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CONVERGENCE OF PARTICLE FILTERING METHOD FOR
NONLINEAR ESTIMATION OF VORTEX DYNAMICS

SIVAGURU S. SRITHARAN* AND MENG XU

ABSTRACT. In this paper we formulate a numerical approximation method
for the nonlinear filtering of vortex dynamics subject to noise using particle
filter method. We prove the convergence of this scheme allowing the obser-
vation vector to be unbounded.

1. Introduction

Nonlinear estimation of turbulence and vortical structures has many applica-
tions in engineering and in geophysical sciences. In [24], [49], [50] and [51], math-
ematical foundation of nonlinear filtering methods was developed for viscous flow
and for reacting and diffusing systems. The current work is in part an effort to
contribute towards concrete computational methods to solve the nonlinear filter-
ing equations derived in the above papers. We will however focus our attention on
much simpler fluid dynamic models in terms of point vortices, which nevertheless
contain significant physical attributes of fluid mechanics.

The particle filter method is a generalization of the traditional Monte-Carlo
method and is often called the sequential Monte-Carlo method. The difference
with Monte-Carlo method is the presence of an additional correction procedure
applied at regular time intervals to the system of particles. At the correction
time, each particle is replaced by a random number of particles. This amounts
to particles branching into a random number of offsprings. The general principle
is that particles with small weights have no offspring, and particles with large
weights are replaced by several offsprings.

As a numerical method for nonlinear filtering problem, particle filter can be used
to approximate general stochastic differential equations. In recent years, different
variations of it have been studied, such as particle filter with occasional sampling
[12], particle filter with variance reduction [13], branching particle filter [14], [15]
and regularized particle filter [16], [34], most of which are applicable in discrete
time setting and have been implemented computationally. In this paper, we will
work in the continuous time setting and study the continuous time particle filter.
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Our focus will be on the convergence of particle filter method applied to non-
linear filtering problem for stochastic diffusion. A. Bain and D. Crisan [4] proved
convergence of this method for uniformly bounded observation process h. We ex-
tend their result by allowing h to have linear growth and h as a function of the
signal to have an upper bound f(t) as a L? function.

To understand how particle filter method can be formulated in our problem, we
first introduce some background on nonlinear filtering.

We begin with a complete probability space (€2, F, P) on which our stochastic
process will be defined. Consider the stochastic differential equation for the signal
process X;

dXt = f(Xt)dt + U(Xt)th, (11)

where f : R" — R™ and o : R"” — R"*™, called the drift coefficient and diffusion

coefficient respectively. W = (W? )7_1 is the n-dimensional Brownian motion. X;

which solves equation (1.1) is the n-dimensional signal process.

Denoting the filtration generated by {Xs,s < t} as F;, we can define the fil-
tered probability space (Q, F;, F, P).

The observation process Y satisfies

where Y = (Y;)", and h = (h;)*, : R® = R™ with m < n. B is a standard
m-dimensional Brownian motion independent of W.

The nonlinear filtering problem is to calculate the following conditional expec-
tation

mi () = Elp(Xe) V4], (1.3)

where ); is the o-algebra generated by the back measurements Y;,0 < s < ¢. In
fact one can prove that (1.3) is the least square estimate for ¢(X;) given V. m(p)
satisfies a nonlinear stochastic differential equation, called the Fujisaki-Kallianpur-
Kunita [FKK] equation [19]. The idea then is to use Girsanov theorem to ana-
lyze pi(p), the unnormalized conditional density, which is related to m(¢) by
Kallianpur-Striebel formula and satisfies a linear stochastic differential equation.

Theorem 1.1 (Girsanov Theorem[38]). Assume that ¥(-) is a R™-valued F;-

predictable process such that
T
E(/ w(s)|2ds) < 00, (1.4)
0

p(ean( [ S u(Taw(s) - & / ' vo)las) ) =1 (15)

and
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Then the process
t
7/ Y(s)ds, t€][0,T] (1.6)
0

is a m-dimensional Brownian motion with respect to {F;}i>0 on the probability
space (2, F, P) where

~ T 1 (T
dP(w) = exp(/ Y(s)TdW (s) — 5/ |w(s)|2ds> dP(w). (1.7)
0 0
Here | -| denotes the standard Euclidean norm.

Let us also recall a result on moment estimate for X; from I.I. Gihman and A.V.
Skorohod [20].

Lemma 1.2. Assume Lipschitz and growth conditions for the coefficients f and
o. Let the initial data satisfy E|Xo|*? < co. Then for any 0 <t < T, the solution
X: of (1) will possess finite moments up to and including 2n-order, i.e.

E[|X*) < o0, for any d=1,2,--- n. (1.8)

Assume h is globally Lipschitz, non-negative and satisfies linear growth condi-
tion:

|h(z)]? < C(1+|z[*), VzeR™ C>0. (1.9)
Lemma 1.2 and growth rate (1.9) imply:
/|h |2ds<CE/ |X(s)|?ds +Ct < 0o, for 0<t<oo.  (1.10)
Define
Zs —exp(/ h(X)TdW, — f/ [h(Xs)] ds) (1.11)
Girsanov theorem holds if one can also show that E[Z;] = 1 for all ¢ > 0 and a

well-known sufficient condition is the Novikov condition:

Elexp(= / |h(X,)[2ds)] . (1.12)

However, the Novikov condition is usually difficult to check unless function A is
bounded.

For unbounded h of the type in (1.9), we use a truncation function approach by
B. Ferrairo [18] to obtain E[Z;] = 1.

In that paper the truncation function x~ was introduced as follows:

1 if h(v 2ds <N
=Ll (113)
0 0therw1se

Novikov condition

Elexp(= / Y (X0 )h(X,) Pds)] < (1.14)

is obviously satisfied. Hence, for any N =1,2,---,
E[zN =1, (1.15)
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where

2 = e [ omeegTaw. - 3 [ omoras). o

To prove E[Z;] = 1, we consider

E[Z] = Ei' (X0 2] + El(1 - xi¥ (X4)) 2]

(1.17)
= Elx;' (X4)Z) + P{x{" (X¢) = 0}.
Hence by monotone convergence theorem,
lim Elx;" (X;)Z] = E[Z]. (1.18)
N—oo
On the other hand,
t
A}im PN X)) =0} = Nlim P{/ |h(Xs)|?ds > N} =0, (1.19)
—00 —00 0

by (1.10) and Chebyshev inequality. Thus E[Z;] = 1 and Z; is an exponential

martingale. By Girsanov theorem, there exists a new probability P such that
dp
— = 7. 1.20
Tz (1.20)

It can be shown that under P, Y is a Brownian motion independent of X.
Denote by E the expectation under the new probability measure P and define
Define

~ t 1t
Zy = exp (/ h(XS)TdYS - 5/ |h(XS)|2ds>. (1.21)
0 0
The Kallianpur-Striebel formula [27] gives

()
Pt(l) ’

where py(p) = E[@o(X;)Z|Y,] is called the unnormalized conditional distribution
of X. One can prove that p; satisfies the following evolution equation, called the
Zakai equation:

m(p) = (1.22)

t t
plo) = (o) + [ p(Aodds+ [ p (7)Y, P as (1.23)
0 0
Here ¢ € D(A) and h” denotes the transpose of h.

The structure of this paper is as follows: In section 2 we introduce the vortex
model in terms of certain regularized kernels. In section 3 we consider the associ-
ated nonlinear filtering problem and prove uniqueness of measure valued solution
to the Zakai equation. In section 4, an exposition of particle filtering is given. We
prove the main convergence result in section 5, allowing for unboundedness in the
observation process h.
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2. Vortex method and stochastic vortex model

The equation of motion for interacting point vortices was first introduced by
H. Helmholtz in a seminal paper published in 1858, in which he elucidated many
properties. The standard vortex method in two dimensions was developed by L.
Rosenhead [45], who approximated the motion of a two-dimensional vortex sheet
by evolving in time the positions of point vortices(see for example: R. Krasny [30]
and [31]). In this section, we will introduce the point vortex method and formulate
the stochastic vortex model.

The Euler equations for vorticity-velocity field in two dimensions are as follows:

8—“’+u-wzo, in R? xRy,
ot
W($,O) :C‘JO(x)a xeRZa
V-u(z,t) =0, in R? xRy, (2.1)

V xu(z,t) = w(x,t), in R?x Ry,
lu(z,t)] = u(t) as |z|] — o0, te€RL.

Let us formulate the point vortex approximation.

The velocity u is coupled through relations V-u = 0 and V x u = w, which
imply

Au= -V Xw. (2.2)
Let G be the Green’s function for the Laplacian operator in two dimensions and
by K the rotational counterpart V x G, so that

1 _
G(z) = —5log(lz]), K(z) = (2n|z?) " (—zg, 1) (2.3)
The Boit-Savart law can be written as

u=u,+ K*xw. (2.4)

An approximation of Biot-Savart law obtained by removing the singularity of K,
which makes the equation (2.3) to have very large value when two point vortices
approach each other. In R. Krasny’s calculation, a small positive constant is added
to prevent the denominator in K from vanishing. Another approach is to replace
K by a mollification K in the following way.

Introduce a smooth cutoff function ¢ such that [ ((z)dxz = 1. Define

C(z) = e—%(f), for ¢ > 0. (2.5)

Set K. = K (., then
d;ti = (s, 1), (2.6)
u=K. xw. (2.7)

Above equations of motion for point vortices are given by A.J. Chorin [9].
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First, We will talk about regularization of the singular kernel using cutoff functions.

Denote x = (z1,22), r = |z| = y/a? + 23 and consider a cutoff

¢(x) = ¢(|z]). (2.8)
The kernel G(z) = G(|z|) satisfies
10, 0G. .
__ - = 2.
r8r<r or ) =Ce (2.9)
from which we can derive
0G, 1 0G, 1 T
_Lo (g — . 2.1
O Ol R O CAT)
In the case of a Gaussian function
- 1
¢(r) = ;exp(—rQ)7 (2.11)
one obtains )
K (z) = W(—xg,xl)[l — exp(—7r2/€%)). (2.12)
A.J. Chorin [8] introduced an unbounded cutoff function with continuous kernel:
1 .
_ ) ifr<i1 913
¢@) {0 ifr>1, (2.13)
and
(z22.21)  f . <
K, = {(ggem nr=e (2.14)
e ifr > e

which is derived from (2.5) and K, = K * (..
Let us consider this cutoff function and analyze the boundedness and differentia-
bility of the mollified kernel.

For each fixed € > 0

|K5(m)\2 (|Ke(x)|2)rﬁe+(|Ke(x)|2)r>e

1 2.2 2.2
= (ﬁ) r ‘rSe + (27'(7"2) r |T'>6
. | (2.15)
= g2 T gpzg2 e
1 1

In the following, we check the differentiability of K. by studying its gradient norm

VK. |2.
1
< 0 2me ifr<e

VKE = 2242 (216)
T1T2 2 1
< pre, 2mrt > ifr>e.

IN

To—Ty —x1x2
2mrd mrd
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|VK€|2 = (|VK6|2)7’§6 + (\VK€|2)T>6

1 2 1 2 2.131332 2 — 2
el )29 92271
P o PR(TAR ) 2
1 1 (2.17)
S-S5 ts57
2m2e¢2  2m2et
1 1
Hence K. has bounded first derivative. It can be shown by mean value theorem
that K. is globally Lipschitz.

=2

We introduce a stochstic counterpart of the deterministic vortex model (2.6) given
by A.J. Chorin [9] in the following way. Denote X;(t) as the position for the i-th
point vortice with initial data &;, then

i i
Xz(t) = 51 +/ ue,s(Xi(s))dS +/ O'(Xi(S))dWS, for = ]-7 e 7N (218)
0 0
with

N
uci(z) = a;Kc(z—x;(t), VoeR (2.19)
j=1

Equation (2.18) defines the signal process of the nonlinear filtering problem we
will study in next section.

3. Nonlinear filtering problem for vortex model

Recall the nonlinear filtering problem defined in first section

signal : dX; = f(Xp)dt + o(X;)dWy (3.1)
observation : dYy = h(Xy)dt + dBy (3.2)
X = (X1(t), Xa(t), -+, Xn(t)), N is the number of point vortices. X;(t) € R?
represents the position for i-th point vortice at time ¢. Y; is the m-dimensional
observation process. Note that in this paper we focus on the uncorrelated noises

from signal and observation processes. For unique solvability for correlated case
see B.L. Rozovskii [48] and S.S. Sritharan [49], [51].

For the stochastic vortex equations (2.18) and (2.19), we have:

fle) = (fl@n)-- flan), fla) = 00, aeKelws —2),  i=1,--- N
a; is the associated vorticity intensity for i-th point vortice.

K. is the regularized Biot-Savart kernel (2.14).

o(-) : R?N — R2ZV x RN is bounded and globally Lipschitz, i.e.

lo(z) —o(y)ll < Crlz —y[  with [lo(z)] :=
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for some constant C4.

a(z) := so(x)oT(z) is locally Lipschitz and position definite.

N

W is 2N-dimensional Brownian motion.

: R?N — R™ is globally Lipschitz and satisfies the linear growth condition

h(-)
1.9).

(1.
B is an m~dimensional Brownian motion independent of W.

Since K. is globally Lipschitz, using triangle inequality and Jensen’s inequality,
we have

[f(2) = F)? = |f(21) = flyn)P + - [ flan) = Flyn)?

N N
=Y axKe(zy —z) = > arKe(yr — ye)|*+
k=1 k=1
N N
] ZakKe(xN — ) — ZakKe(yN — ) ?

k=1 k=1

N
=Y an(Ke(zr — o) = Ke(yn — m0))[+
k=1

N
oA DY an(Ke(ry — ak) — Ke(yn — i)
k=1

N
<Y akCrallzr — yil + lox — yel) P+
k=1
N (3.4)
o D arCron oy — yn | + e =yl
k=1
N
<N Y adCRalar — il + ok — )+
k=1
N
st QNZaiC,f’N(mN —yn? + |2k — yl?)
k=1
N
< n;gx{CﬁjﬁNZai(\xl —yP oy =y )+
’ k=1

N
H}%X{Czj}QN2 Z ai\xk — y;€|2
’ k=1

< AN* max{C7; } max{aj H — yI*.
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Here C; ; are the C'-coefficients when applying mean-value theorem for K.
Now we have the global Lipschitz condition for both f and o.

Suppose ||o(x(0))]| < oo and |f(z(0))] < oo, then we can prove, there exist Cs
and Cy, such that

lo(@)[I* < Ca(1 + |2])?, (3.5)
and
|f(x)] < Ca(1+ |z]). (3.6)
Also, there exists Cs, such that
la()]| < Cs(1+ |=[?). (3.7)

Under these conditions, equation (3.1) has a unique strong solution by I.I. Gihman
and A.V. Skorokhod [20].

Let ¢ : R*Y — R! be a function in C}, which is twice differentiable with all its
derivatives and the function itself be bounded. Denote by () := E[p(X (¢))|Y3],
it satisfies the well-known Fujisaki-Kallianpur-Kunita(FKK) equation [19]:

dme(p) = m(Lep)dt + (ﬂ’t(Mtp) - 7T‘t((p>ﬂ't(h)> (dY} - Ft(h)dt), (3.8)
where
2N 52 2N 5
Lo= > a¥(ta)gel@) + ) f'(t) 5 -p() (3.9)
| My = h(t, z)p(z), (3.10)
a(z) = %a(t,x)aT(t,x). (3.11)

One can further show that the smooth density m;(z) satisfies

drmy(z) = L*my(z)dt + <M*7rt(x) o1
3.12
— () h(t,a:)m(m)dx) (dYt - /RzN h(t, z)ﬂ't(x)dxdt).

R2N
Here

qv; — / h(t, 2)m () ddt (3.13)

is called the innovation process, L* and M* denote the adjoint operators of L and
M respectively.

The above equation is referred to as the Kushner equation [33] and is difficult
to analyze because of its nonlinear structure. Using Girsanov theorem, Zakai [52]
showed that if the transition probability is absolutely continuous, the density 7;(x)
can be represented as

m(x) = pt(x)// pe()dx (3.14)
RZN
with p:(x) satisfying a linear stochastic partial differential equation
dpi(z) = L*p(x)dt + M* pi(2)d Y. (3.15)
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The function p is usually referred to as the unnormalized filtering density and
equation (3.15) is called the Zakai equation.

In the following we will study the uniqueness of the measure valued solution to
the Zakai equation, with the help of unique solvability theorem of backward Kol-
mogorov equation. This method is called the PDE approach.

The uniqueness of measure valued solution to the Zakai equation is given by B.L.
Rozovskii [48], we extend his result here by allowing & to be an unbounded func-
tion in the sense described in (1.9).

Denote M(R2¥) the set of totally finite, countably additive signed measure with
the topology of weak convergence. If u € M(R?Y), we denote

)= [ | i) (3.16)

Definition 3.1. An Y;-adapted stochastic process p; taking value in M(R2V) is
said to be a measure valued solution to the Zakai equation corresponding to the
initial condition po(dx) = P(xzo € dz|do), if (Ju.|,1) € Lo([0,T] x Q;dt x dP),
for every t < T and T < 0o, {|us],1) € Lp(Q,dP) and for any ¢ € C3(R*Y) the
following equality holds P-almost surely.

<Mt7w> = <M07{¢)>+/0 <,U,S,L1)[}>d8
(3.17)

t
+/ {ps, Mp)dYs, VYt €[0,T].
0

Let b € C([0,T),R*M) and be non-negative, define

Lyyp(x) := Lp(z) + b(t)My(z). (3.18)
Consider the backward Cauchy problem

ot )

% Lyn®(t, x), t<Ty x€R™, (3.19)

0’ (To,z) = B(x). (3.20)

The coefficients of the operators L and M are continuous in ¢ and we can show
that they are locally Lipschitz. Problem (3.19) and (3.20) have a solution in
C;’z([O,TO] x R2N) for every Ty < T by S.D. Eidel'man [17].

Theorem 3.2. Assume a(zx), f(x) and h(zx) are locally Lipschitz in x, h satisfies

</ Ih(X(s))] ds> telo,T), (3.21)

where X is solution to the signal process (3.1), then the measure valued solution
to the Zakai equation (3.17) is unique.
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Proof. Assume p; is a measure valued solution to the Zakai equation, such that
for each n € C;’Q([O, T] x R2V),

(esn0) = o)+ [ e )+
(3.22)

Li(s))ds + / (112, Mi(5)) Y.

0

Now fix b € C([0,T],R™). Let n(t) = °(t) be a solution to the Cauchy problem
(3.19),(3.20) for this b. Define

s := exp </t b(s)dYs — 1/t b(s)2d3>, (3.23)
—exp( / h(X(s)TdY, + = / |h(X(s))] ds> (3.24)

Ve = qipy (3.25)
Applying Ito formula for ¢, p, 1 and ~; respectively,
dqr = q:b(t)h(X (t))dt + q:b(t)d By, (3.26)
dp; ' = —h(X(t))p; 'dBt, (3.27)
dye = 1b(t)dBe — yh(X (t))dBy. (3.28)

Thus,

s O = ot O)+ [ s 511 (5) + L (5) s+
0 (3.29)

¢

/0 <N5777b(s)>b(8)78d35-
The second term on the right hand side is zero because 7(s) is a solution to
the Cauchy problem (3.19),(3.20). The third term on the right hand side is a

martingale, which can be shown by the truncation function technique.
Now take expectation on both sides, we get

E((uzy, B)v1) = En(0, Xo). (3.30)

By Feymann-Kac formula,
To
En(0, X) = E[B(X(To))exp ; h(X(s))b(s)ds], (3.31)

where X is the solution to the signal process
=z + / F(X(s))ds + / o(X(s)dWs. (3.32)
By Girsanov’s theorem
BIB(X (T)esol | " (X (5))b(s)ds]) = BIB(X (To))ars

= E[ﬂ(X(To))pThoo]
= E[E[B(X(T0))pr, | Y4z, )-

(3.33)
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Here we used the fact that p; is an exponential martingale satisfying E[p;] = 1 as
we showed in the introduction. The first equality holds because

E[B(X(To))qr,]

— BIB(X (Ty))exp ( / " by, - L / K |b<s>|2ds)1

BIB(X (Ty))exp ( / K h(X(s»b(s)ds) exp ( / " by, - L / K |b<s>|2ds)1
~ B (e | K X )bGs)ds ) Eleso [ " b(s)aB, - 3 / K bo)ds )
— BIB(X (Ty))exp ( / K h(X(s))b(s)ds)],

(3.34)

since X; and Y; are independent and exp fOTO b(s)dBs — % OTO b(s)2d5> is an

exponential martingale. On the other hand,

E({pry, B)vr,) = E((pr, B)ar,), (3.35)
hence

E[E[ﬁ(x<T0))pTo ‘yTo]qTo] = E(<MT0 ) ﬁ>qTo)' (336)

Note that Y'(t) is a Wiener martingale on (Q,F, P). Furthermore, N. Wiener
pointed out that {gn, = qz,(b), b € C([0,T],R%)} is total in LQ(Q,YTO,P),
which means that if § € Ly(, Yr,, P) and E[Bqr, (b)] = 0 for all b € C([0, T]; R™),
then 8 = 0 P-a.s.[38]. Therefore

(bry, B) = E[B(x(To))pr | V1] P — a.s. (3.37)
The proof is complete. O

Remark: The idea of this proof is to show that all the measure valued solution
to the Zakai equation can be represented as the the conditional expectation in the
proof above. Since it is proved that the conditional expectation given observation
V; satisfies (3.22), it guarantees existence and uniqueness of the measure valued
solution to the Zakai equation. Our proof improves the result of B. Rozovskii’s
[48] in the sense that here we consider h as an unbounded function satisfying
(3.22). By B. Ferrairo’s truncation function approach, we are able to show p; is
an exponential martingale and used Girsanov’s theorem in the proof.

4. Particle filter method

In this section, we describe the basic idea of particle filter method and some of
its properties. We will focus on the approximate solution 7 to the FKK equation.
Some details of algorithm are explained here and interested readers can refer to [4].

At the initial time, n particles have equal weights % and positions {7 for j =
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1,--+,n. & are independent, identically distributed random variables with com-
mon distribution my. The approximating measure at ¢t = 0 is
1 n
= > ben. (4.1)
j=1

Now partition the time interval [0, 00) to be sub-intervals with same length e. For
telie,(i+1)),i=0,1,---,
t

X]’?(t):X;?(is)—&-/ f(X;-l(s))ds—i—/ o (X7 (s)dW, j=1,---.,n, (4.2)

€
meaning the particles all move with the same law as the signal X;. The weight for
particle j at time ¢ is

@ (t) = (4.3)
! D1 an ()’
where
m t
af(t) =1+ / a(s)h* (X7 (s))dYE. (4.4)
k=11
Hence also:
a3 (t) = exp( | WG Y, 5 [ G )Pas) (4.5)
1€ 1€
Define
mi= @ (xn, 20, (4.6)
j=1
and
1 n
= - z;a?(t)(SXj(t), t>0. (4.7)
J:

Here 7}' approximates solution of the FKK equation and p}* approximates solution
of the Zakai equation.

At the end of the interval, each particle branches into a random number of par-
ticles. Each offspring particle initially inherits the spatial position of its parent.
After branching all the particles are reindexed (from 1 to n) and all the unnor-
malized weights are reinitialized back to 1. Denote

e j/=1,2,---  n as the particle index prior to the branching event.
e j =12 --- n as the particle index after the branching event.
Define
Flit1)e = o{Fs, s<(i+1)e}. (4.8)

Let )\?,’(Hl)s be the number of offsprings produced by the j’th particle at time

(i + 1)e, then )\?,’(Hl)a is F(i1)--adapted.
Define

\(itDe _ {[nd?,’(i"rl)g] with probability 1 — {nd;i,’(iﬂ)g} (4.9)

7 [n&?,’(iﬂ)s] +1 with probability {n&?,’(iﬂ)a},
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where [z] is the largest integer smaller than x and {x} is the fractional part of x;

which is, {z} = 2 — [z]. d?,’(iﬂ)s is the value of the particle’s weight immediately

prior to the branching. That is &?,’(iﬂ)s = limyy(iq1)e ar (t).
Define

.7:(1‘+1)€, = O'{]:s, s < (’L + 1)6}. (410)
By the definition,

E[)\?/(Hl)ﬂfuﬂ)e—} = na?f(wl)s- (4.11)

The conditional variance is
n,(i+1 n,(i4+1
B 92| Fayen] = (BN Figye])?

= ([na "2 — {naly ) + ([nal TV + 12 (Inal Y) — (nal e

J
= {nal, VA {nal YY),
(4.12)

(i+1)s has conditional minimal variance in the set of all

integer valued random variables £ such that E[{|F(11).—] = n(z?/(iJrl)E

1,---,n. See [4].
We wish to control the branching process so that the number of particles in the
system remains constant n:

It can be shown that )\?

)

SantEE =g, (4.13)
j'=1

Thus )\;L,’(i+1)67 j'=1,---,n are correlated.

Proposition 9.3 in A. Bain and D. Crisan [4] shows that A", j=1,---,n have
the following properties:

o Y N =n.
e For any j =1, ,n, we have E[\}] = naj.
e For any j =1,---,n, A7 has minimal variance, specifically
n —n\21 __ —-n -n
E[(\} —na})®] = {na]}(1 — {naj}). (4.14)
e For any ¥ = 1,---,n — 1, the random variables A}, = 2?21 A} and

Afiim = 2j=gs1 A} have variance
E[()‘Tllk - ndilzk)Z] = {nd?:k}(l - {ndilzk})’
E[( Z—i—l:n - nag—i—l:n)z} = {naZ+1:n}(1 - {nag—kl:n})'

-n k -n -n m -n
where aj,, = Y77, @} and ag, ., = >0, @}
e For 1 <i<j<mn, A} and A} are non-positively correlated, that is
E[(A} — naf)(A\} — na})] <0. (4.16)
Remark As boundedness of function h is not used in the proof of above proper-
ties, they hold for both bounded and unbounded h.

(4.15)
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If the system does not undergo any corrections, that is € = oo, then the above
method is simply the Monte-Carlo method. The convergence of the Monte-Carlo
approximation for nonlinear filtering problem has been studied by G.N. Milstein
and M.V. Tretyakov in [37]. It has the drawback that particles wander away from
the signal’s trajectory, which force the un-normalized weights to become infinites-
imally small. In particle filter, the branching correction procedure is introduced
to remove the unlikely particles and multiply those situated in the right areas.

However, the branching procedure introduces randomness into the system as it
replaces each weight with a random number of offsprings. The distribution of the
number of offsprings has to be chosen with great care to minimize the variance.
That is, as the mean number of offsprings is pre-determined, we should choose
the A%’s to have the smallest possible variance amongst all integer valued random
variables with the given mean na,. The way we defined A%, above has the minimal
variance. [4]

5. Convergence result of numerical methods

In this section, we will prove the convergence for the approximation of the
solution to Zakai equation using Monte Carlo method and particle filter method.
The latter has convergence rate %

Definition 5.1. An adapted, cadlag process X is a local martingale if there exists
a sequence of increasing stopping time {T,}, with lim,, ., T}, = oo a.s. such that
XiaT, is a uniformly integrable martingale for each n.

Definition 5.2. A stopping time T reduces a process X if X7 is a uniformly
integrable martingale.

We need the following lemma [43] and theorem [38].

Lemma 5.3. Let X be a cadlag process and let Ty be a sequence of stopping times
increasing to 0o a.s. such that Xiary, is a local martingale for each N, then X is
a local martingale.

Theorem 5.4 (Doob’s Martingale Convergence Theorem). A process X; is uni-
formly integrable if and only if there exists an integrable random variable X such
that

X;—X as t—oo, P—as and L' (5.1)

Doob’s Martingale convergence theorem tells us that if X is a uniformly inte-
grable martingale, then X; converges to X, =Y in L' as well as almost surely.

The following property is important in proving convergence for Monte Carlo methodlil
and is an improvement of the estimate from A. Bain and D. Crisan [4] by allowing
h to be unbounded.
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Lemma 5.5. For any t > 0 and p > 2, if |h(X(s,w)))| < f(s) for all (s,w) €
Q x [0, 00) with

/t |f(s)|?ds < 00, for each t> 0. (5.2)
0

Then there exists a constant Cy(t) such that

E[(Z,)"] < Cy(1). (5.3)
Proof. Recall that
B t 1 t
Zy = exp (/ h(X)TdY, — 5/ |h(XS)2ds>, (5.4)
0 0
which can be written as
t
Zi=1 +/ Zh(X)TdYs. (5.5)
0

By Ito formula,

t
(Z)P = 14p / (2P Z.h(X.) T dY,
0

1) [ i (5.6)
+ T%/ (Z4)P"2(Z4)*h" (X o) h(X ) ds.
0
Applying Lemma 5.3 to equations (5.5) and (5.6), one can show that
- -1 L
(Zt)f’—p(p2 )/(Zs)phT(Xs)h(Xs)ds (5.7)
0

and Z, are local martingales. Let {T%} be a sequence of stopping times reducing
the local martingale

(Zo) — @ /0 (Zs)PhT (X )h(X,)ds. (5.8)

let {T%} be a sequence of stopping times reducing the local martingale Z;. Then
{Tn =Ty ANT%} defines a sequence of stopping times that reduces both Z; and

(Z,)P - @ /O (Z.)PhT (X )h(X,)ds, (5.9)
which means ZMTN and
(Zor)? — P21 /MTN(ZS)phT(XS)h(Xs)ds (5.10)
2 0

are uniformly integrable martingales.
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Now take expectation on both sides of (5.6):

Bz =1+ 22 | N Zrh ) ds

2
_ 1 tATN N N
<1+ 2220 [ ppEZ s G
0
plp—1) [ -
<14 PO [ ) PR Zury s
By Gronwall’s inequality we have
- . -1 &
BllZusrs ) < exo (P52 [ 17 )Pas). (5.12)
0
Denote bound on the right hand side of the inequality by C),(¢), we have:
E[(Zinry )] < Cp(t) < 0. (5.13)
Applying Doob’s LP maximal inequality to the process (Zt ATy )P yields
Bl sup  (Z.)7] < 4Bl(Zinry )] < 4G, (2). (5.14)
0<s<tATn

It follows from (5.14) that {(Z.a7y )P : 5 € [0,T]} is uniformly integrable. Hence,
by Doob’s martingale convergence theorem, (Z;a7, )P converges both a.s. and in
L' to (Z;)P as N — oo. Hence by (5.13) and Fatou’s lemma

E[(Z0)"] < Gy (1). (5.15)
The conclusion is proved. |

We also need the following lemma to prove the main result. Define ||@]lc =

2. Supegan [H(2)].

Lemma 5.6. Let us assume the conditions in Lemma 5.5 and that ¢ € Cy(R*™).
Define Y;-adapted random variable Cy(t) as

Cy(t) = E[(¢(Xt)2t - Pt(¢))2|yt] ; (5.16)

then
E[Cy(t)] < 4]16]|2,Ca(t). (5.17)

Proof. We have by Jensen’s inequality

BICo(0)] = B| B 0(x) 20 - pt<¢>>2|yt]

(5.18)
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Here we used the fact that ¢ is uniformly bounded. For second term E[(p;(1))?],
we use Jensen’s inequality for conditional expectation and Lemma 5.5:

mmuth$mz%W]

< E[E[nyt]] (5.19)
= E[Z]] < 00
Therefore
E[Cy(t)] < 4|12 El(Z:)?] < 4ll¢]I5.C2(2) (5.20)
by choosing p = 2 in Lemma 5.5. (]

Now, we state the convergence result for Monte Carlo method about pf(¢) to
pi(¢) for any ¢ € Cp(R?™). This would imply that p}’ converges to p; as measure-
valued random variables.

Theorem 5.7. Let the coefficients o and f be globally Lipschitz, with finite initial
data 0(Xo) and f(Xo). h satisfies the condition in Lemma 5.5, then for any T > 0
and ¢ € Cp(R*™),

_ HIECo(t)

E[(p () — pe(9))”] S, te[0T]. (5.21)
In particular, p} converges in expectation to p;.
Proof. Let a;,j =1,--- ,n be the following exponential martingale
t
a;(t) =1 +/ a;(s)h(X;(s)TdYs, t>0, (5.22)
0

also given as

a;(t) = exp </Ot h(X;(s)TdY, — ;/Ot |h(Xj(s))|2ds), t>0. (5.23)

Here X;,5 = 1,--- ,n are n mutually independent stochastic processes and inde-
pendent of Y, each X is a solution to the SDE satisfying the signal process (3.1).
Hence, the triples (X;,a;,Y),j = 1,--- ,n are identically distributed and have the
same distribution as the triple (X, Z, Y') under probability measure P. Exercise
8.1.2 in [4] shows that the pairs (X;(t),a;(t)),j = 1,--- ,n are mutually indepen-
dent conditional upon the observation o-algebra ), we have for j =1,--- ,n,

E[¢(X;(t))a;(t)|Ve] = E[$(X:) Ze| V] = pi (). (5.24)

Recall the approximation of the Zakai equation p}'
1 n
== Eaj(t)(sxj(t), t>0. (5.25)
=

Thus
E[p2(6)|V:] = pe(0) (5.26)
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Define random variables Gf,j =1,---,n as
07 = ¢(X;(t)aj(t) — pi(¢), j=1,---.n, t<T (5.27)
with zero mean and the same distribution as ¢(X;)Z; — p.(¢). Since

BI6(X, (6)a; (8) — pu(&)] = EIS(X0)Zt — pu()
- E[E[aﬁ(Xt)Zt ~ (@) m]

(5.28)
— B[O (X) 2] - 9(6)
=0.
It then follows that
1 n
n Z 9? = p; (¢) — pe(9). (5.29)
j=1
Since the pairs (X;(t), a;(t)) and (X;(t),a;(t)) for ¢ # j, conditional upon ) are
independent, it follows that the random variables (9?7 j =1,--- ,n are mutually
independent conditional upon Y;. Thus
~ 1 - n 2
B (0} (9) —pt(¢>>2|yt] - nQE[(Zaf) yt}
j=1
1 &<;
DM (GIEM
j=1 (5.30)
1 &<;
= > El(0(X;(8)a;(t) — pi())*|]
j=1
o O¢ t
on
Taking expectation E on both sides, by Lemma 5.6,
S~ E[Cy(t)] _ 4]|p||2,Calt
E[(pf'(9) = pe(9))?] = [ z( g ; 2 e [0, 7). (5.31)
Theorem 5.7 is proved. |

Now we state the convergence result for particle filter method. As we men-
tioned in the remarks, the difference between particle filter method and trandi-
tional Monte Carlo method is that correction step is introduced after each time
interval. Before we prove the theorem, we first define the solution to the dual
Zakai equation and give one useful lemma similar to Lemma 5.5.

Recall the Zakai equation (3.15)
dp(t,z) = L*p(t,x)dt + h' p(t, z)dY; (5.32)

with initial density
p(0,2) = Py. (5.33)



20 SIVAGURU S. SRITHARAN AND MENG XU

To define its dual, we follow E. Pardoux [41] to first introduce the backward Ito
integral.

Let Vi = o{Y, — Y, s <1 <t}. Y, =Y,—Y,isa 'YVi backward Wiener process’:
ie. 0 <r <s, 17} — f’s is a Gaussian distributed operator of covariance (s — )1,
independent of V;. If {¢;, s € [0,t]} is a process with values in R™, YV;-adapted
continuous path and bounded, we can define the backward Ito integral:

t n
/5 GrodY, =P — gi%;gti+l ’ (}/twrl - }/tb)v (534)

where s =ty <t <--- <t, =t, and &, = supy<,, (tx — th—1)
If ¢, is measurable and Y;-adapted, with

E(/Ot §5|2d5> < oo, (5.35)

t
{/ 6 0dY,,0< s <t} (5.36)

is a backward martingale, it is also a backward Ito integral.
Consider a Y;j-adapted random variable v (¢, z), which satisfies the backward sto-
chastic PDE

dv(t,z) + Lo(t,z)dt + hv(t,z) odY; =0, 0<t<T (5.37)

then

with final time condition

(T, z) = ¢(x). (5.38)
It turns out that (5.37) is the adjoint equation to the Zakai equation. In addition,
E. Pardoux [41] proved the following interesting result.

Lemma 5.8. The process {(v(s, "), p(s,-)),0 < s <t} is a constant a.s. Here (-,-)
denotes the scalar product in L?(R?").

We say v(s,z) is the dual solution to Zakai equation in the sense of Lemma 5.8.
Under assumptions we made at the beginning of section 3, E. Pardoux [41] showed
that there exists a unique solution v(t, x) to (5.37).

v e L2(Q x (0,t); HY(R*™)) N L2(Q; C([0, t]; L*(R?"))) (5.39)

Using Feynman-Kac formula the solution of (5.37) can be expressed for s €
[Ovt]a d) € Cb(RQH) as

u(t, Xs) = E[o(X,)al(X)|Fs V V. (5.40)
Here
t 1t
al(X) = exp (/ hMX,)dY, — 5/ |h(XT)2dr). (5.41)
Define the Fi-adapted random variable ¢ = {47, t > 0} by
[t/el ; n

=]+

i=1 = j=

n

a?’ie)(% S an(e)). (5.42)

—1
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The following property is important in proving of convergence later and is a im-
provement of the estimate given by Bain and Crisan [?] by allowing h to have
nonuniform upper bound.

Lemma 5.9. For anyt >0 and p > 2, if [h(X} (1)) < g(t) with
t
/ lg(s)|?ds < 0o for each t>0. (5.43)
0

Then there exist two constants ¢.* and c5? such that
El(a?t))) <P, j=1,-,n, (5.44)

and

E[(y)P] < e3P (5.45)

Proof. Inequality (5.44) can be proved the same as Lemma 5.5, thus we only prove
inequality (5.45) and it is obvious from (5.44) that

El(a}(t)"|Fre) < 7, k=1, ,n. (5.46)
Hence also
R .
E[(~ Z al ()| Fre) < P (5.47)
J:
Therefore

1 n
B[40 1 Fiesere] = Wiy EICS ; G OF Vit/ael (5.48)

< (w[?z&,/e]a)pc?p’

since (wﬁ/g]g)p in an integrable random variable by (5.42) and (5.44).

Also, we have

E[()? | Fh-1)e] < @fi1)e)Per” (5.49)
Similarly,
El(—1)e) | Fh-2)e) < (Waz)a)Per” (5.50)
E[(¢2)P|Fo] < (5)Per”. (5.51)
Hence,
E[(vi.)f] < (/") = &”. (5.52)

We proved the conclusion (5.45). 0
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Let p™ = {p}, t > 0} be the measure-valued process defined by
(t/e]l ; n n
1 1
2= (I 5) (50 (o)
/el ;1 n 1
(%) (G 5o0) (Gt amevo)
[t/e] n
<H > a )( Za 5X“(t>>
et

py =

[t/e
(5.53)

i=

w[t/s]e Z 5X"

Here we used definition (4.6) and (5.42). p} approximates the solution to the
Zakai equation p; and formula (5.53) is the approximation of Kallianpur-Striebel
formula in [27]. Before we give the main convergence result, let us mention another
property of p™ given by A. Bain and D. Crisan [4].

Proposition 5.10. p™ = {p}", t > 0} is a measure-valued process which satisfies
the following evolution equation

t
Py (9) = 75 () +/ "(Ag)ds + 5 + My + Z/ (heg)dYF  (5.54)
0
for any ¢ € CZ(R?N). §" ® = {8}, P> 0} is an Fi-adapted martingale

(i+1)ent 4
Z / iwal (s) (Vo) o) (X} (5)dWA, (5.55)

10]1 eNt

and M™? ={M; ¢, k > 0} is the stochastic process

Z¢ Z (ie) — naj;*)p(XJ (ic)), k>0, (5.56)

J’'=1

Now, we state the main result about p}'(¢) which converges to p:(¢) for any
¢ € Cp(R?™), which implies that pI' converges to p; as measure-valued random
variables. Our proof extends A. Bain and D. Crisan’s result [4] to unbounded
observation vector h with the help of Lemma 5.9.

Theorem 5.11. If the coefficients o and [ are globally Lipschitz and have finite
initial data. h satisfies the condition in Lemma 5.5. Then for any T > 0, there
exists a constant ¢ independent of n such that for any positive ¢ € Cyp(R2"), we
have

CT
E[(p? (#) = pe(#))] < l¢ll%, €0, T). (5.57)

In particular, for allt > 0, p}' converges in expectation to p;.
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Proof. For any ¢ € Cp(R?"), by Proposition 5.10, we have Ty (v(t, Xo)) = pg (v(t, X0)
use the fact that (X7 (s),a}(s)) have the same law as (X, Z) we can show

yt] (5.58)

for any s € [0,¢], so that mo(v(t, Xo)) = po(v(t, Xo)) = p(¢).
Thus p}(¢) — p:(¢) can be split as

[t/e]
p?((b) - pt(¢) = (p?(d)) - pﬁ/a]a( t Xt/ea + Z pke t Xke pke ( (t Xke—)))

[t/e€]
+ Z Pre— V(s Xke—)) = pli—1)e (0 X(k-1)e)))

+( o( (t, Xo)) — mo(v(t, Xo)))-
(5.59)

Here Xj._ is the position of particles right before the branching time ke.
We must bound each term on the right hand side individually. We first derive the
following relation from (5.40),

pﬁ/a]e(v(tv X[t/a]s))

n n

_ % > ai (t/le)olt, X ([t/<le)

= =D (/) BSOS (0)afy e (X) Fiye A (5.60)

j=1

_ Yl Zl Elo(X](1)a (1) Fuyepe V V2]

‘7_
= E[p?(¢)|]:[t/s]s N yt]

For the first term, using the fact that random variables X7'(t) for j = 1,2,--- ,n
are mutually independent conditional upon Fj; /.. V Vi, because the generating
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Brownian motions W ), for 5 =1,2,--- ,n are mutually independent. We have

E[(0} () = pft e (0(t, X1t /e1))) 1 Fie 1 V Vil
= E[(p2(6) — E[o} ()| Fiejare V Vi) Fieycge V Vi)

(wﬁ/5}5)2 T, - n n 2
= — B o(XJ()af (8))*1 Fiujere V Vi

(W) ”lj:l (5.61)
B %(Z Elp(X7 (1)a} ()| Fiujepe V Vi])°

)

J

W I

< ST 12, 3 Bla ()2 Fi v 9
7j=1

Taking expectation on both sides of (5.61), then using Cauchy-Schwartz inequality
and Lemma 5.9 for p = 4, we obtain

~ 9 n _ 1/2 ~ 1/2
BL(07(6) — oy oy (0(t, X)) < 190 (E[wﬁ/em) (E[a?(t)ﬂ)

n
j=1

At
1 %2
< gl

(5.62)
Similarly,
E[(pza—(v(ta XkE—))_p?k—l)g(v(t7X(krfl)e)))z]
1 & - 5.63
I (R S B S0 ) S M
§'=1
From (5.40) we deduce that
u(t, XJi(ke)) = E[¢(X] (8))aje(X])| Fre V V). (5.64)
Hence by Jensen’s inequality,
El(v(t, X7 (ke)))"] < E[E[$(X] (1)) afe (X])| Fre V Vi) (5.65)

= E[(¢(X} (1)) ak.(X]))"]-
Using p = 4, 8 in lemma 5.9 and Cauchy-Schwarz inequality twice, (5.63) becomes,

E[(pite— (v(t, Xiem ) =p{omr)e (0(t X5-1)2)))’]

t,4\1/2/ t,8\1/4/ t.8 1/4H¢||go (5.66)
< (e7")F(e”) (ey) P
For the second term on the right hand side of (5.59), observe that
E[(pf- (v(t, Xke)) = phe (v(t, Xpe)))* [ Foe V Vi)
2 n
= Yhe S B0 - na@lh )R — nah) | Fre v ) (5.67)

ir=1

X v(t, X7 (ke) v (t, X7 (ke)).
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Recall one of the properties of random variables {)\?,’kg, j =1,---,n} saying
that they are non-positively correlated, it follows that

El(pie (u(t, Xpe)) = pre (0(t, Xiem)))*| Five V V1]

7/};%5 - E )\n,ke ’ﬂC_Ln ke F k 2
<z z_: (A P Free— V Vil (v(t, X (ke))) (5.68)

< Ve S a1 o Do, X 89))

j'=1

Finally using Young’s inequality ¢(1 —¢) < § for ¢ = na; ke} (5.64) and Lemma
5.9 with p = 4, it follows that

Bl (0(t, Xi)) — pfo (00, Xie )V < o Je e ol (5.60)

For the last term of (5.59), note that v(¢, Xo) is V-measurable, therefore using
the mutual independence of the initial points X7'(0), and the fact that

Elv(t, X}(0))| V4] = mo(v(t, X)), (5.70)

we obtain
E[(rg (u(t, X0)) — mo(v(t, X0)))*| V] = o ZE (t, X7(0)))*| V4] = (mo(w(t, Xo)))?

1

< ;ZE o(t, X7(0)))* 4.
- (5.71)
Hence using (5.64) and Lemma 5.9 with p = 4,
Bl(xf (v(t, Xo) — mo(v(t, Xo))”) < -5 > et X7 0)
=1 (5.72)

t4 t4
< -yl
n

We get the conclusion by substituting all above individual estimates back to (5.59).
O
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