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STOCHASTIC SYSTEMS*
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Abstract. This article develops a comprehensive framework for stability analysis of a broad
class of commonly used continuous- and discrete-time filters for stochastic dynamic systems with
nonlinear state dynamics and linear measurements under certain strong assumptions. The class of
filters encompasses the extended and unscented Kalman filters and most other Gaussian assumed
density filters and their numerical integration approximations. The stability results are in the form
of time-uniform mean square bounds and exponential concentration inequalities for the filtering
error. In contrast to existing results, it is not always necessary for the model to be exponentially
stable or fully observed. We review three classes of models that can be rigorously shown to satisfy
the stringent assumptions of the stability theorems. Numerical experiments using synthetic data
validate the derived error bounds.
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1. Introduction. Nonlinear Kalman filters, such as the extended Kalman fil-
ter (EKF), the derivative-free unscented Kalman filter (UKF), and other Gaussian
integration filters, are fundamental tools widely used in estimating a latent time-
evolving state from partial and noisy measurements in, for instance, automatic control,
robotics, and signal processing [44]. These filters are local extensions to the classi-
cal linear Kalman filter for systems with nonlinear state evolution or measurement
equations. Stability properties of the optimal linear Kalman filter are well under-
stood, having been extensively studied since the 1960s in continuous- [12, 21, 6] and
discrete-time [22, 24, 1] settings. However, most systems of interest are nonlinear,
and nonlinear extensions of the Kalman filter inherit no global optimality properties.
Even though these filters tend to provide useful estimates, analyzing their stability is
far from trivial.

This article analyzes stochastic stability, defined as time-uniform boundedness of
the mean square filtering error, of a large class of extensions of the Kalman filter for
systems with nonlinear state dynamics and linear measurements. Our main stabil-
ity results, Theorems 3.1 and 4.2, provide time-uniform mean square filtering error
bounds and related exponential concentration inequalities for a large class of filters.
The theorems significantly extend the recent results by Del Moral, Kurtzmann, and
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Tugaut [19] on the EKF for exponentially stable (i.e., contractive) and fully observed
models. The most important extensions are of three types: (a) we formulate an ap-
parently novel framework that allows for considering a large class of commonly used
filters simultaneously, not just the EKF; (b) we do not require that the model be
exponentially stable or fully observed; and (c) we also cover the discrete-time case. In
practice, generalization (b) is enabled by introduction of a certain assumption on sta-
bility of the filter process. That this assumption is satisfied by some classes of models
not exponentially stable nor fully observed, and thus beyond the scope of applicabil-
ity of [19] even when the EKF is used, is demonstrated in section 5. Even though
the stability assumptions used in this article are extremely restrictive and essentially
amount to stability of the filtering error process, we stress that they are, as far as
we are aware of, the least restrictive among assumptions used in the literature that
permit rigorous a priori assessment of stability. A more detailed presentation of our
contributions is provided in section 1.2.

There are two underlying objectives in this article that are not present in most

previous works:

(i) Our stability analysis is general and unified in that the class of filters it applies
to encompasses most nonlinear Kalman filters commonly used in relatively
low-dimensional applications, such as tracking. Ensemble Kalman filters,
useful in high-dimensional applications, have been recently analyzed in [16,
18).

(ii) We require that stability be rigorously a priori verifiable and the error bounds
a priori computable. This means that it should be possible to conclude that a
filter is stable and compute mean square error bounds before the filter is run.
Accordingly, three classes of models for which this is possible are reviewed in
section 5. These requirements are in contrast to much of the existing literature
where the results rely on opaque and difficult-to-verify assumptions [54, 33]
or no example models are provided that can be rigorously shown to satisfy
the assumptions [37, 38, 31].

The second objective is crucial if stability results are to be applied in practice and is
in some contrast to earlier work where it is occassionally suggested that (a) having
values of certain parameters, as computed when the filter is run, satisfy the bounds or
conditions required for stability allows for concluding that a stochastic filter is stable
(e.g., [37, p. 716] and [53, p. 244]), which is problematic if one is considering stability
in the mean square sense since the conditions are validated only for one particular
trajectory though more acceptable in the deterministic setting [9, p. 566], or that
(b) the true state can be assumed to remain in a compact set (see [37, Theorem
4.1] and [7]). A consequence of this is that we work only with linear measurement
models. However, it should be noted that, out of necessity, many models that have
been previously used in demonstrating stability results have linear measurements; see,
for example, the model examined in [37, 54].

1.1. Previous work and technical aspects. A Kalman filter! or its nonlinear
extension provides, at time ¢ > 0, an online estimate X; constructed out of a poten-
tially partial and noisy measurement sequence {Y;}%_, of the true latent state X; of a
dynamic system. The estimates are typically accompanied with positive-semidefinite
matrices P;, which are estimates of covariances of the estimation errors F; = X; — X;.
These matrices and the associated gain matrices K; are computed from a Riccati-type

ILater on, when we want to refer specifically to continuous-time Kalman filters, we use the term

Kalman—Bucy filter.
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differential equation. Stability of extensions of the Kalman filter for nonlinear systems
can be analyzed either in a deterministic or a stochastic setting. In the former case,
the state dynamics and measurements are noiseless and the positive-semidefinite ma-
trices @ and R, which in the stochastic case would be covariances of Gaussian state
and measurement noise terms, are tuning parameters. The goal is to prove that the
estimation error converges to zero as t — oco. In the stochastic setting it cannot be
expected that the error vanishes, and one instead (for example) attempts to prove
time-uniform upper bounds or concentration inequalities for the mean square estima-
tion error, E(|| E¢|%).

There is a large body of literature on stability properties, in both continuous and
discrete time, of the EKF as a nonlinear observer [39, 29, 11, 40, 41, 32, 34, 9, 4]
and in the stochastic setting [37, 38, 36, 7, 31, 19] and of the UKF and related
filters [54, 55, 50, 52, 53, 33, 27]. However, the majority of these articles attempt
to be too general, which often results in the use of assumptions that are effectively
impossible to verify, especially before the filter is actually run, or in a lack of discussion
on and examples of models for which the assumptions hold. There are two principal
sources of difficulty in the stability analysis of nonlinear filters:

e Time-uniform bounds on P;. Analysis in most of the above articles is similar
to the standard stability analysis for linear models [22, 24] in that use is made of the
Lyapunov function V; = EJ P{lEt or its variants. Once stability results have been
obtained for V;, time-uniform bounds on P, are necessary for concluding stability of
the filter. While in the linear case P; is deterministic and bounds on this matrix fol-
low from results on Riccati equations under certain observability and controllability
conditions, in the nonlinear case the local structure of most Kalman filters, arising
from linearizations of some sort around the estimated trajectory, introduces a depen-
dency of P; on the measurements and estimates. Consequently, the behavior of P; is
difficult, if not impossible, to anticipate and control for most nonlinear models and
filters.

e Model nonlinearity. If the system is nonlinear, stability analysis of a Kalman
filter necessarily involves analyzing nonlinear (stochastic) differential equations. This
is obviously much more involved than analysis of linear differential equations. As
such, the approach taken in many articles is to assume that the error associated to
the linearization method used in a particular nonlinear Kalman filter is “small.” This
allows for deriving a linear differential inequality for the Lyapunov function that can
be easily controlled.

When not outright assumed, boundedness of P; has been addressed essentially
in two ways. If the system is fully observed, that is, dY; = X,dt + R'/2dV;, there
is hope for the Riccati equation to be well behaved despite the fact it depends on
Xt since, essentially, the quadratic correction term in the Riccati equation prevents
X; and P, from drifting indefinitely; see [31, section IV] and [33, section 4] for the
discrete- and [26] for the continuous-time case. Alternatively, one can consider certain
difficult-to-verify nonlinear extensions of the standard observability and controllabil-
ity conditions [3, 37, 38, 32]. Another situation of interest is when the estimates are
explicitly known to remain in a bounded region of the state space, which provides
some control over the estimate-dependent terms in the Riccati equation and limits
the possible values of P;. See, for example, [7], where stochastic stability of the EKF
in a robotics application is considered. Model nonlinearity is often dealt with by
enforcing Lipschitz-type bounds on the remainder related to the particular lineariza-
tion method used [37, 38] or by assuming boundedness of certain residual-correcting
random matrices [54, 53, 33]. However, such assumptions tend to be difficult to verify.
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1.2. Contributions. This article follows the approach taken recently by Del
Moral, Kurtzmann, and Tugaut [19]. They study stochastic stability of the extended
Kalman—Bucy filter by directly considering the squared error HEtHz for which they
derive stochastic differential inequalities that in turn establish time-uniform mean
square error bounds and exponential concentration inequalities. However, the class of
systems they consider is very restricted as they need to assume that the state is fully
observed and the dynamic model, as specified by the drift function, is exponentially
stable (i.e., the deterministic homogeneous differential equation d;x; = f(z;) defined
by the drift f is exponentially stable). In Theorems 3.1 and 4.2 we introduce several
significant generalizations and improvements to the results in [19]:

1. We consider a broad class, defined in section 2, of generic Kalman-type fil-
ters for continuous-time nonlinear systems when the measurements are linear;
see (2.3) for the model. As demonstrated in section 2.5, this class of filters
contains many commonly used filters, including the extended Kalman-Bucy
filter and the more recent Gaussian integration filters such as the unscented
Kalman-Bucy filter [25, 43] and the Gauss—Hermite filter [51, 46]. This uni-
fied framework is exceedingly convenient as every filter does not have to be an-
alyzed individually. There have been prior attempts at establishing a unified
stability analysis [50, 52, 27], but the formulations are somewhat unnatural,
being in terms of certain residual terms that are difficult to control.

2. Unlike in [19], the system is not explicitly required to be exponentially stable
or fully observed. While still very stringent, the assumption we use is satisfied
by a larger class of models (for discussion on the assumptions, see section 3).
Two model and filter classes which do not require exponential stability or full
observability are reviewed in sections 5.2 and 5.3.

3. Although our main focus is on continuous-time systems, section 4 contains
analogous results for the discrete-time case. The discrete case is instructive
in demonstrating rigorously that under appropriate conditions a nonlinear
Kalman filter improves upon the trivial estimator Xy, = Y. This is dis-
cussed in section 4.4.

4. Section 6 contains two numerical examples that demonstrate conservativeness
of the derived mean square error bounds. Unlike in much of the literature
(e.g., [37, section V] and [38, section 5]), we can verify beforehand that the
example models satisfy the stability assumptions.

Although some elements of the proofs are similar to those in [19], inclusion of complete
and self-contained proofs is necessary because our adoption of a general class of filters
introduces modifications, some of the constants involved are different, and also the
discrete case, for which the analysis has not been carried out before, is considered.

2. Nonlinear systems and filtering. This section introduces the continuous-
time stochastic dynamic systems and the class of stochastic Kalman—Bucy filters the
results in section 3 apply to. A number of prominent members of this filter class are
also given. Discrete-time systems and filters are discussed in section 4.

2.1. Logarithmic norms and Lipschitz constants. The smallest and largest
eigenvalues of a symmetric real matrix A are Apin(A4) and Apnax(A4). The log-
arithmic norm p(A) of a square matrix A € R4 is p(A) = IAax(A+ AT),
coinciding with Apax(A) when A is symmetric. We also define the quantity
V(A) = $Amin(A + AT) = —p(—A). Basic results that we repeatedly use are

v(4)||z]” < (2, Az) = & Aw < p(4) |z
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for any x € R? and the “triangle inequalities”

Amax (A + B) < Amax(A4) + Amax(B),  Amin(A + B)
WA+ B) < u(A) + u(B), v(A+ B)

For a positive-semidefinite B, recall also the trace inequality [5, Chapter 8]
(2.1) v(A)tr(B) < tr(AB) < u(A) tr(B)

for any square matrix A and its special case Apin(A) tr(B) < tr(AB) < Amax(A) tr(B)
for a symmetric A. See [47, 42] for detailed reviews of the logarithmic norm.

Let g: R? — R? be differentiable and [J;];; = dg;/dz; its Jacobian matrix. The
Lipschitz constant of g is ||Jg4|| = sup,epa ||Jg(x)||, where the matrix norm is the
norm induced by the Euclidean norm (i.e., the spectral norm). This constant satisfies
llg(z) — gz < |yl ||l —2'|| for any x,2’ € R If ||J,|| < oo, the function g is
Lipschitz. The logarithmic Lipschitz constants of g are

N(g) = zienﬂgd v[Jg(z)] and M(g) = seu]é)d plJg(2)].

These constants satisfy
2 2
(2.2) N(g) [lz = 2’| < (z — a’, g(2) = g(2)) < M(g) ||z — 2

for any x,2” € RY. Note that M(g) < ||J,| [42, Proposition 3.1].

2.2. System description. We consider systems of stochastic differential equa-
tions of the form

(2.3a) dX, = f(X,)dt + QY2 dw;,
(2.3b) dY; = HX, dt + R/?dv;,

where X; € R% is the latent state evolving according to a continuously differentiable
and potentially nonlinear drift f: R% — R% . We assume that the drift is Lipschitz
(i.e., ||J¢|| < 00) and that its Jacobian is bounded in logarithmic norm:

(2.4) —00 < N(f)= inf v[Jp(x)] and M(f)= sup plJs(z)] < .

rcRdz rER

These conditions ensure that the state and the filters defined later in this section
remain almost surely bounded in finite time. The measurements Y; € R% are obtained
linearly through a measurement model matrix H € R%*%  Both the state and
measurements are disturbed by independent multivariate Brownian motions W, € R%
and V; € R% multiplied by positive-definite noise covariance matrices Q € R%*% and
R € R%*dy, The state is initialized from Xo ~ A (ug, Xo) for some mean o € R
and a positive-definite covariance Xy € R *ds

The results of this article remain valid if the time-invariant function f and matri-
ces H, @, and R in (2.3) are replaced with time-varying versions that satisfy appropri-
ate regularity and uniform boundedness conditions. For instance, with a time-varying
drift f; the assumptions (2.4) become

—oo < inf inf w[Jp(z)] and sup sup u[Jy(x)] < .
t>0 xeRix t>0 rcRdz
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Later in Theorem 3.1 the crucial assumption (3.2) would be replaced with

sup M (f; — P;St) < =X <0,
t>T

where S; = H;R; ' H; is a time-varying version of the matrix S in (2.6), and tr(Q)
and tr(S) on the right-hand side of the mean square error bound (3.4) would become
sup,s7 tr(Q¢) and sup,sp tr(S;). We work in the time-invariant setting in order to
keep the notation simpler.

2.3. The extended Kalman—Bucy filter. The extended Kalman—Bucy filter
(EKF) is a classical method for computing estimates X, of the latent state X, of
the system (2.3). The EKF is based on local first-order linearizations around the
estimated states. It is defined by the equations

(2.5a) dX, = f(X;)dt + BHTR™Y(dY, — HX, dt),
(2.5b) P, = Jp(X))P, + P (X)) + Quu — PSP,
where

(2.6) K,=PH'R™' and S=H'R'H,

the former of which are known as Kalman gain matrices. Equation (2.5b) governing
evolution of P, is known as the (nonlinear) Riccati equation. The matrix Qy, is a
positive-definite matrix that does not have to be equal to (), the state noise covariance,
in which case we can speak of tuning this matrix [8]. The rest of this section introduces
a framework for generalized Kalman-type filters similar in structure to the EKF and
amenable to a unified stability analysis.

2.4. A class of generic filters for nonlinear systems. A filter computes a
quantity X, € R% that is used as an estimate of the latent state X;. We consider
generic filters defined as

(2.7) dX; =Lg, p(f)dt+PH R (AY, — HX, dt),

where L, p is a parametrized linear functional, to be discussed in detail below, that
maps functions g: R% — R% to R% and the matrices P, € R% %% are user-specified,
can depend on all the system parameters as well as all preceding measurements and
state estimates, and are measurable with respect to the o-algebra F; = o(Ys,s < t)
generated by the measurements. An assumption that P, is sufficiently regular and
well-behaved and Lipschitzianity in « and P of £, p(f) guarantee the existence of
a unique solution to (2.7). Explicit examples of filters follow in section 2.5. We
initialize the filter (2.7) with a deterministic Xy = # € R% and a positive-definite
Py € R%>d= These do not have to be equal to o or ¥g, respectively, the mean and
covariance of the initial state Xy. In section 3 we will see that, as long as they remain
uniformly bounded, the construction of the matrices P; does not substantially affect
our analysis.
The linear functional £, p is parametrized by 2 € R% and P € R%*% and it is
required that the functional
(i) is Lipschitz (and hence continuous) in the parameters z and P in the sense
that £, p(g) is a Lipschitz function from R x Ré*d= to R for any fixed
Lipschitz function g: R% — R%:
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(ii) satisfies £, p(g) = g(x) for any = and P if g(z) = Az +b for some A € R%=*de
and b € R,
Note that it is not necessary for £, p to depend on P; a prototypical example is the
standard point evaluation functional LF*5(g) = g(w) for any P. Another functional
that is used in this article is the Gaussian integration functional

@) = [ aENG | P

= (277)_(1”/2 det(P)_l/z/
Riz

g(2) exp (- %(2 e x)) dz.

The above requirements on L, p are usually easily verifiable and nonrestrictive.
The following less straightforward assumption is crucial to the stability analysis in
section 3.

Assumption 2.1. For any differentiable g: R% — R with finite N(g) and M(g)
there is a constant C,; > 0, which varies continuously with M (g) and N(g), such that

(z = &,9(z) = La,p(9)) < M(g) |z = Z||* + Cy tx(P)

for any x,# € R% and P € R *d,

Since (z — #,g(z) — g(#)) < M(g) ||z — &|* by (2.2), what the above assump-
tion essentially entails is that £z p(g) cannot deviate too much from ¢(Z) and that
magnitude of their difference is controlled by the size of P.

The class of filters of the form (2.7) that use a linear functional satisfying Assump-
tion 2.1 is very large. It encompasses, for example, the extended Kalman—Bucy filter
and Gaussian assumed density filters and their most popular numerical integration
approximations. Next we review a few such examples, demonstrating in the process
that Assumption 2.1 is indeed reasonable and fairly natural.

2.5. Kalman—Bucy filters for continuous-time nonlinear systems. A
Kalman-Bucy filter for the model (2.3) computes approximations X; and P, the
latter of which is called error covariance in this setting, to the conditional filtering
means and covariances E(X; | ;) and Var(X; | ), respectively. It is usually difficult
to derive tractable expressions for these quantities unless f is affine. A generalized
Kalman—Bucy filter for the model (2.3) is

(2.8a) dX; =Ly, p(f)dt+ PH R (dY; — HX, dt),
(2.8b) P =Ry, p. (/) +Rg, p, (/)T +Qu— PSP,

where the linear functional R, p maps functions to d; x d; matrices. A unique
solution to (2.8b) exists if R, p(f) is Lipschitz in  and P. This holds typically
when the Jacobian of f satisfies ||J¢(z) — Jy(2')|| < L ||z — 2’| for some L < oo and
all z,2' € R%. Examples of commonly used Rz p appear below. As in the case
of the EKF, we call (2.8b) a Riccati equation and @y, is a positive-definite tuning
matrix. As we shall see, proper tuning (in practice, inflation) is often necessary to
induce provable stability of a Kalman—Bucy filter. Next we provide three examples
of classical Kalman-Bucy filters of the form (2.8) that satisfy the assumptions in
section 2.4.

2.5.1. Extended Kalman—Bucy filter. By selecting £, p(g) =
g(z) and R, p(9) = R;%(9) = Jy(z)P we observe that the EKF in

Ly%(9) =
(2.5) is an
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example of a generalized Kalman—Bucy filter. Furthermore, Assumption 2.1 is trivially
satisfied by L35 with Cy = 0 for any function g.

2.5.2. Gaussian assumed density filters. In Gaussian assumed density fil-
ters [23], the point evaluations of the model functions and their Jacobians in the EKF
are replaced with Gaussian expectations with mean X; and variance P;. That is,

(2.9) Lo p(9) =Ly (9) =Ex,p)(9) = /Rdm 9(z)N(z |z, P)dz

and

Rup(9) = RAE(9) = Envio.y (Jg) P = ( [, enG dz)P,

dg
where the integrals are elementwise. Both of the basic properties required of £, p in
section 2 hold. It can be shown that Assumption 2.1 holds with Cy = M(g)—N(g) > 0;
the straightforward proof is presented in Appendix A.

2.5.3. Gaussian integration filters. Gaussian expectations required in imple-
mentation of the Gaussian assumed density filter are typically unavailable in closed
form, necessitating the use of numerical integration formulas. We call such filters
Gaussian integration filters. Popular alternatives include fully symmetric formulas,
such as the ubiquitous unscented transform [25, 43], and tensor-product rules [51, 46].

A Gaussian integration filter replaces the Gaussian expectations occurring in the
Gaussian assumed density filter with numerical cubature approximations

(2.10) Lp(g) = Z wig(z + VPE) =~ Enep)(9),
=1

where £1,...,&, € R% and wy,...,w, € R are user-specified unit sigma-points and
weights, respectively, and /P is some form of symmetric matrix square root of P.
The integral Exr(z,p)(Jg)P in the assumed density filter is replaced with Rs(g) =

S wig(z + VP&)ET VP, which makes use of Stein’s identity

En(e,p)(Jg) P = /]Rdz 9(z)(z — J:)T/\/'(z | z, P)d=.

Obviously, it is not necessary to use the same numerical integration scheme in £}*p and
Ri'p. In Appendix A it is shown that Assumption 2.1 holds with Cy = M (g) — N(g)
if the weights are nonnegative and

(2.11) L3P (p) = Exv(a,p)(P)

whenever p: R* — R is a d,-variate polynomial of total degree at most two. Among
many other filters, (2.11) is satisfied by the aforementioned Kalman-Bucy filters based
on the unscented transform and Gaussian tensor-product rules. Filters that do not
satisfy this assumption include kernel-based Gaussian process cubature filters [45, 35].

2.5.4. On ensemble Kalman—Bucy filters. The ensemble Kalman-Bucy fil-
ter for nonlinear systems (e.g., [48, 16]) is closely related to a Gaussian integration
filter. The ensemble filter uses time-varying empirical estimate operators

n n

Lp(g.0) = -3 06 and REp(9.0) = = S (9(€) — 2)(E — )T,
i=1 i=1
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where the time-varying and random sigma-points &;; obey a differential equation
derived from the model. Without modifications our results do not apply to filters
of this type because L;"p(-,t) does not necessarily satisfy (2.11) for second-degree
polynomials and all ¢ > 0.

3. Stability of Kalman—Bucy filters. The main result, Theorem 3.1, of this
article contains an upper bound on the mean square filtering error and an associated
exponential concentration inequality. Similar exponential concentration inequalities
have previously appeared in [19] for the extended Kalman—Bucy filter and in [18] for
the ensemble Kalman—Bucy filter. See also [20, 6] for work regarding the linear case
and [16] for analysis, somewhat similar to ours, for ensemble Kalman—Bucy filters.

Theorem 3.1 is based on the evolution equation

(3.1) dE; = [f(Xs) = Lg, p,(f) = P.S(X; — X,)]dt+QY*dw, - BHTR™V2aV,

for the filtering error By = Xy — )/(\'t of the generic filter (2.7). This equation is derived
by differentiating F;, inserting the formulae for d X, dY;, and dX, from (2.3) and (2.7)
into the resulting stochastic differential equation, and recalling that S = HTR™'H.
The proof is given in Appendix D. Observe that in the following f — P.S stands for
the function = — f(z) — P,St.

THEOREM 3.1. Consider the generic filter (2.7) for the continuous-time
model (2.3) and let L, p satisfy Assumption 2.1. Suppose that there are positive
constants Ap and X\ and time T > 0 such that sup,>q tr(P;) < Ap and

(3.2) M(f = PS) = sup plJs(z)— PS] <-A<0

zERd

holds for every t > T almost surely. Denote B(8) = (/26 + §). Then there are non-
negative constants Cy (continuously dependent on X\, M(f), N(f), tr(S), and Ap)
and Cp such that, for any t > T and § > 0, we have the exponential concentration
inequality

(33 P

2\

2
B2 > <CT o 2A(t=T) +tr(Q) +2C3\Ap + tr(S)/\p>B(5)1 <o b

and the mean square filtering error bound

0—2A(t=T) +tr(Q) + 2C\Ap + tr(S)Af,.

(4 E(IE) <E(E) =

Several aspects of this theorem and its assumptions are discussed next.
Assumption (3.2). The assumption

sup M(f — P,S) =sup sup u[Js(z) — PS] <0
t>T t>0 zeRde

is a time-uniform condition on contractivity of the filtering error process F;. Indeed,
it is the uniformity of this condition that enables the proof of Theorem 3.1. We are
essentially ignoring any nonlinear couplings between elements of X; that would need
to be exploited were the analysis to be significantly extended and improved; see [20,
section 4] for more discussion. Even if one were to ignore issues with uniformity, the
condition is still an extremely stringent one as it does not necessarily hold even for
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stable Kalman-Bucy filters for linear time-invariant systems. The Kalman-Bucy filter
for the linear system

dX, = AX, dt + QY2 aw,,
dY, = HX, dt + RY?qdV,

is

dX, = AX, dt + RHTR'(dY, — HX, dt),
atPt:APt+PtAT+Q—PtSPt.

Under certain observability and stabilizability conditions [49, 15, 14] the error co-
variance has a limiting steady state: P, — P as t — oo for the solution P of the
algebraic Riccati equation AP + PAT + Q — PSP = 0. Furthermore, the system
0wy = (A — PS)zy (i.e., homogeneous part of the linear filtering error equation)
is exponentially stable in the usual sense that the eigenvalues of the system matrix
are located in the left half-plane: a(A — PS) = max;—1, 4, Re [)\i(A — PS)] < 0.
However, the general inequality linking a(A — PS) and M(A — PS) = u(A — PS) is
in the “wrong” direction [42, equation (1.3)]: a(A — PS) < u(A — PS). That is,
assumption (3.2) need not be satisfied even by stable filters for linear systems. How-
ever, it often occurs that stability or forgetting theorems for nonlinear filters do not
completely cover the linear case; see, for instance, the results in [2, 13].

Error covariance. As here, the uniform boundedness of P; is assumed in almost
every article on the stability of nonlinear Kalman filters (though we discuss in sec-
tion 5 how to verify this assumption). What is less explicit is that in many cases
the assumption (3.2) enforces a lower bound on P; because “negativity” of the term
—P;S may be needed to ensure that M(f — P.S) < 0. This behavior is discussed
in more detail in section 5.2 in the context of covariance inflation. In literature it is
in fact often explicitly assumed that the smallest eigenvalue of P; remains bounded
away from zero (e.g., [38, 54, 53, 31, 33)).

Constant Cy. For the EKF, the constant C) is zero. For Gaussian assumed
density and integration filters it was shown in sections 2.5.2 and 2.5.3 that Cy =
M(g) — N(g). Because M(f — P.S) < —Xand N(f — P.S) > N(f) — tr(S)Ap, these
filters have Cy = =\ — N(f) + tr(S)Ap.

Dimensional dependency. The error bounds of Theorem 3.1 are strongly depen-
dent on the dimensionality of the state space, d,,. The dimensional dependency is most
clearly manifested in the term tr(Q) which grows linearly in d,, if the noise variances
for different dimensions are of the same order. From the examples in section 5 it is
seen that other constants in the bounds behave similarly. For example, in the setting
of Proposition 5.1 we have tr(S) = sd,, for s > 0 and Ap is the sum of traces of two
d, X d; matrices. Note that the implications for the actual estimation error remain
unclear as the bounds of Theorem 3.1 appear to be very conservative (see section 6).

4. Discrete-time models and filters. This section analyzes discrete-time sys-
tems and filters. First, we introduce a class of generic discrete-time filters analogous
to continuous filters defined in section 2 and then provide a discrete-time analogue of
Theorem 3.1. When necessary, we differentiate between the continuous and discrete
cases by reserving k for discrete time-indices and using an additional subscript d for
parameters related to the discrete case.
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4.1. A class of discrete-time filters for nonlinear systems. In discrete
time, we consider systems of the form

(4.1a) Xy, = f(Xp_1) + QY2 W,
(4.1b) Y, = HX: + RV,

where W), € R% and V;, € R% are independent standard Gaussian random vectors.
The drift f is assumed to be Lipschitz (i.e., ||J¢|| = sup,epa. ||J5(2)] < 00). We again
consider a linear functional £, p satisfying the basic properties listed in section 2.
However, Assumption 2.1 needs to be replaced with a slightly modified version.

Assumption 4.1. For any differentiable g: R% — R with finite ||J,|| there is a
constant C; > 0, which varies continuously with ||Jg||, such that

lo(@) = La.p ()" < 1751 Il = 2| + Cy tx(P)

for any points z,# € R% and any P € R%*d,

Again, this assumption says that £z p(g) cannot deviate too much from g(z) since
the standard Lipschitz bound is ||g(z) — ¢(Z)|| < ||Jgll |z — Z||. A generic discrete-
time filter for the system (4.1) produces the state estimates

(4.2) Xp =L (f) + Py H' (HPy— H + R)_l [V, — H£§k717pk71(f):|7

Xp—1,Pr_1

where Py, and Pj;,—; are user-specified positive-definite d, X d, matrices allowed to
depend on the state estimates and measurements up to time k£ — 1.

4.2. Kalman filters for discrete-time nonlinear systems. Like Kalman—
Bucy filters of section 2.5, a Kalman filter for the discrete-time model (4.1) computes
approximations )A(k and Py to the filtering means and covariances E(X} | Y1,...,Y%)
and Var(Xy | Y1,...,Y%). Such a filter consists of the prediction step

(4.3a) )?k\kfl =Lz . p_, ()
(43b) Pk\k—l = R)?k_l’Pk_l(f) + Qtua

where R, p maps functions to positive-semidefinite matrices and @y, is again a po-
tentially tuned version of @), and the update step

(4.4a) Ky = Pop 1 HT (HPy 1 H™ + R) ™,
(4.4b) X = Xpppor + K (Y — HX 1),
(44C) P]c = (I - KkH)PkUcfl-

The matrices K}, are discrete-time versions of the Kalman gain matrices in (2.6). All
standard extensions of the Kalman filter for nonlinear systems fit this framework. For

example, L, p(g) = LESE(g) = g(w) and Ry, p(g) = REE (g) = Jy(2)PJy(2)T yield
the extended Kalman filter while

Lorlo) = £25(0) = [ | o= | @ P a,

Replo) =RIE @) = [ (o)~ L5 @) [00:) — £23(0)] W | .P) s
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correspond to discrete-time Gaussian assumed density filters. Obviously, by replacing
the exact integrals with their numerical approximations we obtain different discrete-
time Gaussian integration filters. For the EKF, Assumption 4.1 holds again with
Cy = 0, whereas arguments similar to those appearing in Appendix A show that
Cy = || Jy]| for the Gaussian assumed density filter and Gaussian integration filters
whose numerical integration rules satisfy the second-degree exactness condition (2.11).

4.3. Stability of discrete-time filters. Discrete-time stability analysis that
follows is based on a nonlinear difference equation for the filtering error Ey = X, — Xx:
By, = f(X5-1) + QWi — X — K (Y — HX 1)
= [(Xi1) = L3, p () = ExH (X, = Xge1) + QV* Wy — Ky RV,
= (I = KpH)[f(Xs1) = L, p_ (D] + T = K H)Q'*Wy — KyR'VVj,.

The full proof is similar to that of Theorem 3.1 and is given in Appendix E.

THEOREM 4.2. Consider the generic discrete-time filter (4.2) for the model (4.1)
and let L, p satisfy Assumption 4.1. Suppose that there are positive constants \b,
b, and Ng such that supys tr(Prjr—1) < A, supgsotr(Py) < Ap,

(4.5) sup [I — KpH|| < Ag<oo and sup|J¢|[[I — KpH| < Agr <1
k>1 k>1

hold almost surely. Denote 3(5) = e(v/20+0) and k = supy>, || Ki|| < M || H[| [|R7].
Then there is a nonnegative constant Cy such that, for any 6 > 0, we have the
exponential concentration inequality

P

Il 2 141 56) (X [Io = ol + [0l ]
(4.6)

1—Agr
and the mean square filtering error bound

N N[tr(Q) + CpAy] + K2 tr(R)'

47)  E(IEl®) < N3 (o — ol + tr(Z0)) -2
df

4.4. Accuracy of measurements. If the measurements are Y, = Xy, —|—R1/2Vk,
one can simply use them as state estimates. For certain regimes of the system pa-
rameters it can be shown that the mean square error bound of Theorem 4.2 is an
improvement over that for such naive state estimators. Consider the discrete-time
system (4.1) and suppose the measurement model is Y, = hXjy + /7Vy for some
positive scalars h and r. Error of the naive estimate X vk = Yi/his

X — XY,I@ =Xy — Yi/h= (Vr/h) Vi,

which is a zero-mean Gaussian random vector with variance r/h?. That is,

~ 2
(4.8) E(|| Xk — Xyl ) = dyr/h*.
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If the assumptions of Theorem 4.2 hold, the mean square bound (4.7) is

Ntr(Q) + CrAS] + K2dyr
1— N3 ’

(4.9) E(|Bxll*) < Nif tr(Po) +

where A\gr < 1 and

h
K= 21;1; |1Kk| = 21;}; Hth|k71(h2Pk|k71 +7l) 1” < m =00
as r — 0o. We observe that the bound (4.9) is smaller than (4.8) if tr(Q) and Cj are
sufficiently small and 7 is sufficiently large. From section 4.2 we recall that Cy = 0
for the EKF and Cy = ||J¢|| for the UKF and its relatives. This result is intuitive: if
there is little process noise but the measurement noise level is high, the filter is able to
produce accurate estimates by following the dynamics. This also demonstrates that
in the setting where Theorem 4.2 is applicable the bounds it yields are sensible.

5. Example models. This section examines three model classes for which cer-
tain Kalman filters satisfy Theorem 3.1 or 4.2, possibly under sufficient covariance
inflation. The models in sections 5.1 and 5.2 are fully observed, by which we mean
that S = H'R™'H = sI for some s > 0. This assumption, though admittedly strong,
is commonly used in analysis of various nonlinear filters [28, 19, 20, 18, 16]. The
model in section 5.3 is fully detected in the sense that the unobserved component is
exponentially stable.

5.1. Contractive dynamics. Stability analysis in [19] was restricted to the ex-
tended Kalman—Bucy filter for fully observed models with a contractive (or uniformly
monotone) drift: M(f) < 0. This section applies Theorem 3.1 to such models. The
main difference to [19] is that the class of filters the analysis applies to is significantly
expanded.

Consider a generalized Kalman-Bucy filter of the form (2.8) and suppose that
there is ¢, such that M(f) < —¢. < 0. This means that the homogeneous system
Oxy = f(x) is exponentially stable: x; — ¢ with an exponential rate as ¢ — oo for
some ¢ € R% . Assume also that the matrix-valued operator R, p in the Riccati
equation (2.8b) satisfies

(5.1) tr[Ra,p(f)] < M(f)tx(P).

As shown in [26], this assumption is natural and satisfied by all Kalman-Bucy filters
discussed in section 2.5. From this assumption it follows that

8t tr Pt = [ <., Pt + RXt P, (f)T] + tr(Qtu) - tI‘(PtSPt)
tr[R

Xf Pf + ,R’)/ft,Pt (f)T] + tr(Qtu)
=20 tr(Fy) + tr(Quu)-

IN I/\

Consequently, by Grénwall’s inequality (see Appendix B), tr(P;) < Ap; < Ap, where

Aps = e 2l tr(Py) + tr(Qu) /(20e) < Ap = tr(Pp) + tr(Quu) /(2£,).

Furthermore, if the model is in addition fully observed,

M(f = P.S) < M(f) + sp(~P;) < ..
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That is, the assumptions of Theorem 3.1 are satisfied for this class of exponentially
stable and fully observed models for any positive-definite Q4.

PROPOSITION 5.1. Consider a generic Kalman—Bucy filter (2.8), defined by L, p
satisfying Assumption 2.1, for the continuous-time model (2.3). Suppose that there
is a positive {. such that M(f) < —f. < 0, S=H"R™'H = sl for some s >
0, and that (5.1) holds. Then Theorem 3.1 holds with T = 0, A = {., and
Ap = tr(Py) + tr(Q)/(2¢).

In particular, under the assumptions of the above proposition and when using the

time-dependent bound Ap, the concentration inequality (3.3) for the EKF takes the
form

T ] e~ 2let ¢ T(tu c 2
I > (o et Dl L@l I
o |n@+ =R s

with probability smaller than e~?. This is, up to some constants, identical to (1.13),
the corresponding result in [19] (note that Del Moral, Kurtzmann, and Tugaut have
Qtn = @) which in our notation and as t — oo is

str(Q)?
1E:))? > (tr(Q) + t;;f)) %Q,w(d) with  w(8) = 4v/2e? (; L6+ \/S>

5.2. Covariance inflation. Intuitively, if the state is observed linearly and “well
enough,” artificial inflation of the error covariance matrix P; should make the filter
more stable (or robust) since this results in less emphasis being placed on the state
dynamics, which mitigates instability due to nonlinearity of the drift. Covariance
inflation, sometimes known in engineering literature as robust tuning, is an important
topic in the study of ensemble Kalman filters [28, 48] and has been suggested also for
stabilizing the discrete-time UKF [54, 53]. It allows for considering models whose drift
is not necessarily contractive, which is a case not covered by current theory in [19].

Suppose that S = sI for some positive s. Then

sup [T (x) = PuS] < M(f) + sp(—Pr) = M(f) = shuin(P2),

zERde

and it is evident that for large enough Ay (F;) this quantity becomes negative as
required in Theorem 3.1. Specifically, Amin(P:) > (M(f) 4+ A)/s is sufficient to ensure
that sup,cpa. pu[J¢(z) — P;S] < —A. This can be achieved using covariance inflation
in Kalman—Bucy filters by choosing a large enough tuned dynamic noise covariance
matrix Q. For simplicity, consider the extended Kalman—Bucy filter. The inversion
formula 9, P, * = — P 1 (9,P,) P! yields the Riccati equation

0P = —P 7 (X)) — J(X) TP+ S — PUlQPTY

for the inverse error covariance. By using arguments similar to those appearing in [26]
we can prove that

—1 \/Amin(Qtu)Amax(S>/dz + N(f)2 - N(f) —pB1t
(5.2) tr(P ) < Nt (Ova) /s +aje”
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for some positive constants a; and fo that depend on the system parameters. Since
tr(P,h) = Z?; Xi(P;)~Y, (5.2) implies the eigenvalue bound

1 > )\min(Qtu)/dx
tr(Pt_l) o \/)\min(Qtu))\max(S)/d;v + N(f)2 - N(f) + Qo e_ﬂQt
for some positive constants as and . As this eigenvalue bound grows as the square

root of Apin(Qtu), the inequality Amin(P;) > (M(f) + A)/s that induces the stability
condition (3.2) is satisfied when Apin(Qty) and ¢ are large enough.

Amin(Pt) Z

5.3. Integrated velocity models. Let h # 0, as,q1,¢2,7 > 0, and a1 be con-
stants and ¢g: R — R a continuously differentiable function such that

(5.3) N(g) = inf ¢'(z) = £, > 0

for a constant /,. Consider the integrated velocity model

12

d[Xt’l} _ |:a1Xt,1 +a2Xt,2:| at+ |0 Da| Vi,
ds

Xi2 —9(Xi2)
aY, = [h 0] X, dt + r/2 AW,

(5.4)

for a two-dimensional state X; = (X1, Xt 2) € R2 of which one-dimensional measure-
ments Y; are obtained. When a; = 0, the state component X; ; can be interpreted as
the position of a target, obtained by integrating its velocity X ». Using only position
measurements we then try to estimate both the position and the velocity.

We now show the extended Kalman-Bucy filter (2.5) for this model satisfies The-
orem 3.1 if there is sufficient covariance inflation. Because

Jp(x) = [%1 _97(2332)} and S = {hzo/’“ 8]

the EKF for the model (5.4) takes the form

S a1 X1 +asXpo P11 Py [h)r { > S
dx, = 1t akez) g ! , Y, — h(a X X } ,
t [ —9(Xt,2) * [Pt,w Proo| | O Y = hla X + e X) dt
op = |™ az Pi11 Piao " Pii1 Pz @ 0
0 —¢'(Xi2)| [Pz Proo P12 Pioa| |aa —g'(Xi2)
4 |G 0] [P Poz] [p?/r O] [P P
0 G2 P12 Piaa 0 0] [Pz P’

where gyu,1 and g2 are elements of the diagonal tuned noise covariance Q. Differ-
ential equations for the three distinct elements of P ;; are

O P11 = 201 P11 + Qo1 — SPt%ll + 2a2P; 12,
P2 = [a1 — g'(Xe2) — sPya1| Praz + az P22,
O Pio2 = —29'(Xi2)Pro2 + Geu2 — sP -

From (5.3) it follows that 0,P; 20 < —20,P; 22 + qgu 2, Which yields the upper bound
Pt722 < e~ 2yt P0,22+q1;u,2/(2€g) = CQQ(t). SuppOSG that P0,12 > 0. Since (IQPtQQ > 0,
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we have P, 12 > 0 for every t > 0. Thus 8, Py 11 > 2a1 P11 + gyu — sP2;, and from
this it can be established that [26, Lemma 3]

2\1/2
a + (sqm,l + al) / - e Pt

P>
s

for some positive constants «v; and 3. It follows that
ayp — g’(x) — SPt711 S ayp — fg — 3Pt,11 S a); — €g — (sqml + a%)l/Q + saq eiﬁlt.

That is, for every 0 < A2 < £y + (Sqpu1 + a3)/? there are qtu,1 and a time-horizon
T),, such that

(55) a] — g/(ﬂl‘) — SPt’H <a; — €g — SPt,u < —=XA2<0

when t > T),,. Thus 0; P12 < —A12 Py 194+a2P; 20 < — A2 Py 12+a2Ca(t) for t > T,
implying that there is a time-uniform upper bound C'3 on P, 12. From this we obtain
an upper bound for P 11:

OrPi11 =201 P11 + Gru1 — SPt%11 +2a2P; 12 < 2a1 P11 — SPtQ,u + qtu,1 + 2a2C12
implies that

a1 + (8(qeu1 + 2a2C12) + a2)l/?
s

Bat

P11 < +oage”

for some positive constants as and . Since both diagonal elements P, ;; and P; 2o
are bounded, we have thus obtained an upper bound on tr(F;).
Finally, to show that Theorem 3.1 is applicable, we need to prove that the matrix

A= (Jf(x) - PtS)sym = {01 ~sha a2 } = [2((11 —sP11) a2 —sPa2
sym

—5P; 10 —g’(x) az — sP; 12 —29/(55)

is negative-definite for every « € R and large enough t. Eigenvalues of this matrix are

%(tr(A) & \/ir(A —4det(d) ).

Having previously selected gt,,1 and T),, such that

1
3 tr(A) = a1 — ¢'(z) — sP11 < —Ai2 <0,

the larger of the eigenvalues is negative since /tr(A)2 — 4det(A4) < [tr(A)|. We have
thus proved that error covariance inflation can be used to induce provable stability of
the extended Kalman-Bucy filter for the integrated velocity model (5.4).

6. Numerical examples. This section contains numerical examples that vali-
date the mean square error bound of Theorem 3.1 for the extended and unscented
Kalman—Bucy filters applied to two toy models.

6.1. Contractive dynamics. In this example we consider the EKF and the
UKF for the fully observed model

dXt = f(Xt) dt + th,

6.1
(6.1) dY, = X, dt + V8dV;,
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that is initialized from Xq ~ N(0,1072) and is specified by the drift function

1
—XI3 (1 + m) - 33?1
f(.T)— —T1 — T — I3
2efmf7z§ _

i T — 223

We compute N(f) =~ —4.5046 and M (f) ~ —0.5947. Hence the model is exponentially
stable and the assumptions of Proposition 5.1 are satisfied with ¢, = —M(f). For a
generic Kalman-Bucy filter, this proposition yields the bound (when Q, = Q)

tr(Py) < Ap = tr(Py) + tr(Q)/(2¢.) =~ 2.552.
We use the initialization X = E(X) = 0. The mean square bound of Theorem 3.1 is

+2C\Ap + tr(S)A?:)

62) E(]|X, - thz) < tr(Py) e 2N +tr(Q) o7 )

where Cy = 0 for the EKF and C\ = M(f) — N(f) + tr(S)Ap =~ 4.867 for the UKF
(see section 3). Note that this is merely a shortcoming of the proof technique we have
used rather than a manifestation of greater accuracy of the EKF.

Figure 1 depicts the theoretical upper bounds on E(||X; — )?tHQ) for the EKF
and the UKF and the empirical mean square error based on 1,000 state and mea-
surement trajectory realizations. The results were obtained using Euler-Maruyama
discretization with step-size 0.01. It is evident that the theoretical bounds are valid
and somewhat conservative, which is quite typical in stability theory of nonlinear
Kalman filters (see, e.g., numerical examples in [37, 38]).

6.2. Integrated velocity model. We now validate the theoretical bounds ob-
tained in section 3 on the integrated velocity model discussed in section 5.3. Consider

Filtering MSEs (contractive model)

30
UKF (theoretical)
20
€2
0
=
10
EKF (theoretical)
EKF & UKF (empirical)
0

0 1 2 3 4 5 6 7 8 9 10
t

Fia. 1. Empirical mean square filtering errors based on 1,000 state and measurement trajec-
tory realizations and the theoretical error bounds (6.2) for the EKF and the UKF applied to the
model (6.1). Time-averaged empirical mean square errors are 1.058 (EKF) and 1.128 (UKF).
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Filtering MSEs (integrated velocity model)

1
0.8 EKF (theoretical)
= 0.6
= 0.4
0.2 EKF (empirical)
0=
0 1 2 3 4 5 6 7 8 9 10

Fi1G. 2. Empirical mean square filtering errors based on 1,000 state and measurement trajectory
realizations and the limiting theoretical error bound for the EKF applied to an integrated velocity
model.

the EKF for the integrated velocity model (5.4) with the parameters a; = 0, as = 1,
g =q2=0.05 h=1,7r=0.05 Xg =0, uypo =0, Py =0.011, and

sin x (22 +x)cosx — (x
= 14+ —" / =1
g() x< + 1 +x2>’ g'(z) + (1+2)2

2 _1)sinz

The maximum and minimum of ¢’ are sup,cp ¢'(x) ~ 1.581 and inf,cr ¢'(z) ~ 0.419.
That is, g satisfies (5.3) with £, = 0.419. Based on the derivations in section 5.3 we
are able to compute that tr(P;) < Ap ~ 0.173 for all sufficiently large ¢. Because
a; = 0, no covariance inflation is needed for (5.5) to hold. In this particular case, the
value A = 0.5478 can be used in Theorem 3.1.

Figure 2 depicts the limiting (i.e., all exponentially decaying terms are disre-
garded) theoretical mean square filtering error bound for the EKF thus obtained and
the empirical mean square error based on 1,000 state and measurement trajectory
realizations. Again, Euler-Maruyama discretization with step-size 0.01 was used.

7. Conclusions and discussion. In this article we have shown that large
classes of generic filters for both continuous and discrete-time systems with nonlinear
state dynamics and linear measurements are stable in the sense of time-uniformly
bounded mean square filtering error if certain stringent conditions on boundedness of
error covariance matrices and the filtering error process are met. The analysis extends
the previous work [19] for the extended Kalman—Bucy filter and fully observed and
exponentially stable state models. Our main contributions have been generalizations
to models that need not be fully observed or exponentially stable and to a large class
of commonly used extensions of the Kalman—-Bucy or Kalman filter to nonlinear sys-
tems, such as Gaussian assumed density filters and their numerical approximation,
including the unscented Kalman filter. In section 5, we have also presented three
different classes of models and filters that satisfy the stability assumptions. This is in
stark contrast to earlier work for, for example, the UKF that has relied on unverifiable
assumptions on certain auxiliary random matrices [54].

The results rely on admittedly very strong conditions on the filtering error process.
These conditions cannot be significantly relaxed unless a more sophisticated proof
technique is devised as the technique we have used essentially neglects potential non-
linear couplings of state components. It appears to us that no such technique exists
at the moment. The only nontrivial and interesting extensions that we believe are
possible are to fully detected systems, essentially generalizations of the integrated
velocity model we considered in section 5.3, where not all state components need to
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be (fully) observed, but those that are not must be exponentially stable so that their
effect on observed components is small.

Appendix A. Gaussian assumed density and integration filters. This
appendix proves that the Gaussian assumed density and integration filters defined in
sections 2.5.2 and 2.5.3 satisfy Assumption 2.1.

For the Gaussian assumed density filter the functional £355 is defined in (2.9).

For any differentiable g: R% — R% we have
(z—7,9(x) - L35 (9))
= (z = Z,9(x) — Exz.p)(9))

_ Rdm<(x —2)+ (2= 3),g(z) — 9(2)) N (2 | &, P) dz

= (z—z,g(x) —g(2))N(z | &, P)dz — /}Rdm (z—2,9(2)) N(z | &, P)dz.

Rz

The first term can be bounded as

/Rdw (x—z,9(x) —g(2)) N(z | 7, P)dz

< M(g) / |z — 2|2 N(z | # P)dz
Rdz

:M(g)(/ﬂ{dm (||z-j||2+||:r—j||2),/\f(z|:E,P)dz>
= M(g)[llz — &|* + tr(P)],

whereas the second has the bound

- <z —:%,g(z)>./\/(z | Z,P)dz = _/Rdm <Z—53,g(z) —g(i)>/\/(z | z, P)dz

Rda
<N [ = al N 5.P) s
= —N(g) tr(P).

These estimates show that Assumption 2.1 holds with C;; = M (g) — N(g) > 0.

For the Gaussian integration filter the functional L}y is defined in (2.10).
That (2.11) holds for any polynomial of total degree up to two implies that >, w; =
Land >0, w; VP& = 0 since £;‘fp(1) = Lpr(z,p)(1) =1 and Lirp (P) = Ena,p)(p) =
0 for p(z) = z — z. Under these assumptions we can proceed as above:

<x —Z,9(z) — ﬁg‘fP(g» = <x —Z,g(x) — iwqg(f + \/Ffv)>
- zn:w<x — (&+ VP&) + VP&, g(x) — g(& + \/73&)>
= iwz<<m - (56 + \/13&)79(35) - 9(93 + \/]351)>

+ (VPei,g(x) — g + ﬁ)&)}).
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Hence

n

(x—Z,9(x) — Lay,p(g)) < M(g) szHI — (2 + VP&)

i=1

+ iwi<\/ﬁ&,g(x) —g(7+ x/ng)>.
=1

I

The first term is a sigma-point approximation of a quadratic function. Using (2.11)
and proceeding again as in section 2.5.2,

n

Zwinf(iJr\/ﬁ@;)Hz:/ |z —z||* N(z | & P)dz = |z — || + t=(P).

dy
i=1 Rete

To bound the second term, notice that

n

> wil VP, g(2) - 9@ + VPE))

i=1

—Zw{x — (@ +VP&),9(@) - (3 +VPE) )

IA

~N(g) Y |IVPe||
1=1

— —N(g) tx(P)

by exactness of £3'p for quadratic polynomials. Assumption 2.1 thus holds with the
constant Cy = M(g) — N(g).

Appendix B. Gronwall’s inequalities. Classical Gronwall inequalities are a
basic ingredients in our proofs.

Continuous version. Suppose that ; is a continuous real-valued function of t € R
and x; is continuously differentiable on R, and satisfies Oyzy < axy + B¢, t > 0, for
some constant c. Then Gronwall’s inequality states that

t
(B.1) z < 1o eat+/ e B, ds
0

for every t > 0. If 5; = 38, (B.1) reduces to
(B.2) ry < zge* —(1 —e*)3/a.

The form of (B.2) that we need the most is the one where 8y = > 0 and « = —y
for v > 0. Then the inequality takes the form z; < zge 7" +3/7.

Discrete version. Let 0 < a <1 and f > 0 and suppose that x > 0 satisfy
the difference inequality zp < axgp_1 + 8 for & > 1. Then the discrete Gronwall’s
inequality states that

k-1 3
(B.3) zr < oFzo+ B Z a" < afry+ T—a
n=0

Appendix C. Bernstein’s concentration inequality. In contrast to Del
Moral, Kurtzmann, and Tugaut [19], who base their exponential concentration in-
equality for the EKF on the concentration inequality appearing in Proposition 11.6.6
of [17], we use a version of the classical Bernstein inequality.
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THEOREM C.1 (Bernstein’s inequality). Let X be a nonnegative random vari-
able. Suppose that there is a > 0 such that E(X™) < n™a™ for every integer n > 2.
Then

(C.1) P[X >ae(V20+0)] <e™®

for any 6 > 0.
Proof. By the standard Stirling bound,

|

n! !
(ea)”

3

3
3
S

for every n > 2. The “standard” version of Bernstein’s inequality (e.g., [10, Theorem
2.10]) posits that E(X?) < 0 < co and E(X") < %642 for some o > 0 and v > 0

and every n > 3 imply P[X > V205 + 6] < e for any § > 0. Thus, setting 7 = e«
and o = 72 produces the claim. 0

The concentration inequality used in [19, equation (3.6)] is based on the same
moment bounds E(X"™) < n"™a™ but states instead that

p{x>0\‘/°;<;+¢5+5>} <ed

for any § > 0. Since

P[X > ae (V25 +4)] P{Xzoz\/ﬁe (\/S+ \25)}

and v2e < e? /v/2, the inequality (C.1) is the tighter of the two for every § > 0.

LEMMA C.2. Let X ~ N(m, P) be a d-dimensional Gaussian random vector with
a positive-semidefinite covariance P. Then

E(|X|*")Y™ < 4([ml* + | P|| [d + 2]n)
for every n € N. If m = 0, the inequality is
E(|X|*")™ < ||P| (d+ 2)n.
Proof. We know that X = m + P'/2U for a standard normal U € R%. Therefore

E(|X[1*") = E([ |m] + | PV2U|]*") < 22~ (|m|*" + E[(UTPU)"])
< 22 L(|lm®™ + | PI"E(IU "),

where E(||U[|*") is the nth moment around zero of the chi-squared distribution with
degrees of freedom d. That is,

IE(HU||2") =dx---xd+2n—-1)<(d+2(n—-1)" < (d+2)"n".

The inequality (a + b)*/™ < a'/™ + b'/" for any a,b > 0 yields the first claim. The
second claim follows from E(|| X |*") = E([UTPU]") if X is zero-mean. d
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Appendix D. Proof of Theorem 3.1. This appendix contains the com-
plete proof of Theorem 3.1. We begin with a proposition providing bounds for func-
tions satisfying certain differential inequalities. This proposition is a modification of
Gronwall’s inequalities (B.1) and (B.2) and appears also in [19, Appendix A.2].

PRrROPOSITION D.1. Let a # 0 and 8 > 0 be constants and n a positive inte-

ger. Suppose that a nonnegative and differentiable function x; satisfies the differential

inequality Oyxy < anxy + ,Bani_l/n fort >tg. Then

:z:z/n < a:ig/” e (t=to) +%(ea(t7t°) 71).

Proof. For t > tg, the function z, = e~*"(t=%0) 1, > ( satisfies

Op2 = _anefan(tfto) T+ efan(tfto) Opry < nQB efom(tfto) wi—l/n

— _ 1-1
_ ﬂn2e a(t—to) z /n

Consequently, for ¢ > tg, 8tzt1/n = nilztl/n_lﬁtzt < Bne~2(t=t0) and direct integra-
tion yields

t

o/ <t Bn/ e M0 g5 = /" @(1 — emalt=to)),
to e

The claim is obtained by observing that xi/" = ea(t—to) ztl/". 0

Proof of Theorem 3.1. Application of 1td’s lemma to (3.1) yields

A B = dM; + [tr(Q) + tr(SP?)] dt
+2(f(X1) = Lg, p,(f) = PS(X; — X4), Xy — Xy dt,

where
dM; = 2(QY?dW, — PLHTR Y2 dV,, X; — X;)

is a zero-mean (local) martingale. Keeping in mind that L3 , (A) = AX, for any
A € RE=*dz e write

f(Xe) =Lz, p,(f) = PS(Xe — Xi) = f(X;) — PiSX; — Lg, p (f—PS)
and apply Assumption 2.1 to the function ¢ = f — P.S with x = X; and & = )?t,
. ~ ~ 2
(f(Xy)— L, p(f) = PS(Xe — Xy), Xo — X)) <=M|Xe — Xo| + Crtx(P),
where C > 0 is finite because M (f — P,S) < —\ and

N(f = PS) 2 N(f) +v(=P.S) = N(f) = i(F:S) = N(f) = [| ][ ]| S]]
Z N(f) — ’EI‘(S))\]:)7

which is finite by (2.4) and the assumption sup,sqtr(P;) < Ap. For ¢t > T, the
assumption (3.2), together with (2.2), produces the almost sure bound

d||E|* < —2X || E))? dt + wdt + dM,
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where v = tr(Q) + 2C\Ap + tr(S)\%. Taking expectations and using Gronwall’s
inequality then yield the claimed mean square bound

(D.1) E(I|E:*) < E(IEr|*) e u/(2)),

with E(||Ez||?) being finite due to finiteness of N(f) and M(f). This concludes the
proof of (3.4).

To prove the exponential concentration inequality (3.3) we compute upper bounds
on E(||E,||*") for every n > 1 in order to use Theorem C.1. First, note that for
0 <t < T we have the inequality d||E||* < 2p || E¢||” dt + wdt + dM;, where

p=M(f)+Sllte(P) = M(f) + p(=FS) = M(f = B.S).
In the following we can assume that p > 0, for if it were negative we could set —\ = p
and T' = 0. Let « stand for either —\ or p. Observe that (M),, the quadratic variation
of M; (the increasing process such that M? — (M), is a martingale), satisfies

(M), < 4| E|]? [tr(Q) + tr(SP?)] dt < 4| E,||* udt.

For n > 2, the above inequality, the identity d(||E|*); = d(M),, and the general form
of It6’s lemma then produce

n 2(n—1 2, n(n—1) 2(n—2 2
B = n | B0 AIE + = B (I E))
2(n—1 2 n(n—-1) 2(n—2
= | BV A B+ = BT a(),
< 2yn || Ey||*" dt + 2un? | E 2"V dt + n || B2V dA,.
Induction establishes that E(||£,]|*") does not explode in finite time. Thus the term
HEtH2(n71) dM; vanishes when expectations are taken (see, e.g., [30, section 4.5] for

similar arguments). Using Holder’s inequality with p = n/(n — 1), we get

OE(IE]™) < 2ymE(|| Eil|*") + 2un® E(|| B, ~V)
< 2ynE(|| Eil|*") + 2un’E(|| Ei||*") /™.

We can now apply Proposition D.1 with z, = || E,||*" and 8 = u. Setting @ = 2p and
to = 0 and considering ¢ < T', we obtain

2ny1/n W1/ UT
BB < [BE| )" + 5] 7.

Recall that Xo ~ N (p0,%0) and X, = & is deterministic. Thus Ey ~ N (o — 20, X0)
so that Lemma C.2 gives

n ~ un
E(HET||2 )1/7L S |:4( H//[/O — :](,'0”2 + ||P0|| [dw + 2]774) + 2p:| QQI)T
<4

~ un
[mo ~doll® + | Poll (de +2) + Sp] T,

=:Cr
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This provides a bound on the initial value for the case a« = =2\, tg =T, and t > T
in Proposition D.1:

n n n n _— _ un _ _ u
E(|B[I*")/" < B(|1Br|*")M/" e 2D 4 22 < (OTe o T”m)"'

That is,

B(IE™) < (Cre D u/(23)) .

The claimed exponential concentration inequality follows by applying Bernstein’s in-
equality of Theorem C.1 to X = || E||* with a = Cr e 2X=T) 4 /(2)). O

Appendix E. Proof of Theorem 4.2.
Proof of Theorem 4.2. Norm of the filtering error is
T
1B ]® = [F(Xk-1) = Lz, , p ()] (I = KpH)T
x (I = KpH) [f(Xk-1) = Lg, | p._, ()]
T
+2[f(Xp1) = Lg,_, p,(N] (I - KeH)T
x [(I = K H)QY?W), — K, RY?V; ]
+ [(I - K H)QV?Wy, — KxRV2Vi] T [(I — K H)QY?Wy, — K RV?Vy].

We immediately obtain
= sup Kkl = || Prjp—1H" (HPye—1H' + R)™| < Ap | H|| | R

Using Assumption 4.1 and (4.5), we get the recursive filtering error bound
(1) BRIl < N 11 Ex—a]” + CpNGAE + |Unl® + 20,

where C' is the constant of Assumption 4.1 for the function f and the random vari-
ables

U, = (I — K H)QY?*W), — K, RY?V,
and
T T
My = [f(Xx1) = Lz, p_,(N)] (I = KeH)'U

are zero-mean because Wy and V) are independent of X 1, Xp_1, Px_1, and K.
Because

(E.2) E(||Ux]]?) < ug = A2 tx(Q) + 12 tr(R),
we have

E(IE*) < NGE(I B |®) + wa + CrAGNp-
The discrete Gronwall’s inequality (B.3) then produces

Uq + Cf/\ﬁ)\%
1= N5

Uq + Cf)\%)\}é

E(|Bx|*) < AFE(I Eol®)+ T2
dr

= N3 (Ilpo — i’0||2+tr(20))+
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which is the mean square bound (4.7). Here we have used E(||X|*) = tx(P) + ||m|?,
which holds for any Gaussian random vector X ~ N(m, P).

To obtain the concentration inequality (4.6), we bound E(||E[|*™) for every n > 1
and use Bernstein’s inequality. The random variable M) admits the bound

My, < (Aa [ Bxall +0) U]l with 5= Xa(CpAB)1 2.
Inequality (E.1) gives
2n 2 2 n
E(||Ex™") < E[(Nof 1B [I” + 1UL[I° +2My +n*)"]

and consequently Minkowski’s inequality yields

n 1
E(|Exl*™) ™ < B[N | Ex-1l® + (Ul + 20, +72)"]"

(E.3)
< NHE(|Ex—1 ™)™ + E(UR )™)Y + 2E(M)™ 40,

By Lemma C.2 and (E.2), E(|Us|*")Y™ < (dy + 2)nug, and by Minkowski’s and
Hoélder’s inequalities,

n 1/n
E(MP)'™ < B(|U™) Y E(ar | Exall + ")

<E(IUN")Y™ B B ™)™ + 1)
< BTl )Y ) [ B By )2 4]

<V (dy + 2)nug [)\de(HEkAHQn)l/(%) +1).

Inserting these bounds into (E.3) and recognizing that the result can be bounded by
a sum of two quadratic terms produces

E(|Ex|*")" ™ < AgE(| Br—al|*")"/ ™ + 2/(dy + 2)mua + 1.

Then the discrete Gronwall’s inequality and Lemma C.2 yield

21/ (2 2n 2y/(dy + 2)nug +n
E(|Ex|*™) Y ™ < ASE(| Eol*™)Y/ @™ +

1—DAgr
) 2¢/(ds + 2)nug +n
< (2)‘]§f [ o — ol + 120l v/(ds + 2)71} + : 1- )?df

. Uq +1
< 2Ny [0 = ol + 150l + YLD ) /G,

This proves that

2n
n n - ud+77 n,n
B < 2 (M (o = ol + 150l * ] + YD) + 2,

The claim follows from Bernstein’s inequality with X = || E||* and

2
. 1/2 Ud+77
a:4(x;f[||uo—xo+||zo|| / }+Q) : -
af
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