. For the Hilbert space (X, k · kB −1 ), let Assumption 6.0.1, Assumption 6.0.2
and Assumption 6.0.4 hold. Defining Λ := (I − Rα H)M then the error evolution in (6.43)
(a)

(t)

and the error term, ek ∈ X for k ∈ N0 , where ek := xk − xk is estimated by
k

kek k ≤ kΛk · ke0 k +

k−1
X

kΛkl (kN k υ + kRα k (δ + γ)) ,

(6.44)

1 − kΛkk
(kN k υ + kRα k (δ + γ)) ,
1 − kΛk

(6.45)

l=0

for k ∈ N0 . If kΛk 6= 1 then
kek k ≤ kΛkk · ke0 k +
for k ∈ N0 . If kΛk < 1 then
lim sup kek k ≤
k→∞

kN k υ + kRα k (δ + γ)
.
1 − kΛk

Proof. The proof is same as that of Theorem 6.1.3 for a different constant kΛk.
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(6.46)

We briefly remark as follows.
Remark 6.2.2. Since Assumption 6.0.2 holds then using Lemma 6.1.4 and Lemma 6.1.5 we
have that for any α > 0 then kN k ≤ 1. From Theorem 2.3.3, since H is injective then the
Tikhonov-Phillips inverse is bounded by
1
kRα k ≤ √ .
2 α

(6.47)

Therefore, from (6.46) we have that
lim sup kek k ≤
k→∞

υ+

δ+γ
√
2 α

1 − kΛk

.

(6.48)

From Theorem 6.2.1 we see that we must keep the norm of the operator Λ less than one
for the analysis error to remain bounded for all time, such that we obtain the limit in (6.46).
We now investigate under what conditions can we ensure stability of cycled data assimilation
schemes. Since our model dynamics are constructed using the same orthonormal system as
the observation operator, given any element xk ∈ X we have from (2.45)
∞
X
αdi
hxk , ϕi i ϕi .
Λxk =
α + µ2i
i=1

(6.49)

Since M is diagonal with respect to the singular system of H and N is self-adjoint, then
Λ which governs the evolution of the analysis error is also self-adjoint. Therefore, in the
same way as in Section 6.1, the stability results we develop in this section are necessary and
sufficient in the sense of Theorem 4.2.2. We have the following spectral result.
Lemma 6.2.3. Let Assumption 6.0.2 and Assumption 6.0.4 hold. Then if M is uniformly
damping on all spectral modes then kΛk < 1.
Proof. From (6.49) we know that the application of Λ to ϕi , with respect to a singular system
(µi , ϕi , gi ) of H, is given by the multiplication
αdi
.
α + µ2i

(6.50)

Given that M is uniformly damping on all spectral modes, which means that there exists a
constant 0 < ρ < 1, such that
sup |di | = ρ.
i∈N
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(6.51)

From (6.37) for any α > 0 then
α
≤ 1,
α + µ2i

(6.52)

where using Definition 2.2.5 we have that µ2i = λi for all i ∈ N. Therefore, using the
multiplicative property of absolute values we have that
αdi
α
=
|di | ≤ ρ < 1,
2
α + µi
α + µ2i

(6.53)

for all i ∈ N. Hence, we have that kΛk = supi∈N |αdi /(α + µ2i )| < 1, which completes the
proof.
Both Lemma 6.2.3 and Lemma 6.1.5 highlight the difficulty in generalising these stability
results to more realistic systems. Our interest is with ill-posed observation operators and
therefore from Lemma 6.1.5, for any positive choice of regularization parameter, we have
that the norm of the reconstruction error operator is always one. Hence, in Lemma 6.2.3
we required contractive model dynamics to ensure stability for the cycled data assimilation
scheme. The following result demonstrates how the model dynamics do not need to be strictly
contractive.
Lemma 6.2.4. Let Assumption 6.0.2 and Assumption 6.0.4 hold. If M is uniformly damping
on higher spectral modes, then there is a regularization parameter α sufficiently small, such
that kΛk < 1.
Proof. From (6.49) we know that the application of Λ to ϕi , with respect to a singular system
(µi , ϕi , gi ) of H, is given by the multiplication
αdi
.
α + µ2i

(6.54)

Given that M is uniformly damping on higher spectral modes, which means that there exists
a constant 0 < ρ < 1 and an n ∈ N such that supi=n+1,...,∞ |di | = ρ.
From the previous result in Lemma 6.2.3, given any regularization parameter α > 0 we
have that
sup
i=n+1,...,∞

αdi
≤ ρ < 1.
α + µ2i

(6.55)

So for i ≤ n, we require for some constant 0 < ǫ < 1 that
αdi
≤ ǫ.
α + µ2i
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(6.56)

We choose
d = sup |di | < ∞,

(6.57)

α
ǫ
≤
,
α + µ2i
d

(6.58)

i=1,...,n

then we require that

where we drop the absolute value signs since the inequality is positive on both sides. We can
now choose α accordingly
ǫ
d
d
≥
ǫ
d−ǫ
≥
ǫ
d−ǫ
≥ 2
µi ǫ
µ2 ǫ
α≤ i .
d−ǫ

α
α + µ2i
α + µ2i
α
µ2i
α
1
α

≤

(6.59)
(6.60)
(6.61)
(6.62)
(6.63)

Since the singular values of H are ordered such that µ1 ≥ · · · ≥ µn > 0, then if we choose

α ≤ µ2n ǫ/(d − ǫ), then kΛk ≤ ǫ < 1.

Of course this result has limited practicality since the situation of diagonal model dynamics with respect to the observation operator rarely occurs. However, we observe in Lemma
6.2.4 an interesting result which we can carry through to more realistic situations. If we can
split the state space into two parts, one part where the regularization parameter could be
chosen to control any expansion in the model dynamics, and another part where the model
dynamics are strictly contracting, then we would be able to stabilise the cycled data assimilation scheme. Another observation we make is that the regularization parameter must
be chosen sufficiently small to obtain stability in the cycled data assimilation scheme. The
stability which we consider here is in the sense of cycling the data assimilation scheme in
time. We know from regularization theory that the regularization parameter must be chosen
sufficiently large so that the solution of the regularization problem is stable. This type of
stability is in the sense of the inversion at a fixed time as we discussed in Section 2.3. This
leads to contradictory properties of α such that we expect a region for α where the error is
smallest which we will observe numerically in the next section. Our results in this section also
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apply to the finite dimensional setting where the proofs are the same but the singular system
becomes finite as discussed in Section 2.2.2. Since our approach is to use norm estimate our
results are not as strong as the necessary and sufficient finite dimensional stability conditions
discussed in Chapter 4.

6.2.1

Numerical experiment

In this section we will set up one simple numerical experiment. Even though our theoretical
results do not apply to this numerical experiment we still can illustrate one aspect of the
theoretical results from Section 6.2. Our theoretical results in Lemma 6.2.4 apply to the
infinite dimensional setting. Therefore, our theoretical results do not apply directly to the
finite dimensional numerical experiments in this section. Despite this we can still observe the
evolution of the linear analysis error in Theorem 6.2.1 for a finite dimensional system. We
concluded from Section 6.2 that the regularization parameter can be chosen sufficiently small
so that the analysis error will remain stable. We will see this demonstrated numerically
in this experiment. In our work our approach is to use the same noise realisations when
comparing experiments.
We choose a random 3 × 3 observation operator H, drawn from the standard normal
distribution, using the randn command in Matlab. Here we remark that the distribution
with mean 0 and standard deviation 1 is called the standard normal distribution. We then
decompose H in terms of its singular system in accordance with Theorem 2.2.6. We set the
last singular value µ3 = 10−5 to create an ill-conditioned observation operator, such that


0.4268
0.5220 0.5059




H =  0.8384 −0.7453 1.6690 
(6.64)


0.4105
1.6187 0.0610

to four decimal places. Therefore, the condition number from Definition 2.1.18 of the ob-

servation operator κ(H) ≈ 2.1051 × 105 with respect to the matrix 2-norm. We choose the
following diagonal spectral operator for the model dynamics randomly, such that


1.28
0
0




D=
0 0.956
0 .


0
0 0.286
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(6.65)

Now we formulate the model dynamics according to (6.1) using the right singular vectors
of H, such that





0.5167
0.0488
0.3624




M =  0.0488
1.0416 −0.2074 


0.3624 −0.2074
0.9638

(6.66)

to four decimal places. We have a model operator with one growing mode and two damping
modes, which is consistent with the setting in Lemma 6.2.4.
It is natural to set up the noise in these experiments to be Gaussian, since the 3DVar
functional can be viewed as a maximum a posteriori probability Bayesian estimator of the
state of the system under Gaussian statistics, see [47]. However, as we have discussed we
require for our analysis that the noise be bounded for all time. We have tested different
type of noise and they illustrate the same behaviour as seen here. Therefore, we shall choose
normally distributed noise and note that for a finite sample the noise is bounded and hence
is consistent with the theory developed in Section 6.2. Throughout this work we shall use
the terms Gaussian and normally distributed synonymously. We draw the noise terms from
the following distributions,
η k ∼ N (0, R), ζ k ∼ N (0, Q) and ω k ∼ N (0, W ),

(6.67)

for k = 1, . . . , 1000. We remark for notational purposes that η k ∼ N (0, R) means we draw η k
from a normal distribution with zero mean and covariance matrix R. Further details on the
Gaussian distribution can be found in [5]. In order to connect the cycled Tikhonov-Phillips
scheme from (3.24) with 3DVar we must formulate covariance matrices to weight the errors
on the background and observations.
We saw in Theorem 3.1.13 that with weighted norms, 3DVar is equivalent to cycled
Tikhonov-Phillips for α = 1. In this experiment we set up simple covariance matrices, such
that
2
2
2
2
B = σ(b)
I, R = σ(o)
I, Q = σ(q)
I and W = σ(w)
I,

(6.68)

2
2
2
2
where σ(b)
, σ(o)
, σ(q)
and σ(w)
are the variances of the noise on the background, observations,
2
2
model and observation operator respectively. In this case if we choose α = σ(o)
/σ(b)
then

3DVar is equivalent to cycled Tikhonov-Phillips with respect to the Euclidean norm. For this
experiment we choose the standard deviation on the noise as follows, σ(b) = 0.06, σ(o) = 0.3,
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σ(q) = 0.25 and σ(w) = 0.2. Since this is a toy system these standard deviations are not
necessarily representative of the expected errors in this system. However, these values are
chosen in order to illustrate the unstable behaviour as the regularization parameter α is
changed. We choose σ(b) smaller than the standard deviation of the other noise terms so that
the initial error, e1 ∼ N (0, B) is small. The standard deviations of the other noise terms are
chosen so that they are almost equal. Of course changing the level of noise will affect the
analysis error evolution. In this experiment we will not consider the impact of the noise level
2
2
and postpone this investigation to later experiments. For α = σ(o)
/σ(b)
= 0.32 /0.062 = 25 we

connect 3DVar with cycled Tikhonov-Phillips regularization. In the following chapters we
will construct more realistic covariance matrices for our experiments, but for this experiment
the covariance matrices in (6.68) will be sufficient.
Since we deal with linear operators in this chapter, we can explicitly calculate the error
evolution using (6.42). Furthermore, we also want to explore the bound on the error evolution
in (6.43). This bound in (6.43) can be considered as a worst case scenario and all our
theory is restricted to this bound. Therefore, it is necessary to compare this bound with
the actual error evolution. In this experiment we want to demonstrate that choosing the
regularization parameter sufficiently small means that the analysis error evolution is stable
for all assimilation time.
Before we present the results we must discuss the implications of these numerical experiments. As we have discussed our interest is with the infinite dimensional setting. However,
all numerical experiment work is in the finite dimensional setting. In this experiment we
work with a very low-dimensional toy system to illustrate and understand behaviour of the
analysis error evolution. Later in this thesis we will carry out numerical experiments with
more complicated systems, whereby our finite dimensional numerical experiments parallel
with our infinite dimensional results. This numerical experiment is useful since we can take
its findings to more realistic numerical experiments later in this work.
We draw an initial analysis error using the standard deviation of the background state,
therefore e1 ∼ N (0, B) and calculate the analysis error for k = 2, . . . , 1000 using (6.42)
and calculate its bound in (6.43). Varying the regularization parameter α we can study the
time-averaged error over the integration period. The time-averaged error is defined by the
integrated normalised total analysis error calculated by the sum of kek k from k = 1, . . . , 1000,
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renormalised with division by 1000. In Figure 6.1 we plot the error integral for both (6.42)
and (6.43), against the regularization parameter. Here we observe that choosing a small
regularization parameter leads to a smaller averaged error. We see that there is a small
difference between the bound on the analysis error and the actual analysis error. We see that
for a wide range of regularization parameters the analysis error is stable, but as we increase
α to around 10 then the analysis error begins to grow.
We can also investigate the analysis error evolution for individual regularization parameters. We plot in Figure 6.2 the evolution of (6.42) and (6.43) for α = 25, which corresponds
to 3DVar for given covariances in (6.68). We see that both (6.42) and (6.43) are unstable
for this choice of regularization parameter. From the theory developed in Section 6.2 and
from observing Figure 6.1, to stabilise our data assimilation scheme we must reduce the regularization parameter. By changing the regularization parameter α we carry out an inflation
to the background error variance. Therefore, using Figure 6.1 we choose the regularization
parameter which corresponds to the smallest time-averaged error. In Figure 6.3 we plot the
evolution of (6.42) and (6.43) for α = 1 (the regularization parameter with the smallest
time-averaged error). We see that the actual analysis error remains stable for all assimilation
time with random oscillations dependent on realisations of the noise chosen at each timestep. Furthermore, we can investigate the behaviour of the analysis error at the point where
it becomes unstable. We plot the analysis error from (6.42) and the bound from (6.43) for
α = 15 in Figure 6.4 and for α = 16 in Figure 6.5. Comparing both figures we see that the
evolution of the analysis error is similar up until k = 102 but then in Figure 6.5 the trajectory
of the analysis error becomes unstable whereas in Figure 6.4 it remains stable.
This work is interested in developing theoretical results for data assimilation algorithms in
the NWP setting. Therefore, it seems unnatural in this section to investigate model dynamics
which arise from the observation operator. Instead we could consider an observation operator
that arises from the model dynamics. In the next section we investigate this situation where
the observation operator is diagonalisable with respect the linear model dynamics.
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Figure 6.1: ℓ2 norm of the time-averaged analysis error, kek kℓ2 integrated for all assimilation
time k = 1, . . . , 1000, varying the regularization parameter, α. Solid: Analysis error governed
by the actual error in (6.42). Dashed: Theoretical bound from (6.43).
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Figure 6.2: ℓ2 norm of the analysis error, kek kℓ2 as the scheme is cycled for index k with
regularization parameter, α = 25. Solid: Analysis error governed by the actual error in
(6.42). Dashed: Theoretical bound from (6.43).
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Figure 6.3: ℓ2 norm of the analysis error, kek kℓ2 as the scheme is cycled for index k with
regularization parameter, α = 1. Solid: Analysis error governed by the actual error in (6.42).
Dashed: Theoretical bound from (6.43).
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Figure 6.4: ℓ2 norm of the analysis error, kek kℓ2 as the scheme is cycled for index k with
regularization parameter, α = 15. Solid: Analysis error governed by the actual error in
(6.42). Dashed: Theoretical bound from (6.43).
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Figure 6.5: ℓ2 norm of the analysis error, kek kℓ2 as the scheme is cycled for index k with
regularization parameter, α = 16. Solid: Analysis error governed by the actual error in
(6.42). Dashed: Theoretical bound from (6.43).

6.3

Linear model dynamics with diagonal observation
operators

In this section we develop stability results for the situation where the observation operator is
diagonalisable with respect the linear model dynamics in accordance with Assumption 6.0.5.
This is the reverse situation to the previous chapter and in some ways is more important. We
aim to investigate if given some dynamical flow then can we create an observation operator
so that the cycled data assimilation scheme is stable over all time.
Here we remark that we adopt tilde notation for the eigensystem of M . This is necessary
so as not to clash notation with the previous singular system of H in Section 6.2. Since
the model operator is self-adjoint such that M : X → X, we cannot construct an operator
H ∈ L(X, Y). Instead we must restrict ourselves to the situation of direct measurements
such that the observation operator H ∈ L(X) and therefore will only act on the state space
and amplify or contract spectral modes of M . Given an injective linear self-adjoint compact
model operator M , for any element x ∈ X from (2.40) we have
Mx =

∞
X
i=1

λ̃n hx, ϕ̃i i ϕ̃i .
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(6.69)

The application of the operator H ∗ H corresponds to the spectral multiplication
∗

H Hx =

∞
X
i=1

d˜2i hx, ϕ̃i i ϕ̃i .

(6.70)

With this set-up we have the following spectral result which is similar to Lemma 6.2.3.
Lemma 6.3.1. Let Assumption 6.0.2 and Assumption 6.0.5 hold. If M is uniformly damping
on all spectral modes then kΛk < 1.
Proof. Using Section 6.2 we can follow through the same process to find that the application
of Λ to ϕ̃i , with respect to an eigensystem (λ̃i , ϕ̃i ) of M , is given by the multiplication
αλ̃i
.
α + d˜2i

(6.71)

Given that M is uniformly damping on all spectral modes then there exists a constant
0 < ρ < 1, such that
sup λ̃i = ρ.

(6.72)

i∈N

By construction, given any α > 0,
α
≤1
α + d˜2i

(6.73)

for i ∈ N. Hence, using the multiplicative property of absolute values
αλ̃i
α
· λ̃i ≤ ρ < 1
=
2
˜
α + di
α + d˜2i

(6.74)

for all i ∈ N. Therefore we have that kΛk < 1 which completes the proof.
Using the regularization parameter we can relax the need for contractive model dynamics
in Lemma 6.3.1 and formulate the following result, which is similar to Lemma 6.2.4.
Lemma 6.3.2. Let Assumption 6.0.2 and Assumption 6.0.5 hold. If M is uniformly damping
on higher spectral modes then there exists a regularization parameter α sufficiently small, such
that kΛk < 1.
Proof. From (6.71) we know that the application of Λ to ϕ̃i , with respect to an eigensystem
(λ̃i , ϕ̃i ) of M , is given by the multiplication
αλ̃i
.
α + d˜2i
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(6.75)

Given that M is uniformly damping on higher spectral modes, which means that there exists
a constant 0 < ρ < 1 and an n ∈ N such that supi=n+1,...,∞ λ̃i = ρ.
From the previous result in Lemma 6.3.1, given any regularization parameter α > 0 we
have that
sup
i=n+1,...,∞

αλ̃i
≤ ρ < 1.
α + d˜2i

(6.76)

So for i ≤ n we require for some constant 0 < ǫ < 1 that
αλ̃i
≤ ǫ.
α + d˜2i

(6.77)

Since the eigenvalues of M are assumed to be ordered according to their absolute size then
we require that
α
ǫ
,
≤
2
α + d˜i
λ̃1

(6.78)

where we drop the absolute value sign on the left hand side since the inequality is positive.
We can now choose α accordingly,
α
ǫ
≤
2
˜
α + di
λ̃1
λ̃1
α + d˜2i
≥
α
ǫ
λ̃1 − ǫ
d˜2i
≥
α
ǫ
λ̃1 − ǫ
1
≥
α
d˜2i ǫ
d˜2i ǫ
α≤
λ̃1 − ǫ

(6.79)

(6.80)
(6.81)
(6.82)
(6.83)

We define
d˜ = inf

i=1,...,n

d˜i < ∞.

(6.84)

Therefore, if we choose α ≤ d˜2 ǫ/(|λ̃1 | − ǫ) then kΛk ≤ ǫ < 1.
As we saw in Lemma 6.2.4, the regularization parameter can be chosen sufficiently small
to ensure that kΛk < 1 which then implies stability in accordance with Theorem 6.2.1. In
this case we have set up the observation operator so that it has the same orthonormal system
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as the model dynamics operator. It is well known that if two linear compact self-adjoint
operators commute then they have a complete orthogonal set of common eigenelements [29,
Theorem 9.7]. This result can be paralleled with the work of [7] whereby they assume that the
observation operator and Stokes operator commute, as seen in Chapter 4. We will investigate
these results numerically in the next section.

6.3.1

Numerical experiment

Here in this section we set up a numerical experiment. In this experiment we take a significant step forward numerically from Section 6.2.1. We are able to apply our theoretical results
to the experimental problem. Here we take a well known linear partial differential equation
for our model dynamics and form an observation operator from its discretisation. The model
we use for this experiment is the 2D Eady model as introduced in Chapter 5. Therefore, we
can relate our numerical experiment with our infinite dimensional results in Section 6.2.1.
Of course no numerical experiment could ever work in an infinite dimensional space. However, for a convergent numerical scheme, the discretisation of the partial differential equation
would match with our theory. Therefore, in the limit of small step-size the infinite dimensional partial differential equation would match with the numerical discretisation. A formal
definition of convergence can be found in [62, p.157]. In Chapter 5, we mentioned that we
discretise the 2D Eady model using the leap-frog scheme as detailed in [36, Appendix A].
Further details on the leap-frog scheme can be found in [62].
In particular we show that a cycled 3DVar scheme is stable over time. Our result in Lemma
6.3.2 is under the condition that Assumption 6.0.2 and Assumption 6.0.5 hold. Therefore, in
this experiment the observation operator is a time-invariant linear injective compact operator
and decomposes with respect to the eigensystem of the time-invariant linear model operator
M that is damping on higher spectral modes.
We saw previously that the regularization parameter chosen sufficiently small led to a
stable cycled data assimilation scheme. Here in this experiment we will investigate choosing
the regularization too small. In this case we will see that the analysis error gets worse and
we can explain the theoretical reason for this.
We begin with the discretised Eady model, which is an 80 × 80 non-Hermitian matrix.
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Since our theoretical result require that M be a self-adjoint (Hermitian) matrix, we multiply
the 80 × 80 non-Hermitian matrix with its transpose. Changing the model dynamics in
this way means that the model M no longer has any physical meaning, however, this is not
a problem since we view this experiment as a stepping stone to more realistic numerical
experiments in Chapter 7 and Chapter 8.
We decompose M into its eigensystem according to Theorem 2.2.4. We choose a random
uniformly distributed vector of length 80 from the closed interval [0, 2] using the Matlab
command rand. This vector will be the spectrum of H in the form of the diagonal matrix D̃
from (6.3) and ranges as follows,
λ(H) ≈ (1.9821, . . . , 0.0317).

(6.85)

We set the last eigenvalue λ80 = 3.16 × 10−6 to create an ill-conditioned observation operator.
Now we use the eigenvectors of M with D̃ to form the matrix H in accordance with (6.3). H
has condition number κ(H) ≈ 6.2724 × 105 with respect to the matrix 2-norm in accordance
with Definition 2.1.18.
We again set up the noise in this experiment to be Gaussian but only draw the following
noise term,
η k ∼ N (0, R),

(6.86)

for k = 1, . . . , 1000 where R is defined in (6.68) with σ(o) = 8. We have chosen only to have
noise on the observations and not on the observation operator to emphasise the consequence
of choosing the regularization parameter too small. We can see from (6.42) and (6.43) that
with noise only on the observations the analysis error will evolve such that
ek = Λek−1 + Rα η k ,

(6.87)

and the bound on the analysis error will evolve such that
ek ≤ kΛk ek−1 + kRα k δ.

(6.88)

With an ill-conditioned observation operator we expect kRα k → ∞ as α → 0. Therefore,
as we decrease α, the analysis error will be controlled in each step. However, error in the
observations means that the analysis error will be amplified due to the Tikhonov-Phillips
inverse being large in norm.
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In the same way as Section 6.2.1, we set up simple error covariance matrices in accordance
with (6.68). For this experiment we choose the standard deviation on the background state
2
2
and observations to be σ(b) = 0.5 and σ(o) = 8, hence for α = σ(o)
/σ(b)
= 82 /0.52 = 256 we

connect 3DVar with cycled Tikhonov-Phillips regularization.
Again, since we deal with linear operators in this chapter we can explicitly calculate the
error evolution using (6.87). Furthermore, we also want to explore the bound on the error
evolution in (6.88). This bound in (6.88) can be considered as a worst case scenario and all
our theory is restricted to this bound. Therefore, it is necessary to compare this bound with
the actual error evolution. In this experiment we want to demonstrate that choosing the
regularization parameter too small means that the analysis error evolution becomes worse
despite remaining stable for all assimilation time.
We draw an initial analysis error using the background error statistics, such that e1 ∼
N (0, B) and calculate the analysis error for k = 2, . . . , 1000 using both (6.87) and (6.88).
Varying the regularization parameter α we can study the time-averaged error, the same way
as Section 6.2.1. In Figure 6.6 we plot the error integral for (6.87) against the regularization
parameter. Here in Figure 6.6 we do not plot the error integral for (6.88), since we want to
capture the behaviour of (6.87). Including (6.88) in Figure 6.6 rescales the image so that the
growth in the error integral is not as clear. We see in Figure 6.6 that as the regularization
parameter is reduced, the analysis improves significantly, but then very quickly begins to
grow. This growth is due to the ill-conditioned observation operator. We know that the
Tikhonov-Phillips inverse will grow in norm as the regularization parameter is reduced, which
affects the observation noise. Therefore, if we had perfect observations we would not see this
growth in the analysis error for a small regularization parameter.
Similarly to Section 6.2.1 we can investigate the analysis error evolution for individual
regularization parameters. We plot in Figure 6.7 the evolution of (6.87) and (6.88) for
α = 256, which corresponds to 3DVar for given covariances in (6.68). We see that both
(6.87) and (6.88) are unstable for this choice of regularization parameter. Now we investigate
inflating the background error statistics. Using Figure 6.6 we choose the regularization
parameter which corresponds to the smallest time-averaged error. In Figure 6.8 we plot the
evolution of (6.87) and (6.88) for α = 3 (the regularization with the smallest time-averaged
error). Now we choose the regularization parameter which corresponds to the largest time84

averaged error. In Figure 6.9 we observe stable evolutions for both (6.87) and (6.88) with
a regularization parameter α = 10−10 . Despite the evolution of (6.87) in Figure 6.9 being
stable, we observe that the analysis error is much larger compared with Figure 6.8. This is
reflected in what we observe in Figure 6.6. We take conclusions from this experiment and
those developed in Section 6.2.1 forward into more realistic experiments carried out later in
Chapter 7 and Chapter 8.
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Figure 6.6: ℓ2 norm of the time-averaged analysis error, kek kℓ2 integrated for all assimilation
time k = 1, . . . , 1000, varying the regularization parameter, α. Solid: Analysis error governed
by the actual error in (6.87).
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Figure 6.7: ℓ2 norm of the analysis error, kek kℓ2 as the scheme is cycled for index k with
regularization parameter, α = 256. Solid: Analysis error governed by the actual error in
(6.87). Dashed: Theoretical bound from (6.88).
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Figure 6.8: ℓ2 norm of the analysis error, kek kℓ2 as the scheme is cycled for index k with
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Figure 6.9: ℓ2 norm of the analysis error, kek kℓ2 as the scheme is cycled for index k with

regularization parameter, α = 10−10 . Solid: Analysis error governed by the actual error in
(6.87). Dashed: Theoretical bound from (6.88).
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6.4

Summary

In this chapter new theoretical results for the stability of cycled 3DVar were presented.
We saw in three simple situations that stability can be guaranteed using the regularization
parameter. Most notably we saw in Remark 6.1.6 that we were unable to obtain a stability
result for the case of constant model dynamics when the dimension of the state space was
infinite. Moreover, it was seen that we require some contractive modes of the model dynamics
in the case where either the observation operator arose from the model operator or vice
versa. Lemma 6.1.5 demonstrated an additional challenge, which was that the norm of the
reconstruction error operator is always equal to one when the operator equation is ill-posed
in an infinite dimension setting. However, we saw that this can be resolved by splitting the
state space. Let us assume that the model dynamics are contractive on higher modes of
the observation operator. Then splitting the state space means that the norm estimate in
Lemma 6.1.5 can be controlled by the contractive part of the model operator and we can use
the regularization parameter to control growth in the model dynamics on the lower modes
of the observation operator.
We also investigated the evolution of the analysis error numerically. We found that the
regularization parameter must be chosen to balance the growth in each cycled assimilation
step with the growth in the Tikhonov-Phillips inverse. We take these conclusions forward into
the following two chapters and develop theory and numerical experiments for more realistic
and practical systems.
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Chapter 7
Linear model dynamics
In this chapter we develop new theoretical results for the stability of the data assimilation
schemes introduced in Chapter 3 for more realistic dynamical systems compared with Chapter 6. We first consider the case of time-invariant linear model dynamics for cycled data
assimilation schemes which employ static error covariances. We present theoretical results
and a numerical experiment using the 4DVar scheme introduced in Chapter 3. Next we
present results for time-varying linear model dynamics for cycled data assimilation schemes
that use a multiplicative update to the background error covariance. Finally, we present
results for time-varying model dynamics for cycled data assimilation schemes that update
the background error covariance in a general way. Under a number of conditions we can connect one of our stability results with the Kalman filter from Chapter 3. We have submitted
separately some of the results of this chapter for publication in [67].
For the theory in this chapter we will make a number of assumptions. For clarity we now
list these assumptions so that we can refer to them clearly later on.
Assumption 7.0.1. The observation operator Hk ∈ L(X, Y) is a time-varying linear injective compact operator.
Assumption 7.0.2. The time-invariant linear model dynamics M ∈ L(X) is strictly contractive, such that kM k < 1.
Assumption 7.0.3. The model dynamics M ∈ L(X) is a time-invariant Hilbert-Schmidt
operator.
Assumption 7.0.4. The model dynamics Mk ∈ L(X) is a time-varying linear operator.
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7.1

Time-invariant linear dynamics

In this section we develop theory on the analysis error for cycled Tikhonov-Phillips regularization as introduced in Theorem 3.1.10. Here we move to a more realistic scenario where
the model dynamics are independent of the observation operator. This is a more general
situation compared with the results obtained in Chapter 6. We assume that the model dynamics is a time-invariant Hilbert-Schmidt operator in accordance with Assumption 7.0.3.
The observation operator is assumed to be a time-invariant compact linear operator in accordance with Assumption 6.0.2. From (4.19) substituting for time-invariant model dynamics
and observation operator we have that
ek = (I − Rα H) M ek−1 + Rα η k + (I − Rα H) ζ k − Rα ω k ,

(7.1)

where Rα = (αI + H ∗ H)−1 H ∗ ∈ L(Y, X). Repeating the step from (6.7) through to (6.13)
we have the following bound on the analysis error,
ek ≤ kΛk ek−1 + kN k υ + kRα k (δ + γ) ,

(7.2)

where ek := kek k, Λ := N M , N := I − Rα H, with noise terms υ, δ and γ in accordance with
Section 4.1. This is the same form as that in (6.42) and (6.43). Therefore, we can formulate
Theorem 6.2.1 and ensure asymptotic stability of the cycled scheme by demonstrating that
kΛk < 1. In this case, this condition means that the model dynamics M is not increasing
the error stronger than the reconstruction error operator N can reduce it.
As a first attempt we use (c) in Lemma 2.1.20 to split the operator Λ as follows
kΛk = kN M k ≤ kN k · kM k .

(7.3)

The following result follows directly from (7.3).
Lemma 7.1.1. Let X and Y be Hilbert spaces and let Assumption 6.0.2 hold. If Assumption
7.0.2 holds then kΛk < 1.
Proof. From Lemma 6.1.5 we have that kN k = 1. Therefore from (7.3) we have
kΛk ≤ kN k · kM k = kM k < 1,
since M is strictly contractive.
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(7.4)

The result in Lemma 7.1.1 has limited practicality since it requires that the model dynamics are strictly contractive for stability. However, as indicated by the work in Chapter
6, if we can split the state space into two parts, one part where the growth in the model can
be controlled and another part where a contraction in the model dynamics appears, then we
would be able to generalise the result in Lemma 7.1.1 to more realistic systems.
We use the singular system of the observation operator to split the state space. Let
(µi , ϕi , gi ) be the singular system of H in accordance with Theorem 2.2.6. We define orthogonal projection operators P (1) and P (2) , such that
P (1) : X → span{ϕi , i ≤ n} and P (2) : X → span{ϕi , i > n},

(7.5)

for i, n ∈ N. For convenience we define the following orthogonal subspaces
X(1) := span{ϕ1 , . . . , ϕn } and X(2) := span{ϕn+1 , ϕn+2 , . . .}.

(7.6)

Using Theorem 2.1.7, Lemma 2.1.27 and Corollary 2.1.29 we can expand any element xk ∈ X
in a Fourier series as follows,

xk = P (1) + P (2) xk = P (1) xk + P (2) xk
=

n
X
i=1

for k ∈ N0 .

hxk , ϕi i ϕi +

∞
X

i=n+1

(7.7)

hxk , ϕi i ϕi

(7.8)

Using the orthogonal projection operators P (1) and P (2) we define operators M (1) : X →

X(1) and M (2) : X → X(2) , such that

M (1) := P (1) M and M (2) := P (2) M.

(7.9)

Using the reconstruction error operator N = I − Rα H we split Λ as follows,
Λ = N |X(1) M (1) + N |X(2) M (2) ,

(7.10)

in which N |X(1) means the operator N is restricted to the subspace X(1) , such that N maps
X(j) for j = 1, 2 into itself. This is possible because the operator N is diagonal with respect

to the singular system of the observation operator H as seen in (6.41). This leads to the
norm estimate
kΛxk k2 =


N |X(1) M (1) + N |X(2) M (2) xk

= N |X(1) M (1) xk
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2

2

+ N |X(2) M (2) xk

(7.11)
2

,

(7.12)

for all xk ∈ X where equality comes from Theorem 2.1.8, since the subspaces X(1) and X(2)
in (7.6) are orthogonal. Applying (a) and (c) in Lemma 2.1.20 we have that
kΛk2 ≤ kN |X(1) k2 · M (1)

2

+ kN |X(2) k2 · M (2)

2

.

(7.13)

The following result estimates kN |X(1) k and is similar to Lemma 6.1.4.
Lemma 7.1.2. For the Hilbert space (X, k · kB −1 ), the regularised reconstruction error operator N restricted to the subspace X(1) has the following norm estimate,
α
α + µ2i

kN |X(1) k = sup

i=1,...,n

(7.14)

where µi are the singular values of the operator H ordered according to their size and multiplicity. Then for some constant 0 < ρ < 1 we can choose α > 0 sufficiently small such that

kN |X(1) k ≤ ρ.

(7.15)

Proof. We use (6.33) to obtain (7.14). Since X(1) is spanned by a finite number of spectral
modes of the operator H, we can use Lemma 6.1.4 to show (7.15), which completes the
proof.
The following result is similar to Lemma 6.1.5 and is a consequence of a compact linear
operator in an infinite dimensional Hilbert space.
Lemma 7.1.3. For the Hilbert space (X, k · kB −1 ), the reconstruction error operator N re-

stricted to the subspace X(2) has the norm estimate

kN |X(2) k = 1.

(7.16)

Proof. Since H is compact, the singular values µi → 0 for i → ∞. This means that
kN |X(2) k =

sup
i=n+1,...,∞

α
=1
α + µ2i

(7.17)

for all α > 0, which completes the proof.
The sufficient condition for stability of the cycled data assimilation scheme requires that
kΛk < 1. Applying our norm estimates from Lemma 7.1.2 and Lemma 7.1.3 to (7.13) we
obtain
kΛk2 ≤ ρ2 · M (1)
91

2

+ M (2)

2

.

(7.18)

Here we directly see how the linear growth in X(1) can be controlled by the regularization
parameter α > 0. It is seen that the linear system M has to be damping in X(2) for kΛk < 1.
Therefore, only if M is strictly damping on higher spectral modes of H, will we be able to
stabilise the cycled data assimilation scheme. Instead of assuming this damping on higher
spectral modes we can go further and show that if we split the state space in a particular way
then for a particular class of compact model operators we can obtain a contraction in the
error dynamics. The following result is restricted to Hilbert-Schmidt operators as introduced
in Section 2.1.3.
Lemma 7.1.4. If Assumption 7.0.3 holds then given 0 < ǫ < 1 there is an n ∈ N, such that

on X(2)

M (2)

2

≤ ǫ.

(7.19)

Proof. We begin with expressing the operator M (2) applied to any element xk ∈ X as
M

(2)

xk

2

=

∞
X

i=n+1

=

∞
X

i=n+1

|hM xk , ϕi i|2
*

M

∞
X

(7.20)

x k , ϕj ϕj , ϕi

j=1

+

2

,

(7.21)

by expanding xk in a Fourier series according to (2.8). Rearranging we obtain
M (2) xk

2

∞
∞
X
X

=

2

M ϕj , ϕi

x k , ϕj

(7.22)

i=n+1 j=1

≤

∞
X

i=n+1

∞
X

x k , ϕj

j=1

2

!

∞
X

M ϕj , ϕi

j=1

2

!

,

(7.23)

where we have applied the Cauchy-Schwarz inequality from Proposition 2.1.4. Reordering
and applying Parseval’s equality in (2.9), we have
M (2) xk

2

≤

∞ X
∞
X

2

M ϕj , ϕi

i=n+1 j=1

!

· kxk k2 .

(7.24)

From Definition 2.1.23 we know that the norm of a Hilbert-Schmidt operator is finite. This
means that
2

|ai | :=

∞
X

M ϕj , ϕi

j=1
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2

(7.25)

is a sequence where

∞
X
i=1

Let bl be the partial sum such that

|ai |2 < ∞.

bl :=

l
X
i=1

(7.26)

|ai |2 .

(7.27)

Then we know that the sequence (bl ) is monotonically increasing and from (7.26) we know
that the sequence is bounded from above. Then from [27, Proposition 2.8] we have that (bl )
is convergent. This means that given 0 < ǫ < 1 there is an n ∈ N, such that
∞ X
∞
X

M ϕj , ϕi

i=n+1 j=1

2

=

∞
X

i=n+1

|ai |2 ≤ ǫ.

(7.28)

This completes the proof.
The result in Lemma 7.1.4 is interesting since it demonstrates how we can ensure stability
in an infinite dimensional setting for a Hilbert-Schmidt operator. It shows that we can split
the state space X so that there is a contraction in the error dynamics over the higher spectral
modes of H. Then using the result in Lemma 7.1.2 we can use the regularization parameter
to control any expansion in the lower spectral modes of H. We are now able to collect all
parts of our analysis to show asymptotic stability for cycled data assimilation schemes with
a compact observation operator.
Theorem 7.1.5. For the Hilbert spaces (X, k · kB −1 ) and (Y, k · kR−1 ), let both Assumption
6.0.2 and Assumption 7.0.3 hold. Then, for regularization parameter α > 0 sufficiently small
we have kΛk < 1. If Assumption 6.0.1 holds then the analysis error is bounded over time by
√
υ + 2δ+γ
kN k υ + kRα k (δ + γ)
α
lim sup kek k ≤
≤
.
1 − kΛk
1 − kΛk
k→∞

(7.29)

Proof. Given that M is a time-invariant Hilbert-Schmidt operator, we first show that we can
achieve kΛk < 1. From (7.13) we let kM (1) k be an arbitrary constant c and kN |X(2) k = 1 in
accordance with Lemma 7.1.3. We use Lemma 7.1.4 to choose n such that kM (2) k2 < 1/2.

With n fixed, according to Lemma 7.1.2, the norm kN |X(1) k can be made arbitrarily small
by choosing α small enough. We choose α such that
1
c2 · kN |X(1) k2 ≤ .
2
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(7.30)

Then we obtain kΛk < 1 from (7.13). The bound for the analysis error is then given by
Theorem 6.2.1, which also provides the estimate in (7.29). The inequality completes the
proof in accordance with Remark 6.2.2.
The result in Theorem 7.1.5 demonstrates the stability of cycled data assimilation schemes
in an infinite dimensional setting. The result shows for a regularization parameter that is
chosen sufficiently small, we are in a stable range for the data assimilation scheme, that
is the analysis error remains bounded for all time. We can relate our result in Theorem
7.1.5 with other results in the literature. In Lemma 4.4.1 it was stated that for a noise-free
continuous-time dynamical system, if an observer gain can be chosen so that (4.40) generates
an exponentially stable strongly continuous semigroup, then the analysis error asymptotically
tends to zero. However, they did not show how an observer gain can be chosen. Here we
show that for the discrete-time dynamical system in (4.5) and (4.7) we can find an observer
gain so that the norm of Λ from (7.2) is less than one, which means from Theorem 7.1.5
that we obtain a bounded analysis error for all time. In the next section we set-up a realistic
numerical experiment using the 2D Eady model as introduced in Chapter 5.

7.1.1

Numerical experiment

In this section we set up a numerical experiment that will demonstrate the behaviour of
the analysis error in cycled data assimilation schemes. In the same way as Section 6.3.1
we are able to apply our theoretical results in Section 7.1 to the experimental problem.
This is because we can relate a well known linear partial differential equation with its finite
dimensional discretisation. Here we again take the 2D Eady model for the model dynamics
and use a random linear injective compact observation operator that satisfies Assumption
6.0.2. In particular we show that a cycled 3DVar scheme is stable over time for a model
dynamics operator that satisfies Assumption 7.0.3. Using bounded noise in accordance with
Assumption 6.0.1 we are therefore able to apply the result in Theorem 7.1.5 since Assumption
6.0.2 and Assumption 7.0.3 hold.
We illustrate numerically the result from Theorem 7.1.5, that the regularization parameter
can be chosen sufficiently small such that the analysis error remains bounded for all time.
Previously in Section 6.3.1 we observed that choosing the regularization parameter sufficiently
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small led to a stable cycled data assimilation scheme. We consider that the model operator
M is the discretised Eady model from Chapter 5 and H is a general injective linear illconditioned operator. Here the model dynamics operator M , the discretised Eady model is
a time-invariant linear Hilbert-Schmidt operator.
We begin with the discretised Eady model, such that M is an 80 × 80 matrix. For the
observation operator we create a random 80 × 80 matrix using the rand function in Matlab.
Similar to Section 6.3.1 we change the singular values of H by drawing from the closed
interval [0, 2]. Therefore, the singular values of H range as follows,
µ(H) ≈ (1.9740, . . . , 0.0224).

(7.31)

Hence, H has growing and damping modes of a similar size to that of M as was discussed
in Chapter 5. We set the last singular value µ80 = 6.6 × 10−14 to create an ill-conditioned

observation operator. Therefore H has condition number κ(H) ≈ 2.9967 × 1013 with respect
to the matrix 2-norm in accordance with Definition 2.1.18. The observation operator is
a linear time-invariant compact operator which satisfies the theory we have developed in
Section 7.1.
Using (3.13) we formulate the matrix Ĥ for an assimilation window of length L = 5. We
again set up the noise in this experiment to be Gaussian and draw the following noise terms,
η kl ∼ N (0, R), ζ kl ∼ N (0, Q) and ω kl ∼ N (0, W ),

(7.32)

for kl = 1, . . . , 1000. In a similar way to Section 6.2.1 we set up simple covariance matrices
as follows,
2
2
2
R = σ(o)
I, Q = σ(q)
I and W = σ(w)
I,

(7.33)

2
2
2
where σ(o)
, σ(q)
and σ(w)
are the variances of the noise on the observations, model and

observation operator respectively. However, in this experiment we shall formulate a realistic
background error covariance matrix using a Laplacian correlation matrix. The inverse of the
Laplacian correlation matrix for a periodic parameter is
C −1 = γ −1

L̂4 2
L
I+
2∆x4 xx

!

.

(7.34)

Here L̂ is the lengthscale, ∆x is the great circle distance between grid points, I is an identity
matrix of appropriate size and γ > 0 is a scaling factor that ensures that the maximum
95

element of C is equal to one. The matrix Lxx is the second order derivative matrix, such that


−2
1
0 ...
0
1




 1 −2
1
0 ...
0 


.. 

... ... ... ...
 0
. 
.
Lxx = 
(7.35)
 .. . . . . . . . .

.
.
.
.
 .
0 




 0 ...
0
1 −2
1 


1
0 ...
0
1 −2
The continuous limit of the covariance operator is as follows,
−1

C = γ I + L̂4 ∆2

(7.36)

where ∆ is the Laplacian with periodic boundary conditions [79]. Further details of the
Laplacian correlation matrix can be found in [36, p.50], [37] and [30, p.53]. We assume that
2
the background error variances are equal to σ(b)
at every grid point, therefore the background

error covariance matrix is
2
C,
B = σ(b)

(7.37)

where C is the inverse of the matrix defined in (7.34).
We choose a similar lengthscale to the experiments in [37], which corresponds to 500km
in its dimensionalised form. We assume that errors of the buoyancy on the top and bottom
boundaries are uncorrelated. This is a reasonable assumption to make and is consistent
with the experiments in [37]. We choose the standard deviation on the background to be
σ(b) = 0.06. In Figure 7.1 and Figure 7.2 we plot the background error covariance matrix
and its inverse respectively. Since we assume that the error in the buoyancy on the upper
boundary is uncorrelated with the error in the buoyancy on the lower boundary, the matrix
in Figure 7.1 is block diagonal. We use the matrix in Figure 7.2 to calculate the weighted
2
norms of the error evolution. If we choose α = σ(o)
then 4DVar is equivalent to cycled

Tikhonov-Phillips regularization with respect to the weighted norm in Theorem 3.1.13. For
this experiment we choose the standard deviation on the noise as follows, σ(o) = 4, σ(q) = 1.3
2
and σ(w) = 0.6. Therefore, for α = σ(o)
= 42 = 16 we connect 4DVar with cycled Tikhonov-

Phillips regularization.
Again, since we deal with linear operators in this chapter, we can explicitly calculate the
error evolution using (7.1). Furthermore, we also want to explore the bound on the error
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evolution in (7.2). We draw an initial analysis error using the background statistics, such that
e1 ∼ N (0, B) and calculate the analysis error for k = 2, . . . , 200 using (7.1) and the bound in
(7.2). This corresponds to cycling 4DVar over 1000 time-steps since the assimilation window
is L = 5. Varying the regularization parameter α we can study the time-averaged error in
the same way as Section 6.2.1 and Section 6.3.1. In Figure 7.3 we plot the error integral
for (7.1) and (7.2) against the regularization parameter. We see in Figure 7.3 that as the
regularization parameter is reduced the analysis improves significantly. We do not observe
an increase in the error evolution as the regularization parameter is further reduced, which
we observed in Section 6.3.1. This can be explained if we calculate the condition number of
Ĥ, as κ(Ĥ) ≈ 7.3398. We see that despite H being ill-conditioned, the resulting matrix Ĥ
which we formulate is reasonably well-conditioned. Therefore, we do not expect the analysis
error to grow as we reduce the regularization parameter.
We also see in Figure 7.3 that the bound from (7.2) on the analysis error is unstable
for a smaller regularization parameter compared with the actual analysis error from (7.1).
Our theoretical understanding of the behaviour of the analysis error is confirmed by the
numerical result. It demonstrates the sufficient stability condition which we obtain through
our approach of norm estimates. Therefore, we cannot say that if kΛk ≥ 1 then the analysis
error evolution will be unstable. Instead we must restrict ourselves and say that if kΛk < 1
then the analysis error will be stable.
In order to observe the impact of the weighted norm, we plot in Figure 7.4 the timeaveraged error for both an ℓ2 norm and the weighted norm. We see that the only difference
is a rescaling of the y axis. We expect this since the weight B −1 is constant in time and as
such is only scaling the error evolution. Here in Figure 7.4 we do not plot the time-averaged
error for the bound in (7.2) since it rescales the image so that it is not clear to observe the
difference in the y axis between the ℓ2 norm and the weighted norm.
In Figure 7.5 we plot the evolution of (7.1) and (7.2) with regularization parameter α = 1,
which is the value of the regularization parameter that leads to the smallest time-averaged
error in Figure 7.3. Here we observe the stable error evolution from (7.1) and unstable growth
in (7.2). This directly demonstrates the sufficient stability condition, which we previously
discussed, such that for this choice of regularization parameter kΛk ≥ 1 but r(Λ) < 1.
In Figure 7.6 we plot the error evolution for α = 16, which corresponds to 4DVar for the
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weighted norm. We see that for cycled 4DVar, both evolutions in (7.1) and (7.2) are unstable.
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Figure 7.1: The background error covariance matrix, B for a lengthscale of 500km
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Figure 7.2: The inverse background error covariance matrix, B −1 for a lengthscale of 500km
In this section we restricted our analysis to a time-invariant model operator M . However,
in the next section we take a further step forward and consider time variant model dynamics.

7.2

Time-varying linear dynamics with a multiplicative
update to the background error covariance

In this section we assume that the model dynamics is a time-varying linear operator in
accordance with Assumption 7.0.4. However, the observation operator will remain timeinvariant in accordance with Assumption 6.0.2. Furthermore, we consider a class of data
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Figure 7.3: Weighted norm of the time-averaged analysis error, kek kB −1 integrated for all
assimilation time k = 1, . . . , 200, varying the regularization parameter, α. Solid: Analysis
error governed by (7.1). Dashed: Theoretical bound from (7.2).
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analysis error, kek kB −1 , integrated for all assimilation time k = 1, . . . , 200, varying the regularization parameter, α. Solid: ℓ2 norm of analysis error governed by (7.1). Dashed: Weighted
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k with regularization parameter, α = 1. Solid: Analysis error governed by (7.1). Dashed:
Theoretical bound from (7.2).
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k with regularization parameter, α = 16. Solid: Analysis error governed by (7.1). Dashed:
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assimilation schemes that perform an update to the background error covariance operator.
Here we consider a time-dependent regularization parameter αk . Previously in Section 7.1 we
chose a regularization parameter α > 0 for all time that inflated the background covariance
operator as in (3.32) and (3.34). Now we are interested in changing α > 0 in each step such
that given an initial background error covariance operator B0 ∈ L(X), then
B k = αk B0 ,

(7.38)

for a given positive time-dependent regularization parameter αk > 0. We are interested in
choosing a regularization parameter adaptively in order to extend our previous time-invariant
result in Theorem 7.1.5 to dynamical systems where the model dynamics are time-varying.
We call this set-up in (7.38) a multiplicative update in the background error statistics and
it can be seen as applying adaptive variance inflation as discussed in Section 3.1.3. We now
weight the state space using the initial background error covariance operator B0 in (7.38)
in accordance with Theorem 3.1.13 and represent a multiplicative update in the background
error statistics with a time-dependent regularization parameter αk in the Tikhonov-Phillips
inverse, such that
Rαk = (αk I + H ∗ H)−1 H ∗ .

(7.39)

Here we clarify that H ∈ L(X, Y) remains a time-invariant linear compact operator in
accordance with Assumption 6.0.2. However, now αk is dependent on k therefore, we write
Rαk since the Tikhonov-Phillips inverse operator is dependent on a changing regularization
parameter αk . It directly follows from Theorem 3.1.13 that if αk = 1 for all k ∈ N0 in (7.39)
then the cycled Tikhonov-Phillips scheme would correspond to 3DVar for the weighted norms
k · kB0−1 on X and k · kR−1 on Y.
From (4.19) we substitute Rα for a time-dependent Rαk and Hk for a time-invariant
observation operator H, such that
ek = (I − Rαk H) Mk−1 ek−1 + Rαk η k + (I − Rαk H) ζ k − Rαk ω k .

(7.40)

Repeating the step from (6.7) through to (6.13), we have the following bound on the analysis
error
ek ≤ kΛk k ek−1 + kNαk k υ + kRαk k (δ + γ) ,
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(7.41)

where ek := kek k, Λk := Nαk Mk−1 , Nαk := I − Rαk H, with noise terms υ, δ and γ in
accordance with Section 4.1. This form in (7.40) and (7.41) does not allow us to formulate a
similar result on the error evolution as in Theorem 6.2.1. This is because now the operators
Nαk ∈ L(X) and Rαk ∈ L(Y) are time-varying. Therefore, it is necessary to take a further
bound on the behaviour of the analysis error. From Lemma 6.1.4 and Lemma 6.1.5 we know
that kNαk k ≤ 1 for any regularization parameter α > 0. Also if we substitute αk into (6.47)
√
we have that kRαk k ≤ 1/(2 αk ). Therefore, we can bound (7.41) such that
δ+γ
ek ≤ kΛk k ek−1 + υ + √
2 αk
δ+γ
≤ kΛk k ek−1 + υ + √ ∗ ,
2 α

(7.42)
(7.43)

where 0 < α∗ ≤ inf k∈N0 αk . We can now formulate the following result that is similar to
Theorem 6.2.1.
Theorem 7.2.1. For the Hilbert space (X, k·kB0−1 ), let Assumption 6.0.1 hold. If there exists
a constant χ > 0 such that supk∈N0 kΛk k := supk∈N0 k(I − Rαk H)Mk−1 k ≤ χ, then the error
(a)

(t)

evolution in (7.43) and the error term, ek ∈ X for k ∈ N0 where ek := xk − xk is bounded
by
k

kek k ≤ χ ke0 k +
for k ∈ N0 . If χ 6= 1 then

k−1
X

χ

l

l=0

1 − χk
kek k ≤ χ ke0 k +
1−χ
k

for k ∈ N0 . If χ < 1 then
lim sup kek k ≤
k→∞



δ+γ
υ+ √ ∗
2 α



υ+



δ+γ
υ+ √ ∗
2 α
δ+γ
√
2 α∗

1−χ

.

,

(7.44)



(7.45)

,

(7.46)

Proof. Given that there exists some constant χ > 0 such that supk∈N0 kΛk k ≤ χ then from
(7.43) we have
δ+γ
ek ≤ χek−1 + υ + √ ∗ ,
2 α

(7.47)

where ek := kek k. The form in (7.47) is similar to that in (6.13). Therefore, we can complete
the proof using Theorem 6.1.3 for a different constant χ.
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This result in Theorem 7.2.1 is important since it demonstrates the reverse situation of
the previous work we have presented so far. The difference between Theorem 6.1.3, Theorem
6.2.1 and Theorem 7.2.1 is subtle. In Theorem 6.1.3 and Theorem 6.2.1 we were able to
present a stability result which was not conditioned on Λ being bounded by a particular
constant. However, in Theorem 7.2.1 the operator Λk is time-varying, therefore we must
first assume that it is bounded by some constant χ before we present our stability result.
Instead we could have expressed the error evolution in (7.44) using a state transition matrix,
although in this case it would be more difficult to produce as asymptotic result similar to
(7.46).
To ensure asymptotic stability of the cycled scheme we must demonstrate that the operator Λk is uniformly bounded for all time, such that there exists a constant 0 < χ < 1 with
supk∈N0 kΛk k ≤ χ. In this case we must show that the model dynamics Mk−1 is not increasing
the error in each assimilation step stronger than the reconstruction error operator Nk can
reduce it. We have seen previously in this work in Section 7.1 that if there is an expansion
in the model dynamics, then we can choose a small regularization parameter to control the
error in each step. Now in this section the model dynamics are time-varying therefore, if
Mk−1 was to grow uniformly with respect to k, such that kMk−1 k → ∞ as k → ∞, then αk
would have to be chosen smaller and smaller, such that αk → 0 as k → ∞. This cannot be
allowed therefore we make the following assumption.
Assumption 7.2.2. The sequence of linear model operators Mk is bounded for all time, such
that
sup kMk k = c < ∞,

(7.48)

k∈N0

for some constant c > 0.
It is unclear whether Assumption 7.2.2 holds and if there exists a constant χ such that
supk∈N0 kΛk k ≤ χ for realistic models. If Assumption 7.2.2 holds then we can formulate the
following finite dimensional result using Lemma 6.1.4.
Lemma 7.2.3. Let X and Y be finite dimensional spaces with the weighted norm k · kB0−1 on
X and let Assumption 6.0.2 hold. Let the model dynamics Mk−1 satisfy Assumption 7.2.2 for
all k ∈ N. Given some constant 0 < ρ < 1, then using the regularization parameter αk > 0
we can make supk∈N0 kΛk k = ρ.
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Proof. We split the operator Λk according to (7.3), so that kΛk k ≤ kNαk k · kMk−1 k. Using
Lemma 6.1.4 we can choose αk on each assimilation step sufficiently small, so that if kMk−1 k ≥
1, then we choose αk so that kNαk k < 1/kMk−1 k, else if kMk−1 k < 1, then we choose any
αk > 0. This ensures that supk∈N0 kΛk k = ρ < 1. By Assumption 7.2.2 we ensure that αk > 0
for all time k ∈ N0 .
Similar to Lemma 7.1.1, if X is of infinite dimension, then Mk−1 must be uniformly damping for all time to ensure that there exists a constant 0 < ρ < 1, such that supk∈N0 kΛk k = ρ.
Lemma 7.2.4. For the Hilbert space (X, k · kB0−1 ), let Assumption 6.0.2 hold. If there exists
a constant 0 < ρ < 1 such that supk∈N kMk−1 k = ρ then kΛk k < 1 for all k ∈ N0 .
Proof. Since H is compact and X has infinite dimension then from Lemma 6.1.5 kNαk k = 1
for any αk > 0. Using (7.3) and Lemma 7.1.1 we complete the proof.
These two results are limited since they are for the situation of a well-posed observation
operator in Lemma 7.2.3 and contractive model dynamics in Lemma 7.2.4. However, splitting
the space in a similar way to Section 7.1, we can show that for a sequence of time-varying
Hilbert-Schmidt model operators the cycled data assimilation scheme is asymptotically stable.
(1)

(2)

As in Section 7.1 we define the orthogonal projection operators Pnk and Pnk , such that
Pn(1)
: X → {ϕi , i ≤ nk } and Pn(2)
: X → {ϕi , i > nk },
k
k

(7.49)

with respect to the singular system (µi , ϕi , gi ) of H and nk ∈ N. We define the following
orthogonal spaces
(2)
X(1)
nk := span{ϕ1 , . . . , ϕnk } and Xnk := span{ϕnk+1 , ϕnk+2 , . . .}.
(1)

(7.50)

(2)

Using the orthogonal projection operators Pnk and Pnk we define time-dependent operators
(1)

(1)

(2)

(2)

Mk−1 : X → Xnk and Mk−1 : X → Xnk , such that
(1)

(2)

Mk−1 := Pn(1)
Mk−1 and Mk−1 := Pn(2)
Mk−1 .
k
k

(7.51)

From (7.43) we apply the steps from (7.7) through to (7.10) so that
ek ≤



(1)

(2)

Nαk |X(1)
Mk−1 + Nαk |X(2)
Mk−1
n
n
k

k
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δ+γ
ek−1 + υ + √ ∗ .
2 α

(7.52)

Applying (c) in Lemma 2.1.20 we have that
ek ≤



(1)

(2)

Nαk |X(1)
· Mk−1 + Nαk |X(2)
· Mk−1
n
n
k

k

δ+γ
+ √ ∗.
2 α



ek−1 + υ
(7.53)

Given some constant 0 < ρk < 1 for all k ∈ N0 , we can use Lemma 7.2.3 and Lemma 7.1.3
to choose αk so that


δ+γ
(2)
(1)
ek ≤ ρk · Mk−1 + Mk−1 ek−1 + υ + √ ∗ .
2 α

(7.54)

Before we present our next stability result we must present the following definition.
Definition 7.2.5. Let Mk be a sequence of Hilbert-Schmidt operators on a Hilbert space X
and let {ϕi : i ∈ N} be a complete orthonormal system in X. We call Mk a uniform sequence
of Hilbert-Schmidt operators, if for every d > 0 there is an n ∈ N such that
∞
X

i=n+1

kMk ϕi k2 ≤ d

(7.55)

for all k ∈ N0 .
We are now in a position to collect all parts of our analysis to show asymptotic stability
for cycled data assimilation schemes with ill-posed observation operators and time-varying
model dynamics.
Theorem 7.2.6. For the Hilbert space (X, k · kB0−1 ), let Mk be a uniform sequence of HilbertSchmidt operators in accordance with Definition 7.2.5 that satisfies Assumption 7.2.2. Then
for any constant 0 < d < 1 there exists an nk ∈ N in each assimilation step k such that
(2)

sup Mk−1 = d.

(7.56)

k∈N

Let Assumption 6.0.2 hold. Then using the regularization parameter αk > 0 we can ensure
for some constant 0 < ρ < 1 that
(2)

Nαk |X(1)
≤
n

ρ − Mk−1

k
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(1)

Mk−1

,

(7.57)

for all k ∈ N. Then under the conditions of Theorem 6.2.1, there exists a constant 0 < χ < 1,
such that the analysis error is bounded over time by
lim sup kek k ≤

υ+

k→∞

where 0 < α∗ ≤ inf k∈N0 αk .

δ+γ
√
2 α∗

1−χ

,

(7.58)

Proof. From Lemma 7.1.4, given any 0 < ǫk < 1, there exists an nk ∈ N in each step k such
that

∞
X

i=nk +1

kMk−1 ϕi k2 ≤ ǫ2k .

(7.59)

Since Mk−1 is a uniform sequence of Hilbert-Schmidt operators, it then follows from Definition
7.2.5 that there exists a constant ǫk ≤ d < 1 and an nk ∈ N such that
v
u X
u ∞
sup t
kMk−1 ϕi k2 = d,
k∈N

(7.60)

i=nk +1

which satisfies (7.56).

Now nk is changing in each step k. Hence we must choose a regularization parameter
(1)

αk > 0 in each step so that (7.57) holds. Since nk is finite this means that Xnk is finite
dimensional and we have the following norm estimate in each assimilation step k, such that
Nαk |X(1)
=
n
k

sup
j∈{1,...,nk }

αk
,
α k + λj

(7.61)

where λj are the eigenvalues of the self-adjoint compact operator H ∗ H. We now show that
we can choose a constant 0 < α∗ ≤ αk for all k ∈ N0 so that
(2)

sup
j∈{1,...,nk }

ρ − Mk−1
α∗
≤
.
(1)
α ∗ + λj
Mk−1

(7.62)

Since the eigenvalues of H ∗ H are assumed to be ordered then from (7.61) we have that
sup
j∈{1,...,nk }

αk
αk
≤
.
α k + λj
α k + λnk

(7.63)
(1)

Under Assumption 7.2.2 there exists a constant c > 0 such that supk∈N kMk−1 k = c. Since
the model dynamics are assumed not to be globally damping then we have that c ≥ 1. From
(2)

(7.60) there exists a constant 0 < d < 1 such that supk∈N kMk−1 k = d. Hence,
(2)

ρ − Mk−1
ρ−d
≤
f :=
.
(1)
c
Mk−1
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(7.64)

We choose α∗ such that

λ∗ f
,
1−f

(7.65)

α∗
= f.
α ∗ + λ∗

(7.66)

α∗ =

where λ∗ := inf k∈N0 λnk > 0 since nk is finite. Then rearranging we have that

Therefore, we have found an α∗ > 0 such that (7.62) is satisfied, which means that there
exists an αk ≥ α∗ in each step k such that (7.57) is satisfied. Then from (7.54) there exists
a constant 0 < χ < 1 such that a bound for the analysis error is given by
δ+γ
ek ≤ χek−1 + υ + √ ∗ .
2 α

(7.67)

Then we can apply Theorem 7.2.1 to (7.67) and complete the proof to satisfy (7.58).
This result in Theorem 7.2.6 is substantial since it extends the previous result in Theorem
7.1.5. We see that choosing the regularization parameter on each assimilation step means
that we can control the time-varying model dynamics. This result is restricted to cycled data
assimilation schemes where we can perform a multiplicative update to the background error
covariance. Therefore, using the regularization parameter in each step enables us to control
any growth in the time-varying model dynamics. We see in (7.58) that the asymptotic bound
on the analysis error depends on a lower bound for the regularization parameter chosen over
time. It was necessary to bound the error evolution in (7.43) by α∗ to remove the time
dependence in the noise term. This is a trade off, since as we extend our results to more
general realistic systems, we must relax the bounds on the analysis error. In the next section
we move to a more complicated situation where there is a general update to the background
error covariance operator. This is a more interesting situation since we can parallel our
theoretical work with the Kalman filter as introduced in Chapter 3.

7.3

Time-varying linear dynamics with a general update to the background error covariance

In this section we consider an update to the background covariance operator in a more general
way compared with Section 7.2. In this case it does not make sense to weight the state space
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X with respect to the background covariance operator as in Theorem 3.1.13. A general
update to the background covariance operator means the norm on the state space X will be
changing in each assimilation step. Therefore, we must include the covariances B and R in
the Tikhonov-Phillips inverse directly. Despite this we will see that the Tikhonov-Phillips
inverse can be transformed into a symmetric form similar to (3.25).
This approach will allow us to develop results for a more general setting compared with
Section 7.1 and Section 7.2. However, unlike before these bounds will be dependent on the
condition number of the square root of the background error covariance operator. We use
the square root of the background error covariance operator to transform the TikhonovPhillips inverse into a symmetric form. This approach can be seen as using a transformation
of variables and then transforming back. The control variable transform is a technique
used operationally in NWP centres such as the UK Meteorological Office ([51], [69]) and
the European Centre for Medium-Range Weather Forecasts ([16]). These centres like many
others use a change of variable, such that
−1/2

zk = Bk

xk ,

(7.68)

as a preconditioning tool for all zk , xk ∈ X, given an invertible square root of the background
(b)

covariance operator Bk for k ∈ N0 . Here we drop the index (b) from Bk to keep this work
clear and note that Bk here will refer to the background covariance operator at time k. This
change of variable through the use of the background covariance operator is known as the
control variable transform technique. Operationally speaking, the control variable transform
is only currently applied for a static square root of the background error covariance matrix.
−1/2

However, here we assume that we can calculate Bk

for all time k. Preconditioning improves

the conditioning of the problem in accordance with Definition 2.1.18.
We begin with the Kalman filter update equation in (3.21) and substitute for (7.68) as
follows,


1/2 (a)
1/2 (a)
1/2 (a)
Bk zk = Mk−1 Bk−1 zk−1 + Kk yk − HMk−1 Bk−1 zk−1 ,

(7.69)

given a discrete time-varying linear model operator Mk−1 : X → X, such that
(b)

(a)

xk = Mk−1 xk−1 ,
for k ∈ N and the Kalman gain Kk from (3.20).
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(7.70)

1/2

−1/2

We assume that there exists unique square roots Bk , Bk

∈ L(X) for all time k ∈ N.

Later in Lemma 7.3.6 we show under a number of conditions that this assumption holds for
−1/2

the Kalman filter. Multiplying through by Bk
(a)

−1/2

zk = Bk

1/2

(a)

−1/2

Mk−1 Bk−1 zk−1 + Bk

we obtain,


1/2 (a)
Kk yk − HMk−1 Bk−1 zk−1 .

(7.71)

We use Lemma 2.1.19 and rearrange the Kalman gain as follows,
−1/2

Bk

−1/2

Bk H ∗ (HBk H ∗ + Rk )−1

−1 −1
−1/2
Bk + H ∗ Rk−1 H
Bk−1 + H ∗ Rk−1 H
= Bk

Kk = Bk

(7.72)

· Bk H ∗ (HBk H ∗ + Rk )−1

−1
−1/2
Bk−1 + H ∗ Rk−1 H
H ∗ + H ∗ Rk−1 HBk H ∗
= Bk
· (HBk H ∗ + Rk )−1
−1/2

= Bk

Bk−1 + H ∗ Rk−1 H

· (HBk H ∗ + Rk )−1
−1/2

1/2

−1

(7.73)

(7.74)

H ∗ Rk−1 (Rk + HBk H ∗ )
(7.75)

−1

Bk−1 + H ∗ Rk−1 H
H ∗ Rk−1
= Bk
−1

−1/2
1/2
= Bk
+ H ∗ Rk−1 HBk
H ∗ Rk−1
−1

1/2
1/2
1/2
= I + Bk H ∗ Rk−1 HBk
Bk H ∗ Rk−1
−1 ∗ −1
= I + Gk∗ Rk−1 Gk
Gk Rk ,

(7.76)

Rk = rI,

(7.80)

(7.77)
(7.78)
(7.79)

where Gk := HBk . We now assume that the observation error covariance takes the diagonal
form

−1/2

for all k ∈ N0 with r ∈ R+ . If there exists unique bounded square roots Rk

∈ L(Y) for all

k then it is possible to avoid assuming Rk is defined by (7.80). However, we will make this
assumption to simplify our bounds later in this section. Hence (7.79) becomes
−1/2

Bk

Kk = I + r−1 Gk∗ Gk

and therefore
1/2

−1

r−1 Gk∗ ,

Kk = Bk (rI + Gk∗ Gk )−1 Gk∗ .
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(7.81)

(7.82)

From (7.82) we include a time-dependent regularization parameter αk so that the TikhonovPhillips inverse is
1/2

Rαk ,k := Bk (rαk I + Gk∗ Gk )−1 Gk∗

(7.83)

and is equivalent to the Kalman gain for αk = 1 for all k ∈ N0 . We see that this form in
1/2

(7.83) is similar to that of (3.25), although here in (7.83) we have an extra term Bk

∈ L(X).

Furthermore, the operator Gk is time-varying, which is different to the previous set-up. This
means that if we span the space with respect to a singular system of Gk , in a similar way to
(7.6) and (7.50), then the singular system would be time-varying. Hence, the subspaces X1
and X2 would be changing in each assimilation step since the orthonormal system {ϕi : i ∈ N}
is changing in each step. We must keep this in mind when carrying out our analysis. In
addition, since now Gk is time-varying we can generalise our results even further and assume
1/2

that the observation operator is time-varying, such that Gk := Hk Bk . In this section we
assume that the observation operators Hk ∈ L(X, Y) are a sequence of injective linear timevarying compact operators and the inverse square root background error covariance operator
−1/2

Bk

∈ L(X) is injective for all time. Then it follows directly that Gk is injective for all

time. Later in Lemma 7.3.6 we show that under a number of assumptions, the Kalman filter
will produce an injective square root background error covariance operator for all time.
From (4.19) we replace Rα with (7.83) so that
ek = (I − Rαk ,k Hk ) Mk−1 ek−1 + Rαk ,k η k + (I − Rαk ,k Hk ) ζ k
− Rαk ,k ω k .

(7.84)

We rearrange the new reconstruction error operator in a similar way as seen from (6.28)
through to (6.33) as follows,
1/2

I − Rαk ,k Hk = I − Bk (rαk I + Gk∗ Gk )−1 Gk∗ Hk

(7.85)

1/2

= Bk (rαk I + Gk∗ Gk )−1 ·


−1/2
(rαk I + Gk∗ Gk ) Bk
− Gk∗ Hk
1/2

−1/2

= Bk (rαk I + Gk∗ Gk )−1 rαk Bk
−1 −1/2
1/2
Bk
= Bk I + r−1 αk−1 Gk∗ Gk
1/2

−1/2

= Bk Nαk ,k Bk
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,

(7.86)
(7.87)
(7.88)
(7.89)

where
Nαk ,k := (I + r−1 αk−1 Gk∗ Gk )−1 .

(7.90)

Therefore, we can rewrite (7.84) so that
1/2

−1/2

ek = Λ̂k ek−1 + Rαk ,k (η k − ω k ) + Bk Nαk ,k Bk
1/2

−1/2

where Λ̂k := Bk Nαk ,k Bk

ζk,

(7.91)

Mk−1 . Taking norms we have
1/2

−1/2

ek ≤ Λ̂k ek−1 + kRαk ,k k (δ + γ) + Bk Nαk ,k Bk

υ,

where ek := kek k and noise terms δ, γ and υ in accordance with Section 4.1.
(1)

We define the time-dependent orthogonal projection operators Pk
(1)

(7.92)

(2)

and Pk , such that

(2)

Pk : X → span{ϕi,k , i ≤ nk } and Pk : X → span{ϕi,k , i > nk },

(7.93)

with respect to the singular system (µi,k , ϕi,k , gi,k ) of Gk for i ∈ N and k ∈ N0 . We define the
following orthogonal subspaces,
(1)

(2)

Xk := span{ϕ1,k , . . . , ϕnk ,k } and Xk := span{ϕnk+1 ,k , ϕnk+2 ,k , . . .}.
(1)

(2)

Using the orthogonal projection operators Pk
(1)

and Pk

(7.94)

we define time-dependent operators

(2)

Mk−1 : X → X(1) and Mk−1 : X → X(2) , such that
(1)

(1)

(2)

(2)

Mk−1 := Pk Mk−1 and Mk−1 := Pk Mk−1 .

(7.95)

In the same way as (7.10), we write
Λ̂k =



1/2
−1/2
Bk Nαk ,k Bk





(2)
1/2
−1/2
|X(2) Mk−1 .
+ Bk Nαk ,k Bk

(1)
|X(1) Mk−1

(7.96)

k

k

Taking norms and applying (a) and (c) in Lemma 2.1.20 we obtain
Λ̂k =



1/2
−1/2
Bk Nαk ,k Bk



(1)
|X(1) Mk−1



(1)
1/2
−1/2
≤ Bk Nαk ,k Bk
|X(1) Mk−1

−1/2

≤ Bk |X(1) · Nαk ,k |X(1) · Bk
k

k

(7.97)
(7.98)

(1)

k

+ Bk |X(2) · Nαk ,k |X(2) · Bk
k

(2)

|X(1) · Mk−1

−1/2

1/2



k

k

1/2

1/2
−1/2
Bk Nαk ,k Bk

|X(2) Mk−1
k


(2)
1/2
−1/2
|X(2) Mk−1
+ Bk Nαk ,k Bk

+

k



k
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(2)

|X(2) · Mk−1 .
k

(7.99)

Using Definition 2.1.18 we have


1/2
(1)
Λ̂k ≤ κ Bk |X(1) · Nαk ,k |X(1) · Mk−1
k
k


(2)
1/2
+ κ Bk |X(2) · Nαk ,k |X(2) · Mk−1 ,

(7.100)

k

k

where κ(·) denotes the condition number. We can now bound the operators acting on the
noise terms. Since Gk is injective then
1/2

kRαk ,k k = Bk (rαk I + Gk∗ Gk )−1 Gk∗

(7.101)

1/2

Bk
≤ √
,
2 rαk

(7.102)

using Theorem 2.3.3 and
1/2

Bk

I + r−1 αk−1 Gk∗ Gk

−1



1/2
· kNαk ,k k ,
≤ κ Bk

−1/2

Bk

(7.103)

using (c) in Lemma 2.1.20 and Remark 6.2.2. Applying (7.100), (7.102) and (7.103) to (7.92)
we obtain

 
(1)
1/2
ek ≤ κ Bk |X(1) · Nαk ,k |X(1) · Mk−1
k
k



(2)
1/2
+κ Bk |X(2) · Nαk ,k |X(2) · Mk−1 ek−1
k

k

+

1/2
Bk

(δ + γ)

√
2 rαk



1/2
· kNαk ,k k υ.
+ κ Bk

(7.104)

The following remark explains that we can further bound (7.104) and highlights why it was
necessary to split the state space with respect to the singular system of Gk .
Remark 7.3.1. Directly from Lemma 6.1.5 we have
kNαk ,k k =

I + r−1 αk−1 Gk∗ Gk

−1

I + r−1 αk−1 Gk∗ Gk

−1

and from Lemma 7.1.3 we have
Nαk ,k |X(2) =
k

for all αk > 0 for k ∈ N0 .
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= 1,

|X(2) = 1,
k

(7.105)

(7.106)

Using Remark 7.3.1 we have from (7.104) that

 



1/2
(1)
1/2
(2)
ek ≤ κ Bk |X(1) · Nαk ,k |X(1) · Mk−1 + κ Bk |X(2) · Mk−1 ek−1
k

+

1/2
Bk

k

(δ + γ)

√

2 rαk

k



1/2
υ.
+ κ Bk

(7.107)

In order to achieve a bound on the analysis error, it is necessary to make the following
assumption on the behaviour of the background error covariance operator.
Assumption 7.3.2. The square root background error covariance and its inverse are uniformly bounded, such that
−1/2

≤a

(7.108)

≤ b,

(7.109)

sup Bk

k∈N0

and
1/2

sup Bk

k∈N0

for constants a, b ∈ R+ .
If Assumption 7.3.2 holds then we can satisfy the following bounds on the square root
(1)

of the background error covariance operator and its inverse restricted to the subspaces Xk
(2)

and Xk , such that
−1/2

sup Bk

k∈N0

−1/2

sup Bk

k∈N0

1/2

|X(1) ≤ a(1) , sup Bk |X(1) ≤ b(1) ,
k

k∈N0

1/2

|X(2) ≤ a(2) and sup Bk |X(2) ≤ b(2) ,
k

k∈N0

(7.110)

k

(7.111)

k

for constants a(1) , a(2) , b(1) , b(2) ∈ R+ . Later in this chapter we will show under certain positivity conditions that the Kalman filter satisfies (7.108) in Assumption 7.3.2. If Assumption
7.3.2 holds, then from (7.107) using (7.110) and (7.111) we have that


(2)
(1)
ek ≤ a(1) b(1) · Nαk ,k |X(1) · Mk−1 + a(2) b(2) · Mk−1 ek−1
k

b (δ + γ)
+ √ ∗ + abυ,
2 rα

(7.112)

where 0 < α∗ ≤ inf k∈N0 αk . Before we present our next stability result we must present the
following definition.
Definition 7.3.3. Let Gk ∈ L(X, Y) be a sequence of injective linear compact operators
mapping a Hilbert space X into a Hilbert space Y and let (µi,k , ϕi,k , gi,k ) be the singular
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system of Gk for i ∈ N and k ∈ N0 . We call Gk a uniform spectral sequence of injective linear
compact operators if there exists a sequence µ̂i > 0 such that
µi,k ≥ µ̂i ,

(7.113)

for all i ∈ N and k ∈ N0 .
As we will see, Definition 7.3.3 is necessary to achieve uniformity in the bounds on the
analysis error. We are now in a position to state the main result for cycled data assimilation
schemes that employ a general update to the background error covariance.
Theorem 7.3.4. For the Hilbert space (X, k · kℓ2 ), let Mk be a uniform sequence of HilbertSchmidt operators in accordance with Definition 7.2.5 that satisfies Assumption 7.2.2. Let
Assumption 7.3.2 hold. Then for any constant 0 < d < 1 there exists an nk ∈ N in each
assimilation step k, such that
d

(2)

sup Mk−1 =
k∈N

a(2) b(2)

,

(7.114)

with positive constants a(2) b(2) ∈ R+ from (7.111). Let Gk be a uniform spectral sequence
of injective linear compact operators in accordance with Definition 7.3.3. Then using the
regularization parameter αk > 0, we can always ensure for some constant 0 < ρ < 1 that
(2)

Nαk ,k |X(1) ≤
k

ρ − a(2) b(2) Mk−1
(1)

,

(7.115)

a(1) b(1) Mk−1

for all k ∈ N where Nαk ,k is defined in (7.90) and for positive constants a(1) b(1) ∈ R+ from
(7.110). Under the conditions of Theorem 6.2.1, there exists some constant 0 < χ < 1, such
that the analysis error is bounded over time by
lim sup kek k ≤

abυ +

k→∞

b(δ+γ)
√
2 rα∗

1−χ

,

(7.116)

where 0 < α∗ ≤ inf k∈N0 αk .
Proof. From Lemma 7.1.4, given any 0 < ǫk < 1/(a(2) b(2) ), there exists an nk ∈ N in each
step k such that

∞
X

Mk−1 ϕi,k

i=nk +1
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2

≤ ǫ2k ,

(7.117)

given the singular system (µi,k , ϕi,k , gi,k ) of the sequence of compact operators Gk for i ∈ N.
Since Mk−1 is a uniform sequence of Hilbert-Schmidt operators, it then follows from Definition
7.2.5 that there exists a constant ǫk ≤ d/(a(2) b(2) ) < 1/(a(2) b(2) ) and an nk ∈ N such that
v
u X
u ∞
d
2
(7.118)
sup t
Mk−1 ϕi,k = (2) (2) ,
a b
k∈N
i=n +1
k

which satisfies (7.114).

Now nk and the orthonormal system {ϕi,k : i ∈ N} are changing in each step k. Hence
we must choose a regularization parameter αk > 0 in each step so that (7.115) holds. Since
(1)

nk is finite this means that Xk from (7.93) is finite dimensional and we have the following
norm estimate in each assimilation step k, such that
Nαk ,k |X(1) =
k

sup
j∈{1,...,nk }

rαk
,
rαk + λj,k

(7.119)

where λj,k are the eigenvalues of the sequence of self-adjoint compact operators Gk∗ Gk . We
now show that we can choose a constant 0 < α∗ ≤ αk for all k ∈ N0 so that
(2)

sup
j∈{1,...,nk }

ρ − a(2) b(2) Mk−1
rα∗
.
≤
(1)
rα∗ + λj,k
a(1) b(1) Mk−1

(7.120)

Since the eigenvalues of Gk∗ Gk are assumed to be ordered then from (7.119) we have that
sup
j∈{1,...,nk }

rαk
rαk
.
=
rαk + λj,k
rαk + λnk ,k

(7.121)
(1)

Under Assumption 7.2.2 there exists a constant c > 0 such that supk∈N kMk−1 k = c. Since
the model dynamics are assumed not to be globally damping then we have that c ≥ 1. From
(2)

(7.118) there exists a constant 0 < d < 1 such that supk∈N kMk−1 k = d/(a(2) b(2) ). Hence,
(2)

ρ − a(2) b(2) Mk−1
ρ−d
f := (1) (1) ≤
.
(1)
a b c
a(1) b(1) Mk−1

(7.122)

From Definition 7.3.3 there exists a real positive constant 0 < λ∗ ≤ λnk ,k for all k ∈ N0 such
that we can choose α∗ so that

λ∗ f
.
r − rf

(7.123)

rα∗
= f.
rα∗ + λ∗

(7.124)

α∗ =
Then rearranging we have that

115

Therefore, we have found an α∗ > 0 such that (7.120) is satisfied, which means that there
exists an αk ≥ α∗ in each assimilation step k such that (7.115) is satisfied. Then from (7.112)
there exists a constant 0 < χ < 1 such that the bound for the analysis error is then given by
ek ≤ χek−1 +

b (δ + γ)
√
+ abυ.
2 rα∗

(7.125)

Therefore, we can apply Theorem 7.2.1 to (7.125) and complete the proof to satisfy (7.116).

The result in Theorem 7.3.4 shows that splitting the state space in a particular way
and choosing the regularization parameter sufficiently small, means that the cycled data
assimilation scheme can be kept stable for all time. We have shown that if Assumption
7.3.2 holds then the operator bounds in Assumption 4.5.1 from [7] can be satisfied in a more
general setting. With the added challenge of an updated background error covariance, it
was necessary to bound our expression for the analysis error by the condition number of the
square root of the background error covariance operator. Of course in generalising the set-up,
we expect the bounds to become weaker. Including the background error covariance directly
in the analysis error evolution means that it was necessary to satisfy Assumption 7.3.2. We
now show that under certain positivity conditions that the Kalman filter produces unique
(b)1/2

square roots Bk

(b)−1/2

, Bk

∈ L(X) for all time k ∈ N0 and satisfies (7.108) in Assumption

7.3.2.
Reducing the regularization parameter α here can be related to assuming that the observations are more accurate. The work of [30] has showed that having more accurate observations or a less accurate background (which both correspond to a reduction in the weight to
the background term, i.e. a smaller regularization parameter α) means that the TikhonovPhillips inverse at a fixed time is more ill-conditioned. Furthermore, we see that as the
condition number of the square root background error covariance operator gets larger then
our bound in (7.116) gets worse. Similar results can be seen in [30, Section 6.1.1] in the
finite dimensional setting where the upper and lower bounds on the condition number of the
Hessian matrix of the 3DVar cost functional get worse as the background error covariance
operator became more ill-conditioned.
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7.3.1

The Kalman filter
(b)1/2

Here we show that the Kalman filter produces unique square roots Bk

(b)−1/2

, Bk

∈ L(X)

for all time k ∈ N0 and satisfies the uniformity condition in (7.108). If (7.109) holds then
the Kalman filter is asymptotically stable by Theorem 7.3.4 for an appropriate choice of regularization parameter. We first show that given a perfect model Kalman filter with constant
model dynamics and a time-invariant observation operator, then the background error covariance asymptotically collapses in at least one direction. This result can be seen indirectly
embedded in [26, Section 7].
Lemma 7.3.5. Let X and Y be Hilbert spaces. Let B0 ∈ L(X) be the initial background
error covariance operator and let Assumption 6.0.3 hold. Let Assumption 6.0.2 hold and let
R ∈ L(Y) be a static observation error covariance operator. Then given the perfect model
Kalman filter update equations, the background error covariance operators behave such that
Bk−1 → ∞,

(7.126)

as k → ∞.
Proof. Using (3.19) and (3.22) we have that
Bk = (I − Kk−1 H) Bk−1 ,

(7.127)

given constant model dynamics Mk = I and Qk = 0, for all k ∈ N0 . Here we note that Bk
(b)

represents the background error covariance Bk where we drop the index (b) in order to read
better. Following a similar process from (6.28) through to (6.33), we have that

−1 ∗ −1 
−1
∗ −1
Bk = I − Bk−1 + H R H
H R H Bk−1
−1


−1
−1
= Bk−1
+ H ∗ R−1 H
Bk−1
+ H ∗ R−1 H − H ∗ R−1 H Bk−1
−1
−1
= Bk−1
+ H ∗ R−1 H
.

(7.128)
(7.129)
(7.130)

We invert both sides and obtain

−1
Bk−1 = Bk−1
+ H ∗ R−1 H.

(7.131)

We use induction to show that
Bk−1 = B0−1 +

k−1
X
i=0
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H ∗ R−1 H.

(7.132)

We begin with the base case for k = 1 and obtain from (7.132) that
B1−1 = B0−1 + H ∗ R−1 H,

(7.133)

which is equivalent to (7.131) for k = 1. Now we proceed with the inductive step. From
(7.131) we have that
−1
Bk−1 = Bk−1
+ H ∗ R−1 H

= B0−1 +
= B0−1 +

k−2
X

i=0
k−1
X

(7.134)

H ∗ R−1 H + H ∗ R−1 H

(7.135)

H ∗ R−1 H,

(7.136)

i=0

which satisfies (7.132). This completes the induction. We rearrange (7.132) as follows,
Bk−1

−

B0−1

=

k−1
X

H ∗ R−1 H.

(7.137)

i=0

We now take norms and use (a) and (b) in Lemma 2.1.20 to obtain
k−1
X
i=0

H ∗ R−1 H = Bk−1 − B0−1

(7.138)

≤ Bk−1 + −B0−1 = Bk−1 + B0−1
Bk−1

≥

k−1
X
i=0

(7.139)

H ∗ R−1 H − B0−1 .

Since the operator composition H ∗ R−1 H is time-invariant we can replace
with kH ∗ R−1 H. Therefore, from (7.140) using (b) in Lemma 2.1.20 we have
Bk−1 ≥ k H ∗ R−1 H − B0−1 .

(7.140)
Pk−1
i=0

H ∗ R−1 H

(7.141)

Taking the limit k → ∞ we complete the proof.
This result, which also holds in the finite dimensional setting, shows that the background
error covariance collapses in at least one direction in the limit. Of course this is a very particular set-up where the model dynamics are constant in time. However, it does highlight that
the model error operator Qk is important to ensure that the background error covariance
does not collapse. Furthermore, it was necessary to again restrict to the case where the observation operator is time-invariant. Here we now show for a more realistic scenario that with a
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particular choice of model error operator Qk , we can connect the Kalman filter with (7.108)
in Assumption 7.3.2. We note that we reintroduce the index (b) on the background error
covariance operator and (a) on the analysis error covariance operator so that a distinction
can be made between the two operators.
(b)

Lemma 7.3.6. Let X and Y be Hilbert spaces. Let B0 ∈ L(X) be an initial strictly positive
background error covariance operator and let Assumption 7.0.4 hold. Let Assumption 7.0.1
hold and let Rk ∈ L(Y) be a strictly positive time-varying observation error covariance
operators for all time k ∈ N0 . Let Qk ∈ L(X) be a sequence of strictly positive model error
covariance operators for all time k ∈ N0 . Then there exists unique square roots
(b)1/2

Bk

(b)−1/2

∈ L(X) and Bk

∈ L(X)

(7.142)

for all time k ∈ N0 .
If the sequence of model error covariance operator Qk ∈ L(X) is uniformly strictly positive

for all time k ∈ N0 , then there exists a positive real number a∗ ∈ R+ such that
(b)−1/2

sup Bk

k∈N0

≤ a∗ .

(7.143)

Proof. We first show an obvious result from the background error covariance update in the
(b)

Kalman filter. Given that Bk

∈ L(X), Rk ∈ L(Y) and Qk+1 ∈ L(X) are self-adjoint

operators, then
(a)∗
Bk

∗

(b)
(b)
= B k − Kk H k B k

−1 ∗
(b) ∗
(b)
(b) ∗
(b)
H k B k H k + Rk
Hk B k
= B k − B k Hk

−1
(b)
(b)
(b)
(b)
= Bk − Bk Hk∗ Hk Bk Hk∗ + Rk
Hk B k
(b)

(a)

= (I − Kk Hk ) Bk = Bk ,

(7.144)
(7.145)
(7.146)
(7.147)

(a)

which shows that Bk is self-adjoint. Hence,

∗
(b)∗
(a)
Bk+1 = Mk Bk Mk∗ + Qk+1
(a)

(7.148)
(b)

= Mk Bk Mk∗ + Qk+1 = Bk+1 ,

(7.149)

(b)

which shows that Bk+1 is self-adjoint. Therefore, the Kalman filter will always produce a selfadjoint operator. We now show that the Kalman filter produces a strictly positive operator
in each assimilation step.
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(b)

We prove by induction. Since the initial B0 ∈ L(X) is strictly positive then there exists
constants c0 , d0 > 0 such that
D
E
(b)
d0 kxk2 ≥ B0 x, x ≥ c0 kxk2

(7.150)

and therefore from Lemma 2.1.31
D
E
1
1
(b)−1
kxk2 ≥ B0 x, x ≥ kxk2 .
c0
d0

(7.151)
(b)1/2

Hence, from Theorem 2.1.32 there exists unique square roots B0

(b)−1/2

, B0

∈ L(X). Now

for the inductive step we show that if there exists constants ak , bk > 0, such that

(b)1/2

(b)−1/2

then Bk+1 , Bk+1

D
E
(b)
bk kxk2 ≥ Bk x, x ≥ ak kxk2 ,

(7.152)

∈ L(X). From (7.152) using Lemma 2.1.31 we have that
D
E
1
1
(b)−1
kxk2 ≥ Bk x, x ≥ kxk2 .
ak
bk

(7.153)

Since Rk ∈ L(Y) is strictly positive then Rk−1 ∈ L(Y) is strictly positive such that from
−1/2

Theorem 2.1.32 there exists a unique square root Rk

−1/2

since kRk

∈ L(Y). Therefore,

D
E D

E
(a)−1
(b)−1
∗ −1
Bk
x, x = Bk
+ Hk Rk Hk x, x
D
E
(b)−1
= Bk x, x + Hk∗ Rk−1 Hk x, x
D
E D
E
(b)−1
−1/2
−1/2
= Bk x, x + Rk Hk x, Rk Hk x
D
E
2
1
−1/2
(b)−1
= Bk x, x + Rk Hk x ≥ kxk2 ,
bk

(7.154)
(7.155)
(7.156)
(7.157)

Hk xk2 ≥ 0 for all x ∈ X. Since Hk ∈ L(X, Y), Hk∗ ∈ L(Y, X) and Rk−1 ∈ L(Y)

then from property (b) in Lemma 2.1.20 we have that Hk∗ Rk−1 Hk ∈ L(X). From (7.153) we
(b)−1

know that Bk

∈ L(X) and since Hk∗ Rk−1 Hk ∈ L(X) then from property (a) in Lemma
(a)−1

2.1.20 we have that Bk

(b)−1

= Bk

(a)−1

+ Hk∗ Rk−1 Hk ∈ L(X). Hence, Bk

is a strictly positive

operator and there exists a constant ek > 0, such that
D
E
1
(a)−1
ek kxk2 ≥ Bk
x, x ≥ kxk2 .
bk

(7.158)

From Lemma 2.1.31 we have that
2

bk kxk ≥

D

(a)
Bk x, x
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E

≥

1
kxk2 .
ek

(7.159)

(a)

Therefore, Bk is strictly positive and from Theorem 2.1.32 there exists a unique square root
(a)1/2

Bk

∈ L(X). Then there exists a constant ck+1 > 0, such that
D

E D

E
(b)
(a)
Bk+1 x, x = Mk Bk Mk∗ + Qk+1 x, x
D
E
(a)
∗
= Mk Bk Mk x, x + hQk+1 x, xi
D
E
(a)1/2
(a)1/2
= Bk
Mk∗ x, Bk
Mk∗ x + hQk+1 x, xi
(a)1/2

= Bk

(a)1/2

since kBk

Mk∗ x

2

(7.160)
(7.161)
(7.162)

+ hQk+1 x, xi ≥ ck+1 kxk2 ,

(7.163)

Mk∗ xk ≥ 0 for all x ∈ X and Qk+1 ∈ L(X) is strictly positive. Since Mk , Mk∗ ∈
(a)

L(X) and from (7.159) Bk ∈ L(X) then from property (b) in Lemma 2.1.20 we have that
(a)

(a)

Mk Bk Mk∗ ∈ L(X). Since Qk+1 ∈ L(X) and Mk Bk Mk∗ ∈ L(X) then from property (a) in
(b)

(a)

(b)

Lemma 2.1.20 we have that Bk+1 = Mk Bk Mk∗ + Qk+1 ∈ L(X). Hence, Bk+1 is a strictly
positive operator and there exists a constant dk+1 > 0, such that
D
E
(b)
dk+1 kxk ≥ Bk+1 x, x ≥ ck+1 kxk2 .
2

(7.164)

From Lemma 2.1.31 we have that
1
ck+1
(b)−1

1
dk+1

kxk2 ,

(7.165)

is strictly positive and from Theorem 2.1.32 there exists unique square

Therefore, Bk+1
(b)1/2

D
E
(b)−1
kxk2 ≥ Bk+1 x, x ≥

(b)−1/2

roots Bk+1 , Bk+1

∈ L(X). Hence by induction (7.142) is proved.

Now, if the model error covariance operator is uniformly strictly positive, then there exists
a constant c > 0, such that
hQk x, xi ≥ ckxk2 ,

(7.166)

for all k ∈ N0 . We can substitute ck+1 in (7.163) for c so that
D

E
(a)1/2
(b)
Mk∗ x
Bk+1 x, x = Bk

2

+ hQk+1 x, xi ≥ ckxk2 ,

(7.167)

since Qk is uniformly strictly positive for all time k ∈ N0 . Applying Lemma 2.1.31 to (7.167)
we have that
D
E
1
(b)−1
kxk2 ≥ Bk+1 x, x .
c

Then
(b)−1/2

Bk+1

x

2

D
E D
E 1
(b)−1/2
(b)−1/2
(b)−1
= Bk+1 x, Bk+1 x = Bk+1 x, x ≤ kxk2
c
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(7.168)

(7.169)

for all x ∈ X. Hence, there exists a positive real number a∗ ∈ R+ such that (7.143) is
satisfied, which completes the proof.
We see that Lemma 7.3.6 is hugely important since it connects the Kalman filter in
Definition 3.1.7 with (7.108) in Assumption 7.3.2. In Lemma 7.3.6 we assume that the
observation error covariance operator Rk ∈ L(Y), which is more general than required in
our stability result in Theorem 7.3.4. If (7.109) holds then we show that a regularization
parameter can be chosen in each assimilation step so that the Kalman filter is asymptotically
stable. From (7.82) we see that reducing the regularization parameter has the effect of
reducing the assumed observation uncertainty in the data assimilation scheme. This means
that the filter trusts the observed data in each step leading to a stable analysis error in each
step. Our result in Theorem 7.3.4 can be seen as an extension to the work of [74, Theorem
5.1]. Of course our result is dependent on a number of positivity conditions which we have
seen. Furthermore, it was necessary to bound the analysis error by the condition number of
the square root of the background error covariance operator and by the smallest regularization
parameter chosen over time. This means that our worst case estimate is extremely unlikely
to happen.

7.4

Summary

In this chapter, we have derived new theoretical results on the behaviour of the analysis
error for linear dynamical systems. We have generalised many of the results from Chapter 6
and shown that for time-invariant and time-varying linear model dynamics, the stability of
various cycled data assimilations can be achieved. We used ideas from Chapter 6 to split the
state space in such a way to control the ill-posedness of the problem and expansive model
dynamics. We also presented one numerical example for the Eady model using a realistic
background error covariance matrix to weight the state space. Finally, we extended previous
results and showed stability for a data assimilation scheme that employs an update to the
background error covariance. We have shown that under a number of positivity assumptions
(b)1/2

that the Kalman filter from Chapter 3 produces unique square roots Bk

(b)−1/2

, Bk

∈ L(X)

for all time and satisfies the uniformity condition in (7.108). This means that if (7.109) holds

122

then under the conditions of Theorem 7.3.4 we would obtain an asymptotic stability result
for the Kalman filter. In the next chapter we extend the results developed in this chapter to
dynamical systems with nonlinear model dynamics and capture the behaviour of the analysis
error in numerical experiments.

123

Chapter 8
Nonlinear model dynamics
In this chapter we develop new theoretical results for the stability of data assimilation schemes
introduced in Chapter 3 for dynamical systems where the model dynamics are nonlinear and
the observation operator is linear. This extends previous linear results from Chapter 7. We
have published separately some of the results of this chapter in [60].

8.1

Time-varying nonlinear dynamics

We first return to Section 4.1 and rewrite the error evolution in its nonlinear form. We shall
consider that the dynamical system is comprised of a nonlinear dynamical flow equation and
(t)

a linear measurement equation. We let Mk : X → X be a true nonlinear model operator
which is a discrete-time process such that
(t)

(t)

xk+1 = Mk
(t)

 
(t)
xk ,

(8.1)

(t)

for xk ∈ X for k ∈ N0 . Again we use the notation xk , where t refers to the true state. We
assume that we have a modelled nonlinear model operator Mk : X → X, such that
 
 
(t)
(t)
(t)
Mk xk = Mk xk + ζ k+1 ,

(8.2)

where ζ k is some additive noise that we call model error for k ∈ N0 . We require that the
noise ζ k be bounded by some constant υ > 0 for all time k ∈ N0 . The observations and
observation operator are assumed to take the same form as in (4.8) and (4.7) respectively.
Therefore, from



(a)
(a)
(a)
xk = Mk−1 xk−1 + Rα yk − HMk−1 xk−1 ,
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(8.3)

where Rα = (αI + H ∗ H)−1 H ∗ ∈ L(Y, X) we follow through the steps from (4.9) to (4.14)
to derive an expression for the analysis error, such that





(a)
(t)
(a)
(t)
(a)
xk − xk = Mk−1 xk−1 + Rα yk − Hk Mk−1 xk−1 − xk ,





(a)
(t)
(t)
(a)
ek = Mk−1 xk−1 + Rα yk + ηk − Hk Mk−1 xk−1 − xk





(a)
(t) (t)
(t)
(a)
= Mk−1 xk−1 + Rα Hk xk + ηk − Hk Mk−1 xk−1 − xk






(t)
(t)
(t)
(a)
(t)
= Mk−1 xk−1 − Mk−1 xk−1 + Rα Hk − Hk xk + ηk





(t)
(a)
(t)
+Hk Mk−1 xk−1 − Mk−1 xk−1




(a)
(t)
= Mk−1 xk−1 − Mk−1 xk−1 + ζ k






(t)
(a)
+ Rα −ω k + ηk + Hk Mk−1 xk−1 − ζ k − Mk−1 xk−1





(a)
(t)
= (I − Rα Hk ) Mk−1 xk−1 − Mk−1 xk−1
+ (I − Rα Hk ) ζ k + Rα (ηk − ω k )





(a)
(t)
= Nk Mk−1 xk−1 − Mk−1 xk−1 + Nk ζ k + Rα (η k − ω k ) ,

(a)

(8.4)

(8.5)
(8.6)

(8.7)

(8.8)

(8.9)
(8.10)

(t)

where ek := xk − xk , Nk := I − Rα Hk and the noise terms ζ k , η k and ω k are from (8.2),
(4.8) and (4.7) respectively.
As a first attempt to examine the error behaviour we assume that the observation operator
is time-invariant. We take norms on both sides and apply the triangle inequality and (c) in
Lemma 2.1.20, such that
kek k ≤ kN k · Mk−1



(a)
xk−1





(t)
− Mk−1 xk−1 + kN k υ + kRα k (δ + γ) ,

(8.11)

where constants υ, δ and γ bound the noise on the model error, observations and observation
operator respectively. For the Hilbert space (X, k·kB −1 ) this bound can be seen as a nonlinear
extension to (7.2).
We now need some assumptions on the nonlinear map Mk . It is natural to assume that
the map is Lipschitz continuous. However, we will require that the map has a global Lipschitz
constant for all time.
Assumption 8.1.1. The nonlinear mapping Mk : X → X is Lipschitz continuous with a
global Lipschitz constant such that for all a, b ∈ X and k ∈ N there is Kk , independent of
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a, b such that
kMk (a) − Mk (b)k ≤ Kk · ka − bk .

(8.12)

Furthermore, supk Kk =: K < ∞. We call K the global Lipschitz constant.
If the system is time-invariant then of course, Kk = K for all time. However, it is not
necessary for the nonlinear system to be time-invariant. In this work we will refer to K
without subscript as the global Lipschitz constant. Later in this chapter we show how this
assumption can be relaxed.
Assuming Lipschitz continuity is a widespread approach for geophysical and meteorological applications, where it is well known that attractors exist within the dynamical
models; see [78, p.196], [76, p.84], [53, p.97], [63, p.29] and [8, p.136]. In the case of
weakly nonlinear model dynamics, it is possible to substitute the nonlinear dynamics with
a first order Taylor expansion. Directly from (8.10) we can substitute the nonlinear terms
(a)

(t)

(t)

Mk−1 (xk−1 ) − Mk−1 (xk−1 ) with the Fréchet derivative Mk−1 of Mk−1 at xk−1 ∈ X, such
that
ek = Nk Mk−1 ek−1 + Nk rk−1 + Nk ζ k + Rα (η k − ω k ) ,

(8.13)

where rk−1 = o (ek−1 ) is the error in the linear approximation, such that rk−1 is of a smaller
order of magnitude than ek−1 . Further details on the Fréchet derivative and the Taylor
expansion can be found in [29, Chapter 11]. With this approach the nonlinear terms are
removed from (8.13) and we are left with a linearised expression for the analysis error.
Therefore, our theory in Chapter 7 would be then applicable to this scenario. However,
this method of course depends on the higher order nonlinear terms in the Taylor expansion
being negligible, which is not always true for nonlinear systems in NWP. This approach has
been extensively studied in the literature as discussed in Chapter 4. Therefore, we instead
focus our approach to nonlinear systems that satisfy Assumption 8.1.1.
Applying Assumption 8.1.1 we obtain from (8.11)
ek ≤ ν · ek−1 + kN k υ + kRα k (δ + γ) ,

(8.14)

where ν := KkN k given the global Lipschitz constant K and ek := kek k for k ∈ N0 . Using
Remark 6.2.2 we can bound (8.14) by
δ+γ
ek ≤ ν · ek−1 + υ + √ .
2 α
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(8.15)

Since everything other than the analysis error is independent of time we can formulate the
following result, which is the nonlinear extension of Theorem 7.2.1.
Theorem 8.1.2. For the Hilbert space (X, k·kB −1 ), let Assumption 6.0.1 hold. If the nonlinear model operator Mk : X → X is Lipschitz continuous and satisfies Assumption 8.1.1, then
(a)

(t)

the error evolution in (8.14) and the error term ek ∈ X for k ∈ N0 , where ek := xk − xk
is bounded by
k

kek k ≤ ν ke0 k +
for k ∈ N0 . If ν 6= 1 then

k−1
X
l=0



δ+γ
ν υ+ √
,
2 α
l

1 − νk
kek k ≤ ν ke0 k +
1−ν
k

for k ∈ N0 . If ν < 1 then
lim sup kek k ≤
k→∞



υ+

δ+γ
υ+ √
2 α
δ+γ
√
2 α

1−ν



,

.

(8.16)

(8.17)

(8.18)

Proof. We let ν := KkN k, then (8.15) is similar to (6.13). Therefore, we can complete the
proof using Theorem 6.1.3 for a different constant ν.
We have described nonlinear error estimates for the analysis error of cycled data assimilation schemes in Theorem 8.1.2, which depends on Assumption 8.1.1. For the Hilbert space
(X, k · kB −1 ), the sufficient condition to keep the analysis error bounded is that ν < 1. Here
the reconstruction error has to be strong enough so that, multiplied with the global Lipschitz
constant K, ν is kept less than one. Now we explore how we can make kN k small enough to
ensure ν < 1. We first explore a well-posed observation operator H.
Lemma 8.1.3. Let (X, k · kB −1 ) be a Hilbert space with weighted norm and let H be an injective linear observation operator such that the operator equation is well-posed in accordance
with Definition 2.3.1. Given a parameter 0 < ρ < 1, then by choosing the regularization
parameter α > 0 sufficiently small we obtain ν ≤ Kρ < 1.
Proof. We first prove the result for the infinite dimensional setting. This result is adapted
from Lemma 6.1.4. Since the operator equation is well-posed, G := H ∗ H has a complete
orthonormal system ϕ(1) , ϕ(2) , . . . of eigenvectors with eigenvalues λ(1) , λ(2) , · · · > 0. If K > 1
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we choose ρ such that ρ < 1/K, otherwise we choose any ρ < 1. Then we choose an α such
that
α



1
−1
ρ



=

inf

j=1,...,∞

λ(j) > 0.

(8.19)

Then,
ν = K kN k = K

I + α−1 G

−1

=K

sup
j∈{1,...,∞}

≤

1
1+

λ(j)
α

Kα

 = Kρ < 1.
1
α+α ρ −1

(8.20)

For the finite dimensional case, the orthonormal system of eigenvectors and eigenvalues becomes finite and the proof is the same.
It is clear from Lemma 8.1.3 that given any global Lipschitz constant K > 0, that is any
model dynamics, we can always choose an α > 0 sufficiently small so that ν ≤ Kρ < 1. The

estimates in (8.20) are based on lower bounds for the spectrum of H ∗ H. In the large-scale or

infinite dimensional case, our interest is with a compact observation operator H, where the
spectrum decays to zero in the infinite dimensional setting. Here, to achieve a stable cycled
scheme with an ill-posed observation operator, we now show that the Lipschitz constant has
to be contractive with respect to higher spectral modes of H. We remark,
Remark 8.1.4. For the Hilbert space (X, k · kB −1 ), let Assumption 6.0.2 hold. Then (8.11)
implies that in order to ensure stability the model operator Mk must be strictly damping,
that is the global Lipschitz constant K < 1. This is apparent since for an infinite dimensional
state space the norm of the reconstruction error kN k = 1.
Despite this, we will see that by splitting the state space X we are able to use the
reconstruction error operator N to control the Lipschitz constant K over lower spectral
modes. In considering lower and higher spectral modes separately we are able to obtain a
stable cycled scheme for a wider class of systems. We will see that damping with respect to
the observation operator H is required in the nonlinear map Mk .

We define orthogonal projection operators, P (1) and P (2) from (7.5) with respect to the

singular system of H. Then we can define the same subspaces X(1) and X(2) as in (7.6).
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Returning to (8.10) we have,





(a)
(t)
ek = N P (1) + P (2) Mk−1 xk−1 − Mk−1 xk−1 + N ζ k + Rα (η k − ω k )





(a)
(t)
(1)
Mk−1 xk−1 − Mk−1 xk−1 + N ζ k
= N |X(1) P





(a)
(t)
+ N |X(2) P (2) Mk−1 xk−1 − Mk−1 xk−1 + Rα (η k − ω k ) .

(8.21)

(8.22)

Now defining
(1)

(2)

Mk (·) := P (1) ◦ Mk (·) and Mk (·) := P (2) ◦ Mk (·)

(8.23)

for all k ∈ N0 , then we have
ek = N |X(1)



(1)
Mk−1





(a)
xk−1

(2)





(a)

−


(1)
Mk−1



(t)
xk−1

(2)

+ N |X(2) Mk−1 xk−1 − Mk−1





+ N ζk

(t)
xk−1 + Rα (η k − ω k ) ,

(8.24)

with restrictions according to X(1) and X(2) from (7.6). Using the triangle inequality and
property (c) from Lemma 2.1.20 we can obtain a bound on this error, such that


(1)
Mk−1



(a)
xk−1



(1)
Mk−1



(t)
xk−1



+ N ζk
−



(t)
(2)
(a)
(2)
+ N |X(2) Mk−1 xk−1 − Mk−1 xk−1 + Rα (η k − ω k )




(t)
(1)
(a)
(1)
≤ kN |X(1) k · Mk−1 xk−1 − Mk−1 xk−1




(t)
(2)
(a)
(2)
+ kN |X(2) k · Mk−1 xk−1 − Mk−1 xk−1

kek k = N |X(1)





+ kN ζ k k + kRα (η k − ω k )k
(a)

(1)

(8.25)

(8.26)

(t)

≤ Kk−1 · kN |X(1) k · xk−1 − xk−1
(a)

(2)

(t)

+ Kk−1 · kN |X(2) k · xk−1 − xk−1
+ kN ζ k k + kRα (η k − ω k )k
(1)

(8.27)

(2)

≤ (νk−1 + νk−1 ) kek−1 k + kN k υ + kRα k (δ + γ) ,

(8.28)

where we have assumed Lipschitz continuity,




(j)
(t)
(j)
(a)
(j)
(a)
(t)
Mk−1 xk−1 − Mk−1 xk−1 ≤ Kk−1 xk−1 − xk−1
(1)

(2)

(1)

(8.29)

(2)

for j = 1, 2, defining νk−1 := Kk−1 · kN |X(1) k and νk−1 := Kk−1 · kN |X(2) k with restrictions
according to the singular system of H. Again, we now assume that the modelled nonlinear
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operator Mk is globally Lipschitz continuous in accordance with Assumption 8.1.1, where
(1)

Kk

(2)

≤ K (1) and Kk

≤ K (2) for all time k. Similar to Theorem 8.1.2 we can form the

following result.
Theorem 8.1.5. Let (X, k · kB −1 ) be a Hilbert space with weighted norm and let Assumption 6.0.1 hold. If the model operator Mk : X → X is Lipschitz continuous and satisfies
(a)

(t)

Assumption 8.1.1, then the analysis error ek := xk − xk for k ∈ N0 is estimated by
k

kek k ≤ ν ke0 k +

k−1
X

ν

l=0

l



δ+γ
υ+ √
2 α



,

(8.30)

where ν := ν (1) + ν (2) , for ν (1) := K (1) · kN |X(1) k and ν (2) := K (2) · kN |X(2) k with restrictions
according to the singular system of H. If ν 6= 1 then


1 − νk
δ+γ
k
kek k ≤ ν ke0 k +
υ+ √
,
1−ν
2 α
for k ∈ N0 . If ν < 1 then
lim sup kek k ≤
k→∞

υ+

δ+γ
√
2 α

1−ν

.

(8.31)

(8.32)

Proof. The proof is the same as that of Theorem 7.2.1 for a different constant ν := ν (1) + ν (2) ,
with restrictions according to the singular system of H.
We see from Theorem 8.1.5 that the sufficient condition for stability of the cycled data
assimilation scheme requires that ν := ν (1) + ν (2) < 1. Applying the norm estimates in
Lemma 8.1.3 and Lemma 7.1.3, we obtain
ν = K (1) · kN |X(1) k + K (2) · kN |X(2) k
≤ K (1) · ρ + K (2) ,

(8.33)
(8.34)

given global Lipschitz constants K (1) and K (2) under Assumption 8.1.1 and a constant 0 <
ρ < 1. Here we directly see how the nonlinear growth in X(1) can be controlled by the
regularization parameter α. Furthermore, it is seen that the nonlinear system Mk has to be

damping in X(2) for all time in order to ensure stability. Therefore only if Mk is sufficiently
damping on higher spectral modes of H will we be able to stabilise the cycled data assimilation

scheme. We call this type of system dissipative with respect to H as summarised in the
following definition.
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Definition 8.1.6. A nonlinear system Mk , k ∈ N0 , is dissipative with respect to H if it is
Lipschitz continuous and damping with respect to higher spectral modes of H, in the sense
(2)

that Mk defined by (8.23) satisfies
(2)

(2)

(2)

Mk (a) − Mk (b) ≤ Kk · ka − bk

(8.35)

(2)

for a, b ∈ X, where Kk ≤ K (2) < 1 uniformly for k ∈ N0 .
Under this assumption that Mk is dissipative with respect to H, we can choose the
regularization parameter α > 0 small enough, such that
ρ<

1 − K (2)
,
K (1)

(8.36)

in order to make ν < 1 and so achieve a stable cycled scheme. We are now able to summarise
this result in the following theorem.
Theorem 8.1.7. Let (X, k · kB −1 ) be a Hilbert space with weighted norm. Let the nonlinear
system Mk : X → X be Lipschitz continuous and dissipative with respect to higher spectral
modes of H in accordance with Definition 8.1.6. Then, for regularization parameter α > 0
sufficiently small we have ν := K (1) kN |X(1) k + K (2) kN |X(2) k < 1. Under the conditions of
Theorem 8.1.5 the analysis error is bounded over time by
lim sup kek k ≤
k→∞

υ+

δ+γ
√
2 α

1−ν

.

(8.37)

Proof. If Mk is Lipschitz continuous and dissipative with respect to H, we first show that we

can achieve ν < 1. From (8.34), the Lipschitz constants K (1) and K (2) determine our ability
to achieve ν < 1. Under the assumption that Mk is dissipative, then for the subspace X(2)
we have that K (2) < 1.

We know that from Lemma 8.1.3 we can make ρ in (8.34) small enough so that (8.36) is
satisfied. Then we obtain ν < 1 from (8.34). The bound for the analysis error is then given
by Theorem 8.1.5, which also provides the estimate in (8.37). The inequality completes the
proof in accordance with Remark 6.2.2.
We have seen that it is possible to keep the analysis error bounded for all time with a
compact observation operator in a nonlinear infinite dimensional setting. This is due to the
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model dynamics being dissipative with respect to higher spectral modes of the observation
operator. In the case of time-invariant model dynamics the constant K (2) must be shown to
be damping with respect to the subspace X(2) . This is analogous to the results in Chapter
7, where we split the state space so that there was a contraction in the error dynamics.
For nonlinear model dynamics, the property exploited in the linear setting does not hold
and therefore it is necessary to show this dissipative property for the model dynamics under
consideration. The work of [7] was able to show local dissipativity for the incompressible
two-dimensional Navier-Stokes equations where the model dynamics and the observation
operator commute. An extension would be to show global dissipativity for a particular
nonlinear dynamical system.
In the case of time-varying model dynamics then it must be shown that for all time k,
(2)

the constants Kk

≤ K (2) < 1 and so obey the global property of Assumption 8.1.1 and

are damping. This of course is a particular situation; however it is required for this theory
to hold and must be shown for the model dynamics considered. We note that this global
dissipativity property does not necessarily hold for many realistic models. An extension
which would relax this assumption would be for the subspace X(2) to be also dependent on
time. Then in each assimilation step X(2) could be chosen so that there is a contraction in
the model dynamics with respect to the observation operator. In this case the regularization
parameter would need to be chosen also in each assimilation step to allow for an expansion in
the lower spectral modes in X(1) . This would lead to data assimilation schemes that update
the background error covariance multiplicatively in the same way as seen in Section 7.2. We
develop results for this in Section 8.2 and Section 8.3 after we explore the nonlinear behaviour
of the analysis error numerically.
Now we explore the behaviour of the analysis error in the nonlinear setting using the
Lorenz ‘63 model introduced in Chapter 5.

8.1.1

Numerical experiments

The theory that we have developed in Section 8.1 does not apply to the numerical experiments
that are carried out in this section. This is because here we set-up experiments using the
three dimensional Lorenz equations introduced in Chapter 5 and our main result in Theorem
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8.1.7 is applicable to the infinite dimensional setting. Despite this, we will see interesting
results that go further than our theoretical results. Previously in Chapter 6 and Chapter 7
we set-up numerical experiments for linear systems. In that case we were able to calculate
the error equation explicitly using only the noise terms and an initial error. However, now
we must set-up a complete data assimilation scheme to calculate the analysis error since we
deal with nonlinear model dynamics. In this section we carry out a number of numerical
experiments with two variations of the Lorenz ’63 equations. Firstly we present results for
the deterministic Lorenz equations from Chapter 5, which has been published in [60] and
secondly we present results for the stochastic Lorenz equations. In the same way as Section
6.2.1 our approach is to use the same noise realisations when comparing experiments.
For the first experiment we omit model error and observation operator error to concentrate
on the behaviour of the analysis error compared with the error in the observations in each
assimilation step.
We set up a twin experiment, whereby we begin with an initial condition,


(t) (t) (t)
x0 , y0 , z0 = (−5.8696, −6.7824, 22.3356),

(8.38)

which was obtained using an initial reference point, (0.001, 0.001, 2.001) that was spun-up
(t)

(t)

(t)

for 1000 time-steps to obtain the initial condition (x0 , y0 , z0 ). We run the model from
this initial condition until time t = 100 with a step-size h = 0.01, which we call a truth
run. Now using the truth run we create observations at every tenth time-step by adding
√
random normally distributed noise with zero mean and standard deviation σ(o) = 2/40.
The background state is calculated in the same way at initial time t0 with zero mean and
standard deviation σ(b) = 1/400 such that,


(b) (b) (b)
x0 , y0 , z0 = (−5.8674, −6.7860, 22.3338).

(8.39)

Now, ignoring the model error term and the observation operator error term in (8.10), we
calculate the analysis error ek for k = 1, . . . , 1000. Assimilating only at every tenth timestep, we allow for the nonlinear model dynamics to play a role before we apply the data
assimilation scheme. This means that every assimilation step k corresponds to 10 time-steps.
We saw in Theorem 3.1.13 that under weighted norms, 3DVar is equivalent to cycled
Tikhonov-Phillips regularization for α = 1. In this experiment we assume that the observation error covariance is modelled according to (6.68). However, we simulate a climatological
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background error covariance. We calculate a sampled background error covariance between
the background state and true state over the whole trajectory, such that


117.6325 117.6374 −2.3513




B =  117.6374 152.6906 −2.0838  .


−2.3513 −2.0838 110.8491

(8.40)

2
2
Then we weight the state space with respect to the inverse of B/σ(b)
. Here B/σ(b)
represents

the correlation matrix C in the same way as in (7.37). By dividing B through by its variance
2
2
2
σ(b)
, for regularization parameter α = σ(o)
/σ(b)
we connect cycled Tikhonov-Phillips regu-

larization with 3DVar. We simulate the consequence of an ill-posed observation operator H
with a random 3 × 3 matrix using the rand function in Matlab and set its last singular value

µ3 = 10−8 such that



0.4267

0.5220 0.5059



H =  0.8384 −0.7453 1.6690

0.4105
1.6187 0.0610





.


(8.41)

Therefore, H is strongly ill-conditioned with a condition number, κ(H) ≈ 2.1051 × 108 .
Varying the regularization parameter α we can study the time-averaged error in the same
way as in Chapter 6 and Chapter 7. In Figure 8.1 we plot the error integral against the
regularization parameter for the Euclidean norm and the weighted norm in Figure 8.1(a) and
Figure 8.1(b) respectively. Here we observe in both figures that α needs to be chosen small
enough to keep the analysis error bounded, although if it is chosen too small it will lead to a
2
large analysis error bound. Since the weight σ(b)
B −1 is static in time the weighted norm acts

as a rescaling in the vertical axis. This can be observed by comparing Figure 8.1(a) with
Figure 8.1(b). We see that for a range of regularization parameters the analysis error is small.
This is interesting since it demonstrates that the analysis error does not vary much for a small
weight on the background. Only when the background term in (3.23) is weighted too much
or too little, will the analysis error grow. Of course for each value of α the time-averaged
error is different, which is difficult to see due to the scales in Figure 8.1(a) and Figure 8.1(b).
However, we have confirmed this numerically by calculating the time-averaged error for this
range of regularization parameters. We now plot some error evolutions and trajectories and
weight the evolutions with respect to the Euclidean norm. It makes sense to weight the error
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evolution with respect to the Euclidean norm since we want to associate the error evolutions
with plots of the trajectories in state space.
We select the largest regularization parameter from the error integral plot in Figure 8.1.
2
2
With this value of α = σ(o)
/σ(b)
= 200 we connect 3DVar with cycled Tikhonov-Phillips.
(a)

In Figure 8.2(a) we observe that the analysis error kek kℓ2 fluctuates around the value of

20. Compared with the ℓ2 norm of the difference between the true state in (8.38) and the
(a)

background state in (8.39) which is 0.0046, the analysis error kek kℓ2 is large. The analysis
is not able to track the truth and this can seen in Figure 8.2(b), where we plot the truth
and analysis in state space from assimilation time t200 until t220 . We observe over this time
interval that the analysis does not stay on the same wing of the attractor as the truth. This
is evident across the whole time interval, which we confirm in Figure 8.2(c) and Figure 8.2(d)
where the truth and analysis are plotted in state space from assimilation time t774 until t805
and t858 until t895 respectively. In Figure 8.2(c) the analysis and truth are close together at
assimilation time t774 . However over time the analysis fails to follow the truth onto the same
wing of the attractor. This is also reflected in Figure 8.2(d) where the analysis spends most
time on the wrong wing of the attractor compared to the truth.
Now we carry out an inflation to the background variance by choosing a smaller regularization parameter α = 2, which corresponds to the parameter α where the error integral
is smallest in Figure 8.1. Subsequently repeating with the same data, we observe in Figure
8.3(a) that the analysis error fluctuates around a much smaller value compared with Figure
8.2(a). This is reflected in Figure 8.3(b) where the analysis is now able to follow the trajectory of the truth better and remains for the assimilation time (t200 until t220 ) on the same
wing of the attractor as the truth.
In Figure 8.4(a) we inflate too much by choosing a regularization parameter α = 10−10
and observe that the analysis error becomes large again. This is due to the ill-conditioned
observation operator leading to a large Tikhonov-Phillips inverse in norm. This of course
means that the observation error η k is amplified in each step leading to a large analysis error.
The same behaviour has been observed in another numerical experiment in Section 6.3.1. For
this choice of α we also plot the trajectories of the analysis and the truth in Figure 8.4(b).
Here we observe that the analysis attempts to track the truth. However, the consequence of
an ill-conditioned observation operator, leading to a large Tikhonov-Phillips inverse, forces
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the analysis towards the observations which lie off the attractor. Since the scheme trusts the
observations much more than the background, the analysis is forced towards the observations,
hence the analysis error is smaller for all time in Figure 8.4(a) compared with Figure 8.2(a).
Here the numerical results support the theory developed in Section 8.1 that by choosing
α small enough, we can reduce the analysis error of the cycled data assimilation scheme
for all time. However if it is chosen too small the analysis error will be amplified for an
ill-conditioned observation operator.
Here we have set-up observations that have additive noise which is drawn independently
at every time-step from the Gaussian distribution. The corresponding error will be much
better than the worst case error for which our estimates in Section 8.1 have been derived.
However, we note that the worst case scenario is possible, though with very low probability.
It is of the class of low-probability-high-risk-events, which are of particular importance for
many environmental applications.
In order to demonstrate the bounds developed in Section 8.1, we repeat the experiment
starting from the same random 3 × 3 matrix for the observation operator H. We increase µ3

from 10−8 to 10−3 , which is necessary since we want to achieve kN k < 1/K. If µ3 is chosen
too small, that is H is very ill-conditioned, then we would need to choose α sufficiently small
to obtain kN k < 1/K. Theoretically this is possible, however numerically, with such a small

α, the matrix N then becomes close to singular. Therefore we choose µ3 = 10−3 so that we
have a different observation operator,

0.4275
0.5218 0.5055


H =  0.8381 −0.7453 1.6692

0.4102
1.6188 0.0612





,


(8.42)

with condition number, κ(H) = 2.1051 × 103 . We use the same initial condition, background
state and error covariance matrix as before.
Since we are interested in the bound on the analysis error in (8.14) we need to compute

the global Lipschitz constant for this experiment. Using the truth and background runs we
can calculate a Lipschitz constant from (8.12) every 10 time-steps. Choosing the largest
value over all time we obtain a global Lipschitz constant K = 1.9837 for this experiment.
Therefore we choose a regularization parameter, α = 10−6 which is small enough so that
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kN k < 1/K, leading to ν ≈ 0.9918 from (8.14). We calculate a bound on the observational
noise with respect to the Euclidean norm and the weighted norm, so that δ = 0.1571 and
δ = 0.0034 respectively.
In Figure 8.5 we plot the nonlinear analysis error from (8.10) and the bound on the
analysis error in (8.14) for the Euclidean norm and a weighted norm in Figure 8.5(a) and
Figure 8.5(b) respectively. As before in Figure 8.1 we see that the weighted norm has the
effect of rescaling the error evolution in the vertical axis. Since we bound the analysis error
by a linear update equation we observe the linear growth in our bound. For this choice of
regularization parameter we observe large fluctuations in the nonlinear analysis error arising
from a Tikhonov-Phillips inverse that is large in norm, which was discussed in the first
experiment. Also in Figure 8.5 we plot the asymptotic limit of the analysis error from (8.37).
From these numerical experiments we see that the numerical bound is not a very tight bound
on the actual analysis error. This is of course expected since our approach is to use norm
estimates, therefore we obtain a sufficient condition for a stable cycled scheme.
We have repeated this experiment with the same noise realisations for an observation
operator H : R3 → R2 , such that

H=

1.1650 0.0751 −0.6965
0.6268 0.3516

1.6961



.

(8.43)

In the same way as before we can vary the regularization parameter α to study the timeaveraged error. In Figure 8.6 we plot the error integral against the regularization parameter
for the Euclidean norm and the weighted norm in Figure 8.6(a) and Figure 8.6(b) respectively.
This experiment demonstrates that the same behaviour of the analysis error is present even
when the observation operator does not have full rank. We will discuss this point further in
Section 9.2.
We now carry out numerical experiments using the stochastic Lorenz equations introduced
in Chapter 5. In this case we set-up an experiment for model equations that have additive
Gaussian model error. We want to investigate the evolution of the analysis error where
an additional error arises in the model equations. This type of model error represents the
inaccuracy in modelling physical processes in the atmosphere. For simplicity we again assume
that there is no noise on the observation operator such that our error evolution equation from
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(8.10) becomes,





(a)
(t)
ek = Nk Mk−1 xk−1 − Mk−1 xk−1 + Nk ζ k + Rα η k .

(8.44)

We again set-up a twin experiment, whereby we begin with an initial condition,


(t) (t) (t)
x0 , y0 , z 0



= (−5.3661, −7.7303, 18.3983),

(8.45)

which was obtained using an initial reference point, (0.001, 0.001, 2.001) that was spun-up for
(t)

(t)

(t)

1000 time-steps with the perfect model equations to obtain the initial condition (x0 , y0 , z0 ).
Here we remark that perfect model equations corresponds to c(1) = c(2) = c(3) = 0 from the
stochastic Lorenz ‘63 equations in Chapter 5. This means we assume that the deterministic
model is true model M(t) and the stochastic model is the wrong model M. We produce
a run of the system until time t = 100 with the perfect model equations and a step-size
h = 0.01, which we call a truth run. Now using the truth run we create observations at every
tenth time-step by adding random normally distributed noise with zero mean and standard
√
deviation σ(o) = 2/40. The background state is calculated in the same way at initial time
t0 with zero mean and standard deviation σ(b) = 1/400 such that,


(b) (b) (b)
x0 , y0 , z0 = (−5.3636, −7.7289, 18.3970).

(8.46)

We set c(1) = c(2) = c(3) = 2 for the modelled nonlinear model operator, such that there
is a reasonable amount of stochastic noise added to the model equations. We calculate the
analysis error ek for k = 1, . . . , 1000. Assimilating only at every tenth time-step, we allow for
the nonlinear model dynamics to play a role before we apply the data assimilation scheme.
We again assume that the observation error covariance is modelled according to (6.68) and
simulate a climatological background error covariance. We calculate a sampled background
error covariance between the background state and true state over the whole trajectory such
that



129.2075 127.4499
3.5113


B =  127.4499 161.1427
1.7138

3.5113
1.7138 120.6357





.


(8.47)

2
Then we weight the state space with respect to the inverse of B/σ(b)
as before. We choose

the same observation operator as before in (8.41).
138

Varying the regularization parameter α we can study the time-averaged error in the same
way as in Chapter 6 and Chapter 7. In Figure 8.7 we plot the error integral against the
regularization parameter for the Euclidean norm and the weighted norm in Figure 8.7(a)
and Figure 8.7(b) respectively. We observe similar behaviour as the previous experiment for
the Lorenz equations. We again plot some error evolutions and trajectories and weight the
evolutions with respect to the Euclidean norm.
We connect 3DVar with cycled Tikhonov-Phillips regularization by choosing the largest
regularization parameter from the error integral plot in Figure 8.7. With this value of α =
(a)

2
2
σ(o)
/σ(b)
= 200, in Figure 8.8(a) we observe that the analysis error kek kℓ2 fluctuates around

the value of 20. Compared with the ℓ2 norm of the difference between the true state in (8.45)
(a)

and the background state in (8.46) which is 0.0031, the analysis error kek kℓ2 is large. We see
the same behaviour in Figure 8.8(b) as seen previously in Figure 8.2(b) where the analysis
fails to track the true state from assimilation time t200 until t220 . Similar to previously seen
in Figure 8.2(c) and Figure 8.2(d) we see that in Figure 8.8(c) and Figure 8.8(d) that the
analysis state is mostly on the wrong wing of the attractor compared with the truth.
Now we carry out an inflation to the background variance by choosing a smaller regularization parameter α = 10−4 , which corresponds to the parameter α where the error integral
is smallest in Figure 8.7. Subsequently repeating with the same data, we observe in Figure
8.9(a) that the analysis error fluctuates around a much smaller value compared with Figure
8.8(a). Again this behaviour has been seen previously in Figure 8.3(a) where we see in Figure
8.9(b) that the analysis tracks the true state as it switches between the different wings of the
attractor.
In Figure 8.10(a) we inflate too much by choosing a regularization parameter α = 10−10
and observe that the analysis error becomes large again. This is the same behaviour as seen
for the deterministic Lorenz equations. For this choice of α we can plot the trajectories of the
analysis and the truth in Figure 8.10(b). Here we observe that despite there being significant
model error, the analysis does a reasonable attempts to track the truth. Again however, an
ill-conditioned observation operator means that the analysis is forced off the attractor due
to the level of additive noise in the observations.
We have seen similar results for this extended set-up with the stochastic Lorenz equations
compared with the previous experiment. We again explore the bounds developed in Section
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8.1. Starting from the same random 3×3 matrix for the observation operator H. We increase
µ3 from 10−8 to 10−3 , which is necessary since we want to achieve kN k < 1/K. Thus we
have the same observation operator as in (8.42).
Using the truth and background runs we can calculate a Lipschitz constant from (8.12)
every 10 time-steps. Choosing the largest value over all time we obtain a global Lipschitz
constant K = 2.6456 for this experiment. Therefore we choose a regularization parameter,
α = 6 × 10−7 which is small enough so that kN k < 1/K, leading to ν ≈ 0.9921 from (8.14).
We calculate a bound on the observational noise with respect to the Euclidean norm and the
weighted norm, so that δ = 0.1571 and δ = 1.4906 × 10−4 respectively. Using the truth run
and (8.2) we can calculate the model error term ζ k and calculate the bound on the model
error υ = 24.0089 and υ = 0.0204 for the Euclidean norm and the weighted norm respectively.
In Figure 8.11 we plot the nonlinear analysis error from (8.10) and the bound on the
analysis error in (8.14) for the Euclidean norm and a weighted norm in Figure 8.11(a) and
Figure 8.11(b) respectively. As before in Figure 8.7, we see that the weighted norm in Figure
8.11 has the effect of rescaling the error evolution in the vertical axis. We see very similar
behaviour as in the last experiment with the deterministic Lorenz equations. Since we bound
the analysis error by a linear update equation we observe the linear growth in our bound.
For this choice of regularization parameter α = 6 × 10−7 we observe large fluctuations in the
nonlinear analysis error arising from a Tikhonov-Phillips inverse that is large in norm. We
also plot the asymptotic limit of the analysis error from (8.37) in Figure 8.11. Again we see
that the bound is not very tight, which is expected since we work with a sufficient condition
for stability.

8.2

Nonlinear dynamics with a multiplicative update
to the background error covariance

In this section we will provide a nonlinear extension to the results in Section 7.2 for the
stability of cycled data assimilation schemes that employ a multiplicative update to the
background error covariance operator. We will assume that the model dynamics are timevarying. However, the observation operator will remain an injective linear time-invariant
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Figure 8.1: (a) ℓ2 norm of the time-averaged analysis error kek kℓ2 integrated for all assimilation times k = 1, . . . , 1000, varying the regularization parameter, α. (b) Weighted norm of the
2 B −1 integrated for all assimilation times k = 1, . . . , 1000,
time-averaged analysis error kek kσ(b)

varying the regularization parameter, α.
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Table 8.1: Summary of the notation choices for Figure 8.2, Figure 8.3, Figure 8.4, Figure 8.8
Figure 8.9 and Figure 8.10.
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Figure 8.2: (a) ℓ2 norm of the analysis error kek kℓ2 as the scheme is cycled for index k, with
regularization parameter α = 200, which corresponds to 3DVar. (b), (c), (d) Trajectories, as
described in Table 8.1.
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Figure 8.3: (a) ℓ2 norm of the analysis error kek kℓ2 as the scheme is cycled for the index k,
with regularization parameter α = 2, an inflation in the background variance of 100%. (b)
Trajectories, as described in Table 8.1.

2

50

1

40

0

30

10

10

z

Error

10

−1

20

−2

10

10
10

0
−30

−3

10

0

200

400

k

600

800

1000

(a)

−20

−10

x

0

10

20

(b)

Figure 8.4: (a) ℓ2 norm of the analysis error kek kℓ2 as the scheme is cycled for the index k,

with regularization parameter α = 10−10 , an inflation in the background variance of 2×1012 %.
(b) Trajectories, as described in Table 8.1.
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Figure 8.5: (a) ℓ2 norm of the analysis error, kek kℓ2 as the scheme is cycled for the index k

2 B −1
with regularization parameter, α = 10−6 . (b) Weighted norm of the analysis error, kek kσ(b)

as the scheme is cycled for the index k with regularization parameter, α = 10−6 . Solid line:

Nonlinear analysis error. Dashed line: Linear bound. Dotted line: Asymptotic limit.
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Figure 8.6: (a) ℓ2 norm of the time-averaged analysis error kek kℓ2 integrated for all assimilation times k = 1, . . . , 1000, varying the regularization parameter, α. (b) Weighted norm of the
2 B −1 integrated for all assimilation times k = 1, . . . , 1000,
time-averaged analysis error kek kσ(b)

varying the regularization parameter, α.
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Figure 8.7: (a) ℓ2 norm of the time-averaged analysis error kek kℓ2 integrated for all assimilation times k = 1, . . . , 1000, varying the regularization parameter, α. (b) Weighted norm of the
2 B −1 integrated for all assimilation times k = 1, . . . , 1000,
time-averaged analysis error kek kσ(b)

varying the regularization parameter, α.
compact operator. Furthermore, we will consider a class of data assimilation schemes that
perform an update to the background error covariance operator in the same way as in Section
7.2. Therefore, we shall assume a multiplicative update in the background variance, such
that the Tikhonov-Phillips inverse becomes
Rαk = (αk I + H ∗ H)−1 H ∗ .

(8.48)

As we will see, with the freedom to choose αk in each assimilation step we will be able to
derive a tighter bound to some degree on the nonlinear analysis error evolution compared
with Section 8.1. In each cycled the bound on the nonlinear behaviour of the analysis error
will become tighter. However, in order to seek the asymptotic result it is necessary to bound
the analysis error by a lower bound on the sequence of regularization parameters over time.
From (8.10) we substitute Rα for a time-dependent Rαk and substitute Hk for a timeinvariant observation operator H, such that





(a)
(t)
ek = Nαk Mk−1 xk−1 − Mk−1 xk−1 + Nαk ζ k + Rαk (η k − ω k ) ,
(1)

(8.49)
(2)

where Nαk := I − Rαk H. We define orthogonal projection operators, Pnk and Pnk from
(1)

(7.49) with respect to the singular system of H. Then we can define the same subspaces Xnk
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Figure 8.8: (a) ℓ2 norm of the analysis error kek kℓ2 as the scheme is cycled for index k, with
regularization parameter α = 200, which corresponds to 3DVar. (b), (c), (d) Trajectories, as
described in Table 8.1.
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Figure 8.9: (a) ℓ2 norm of the analysis error kek kℓ2 as the scheme is cycled for the index k,

with regularization parameter α = 10−4 , an inflation in the background variance of 2 × 106 %.
(b) Trajectories, as described in Table 8.1.
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Figure 8.10: (a) ℓ2 norm of the analysis error kek kℓ2 as the scheme is cycled for the index k,

with regularization parameter α = 10−10 , an inflation in the background variance of 2×1012 %.
(b) Trajectories, as described in Table 8.1.
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Figure 8.11: (a) ℓ2 norm of the analysis error, kek kℓ2 as the scheme is cycled for the index
k with regularization parameter, α = 6 × 10−7 . (b) Weighted norm of the analysis error,
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2 B −1 as the scheme is cycled for the index k with regularization parameter, α = 6×10
.
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Solid line: Nonlinear analysis error. Dashed line: Linear bound. Dotted line: Asymptotic
limit.
(2)

and Xnk as in (7.50). Returning to (8.49) and repeating the step from (8.21) to (8.22) and
defining
(2)

(1)

Mk (·) := Pn(1)
◦ Mk (·) and Mk (·) := Pn(2)
◦ Mk (·)
k
k

(8.50)

for all k ∈ N0 , then






(t)
(1)
(a)
(1)
Mk−1 xk−1 − Mk−1 xk−1 + Nαk ζ k
ek = Nαk |X(1)
nk





(t)
(2)
(a)
(2)
+ Rαk (η k − ω k ) .
x
−
M
x
M
+ Nαk |X(2)
k−1
k−1
k−1
k−1
n

(8.51)

k

Now we are in a position to take norm estimates. Using the triangle inequality and property
(c) from Lemma 2.1.20 we can repeat the steps from (8.25) through to (8.27), so that
(a)

(1)

(t)

· xk−1 − xk−1
kek k ≤ Kk−1 · Nαk |X(1)
n
k

+

(2)
Kk−1

(a)

(t)

· Nαk |X(2)
· xk−1 − xk−1
n
k

+ kNαk ζ k k + kRαk (η k − ω k )k


(1)
(2)
≤ νk−1,αk + νk−1,αk kek k + kNαk k υ + kRαk k (δ + γ) ,
(1)

(8.52)
(8.53)

(1)

k and
where we assume Lipschitz continuity from (8.29) and define νk−1,αk := Kk−1 · kNαk |X(1)
n
k

(2)

(2)

νk−1,αk := Kk−1 · kNαk |X(2)
k. From Theorem 8.1.5 we know that for stability it is sufficient
n
k
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(1)

(2)

to keep νk−1,αk + νk−1,αk < 1. We now show how this is possible to guarantee that the cycled
data assimilation scheme remains stable. As we will see it is not necessary to bound the
evolution of the analysis error by the global Lipschitz constant and therefore we can obtain
a tighter bound on the nonlinear evolution of the analysis error in each step compared with
Section 8.1.
Using Lemma 8.1.3 then there exists a constant 0 < ρk < 1 we have that kNαk |X(1)
k < ρk
n
k

(1)

(2)

on Xnk . Since the state space Xnk has infinite dimension and the observation operator H is
k = 1 for any regularization parameter
compact, then from Lemma 7.1.3 we have kNαk |X(2)
n
k

αk > 0. This leads to the following estimate,
(1)

(2)

(1)

(2)

ναk := νk−1,αk + νk−1,αk = Kk−1 ρk + Kk−1 .

(8.54)

(2)

Therefore, we see directly in (8.54) that to keep ναk < 1, Kk−1 must be strictly damping
in each assimilation step k. This means that if the model dynamics are dissipative on some
(1)

(2)

(2)

higher spectral modes of H, then we can arbitrarily choose Xnk and Xnk such that Kk−1 < 1
in each step. This is a more general situation than before in (8.34) since we obtain a tighter
bound on the nonlinear expansion in each step. Hence, on each assimilation step we change
(1)

(2)

(1)

the space Xnk so that there is a contraction in Xnk . Due to changing Xnk we must choose
a different regularization parameter αk in each assimilation step, such that the constant ρk
obeys
(2)

ρk <

1 − Kk−1
(1)

Kk−1

.

(8.55)

Before we present our stability result we must take a further bound on the analysis error
evolution in (8.53). Therefore, we bound (8.53) by
δ+γ
kek k ≤ ναk kek k + υ + √ ∗ ,
2 α

(8.56)

where 0 < α∗ ≤ inf k∈N0 αk . This bound in (8.56) is similar to that in (7.47). Therefore, it is
(1)

necessary to assume that the model dynamics restricted to Xnk are bounded for all time. As
discussed in Section 7.2 if we do not make this assumption then it might occur that αk → 0 as
k → ∞, which cannot be allowed to happen. Hence, we must assume that Assumption 8.1.1
holds. Before we present our next stability result we must present the following definition,
which is a nonlinear version of Definition 7.2.5.
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Definition 8.2.1. Let Mk , k ∈ N0 be a sequence of nonlinear operators on a Hilbert space
X and let {ϕi : i ∈ N} be a complete orthonormal system in X. We call Mk a uniformly
dissipative sequence of Lipschitz continuous operators, if for all a, b ∈ X and for every 0 <
d < 1 there is an nk ∈ N such that
(2)

(2)

◦ Mk−1 (a) − Pn(2)
◦ Mk−1 (b) ≤ d · ka − bk ,
Mk−1 (a) − Mk−1 (b) = Pn(2)
k
k

(8.57)

(2)

for all k ∈ N where Pnk : X → span{ϕi , i > nk }.
With both Assumption 8.1.1 and Definition 8.2.1 we can collect all parts of our analysis
to present the following stability theorem for cycled data assimilation schemes.
Theorem 8.2.2. Let (X, k · kB −1 ) be a Hilbert space with weighted norm. Let the nonlinear
system Mk : X → X be a uniformly dissipative sequence of Lipschitz continuous operators
in accordance with Definition 8.2.1 that satisfies Assumption 8.1.1. Then for any constant
0 < d < 1 there exists an nk ∈ N in each assimilation step k in (8.3) such that
(2)

sup Kk−1 = d.

(8.58)

k∈N

Let Assumption 6.0.2 hold, then using the regularization parameter αk > 0 we can ensure for
some constant 0 < ρ < 1 that
(2)

Nαk |X(1)
≤
n
k

ρ − Kk−1
(1)

Kk−1

,

(8.59)

for all k ∈ N. Then under the conditions of Theorem 8.1.5, there exists a constant 0 < χ < 1,
such that the analysis error is bounded over time by
lim sup kek k ≤
k→∞

υ+

δ+γ
√
2 α∗

1−χ

,

(8.60)

where 0 < α∗ ≤ inf k∈N0 αk .
Proof. If Mk is Lipschitz continuous and dissipative with respect to H, we first show that
(1)

(2)

we can satisfy (8.58). From (8.54), the Lipschitz constants Kk−1 and Kk−1 determine our
ability to achieve ναk < 1 in each assimilation step k. Since Mk changes in each step and is
(2)

uniformly dissipative with respect to higher modes of H, we change the subspace Xnk so that
there is a uniform contraction that satisfies (8.58). Now nk is changing in each step k. Hence
we must choose a regularization parameter αk > 0 in each step so that (8.59) holds. Since nk
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(1)

in (7.50) is finite this means that Xnk is finite dimensional and we have the following norm
estimate in each assimilation step k, such that
Nαk |X(1)
=
n
k

sup
j∈{1,...,nk }

αk
,
α k + λj

(8.61)

where λj are the eigenvalues of the self-adjoint compact operator H ∗ H. We now show that
we can choose a constant 0 < α∗ ≤ αk for all k ∈ N0 so that
(2)

sup
j∈{1,...,nk }

ρ − Kk−1
α∗
≤
.
(1)
α ∗ + λj
Kk−1

(8.62)

Since the eigenvalues of H ∗ H are assumed to be ordered then from (8.61) we have that
sup
j∈{1,...,nk }

αk
αk
.
=
α k + λj
α k + λnk

(8.63)
(1)

Under Assumption 8.1.1 there exists a constant c > 0 such that supk∈N Kk−1 = c. Since the
model dynamics are assumed not to be globally damping then we have that c ≥ 1. From
(2)

(8.58) there exists a constant 0 < d < 1 such that supk∈N Kk−1 = d. Hence,
(2)

We choose α∗ such that

ρ − Kk−1
ρ−d
f :=
≤
.
(1)
c
Kk−1

(8.64)

λ∗ f
,
α =
1−f

(8.65)

α∗
= f.
α ∗ + λ∗

(8.66)

∗

where λ∗ := inf k∈N0 λnk > 0 since nk is finite. Then rearranging we have that

Therefore, we have found an α∗ > 0 such that (8.62) is satisfied, which means that there
exists an αk ≥ α∗ in each step k such that (8.59) is satisfied. Then from (8.56) there exists
a constant 0 < χ < 1 such that the bound for the analysis error is then given by
δ+γ
kek k ≤ χ kek k + υ + √ ∗ .
2 α

(8.67)

Then we can apply Theorem 8.1.5 to complete the proof by providing the estimate in (8.60).
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This result has shown that an inflation in each assimilation step means that we can
generalise the previous result in Section 8.1. We saw in (8.60) that our asymptotic result
for the analysis error is dependent on a lower bound for the regularization parameter chosen
over time. In order to obtain the bound on the evolution of the analysis error in (8.56) it was
necessary to remove the time dependence in the noise term by using α∗ . This is the same
trade off as seen in Section 7.2. We now present the final theoretical result of this thesis,
which is a nonlinear extension to Section 7.3.

8.3

Nonlinear dynamics with a general update to the
background error covariance

In this section we present a nonlinear extension to the theoretical result in Section 7.3 for the
stability of cycled data assimilation schemes that employ a general update to the background
error covariance operator. Using (7.89), (7.83) and (8.49) we have the following evolution of
the analysis error for nonlinear model dynamics,





(t)
(a)
ek = N̂αk ,k Mk−1 xk−1 − Mk−1 xk−1 + N̂αk ,k ζ k + Rα,k (η k − ω k ) ,
(a)

(t)

1/2

−1/2

where ek := xk − xk , N̂αk ,k := Bk Nαk ,k Bk
1/2

Gk := Hk Bk

(8.68)

, Nαk ,k := (I + r−1 αk−1 Gk∗ Gk )−1 where

and Rk = rI in accordance with (7.80) for all k ∈ N0 . The noise terms ζ k , η k

and ω k are the respective model error from (8.2), observation error from (4.8) and observation
(1)

operator error from (4.7) for k ∈ N0 . Using the projection operators Pk
(1)

(2)

and Pk

in (7.93)

(2)

we split the state space to obtain the subspaces Xk and Xk as in (7.94). Then from (8.68)
we have that






(1)
(2)
(a)
(t)
ek = N̂αk ,k Pk + Pk
Mk−1 xk−1 − Mk−1 xk−1 + N̂αk ,k ζ k

+ Rα,k (η k − ω k )





(t)
(1)
(a)
(1)
= N̂αk ,k |X(1) Mk,k−1 xk−1 − Mk,k−1 xk−1 + N̂αk ,k ζ k
k





(t)
(2)
(a)
(2)
+ N̂αk ,k |X(2) Mk,k−1 xk−1 − Mk,k−1 xk−1 + Rα,k (η k − ω k )

(8.69)

(8.70)

k

where
(1)

(1)

(2)

(2)

Mk,k−1 (·) := Pk ◦ Mk−1 (·) and Mk,k−1 (·) := Pk ◦ Mk−1 (·).
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(8.71)

Using the triangle inequality and property (c) from Lemma 2.1.20 we can obtain a bound on
this error as follows,





(t)
(1)
(a)
(1)
kek k = N̂αk ,k |X(1) Mk,k−1 xk−1 − Mk,k−1 xk−1 + N̂αk ,k ζ k
k





(t)
(2)
(a)
(2)
+N̂αk ,k |X(2) Mk,k−1 xk−1 − Mk,k−1 xk−1 + Rα,k (η k − ω k )
k





(t)
(1)
(a)
(1)
≤ N̂αk ,k |X(1) Mk,k−1 xk−1 − Mk,k−1 xk−1
k





(t)
(2)
(a)
(2)
+ N̂αk ,k |X(2) Mk,k−1 xk−1 − Mk,k−1 xk−1

(8.72)

k

+ N̂αk ,k ζ k + kRα,k (η k − ω k )k







(t)
(1)
(a)
(1)
1/2
≤ κ Bk |X(1) · Nαk ,k |X(1) Mk,k−1 xk−1 − Mk,k−1 xk−1
k
k







(t)
(2)
(a)
(2)
1/2
+ κ Bk |X(2) · Nαk ,k |X(2) Mk,k−1 xk−1 − Mk,k−1 xk−1
k
k


1/2
· kNαk ,k ζ k k + kRα,k (η k − ω k )k .
+ κ Bk

Using Assumption 8.12 we can further bound (8.74) by

 
(1)
1/2
ek ≤ κ Bk |X(1) · Kk−1 · Nαk ,k |X(1)
k
k



(2)
1/2
+ κ Bk |X(2) · Kk−1 · Nαk ,k |X(2) ek−1
k
k


1/2
· kNαk ,k k υ + kRα,k k (δ + γ) ,
+ κ Bk
(1)

(2)

(1)

(8.73)

(8.74)

(8.75)

(8.76)
(2)

where ek := kek k, Kk−1 and Kk−1 are the Lipschitz constants on Xk−1 and Xk−1 respectively
at time k − 1 and υ, δ and γ are the bounds on the noise. Using Remark 7.3.1 and (7.102),
(8.76) becomes




 
(2)
1/2
(1)
1/2
ek ≤ κ Bk |X(1) · Kk−1 · Nαk ,k |X(1) + κ Bk |X(2) · Kk−1 ek−1
k

k

+κ



1/2
Bk



υ+

1/2
Bk

k

(δ + γ)

√

2 rαk

,

(8.77)

If Assumption 7.3.2 holds then from (8.77)


(2)
(1)
ek ≤ a(1) b(1) · Kk · Nαk ,k |X(1) + a(2) b(2) · Kk ek−1
k

+ abυ +

b (δ + γ)
√
,
2 rα∗

(8.78)

where 0 < α∗ ≤ inf k∈N0 αk . We are now in a position to state the main result for nonlinear
cycled data assimilation schemes that employ a general update to the background error
covariance.
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Theorem 8.3.1. For the Hilbert space (X, k·kℓ2 ), let the nonlinear system Mk : X → X be a
uniformly dissipative sequence of Lipschitz continuous operators in accordance with Definition
8.2.1 that satisfies Assumption 8.1.1. Let Assumption 7.3.2 hold. Then for any constant
0 < d < 1 there exists an nk ∈ N in each assimilation step k, such that
(2)

sup Kk−1 =
k∈N

d
,
a(2) b(2)

(8.79)

with positive constants a(2) b(2) ∈ R+ from (7.111). Let Gk be a uniform spectral sequence
of injective linear compact operators in accordance with Definition 7.3.3. Then using the
regularization parameter αk > 0, we can ensure for some constant 0 < ρ < 1 that
(2)

Nαk ,k |X(1) ≤

ρ − a(2) b(2) Kk−1
(1)

a(1) b(1) Kk−1

k

,

(8.80)

for all k ∈ N and for positive constants a(1) b(1) ∈ R+ from (7.110). Under the conditions of
Theorem 8.1.5, there exists a constant 0 < χ < 1, such that the analysis error is bounded
over time by
lim sup kek k ≤

abυ +

k→∞

where 0 < α∗ ≤ inf k∈N0 αk .

b(δ+γ)
√
2 rα∗

1−χ

,

(8.81)

Proof. If Mk−1 is Lipschitz continuous and dissipative with respect to higher spectral modes
of the sequence of operators Gk , we first show that we can achieve (8.79). Since Mk changes
in each step and is assumed to be dissipative with respect to higher modes of Gk in each step,
then we change the subspace X(2) so that there is a uniform contraction that satisfies (8.79).
Now nk and the orthonormal system {ϕi,k : i ∈ N} are changing in each step k. Hence we
must choose a regularization parameter αk > 0 in each step so that (8.80) holds. Since nk is
(1)

finite this means that Xk from (7.93) is finite dimensional and we have the following norm
estimate in each assimilation step k, such that
Nαk ,k |X(1) =
k

sup
j∈{1,...,nk }

rαk
,
rαk + λj,k

(8.82)

where λj,k are the eigenvalues of the sequence of self-adjoint compact operators Gk∗ Gk and r
is in accordance with (7.80). We now show that we can choose a constant 0 < α∗ ≤ αk for
all k ∈ N0 so that

(2)

sup
j∈{1,...,nk }

ρ − a(2) b(2) Kk−1
rα∗
≤
.
(1)
rα∗ + λj,k
a(1) b(1) Kk−1
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(8.83)

Since the eigenvalues of Gk∗ Gk are assumed to be ordered then from (8.82) we have that
sup
j∈{1,...,nk }

rαk
rαk
=
.
rαk + λj,k
rαk + λnk ,k

(8.84)
(1)

Under Assumption 8.1.1 there exists a constant c > 0 such that supk∈N Kk−1 = c. Since the
model dynamics are assumed not to be globally damping then we have that c ≥ 1. From
(2)

(8.79) there exists a constant 0 < d < 1 such that supk∈N Kk−1 = d/(a(2) b(2) ). Hence,
(2)

ρ − a(2) b(2) Kk−1
ρ−d
.
f := (1) (1) ≤
(1)
a b c
a(1) b(1) Kk−1

(8.85)

From Definition 7.3.3 there exists a real positive constant 0 < λ∗ ≤ λnk ,k for all k ∈ N0 such
that we can choose α∗ so that

λ∗ f
.
r − rf

(8.86)

rα∗
= f.
rα∗ + λ∗

(8.87)

α∗ =
Then rearranging we have that

Therefore, we have found an α∗ > 0 such that (8.83) is satisfied, which means that there
exists an αk ≥ α∗ in each assimilation step k such that (8.80) is satisfied. Then from (8.78)
there exists a constant 0 < χ < 1 such that the bound for the analysis error is then given by
ek ≤ χek−1 + abυ +

b (δ + γ)
√
.
2 rα∗

(8.88)

This form is similar to (8.15) and we can use Theorem 8.1.2 to complete the proof.
This result in Theorem 8.3.1 shows that it is possible to choose a regularization parameter
in each assimilation step to stabilise the cycled data assimilation scheme. This was under the
assumption that the nonlinear map Mk−1 must be dissipative with respect to higher spectral
modes of the operator Gk for all time. If this property can be shown for the nonlinear
system then the result would give a tighter bound on the behaviour of the analysis error than
previous in Theorem 8.1.7. This is because we can apply an update to the regularization
parameter in each assimilation step which eliminates the need to bound the behaviour by
the global Lipschitz constant. Also this result is dependent on the cycled data assimilation
1/2

−1/2

scheme producing unique square roots Bk , Bk

∈ L(X) for all time k ∈ N and uniformly

bounded square root background error covariances in accordance with Assumption 7.3.2. In
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Chapter 7 we showed under a number of conditions that the Kalman filter produces unique
1/2

−1/2

square roots Bk , Bk

∈ L(X) for all time and that (7.108) in Assumption 7.3.2 holds. An

extension of this would be to show that Assumption 7.3.2 holds in the case of an extended
Kalman filter in the nonlinear setting.

8.4

Summary

In this chapter, we have presented a nonlinear extension to the theoretical results developed
in Chapter 7. We have shown that it is sufficient that the nonlinear model dynamics are
dissipative on higher spectral modes of the observation operator in order to ensure stability
of the cycled data assimilation scheme. Without this dissipative property then our stability
results do not hold due to the ill-posedness of the problem. Firstly, we developed results
for data assimilation scheme that employ static error covariances. Here we illustrated our
theoretical results by showing a number of numerical experiments with the deterministic and
stochastic Lorenz equations. Secondly, we investigated data assimilation schemes where there
is a multiplicative update in the background error covariance. This was a direct extension to
results from Section 7.2. Finally, we developed results for the case where there is a general
update to the background error covariance in the same way as in Chapter 7. In the next
chapter we produce conclusions to this work and discuss future extensions to the results
developed in this thesis.
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Chapter 9
Conclusions
In NWP advanced data assimilation techniques are applied to combine indirect noisy observational data, with a highly nonlinear complex numerical forecast model in order to generate
an analysis. This analysis provides the best estimate to the state of the atmosphere. An
initial guess which we call the background state is used to ensure the problem we solve is
well-posed. This background state is calculated by forecasting the previous analysis to the
current assimilation time. Data assimilation methods are then applied using the background
state and current available observations. Currently, the process of cycling data assimilation
schemes in operational NWP centres is dependent on the spatial scales. For example most
operational NWP centres cycle their variational data assimilation schemes every six to twelve
hours for their global system and cycle their variational data assimilation schemes every one
to three hours for regional system.
In this thesis we have analysed the behaviour of the analysis error, which is defined as
the difference between the analysis, obtained from the data assimilation scheme and the true
state of the system. We have represented the evolution of the analysis error in an infinite
dimensional setting. Despite all computational algorithms being finite dimensional, most numerical models used in NWP are discrete approximations to infinite dimensional linear and
nonlinear partial differential equations. Therefore, working in an infinite dimensional setting
means that we can tackle problems that exist in the finite dimensional setting in a general framework, which is mathematically consistent with our infinite dimensional dynamical
system.
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There are few theoretical and numerical results in the literature that are applicable to
the behaviour of cycled data assimilation schemes in the infinite dimensional setting. Most
results are relevant to finite dimensional linear (see Section 4.2 and in particular [54], [11],
[40] and [21]) and nonlinear (see Section 4.3 and in particular [44], [82] and [77]) systems.
Our approach in this thesis has involved investigating the behaviour of data assimilation
schemes using norm estimates. Recently results have emerged in the literature using this
approach for infinite dimensional linear (see Section 4.4 and in particular [57]) and nonlinear
(see Section 4.5 and in particular [60] and [7]) systems.

9.1

Conclusions

In this thesis we have developed new theoretical results on the stability of cycled data assimilation schemes for a wide class of linear and nonlinear dynamical systems. In Chapter 2
we introduced tools from functional analysis that enabled us to analyse the evolution of the
analysis error of the data assimilation schemes from Chapter 3.
In Chapter 3 we introduce three popular data assimilation schemes, 3DVar, 4DVar and
the Kalman filter. We aligned each of these to cycled Tikhonov-Phillips regularization which
we analysed in Chapter 6, Chapter 7 and Chapter 8.
In Chapter 4 we formulated an expression for the evolution of the analysis error for a
cycled data assimilation scheme of the form introduced in Chapter 3. We found that our
expression for the evolution of the analysis error linked with observer systems, which are
popular in the field of control theory. We critically reviewed the literature regarding linear
time-invariant, linear time-varying and nonlinear dynamical systems in the finite and infinite
dimensional setting.
In Chapter 5 we introduced one linear model, the 2D Eady model and two versions (deterministic and stochastic) of the nonlinear Lorenz ‘63 model. These models were introduced
so that they could be used in numerical experiments in Chapter 6, Chapter 7 and Chapter 8
to illustrate our theoretical results and the behaviour of the analysis error.
In Chapter 6 we presented new theoretical results on the stability of cycled 3DVar-type
data assimilation schemes for constant and diagonal dynamical systems. We showed that
we can choose a regularization parameter sufficiently small so that a cycled 3DVar scheme
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introduced in Chapter 3 remains stable for all time. Moreover, if the regularization parameter
was chosen too small then this made the analysis error worse by amplifying the error in
the observations and observation operator. We found that it is necessary that the model
dynamics are damping on higher spectral modes for our stability result to hold in the infinite
dimensional setting. The dynamical systems which we considered in Chapter 6 were not
applicable to realistic systems and therefore we used the set-up in Chapter 6 as a stepping
stone to more advanced realistic dynamical systems in Chapter 7 and Chapter 8.
In Chapter 7 we derived new theoretical results on the stability of cycled data assimilation
schemes for general linear dynamical systems. We showed for a class of compact operators,
the Hilbert-Schmidt operator, we were able to split the state space so that there was a contraction in the error dynamics leading to a stable cycled data assimilation scheme for all time.
We developed stability results for cycled 3DVar and 4DVar where the dynamical system comprised of a linear time-invariant model dynamics operator and a time-invariant observation
operator. We illustrated this result for the 4DVar scheme using a dynamical system that
was comprised of the 2D Eady model from Chapter 5 and a general injective linear timeinvariant observation operator. We then extended this result and showed for a cycled data
assimilation scheme that employs a multiplicative update in the background error covariance
operator, that we could extend our stability results to dynamical systems with linear timevarying model dynamics. We showed that, given a perfect model Kalman filter and constant
model dynamics, the inverse of the background error covariance is asymptotically unbounded.
This result highlighted that the model error covariance operator is instrumental in keeping
the evolving background error covariance operator stable. Finally, we demonstrated that if
the square root of the background error covariance operator and its inverse exists and are
bounded then our stability result holds for a cycled data assimilation scheme where there is
a general update to the background error covariance operator. Moreover, we showed that
for the Kalman filter if we can artificially inflate the background error covariance then we
can show asymptotic stability in the infinite dimensional setting. Our result was under the
following conditions:
1. the model dynamics are linear and bounded for all time;
2. the observation operator is an injective linear time-varying bounded operator;
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3. the model error covariance operator is uniformly strictly positive for all time;
4. the initial background error covariance operator is strictly positive;
5. the observation error covariance operator is diagonal and static in time, see Section 7.3;
6. the square root background error covariance operator is uniformly bounded, such that
(7.109) is satisfied.
We have seen that many of our conditions are similar to those in Kalman’s work as discussed
in Section 4.2.3. Similar to the results in the literature, we require that the model dynamics
are bounded for all time and the initial background error covariance is strictly positive.
However, our results are more restrictive due to our approach of norm estimates.
In Chapter 8 we provided a nonlinear extension to some of the linear results from Chapter
7. Here we considered a dynamical system comprised of a nonlinear model operator and a
linear time-invariant observation operator. We showed that to achieve stability in the cycled
data assimilation scheme it was necessary that the nonlinear dynamics be Lipschitz continuous and be dissipative on higher spectral modes. If the model dynamics satisfy Lipschitz
continuity and dissipative behaviour then we demonstrated that a cycled 3DVar scheme is
asymptotically stable. We illustrated the evolution of the analysis error for a cycled 3DVar
scheme in numerical experiments using the deterministic and stochastic Lorenz ‘63 model.
Then we showed that if a time-dependent regularization parameter is applied in each assimilation step to the cycled 3DVar scheme then the analysis error will remain bounded for all
time. Finally, we demonstrated that if the model dynamics are dissipative with respect to
higher spectral modes of the observation operator composed with the inverse square root
of the background covariance operator, then the analysis error of a cycled data assimilation
scheme that employs a general update in the background error covariance operator will be
stable. In each of these cases it must be shown for the particular model dynamics operator
that these dissipative properties hold. However, this is not necessarily true for many realistic
models.
In conclusion, the results in this thesis have demonstrated that cycling data assimilation
schemes in a high or infinite dimensional setting is a stable process for a wide range of
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dynamical systems. Using the regularization parameter or equivalently inflating the variance
of the background state, means that the analysis error can be kept bounded for all time.

9.2

Future work

In the derivation of our bounds on the analysis error for a variety of data assimilation schemes
clearly many assumptions were made. We now discuss how many of these assumptions could
be relaxed in future work and highlight the assumptions that are more difficult to relax.
In Chapter 7 we assumed that the square root background error covariance operator was
uniformly bounded. If this can be shown to hold for the Kalman filter from Chapter 3 then our
stability result in Section 7.3 would demonstrate stability for the Kalman filter in an infinite
dimensional setting with a compact observation operator. This should be investigated further
in future work by working through the proof of Lemma 7.3.6 to see under what conditions
would (7.109) hold from Assumption 7.3.2.
One major assumption we have made in this work is that the observation operator is
injective. We mentioned in Chapter 6 that this assumption was not necessary. However, in
order to obtain the bound in (6.47) on the Tikhonov-Phillips inverse which is independent
of the observation operator it was necessary to assume injectivity in H. It would be useful
to the NWP community to relax this assumption since rank deficiency is a major problem
when assimilating satellite data [71]. The work of [7] has shown that injectivity is not
necessary to develop similar stability results for the Navier-Stokes system. As we saw in
Section 2.3.1 if H is a compact operator then Tikhonov-Phillips regularization guarantees
that the operator αI + H ∗ H is injective for α > 0. Therefore, it is possible to assume that
H is not injective, although one must take care of the nullspace of the observation operator.
In Chapter 6, Chapter 7 and Chapter 8 we expressed elements spectrally therefore we would
need to include the orthogonal projection operator Q : X → N (H) in our analysis.
In our work we have assumed throughout that the observation operator is linear. In
the NWP community the observation operator might not be linear, especially when satellite
data is assimilated [71]. We believe that nonlinearity in the observation operator would not
change the phenomena seen in this work. We still think that a regularization parameter can
be chosen to achieve a stable cycled data assimilation scheme. This is because our work
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has shown that the analysis error is heavily influenced by the background error covariance.
When solving a nonlinear operator equation it is highly likely that the problem is ill-posed
in the classical sense. Therefore, the background state is necessary to ensure that we solve
a well-posed problem. In the inverse problems community applying Tikhonov-Phillips regularization to nonlinear operator equations is popular, see [24] and [13]. Therefore, it would
be interesting to analyse the behaviour of the analysis error for data assimilation schemes
where the observation operator is nonlinear. In our work we have used Theorem 2.3.4 to
guarantee a unique solution when we derived an expression for the evolution of the analysis
error. However, we would have to take care of local minima, such that the minimiser to
the nonlinear functional might not produce a unique global minimum in accordance with
Theorem 2.3.4.
We have assumed for the majority of this work that the observation operator is timeinvariant. We relaxed this assumption when we analysed the analysis error of cycled data
assimilations schemes in Section 7.3 and Section 8.3 that employ a general update to the
background error covariance operator. Further work could extend our results to time-varying
observation operators for variational data assimilation schemes. Therefore, by allowing for a
time-dependence one would need to describe the relationship between the properties of the
observation operator over time in relation to the properties of the model dynamics.
In Chapter 7 for linear dynamical systems we have seen that our approach of norm estimates has led to a sufficient condition on the stability for cycled data assimilation schemes.
We discussed in Chapter 4 that under conditions of observability and controllability, eigenvalues can be assigned to give a necessary and sufficient condition on the stability of timeinvariant observer systems. Future research could investigate concepts of observability and
controllability from infinite dimensional linear systems theory, leading to necessary and sufficient conditions on the behaviour of cycled data assimilation schemes, see [17, Chapter 14].
However, it is not clear from this thesis how one could extend linear theoretic results that
rely on observability and controllability conditions to general nonlinear dynamical systems.
Our work has focused on deriving deterministic results for a variety of data assimilation
schemes. Therefore, in this work we assumed that the noise on the observations, model and
observation operator were bounded for all time. It would be possible to relax this assumption
and carry through mean-square analysis with the assumption that the noise terms are mean
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zero independent and identically distributed Gaussian variables. This stochastic direction
could lead to some interesting results and should be considered in future work.
A key assumption that we made in this work is that the nonlinear model dynamics are
Lipschitz continuous. As we have discussed in Chapter 8 the assumption of Lipschitz continuity is expected to hold locally in the field of geophysical and meteorological applications.
For our theory to hold we would require global Lipschitz continuity. Without this assumption
we think that it would be more difficult to carry out similar analysis for the behaviour of the
analysis error of cycled data assimilation schemes.
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