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Abstract

Filtering theory basically relates to optimal state estimation in stochastic dy-
namical systems, particularly when faced with partial and noisy data. This
field, closely intertwined with control theory, focuses on designing estimators
doing real-time computation while maintaining an acceptable level of accu-
racy as measured by the mean square error. The necessity for such estimates
becomes increasingly critical with the proliferation of network-controlled sys-
tems, such as autonomous vehicles and complex industrial processes, where
the observation processes are subject to randomness in transmission and this
gives rise to varying information patterns under which the estimation must
be carried out.

This thesis addresses the important task of state estimation in continuous-
time stochastic dynamical systems when the observation process is avail-
able only at some discrete time instants governed by a random process. By
adapting classical estimation methods, we derive equations for optimal state
estimator, explore their properties and practicality, and propose and evalu-
ates sub-optimal alternatives, showcasing parallels to the existing techniques
within the classical estimation domain when applied to Poisson-distributed
observation processes.

The study covers three classes of mathematical models for the continuous-
time dynamical system and the discrete observation process. First, we con-
sider It6 stochastic differential equations with Lipschitz drift terms and con-
stant diffusion coefficient, whereas the lower-dimensional discrete observation
process comprises the nonlinear mapping of the state and additive Gaussian
noise. We propose easy-to-implement continuous-discrete suboptimal state
estimators for this system class. Assuming that a Poisson counter governs
discrete times at which the observations are available, we compute the ex-
pectation or error covariance process. Analysis is carried out to provide
conditions for boundedness of the error covariance process, as well as, the
dependence on the mean sampling rate.

Secondly, we study continuous-discrete ensemble filters for Ornstein—Uh-
lenbeck processes with discrete observations described by linear functions
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of state and additive Gaussian noise. Ensemble filters have gained a lot of
interest for state estimation in large-scale models with noisy measurements
where the computation of optimal gain is either computationally expensive
or not entirely feasible due to complexity of the dynamics. In this thesis, we
propose continuous-discrete McKean—Vlasov type diffusion processes, which
serve as the mean-field model for describing the limit dynamics of the ensem-
ble of particles. We study several kinds of mean-field processes depending
on how the noise terms are included in mimicking the state process and the
observation model. The resulting particles are coupled through empirical
covariances which are updated at discrete times with the arrival of new ob-
servations. With appropriate analysis of the first and second moments, we
show that under certain conditions on system parameters, the performance of
the ensemble filters approaches the optimal filter as the number of particles
gets larger.

Lastly, we consider the dynamical systems described by continuous-time
Markov chains with finite state space, and the observation process is obtained
by discretizing a conventional stochastic process driven by a Wiener process.
For this case, the Li-convergence of the derived optimal estimator to the
classical (purely continuous) optimal estimator (Wonham filter) is shown
with respect to increasing intensity of Poisson processes.

Keywords: nonlinear filtering, linear filtering, Poisson-distributed obser-
vations, random observations, ensemble filter, continuous-discrete filter



Résumé

La théorie du filtrage concerne essentiellement ’estimation optimale de I’état
dans les systemes stochastiques, surtout avec des mesures partielles et bru-
itées. Ce domaine, fortement lié a la théorie du controle, se concentre sur la
syntheése d’estimateurs effectuant des calculs en temps réel pour minimiser
I'erreur quadratique moyenne. La nécessité de telles estimations devient de
plus en plus critique avec la prolifération de systemes controlés par réseau,
tels que les véhicules autonomes et les processus industriels complexes, ou les
processus d’observations sont soumis au caractere aléatoire de la transmis-
sion, ce qui donne lieu a des modeles d’information variables pour résoudre
le probleme d’estimation.

Cette these aborde la tdche importante de 'estimation d’état dans les
systemes dynamiques stochastiques en temps continu lorsque les mesures sont
disponible aux certains instants discrets defini par un processus aléatoire.
En adaptant les méthodes d’estimation classiques, nous développons des
équations pour un estimateur optimal d’état, explorons leurs propriétés et les
aspect pratiques, et proposons et analysons des alternatives sous-optimales,
présentant des paralleles avec les techniques existantes dans le domaine d’esti-
mation classique lorsqu’elles sont appliquées aux processus d’observation
Poisson-distribués.

L’étude couvre trois classes de modeles mathématiques pour le systeme
dynamique en temps continu et le processus d’observation discret. Tout
d’abord, nous considérons des équations différentielles Itostochastiques avec
le champ de vecteur Lipschitz et un coefficient de diffusion constant, alors
que le processus d’observation discrete de dimension inférieure comprend la
fonction nonlinéaire de I’état et un bruit Gaussien additif. Nous proposons
des estimateurs d’état sous-optimaux continus-discrets, qui sont faciles a
implémenter pour cette classe de systemes. En supposant qu'un compteur de
Poisson décrit les instants discrets auxquels les observations sont disponibles,
nous calculons le processus de covariance d’erreur d’estimation. L’analyse est
effectuée pour fournir les conditions de limitation du processus de covariance
d’erreur, ainsi que la dépendance au taux d’échantillonnage moyen.

il
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Deuxiémement, nous étudions les filtres d’ensemble continus-discrets pour
les processus d’Ornstein-Uhlenbeck avec des observations discretes décrites
par des fonctions d’état linéaires et un bruit Gaussien additif. Les filtres
d’ensemble ont gagné beaucoup d’intérét pour 'estimation d’état dans les
modeles a grande échelle avec des mesures bruitées ou le calcul du gain op-
timal est soit cotliteux en calcul, soit pas entierement réalisable en raison de
la complexité de la dynamique. Dans cette these, nous proposons des pro-
cessus de diffusion de type McKean—Vlasov continus-discrets, qui servent de
modele de champ moyen pour décrire la dynamique limite de ’ensemble des
particules. Nous étudions plusieurs types de processus de champ moyen en
fonction de la maniere dont les termes de bruit sont inclus pour I'imitation
du processus d’état et du modele d’observation. Les particulaires résultantes
sont couplées via des covariances empiriques qui sont mises a jour en temps
discrets avec I'arrivée de nouvelles observations. Avec une analyse appropriée
des premier et deuxiéme instants, nous montrons que sous certaines condi-
tions sur les parametres du systeme, les performances des filtres d’ensemble
se rapprochent du filtre optimal quand le nombre de particulaires augmente.

Enfin, nous considérons les systemes dynamiques décrits par des chaines
de Markov en temps continu avec un espace d’état fini, et le processus
d’observation est obtenu en discrétisant un processus stochastique conven-
tionnel piloté par un processus de Wiener. Dans ce cas, nous montrons la
convergence L, de 'estimateur optimal vers 'estimateur optimal classique
(purement continu) (filtre de Wonham) quand l'intensité des processus de
Poisson augmente.

Les mots cles: filtrage nonlinéaire, filtrage linéaire, observations distribuées
par Poisson, observations aléatoires, filtre d’ensemble, filtre continu-discret
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Notation and Abbreviations

Number sets

N: set of nonnegative integers {0,1,2,...}
NT: set of positive integers {1,2,3...}

Z:: set of integer numbers

R: set of real numbers

C: set of complex numbers

[a,b]: closed interval {z € R |a <z < b}
la,b[: open interval {x € R | a <z < b}
[a,b: interval {z € R | a <z < b}

la,b]: interval {z €e R|a <z < b}

Probability

Law: law of a random variable
L: generator

N (i, ¥): multivariate Gaussian distribution with mean g and covari-
ance

N: Poisson process
P[]: probability of an event
E[-]: expectation

o(+): the smallest sigma-algebra containing the argument

X



X Notation and abbreviations: Notation and abbreviations

Symbols
o X, = I;gl X,
o AXy =X, — Xi-
o j(A): j-th eigenvalue of a matrix A
o R: real part of a complex number
o [a];: i-th element of a vector a
o [A];;: 4, j-th element of a matrix A
« AT: transpose of a matrix A
o det A: determinant of a matrix A

e tr A: trace of a matrix A

®: Kronecker product

Abbreviations

a.s. almost surely
cadlag right continuous with left limits
FV finite variation
Lem. Lemma
ODE Ordinary differential equation
PDE Partial differential equation
Prop. Proposition
resp. respectively
s.t. such that
Th. Theorem
ucp uniformly on compacts in probability

wrt with respect to



Chapter 1

Introduction

Modern engineering applications continue to grow in complexity, and very
often they involve analysis of large volume of data. In filtering theory, the
analysis of data corresponds to accurately inferring the true state of a dy-
namical system amidst noisy observations. Due to the dynamic nature of the
variables which are modeled by differential equations with uncertainties, the
problem is intrinsically quite challenging and emerges as a cornerstone dis-
cipline for many applications ranging including cryptography, tracking and
guidance, speech recognition, image and video processing, genetics, finan-
cial modeling, etc. At its essence, filtering theory endeavors to distill signal
from noise, enabling practitioners to extract meaningful information from
imperfect and often incomplete observations.

In this thesis, we basically study the filtering problem for a certain class
of dynamical systems which are modeled by continuous-time stochastic dif-
ferential equations where the dynamics may be linear or nonlinear, and the
underlying state-space may be finite (Markov Chains), or infinite (It6 differ-
ential equations). The common element that appears in all the problems is
that the observation process is available only at some discrete time instants,
which is partly motivated by the fact that, in many applications, the measure-
ments are often not available at all times, and one needs to properly analyze
the filtering algorithm taking into consideration this loss of information due
to sampling of the observation process. In the sequel, we provide an overview
of some developments in the field of filtering theory which are relevant for
the topics studied in subsequent chapters, and also some details about the
discrete observation process and its implication in filtering problems.
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1.1 Overview of the filtering results

The theory of signal filtering first emerged in the first half of the 20th cen-
tury in the pioneering works of Norbert Wiener [WH31; |Wie49] and Andrey
Kolmogorov [Kol41], and gained invaluable contribution in 1960’s thanks to
the publication of Rudolf Kalman’s classic work [Kal60] and subsequent joint
work [KB61] on the derivation of the Kalman—Bucy filter. The Kalman—Bucy
filter is currently applied in numerous engineering and scientific fields, includ-
ing machine learning, medicine, finance, and robotics (see reviews |[CR11;
Che03] and relevant references). The filtering theory finds relevance in prob-
lems of reconstruction, prediction, approximation, control, and stabilization
of partially observed (and noisy) processes or signals.

To define the filtering problem in the context of stochastic dynamical
systems, we consider a state process (x;):>o described by a non-deterministic
evolution rule and an observation process (y;):>0, which provides partial noisy
measurements of the state. The problem is to compute the best estimator
(Z1)t>0 using the observations and the system model. To quantify best, one
has to specify some constraints and criteria which must be optimized when
computing the estimator. In this regard, we take the following elements into
consideration:

o the estimator is );-measurable, where ) is the sigma-algebra generated
by observation process y on [0, t];

o the estimator minimizes the mean square of the error x; — 7y, i.e., Z; is
Y;-measurable integrable with the second moment stochastic processes
that solves the following

min  E|lz, — 7%
Tt

A generic solution to this problem is provided by choosing Z; as the expec-
tation of the state process conditioned upon the observation process (up to
time t). Depending upon the system dynamics, this conditional distribution,
often called the posterior distribution, may or not be readily available in the
closed-form. Research over the years in the area of filtering theory goes in
the direction of computing this conditional distribution for different system
classes, and providing different numerical tractable approximations when it
is not readily computable. Here, we provide an overview of some techniques
that are relevant for the developments in subsequent chapters.

Markov chains: For Markov chains, the state process evolves over a finite
set and the transition from one value to another occurs at a random time
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instant. A probability distribution supported over this finite state space rep-
resents the evolution of the underlying state. The observation process is
described by a nonlinear function of the state plus a diffusion term driven by
Wiener process. The objective is to compute the conditional distribution of
the state process given the observation. Because of the finite state space, this
conditional distribution at each time instant is represented by a finite dimen-
sional vector. For continuous-time Markov chains, Wonham filters proposed
in [Won64| provide the evolution of conditional distribution in the form of
observation-driven finite-dimensional stochastic differential equations.

Linear Gaussian case: Probably the most commonly studied class of sys-
tems in filtering theory is where the state process and the observation process
are both linear in state and driven by standard Wiener process. The state
space is the Euclidean space, and hence not necessarily finite. However, un-
der the assumption that the initial condition is Gaussian, the state process
and the observation process remain Gaussian at all times. This allows us to
parameterize these processes entirely by the mean and covariance. Moreover,
the conditional posterior distribution, which we need for computing the mean
square estimate, is also Gaussian. Hence, as shown in [KB61] and several
books by now |[AM79; |KS72], filtering problem boils down to computing the
mean and the variance of the conditional distribution. The variance is ob-
tained from a completely deterministic, observation independent, quadratic
differential equation, also called the Riccati differential equation. The evolu-
tion of mean, on the other hand, is described by a linear stochastic differential
equation where the randomness is due to the innovation process of the ob-
servations, and it involves an injection gain described by the time-varying
covariance matrix. One can then analyze the properties of such filters under
system theoretic assumptions like controllability (with respect to diffusion
term) and the observability.

Nonlinear case: In case of dynamical systems described by nonlinear dif-
ferential equations, the state process is not necessarily Gaussian and the
conditional distribution is no longer characterized by the first and second
moments. The exact solution of the filtering problem requires us to compute
the conditional distribution at all times, and under certain hypothesis on sys-
tem data, one can derive partial differential equations (PDEs) for describing
the evolution of the conditional density. Several works have been pursued in
this direction, and one may refer to [Str60; Kus67b; Kus67a; |Zak69; FKK72]
for development of the theory and the relevance of such results in different
applications. While the problem is relatively well-studied for linear dynam-
ical systems with closed-form solutions, the analysis and implementation of
nonlinear filters have proven to be a rather challenging problem. For this
reason, many research works have focused on providing relaxed versions of
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optimal filters for nonlinear systems, which are more amenable to imple-
mentation. However, from an analysis perspective, relatively fewer works
exist that rigorously quantify the performance of nonlinear filters. For these
reasons, nonlinear filtering continues to be an active area of research where
the search for effective implementation algorithms and analysis methods is
of interest for many applications [DJ11; (GMP02; Hanl0; BS15; Tag+17;
YMM13; SGK16; [KSY19; [Kar+20].

Ensemble Filters: The closed form expression for optimal filters is very
often difficult to implement. In linear case, this may be due to higher order
Riccati equations where the number of differential equations gets very large
as the system dimension increases, and in the nonlinear case, we have to very
often look for solutions to stochastic PDEs for solving the problem. Ensem-
ble filters are similar in spirit to Monte-Carlo methods and are designed to
get an approximation of the optimal filter with much lighter computational
burden. The use of Monte-Carlo integration methods for approximating the
optimal distribution have gained significant interest in the literature [DFGO1;
RAGO3|. In the same spirit, [Eve94] introduced the technique of ensemble
Kalman filters to develop filtering methods for large scale applications re-
lated to geophysical sciences, so that the error covariance is computed from
a collection of state estimators rather than from a single (Riccati) differen-
tial equation. Since then, the use of ensemble Kalman filters have had a
notable impact where estimation with noisy data is required in large-scale
models. This approach is based on simulating the evolution of different par-
ticles through differential equations that are coupled through the associated
empirical mean and the empirical error covariance. Several review articles
[Che03; |[ESS22| and the books [Eve09| provide an overview of developments
in that area. In most of these works, we do not find much details about
the theoretical analysis of the proposed filtering techniques, and this area of
mathematical analysis of the ensemble Kalman filters has gathered attention
only very recently. Also, over the past decade, we see that the ensemble
filtering methods can be viewed from the lens of mean-field models described
by stochastic differential equations, and the particles are simply the approx-
imations of these mean field models. Recent review articles which elaborate
on this viewpoint are [BD23; [TM23].

1.2 Random observation process

In many engineering applications and control systems in particular, an impor-
tant aspect to consider in implementation of filtering and control algorithms
is the loss of information from the measurements as the observations are
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transmitted between the plant and the estimator/controller. This may be
in the form packet dropouts at certain time instants, or due to mapping of
the information over an alphabet used for communication over channels with
finite capacity. Over the past two decades, researchers in control theory have
tried to study the effect of such loss in information due to communication
networks [HNXO07; Sch407]. In this thesis, we address the filtering prob-
lem in continuous-time stochastic systems when the observations cannot be
transmitted over the communication channel exactly and it is stipulated that
the observation process is randomly time-sampled. Such an abstraction for
the observation process is motivated by the use of certain communication
protocols as pointed out in [T'T17].

Let us now recall some references that have addressed filtering problems
in the presence of measurement errors or communication uncertainties. For
continuous-time linear systems, filtering problems with randomly sampled
measurements have been studied in [MicO1l] and [MJ02], where the authors
discretize both the observation and state processes, compute a conditional
density function, and use it to get the desired expectation. The papers [MS03;
Sin+04; HDO7; |Sch08; YFX11; DCS14; PSD19] consider a discrete-time lin-
ear dynamical system and analyze the performance of filtering algorithms
using the observations that have been transmitted over a communication
channel. A different toolset, based on relative entropy, is adopted in |[MY1§]
to study the stability and convergence of filters under relaxed assumptions
on observation channels. For continuous-time dynamical system driven by
white noise, one can adopt the structure of continuous-discrete observer pro-
posed in [Jaz07]. However, there are relatively fewer works for filtering in
continuous-time stochastic systems using irregular sampling [HMR11], and
such setup is further explored in this thesis.

Other than the filtering algorithms, there have been other control-theoretic
problems which have been studied when the measurements are randomly
time-sampled, or the dynamical system is subject to resets at random time
instants. In particular, JACMO0| addresses the optimal control in linear It6
stochastic differential equations with different distributions on the sampling
process of the measurements. The reader may also refer to [HT06; AHS12]
for results on stability with resets at random times, and stabilization with
randomly sampled measurements. The book chapter [TCL18| provides an
overview of such results and some recent developments.

More often than not, in our work we will assume that the sampling pro-
cess (for the observations) is a Poisson counter. Consequently, this allows us
to consider differential equations driven by Poisson processes. One may find
an introduction to such classes of dynamical systems in [Bro09]. Based on the
same idea and notation, applications are provided in [BGG99; MGT99]. An-
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other advantage of considering the Poisson distribution for sampling process
is that the mean sampling rate is characterized by a scalar parameter. When
analyzing the performance of our filters subject to random sampling, this
allows us to analyze study the suboptimality and stability related estimates
in terms of the mean sampling rate.

1.3 Linear filters in closed form

We now revisit some of the basic results stated above, and motivate the mod-
ifications that appear when taking randomly sampled discrete observations
into consideration. We start with the case of linear It6 differential equations
in Gaussian setting. For this case, the closed form solution of the optimal
filter, the so-called Kalman—Bucy filter, can be presented directly. Moreover,
when dealing with discrete observations one can draw parallels rather easily
with the classical solution.

1.3.1 Case of continuous observations

In a linear conventional model, the processes are given as Ito differential
equations:

state z; € R™ : dz; = Ax,dt + Gdwy

continuous observations z; € RP : dz; = Czdt + doy,

where (z¢);>0 is an R™-valued diffusion process describing the state, and
(zt)i>0 is an RP-valued observation process. It is assumed that, for each
t >0, (wi)e>0 is an R™-valued, and (w;)¢>o is an RP-valued, standard Wiener
process with the property that E[dw;dw, ] = I,,dt, and E[dn, dn,] = Vdt,
for each t > 0. The matrices A € R™", B € R™™ and C € RP*" are taken
as constant, and the processes (w¢)i>0, (1:)i>0 are independent and do not
depend on the state. The solutions of the stochastic differential equations
are interpreted in the sense of It6 stochastic integral. It follows that, if x is
Gaussian normally distributed then the process (z:):>0 is also Gaussian.
Using the classical results, see for example [Dks03, Th. 6.3.1], the opti-
mal estimator minimizing the mean square estimation error is given by the
conditional distribution E[z; | (dz;)o<s<:] which is Gaussian normal N(Z,, P,),
where P, = E[(x; — #;)(z; — Z;) | denotes the covariance of the estimation
error. The mean 7; and the covariance P, of this conditional distribution are
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described by the following equations:

dz, = Az, dt + PCTV 7 (dz — CZ,dt),

drift gain xinnovation
where P, satisfies the following matrix-valued ordinary differential equation:

dP, = (AP, + PAT + GGT — B,CTV'CPR)dt.

1.3.2 Case of Poisson-distributed observations

Our work is primarily aimed at studying filtering problem for continuous-
time systems where the amount of information provided by the output mea-
surements is limited not only by continuous white noise but also by time
sampling. In particular, the output measurement is stipulated to arrive ran-
domly at some discrete time instants only.

For the continuous observation model introduced in the previous section,
let us introduce the identifications y; ~ % and vy ~ %, so that v, is a white
Gaussian process, v; ~ N(0,V;); see [Jaz07, Chapter 4] for further details.
In other words the observation model is formally equivalent to y; = C'xy + v;.
Due to this observation, a natural approach to model observations at discrete

time instants {7 }xen would be as follows:
Y, = Cka + Uz

where we additionally assume that the the instances 7 are randomly dis-
tributed. We next show that this framework facilitates the handling of the
optimal estimator for each realization of the observation process.

Model description

In the light of above discussion, we can now write down the system with state
process in continuous-time, and observations in discrete-time in a compact
form using the following equations:

state z; € R" : dx; = Ax,dt + Gdwy

discrete observations y,, € RP : Yr, = Cxp + vy,

where {v,, }ren is a sequence of independent RP-valued normal random vari-
ables distributed as A/(0, V). The nondecreasing sequence {7 } xen is assumed
to be random. The particular case of our interest is when the time between
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two consecutive sampling instants is exponentially distributed, i.e., for each
keN,
P((Tgy1 — ) > h) = e M. (1.3.1)

For each realization of {7y }ren, one can construct the optimal filter for the
aforementioned continuous-discrete system by using the model of the system
for propagation of the estimate between two sampling instants, and updat-
ing the estimate at sampling times using the available measurements. This
approach has appeared in [Jaz07, Th. 7.1]. It is also provided in Section

by Th. 221]
Let us notice that (1.3.1)) implies that a counting process defined as

Ny =Y O(ro<t)
keN

is a Poisson process with intensity A. Consequently, observations can be
called Poisson-sampled or Poisson-distributed; the times of observations are
the arrival times of a Poisson process. Moreover, for ¢ > 0, one may use the
increments dN; = limso N; — N;_s, as it equals 1 only at the observation
arrival time, and otherwise it equals zero. The rigorous definition and more
details can be found in Chapter [2]

Filtering equations

In the proposed notation, the continuous-discrete filtering system might be
rewritten in another form:

state z; € R™ : dz; = Ax,dt + Gdw,
discretely updated observations y; € RP : Yr = Cary + Ury s
where v, on t € [0,00[ coincides with v, for k € N since the range of
values of N, is the set of nonnegative integers. Integration with respect to
Poisson processes is discussed in Chapter [2, but here one can observe that
the observation process (y:):>0 is piecewise constant and it updates only at
times (7x)ren. The optimal estimator (Z;);>¢ can be written in a compact
form as follows:
dz, = Az,dt + B,CT Mp'(y, — CFy)dN,,
drift gain X innovation

where P, := E[(x; — %¢)(z: — Z) " | (ys)o<s<t) and satisfies a matrix-valued
ordinary differential equation

dP, = (AP, + PA" + GG")dt — RC"Mp'CP,dN,
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for Mp, := CPR.CT +V.

One should notice that the definitions of covariances are not the same.
Both are independent of the values of the observations, but for the continuous-
discrete process, the covariance is conditioned upon the observation times.
The study of the covariance matrix is important because the trace of the
covariance matrix gives some indicator of the filter’'s performance. When
the sampling process is random, the error covariance is conditioned upon
the sampling process and the evolution of (F;);>o is no longer determinis-
tic. Nevertheless, we can study the expected performance of the filter with
respect to the sampling rate of the observation process. In addition to the
covariance being non-deterministic, we observe that the expression for the
injection gain is now changed; instead of the inverse of the noise variance
described by V!, we see that now M P, 1 appears which also contains the
error covariance P, and it complicates the analysis. This gives a glimpse of
some of the issues that arise in studying filters with discrete observations. In
Chapter 3, we will address them in detail while generalizing the system class
to include certain nonlinearities as well.

1.4 Ensemble filters

The exact closed-form solutions that one could obtain for linear Gaussian
systems are not so easy to obtain for other system classes, or even when the
process is not Gaussian. The generic solution given by the conditional expec-
tation of the state process given the observations is applicable for broader
settings, but this conditional distribution is not readily computable. It is
therefore interesting to develop techniques which allow us to approximate
the conditional distribution using simpler calculations. Also, for very high-
dimensional linear systems, the optimal solution requires solving matrix-
valued Riccati differential equation which can be computationally expensive.

The basic idea behind the design of ensemble filters is based on simulat-
ing several particles through differential equations that are coupled with each
other through the empirical mean and the empirical error covariance. More
recently, several research papers study estimation techniques based on ensem-
bles using the viewpoint of mean-field process described by stochastic differ-
ential equations. The review articles [BD23; [TM23] advocate this approach.
The limiting behavior of these particles is described by a McKean—Vlasov
type diffusion process also called the mean-field process. In the literature,
this mean-field process is seen to be chosen in different ways, e.g., by adding
noise in the prediction term and the correction term of the Kalman-Bucy
process [DT18], or as a non-diffusion equation that is optimal in the measure
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transportation sense [TM20].

In contrast to these aforementioned works, our focus is on developing on-
line ensemble filters suitable for Poisson-distributed observations. For this
purpose, we propose a continuous-discrete limiting mean-field process and
show that the distribution of this process conditioned upon the discrete ob-
servations coincides with the optimal distribution of the optimal filter. We
use this process equation to describe a system of interacting particles driven
by empirical mean and covariance. These particles are shown to be consis-
tent with the proposed limiting process. This kind of analysis sets up the
groundwork for studying the performance of these filters as a function of the
mean sampling rate.

1.4.1 Working conjecture for vanilla ensemble filter

Let us consider the ensemble filter approach as another instance of the
conceptual similarities between the purely continuous case and those with
Poisson-distributed observations. In the literature on ensemble filters, we
find different methodologies for describing the equations that govern the mo-
tion of particles, depending upon whether the particle equations are purely
deterministic or they comprise identical copies of the noise processes that
appear in state and observation processes.

As a first instance, we consider the case where the particle dynamics in-
volve a copy of state process noise and the injection term involves a copy
of observation noise process. The generalization of this particular design
to the case of discrete observations can be carried out along the same lines
as described earlier for the Kalman—Bucy filter. However, the resulting im-
plementation is much different due to the interactions involved in ensemble
filters. We provide an overview of this approach and later in Chapter [, we
provide a complete analysis of convergence to the optimal solution with the
increase in the number of particles.

Let us recall the linear It system with continuous observations, described
as follows:

state x; € R™ : dz; = Ax,dt + Gdwy

continuous observations z; € RP : dz; = Cxdt + dny,

with usual assumptions on the system data as described earlier. The so-
called vanilla ensemble filter, also known as ensemble Kalman filter (EnKF),
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introduced in [Eve94], is described as,
dz! = Aidt + Gduw! + PPCTV ! (dzt _(Caidt + dn;‘)>, (1.4.1)
drift gain xinnovation

where (wi,n!) are independent copies of (wy,n;) and

pm . 1 - % ~m 7 ~m\ T d 7. 1 & 7

, .—m_li:1(xt—$t)(xt—xt) , and T} .—mgxt.
Note that the injection gain in does not depend on the exact error
covariance equation that is obtained from solving the Riccati differential
equation. Instead, in (|1.4.1]), we use the empirical covariance which in turn
is obtained from the empirical mean of different particles. Thus, the particles
are coupled to each other through empirical covariance.
The structure of can be replicated for the case of Poisson-distributed

observations. Indeed, the innovation part, which is a zero-mean process,
should be the subtraction of the observation dynamics. Hence, it can be

written as <yt —Cal+ v}'\,t>dNt. Let us denote particles by s instead of 2% to

highlight the transition to the Poisson case. Thus, one may anticipate that
Vanilla filter in Poisson case is
dsi = Aysidt + Gdwj + PPCT My <yt _(Csi+ %))dzvt, (1.4.2)
drift gain X innovation

where (w!,n!) are independent copies of (wy,7;) and

st = lisl and P" = BN (50 — 3 (st — 57

t = t t = ¢t~ St )\Sg =S ) -
Mo m — 1§

The notation Mpm is for CP*CT 4V similarly to the linear optimal case. It
will be shown in Section [4.5]of Chapter [4] that this intuitive modification pro-
vides consistent results, in the sense that, the expected covariance converges
to optimal expected covariance as the number of particles gets large.

1.4.2 False conjecture for transport-inspired ensemble
filter

In the literature on ensemble filters, we have more recently seen algorithms
where equations of particles are developed from the principle of optimal trans-
port, and are purely deterministic (other than the stochastic observation pro-
cess entering the innovation part), see for example [TM20; BD23|. E.g., one
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may consider the transport-inspired filter, proposed in [TM20], that takes
the following form:

. , 1 , i &
Az} = Aidt+SGGT (PP (2}~ 7)dt+ PPCTV ! (dzt _oh ; il dt) ,
where once again, we take
m i ~m % ~m\T ~m 1 & 7
Pri=——> (x;—2")(z; — 2", and z:= szt
; i=1

The foregoing particle equation contains the innovation part dz; — C @dt.
For the case of Poisson-distributed observations, it may be tempting to take
sy+st
2
for adapting transport-inspired filter to the case of Poisson-distributed ob-

servations is

the corresponding innovation term as (yt -C dN;. Hence, a conjecture

Si+§t

. , 1 i

where once again we take
PrRi=——— (s, — 57 (s, — sMT and = — > sl
X m =

Indeed, one can compute the dynamics of the empirical moments using the
chain rule, derived in Chapter 2] Surprisingly, as the number of particles

tends to infinity, the empirical covariance does not converge to the optimal

one. Instead, we propose to change the average Sf;—st in the innovation part

to a parameterized sum. Namely, we prove that the following filter serves
our purposes:

Proposed transport-inspired filter for Poisson case:
ds! = Asidt + ;GGT(Ptm)—l(s;; — 5M)dt+
(PthTM_té (g — C&™) — E™(si — §t)>dNt,
where =; satisfies the following for ¢t = 7y;,:
E—-DPMNE —1)=Pr -prot(cprcT +Vv)lopr.

More details about this design appear in Chapter [4]
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1.5 Nonlinear filtering in Markov chains

So far we discussed filtering problem for linear systems with Gaussian pro-
cesses. The natural question is how can one address similar questions for the
nonlinear setting. In the literature on filtering problems, probably the first
instances of nonlinear filtering appeared in the setting of Markov chains. Be-
cause of the finiteness of the state-space, the conditional distribution, which
solves the optimal filtering problem, is described by finitely many stochastic
differential equations. This is relatively easier to analyze than the stochastic
partial differential equations describing the optimal conditional distribution
for generic nonlinear It6 differential equations.

The pioneering work [Won64] introduces the optimal filter (called now
the Wonham filter). Over the past twenty-five years, we have seen a certain
interest in better understanding some system-theoretic properties of these
filters. Earlier papers in this direction studied stability with respect to ini-
tial conditions [OP96; BCLO04; BD17] under different assumptions on the
underlying Markov chain, and tools such as Lyapunov exponents were de-
veloped to characterize the convergence rates for the decay in error due to
mismatched initial conditions. The PhD dissertation [Han(07] revisits some
of these results and, in addition, provides results on robustness with respect
to unknown parameters in the models [Han07, Chapter 3]. Such connections
between system-theoretic tools and nonlinear filtering continue to develop in
more recent works [KMM19; [KM21], where the authors develop a dual of
the filtering problem in the form of a backward stochastic differential equa-
tion and reformulate the stability of nonlinear filter in terms of stabilizability
properties of the dual system. The stability analysis of nonlinear filters con-
tinues to attract the attention of different communities [KSY19; Kar+-20].
In the presence of communication channels, the stability of filters is treated
in [MY18|, with connections to observability and information rates.

On a conceptual level, Wonham filter provides the optimal solution to
the filtering problem and the aforementioned works analyze how the solution
deviates from the optimal solution if the initial condition, or some system
parameters, are changed. In our work, we also consider the deviation of a
finite-state filter from the optimal solution. However, the source of this devi-
ation is considerably different; that is, we stipulate that the continuous-time
observation process is not available for measurement, but instead, the real-
izations of this observation process are available at some randomly drawn
time instants. In other words, the information used to compute the condi-
tional distribution is different in our setup. We are primarily interested in
defining an optimal filter for the continuous-time Markov chain subject to
this discrete information structure.



14 CHAPTER 1. INTRODUCTION

1.6 Contribution of the thesis

1.6.1 Overview and comparisons

So far, we reviewed some known filtering techniques from the literature and
showed how those algorithms can be adapted for the case when the obser-
vation process is randomly time-sampled. The later chapters will provide
a more formal development of these filtering algorithms with discrete ob-
servations. In addition to the algorithm description, our focus is also on
analyzing the performance of these filters. For the It differential equations,
when studying the generalization of Kalman—Bucy filters, we study the sub-
optimality of this algorithm in the nonlinear setting. We also compute the
evolution of expected error covariance and the conditions under which it re-
mains bounded. In the process, we can also analyze the dependence of the
expected error covariance on the mean sampling rate of the observations.

For the case of ensemble filters, we draw connections with continuous-
discrete McKean—Vlasov type diffusion processes which are used to describe
the evolution of the particles. Since the individual particles do not provide
the exact optimal solution, it is important to carry out the suboptimality
analysis by looking at the difference between the empirical covariance (re-
spectively, empirical mean) and the optimal covariance (resp., optimal mean)
of the conditional distribution. We will also discuss tools that allow us to
study the convergence of ensemble filters to the optimal filters as the number
of particles gets large.

For the case of Markov chains, the discrete process that we consider is
different than the ones consider It differential equations. Here, our focus is
on studying the convergence of the discretized optimal filter to continuous-
time optimal filter as the mean sampling rate gets large.

An overview of our results, which appear in this thesis, is given in the
following table in the form of comparisons with some standard references.

Conventional case \ Poisson-distributed y;,

(optimal) Kalman—Bucy filter
_|KB61} [Jaz07]

(optimal) Wonham filter [Won64]

the linear optimal filter|TY20]

the optimal filter on Markov
chains[Y'T22]

the ensemble filter[TY24]

vanilla, or ensemble Kalman fil-
ter|[Eve94]

optimal-transport ensemble filter
[TM20; BD23|

the ensemble filter[YT23]
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1.6.2 List of publications

The thesis is based on the following publications of the author:

Peer-reviewed international journals:

[TY20] Error covariance bounds for suboptimal filters with Lipschitzian
drift and Poisson-sampled measurements. A. Tanwani, O. Yufereva.
Automatica (2020)

[TY24] Convergence analysis of ensemble filters for linear stochastic
systems with Poisson-sampled observations. A. Tanwani, O. Yufereva.
To appear in IFAC-PapersOnLine (2024).

Peer-reviewed international conferences:

[YT22] Approximation of Nonlinear Filters for Continuous-Time Markov
Chains under Randomly-Sampled Observations. O. Yufereva, A. Tan-
wani. Proceedings of IEEE Conf. Decision & Control (2022).

[YT23] Transport Inspired Particle Filters with Poisson-Sampled Ob-
servations in Gaussian Setting. O. Yufereva, A. Tanwani. Proceedings
of IEEE Conf. Decision & Control (2023).

1.7 Structure of the thesis

Motivated by the need to model and process filtering problems with Poisson-
distributed observations, an introduction to stochastic differential equations
driven by a Poisson process is provided in Chapter [2l This chapter proposes
an approach for stochastic integration in a particular form and provides its
properties and comparison to known approaches. The main results are the
corresponding form of the chain rule (Prop. , the derivation of infinites-
imal generator (Prop. , and the implementation of analog of Dynkin’s
formula (Th. [2.20)).

Chapter [3] studies a nonlinear case with a structural assumption on the
drifts. Similar assumptions can be found in works [GR73; [Pic91]. In order to
have a computation-friendly estimator, a suboptimal filter is proposed, and
its performance under Poisson-sampled observations is analyzed. Moreover,
the proposed filter can be treated by computing a dynamical optimal gain
matrix, assuming the gain matrix is constant. The main results cover the
following points. Prop. and estimate the covariance of the proposed
filter for an arbitrary and the optimal gain matrices resp. Prop. presents
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the expectation of the covariance with respect to the sampling rate (intensity
of the Poisson process). Convergence to a finite steady state with sufficient
condition is shown in Th. [3.12] and reformulation of the sufficient conditions
as an eigenvalue test is done in Prop. For the linear case, the lower
bound on the sampling rate is given in Prop[3.17] and Prop[3.1§] states the
monotonicity of expected covariances with respect to the sampling rate.

Chapter 4] investigates the ensemble filters. The sufficient conditions for
a continuous-discrete mean-field process to be an exact filter are stated in
Prop .2l These conditions can be met in different ways, and we propose
two types of ensemble filters satisfying these conditions. The consistency of
the transport-inspired ensemble filter is provided by Th. 4.4} notice that it
implies that the convergence with respect to the number of particles is not
needed. The consistency of the vanilla ensemble filter is shown by Th. [£.5]
while the stability follows from Prop. [4.§

In Chapter [, we restrict our attention to a system with a finite state
Markov chain state process, which also makes the optimal filter a Markov
chain. We are then interested in analyzing how the continuous-discrete filter,
derived for Poisson-distributed observations, differs from the continuous-time
filter. In particular, we assign Poisson distribution to the randomly drawn
time instants and look at the expectation of the conditional probability with
respect to the distribution of the sampling process. The main result, Th. [5.4]
shows that as Poisson intensity tends to infinity, the derived filter converges
to the classical one in L. In addition, an optimal filter for uniform discrete
observations and an auxiliary process play a role in convergences proved by
intermediate statements (Lem. Prop. .

The conclusion is provided in Chapter [0 First it recalls the problem
frames and the contribution of this work. Secondly it describes the various
future directions.



Chapter 2

Basic Tools

This chapter presents some basic tools for analysis of stochastic dynamical
systems that arise in studying filtering problem with discrete observations.
In particular, our attention is on Poisson-distributed observations which give
rise to differential equations driven by Poisson processes. Such a setup allows
us to investigate and pave the way for new methods. The problem setting
considered here presents a simple instance of studying discrete observations
and avoids several complexities which may not be necessary for the basic
understanding of the problem.

The primary object of the analysis is a Poisson process. We provide
its definition and comparison with generalized forms. Integration and the
corresponding chain rule are introduced as self-contained statements. They
can not be seen as new results as they are particular cases of more general
theories. However, the proposed methods are sufficient to deal with the cases
considered in this manuscript and fairly easy to comprehend, contributing to
the analysis.

2.1 Poisson process

An excellent introduction and numerous examples of applications for the
Poisson processes can be found in [SK08|. In order to study integration with
respect to the Poisson processes, it is beneficial to revisit the properties of
counting processes first. Such an approach is close to [Pro05|.

17



18 CHAPTER 2. BASIC TOOLS

Poisson process as a counting process

Assume that a filtered] probability space (Q,F,F = {F;}i>0,P) satisfies
the usual hypotheses, i.e. every JF; contains all sets of probability 0 and
F is complete. All functions are assumed to be cadlag, that means right
continuous with left limits (from French: continue a droite, limite a gauche).

Definition 2.1. The process (Ni)j<;<o, defined by

Ni =2 gz
n>1
with values in NU {oo} where N = {0,1,2,...} is called the counting process
associated to the sequence (7)., -

The increment N; — N counts the number of random time instances 7,
that occur between the fixed times s and ¢. The Poisson process is one of the
counting processes. Moreover, note that if an adaptedE] counting process has
stationary independent increments, it is a Poisson process, as shown below.

The random variable T" = sup,, 7,, is the explosion time of (N);>o. If
T = oo as., then (N)i>o is a counting process without explosions. For
T = o0, note that for 0 < s < t < 0o, we have

Ny — No =Y ljser<i}-
n>1

As we have defined, a counting process is not necessarily adapted to the
filtration F. Indeed, we have the following.

Theorem 2.2 (|Pro05, Ch.I, Th.22]). A counting process (N);>o is adapted
if and only if the associated random variables (Tn)n21 are stopping tz’me:ﬂ.

Note that a counting process without explosions has right continuous
paths with left limits; hence, a counting process without explosions is cadlag.

Definition 2.3. An adapted counting process (N )i>o is a Poisson process if

1. (increments are independent of the past) N,— N is independent
of Fs for any s,t,0 < s <t < oo

2. (stationary increments) the distribution of Ny — N is the same as

that of N,— N, for any non-negative s,t,u,v such thatt—s = v—u > 0.

Therefore we consider only adapted processes.

'Here filtration {F;};>0 means non-decreasing and right-continuous family of sub-o-
fields of F.

2A process a(t,w) : [0,00[xQ — R™ is called F;-adapted if for each ¢ > 0 the function
w — ot,w) is Fi-measurable.

3A random variable T : Q — [0, c0] is a stopping time if the event {T < t} € F;, every
£,0<t< oo.
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Properties of Poisson processes

Further we recall the properties of Poisson processes related to its distribu-
tion.

Theorem 2.4 ([Pro05, Ch.I, Th.23]). Let (N¢)i>o be a Poisson process. Then

e—)\t VAL

n=0,1,2,..., for some A > 0. Such X is called the intensity of the Pois-
son process. That is, N; has the Poisson distribution with parameter At.
Moreover, (Ny)i>o s continuous in probabilitgﬂ and does not have explosions.

Notice that Theorem immediately implies the following facts on a
Poisson process (N;);>o with intensity A.

1. The expectation E[N;| = At;
2. (Ny — At)>0 is a martingale;

3. Almost all sample path of (N);>¢ has a finite number of jumps on a
finite interval,

4. (Markov property) the distribution of (Nyrs — N;) coincides with the
distribution of N, for s > 0;

5. (Strong Markov property [SKO08, Th. 2.3.5]) the distribution of (NV,, ;s—
k) coincides with the distribution of N, for any s > 0 and any arrival
time 7.

As an equivalent definition one may consider the following corollary.

Corollary 2.5 (|[SK08, Th. 2.3.2]). If (N);>o is a Poisson process of inten-
sity A, then

1. NO = 0,'

2. its increments are independent, i.e. (Ny, — Nyy),y ...y (NVy, — Ny, ) are
independent for all 0 =t < ... < t,;

3. for allt > 0, the following infinitesimal property holds
P(Nt+5 — Nt = O) = 1 — )\5 + 0(6),
P(Nt+5 — Nt = 1) =X\ + O((S),
P(Nt+§ — Nt 2 2) == 0(6)

4I.e. at an arbitrary time ¢ almost all sample paths are continuous, while each sample
path is discontinuous on [0, cof.
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Hence, Corollary [2.5] provides us with infinitesimal behavior of a Poisson
process. If a time interval is fixed and the number of arrivals in the interval
is given, their distribution is described as follows.

Theorem 2.6 ([SKO08, Th. 2.3.7]). If (N¢)i>0 is a Poisson process with
intensity A\, then for all s,t >0 andm =1,2,..., conditional on Nyys— Ng =
m, the jump points J; = Ji(s,t),...,Jm = Jn(s,t) in]s,s + t[ exhibit the
joint probability density function

Frgm (@1, T | m jumps in total in]s, s +t])

m!
= 1(s<m < <xp <t+s).

tm
That is, conditional random variables
(Ji,- -+ Jm | m jumps in interval |s, s + t])

are obtained by throwing m uniform independent identically distributed points
on the interval |s, s + t[ and listing them in the increasing order.

In particular, conditional on m = 1 (a single jump), the point Jy is
distributed by the uniform distribution on |s,s + t[.

2.2 Integration with respect to Poisson pro-
cess

For the details on It6 integration, we refer to |Oks03|. Integration with
respect to a Poisson process is a particular case of the integration with respect
to semimartingales, studied in [Pro05]. Employing the properties of Poisson
processes one concludes from [Pro05, Ch. II] the following

Definition 2.7. For an adapted cadlag process (7)o the stochastic integral
on interval Jto, t1] of (7)o with respect to a Poisson process (Ni)i>o with
arrival times {1y }ren 18

51
/'ystS = > Y
to k:TkE]to,tﬂ

Notice that

t1 t t1
1. [~vsdNs = [~sdNs+ [ vdN; for t €]to, t1],
to to t
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t1 t1 t1
2. | (7 + G )dN, = J2dN, + [ GaN,,
0 0 0

for adapted cadlag processes (7¢)i>0, ((;)i>0. This makes it natural to consider
the more general stochastic integrals of the form

t1 t1 t1
er, = €, —i—/asds—l— /Jsdws —1—/73st,
to to to

where (w;);>0 is @ Wiener process and a, 0,7 are cadlag processes bounded
on compacts.

2.2.1 SDEs with a Poisson term

A fruitful technique that permits a unified treatment of time varying and
nonlinear problems was introduced in [Bro09]. It combines deterministic
integration with Poisson integration. Such framework provides sound intu-
ition for stochastic differential equations and their uses without allowing the
technicalities to dominate. Building upon this study, we combine Poisson
integration with It integration.

A sample path of (N;);>o has only a finite number of jumps on a finite
interval. Hence, for a sample path of a Poisson process (NV;);>o, an integral
with d/V; can be defined as a Lebesgue—Stieltjes integral. Moreover, one can
consider the following stochastic integral equation

t1 t1 4]
e, = €y —i—/f(s,es)ds—l—/G(s,es)dws +/g(5,es)st (2.2.1)
to to to

that is in differential form

des = f(s,e5)ds + G(s,es)dws + g(s, e5)dN, (2.2.2)
where (w;)i>o is a Wiener process, (IV);>o is a Poisson process and functions
f, G, g satisfy Assumption [2.8|

Assumption 2.8 (|Gra92, hypothesis of Th. 1.2]). Let a triplet of integrable
cadlag functions

f: [0, 00[xR" — R™,
G: [0,00[xR" — R™™,
g: [0,00[xR™ — R"
be such that for each compact set B in R there exists a constant K and
|Gt 2) = G I + 1 Ft.a) — )2 < Kllz =yl (22.30)
lg(t, ) — gt y)ll < K|z —y] (2.2.3b)
forxz,y e R", t € B.
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We define a solution of (2.2.2) in a particular way, allowed by the features

of the choice of differentials.

Definition 2.9. Let (w);>o be a standard m-dimensional Wiener process and
(N)i>0 be a Poisson process. Let functions f,G, g satisfy Assumption . An
R"-valued cadlig process (e;)i>o s called a solution of

de; = f(t, er)dt + G(t, e;)dw; + g(t, e;)d Ny, ep =€ (2.2.4)
if, for almost all sample paths of Poisson process (Ni)i>o, it satisfies
de; = f(t,e;)dt + G(t, e;)dwy, for t €|, i, k€N, (2.2.5a)
€r, = liTrTII:(eS + g(s, es)), for k € NT, (2.2.5b)
€, = €9 = €. (2.2.5¢)

This definition is easy to implement. In addition, the definition is consis-
tent with the general forms that are discussed in Section [2.2.2

In a formal manner, the last term of equation can be written with
the left limits: g(¢_, e, )dN;. For the sake of brevity, this formal notation is
used only in ambiguous cases.

2.2.2 Comparison

There are methods of stochastic integration with respect to 1) martingales, 2)
semimartingales, and 3) random measures. They all can be found in [JS13].
The use of Poisson random measures is rather frequent, see e.g. [S19; PR16]
and references therein. Let us briefly describe approaches that develop more
general cases.

Semimartingales

Notice that a Poisson process N; is a finite variation semimartingale, and
Definition [2.9]is consistent with integration with respect to semimartingales
given in [Pro05| Ch. II, Section 4]. This can be easily checked due to the fact
that N; is a simple predictable process with decomposition Ny = >, 6,,<;. In
this approach stochastic integration with respect to semimartingales can be
thought of as an extension of path-by-path Stieltjes integration thanks to the
following theorem.

Theorem 2.10 ([Pro05, Ch. II, Th. 17]). Let all paths of a semimartingale
(Hi)i>0 have finite variation on compacts. If (g¢)i>0 is a cadlag adapted
process, then fgl gidH; is indistinguishable from the Lebesque—Stieltjes integral
computed pathwise for t' €]0, 0ol.
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Jump diffusion

It is worth mentioning the book |¥S19] on stochastic differential equations
driven by Lévy processesﬂ Every cadlag Lévy process is a semimartingale,
so this work focuses on a more nuanced case than [Pro05]. Moreover, a Lévy
process can be split as follows.

Theorem 2.11 ([0S19, Th. 1.7]). Let (m:)i>0 be a Lévy process. Then n,
has the decomposition

n = ot + BB(t) + ZN(t,dz) + zN(t,dz), (2.2.6)

lz|<R lz2[>R

for some constants « € R, € R, R € [0,00]. Here

N(dt,dz) = N(dt,dz) — v(dz)dt

is the compensated Poisson random measure of n(-), v(+) is the corresponding
Lévy measure, and (B)i>¢ is an independent Brownian motion.

Equation can be transformed into SDE with respect to dn,. Its
time homogeneous is called jump diffusion. It is the main object of [?)S19].
Note that instead of a Poisson process, equation includes a Poisson
random measure. It has a Borel set as the second argument, which can
be considered as a spatial density of jumps. In our case, this argument is
implicitly assumed to be constant and so is always omitted. Our case is less
general and thus it inherits properties, including the conditions on existence
and uniqueness of SDEs.

It6—Skorohod equations

Another similar case is presented in [Gra92|, which calls the correspond-
ing objects as Ito—Skorohod equations. These equations can be recognized
as , however, the assumption A = 1 appears in [Gra92| for the sake of
simplicity. Indeed, it can be easily changed to an arbitrary A > 0 by rescaling
time.

In contrast to this possible rescaling, filtering problems impose constrains
on the system dynamics and using an appropriate intensity of Poisson pro-
cesses is crucial. Nonetheless, the existence and uniqueness conditions pro-
vided in [Gra92] for SDEs can be used in our case as well. Moreover, the
work [Gra92] also studies McKean—Vlasov equations with Poisson term, that
one will find in Chapter [4

5An F-adapted process (n;);>0 with 79 = 0 a.s. is called a Lévy process if n; is contin-
uous in probability and has stationary, independent increments.
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2.2.3 Existence and uniqueness

Exploiting the similarity, we obtain that [Gra92, Th.1.2] provides suitable
existence and uniqueness conditions. For our case they can be reformulated
as follows.

Theorem 2.12 (Reformulation of |Gra92, Th.1.2]). If functions f,G, g sat-
isfy Assumption [2.8, then there exists a unique strong solution for the equa-
tion (|2.2.4) starting at eq = €.

In addition, the following SDE is of specific interest to us:
d@t = Atetdt + Ftdwt + [Etet + Qt]dNt, €y = e (227)
which is easy to treat as far as a realization of the Poisson process is given.

Corollary 2.13. Let A, I',=,Q are cadlag adapted processes, bounded on
compacts. There exists a unique strong solution for the equation (2.2.7)).

Such equations are discussed in Section [2.4]

2.3 Chain rule

The chain rule involving Poisson processes is often used in this manuscript.
Our assumptions allows us to prove the chain rule in a direct way. Nonethe-
less, it can be considered as a corollary of [Pro05, Ch. II, Th. 31-32] on the
chain rule for semimartingales.

Proposition 2.14 (Chain rule). Let a cddlag n-dimensional process (et)i>o
satisfy
det = Oltdt + O'tdwt ‘I— ’thNm

where (wy)>o s an m-dimensional Wiener process and «, o, are cadlag pro-
cesses bounded on compacts. If ¢ : R™ — R is a twice differentiable function,

therl]

dvte) = 3 i Plault + 53 %[ad Jsdt

i

(2

+ ; a(;ZEéZt) [opdwy]; + (¢ (et + %) — I/J(Gt)) dN;. (2.3.1)

6[]; denotes the i-th element of the vector and [-]; ; denotes the (4, j)-th element of the
matrix.
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Proof. Recall that for almost all sample paths of the Poisson process (IV¢):>o
the arrival times {7} }ren form an increasing sequence with limy 75, = oo. All
{7k }ren are stopping times. For an arbitrary time 7" > 0 let us consider the
integrals form of the processes (e;);>0 and (¥(e;))¢>0 on [0, 7.

Let 0 = sup{m, < T'}. Firstly, if T'# 6 and say 6 equals to a 7,, then
keN

€T = €, + /Oétdt“‘ /Utdwt

since there are no jumps on |7,, 7. Hence we can apply the classical chain
rule [0ks03, Th. 4.2.1] and obtain

bler) = biea) [ 5 e

+/2 awet] ”dt+/z

Utdwt]

T
The integral [ (¢(et + %) — ¢(€t)) dN; equals zero as Ny — N, = 0 and

can be added to obtain integral form of formally.

Thus, it remains to consider the second case which is T" = 6; it means
T = 7, for a certain n € N. In contrast to the classical proof, it suffices to
consider the following decomposition

w(em) - ¢(60) = Z [¢(67k+1) - w(emax{7k+1—6ﬂ'k})]

7. <T

+ Z [w(emax{ﬂcﬂ*&m}) - w(e‘rk)]

Tk <T

where ¢ > 0 will tend to zero. The second sum excludes jumps and so
can be written in the form of classical It6 integrals. The first sum tends to

3 <rli(en) — (e, )] that is

Tn

5 Wler +97) =~ dler)] = [ e+ ) = ledlan;

that implies the differential form (2.3.1)).
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2.4 Particular cases

Let us now consider a few basic elements which are described using the
notion of Poisson process. These examples will be used later in the context
of filtering problem as well.

Piecewise constant zero-mean process

Assume that {vg}ren is a sequence of independent random variables where
v ~ N(0,V}). Consider a process (b;)i>o defined as

by :=vn,,

for a Poisson process (N;)i>o. One should notice that the entities vy, are
defined for all ¢ > 0 since (/Ny):>o is N-valued process. In addition, each vy
for k € N is used, since N; — oo as t — oo and there is no explosion.

Indeed, the obtained process (b;);>¢ is piece-wise constant, cadlag and
jumps at the arrival times 7, of the Poisson process only. Moreover,

by = v, for 0 € [Tk,Tk+1[.

Since all 75, are stopping times and due to the symmetry of the density of
each v, one obtains then E[b;] = 0 for each ¢ > 0.

In what follows, instead of defining such a process (b;):>0 we define only
the sequence {vy }reny and then use explicitly the process (vn, )i>o-

Jumps in linear Gaussian dynamics

In the linear Gaussian setting, a filtering problem with Poisson-distributed
observations produces equations of the form (2.4.1)) below. It is crucial that
presence of jumps keeps the distribution normal.

Lemma 2.15. Assume that Ty € R"™ is given and the stochastic process
(Z4)i>0 satisfies

di'\t = Atftdt + thwt + (Bti.\t + BNt)dNt, (241)

where (wy)i>o is m-dimensional standard Wiener process, {0k }ren is a se-
quence of independent Gaussian random variables, A,G and B are functions
of finite variation on compacts. Then Z; is a Gaussian random variable for
each t > 0.
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Proof. Notice that all 7, 7, ... are stopping times and each ¢t > 0 belongs to
only one interval |7, 7x11] for & € N. For t €]0, 71| we have that (Z;);>¢ is an
[t6 diffusion process and its density satisfies the corresponding Fokker—Plank
equation. Due to linearity it remains Gaussian and the left limit at 7 is
Gaussian as well. At 7y, 7 is defined as limy, (Z; + BZ; + [, ), .e. as a sum
of two independent Gaussian random variables. Thus, the jump preserves
the normality of the distribution. For all the further intervals |7y, 7%41] the
same arguments are applicable. O

Evolution of product of random variables

Consider an example of application of the chain rule. For a given stochastic
process (e;);>0 it might be useful to compute the matrix etetT , which will be
later used for computing the covariance matrices. Proposition allows to
do it element-wise, and the following remark provides a matrix-valued form.

Remark 2.16. Let R"-valued cadlag process (e;)i>o be defined as

e

det = Atetdt + Ftdwt -+ [Etet + Qt] dNt, €

where wy is a standard Wiener process of dimension m, cadlag processes
A, Ty, =2y, and §y are bounded on compacts. For n X n-dimensional process
ere] one obtains that ege] = ee' and

detetT = (AtetetT + etetTAtT + FtFtT)dt + Ftdwte: + etdthFtT
+ {([ +E)ee, (T+Z)" + (I +Z)e] + Qe (I +Z2)T

+ QtQ;r — €t€;r dNt (242)

Proof. By Proposition one has element-wise dynamics of (ese, )i>o
d[ete:]ij = d[et]i[et]j = [et]i[Aetdt + Ftdwt]j + [€t]j[/46tdt + Ftdwt]i

+ 5 DIl

+ Het + Eer + QtL {et + Eep + Qt} - [et]i[et]j} AV

J
that can be rewritten as (2.4.2)). O
2.5 Expected value

Notice that randomness in the process of our interest (2.2.4) has two indepen-
dent sources: a Wiener process and a Poisson process. While the intensity



28 CHAPTER 2. BASIC TOOLS

of the Wiener process is always fixed, the intensity of the Poisson process
plays the role of a parameter that can be controlled. Nonetheless, taking an
expectation, one should assume that both intensities are fixed somehow.

Note that the defined process is Markovian. Given an initial value
eg = e, an expectation at time t is taken with respect to the law of e;
generated by the two stochastic processes. However, the initial value will be
usually omitted or provided as a condition, so E[e;] or Ele; | e = €] can be
used depending on the context.

2.5.1 Infinitesimal generator

In this section the infinitesimal generator is derived for the processes driven
by a Poisson process. It allows to obtain an analog of Dynkin’s formula, but
the statements avoid using stopping times since their implementation does
not require this feature.

Definition 2.17. Given a real-valued function ¢ : R™ — R, the (infinites-
imal) generator of a random process (zi)i>o is the linear operator ¥ v L
defined by

R" >z Ly(z) eR
L(z) = lim ! (E[l/} (:p(t + 8)) ’x(t) = z} - w(z))

el0 €

(2.5.1)

Remark 2.18. We obtain the expected value of 1 by integrating the genera-
tor, which can be seen as a generalization of the classical Dynkin’s formula:

E[v(x(t)] = E[(e(0)] + EV; Lap(x(s)) ds]. (2.5.2)

For our purposes, it is useful to compute an explicit expression of the
generator which can then be analyzed for studying the qualitative behavior
of E[¢)]. Here, we provide a statement specifically tailored for the following
process

dzy = f(zy)dt + G(zy)dw + g(xy, v, ) AN, (2.5.3)

where N; is a Poisson process with intensity A > 0, w is a standard Wiener
process, and a sequence {v}ren consists of i.i.d. random variables with
density v(-).

Proposition 2.19. If the sampling process (Ni)i>o is Poisson with intensity
A > 0, then the process (x(t))i>o described in (2.5.3) is Markovian. Moreover,
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for any function R™ 3 z — 1(z) € R with at most polynomial growth as
|z|| = 400, we have

£6(:) = (V02,7 + 2T 6T

2
+ /\{/@/J(z + g(z, v))du(v) — w(z)] (2.5.4)

Proof. The fact that (z(t));>0 is Markovian follows from the observation that
the future of x(t) depends on z(7y,).

Since the system under consideration is well-posed, we have, for ¢ > 0
small,

E[¢(a(t + ) |2(t) = 2]
- E{@/} (:E(t + €>) (1{Nt+s:Nt} + LN =148 + 1{Nt+5—Nt22}> ‘$(t)} (2.5.5)

We now compute the conditional probability distribution of (:C(t + 8)) for

small € > 0 given z(t). Since the sampling process is independent of the
state joint, by definition of the sampling (Poisson) process we have, for € | 0,

P(Nyse = N = 0| Niyz(t)) = 1= Ae + o(e),
P(Nise = N = 1| Niyx(t)) = Ae + o(e),
P(Nose = Ny > 2| Niy2(t)) = o).
Using these expressions, we develop further for € | 0 as

E[w(x(t + 8)) ‘x(t) = z}

= E[((t +)) (Lpveeo=n) + Lpveeomreny) | 2(0)] + o(e)

= E[v(2(t+ ) |2(t), N = Ni] - (1 = Ae + 0(e))

+ E[w(a:(t + 6)) ‘ z(t), Nyye = 1+ Nt] (As) + o(e). (2.5.6)

The two significant terms on the right-hand side of (2.5.6)) are now computed
separately. First, for € | 0, we have

E[v(z(t+e))

Nige = Ny, a(t) = 2|
= (2) +e(Vi(2), f(2)) +0.5G(2) + oe),
leading to the first term on the right-hand side of having the estimate
E[o(a(t+2)) | Nipe = Niya(t) = 2] - (1= Xe + o(e))
=9(2) +(V(2), £(2)) +2G(2) — (Me)v(z) + ole),
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where G(2) := O.5tr((GQw(Z)/(‘?z)G(Z)G(z)T). Concerning the second term
on the right-hand side of (2.5.6)), we observe that conditional on Ny . =
1 + N, the probability distribution of 7y,,. is uniform over [¢,t + ¢[ by

Th B0, .,
/ 1,
P<TNt+e € [S,S+S[‘Nt+€:1+]\/’t> — gs

for [s,s + §'[ C [t,t + ¢[. Since the sampling process is independent of the
state process, the preceding conditional probability is equal to

P(TNHE €[s, s+ Sl[‘Nt+6 =14 Ny, 2(t) = Z)‘

We define 6 € [0, 1] such that 7y,,. =t + 0, 2(t) = z; then 0 is uniformly
distributed on [0, 1] given Nyy. = 1+ N,. We also have, conditioned on the
same event,

z(Tn,,.) =x(t+0c) =x(t + 0 )+ g(x(t+0c ), vy

t+0e— )’

and

w(t+0e7) = x(t) + 0= f (x(t)) + ole),

where f(z) denotes the linear interpolation of the solution of (2.5.3) over
an interval of length ¢ starting from z. The above expressions then lead to,

conditioned on the event Ny, =14 Ny, x(t) = z and for € | 0,

x(t+¢e) =x(t+0e) + (1 — H)Ef(x(t + 95))) + o(e)
= a(t) + 0= f (x(t)) + g(a(t) + 0=F (2(t)), vw,)
+ (1= 0)=f (2(t + 02)) + o(h)
= a(t) + 0=f (2(t)) + g(x(t), v) + (1 — O)ef (x(t + 02))
+ 0cV,g(x(t), 1) - f(z(t)) + o(e).



2.5. EXPECTED VALUE 31
Therefore, for € | 0,
E[g(2(t+2)) [2(t) = 2, Neye = 1+ Ny - (Ne)
_/ <z+6’6f 9(z,0) + (1 = 0)e ((t + 62))
+0eV.g(z,0) - F(2) + 0(5)) dv()df - (re)
= / ( 24 g(z v)) +5(V1/)<z +g(z,v)),0(6) +¢9f(z)
+ (1= 0)f(x(t + 62)) + 6V.g(z,v) - f(z)>> dv(v)df - (\e)

_ ( [ (e + g 0)dvw) + 0(5>) ()
— (o) / ¥z + gz, 0))dv(v) + ofe).
Putting everything together, we arrive at
E[¢(2(t+n) |2(t) = 2]
= v(2) + (190 10 + g (T2 a60)7))
= ) (8(2) = [ Uz + g(z, 0)dv(w)) + ofe).

Substituting these expressions in ([2.5.1f), we see that for each z € R", we get

the expression (2.5.4)).

]

2.5.2 Expectation with nonlinear Poisson-driven term

The following theorem takes place due to the nature of a Poisson process and
makes a high impact for continuous—discrete filters analysis.

Proposition 2.20. Let a R"-valued cadlag process (e;)i>o is defined as
det = Atfitdt + (Gt)dwt + (g(et) + UNt)dNt (257)

where (Ny)i>o s a Poisson process with intensity X\, the sequences {by}ren,
{vk tren consist of N(0,V)-distributed independent random variables, A, G
are cadlag adapted processes, bounded on compacts, the function g is Lipschitz
continuous in the second argument and has finite variation on compacts in
the first argument. One obtains that

de,
dett = Atet -+ )\g(t et) (258)
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Proof. Notice that

Cire = E[€t+s | €o = Z]
t+e

:z+E[/ 1des]eozz]
0

tt+e
:E[ef]~|—E[/ 1d65’6t:E[€§]}
¢
= Ele;] + Elesy< | e = E[¢f]]
= & + Eferse | er = E[ef]],
where €7 denotes the random variable z+ f; de,. Now denote the deterministic
vector E[ef] =: y. Hence

1, . .1
181151 E(eHa — &) = 151161 EE lere | e =1].

Using Corollary one can split this expectation into three cases:
E[e(t +¢) } e(t) = y]
= E[G(t + 5) (l{Nt+5:Nt} + l{Nt+5=1+Nt} + l{Nt-&-E*NtZQ}) ‘ e(t) = y}
= Ele(t+2)) |e(t), Nese = Ni| - (1= Ae + 0(e))
+E[e(t +2) | e(t), Nie = 14+ Ny (Xe) + o(e)

the first case contains no jumps and is treated correspondingly:

tin = (1= e + 0fe)E[e(t +2)) | e(t) = 9, Noye = ]

t+e t+e
/ Ases ds—i— (G +bn,)ds | e(t) =y, Neye = Nt}
= At?/ = At [ t] = Atet.

1
= lim — (1—)\5+0
el0 €

For the second case we obtain that

lim ()\5 +0(e))E[e(t +2)) [e(t) = y, Nyye = 1+ Ny

t+e
_11%16(Ae+o / Aeds+/ (G, + by, )dw,
t+£
+/t o) +on)AN, | e(t) = y, Nie = 1+ N,

t+e
/ g(s,es)dNg | e(t) =y, Nppe = 1+ Nt}
¢
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and thanks to the Theorem [2.6] the last limit equals to Ag(t,y), that is

Ag(t,€:). Thus (2.5.8)) holds.
]

2.6 Implementation in the linear filtering prob-
lem

Let us turn our focus to the continuous-discrete filtering system and summa-
rize the key findings that can be achieved. Let the filtering system consist of

state z; € R™ : dz; = Ax,dt + Gdwy (2.6.1a)
discrete observations y,, € RP : Yr, = Cxr +0s, (2.6.1b)

where {v;, }ren is a sequence of independent RP-valued normal random vari-
ables distributed as N(0,V) and

{7k }ren are the arrival times of a Poisson process N;. (2.6.1c)

We let (2, F,P) denote the underlying probability space.
First, for a given sequence {7y }ren, we recall the filter design based on
computing the covariance matrix exactly via the differential equations.

Theorem 2.21 (|Jaz07, Theorem 7.1]). Consider the state process (2.6.1a))
and the observation process (2.6.1b)) with a strictly increasing real-valued se-
quence {7k tren. The optimal filter is a Gaussian process, its mean T; de-

scribed adl)

dz,/dt = Az, T <t < Tyt (2.6.2a)
Ty, =2, + K (yr, — CT) keN (2.6.2b)

and the variance P, = E {(xt — 7)) (2 — [/E\t)T} that satisfies

dP,/dt = AP, + PAT + GG, T <t < Thp (2.6.3a)
P, =P —K,CP_ keN (2.6.3b)

where K, = P-CT(CP,C" + V)"

"We use the notation T, = liTm 7, and P = liTm P,.
STTk STTr
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Second, if we assume that a sequence (7)ren that corresponds to the
arrival times of a Poisson process IN;, we can reformulate the mean and
covariance equations from Theorem [2.21] as differential equations driven by
this Poisson process.

Theorem 2.22 (Reformulation of [Jaz07, Th. 7.1]). The optimal filter for
the system (2.6.1a)—(2.6.1c)) is a Gaussian process, its conditional mean T, =

Elz: | o{yp.y}] satisfies

A7, = AZ,dt + K,(y, — CF)dN,, (2.6.4)
and the covariance matriz P, = E[(z; — Zy)(xy — Ty) T | o{ypq}] satisfies
dP, = (AP, + PAT + GG")dt — K,CP,dN, (2.6.5)
where Ky = P.CT(CRCT +V;)~ L.

In the above result, one may notice that by Lemma the optimal
conditional distribution is Gaussian despite its moments are discontinuous
for each sample path.

Let us note that the definition of moments are not the same in the two
theorems above. Both are independent of the values of the observations,
but Theorem [2.22 involves the covariance matrix conditional on the random
arrival times of observations. It crucially differs because the trace of the
covariance matrix measures the performance of the filter; now the covari-
ance matrix is not deterministic anymore. Nonetheless, study extends to the
expected performance of the filter with respect to the sampling rate of the

observation process. By applying Proposition to the process ([2.6.5)), we
get

P, = AP, + PAT + GG — X\P,CT(CP.CT + V)" 'CP, (2.6.6)
for the process P; := E[P; | Py]. In addition, equation with
K=pPCT(CPCT + V)™
can be rewritten as

Py = (A= MNCO)Ps + Po(A — MCGO)T + GG + MG, (CP,C + VK] .



Chapter 3

Suboptimal Filter with
Lipschitz Drift

We design suboptimal filters for a class of continuous-time nonlinear stochas-
tic systems when the measurements are assumed to arrive randomly at dis-
crete times under a Poisson distribution. The proposed filter is a dynamical
system with a differential equation and a reset map which updates the esti-
mate whenever a new measurement is received. We analyze the performance
of the proposed filter by computing the expected value of the error covari-
ance which is described by a differential equation. We study throughly the
conditions under which the error covariance remains bounded, which depend
on the system data and the mean sampling rate associated with the measure-
ment process. We also study the particular cases when the error covariance
is seen to decrease with the increase in the sampling rate. For the particular
case of linear filters, we can also compare the error covariance bounds with
the case when the measurements are continuously available.

3.1 Problem Formulation

3.1.1 System Class

Let us consider stochastic nonlinear systems of the R™-valued state process
dzy = f(zy) dt + Gdwy, (3.1.1a)

and the piecewise constant cadlag measurements y, taking values in RP, sat-
isfying

Y, = h(ka) + U, <3'1‘1b)

35
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for the arrival times 7, of a Poisson process N;.

The process noise w and the sensor noise v are assumed to be independent
Brownian motions. The drift term f : R™ — R"™, and the output map
h : R™ — RP are both assumed to be continuous. For the sake of simplicity,
we will assume that the covariances of the process noise and sensor noise
remain constants over time and are denoted by W and V respectively.

3.1.2 Structural assumption on system nonlinearities

To analyze the performance of the nonlinear filters, we introduce a structural
assumption on the nonlinearities in the model (3.1.1]).

(A1) There exist matrices A € R"*" C' € RP*" the constants a, ¢ such that
for all 6 € R™

|f(z+6) — f(z) — Ad| < ald], (3.1.2a)
h(z + 6) — h(z) — O8] < cld], (3.1.2b)

and the pair (A, C) is detectable. Moreover, the diffusion term is
constant, that is, G(x) = G € R™™ for every x € R", with (A, G)
stabilizable.

Our goal is to work out the filtering equations in the previous section for this
particular class of nonlinear systems, and analyze the covariance of the esti-
mation error as a function of the parameters in the model and the observation
process.

Remark 3.1. In other words, the nonlinearities, that we consider, are to be
seen as the perturbations in the linear terms and the size of these perturba-
tions is handled by the constants a and c. If we write f(z) = Az + fu(z),
and h(z) = Cx + hy(z), then Assumption requires that fu is Lips-
chitz continuous with modulus a > 0, and that hy is Lipschitz continuous
with modulus ¢ > 0. This allows us to cover drift terms with at most linear
growth, and output measurements (from sensors) with bias and saturation.
Assumption however, rules out nonlinearities in diffusion coefficient
matriz G, and considering such nonlinearities is a topic of further investiga-
tions.

The conventional filtering problem deals with an RP-valued continuous-
time observation process (z;):>o described as

where 7, is an Fi-adapted standard Wiener process, taking values in RP, and
E[dn; dn,' ] = Vidt, with V; € RP*P assumed to be positive definite.
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Remark 3.2. [t is possible to consider time-dependence in nonlinearities f,
g, h and the covariances of the noise. As a result, the matrices A,C, G,
the constants a,c, and the covariance matrices E[dw;dw,], E[dn,dn]] can
also be time-dependent. Such generalities can be addressed within the frame-
work of this chapter. In particular, the derivation of bounds in Proposi-
tion Proposition and Proposition could be easily generalized with-
out much differences. However, the results of Section Section |3.6, and
Section |3.6.5, where we analyze the stability of the differential equations as-
sociated with the bounds of the error covariance, require more careful analysis
for time-varying systems.

3.2 Suboptimal filtering

In what follows, we consider the dynamical system under the assump-
tion . As already mentioned, the exact filtering equations are not easy
to analyse. Thus, we propose a filter structure, which is clearly a suboptimal
solution and analyze the performance of this particular filter.

3.2.1 Filtering equations

For given values of randomly sampled time instants {7y, }:>0, or in other
words, a fixed sample path of (NV;);>0, we define the estimate Z; using the filter
(3.2.1), whose sample paths are cadlag functions; a function ¢ : [0, co[— R™
is a cadlag function if limg\ 4 ¢5 = ¢ for each t € [0, 00[, and ¢4 := lim, ¢,
exists for each ¢ €]0, ool.

fﬁﬂ = fﬁ?t + Koy, (Yry, — h@ﬁ@t))' (3.2.1b)
where 7, is the state estimate, and K, € R"*? k € N, are the injection gains
that need to be designed appropriately. The estimate obtained from (3.2.1])
is, in general, not optimal for minimizing the mean square estimation error.
However, by analyzing the performance of the suboptimal filter in (3.2.1)),
we can get an upper bound on the minimal mean square estimation error.

According to the notation of Chapter [2] one can rewrite (3.2.1)) as

This form explicitly shows dependence on the sampling process N; however,
in this chapter, it is more convenient to estimate the filter performance of

the form (3.2.1)).
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Hence, for the particular choice of filter in (3.2.1)), we are interested in
computing bounds on the expectation (with respect to the sampling process)
of the error covariance and find conditions (involving the design parameter
K., k € N) so that the resulting covariance is bounded. The dependency of
the error covariance on the sampling rate is also analyzed for specific cases.

3.2.2 Error covariance bounds with arbitrary injection
gains

The following statement describes a bound on the covariance of estimation
error resulting from (3.2.1)) for a given value of sampling times.

Proposition 3.3. Consider system (3.1.1)) under assumption|(A1)| and the
filter (3.2.1)) with {7y }ren fized. Let the process Py, with Py := E[(zo—Z0)(xo—
To) '], be defined by
an,
dt

for tn, <t < 7,41, and for k = Ny, let

= AP, + PA" +aP, + atr(P)lx, + GG, (3.2.2a)

Py=P_-+cP_-—-K,CP-~P_C'K|
+ Ko (14 ¢)CP_CT + (2c+ ) tr (P, )y + V) K. (3:2.2D)

Then, it holds that, for each t >0,
E[(zy — 2))(z, — )" | V4] < P (3.2.3)

Proof. We denote the state estimation error by e; := x; — &y, so that the
resulting error dynamics are given by

de; = (f(x;) — f(2))dt + Gdw, =: f(xy, Z,)dt + Gduw, (3.2.4a)

for t € [Tn,, Tn,41], and for each k = NNy,

=% - —T,-— KTk:(ka - h(fT*))

T, T

— K, (yr, — h(F.-)). (3.2.4b)

T

€T13L l‘T’j- — $T

=

€ _—
Tk

Under the small nonlinearity assumption (A1), we can write f(z) = Az +
fu(x) for some Lipschitz function fy(-) with modulus a, so that

f(x, ) = f(a) — f(@) = Ae+ fu(ze) — fu(Te),
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where f,(+) satisfies the bound, | fu () — fu(Z¢)| < ales for every x4, 7, € R™.
In what follows, we denote E[(z; — Z;)(z; — Z;) " | V4] by Elese/], and show
that, for each t € [T, Tn, 11/,
dE[ese] |
dt
and that, at the sampling instants

Ele,+e! ] — Ele, e 7] <P+ —-P-.
k k k

< AE[ee) ]+ E[ee] JAT 4+ aElee) ] + atr(E[ee, ]) Lnwn + GGT

The bound in (3.2.3)) then holds by observing that P, satisfies (3.2.2a]) over
(TN, TNes1], and (3.2.2D) at ¢ = 7y, with Py = E[egeg |.

Continuous part Let us first show that for every t € [ry,, T, 41| we have

dE[etet] < dP

< % On this time interval, let us consider the It

the inequality

process in 1} N
det = f(l't, ./ft)dt + deta

and the function v : R — R™*" given by, R" 3 e — v(e) = ee R™", where
an element of the matrix v(e) is denoted by vy ;(e) = e*e!. Consequently,
(v o e)i>o is an It6 process, and applying It6’s differential chain rule, we

obtain

n 8Ukl(6t) . 1 n 82Ukl(€t) . :
dog i (ey) = E 2 det + = E — 5 deldel.
kaler) — el b2 ;=1 OejOed e

Substituting dei = f;(zy, Z)dt + X1, Gix(dwy), and using It6’s multipli-
cation table [KS98, Page 154], we have (dwy); - (dw); = 6;;dt, dt - dt =
(dwy); - dt = dt - (dwy); = 0, and hence

dop(er) = 3 L) 70 5

T
= Oei

a m
+22 Vk(er) S Gn, Gig G dt

ij=1 aet ki k=1
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where (G;, G;) is the inner product of i-th and j-th rows of the matrix G.

dE[’U(Et)

We are interested in computing , and we have the following expression

for its coordinates:

dt e—0 € €

Substituting the expression for dv(e;), and using the fact that wy is a Wiener
process, we get

dE[vk,l(et)] t+5 8vkl ~ 1 & 82?]]@71(65)
el =y - [ T R w3 TG

e—0 ¢ i

ds

and hence, recalling that, vy, (e;) = efel,

T = (e 70 + enfw 70)] 5 (GG + (@GR
Thus,
dE[Ziet)] = E{f(xt, ft)eT + e.f(xt?&:\t)"r} + GGT

E{AetetT + furlze, B)e] + et(Aet)T}
+ E[etﬁﬂ(a:t, ft)w +GGT
< AE{eteﬂ + E{eteﬂAT +a E[eteﬂ
+ aE[|et| ] axn + GG
= AE[etet } + E[etet }AT +a E{eteﬂ—l—
atr(E[eteﬂ ) L + GG,

where we used the fact that f(xt,ft) = Ae; + fvnl(xt, T;), with fnl(xt,:%t) =
far(z:) — fu(Z,), and the last inequality was obtained using the boundf]

efl + fue” <aee’ + ale/*Lixn

and the fact that |e|? = tr (ee").

Tt follows from the fact that, for each z,e € R™, and f, € R™ satisfying | fu| < ale|,
we have that, 2" (ef ] + fue )z <2|zTe|- |27 ful < 2alzTe||2]]e|
<az'eelz+ale*2" 2.
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Jump part To analyze the jump in error dynamics at time instants when
the new measurements are received, we first observe that, under , h(z) =
Cx + hy(x), where hy () satisfies the bound, |hy(z —€) — hy(z)| < cle|, for
all x,e € R™. Since z; is continuous, recalling that e, = x; — z; and ,
it follows that, for k = IV,

67’2 - e’rl; (‘,/L.\ ;L - f'r?) = _KTk(ka - h(‘%rl;))
K (CITk + hnl( ) + Ur, — Ofr; - hnl(‘%ﬂ;))
K ( + ka_ + UTk)
where g/, - := hnl(ka—) — hnl(a?Tk—). With this relation for jump in error value

at sampling instants, we can compute the change in the error covariance at
the sampling instants. We do so by noting that

Ele el = E| (6, = Kn(Ce 43, + )

k

-
(eTk__KTk(C +yT +v7'k)> :|
= Ele, el ] —Ele,-(Ce,- + 7, +vn) K,

+ KTk(Ce . + yT_ + /UTk)eTi]
FE[n(Cep 45 b o) (e 40 o) KL (325)

Tk

We will now get a bound on the second and third terms on the right-hand
side. To do so, we observe that, for each K € R™? 5 € RP, ¢ € R", such
that |g| < c|e|, we have

~Kje' —ej K" <cee' +cle|?’KK". (3.2.6)

This indeed follows from the fact that, for each z € R", 2" (—Kyge'
ey KNz <2|zTe|l-|2TKy| <2cl|zTe|- |[K 2| |e|] < czleeT z+cle|?2 T KK 2.
Applying the inequality , the second term on the right-hand side of
(3.2.5) can be bounded as follows:

— E[eTk—(C'e -+ G+ un) K = Ko (Ce o+ +ug)e Tk]

< E[e _e_ ]CTKT KTkCE[e el ]—l—cE[ e _]
+c|e|2KTkKTTk

= —E[‘eT];eI_]C‘T[(T — KTkCE[eT;eIk_] + cE[eT];eIk_]

+ ¢ tr (Ele, —6 ])K K!

TE?

7_
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where we used the fact that [e - > = tr (Ele.- el ]).
k

For the last term on the right-hand side of (3.2.5)), we observe that, for
each C' € RP*" e € R", and y € RP? satisfying |g| < cle|, we have

Cej' +7e'CT <cCee"CT + cle|* L. (3.2.7)
This, in turn, leads to

E[K (Ce,- +§,- +v5)(Cem + 7, +vp) K] ]

= E[ Tk(C’e e/ ,CT + CeTk_yT, +,-e, ,CT +y7_gjf
k
+ Ury, (06 + yT ) + (Ce‘r; + 377' )Urk + U, U Tk)K;I';;]
= KTkE[CeTk—eTfCT + C’eTk—gl +Y.-e, 7C'T + yT—y
k k

+ Ury, (067-}; + gr,;)—r + (Ce‘r; + g‘r )UTk; + Un U Tk]KTTk:

7_,

< K., <C‘E[efkejk_]6’T + Elc CeT;eIk_CT
beler Pl +Ple, 1+ V) K]
— K, (CE[JETk_f:k]OT +cCEle, e 0T
+ (c+c*) tr (E[Gﬂ;@:’;])]pw + V) K, .
Plugging this last bound in , we get
Ele, e +] < Ele, —e 7] E[eTI;eTTI;]CTKTTk — KTkC’E[eT;eTTI;]
+c E[eTk—eTk_] + K, ((1 + c)CE[eTk—eIk_]CT
+ (2¢ + ) tr (Ele,. e 7}) + V)KT
which is the desired statement. ]

3.2.3 Minimizing error covariance with suboptimal fil-
ters

In the result of Proposition [3.3] we computed bounds on the estimation error
covariance for arbitrary choice of gains. However, by choosing the gains in
a certain dynamic manner such that K in depends on P, obtained
from equations of form (3.2.2a)-(3.2.2b)), we can minimize P; and E[ese,].
For the chosen class of filters, this optimal choice of dynamic gain and the
resulting covariance bound are indicated in the next result.
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Proposition 3.4. Consider system (3.1.1) under assumption |(Al)| and the
filter (3.2.1) with {1y }ren given. If the output injection gains K., , k € N, in
(13.2.1b)) are chosen as

K, =P C'Mp, (3.2.8)
where P* is obtained from
di (i AP} + PIAT 4+ aP} +atr(PH)I + GG, (3.2.9a)
P=(1+0oP- - P C'Mp, CPr (3.2.9b)
and Mp,, is defined aﬂ
Mp, = (1+ c)Cj.D;k,CT + (2¢ + ) tr (P )Ly + V. (3.2.10)

then, for each t > 0, it holds that
El(z; — &) (2 — 3) '] < PF < P, (3.2.11)
where Py is obtained as a solution of (3.2.2)).

The proof of this statement follows from Proposition [3.3] It is noted that
K., only affects the bound P, at the jump times via . The right-hand
side of is a quadratic convex function of K, which is minimized by
choosing K, as in (3.2.8]).

3.3 Expectation of error covariance

In the previous section, we computed a bound on the error covariance for a
fixed sequence of time instants at which measurements are received. That
is, P, is an upper bound on E[(z; — Z;)(x; — Z;) " | 4] along one particular
sample path as the realization of P, depends on the observed sampling times.
It was initially stipulated that the random sampling instants are governed
by a Poisson process. It is thus of interest to compute the expected value of
P; along all possible sample paths generated by Poisson sampling process.

Toward this end, it is noted that the evolution of P in (3.2.2) is governed
by a piecewise deterministic process, where P, is obtained from the differential
equation between two sampling instants, and then at the sampling
times, P, is reset according to the equation (3.2.2bf). By Proposition one
immediately obtains the following important result.

2For a given matrix P, the notation Mp used in will be used extensively in
the remainder of this article where we will change the matrix appearing in the subscript.
With V' assumed to be symmetric positive definite, Mp is a symmetric positive definite
matrix, whenever P is symmetric positive semidefinite.
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Proposition 3.5. Consider the process (P;)i.o given by with K., =
K € R™? for each k € N, and assume that the sampling process (N;)i>o
has intensity A > 0. Let P, := E[P,| Py] denote the expected value of the
covariance process at time t > 0. Then, it holds that

Pr = (A= AKC)Pi+P,(A—AKC) " +11,(P)+ GG+ X P+ K Mp, K,

(3.3.1)
where the linear operator 11, : R™*™ — R™ " is defined as
[I,(P) :=aP +atr(P)I, (3.3.2)
and the matrix Mp, € RP*P 4s given by
Mp, .= (1+¢)CP,CT + (2¢+ ) tr (Py) Lpxp + V. (3.3.3)

In particular, if we choose K, = P* CTM;;, then the expected value of the
k
error covariance process governed by (13.2.9) is

Pt = AP} + PLAT +11(P;) + GG + AcPf — AP;C" Mp!CP;. (3.34)
Remark 3.6. In (3.3.4)), if we introduce the variable IC; := Pt*CTM_t}, then
(3.3.4) is equivalently written as

Pr = (A= \C,C)Pr + Pr(A - MC,C)T
+11L(P}) + GG + AcPf + A Mp: K.

This last equation resembles (3.3.1)), the only difference being that a constant
K is replaced by a time-varying term KC;.

Thus, in linear case, an upper bound on the expectation (with respect
to sampling process) of error covariance is obtained by solving a nonlin-
ear differential equations. The boundedness of the solutions of equations in
Proposition [3.5] are analyzed in later sections.

Let us provide two examples for an illustration of the results presented
so far.

Example 3.7. Consider the nonlinear system described by the equations
day, = sat(vqy)dt + dwy, dzoy = (21, — 294)dt + duwy

with the measurement process dz; = (1 + x1,)dt + dn,. The noise processes
are normalized as dwy ~ N(0,1) and dn;, ~ N(0,1). The function sat(-)
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35

35

—tr(Elece, | Vi) —tr(Elere/ | Vi)
3ot o 9 --o Sampling Times|| aof --o Sampling Times |-
tr(P) ()

25 1 25

(a) Constant gain K = [0.5 0.5]". (b) Dynamic gain K; = Pt*CTM;t}.

Figure 3.1: Plot of tr(ee/ ) (blue curve) and tr(F;) (yellow curve) along one
sample path (of sampling times) for two choices of K,, with A = 10.

represents the standard saturation function, that is, for each z € R, sat(z) =
2z — fu(z), where fu is a Lipschitz function described as, fu(z) = z — 1, if
z2>1, fulz) =01if z € [-1,1], and f%z) =z+1,if 2 < —1. Hence, b
letting A = [ 4], C =[10], G =[11] , it is seen that Assumption
holds with a = 1, and ¢ = 0. Associating a Poisson process of intensity \, the
corresponding measurement equations are given by, yry =1+ T1 5y + Ury
where we take v~ N(0,1) for each t > 0. For appropriately chosen
K17y, ka.ry, € R, the proposed filter is then described by

Az, = sat(Z,)dt, Lird = Loy T ki, (Yry, — xl,rl\_,t)

dx27t - (x:[’t o x27t)dt’ x2771<\~;t - xsz]\ift + k;277—Nt (yTNt - :E277_]\7]t)'

The simulation results for this example with two different choices of K+ :=
K1y, kQ,TNt]T are reported in Figure and Figure . For one particu-
lar choice of randomly determined sampling times, Figure provides an
illustration of in Proposition (3.3, where we plot tr(Elee] | Vi) and
the bound tr(P;) obtained from solving , with constant gain K., =
[0.5 0.5]T for each t > 0. Similarly, Figure is obtained by choosing
K., = P:Nt CTM;;N and is an illustration of inequality stated in
Proposition 3.4 In %’igure [5.9, we compute expectation with respect to the
sampling process. Figure plots tr(E[E[ee” | V}]]), and its upper bound
tr(P;) obtained from with constant gain K., = [0.5 0.5]" for each
t > 0, and choosing the intensity of Poisson sampling process X = 10. In
Figure |3.2b, we choose Kr\ = P:Nt CTMIST}N , with the the theoretical upper
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e @Eee [V
—a(P)

| _ér(E[EieteI |‘ytH) |
—tr(Pf,)

(a) Constant gain K = [0.5 0.5]". (b) Dynamic gain K; = Pt*CTMIZ;I.

Figure 3.2: Experimental value (blue curve) and theoretical upper bound
(red curve) for expectation (with respect to sampling process) of trace of
error covariance with A = 10 for two choices of K.

bound tr(P;) obtained from (3.3.4). We indeed observe that tr(P;) has a
smaller value than tr(Py), for each t > 0. It is not obvious, for what choices
of gains K , we should get finite values of our bounds; such questions are
addressed in subsequent sections.

Example 3.8. Consider the linear stochastic system

d.’L’t = Al’tdt + det (335&)
dz; = Cadt + dn,. (3.3.5b)

where dz; is the measurement process, and the processes wy, 1, satisfy the
same hypothesis as in system (3.1.1). If (A,C) is detectable and (A,G)
is stabilizable, then Assumption holds with a = ¢ = 0. The output
observed at randomly sampled time instants is described by yry = Cary +

Ury,, where for each t >0, vy, ~ N(0,V). The filter (3.2.1)) takes the form
dz, = Az, dt, j’:Tﬁt = @E + Koy, (Yry, — h(@&t)).
Inequality (3.2.3)) in Proposition [3.5 holds, where P, satisfies
P, = AP+ PAT + GG,
for Tn, <t < 7,41, and for k = Ny,

P+=P_~K,CP-~P_C'K|+K,(CP_C"+V)K].
k k k k k
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By choosing, K, = PTIC—CTMJST}Q, for each k € N, the covariance bound is

minimized and the resulting equations are given by (3.2.9)) by setting a = ¢ =
0.

Assuming that the sampling process is Poisson of intensity A, and the
gain K is constant, the expected value of P; is

Pr = (A= AKC)P, + Py(A— AKC)" + GGT + \K (CPCT + V) K.

However, by choosing K, = P:_C’TMI%, the expected value of the error
covariance process governed by 1} in linear case is

P = AP} + PPAT + GG — \PICT (CPCT + V) OP;.

3.4 Evolution of error covariance

We are interested in studying the solutions of the equation and ,
which characterize the expected value of the error covariance resulting from
the suboptimal nonlinear filter when the available measurements are Poisson
distributed. In particular, we want to study conditions on the system dy-
namics and the sampling rates which guarantee boundedness of the solution.
In doing so, the following algebraic equation also plays an important role:

0=AP+PA" +11,(P) + A\éP + GG" — APC" M'CP. (3.4.1)

In the remainder of this section, we provide a statement of the existence
of solution to the differential equation , and then study boundedness
of its solution and connections to steady state algebraic equations in the next
section.

To study Carathédory solutions to the differential equation (3.3.1), we
introduce the notation,

U(P,Mp,K) = A\gP + PAx + I(P) + GG" + \K"MpK.  (3.4.2)
where Mp is defined as in (3.3.3)), and we take

I(P) :=11,(P) + A\¢cP = aP + atr(P)I + AcP. (3.4.3b)

It is readily seen that the particular choice of K = K = PCT M;" minimizes
U(P, Mp, K) with respect to the ordering in the cone of positive semidefinite
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matrices. Indeed,
U (P, Mp,K)

= (A= MCC)YP+P(A—-IKC)" +TI(P) + GG
+ ACMBpKT

= (A= AKCO)P +P(A—-\KCO)" +TI(P) + GG
+AKMpK" — NK — K)Mp(K — K)7

= U(P,Mp,K) — MK — K)Mp(K — K)7

< U(P, Mp, K). (3.4.4)

We can apply similar arguments to prove the following lemma which com-

pares the solutions of equations (3.3.1)) and (3.3.4).

Lemma 3.9. Let Py be the solution of
Py = W(P;, Mp;, PLCT Mp!), Py =Py,
and let Py be the solution of
P, = U(P, Mp,,K), Py >0 given,
where Mpx and Mp, are defined as in (3.2.10). Then, it holds that
Pr <P, Vt>0.
Proof. Notice that for P(t) = P, — P} the minimum property implies
P = U(Py, Mp,, K) — U(P;, Mp;, PrCT My}

> \I/(Pt,MPt,K) - \II(P:7MP;7K)
= Asx P+ PiAf + 1I(P) + AK M5 KT,
where Mz = Mp, — Mpy is consistent and depends linearly on P,. So, we

have .
P = AP + PAl +II(P) + \AKMzK " + Ry,

for some R; > 0. Since 75(0) =0, for t > 0, 75t is a solution of the following
Volterra equation

~ t ~
P, = /0 e M (TI(P,) + MK T My K)eMreds,

The matrix on the right-hand side is positive semidefinite, and hence P; >
Py, for each t > 0. O
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A direct consequence of this observation is that the right-hand side of
is minimized by choosing K, as in . Even though the pertur-
bation Il is linear in P, the aforementioned choice of K makes the right-hand
side of a nonlinear function in P, which is different from the quadratic
nonlinearity seen in Riccati differential equations. We are thus interested in
knowing whether there exists a solution to the resulting equation. To this
end, we will focus our attention on the initial value problem (3.3.4) with
P(0) = Py, where Py is a positive semidefinite matrix.

Proposition 3.10. For each symmetric positive semidefinite matrix Py €
R™™ and a given T > 0, there exists a unique absolutely continuous solution
P [0,T] — R™™ in the class of symmetric positive definite matrices such
that P(0) = Py and the differential equation holds for almost every
te€10,7).

The proof of this result is given in Appendix In the infinite-time
horizon case we have a unique continuous solution P : [0, +oo[— R™*" in the
class of symmetric positive semidefinite matrices satisfying (3.3.4)).

3.5 Conditions for bounded covariance

In this section, we study the conditions under which the error covariance P;
stays bounded for all ¢ > 0. In doing so, we recall that the error covariance
can be compactly represented as P, = U(P;, Mp,, K) where U is defined
in . For the purposes of this section, it is convenient to write ¥ in
an alternate form. To do so, we let II,(P) := ¢P + cKCPCTK™ + (2¢ +
A)tr(P)KKT, and let

15 (P) := ILa(P) + AIL(P),
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then we can write
\II<7D7 M’P? K)
= AP + PAT + I (P) + GG + AKV K"
+ )\[KCPCTKT _KCP — PCTKT]
A A\ K T
TAKVET + A[P _PCTKT - KCP + KCPCTKT

A A\ .

+AKVKT +A[(I = KC)P(I - KCO)T).

More compactly, by letting A, := (A — %I), Jik = (I — KC), we get

U(P,Mp,K) := A\P + PA, +I{(P) + GG + AKVK " + MNP Jp.
(3.5.1)

Based on this representation, we can write the solution P; to equation (3.3.1])
as follows:

t
Py = Pt 4 [0 (P 4+ AP

+ GGT + AKVE T |eA(=9) 4.

Naturally, to study the bounds on P; for large ¢, we consider the operator
FE RY™ — R™" defined as:

FE(P) = /0 e [T (P) 4 A P e dr. (3.5.2)

This dependence is stated in the following result:

Theorem 3.11. Consider the matriz valued function Py described by (3.3.1]),
and the following statements:

(S1) All the eigenvalues of the operator FX , defined in (3.5.2)), lie inside the
unit disk of the complex plane, that is,

p(Fy) <1

where p(-) denotes the spectral radius of its argument.
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(S2) There exists a positive semidefinite solution Q to the algebraic equation

0=AQ+ QA +1I¥(Q) + GG
+AKVKT +M\I - KC)Q(I — KC)". (3.5.3)

Statement |(S1)| implies that ((S2)| holds. If (A, G) is controllable, then
(S2)| implies that
lim Py = Q, (3.5.4)

where Py is the solution of (3.3.1) and Q is obtained from |(S2)|

Proof. The implication that [(S2)| follows from |(S1)|is a consequence of
[FCS98, Theorem 3.1: (d) = (b)].

The implication that implies can be obtained as a result of
Lemma given in Appendix [A] To apply this result, we need to show
that (Ay, G) is controllable, where G is such that \KVKT + GG = GG
This indeed follows from the fact that (A, G) is controllable. To see this, we
use Lemma and show that (Ay, G) is controllable. To prove the later
statement, let us proceed by contradiction. If (A, ) is not controllable,
there exists v € R™ such that v (A — 0.50]) = (. — 0.5A\)v" and v'G = 0,
where p is an eigenvalue of A. This implies that v’ A = pv" and v'G = 0,
meaning (A, G) is not controllable, which is a contradiction. O

We now prove a similar result for the nonlinear differential equation

B34).

Theorem 3.12. Consider the matrix valued function P; described by the
nonlinear equation differential equation (3.3.4), and the following statement:

(S3) There exists a positive semidefinite solution Q to the algebraic equation

0=AQ+ QA" +1,(Q) +Ac Q—AQC M5'CQ+GG" (3.5.5)

1. If (A, G) is stabilizable and there exists K such that|(S1)| holds, then
(S3)| holds and (A — NQCTM5'C) is a Hurwitz matrix.

2. If (A, G) is controllable, |(S3)| implies that,

Jim P, = Q, (3.5.6)

where Py solves (3.3.4]) and Q is obtained from|(S3)|
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Proof. To prove the first item, we first choose K; such that |[(S1)| holds.
Therefore, there exists a positive semidefinite matrix Q; that solves the
matrix equation (3.5.3), and Q; satisfies the fixed point equation, Q; =

K1(Q)) + Bk,, where Fy'(+) is defined as in (3.5.2)), and
Gy, = / MGG + MK VE] et
0

Due to linearity of F it readily follows that Q; = Fi'(Qy) + Gg, =
(FAHH(Q1) + b (FA1) (B, ), for each i € N. Further, since the spectral

radius of Fy'' is strictly less than one, there exist v > 0 and 0 < ¢ < 1 such
that || (Fi)!|| < 40 for each i € N. Consequently, let

i1—1

gKhil(Q) = ( Kl “ Z ®K1

where 7; is chosen such that v6“ < 1. Since Gk, ;, is a contraction mapping,
there is a unique solution of the equation Q@ = G, ;,(Q), which we have
denoted by Q;. Further, let Ky := MéllCTQl, Qs = Gk, i, (Q2), where Qo
can be obtained by successive approximations:

M=0, of"=Ff P+ &,;

Indeed, Gk, ;,(Q2) is well-defined since Ay is Hurwitz. Notice that the se-
quence of ng) is nondecreasing and nonnegative.
Recall that Q; satisfies W(Qy, Mg,, K;) = 0, so that, from (3.4.4) and

our choice of K5, we have
0=—-U(Qy, Mg, Ky) < —V(Q, Mg,, Ks)
which leads to (recall that Jg, = (I — K2()),
0<— /000 eAAt(AAQ1 + Q1A + g, QlJE2

+1152(Q) + GG + MK, VK] )eAItdt
<Q - /0 b M (I2(Qy) + Ji, Qu Ty, )Nt — B,

Let us show by induction that Qék) < ©Q, for each k. Firstly it holds for
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k=1, and for k > 1,
p Y = Fe e > + &,
_/ o (T2 (Q87) + Ak, (Q87) T, )e S dt + B,

<o~ [ etAA(Hﬁf?(Ql— ®)
+ Ak (Q1 — ék))J[T(Q)etAIdt.

Since the second-term on the right-hand side is negative definite, for each
k €N, ng) is no greater than Q; and consequently 0 < Q, < Q.

This procedure can be repeated to construct the sequences {K;} and
{Q;} similarly. Since 0 < Q,;;; < Q; there exists Q = lim; ,,, Q;, and
moreover, for Mg = (14 ¢)COCT + (2¢ + ¢ ) 1 (9Q)I,xn + V, we obtain,
K =lim; o0 K; = M5'CTQ, and get ¥(Q, Mg, K) = 0 where @ > 0.

To complete the proof of first item, we next show that A— MK C is stable.
It is seen that Q satisfies the equation

o / ( 0) + GG + \E M, KT) Az ds
Z/ SAhRGG T N ds.
0

Existence of positive semidefinite @ implies that the integral on the right-
hand side is bounded and since (A, G) is assumed to be stabilizable, it follows
that A,z is Hurwitz.

For the proof of second item in Theorem [3.12 we show that there are P,
and P, such that P, < P, < P, and both converge to Q. Set Kg = QCTMél,
Ag = A — AKoC, where Ag is Hurwitz stable by the first item. Denote by
P; the solution of Py = (P, Mz, Kg) = A\Pi+PLAS +H§Q (P)+GGT +
MKQV K 4+ MI—KoC)P,(I—KoC) T, with Py = Py > 0. By the minimum
property (Lemma P, < P:. Let Gg be such that AKgV K/}, + GG =
@Q@;. Using the same reasoning as in the proof of Theorem [3.11} it follows
from Lemma that (Ay, Go) is controllable. Then, applying Lemma M,
we have P, — Q as t — +00.

Next, consider the function P, obtained by solving the equation, P, =

(Pt,M'p ,P.CTMp'), with P(0) = 0. Due to zero initial condition, P,
enjoys a monotonlclty property wh1ch is stated in the following lemma and
its proof appears in Appendix [B.2]

Lemma 3.13. The solution Py of the following Cauchy problem

dP;
dt

— U(P,, Mp,, P,CTM5"), Py =0
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is monotone nondecreasing for t € [0, 4o00].

Notice that the limit lim; . P, exists as P, is monotone function by
Lemma |3.13|and this limit is bounded because of mlnlmal property in Lemma
and Theorem (3.11) Moreover, this means that and &P 3z are bounded too.

As P, > 0 the equality lim; P, = 0+°° dpt dt implies that d(zt — 0 as
t — o0. Since @ is a unique solution of the algebralc equation, it follows that
P, — Qast— 0.

It remains to prove that P, < P;. Let Kp, 1= PtCTM;tl and consider

P, =P, — P., so that Py = Py, and

dP,

5 = V(P Mp,, Kp,) = U(Py, Mp,, P.C" Mp/)

> \IJ(,Pta MPt? Kpt) - \Ij<2t7 MBt’ Kpt)
= (A= AKp,C)P + P(A - \Kp,C)T +T1(P)
+ )‘KPtMﬁtKPt'

This leads to

P, = B(t,0)Py® " (¢,0)
t

+ / o(t, ) [H(ﬁs) + AKp, My K5 @7 (1,5) ds
>/ ts +)\K7>SM~KP}<I> (t,s)ds,

where (¢, s) is the fundamental matrix associated with A — AKp,C. From
this expressmnl we obtain Pt > 0 and hence P, < P;. ]

3.6 Sufficient conditions for boundedness

In this section, we study some particular cases which provide sufficient con-
ditions to guarantee the boundedness of the error covariance matrix, based
on the results given in the previous section.

3.6.1 Eigenvalue assignment condition

Since the conventional design of the state estimators provide conditions for
bounded estimation error based on the eigenvalues of certain matrix, we
rewrite the conditions from previous section as an eigenvalue test.

SIEQy > 7 D(t,s)(IH(Qs) + NK Mg, K,)® (¢, 5)ds, then Q; > 0.
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Proposition 3.14. For a given A > 0 and K € R"*P, consider the matm’cesﬁ
Ag = [ ®@(A=AKC)") + (A= AKC)' @ 1)
+AM(KC)T @ (KC)T)
Yo = a(l @ I+ vec(I) - vec(I)")
Se=c(I®1+ (KC)" @ (KC))
+ (2c+ ) - (vec(I) -vec(I)") - (I @ KK ")
and the following statement,

(S4) The matriz Ay + X, + A3 € R™**"* s Hurwitz.
Then [(S4)| implies|(S2)| stated in Theorem[3.11]

Proof. To prove this result, we will make use of [FCS98, Theorem 3.1(ii)].
Using this result, we just need to show that, if holds, then the matrix-
valued function R : [0, 00) — R™*" satisfying the differential equation R =
Y(R) has the property that ||R;|| converges to zero, as t — co, where %(R) =
AL R+RAN+ M RIk +1I5 - (R) and ITj ; denotes the adjoin of TIf. In
particular,

I} x(R) = aR + atr(R)I + AcR + A\cCTK'RKC
+A2c+ A tr(KKR)I.

We now write the matrix differential equation in vectorial form, so that,

vec(R) = vec(X(R)), and using the properties of the Kronecker product of
the matrices, we observe tha

vec(Z(R)) = (I ® AT)vec(R) + (AT & I) vec(R)
— MI @ I vec(R) + A(J @ Jy) vec(R) + vec(IT} (R)). (3.6.1)

Recalling the definition of ¥, and >, the last term in can be written
as, vec(Il§ x(R)) = ¥qvec(R) + AX.vec(R). Also, since Jx = (I — KC),
the second to last term in is rewritten as (I — KCO)' @ (I - KC)" =
(Ix)—(KC)'@I)—(I®(KC)")+(KC)"T®(KC)T) so that, vec(L(R)) =
(Axk + 20+ AE.) vec(R). Clearly, if the matrix (Axx + 2, + AX.) is Hurwitz,
then vec(R;) converges to 0, as ¢ — oo, and, in particular, ||R¢|| converges
to 0 as well. ]

4The symbol ® denotes the matrix Kronecker product.

5For a linear operator II : R™*™ — R™*" its adjoint is a linear operator II* : R"*" —
R™* that satisfies (II(M7), Ma) = (My,11*(M>)), for all matrices My, Ms € R™*™. Here,
the inner product over the space of matrices is defined as (M, My) = tr(M," My).

SFor given matrices A, B, C, D of appropriate dimensions, we have: 1) (A®B)(C®D) =
AC ® BD, and 2) If ABC = D, then vec(D) = (CT @ A)vec(B).
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3.6.2 A sufficient condition with ¢ square and invert-
ible

In the particular case, when C' is square and invertible, one can provide
certain conditions under which a particular choice of the gain matrix K
bounds the error covariance. This is captured by the following result:

Proposition 3.15. Consider the system (3.1.1)) and the filter (3.2.1). As-
sume that C' € R™" is invertible and take K = C~'. Let

o /°° Q(A=05AD)E(A=0.501) Tt gy (3.6.2)
0

Then, the error covariance is bounded if

1
a(n+1) + 2X\c + An(2c + A) |C72| < —. (3.6.3)

Proof. Based on the result of Theorem , it suffices to show that
leads to the spectral radius of F§ being strictly less than 1. By letting K =
C~1 it is seen that FE(P) = [5° eMIIE (P)et dt. We can now introduce
the bound

—[IPIITIS (1) < TIX(P) < TIX (1) || P

so that, using the definition of a in (3.6.2), | F&(P)|| < o ||IIEWD)| ||P]-
Condition (3.6.3]) ensures that «[II{]| < 1 because

I (1) = a(1 + tr(I)) + 2Xel + A(2¢ + &) tr(1)O 2.

As a result, || FE|| < 1 and in particular, the spectral radius of F¥ is less
than 1. O

In the proof of Proposition|3.15| we basically showed that, if C' is invertible
and the nonlinearities are small enough, then for certain choice of K and A
such that

|7 <1 (3.6.4)

it follows that the spectrum of F§ lies within the unit disk of the complex
plane, that is, the statement holds. However, if C is not invertible,
then even for linear systems (a = 0 and ¢ = 0), there may not exist A and K
such that holds. This is shown by the following example.

Example 3.16. Consider the dynamical system (3.1.1) with f(t,x) = Ax
and h(z) = Cx, G = Isya, where A = [{1]; C = [10]. With this ezample,
even if there are no nonlinearities, that is, a,c = 0, it is seen that, for
any X > 0, there does not exist a K € R? such that holds for this
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Figure 3.3: Trace of error covariance and their theoretical upper bounds for

Example with A = 10.

system. To see this, observe that (3.6.4) translates to finding a matriz K such
that, )\‘fooo et(A’O'E”\I)JKJ;et(A’O'E”V)Tdt‘ <1 Welet K = Uzl], for some
2

ki,koy € R. However, with straightforward computations involving matriz
exponential, we see that, the integral is finite for each X > 2, and

t(A—0.5MI) T t(A-05AD)T _ |* *
€ Jr e = [* 6(1—0.5/\)15(1 _i_k%)e(l—O.S)\)t] .

Clearly, with A\ > 2, X [5° 170501 4 k2)e1=050t > 1 and hence the condi-
tion does not hold true.

However, it is possible to check that for each X > 2, we can find K such
that holds true. For simulation purposes, we choose A = 10 and see that
K = [12]" satisfies the conditz’on where we take ¥, = X. = 0. The
simulation results are reported in Figure[3.3. Moreover, since eigenvalues of
a matrix are continuous functions of its entries, the matriz Ayx + 2o + A2
also has eigenvalues in open left-half of the complex plane, for small enough
values of a and c.

3.6.3 Dependence on sampling rate

It is interesting to investigate the dependence of the filter efficiency with
respect to the sampling rate A of the Poisson measurement process. This
question has not been straightforward for the class of systems studied in
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Chapter [3] that is, the systems with (f, ) Lipschitz continuous. However,
some constructive statements can be derived for the linear system

dz; = Az, dt + Gdwy (3.6.5a)
Yr, = Cxrp +0p, (3.6.5Db)
for the arrival times 7, of a Poisson process N;. That is the system (3.1.1]
under [(A1)|with a =0, ¢ = 0.
A lower bound on sampling rate

We first provide a necessary lower bound on the sampling rate which ensures
that the error covariance remains bounded for all times. In what follows, we
denote an eigenvalue of A by y;(A) and its real part by Ry (A), j=1,...,n.

Proposition 3.17. Consider system (3.6.5)) with (A, C') detectable and (A, G)
is controllable. Then, for each A < 2max{Ru;(A) | j=1,...,n}, the solu-

tion to (3.3.1) is such that lim;_,., P(t) = co.
Proof. We first look at the differential equation
Qi = Qi+ QAT + GG
with initial condition Qg = Py. It is clear that @); stays bounded if and only
if
0=AQ+ QA +GG"

has a symmetric positive definite solution Q. With (A4, G) controllable, this
is the case if and only if A, is Hurwitz, that is,

A > 2max{Ru;(A) | j=1,...,n}.

We claim that Q; < P, for every t > 0. To see this, let Qo = Pp. Let
Q¢ = Py — Qy, then

Qr="1:(Qn) + M(I = KC)P(I - KC)T + KVK']

where N N ~
V1(Qr) = A\Q; + QA + GG

Because of the zero initial condition, this equation has the solution given by
- t
Q= / e (t=9) [A(I—KC)PS(J—KC)T+GGT—AKVKT M=) 4s > 0
0

and hence Q; > 0, that is, P, > Q, for each t > 0. As a result, P, goes to
+00 when ); grows unbounded. n
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Monotonicity relation

After deriving a lower bound that ensures boundedness, then next question is
to study how this steady state upper bound on the error covariance changes
as a function of the sampling rate.

Proposition 3.18. Consider system (3.6.5). Let A1, o > 0 describe the
rate of Poisson measurement process and Py,, Py, denote the corresponding
solutions to (3.3.4) with Py, (0) = Py, (0). For each Ay > A1, we have

Py, (t) <Py (1), Vt>0. (3.6.6)
Proof. For a given A, the solution to (3.3.4)) satisfies
P = UA(Py, Mp,, PAC T Mp?)
where, due to the linearity of the measurement map
UA(Px, Mp,, PAC" Mp) = AP+ PAT + GG — AP\C" M5! CP;.

It therefore holds that
Uy _ 0
ox —
and thus, for each Ay > A, we have
‘IJ)\Q S \I[)\la V)\Q Z Al‘

In particular, Py, () < P, (t), for each t > 0 and hence (3.6.6) holds. O

3.6.4 Convergence with large sampling rate

We now compare the error covariance of the sampled system with the error
covariance of an estimator with continuous time measurements. Toward this
end, let us consider the optimal Kalman—Bucy filter for (3.3.5)) with contin-
uously available output measurements, which is given by

A2 = A% dt + K©"(dz, — O3, dt), (3.6.7)

with Zy = E[zg]. To minimize the error covariance, the injection gain K§o™
for this estimator is obtained as

Kot =R,CTV ! (3.6.8a)

d
R = AR+ RAT +GGT —R,CTVTICR,. (3.6.8b)
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When t — oo, the error covariance E[|z; — 2|? | )] is given by the matrix R
that solves
0=AR+RA" +GG" —RC'V7ICR. (3.6.9)

We are interested in knowing how the steady state error covariance for the
estimator using sampled measurements compares with R when we increase
the sampling rate A\, and in particular, when we let A\ go to oco.

The next result addresses these issues and to formulate it, we consider
the operator Fy which is obtained from FX by setting ITX = 0 in (3-5.2),
that is,

FE(P) = A / (I — KOYP(I — KO)Tet dt, (3.6.10)
0
with p (?f) denoting its spectral radius. We denote the Neumann series

_ K\ -1 K.
associated with Ff by Ny, so that N, := (] — }"f\() = Z?’;O(}"ﬁ()j. Thus,
if p (7?) < 1, there exists ¢ such that

‘(ff)gH <1, and we can write
6= (1 e (B)) (1 () () )
- <I+Jrf+...+ (;f)f—l) (1_ (ff)g)—l
Using triangle inequalityf] it follows that [Nl < By = ||+ F} + - +
)70/ (a-1E)T)

Theorem 3.19. Consider system (3.1.1)) under|{(Al)|witha =0, c =0, and
assume that (A, Q) is controllable. Let R denote the steady state minimal

covariance of the estimator (3.6.7) that satisfies (3.6.9). Let K = K" =
RCTV~1 and assume that the operator .Tf\( in (3.6.10) satisfies

p(Fr) <1, (3.6.11)

for each X\ > 0. Then the matriz Py > 0 that solves (3.5.3)), and provides
an upper bound on the error covariance due to filter (3.2.1) with Poisson
measurement process of intensity A, satisfies

Pr=R+N, ( /0 OoeAﬂK(u — ANV + ACRCT)KTeAItdt) . (3.6.12)

e e the st tha | (1= (7)) < w22+ X[+ -

s E = (-] @)
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In particular, if Boo = limsup,_,., Ba, then

limsup || Pal| < [|R]| + Bl [ K(CRCT = V)KT|. (3.6.13)
A—00

Proof. Consider the solution P} of (3.3.1]) with I¥ =0 and K := RCTV L.
Let Q) = P} — R, then Q7 satisfies the following relation
Q) =AM + QA + 1+ NKVKT + \I - KC)PMI - KC)" = R
=409 + QA+ (1+NKVKT — AR+ A — KCO)Q)NI — KC)"
+ M1 - KCOYR(I — KC)"
= A+ QA+ KVKT —AKVK" + \I — KC)QNI — KC)T
+AKCRCTK'
where the last equality followed from the fact that
(I - KO)R(I - KC)' —R=KCRC'K" —2RCTV'CR
= —2KVK'+KCRC'K".
Because of condition (3.6.11)) and Theorem we have limy_,o, P (t) = Pa.
Hence, by letting Q) := P,—R (which is not necessarlly positive definite), we

have that lim;_,,, Q}(t) = Q). Moreover, Q) solves the following algebraic
equation:

0=A\O+DA +KVEKT-AKVEK 4 I-KC)Q\(I-KC)T+\KCRCTK T
Alternatively, the matrix Q) satisfies the equation,

0, =71 (Q) + 8,
where 6f\( = J5° eAAtK((l - AV + )\CﬁC’T)KTeAItdt. Iterating the fixed
point equation, we get

o= (@) @+ () @) = u - F) @)

and hence we arrive at (3.6.12): Py =R+ (I — Vae N )~ (@f) The inequality
n (3.6.13) is obtained by taking the norms and using the bound H tAN
H tA 0. 5WH < ellAlI-0.5M)

e , which results in

hmsupH(’ﬁ/\ H < HK (CRCT —V)K'T|,

A—00

along with the bound [|N,|| < B. O
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Chapter 4

Ensemble Filters

Ensemble filters have a notable impact if estimation with noisy data is re-
quired in large-scale models. This approach is based on simulating the evo-
lution of different particles through differential equations that are coupled
through the associated empirical measure or empirical moments. This chap-
ter presents the derivation of a continuous-discrete McKean—Vlasov type dif-
fusion process with additive Gaussian noise in the observation model, which
is used to describe the evolution of the particles. Such a process is proven to
be an exact filter on the one hand. Then, such an exact filter is approximated
by an ensemble of particles, and the equations for evolution of particles are
coupled through the empirical covariance.

Such an approach requires less computations for implementation than
the optimal ones based on solving Riccati differential equations. It is shown
that if the mean sampling rate of the observation process is sufficiently large,
then the empirical mean and the sample covariance of the ensemble filters
converge to the mean and covariance of the optimal filter, as the number of
particles tends to infinity.

4.1 Setup

4.1.1 Filtering system

Let us consider R™-valued continuous-time state process
dz, = Az, dt + G dwy (4.1.1)
with RP-valued discrete-time observations
Yr, = C (1) +0ry  Thp1 > Tk, KEN (4.1.2)

63
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where 75, are the arrival times of a Poisson process Ny, w; is an R™-valued
standard Wiener process, v, ~ N(0,V) for each k € N. We let (2, F,P)
denote the underlying probability space. The matrices A € R™*" (' € RP*"
and G € R™™™ are assumed to be constant.

The intensity A > 0 of the Poisson process is counted as a parameter;
it affects the properties of the filter such as stability. Notice that N, is
associated with 7, as a counting process, i.e.

Nt = Z 5Ti§t

and so its range of values is the set of natural numbers Hence the sequence
{vn, }ter+ coincides with the sequence {v;, }ren.

The observations restricted to an interval [0, ], as {y,, | 7 € [0, ]}
generate the sigma-algebra ).

4.1.2 Optimal filter

To analyze the performance of an ensemble filter, one needs to be aware of the
optimal filter behavior. This section recalls the developments of Section [2.6]
Description by two moments

Let us recall that such filtering system has an optimal solution, given earlier in
Theorem [2.22] that consists in describing the Gaussian process Z; = E[z; | V]
as follows:

dZ/L’\t = Ai'\tdt + Kt(yt — Oft)dNt, (413)

where K; = B,CT(CP,CT + V;)~! and the covariance matrix P, = E[(z; —
Z¢)(zy — 7p) " | o{ Ny} satisfies

dP; = (AP, + PAT + GG")dt — K,CP,dN,. (4.1.4)

Expectation with respect to Poisson process

The expectation of the error covariance P; with respect to Poisson process

can be obtained then by applying Proposition to the processes (4.1.4)).
Thus, we get

P, = AP+ PAT + GGT - \P,CT(CP,CT + V)~ 1CP, (4.1.5)

for P, := E[P, | Py]. In addition, for the scalar case, it can be further studied
using Lemma
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4.1.3 Ensemble filter approach

Due to the linearity, and Gaussian noise, the distribution of the optimal esti-
mator is Gaussian and it suffices to have only its first and second moments.
However, the evolution of Z; := E[x;|))], depends on the evolution of the
error covariance matrix and the computation of P, is often costly for higher
dimensional systems.

On the other hand, using the ensemble approach, it is possible to com-
pute (an approximation) of the conditional distribution without solving the
differential equation for the evolution of covariance matrix.

This can be done by finding a process S; that implicitly describes the
optimal filter. Namely, the following condition (4.1.6]) is on the consideration.

Definition 4.1. For a filtering system with state process (x;);>0 and obser-
vation process (Yi)i>o0, a stochastic process (S¢)i>0 satisfying

Law(st | yt) = Law(a:t | yt> Vi Z 0 (416)
is called an exact filter.

Different processes might play the role of exact filters. It turns out that
there are several ways to construct exact filters that can be approximated
by computation-friendly methods and provide sufficiently good efficiency.
Such approximations are provided by an ensemble of particles whose limiting
behavior (as the number of particles tend to infinity) converges to S;. The
computational advantage of this approach is that the simulation of particles,
in general, is more efficient and potentially applicable in nonlinear systems
as well (although there are very few instances of formal analysis in nonlinear
setting). As an example of approximating a process using the particles, one
can take for instance a result from [Szn91, Theorem 1.4, p.172] where it is
shown that if a process S; satisfies a simple version of McKean—Vlasov type
equation

dS; = dB, + ( [us. S),ut(dS)>dt,

where 11,(dS) is the law of S, B, is a standard Brownian motion, the function
b is bounded and Lipschitz continuous and initial distribution is given, then
S; can be approximated by an ensemble of m interacting particles S, i =
1,...,m with the dynamics
. ) 1 X S
dS; =dB; + —Zb(S;,Si)dt, i=1,...,m
m “
7=1
and with the corresponding initial distributions. In particular, when the
number of particles m tends to oo, each S{ approaches a process which is
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an independent copy of the process S;. For the filtering problem, with the
conventional observation process z; given in the formE] dzy = h(xy) dt + dn,
the authors in [TM20] show that the property Law(S; | V) ~ Law(z; | V)
holds if S; satisfies the following McKean—Vlasov type equation

CS, + C8S,

dSt = AStdt + Kl,t(‘St — S\t)dt + Kg,t <dzt — 9

dt) . (417

where S, = E[S: | Zjo4), and K, K3, are certain gain matrices. The authors
in [TM20] also show that this evolution rule minimizes certain cost associated
with the transportation of probability measures. The evolution equations for
each individual particle are then obtained from by replacing S, with
the empirical mean.

The above discussion shows one particular instance of ensemble filters
with continuous observations. There are other McKean—Vlasov type equa-
tions which serve as exact filters. The basic problem studied in this chapter
is to design ensemble filters for the continuous-time system with the
discrete observation process (4.1.2), and this is done in following steps:

« Find a process s; such that E(s; | V) ~ E(x | V).

o Describe an ensemble of particles si, i = 1,..., m coupled to each other
via empirical mean and empirical variance, such that, each s represents
an independent copy of s; when m — oo.

o Show that the empirical mean of the particles is consistent with the
optimal solution to the filtering problem.

4.2 Mean-field type model

To derive an exact filter for the continuous-discrete problem in a general
form, let us examine a suitable process s. Its parameters Ay, I'y, Ay, =4, O,
are be cadlag F-measurable processes, and the system is defined as follows

dSt = AStdt + At(St - §t)dt + Ftdwt + [Atyt + EtSt + C"‘)té\t + Qt@t] dNt

(4.2.1a)
S := E[s; | Vi, (4.2.1b)
Qi = E[(s; — &) (51 — §t)T | Vi, (4.2.1c)

! Assuming E[dn; dn,'] = V;dt, for positive definite V; € RP*P.
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where w; ~ N(0,1),0; ~ N(0,V;) are independent copies of w; and v;. One
can find a definition of solution of and conditions for its existence in
Appendix [C]

Namely, we are interested in the case that s = z, and since 7, is given in
(4.1.3) we need to obtain the following:

ds, = A5 dt + Q,CT(CQ,CT + V) Ny, — C5,)dN,, (4.2.2a)
dQ, = (AQ, + QAT + GGT)dt — Q,CT(CQ,CT +V,)'CQ,dAN, (4.2.2b)

Let us derive equations for § and @ from (4.2.1) and match them to equa-
tions (4.2.2)). Straightforwardly, we have

dé\t = Aé\tdt -+ [Atyt + (Et + @t)gt] d]\ft7 (423)
Then, for the process e; := s; — §; we get,

de; = (A + Ay)edt + Tyduwy + [Zeey + Q0] AN,

and
d[ete:]ij = d[et]i[et]j = [et]l[(A + At)etdt + Ftdwt]j
1
—I— [et]j[(A + At)etdt —|— Ftdwt]i =+ 5 Z[Ft]zk[I’t]]kdt
k
+ Het + =i + QtﬁtL [Gt + Ziey + Qtﬁt}j - [et]i[et]j] dVy
SO

dE[ese] | V)] = dQ; = (AQy + QAT + AQ; + QA + T, )dt
+E {(et + Zer + Qt@t) (et + =es + Qtﬁt)T — etetT | yt} dN,

= (AQy + QAT + AQ, + QA + T, T )dt

+ [(I +E)Q(I +Z)T — Qp + Vi |dN,

From (4.2.3) and (4.2.2al) we get the following necessary condition
QICT(CQLOT + V) (y — C3)dAN, = (Mye + (B4 + ©,)3,)dN,.  (4.2.4a)

To obtain (4.2.2)) it is necessary to have
(AQi+ QA" + GGT) dt
= (AQi + QAT + AQ, + QA + T, dt, (4.2.4b)
(~Q:CT(CQLT + V) 7'CQ.) dN,
= (I +E)QU +E)" = Qi + QViQ/ ) AN, (4.2.4c)
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Moreover, conditions (4.2.4) are also sufficient. Summing up, we obtain the
following results.

Proposition 4.2. Let A, Ty, Ay, =, Oy, € be cadlag Vi-measurable processes.
The system (4.2.1)) satisfies (4.2.2)) if and only if for all t > 0

GGT = AtQt + QtA;r + FtF: (425&)
and for jump times T

A, =Q,CT(CQ,CT+V)™, (4.2.5Db)
O, +Z, =-Q,C (CQ,CT+V,)*C, (4.2.5¢)

—-Q-,CT(CQ,CT +V,)7'CQ,, =
(I +E,)Qn (I +E0)" —Qr + 2,1, (4.2.5d)

To simplify equations below, the gain matrix is denoted by L, i.e.
Li=Q,CT(CQ,CT +V,) 1.
There are different ways to choose the parameters in equation (4.2.1]) such
that the conditions in Proposition [4.2| are met. Below we provide two spe-

cific choices that are inspired by the existing techniques in the literature on
ensemble filters.

1. ‘Transport-inspired’ case assumes ), = 0 and I'; = 0 so one can take
A = %GGTle and obtain

1
dsy := As,dt + §GGTQ;1(st — 5,)dt
+ <Ltyt — LC8; + E(se — §t)>dNt, (4.2.6)

—_ T | — T | —
S 72, T 20 @2, +E0,Qr = — L, CQy,. (4.2.7)

2. ‘Vanilla’ case assumes €, # 0, Ay =0, and ©;, = 0so [, = G, =; =
—L;C and one can take ; = —L;

dSt = Astdt + det + Lt (yt — CSt — Ut) dNt, (428)
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4.3 Ensemble filters

For particles s, ¢ = 1,...,m, let the empirical mean and the empirical
covariance be

= — ; st (4.3.1a)
m 1 = 7 ~m 7 ~m
Q= m Z(St — &) (s} — 5 )T- (4.3.1b)
i=1

The gain matrix becomes L® = QPCT(CQ™C" + V;)~!. The corresponding
ensemble filters have the following forms:

1. ‘Transport-inspired’ ensemble filter:

. ) 1 .
ds! .= Asidt + iGGT(Q?)*l(sé — &M)dt

+ (L;nyt _LPCE, +EN (s — g;“))cuvt, (4.3.2)
BN QEEDN)T +ERQEED)T +ERQN = —LPCQY.  (4.3.3)

2. ‘Vanilla’ ensemble filter:
dsi = Asidt + Gdw! + L (yt _Csi - ug‘) N, (4.3.4)

The noises w! ~ N(0,1),vi ~ N(0,V;) are independent copies of w; and v,
respectively, while the Poisson process N; is common for all the equations.

Interaction of particles

Both proposed ensemble filters use the empirical covariance, that couples the
dynamics of particles. In addition, the transport-inspired case involves the
empirical mean.

In contrast to it, the vanilla ensemble filter has uncoupled continuous-time
part of the dynamics: between observations, each particle s* follows

ds' = Astdt + Gdw!, t € (T, Ths1)-

Notice that this equation does not contain any interaction between the par-
ticles, while the independent noises are added and assures diversity of the
dynamics.
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Minimum number of particles

Despite the assumption that the number of particles is large enough to ap-
proximate the mean-field evolution accurately, it becomes essential to ascer-
tain the minimum number of particles required.

1. For transport-inspired ensemble filters, the minimum number of parti-
cles equals n, the dimension of the state process. This necessity arises
due to the requirement to compute the inverse of the matrix Q}* at each
time t. The existence of this inverse is guaranteed only if the columns
of the matrix Q}" are linearly independent. Therefore, to ensure this
condition the initial choice of at least n linearly independent particles
is imperative.

2. For the noise-driven ensemble filters, the minimum number of particles
equals 1. The proposed ensemble of particles is such that a single
particle evolution can be computed. In some cases, it is common to

take the coefficient of the empirical covariance equal to ﬁ Then
it is critical to ensure that m — 1 # 0, and at least two particles are
necessary.

In the sequel, we will look more closely at the aforementioned two classes
of ensemble filters. In particular, we analyze the consistency and approxima-
tion with respect to the optimal filter.

4.4 Transport-inspired ensemble filter

We recall that our proposed transport-inspired ensemble filter is described
by the following equations:

. < 1 ;
ds} := Asjdt + SGGT(Q) ™ (s} — 57)at
+ (L?“yt — LPC8 + =) (s — §;n))dNt,
—m . m(':m)'l'+:m m(:m)'l'+:m m:—LZLCQTk.

=Tk TE N Tk TR YT \NT TR TR TR
In this section, we show that these filters are indeed consistent with the
optimal filters and provide exact reconstruction of the optimal estimate for
a large enough number of particles.
The presence of the algebraic equation (4.3.3) requires to study condition
on its solvability.
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4.4.1 Solvability of the design parameters

The transport-inspired case require computation of the injection gains L}*
and Z (in the case of the ensemble filter) or L and Z* respectively for
the mean-field type form. Without loss of generality one can consider the
mean-field type case, since these matrices can be viewed as functions of the
covariance.

The matrix L, = Q,,CT(CQ, C" + V)~ can be computed directly,

while the matrix =, satisfies
Q.2 +2. Q.2 +2,.Q, =L, C (4.4.1)
72, + 20 Qn =, +E0,Qn 7 CQr, . 4.

Notice that in all cases the injection gains L; and =; only apply at times of
observation updates. In these equations, we note that ¢); gets updated due
to reset in s; and 5; with the arrival of new observations. Thus, the key step
for the simulation of the particles is to solve the algebraic equation (4.4.1])
at renewal times of the Poisson process. Solvability of this equation can be
guaranteed and carried out in following steps:

Step 1: We can find an invertible matrix E; such that EE,; = Q;. This is
always possible because, for the number of particles m large enough,
@, is symmetric and positive definite. Using the eigenvalue decompo-
sition, we can choose E; to be the matrix of orthonormal eigenvectors
multiplied by a diagonal matrix with square root of the eigenvalues.

Step 2: We then observe that (Q; — L,C@Q);) is positive semi-definite. This
follows from the fact that, we can write:

(Qr — LiCQy) = (I — L,C)Q,(I — L,C)" + L,V,L]

Step 3: Next, we compute the matrix F; such that F,F, = (Q; — L,CQ,).
Due to the fact that (Q;— L;CQ;) is symmetric positive semi-definite,
such a matrix F; always exists.

Thus, using eigenvalue decomposition of the matrices @y and (Q; — L;C'Q;),
we have an analytic solution. That is, for each renewal time ¢ > 0, we let
X, =Z; — I, then the quadratic equation becomes

X,EE' X, =FRF'

for which the solution is X, = F,E; ', that is, Z, = I + X,.
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4.4.2 Filter consistency

We now show that the ensemble filter (4.3.2) with the injection matrix =
satisfying (4.3.3) is indeed consistent with the optimal filter.

Proposition 4.3. Let m > n. The evolution of the sample mean 57" and the
sample covariance Q)" satisfies the following equations

ds" = AP + L (ye — C5)d NV, (4.4.2a)
dQP = (AQP + QP AT + GGT) dt — LPCQPdN,. (4.4.2b)
where L* = QRCT(CQ®CT + V)~ !

Proof. The differential equation for 5;" can be obtained by taking the time

m .
derivative of the equation s = i > s;. Next, for an arbitrary ¢ let us
i=1

consider the error variable e! := s! — 5™ and observe that
de! :=d(s! — 5") = Aeldt + ;GGT(Q?)leidt — EMeldN,.
Using the chain rule from Proposition [2.14] we get
dej(el)” = (Aei(ed)” + EGGT@w-le;«ez‘f
Felled) AT+ Sel(e)T(CET@P) T e
+ (e —EPep)(ef —=re) T —ei(e)) ") dN;.

Using Q" = L 3™ (si — §) (st —5") T = Ly ei(el) T, we obtain that

dQP = (AQP + QAT + GGT) dt
+(EPQrEmT - 2R — QPEMT) AN
Then we notice that assumption on =" is equivalent to
SO (‘—‘t ) —EQ - Q7 (‘—‘t ) = L;'CQY
which leads to (4.4.2b)). O

This result is quite elegant as the moments dynamics coincide with the
moments dynamics for the optimal filter —. This allows us to
arrive at the following result which summarizes our findings for the transport-
inspired filter.
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Theorem 4.4. Let m > n, By is positive definite, and Qf' = Fy. For m-

particle system (4.3.2)) with the injection matriz = satisfying (4.3.3)), if an
initial distribution of particles {s}}i=1. . m s such that

:S\anffo and Pén:P(),

then a normal distribution N (8", PI™) equals the distribution of the optimal
filter &y for allt > 0.

The results of Proposition and Theorem [£.4] therefore show that the
differential equations for empirical mean s}* and covariance )" are the same
as those given in Theorem To build on this result and show that s
and Q)" are indeed consistent with z; and P;, we also need consistency of
initial conditions. Assuming that sy ~ z(, we see that a realization of s{*
approximates E[zg] if the number of particles m is large enough. In the
same way, for large enough m, a realization of ()g approximates Fy. Formal
analysis of this approximation and studying the effect of sampling rate on
the asymptotic behavior of the resulting error is a topic of further research.

4.5 Vanilla ensemble filter

In this section, we analyze the second class of ensemble filters, that is, the
vanilla filters. We recall that these filters are described by . We will
show that these filters actually approximate the optimal estimator as the
number of particles gets large. We begin with derivation of the moments
dynamics for the vanilla ensemble filter.

4.5.1 Dynamics of the moments

For an [-th particle s’ we have

dst == Asldt + Gdw} + L} (yt —Cs, — U,lg) dN;

with empirical moments defined by (4.3.1a})—(4.3.1b)).
In this case, we straightforwardly obtain that

1
Vﬁad@?+L?Qh—C@?—@ﬂdN; (4.5.1)
where W = i@iw/\/(@,]) andﬂ?ziiﬁin(O,V}).

mia i=1

ds = Agrdt +

B
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For [ =1,...,m, for the auxiliary process ¢ = sl — 5™ we get

1
dgl = Agldt + Gd(w! — —a™) + L™® [Cq,i — 7 — dVy,

Lo,
J/m V' ]

and the chain rule provides

1)G(G>T) dt

dab(al) " = (Al + dlta) AT + (1 -

— 1 ~m — 1 ~m
+ Gd(wy, — ——=o}")(¢) " + gid(w; — —w;") "G

Jm Jm
l m l m/ -l 1 ~m l m l m/ -l 1 ~m '
+{Qt+Ltht_Lt(Ut_\/ﬁvt) Qt+Ltht_Lt(Ut_ﬁvt)

- QIlf(qilf)T dNta

and, since 3, ¢! = 0, the terms like 3, w™(¢!)" eliminates, so it implies

1

d@Qy" = (AQ? +QPAT 4 (1 m)G(f) dt

1 _ 1 B
+—G Y dwy(q) " + — (Z qid(wi)T) G

m m \4
I+ Lpe)Qp(r+ Loy - g

m 1 /= 1 —m _ 1 B .
L (m D) = =2 (T +EP)g(v) — — Xl:vi(qﬁ)T(I Em)T

l l

1 ~m /[ — - ~10 m
—m zl:% ()" — m El:vi(vt )+ ol

4.5.2 Scalar case

Let us consider the scalar case to provide precise estimations. In particular,
the one-dimensional equations for empirical moments of the vanilla filters
simplify as follows. The empirical mean 5™ satisfies

b

y/m

1
A5 = AS™ + ——Gda™ + L™ (yt o - 5;11) dn, (4.5.2)

Jm
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and the empirical covariance satisfies

1 IR
dQ™ = (QAQ? +G? - m(;?) dt +2G S ¢t (dwf — ﬁdwt )

(W) + (L)Y

M= T

1
+ [ —LPCQE — (LYY + — (L)’

~
Il
—

(4.5.3)
2 mo ]

R (R 70 ) Bl Y7 (T —
m( t >tgz::1t(t m

Let us compute the expectation Q" := E[Q}"] with respect to the noise terms
and, in addition, the sampling times of the Poisson counter. Using the fact
that vf and o™ are mean zero processes, the Proposition yields, for the
process (7" defined in , that

e )} AN,

m\2 2 m\2 2

m:2A m GQ_
% o+ PC?2+V m(QpC? 4 V)2

4.5.3 Convergence of covariances

Consider the scalar version of optimal estimator equations f and
the scalar vanilla m-particle system —. Let us state describe the
difference in the expected covariances depending on the number of particle,
and then prove the stated results consequently.

Theorem 4.5. Let Poisson intensity X > 2A and number of particles m > 1.
If a number T > 0 is such that Py, Q" > Y for each t > 0, then it holds that

E|P, — Q| <Egexp{Axxt} + — (G2+Avc 2) | Axx| ™,
V2

Ayy =2A — _—
for Axry )\+)\(TC’2+V)2’

where Ey := |Py — Qo| + = (G* + A\VC2) |Ay x|™! is a constant.

Remark 4.6. If A > 24, m > 1 and T := 1G?/(\ — 2A), then P,, Q" > T
for each t > 0. Indeed, by Lemma |B.4 QF > (1 — 2)G?/(X — 24) and by
lemma m B.1l, P; has a uniform lower bound min{ Py, G2/( —2A)}.

Remark 4.7. Theorem[{.5 immediately implies that for each time t > 0 one
has E|P,— Q| — 0 as m — oo and initial conditions are such that Qf* — Py.
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Proposition 4.8. Let m > 1. If the filtering system parameters satisfif]
20— 24)V((1 - 1)G?C? — AV) + (1 - L2G'Ct >0,

and A > 2A+ (1 — 2)G?/ min{ Py, Qo}, then Ayx = 2A — A+ A ggsris
for T =(1-— i)Gz/()\ —2A). In particular

(TC'2+V)2 <0

limsup, . [E[P] — E[QP]] < [Py — Qol + & (G* + AVC?) /|A, x|.

Proof of Theorem [4.5

Proof. Using the fact that v{ and 7/ are mean zero processes, the application
of Proposition to the process Q7" in (4.5.3) yields that O := E[Q}" | Qo]

satisfies
(Qrc? A (Qr)C*V
QrC2+V  m(QrC?+V)2

. 1
QF =24AQ" + G* — BG2 — (4.5.5)

To analyze the difference between expected optimal and empirical covariance,
let us introduce & := E[P, — Q] = P — O}, which satisfies the following
equation:

EM = d(P, — QM)/dt
(Qr)*c? 3 % Lo A (Qr)*crv

= 2AE" + A — e BAN S W S
E g v T Peiev T m (C2QF + V)2

Let us note what bounds can be derived. For the last term, the following
bounds hold

(Qr)c*v 2
0< —F———-<VC~.
(C2Qr+ V)2 —
The nonlinear part transforms as follows
m 202 202 \%4 Vv
(Qt ) _ pt — Q(l o 7) o P(l o 7)
orcr+V. PC*+V orcr+V PC?+V
. veep
= _gt + .
(QrC?2+V)(PC2+V)

2The inequality holds if AV < G2C?, or the measurement noise covariance V is rela-
tively small.
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By assumption P, Q* > T for all £ > 0. To get a bound on the evolution
of &M, let us study the derivative of (£™)?, that is,
d m m ¢&m
&(5} )2 = 28)& gt
V2 m
mY2 2 )<6t )2
(QrC?+ V)(PC2 4+ V)
2 2/\ m 2 2

— (4A — 2\ +2)

m (C2Qm + V)2
2
< . m 2 -2 m
< (44 2>\+2/\(TC;+ )2)(5 )2+ (G +AVC?) [Er

Consider the modified equation
LEM? =24 x(EM)?+ 2 (G>+ AV C2)ER

with &8 = [ER > 0, where Ayy = 24 — \ + )\w One gets that

(EM)2 < (EM)? and so || < |E™|. The modified equation has the exact
solution: B

gzm = E() exp{%A%Yt} — % (G2 + /\VC_Q) /A%T,
where Ey = & + 2 (G* + AVC7?) /A, y. Thus

Em| < ’(551 b2 (G2 4 AVO) JA, 1) expliA, vt} — 2 (G2 + AVO) /Aﬂ‘
<(|EP1+ 2 (G2 +AVC ) ATy ]) exp{3 A, xt} + 2 (G + AVC?) [AL %,
that completes the proof. O

Proof of Proposition

Proof. Recall that by Lemma one has O > (1 — 1)G?/(\ — 24) and
by Lemma [B.1], P, has a uniform lower bound min{Py, G?/(A —2A)}. Hence
taking T := (1 — £)G?/(A — 2A) the condition P, Q* > T for all ¢ > 0 is
met.

Since all the hypothesis of Theorem hold true, one has

& < (|&o] + 2 (G2 +AVC2) ATy ]) exp{3 A, xt} + 2 (G* + AVC2) |AJ K,
where gt:E<Pt Qt) A)\T—QA )\"’)\m
Examine the condition Ay y < 0, that is A —2A4 > A
A — 2A and the assumed T := (1 — 1)G?/X it becomes
S (A +24)V2)\2
(1 - G202 + V)2

W FOI' )\ =
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Using simple algebraic manipulations, the last inequality holds if and only if
A >0 and

2AV((1 - 1)G2C? — AV) + (1 — L)2Gict > o,
that is assumed. Thus it holds that

. 4, Loy 4ot
limsup || < || + — (G + AVC?) |47y

B 2/ . V2

= |P, Q0|+m(G +AVC2) /(A A(T02+V)Q 2A)
2

= [P0~ Qol + (G*+ave?) /|A, x|,

4.6 Numerical experiments

We will demonstrate the results of Section and Section through an
academic example. Consider the linear stochastic system

dz; = Az, dt + Gdwy (4.6.1a)
ka == C'CETk- + U7k7 (461b)
0 3 1 1 .19 T .
where A = [_2 =2 _13}, C =1[;33],G=los0505] , and v; is normally

distributed with mean (0,0)" and the constant variance V = [J3 J.1].

To measure the effectiveness of the proposed ensemble of particles, we
compare them with the optimal estimator. We fix a reasonable Poisson
intensity A = 10. For a simulated and fixed path of the state x; and the
observation noise v;, we compare the first and second moments.

The comparison can be conducted for a realization of a Poisson process,
as presented in Figures for the case of transport-inspired ensemble
filter. For the first moments (Z; and §*), we consider the time plot of ||Z; —
§||. While Z; is defined by the differential equation (£.1.3), to compute s}
we simulate particles s! and take their empirical mean. Similarly, for the
second moments, to compute P;, we need to solve the matrix differential
equation and @} is computed as the empirical covariance of the simulated
ensemble of particles.

To get a more general picture we simulate 200 sample paths of the Poisson
process, and compare the averaged evolutions. E.g., for the time evolution
of |z, — 8| we take its pointwise (in time) average, denoted as E||Z; — s}||
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(a) The first moment error.

(b) The second moment error.

Figure 4.1: Plot of error moments along one sample path for the deterministic

ensemble filter.
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(a) The first moment error.

(b) The second moment error.

Figure 4.2: Plot of error moments smoothed with respect to the sample paths
of Poisson process for the deterministic ensemble filter

and presented on Figure [4.2al In the similar way, the smoothed evolution of
the second moments is provided by Figure [4.2b

In the case of vanilla ensemble filter, it is interesting to consider dif-
ferent number of particles, so the plots are provided only for the average
behavior of the moments; i.e. 200 sample paths of the Poisson process are
simulated and then their pointwise average is computed. In this way, Fig-
ure presents the error between the optimal and empirical means, while
Figure describes the error between the covariances by presenting the

trace of the corresponding matrices.
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(a) The first moment error.

(b) The second moment error.

Figure 4.3: Plot of error moments smoothed with respect to the sample paths
of Poisson process for the vanilla ensemble filter



Chapter 5

Convergence with Finite State
Space

In this chapter, the state process is assumed to be a continuous-time Markov
chain, which allows us to work with nonlinear processes. The observation
process model differs from the other chapters: observations are defined as
sampling from a continuous-time output process. This change allows us to
prove the convergence to the classical optimal filter.

The idea of using discrete observations aims to reduce computation com-
plexity at a low cost in its accuracy. It follows that interarrival times should
not be too large to prevent significant inaccuracy and should not be too small
to prevent overcomputation. In the case of random observations, one cannot
obtain a precise upper bound on the interarrival times. This chapter studies
the convergence of optimal filters as their expected value of interarrival times
tends to zero.

5.1 Setup

For the purpose of analytical tractability, we will consider the filtering prob-
lem for systems with finitely many states. In particular, we consider the
evolution of states described by a continuous-time Markov chain with an
observation process which is a nonlinear function of the state process with
additive Gaussian noise. We refer the reader to [MT09| for a standard expo-
sition on Markov chains and related stability notions. The classical solution
to the filter design problem for such systems is given by Wonham in [Won64],
which is in the form of continuous-time stochastic differential equations evolv-
ing over a simplex.

81
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State process

The dynamical systems considered in this chapter are described by a finite-

state continuous-time Markov chain (z;);>9. The notation S := {ay,..., a4}
is used to denote the state space and the matrix A := {\;;} € R™>? i j €
{1,...,d}, denotes the transition intensities. The transition rates are such

that, \jj > 0, j #iand Y ayAij = 0, for each i € {1,...,d}. The
later condition is true only if A\; < 0, for each i € {1,...,d}. For ¢t > 0,
let us denote the probability distribution of x; by p(t), so that, p;(t) =
P (x(t) = a;). Similarly, the distribution conditioned upon initial condition is
denoted by p;;(t) = P (z(t) = a; | 7o = a;), and we let P(t) := [p;;(t)] € R4
denote the matrix of transition probabilities. For each ¢ > 0, the matrix P(t)
is obtained from the transition matrix A by solving the following Chapman-

Kolmogorov equation:
P(t)=Pt)A, P(0) = Iz

For a given initial distribution of zy, given by p,(0), the distribution p;(t),
for each t > 0, is

p(t) = PT(0)p(0) =p(0) + [ (ATp(r)) d. (5.1.1)

or, in the differential form, it can be written as p(t) = ATp(t), subject to the
initial condition p(0).

5.1.1 Continuous-time optimal Wonham filter

Using the model from [Won64], an output process z; is assumed to be gen-
erated by state process x; and the observation noise 7;, which is assumed to
be a Wiener process independent of z;. It is described by the It6 equation

dz = h(xs)ds + dm (5.1.2)

where h : § — R is a measurable function on §. For simplicity, we take
our observation process to be one-dimensional. The initial condition zj is
assumed to be zero. The noise covariance is assumed to be constant and
denoted by R, that is, E[dn"dn] = Rdt. We denote by o{z(94} the filtration
generated by (zs)s<¢. We recall that if ¢ is some square integrable function
of the signal process z;, then the ‘best estimate’ (in mean square sense) of
¢(z;) given the observations up to time ¢ is

E[é(x:) | o{zp04}]
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To compute this conditional expectation, we are therefore interested in the
corresponding conditional probability

pl =Pz, = aj|o{zpq}), Jj€{l,...,d}. (5.1.3)

The classical Wonham filter provides a recursive expression for the condi-
tional probabilities p; := [p},...,pd]" in the form of following stochastic
differential equation [Han07, Corollary 1.2.1]:

dp, = A pdt 4 (H — ) py(dz, — hdt), po = p(0) (5.1.4)
where h = % h(a;)pi, and H denotes a diagonal matrix,
H = dlag {h(al)7 o 7h(ad)}'

Due to the presence of dz; on the right-hand side of (5.1.4), p; is a vector-
valued random variable, for each t > 0. It is noted that the computation
of p; requires continuous measurements of the process dz;.

5.1.2 Randomly-sampled observation process

Assume N, is a Poisson process. The discretized and noisy observation pro-
cess is thus defined as

t e ETNt = ZTNt7 t Z O7 (515)

where z satisfies the It6 equation . This type of the observation pro-
cess will be denoted by Zz and should not be mistaken for the observation
process y, defined in other chapters. To condition the optimal estimator
on observations, we consider the filtration generated by (Zs)s<¢, which is

0{2[07,5]} = 0'{2717 ey ’%\TNt}'

5.1.3 Problem statement

Our primary objective is to study the filtering problem subject to the random
sampling of the observation process. Toward this end, we first consider the
conditional probabilities

pl =Pz, = aj|o{Z0q}), JjE{L,...,d}, (5.1.6)

and develop an expression for the vector p, := [p},...,p¢]", for each t > 0,

using {Z-, | k < N;}. These developments are carried out in Section [5.2]
Next, we are interested in comparing p; with p;. It is noted that p;, as

defined in is random not only due to the observation noise z;, but
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it also depends on the random time instants (7x)ren. If we average out the
randomness due to sampling times and take the mean sampling rate of the
Poisson counter V; to be large enough, then it is natural to compare the
resulting random variable with p;. To formally state this intuition, we look
at the expectation of p; with respect to the sampling times, and show in
Section that, for each ¢ > 0, the resulting random variable converges
to p; in the mean as the sampling rate gets large.

5.2 Optimal filter

In this section, we develop expressions that allow us to compute the condi-
tional probability p], for each j € {1,...,d} and each t > 0, for a single
realization of the random time instants {74 }ren. By developing a recursive
expression, it is possible to compute ﬁ{ simply by updating the last stored
value as a function of the newly received information.

To present the recursive filter, we consider the innovation sequence Azy,
obtained from taking the difference of two consecutive measurements:

Azy, = ZrN, T RN T En, + Nrn, = Ty —1o
where we used the notation

g, = /'“ h(z,)ds, keN.

kE—1

With probability one, a Poisson process N; yields finite number of random
variables Az; and &; over a finite interval [0,¢]. Notice that

p(Azl, <. AZNt ’ xO;-CEt) =E {p (Azla s 7A2Nt7517 cee 7€Nt) ’ xO;-CEt}
H Az —&)? ‘ I
\/QWRATk 2RAT 07t

I (Azy, — &)°
H \/QWRATk [eXp [_kzl 9RAT, ]

Zo, .Tt‘|

since Az; — &; are independent for each 7 and are Gaussian with mean 0 and
variance RAT;. Let

_ —oxn [N~ (A2 —&)2)
U, =V, (Az, & AT) :==exp ( ;::1 oRAT. ) (5.2.1)
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To get the expression for ! at ¢t = 7n, for Ny € N, we observe that

Pl =P(x(t) =a;| 2, k=0,...,N,) = P(x(t) = a; | Az, k= 1,..., ;)

d
;Pi(o)pij(t)E (W, | w0 = ai, z¢ = aj]

d
S ;pi(o)piz(t)E (W, | xo = a;, 2 = q

Ny
as the term [] ——1— cancels out from the numerator and the denomi-
k=1 V2T RATY

nator. Then the numerator is the unnormalized conditional density. Let us
denote it as follows.

Definition 5.1. Let zjp4 be a pure jump process realization with jumps only
at {m}pt,. For each t > 0, and for each j € {1,...,d}, define the function
U’(t, Zjo,) as follows

Ul (t, Zog) ==Y pi(0)pi; (H)E

i=1

v,

To = G, Ty = Gj] )

where W, is from (5.2.1) and x; is the state process.

Remark 5.2. One can consider Ui as a function of a pure jump process Z
since {1} is also defined by z,. The Markov chain x affects the value of U}
only by its transitional probabilities, not by realizations.

We define the evolution of U/ with differential equations over the intervals
178, T, 1], and via jumps at 7y,, for all ¢ > 0. Firstly, if ¢ €]y, 7a,41], We
obtain

Uf

=4 pi(0)pi; (H)E | W,

To = Q;j, Ty = (Zj]

= 22121 Z‘Ll pi(())piZ(TNt)pfj(t —7n,)E| ¥y, | 70 = a;, Lry, = A, Tp = aj]

=3 pei(t — 7v,) Sy pi(0)pie(Tv, JE | Wy,

= Zg:l Dej (t - TNt)Uth .

Lo = iy Try, = az]

It yields U = UA for t €]rw,, Tn,41[. Secondly, for t = 7y, with n = N, > 1,
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the strong Markov property and independence of the different n; give

E [\I;Nt | To = Qj, Ty, = CLJ']

d
= lz E {\I/n | ©0 = a;, 7, = 5,2, | = al} P(z,, , =a|xo=a;,x, =a;)
-1
d
_ (Azn—én)2 _ _
= 121 E {exp (_W Ty, = A, Trpy_ | =
xE [\I’n—1 | 20 = a;,@,,_, = az]
XP(zs, , =a; | ©o = a;, x,, = a;)

By Bayes rule and strong Markov property
pi ()P (2r,_, = ar | 20 = a5, 21, = ay)

=P(z,,_, =a | o = a;)P (:L‘Tn = q

= Dl (Tnfl)pjl (ATn)

and then U/ equals

L, = Clj,
Tr,_1 = Q

To = g,
Tr, = aj

d d (Azn _ 5n)2
Z Zpi(o)pij(t>E lexp <_2RA7'n>

i=1
Lo = Q4
Plx,,_ , =aq
l

Lrp_g = Q@

1
E l\lfn_l

= Z Z Pi(0)pui(Tn—1)pji (ATy)

Az, —&,)?
E leXP <_(2RA7'£)> ‘ Lry = Ajy Ly g = al]

d 2
— S, l (B — &)
- ;p]l<ATn)Un—1E [eXp ( QRATn >

Thus the recursive rule for U is the following.

Proposition 5.3. For a Markov chain (x;);>0, a fized sample path of N,
associated with jump times Ty,, the observations z; defined in (5.1.5)), the

conditional density p, = (p,...,pH) " is
U
P=ca
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where the vector Uy = (U}, ... UZ) satisfies

Ut = UA t E]TNHTNtJrl[

U, =K, h/m U, VT, = Tn,

(5.2.2)

where Lj-th component of the matriz K, is the following

(A2 — 22 h(@)ds)*\ |, =
ZRATn an 1 = a’l

E |exp

5.3 Convergence in mean

We now turn to the question of comparing the filter obtained from randomly
sampled observations with the continuous Wonham filter. For this purpose,
we assume that the state process is a Markov chain. In what follows, we use
the notation E* to denote expectation with respect to noise in z-process, and
E* to denote expectation with respect to the distribution of the Poisson sam-
pling process with intensity A > 0. We also recall that o(-) is used to denote
the filtration generated by its argument. Our main result is formulated as
follows:

Theorem 5.4. Let (x1)i>0 be a continuous-time Markov chain with non-zero
initial distribution. For each t > 0, it holds that

E [o0 | o {Z0a}] — E [oe | o {z00}] | =0,

The proof of this result is carried in the remainder of this section. An
outline of the main steps of the proof is drawn in Figure [5.1}

lim E*E?
A—00

E o | o {2000 }] 222 E [0 o {0}
PED|NEE T mEd meE
12, L.BS PR
||UU((tf<g;t))nl npE C {xt | U{ZWH
n—o00,YA>0

Figure 5.1: Schematic of convergences
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5.3.1 Intermediate results

Let us start with the definition of operators # and H that are used excessively
in the sequel.

Definition 5.5. Forn € N,t > 0, let 0!, and H! be the following mappings:

0! (s) := max{%t €10, | sz,...,n},
(Hi), = HA(0)(5) = v (04(5)) .
Using these definitions, one can now state the intermediate results which
are necessary for the proof of Theorem [5.4]

Lemma 5.6. Let (x1)1>0 be a Markov chain with non-zero initial distribution.
For each t > 0, there is convergence in E*-mean:

lim E¥JE [ | o {( )00 }] — E o 7 {=00}] | = 0.

The proof of Lemma [5.6| is a direct consequence of the arguments ap-
pearing in [Won64, Appendix 2] and is not carried out here. The vector
U (t,(H.Z);) below consists of the corresponding entries U7 (¢, (H!Z);) as con-
sidered in Definition [5.11

Proposition 5.7. Let x; be a Markov chain with non-zero initial distribution.
For each t > 0,n € N, there is convergence in E*E*-mean:

U(t’(H'?L/Z)t)

: Az
lm B e

A—00

[ o {200 ‘ “o

The proof of Proposition [5.7 appears in below, after the final statement,
that we need for the proof of Theorem [5.4]

Lemma 5.8. Let (z)t>0 be a Markov chain with non-zero initial distribution.
For each t > 0 and each \ > 0 there is convergence in E*E*—mean:

U(t,(H.2)t)

lim EME? s [z | o {Z0}] | = 0.

n—oo

The proof of Lemma [5.8| is provided below after the proof of Proposi-
tion B.71



5.3. CONVERGENCE IN MEAN 89

5.3.2 Proofs
Proof of Proposition

Proof. Recall that the j-th component of the conditional expectation E[z; |
o{(H}2)p}] is U)oy showed in Section . Then it is sufficient

U (¢, (H]2)1)]ln° ) j
to prove that for any € > 0 there is sufficiently large A > 0 such that

U (t, (HLZ)) U9 (t,(Hiz),)
U (Hi2)) e U@ (Hyz)o) ]~

In what follows, we use the notation 7, for jump times of a Poisson process
and ’%t for jump times of the ‘uniform’ process 6. Moreover, we recall that
a Poisson process N; is associated with {7} as Ny = sup{n € N | 7,, <t} for
teR.

In order to make H!Z somehow similar to H'z, we need the probability

EME?

(5.3.1)

that at least one Poisson arrival time 73, € {7 }5, occurs between ™ —§ and
’%t for all m = 1,...,n and an arbitrary ¢ €]0, %[ Since 73, < %t if k: < Nmt,
this condition can be formulated as
mt
max  min < - Tk> < 0. (5.3.2)
m=1,...;n k=0,.... Nt \ 7
The opposite event is
mt
max  min ( - Tk> >0 (5.3.3)
m=1,...;n k=0,... Nt \ 7

and its probability is the sum 3" _,(1 — e )™ 1e=2 that is (1 — e~ )™,
U3 (,(HL2)t)
U (t,(HE2)e ) I
J(iﬂ n
U (t,(H.2)e ) (

—A5\n) A
+ (1= [l -}

Let us take A = 1/v/6 and define 6 later. Notice that M

(1 —e )" — 0 as A — co. Then it remains to prove that
Ui (t (fft 2)) U7 (t, (H,2):)
EAEZ< ’ ’ eq. (5.32) ) — E* A .
1U &, (H:2)1) [l 1U (&, (H72)e) 1

Let us consider an arbitrary realization N, satisfying (5.3.2). For an
arbitrary fixed z;, we obtain the process z;. Then both processes H!Z and

Using this, we can decompose the expectation E*

} into the sum

(1 . 6—)\6)nE)\

<1 and
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H!z are pure jump and all jumps occur at times %t for m = 1,...,n only.
Hence the two processes U’ (-, H!Z) and U’(-, H!z) differ in their exponent
terms only. For U’ (¢, (H!z);) we have jump times only at {mt} and the
exponent term straightforwardly contains the following sum

n mt 2
— Z (Zw;;t — Z(m-1t — /mn_l)t h(CL’s)CLS) (534)
m=1 " T

For U (-, H! 2), employing the condition ([5.3.2)), we obtain that for each m =
1,...,n, there is a certain §,, € (0,d) such that H (2@) = Zmt = Zmt

So the exponent term of U’ (t, (H.Z);) contains a similar sum

n mt 2
— Z (Z”lef_gm - Z(m_l)t—&n,l . ﬂmnfl)t h(l’s)d8> (535)
m=1 " “n

Thus a realization of Poisson process N, defines only the sequence of 6,,,
which are uniformly bounded by §. It immediately yields the convergence of
each component:

B {|U7(t, HL(2)) — U7(t, HE(Z))|} =0 asd =0, ie. A — oo,

To get the convergence of normalized values, notice that both fractions are
less than one and the denominators are bounded away from zero in the follow-
ing sense. Denote w = min; p;(0); by linearity of the Kolmogorov equation,
none of p; ;(t) equals zero for t > 0. Hence, for each ¢ > 0 there is a pair
(4,7) such that p;(0)p; ;(t) > w/d, and

~ j ~ eq. (.3.5
U (t,HZ(z)) |, > U’ (t,HZ(z)) >w/dE [exp ‘ To = a;, Ty = aj] :

Definition of the process z implies the following chain of estimations:

—

/ eXp —5( R/nio) >}
\/2TR(t/n + 6)

< Plmax |nme s, —nom-n:_
2 2

< Plleq. (6.3.5)[ < n(M +2maxa)*(t/n + )]

<PIU (4 (HL2)) b > k| 1 as M — o0

where k) = w/dexp {"(MH mi;};t‘;lf(t/"wy} and tends to 0 as M — oo. For

U (t,(H.Z),) |]1 we have the same estimation, but with zeros instead of 5
and d. These inequalities defines a suitable 6 = §(¢) so that ((5.3.1] - ) holds.
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Proof of Lemma [5.8
Proof. In Section , we showed that M is the j-th component of
2t 1

E 2 | o {Zon}]-

Then it is sufficient to prove that for any e, there exists D = D(g) > 0 such
that for any n > t/D
U7 (¢, (Hy2)e) U7 (t, )

n

U (& (HE2) ) [ 107 (82 L
M t(M—i—l)} of

Ift/D =: Mp € N, we can consider Mp disjoint intervals } o

length D (for M =1,..., Mp). Now we are interested in the case where at

most one jump of N; occurs at each interval ] LM t(%’;l)} ie.

EME?

(5.3.6)

max Nﬂ - Nt(M 1) < 1. (537)

M=1,....Mp Mp Mp

The probability of the event (5.3.7) is e (1 + AD)?, and so it tends to
las D — 0. Therefore for any D > 0, we decompose and estimate the

expectations of | as

2(1—e‘”(1+>\D)%) ‘(1+AD)D sz )pi; (t
t, (Hy2):) U7 (t, %)
e || L L = —————|leq. (63.7)],
U (¢, (Hi2)e) 1 [IU7 (¢,

and the first addend is less than /4 for every D €]0, D*[ for a certain D*.
In the same way, we can separate two cases: if total number of jumps of Z
on [0,t] is more than K = K(\,¢) or if it is less or equal. The expecta-
tions of conditioned on the first case are less than e/4 if K is such

that e 3% )‘Z’: < ¢/8. Indeed, it means that £/4 is greater than the
U (t,(HLZ)t) U (t,2)

IU(t(HED ) U (t2) I
K jumps. Finally, let us get rid of the case of Poisson processes that contain
relatively small inter-arrival times, i.e. let us find L > 0 such that £/4 bounds
from below the expectations of conditioned on Poisson process with
inter-arrival time less than L. For a Poisson process, the probability of con-
taining all inter-arrival times greater than L is not less than e % (since K
is the maximum number of jumps), i.e. it suffices to take L = L(\,¢) such

that 1 — e ME < /8.

value times the probability that z has more than
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Let us denote by A the event that correspond to the inequality , the
condition that the number of jumps of Z is not more than K and the condition
that the inter-arrival times are greater than L. Consider a realization of Ny
from A. Denote by 75 the corresponding jump times of H:Z. Then jumps of
Z occur at 7 — 0. So that Hﬁg(%) = E(%) for M =1,..., Mp and so the

exponent term in U’(t, H.Z) becomes

—(2(m) = 2(7-1) — J71 | h(3)ds)?
GXP; 2R(7‘k — Tk—l)

while the exponent term in U7(t, HZ) contains same values at times 73, — dy,.
Thus it is easy to see that we have convergence

EYE* | U7 (+, (HLZ)) — U7 (1, %) ‘A] —0

for all components j. To get it remains to estimate the denominators.
Denote w = min,; p;(0); by linearity of the Kolmogorov equation, none of
pij(t) equals zero for ¢t > 0. Hence, for each ¢ > 0 there is a pair (¢, j) such
that p;(0)p; ;(t) > w/d, and so

1U(t, Hy,(2)) |1
> U7 (t, H.(2))

—(2(16) — Z(Th—1) — [7F h(Zs)ds)?
ZW/dE[epo G 2;’(“%)_7’{71@1—)1 (Z5)ds)

Lo = Gy,
r=a; |

Here the sum contains not more than K elements, 7, — 7.1 > L — D, x4 are
from a finite set S, and the only remaining randomness in 7 is bounded as

K

M 1/ x
exp { —5(ge)
sl }dx < (Pl — 1ol < M])™ < Plmax |, —nr,_,| < M].

V21 Rt

Thus, we have P[||U(t, H.(2))|l1 > k] — 0, as k — 0. The same holds for
I|U(t,2)|]1. This allows us to choose a suitable D €]0, D*[ and conclude the
proof. O]

Proof of Theorem [5.4]

The proof is essentially based on the schematic shown in Figure [5.1}
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Proof. By Proposition [5.7 for any £; there is large enough A; = A(e1) such
that for any A > Ay,

AEZ U(t’(Hﬁaf) _ t
B g — F [z | o {(Hi2)pg}]| < e

By Lemmas and , for any ey, we can find ny = n(ey), such that for
every n > no, the following two inequalities hold:

E {mt | o {(Hﬁz)[o7t}}} —E [:pt | o {2[07,5]}] < &9,

EME? m —E [Z’t | o {2[07,5]}] < 9.

E*E*

In the first of these two inequalities, the expectation E* does not change
anything as inner parts are independent of N,.

So for a given € > 0, taking ¢; = €9 = £/3 and the corresponding A; and
ny, we immediately obtain that there exists A(¢) such that for any A > A(g)
the required convergence property holds:

EME?

E [z | o{Z04}] — Elze | o{zp04}]| <.

5.3.3 Summary

In this chapter, we discussed the design of optimal filters for a continuous-
time Markov chain with a finite state space, coupled with an observation pro-
cess subjected to additive Gaussian noise, where measurements are available
at randomly sampled time instants. We initiate by articulating the optimal
filter within this context, followed by deriving a recursive formula encap-
sulating it as a continuous-discrete filter. Our principal contribution lies in
benchmarking the efficiency of our proposed filter against its continuous-time
analog the classical Wonham filter, which is based on a continuous observa-
tion process.

We demonstrate that by configuring the sampling scheme around a Pois-
son counter and incrementally increasing the mean sampling rate, the ex-
pected value of the posterior conditional distribution of our continuous-
discrete filter progressively aligns with the posterior distribution obtained
from a continuous Wonham filter.
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Chapter 6

Conclusions

6.1 Contribution

This work seeks to contribute to the field of filtering for continuous-time
systems, particularly focusing on challenges arising from limitations in out-
put observations due to continuous white noise and time-based sampling. It
specifically addresses the added complexity introduced by output observa-
tions arriving randomly at discrete instances. Through this lens, we examine
strategies for deriving bounds on the covariance of state estimation errors for
select classes of dynamical systems, employing our proposed filtering algo-
rithms.

Our findings cover the derivation of optimal estimators for both linear
dynamics and state processes governed by continuous Markov chains. In the
linear scenario, we investigated the estimator’s stability and its sensitivity to
changes in Poisson intensity, which reflects the observation frequency. For the
Markov chain model, we demonstrated the L;-convergence of our estimator
to the optimal estimator (Wonham filter) as the Poisson process intensity
increases.

Furthermore, for nonlinear systems featuring Lipschitz nonlinear dynam-
ics, we proposed formulas for a sub-optimal estimator, taking cues from the
optimal estimator in the linear case. This necessitated measuring the sub-
optimal filter’s efficiency relative to its optimal counterpart, especially under
the regime of random discrete observations where tuning the estimator could
enhance its performance or reduce computational demands. Our research elu-
cidates sufficient conditions that guarantee the boundedness of the expected
error covariance matrix.

Aiming to investigate the nonlinear problem, we opted for the ensemble
filter method, acknowledging its significance in large-scale models requiring
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noisy data estimation. However, at this stage the obtained results on en-
semble filters are restricted to the linear case. Our contributions include the
first derivation of a continuous-discrete McKean—Vlasov type diffusion pro-
cess with additive Gaussian noise in the observation model. This process is
validated as an exact filter, where the conditional expectation is same as the
optimal filter. Subsequently, this process is approximated by particle systems
interconnected through empirical covariance. Notably, while these ensemble
filters draw parallels with established methods in a continuous framework,
they exhibit unique dependencies on system parameters.

To summarize, this project contributes to the field of filtering for continuous-
time systems by providing new approaches for addressing the challenges as-
sociated with random sampling of output data. Additionally, it enhances the
existing methodologies for the analysis of both linear and nonlinear systems.

6.2 Further directions

6.2.1 Ensemble filters

Three immediate generalizations are important for the presented study on
ensemble filters.

Analysis of a ‘mixed’ ensemble filter

We showed that a mean-field type process is an exact filter if it satisfies the
(sufficient) conditions listed in Proposition[4.2] In addition to the vanilla and
transport-inspired ensemble filters considered in Chapter [4] one can consider
another possible option. The conditions are met if 2, =0, A; =0, I, =G
and

- . —T — =T = _
St Tk'—T} + S W Sy + ‘:'TkQTk - _LTkCQTk‘

Hence, the exact filter becomes
dSt = AStdt + det + (Ltyt — Lt0§t + Et(st — §t)>dNta

where Q; = E[(s; — 5/)(s; — 8;)"] and 5 = E[s; | )] for the o-algebra )
generated by observation process y up to time ¢.

Its structure combines the ‘continuous’ part of the vanilla filter and the
‘jump’ part of the transport-inspired filter. It allows us to avoid the heavy
computation of inverted covariance matrices in contrast to the case of the
transport-inspired filter. Using independent noises instead, similar to the
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vanilla filter, seems reasonable for the continuous part. Moreover, the non-
random choice of the jump part also seems feasible, and the price consists of
computation of the matrix =, . Since the times of computations are discrete
and isolated, the performance should improve. Nonetheless, the correspond-
ing ensemble filter requires investigation.

From scalar to multidimensional case

The principles of filtering theory using Poisson-distributed observations for
single-variable (or scalar) cases have provided key insights into the oper-
ations and characteristics of optimal and ensemble filters. These insights
cover various aspects, including the conditions for steady states and stabil-
ity. Although there has been considerable advancement in understanding and
applying these principles in scalar cases, the complexities of the real world
often require an approach that considers higher dimensional systems.

In real-world scenarios, systems often involve multiple interacting com-
ponents or variables. This complexity means that extending our research to
consider multiple variables at once is not just beneficial but essential for accu-
rately modeling such systems. Moving from single-variable to multi-variable
(or multi-dimensional) cases brings forth specific challenges and opportuni-
ties. Particularly, our understanding of steady states and stability in the
single-variable context needs to be carefully adjusted to fit the complexities
of multi-variable systems. This adjustment involves expanding the mathe-
matical definitions of stability to cater for multi-dimensional situations and
exploring how steady states can exist and be unique in such contexts.

Moving forward into multi-dimensional studies requires us to modify and
improve existing research methods. This may include upgrading computa-
tional methods to manage more complex calculations and developing new
theoretical models that can accurately represent multi-dimensional dynam-
ics. It is especially important to focus on how ensemble filters can be scaled
and how optimal filters perform when dealing with multiple dimensions.

From linear to nonlinear case

Unlike in linear systems, where convergence typically refers to moments con-
verging to true values, convergence in nonlinear systems often needs to be
understood in the weak sense. This means that the convergence pertains to
the distributions themselves, necessitating a nuanced approach. Specifically,
researchers can utilize the generators corresponding to the nonlinear filters
to demonstrate this form of convergence, providing a mathematical frame-
work for understanding how predictions from filters approximate the real
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system behavior over time. However, the exactness property seems feasible
using approaches similar to those employed in the linear case. Exactness, in
this context, refers to the filter’s ability to precisely estimate the state of a
system based on observations. However, the methodologies to demonstrate
this property in nonlinear systems adapt to focus on the distributions that
constitute solution to the filtering problem, not just their moments.

Another vital concept in the study of nonlinear filters is the propagation
of chaos property. This property describes how, in a large system, the ran-
domness or ‘chaos’ in the state of individual elements becomes independent
as the system evolves. Proving this property for nonlinear filters is crucial
because it can help validate the filter’s performance in complex, dynamically
changing environments. A precise and rigorous proof of the propagation of
chaos in the context of nonlinear filtering remains an area for further inves-
tigation, while it seems promising and plausible.

The exploration of nonlinear ensemble filters presents a rich field of study,
diverging from linear case through its focus on distributions and requiring in-
novative approaches for proving convergence and exactness. The challenges in
proving convergence in the weak sense and the propagation of chaos property
highlight the need for continued research and methodological development
in this area.

6.2.2 Generalizing the sampling process

The current research framework is based on the assumption that observations
are sampled through a homogeneous Poisson process. This foundational
assumption prompts a compelling avenue for future exploration, particularly
in terms of how the nature of the sampling process influences the outcomes
of the study. Two major directions are proposed for further study along this
line:

1. Ezamination of Interarrival Time Assumptions: The initial aspect of
this exploration involves a critical assessment of the assumptions re-
garding the expected interarrival times within the sampling process.
A key question here is the sufficiency of bounding these interarrival
times for the purposes of the study. Does the mere limitation of these
intervals guarantee robustness in the findings, or is there a requisite
for the sampling process to adhere to the strong Markov property to
ensure that the future and past are conditionally independent given
the present? This inquiry will delve into the implications of these as-
sumptions and identify the necessary conditions for the validity of the
sampling process.
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2. Investigation into Non-homogeneous Poisson Processes: Another promis-
ing research direction is the investigation into non-homogeneous Pois-
son processes as an alternative to the homogeneous sampling assump-
tion. This exploration would involve treating the intensity function
of the Poisson process as a variable parameter, thus allowing for an
examination of how variations in intensity affect the outcome of our
study. Within this context, there exists a potential for imposing re-
strictions or penalties on the changes in intensity, adding another layer
of complexity to the analysis. Such penalties could pertain to practical
limitations in the sampling technique or reflect theoretical constraints
intended to maintain certain conditions within the study.

By venturing into these areas, the research aims to deepen the under-
standing of how different sampling assumptions and modifications impact the
reliability and applicability of the findings. Each direction not only presents a
methodological challenge but also offers the potential to uncover new insights
into the dynamics of the processes under study.

6.2.3 Markov chain setup

Studying filtering problem for Markov chains helps to understand the dy-
namics of systems exhibiting nonlinear behavior. The key advantage is the
finiteness of the distributions that is feasible for numerical experiments and is
theoretical analysis. Such investigations provide insights into the properties
and performance of filters within nonlinear frameworks.

A significant focus within this realm is the study of the optimal estima-
tor and the impact of incoming observations on various aspects of system
estimation. Each observation carries the potential to significantly ameliorate
the estimator’s performance by refining its predictions. In contrast to the
continuous-time case, one can investigate how different properties are affected
by observations and which of them reflect the advantage of obtaining new
information provided by observations. The conjectures are the following.

1. Covariance Reduction: The arrival of observations may lead to a reduc-
tion in the covariance associated with the estimator. This reduction
signifies an increase in confidence regarding the state’s prediction, as
the estimator’s uncertainty decreases with additional information.

2. Entropy Reduction: Observations may also lead to a decrease in en-
tropy, which is a measure of the uncertainty or randomness of the sys-
tem’s state. A lower entropy value post-observation indicates a more
informed and less uncertain estimate of the system’s state.
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3. Distance to True Distribution: Another critical measure is the distance
between the estimated distribution and the true distribution of the
system’s state. Minimizing such a distance, one thereby enhances the
accuracy of the estimation process. Appropriate notion of a distance
also remains to discuss.

Preliminary analytical studies did not lead to a meaningful solution so far,
pointing out the need for more detailed investigation.

In addition, the approximation of nonlinear processes using Markov chains
has become a fundamental approach in efficiently modeling complex behav-
iors that linear models cannot capture. This method’s efficiency in various
domains suggests a promising avenue for extending Markov chain-based es-
timators into the realm of nonlinear processes. However, the intricacy of
nonlinear dynamics demands a thoughtful selection of methods and mathe-
matical frameworks for this expansion.



Appendix A

Auxiliary Results

Following results from the literature have been used in the analysis carried
out in Chapter [3]

Lemma A.1 ([Won68, Lemma 4.1]). Consider the equation, GGT+ KK =
@T, and let F' be an arbitrary matriz of suitable dimension.

1. If (A, G) is controllable, then (A + KF,Q) is controllable.
2. If (A, Q) is stabilizable, then (A+ KF,G) is stabilizable.

Lemma A.2 (|[Won68, Lemma 5.1]). Let (A, G) be controllable, Py > 0 and
let P satisfy

'Pt = AP, + PtAT + H(Pt> + GGTa P(O) = Po.

If there exists a constant matriz Q@ > 0 such that AQ+ QAT +I1(Q)+GGT =
0, then Py — Q ast — 4.
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Appendix B

Additional Calculations

B.1 Proof of Proposition (3.10

Proof. To prove the existence of solution to equation ([3.3.4)), we first consider
the differential equation with a time-varying K (-). The resulting time-
varying differential equation, subject to the initial condition P(0) = Py, has
the solution

t
P, = ot P, Mp, K) = 0(1,0)Po@" (1,0) + [ @(t,s)(GGT
0
FII(P,) + AKSMPSKST><I>T(t, 5)ds.

For any given K(-) and a positive definite matrix Mp € RP*P (affine in
P), we can find a solution of the Volterra equation P, = o(t, P, Mp, K)
by successive approximation. Let us construct a sequence of these solutions
P; for i > 1 such that My = IL,xp, Ko = CT, Pip1(t) = o(t, Piy1, M;, K;),
Miy1 = (14 ¢)CPi1CT + (2c+ ) tr Py Lyxpy +V, and Kiyy = M;llCTPiH.
Notice that all P; are positive semidefinite, all M; are positive definite and so
invertible, all matrices K;, M;,P;, © € N, are measurable and bounded with
respect to t. Consider Q;(t) = P;(t) — Pir1(t) with @;(0) = 0. From (3.3.1)
and , we get

Qz’ = \I[(Ph Mi; Kz) - \I[(’Pzﬁrl; Mi+1> KiJrl)
> V(P;, M;, Ki) — V(Pig1, Miy1, Ki)
= (A — AK;0)Q; + Qi(A — M\K;O)T +TI(Q;)
+ AKG(M; — M) K]
= (A= AK;C)Qi + Qi(A — AK;C) T +T1(Q:)
+ A1+ ) K,CQ:CTK, + M tr(Q;)(2c + A) KK,
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= (A= \K;O)Q; + Qi(A — M\K;0) T +T1(Q;)
+ AKi(u +0)CQCT +tr (Qi)(2e + 02)1;,) KT
so there exists a positive semidefinite matrix R such that
Qi = (A = MK;0)Q; + Qi(A = MK;C) T +T1(Q;)
+ )\Ki<(1 +OCQCT + tr (Q))(2e + 02)1p> K] +R.

Hence, Q;(t) can be rewritten as a solution of the equation
t
Qi(t) = / O(t, s)(I1(Q;) + AK; Mo, K + R)® (t, s)ds,
0

implying that @Q;(t) > 0 for each ¢ > 1 and ¢ € [0, 7T, as it can be calculated
by successive approximation with ¢;(0) = 0. Consequently, the sequence
{Pi(t) }ien is non-increasing for each ¢ € [0,7]. It also means that on the
finite segment [0, T'], P;(¢) is uniformly bounded by the number, sup{|P;(t)| |
t € (0,71}, for every i > 1 and t € [0,7]; consequently M;(t) and K;(t)
are uniformly bounded as well. Moreover, we let P, = zlgélo Pi(t), My =
lim M;(t) = (1+ ¢ )CP.CT + (2c + ) tr(P) Lnsn + V, Ky = lim Ki(t) =
PCTM~t. So, the Volterra equation has the form: P, = ¢(t, P, M, K) for
M; and K, defined above, meaning that the chosen solution P is well-defined
and unique. O

B.2 Proof of Lemma [3.13

Let Kp, = P,C"Mp' and let ®(t,s) denote the fundamental matrix associ-
ated with A — AMCp,C. Then

t
P = /O O(t, s)(I(P,) + GG + MCp, Mp, K} )@ (, 5)ds. (B.2.1)

Let us fix an arbitrary 7 > 0 and define Kp, = Kp,,.. Further, let ®(t, s)
be the fundamental matrix associated with A — ACp,C; then (¢, s) = ®(t +
7,5+ 7). Let P, be the solution of

7,5; = \Ij(ﬁt7Mﬁt7I€Pt)v 7’50 = 07

then P, < 75t, for each ¢ > 0, by minimum property. Moreover, we have the
following representations of P;_.:

~ t—7 - ~ ~ ~
P, . = / B(t —7,8)(I(Py) + GGT + Ap, Mz K} )@ (t — 7,5)ds
; |
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t—T1
_ / B(t,5+7)(IL(P,) + GG + ACp,, My Kb )@ (1,5 +7)ds
0 s

t
_ / (L, 5)(I(Pys_7) + GGT + \Cp, M K )@ (1, 5)ds

t ~

< / O(t,s)(I(Ps—r) + GGT + MCp, Mz Kp )@ (¢, 5)ds.
o -

The last inequality, combined with (B.2.1)), yields

t
PiPirz [ @t s)AUP. - Pos) + NP
0

(P KPP (8, 5)ds

and hence we get Py — P,_, > 0, for cach s > 7. By letting s = ¢+ 7, we
obtain the desired monotonicity, that is, P; < P; < Piy,, and this completes
the proof.

B.3 Properties of a scalar nonlinear ODE

Lemma B.1. Let Q) > 0 and let Q: Ryeqo — R satisfy the following differ-
ential equation

0z
C?+V
where V>0, FF # 0, A > 0 and X\ > 2A. The solution Q has one positive
steady state Q* that is

Q; =2AQ; + F? — A (B.3.1)

(B.3.2)

o _ 2AV + FC? 24V + F202\* R
20 —4A 2\ — 4A A—24°

Moreover, Q|Q:F2/(>\_2A) >0 and
Q; > min{Qy, F?/(\ — 2A)} forall t>0.

Proof. Notice that C?Q; +V > 0 for Q; > 0. The equation (B.3.1)) can be

written as follows
(2A — \)C2Q? + (2AV + F?C?)Q, + F?

Q= 20, + V , (B.3.3)

The parabola
(2A — N)C?Q% + (2AV + F?C?)Q + F?

given by the right-hand side of (B.3.3)) is concave because (24 — \) < 0 and
is positive at @ = 0. Hence there is only one non-negative steady state Q*,
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that is computed directly as in (B.3.2). It also means that for any Qy > 0
and for all ¢t > 0

Q; > min{Qy, 93},
Q; < max{Qy, Oy}

In addition, plugging @ = F?/(\ — 2A) into (B.3.1) one can obtain the

following expression
Q = A\F?V(V(\ —2A) + F*G?),

that is positive due to the assumptions on V, F' and A. Thus we obtain the
last statement of the lemma. O

Lemma B.2. Let Qf > 0 and let for t > 0 the scalar derivative o™ satisfy

e oaom ey (QEPCT X (QpCY
QO = 2407 + I = A + S o T L VT (B.3.4)

where V,\,m > 0 and moreover F # 0 and A > 2A + F?/Q° . The solution
O™ has a positive steady state and

Q" > min{Qy, F?/(A —2A4)} t>0.

Proof. Since the dependence Q™ of Q™ is continuous, the existence of a
positive steady state follows from the facts that Q™|gm—¢ > 0 and

hm Qm‘gmzz = —OXQ.
Z—00

The assumption A > 24 + F?/QF follows both A > 24 and QF >

F?/(A — 2A). The term %% is always positive. It allows get the
t
comparison ' '
Q" |gm—z > Qlo=z

for the process Q defined by (B.3.1). Hence Lemma implies that
Qm|gm:F2/(,\—2A) > 0.

Combining this with condition Q' > F?/(A—2A) one has that QP > F?/(A—
2A) for all t > 0.
[l
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McKean—Vlasov It6—Skorohod
equations

This section is about stochastic equation of the McKean—Vlasov type, which
depends on both a stochastic process and its law. The considered case is not
general since it is applied for linear filtering equations with constant diffusion.

Below TI(Z) denotes the space of probability laws on Z. Following the
results of [Gra92] and applying our notation (from Section [2.2), we obtain
the following.

Definition C.1 (|Gra92, Def. 2.1]). Let 0,b,g: RY x TI(R?) — R. An
R™-valued process (Xi)i>o is a solution to the McKean—Viasov stochastic dif-
ferential equation starting at X, if

dX, =0 (X;, P,) dwy + b (X, Py) dt + g (X, Py) AN, (C.0.1)

where P, = Py o Xt is the law of X,.

Despite the fact that it is unclear how to solve such equations, one may
study its approximation given by interacting particles.

Existence and uniqueness conditions are provided by |Gra92, Th. 2.1]
both for the particle system and the nonlinear McKean—Vlasov equation;
the assumptions are the following.

The m-particle system is

dX] =0 (X, S7) dwj + b (X}, S&) dt + g (X}, S) dN] (C.0.2)

where the i-th particle starts at X¢, Wiener process (w');>o and Poisson
process (N})i>o are independent; the empirical measure is

R o
=1

t =
m =
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We wish to know what happens when the number of particles m goes to
infinity. It can be studied in terms of chaocity.

Definition C.2 ([Gra92, eq. (4.4)]). If E is a Polish space, Q is a probability
measure on E, Q™ are symmetrical probability measures on E™, we say that
(Q™) ey s Q-chaotic if for any n €N, f1,..., f, continuous bounded on E,

n

Jim (Q, fi® - ® £, ®1°7) = [[(Q, £)

=1

This means a fixed finite number of coordinates behave in the limit as
if they were independent, of law Q. It is equivalent to the fact that the
sequence of the (random) empirical measures of the m coordinates converges
in law, under the Q™, to (the deterministic) Q; see [Szn91|.

Theorem C.3 ([Gra92, Th. 4.1]). Assume the sequence of the initial laws

for (C.0.2)) is Q-chaotic. Then the sequence (@K>K>1 solving (C.0.2)) is P;-
chaotic, where Py is the McKean measure solving (C.0.1)) starting at Q.
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