isid /ms /2002 /32
December 18, 2002
http://www.isid.ac.in/~statmath/eprints

On Filtering with Ornstein-Uhlenbeck
Process as Noise

ABHAY . BHATT
and
BaJeEva L. KARANDIKAR

Indian Statistical Institute, Delhi Centre
7, SJSS Marg, New Delhi-110016, India



On Filtering with Ornstein-Uhlenbeck Process as Noise

Abhay G. Bhatt
and
Rajeeva L. Karandikar
Indian Statistical Institute, New Delhi

Abstract

We consider the nonlinear filtering model with Ornstein-Uhlenbeck process as noise and
obtain an analogue of the Bayes' formula for the filter. For this we need to consider a
madified model, where the instaneteneous effect b X,) of the signal in the nsnal model is
replaced by &' = a .fn:!r— 130 i X.) du, (where o is a large parameter). This means that
there is a lingering effect of the signal for a time period .

Further, we also show the filter with Ornstein-Uhlenbeck converges to the usnal filter in
probability.
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1 Introduction

Filtering thoery deals with the following situation: There is a process of interest, called the
signal process (X;) that is not directly observable. However, it is assumed that h{X;) is
observable at time ¢ in the presence of Noise. Here it is assumed that b is a known function.
It is customary to assume that the noise is additive leading to a model
t
Yi = fh{Xu}d-u-l—Ng (1.1)
i}
where Y; denotes the (accumulated) observation at time f and N; denotes the noise over the
time interval [0,].

The question of interest is to estimate the signal X, having observed {Y, : 0 < u < t}
This is known as filtering the noise (to recover the signal). In the classical approach to filtering
theory, the noise (N;) is modelled as a Brownian motion.

Kunita [5] had initiated study of filtering theory with general Gaussian noise processes.
Filtering with Ornstein-Uhlenbeck noise was studied by Mandrekar and Mandal [6]. However,
they had to require such a stringent condition on the paths of the signal process- namely that
h{X;) is differentiable almost surely- that it rules out all the standard examples.

We will consider the filtering problem with noise (N;) replaced by Orstein-Uhlenbeck process

NP (defined by (2.3))
t

Y, = f h(X,)du + NP.
i}
Since Nf is differentiable (with derivative n‘f given by equation (2.2}}, it follows that the
observation process Y; is also differentable (with derivative 3). The above model is then

equivalent to
v =h(X,) +nf.

Here, h(X:) is the instantaneous effect of the signal and w is the instantaneous observation.
We will consider a modified model where the instantaneous effect h{X;) is replaced by a

lingering efffect &' = o f&_ h{X,)du - where « is a large parameter. Note that as o

B
tends to infinity, £ mnw.rgf;}:g h{X;). This change allows us to get rid of the undesirable
assumptions on X; - such as differentiability of paths - made in a similar context in Mandrekar
and Mandal [6].

Denoting the optimal filter for this model by 77, we first derive an analogue of the
Kallianpur-Striebel Bayes' formula for 77,

It is well known that Nf} converges to W as 7 converges to infinity and thus the model
considered here can be thought of as a smooth approximation to the classical model of filtering
with Wiener noise (for large o, /3).

Thus we investigate the behaviour of the filter 77 as o, 3 tend to infinity. We show that

79 converges to the classical filter m in probability. This shows that the classical filter is



robust under perturbation of the underlying noise process (namely Ornstein-Uhlenbeck process
with a large parameter ). This result complements the (model) robustness results proved in
Bhatt ef. al [1] where it was shown that the filter is robust under perturbation of the law of
the signal process as well as of the underlying function h.

For notational simplicity, we will consider the one dimensional case.

2 Bayes’ formula for filter with OU noise

Fix a probability space (1, F, P). Let E be a complete, separable metric space. We will assume
that the signal process X takes values in £ and that the paths of X are right continuous with
left limits (r.c.l.L). We will assume that the observation function h is continuous. Let W be a
standard Brownian motion independent of X,

Fix a > 0, 3 > 0. Define processes £* and n? by

t
§=af  h(X)du @1
{t— L0
8_ _—pt 8 9 t —B(t—u} gy
=t [ i (2:2)

where n;f has a normal distribution with mean zero and variance /2 and is independent of
X and W. Then n? is the stationary Ornstein - Uhlenbeck velocity process with covariance

function

P

B _
o(s,t) = EE—.@H—#L

Let N9 be defined by

) t 1 — =5t t
NEL; = f n\';jdﬂ == {—;‘}n{f -|— f (l P E_'ﬁ(t_u})dl"i’{u. {2.3}
0 F 0

Remark 2.1. N7 is called the stationary Ornstein - Uhlenbeck displacement process. It is
well-known that N9 converges to W in L*(P) as 3 — oc. (See Nelson [7]). This fact also

follows easily from (2.3).

We will consider the filtering model with Ornstein - Uhlenbeck noise given by
t
i =f £ds+ NP, 0<t<T. (2.4)
0

This can be equivalently written as

Y=g +nf, 0<t<T (2.5)

where y&% = “J:,Yfﬁ.



Remark 2.2. Note that using (2.1) the filtering model (2.4} can be rewritten as (for £ > i}

t—1fc t
Yf“ﬁ = f h{X,) du +-:.'zf . (t —ulh(Xy)du+ Nf, 0<t<T. (2.6)
0 t—L
In this form it can be more readily compared with the classical model (1.1). The above model
can be thought of as corresponding to the system where there is a delay in registering the
signal and hence the instantaneous signal is replaced by a lingering effect over a small, fixed

time interval of length 1/0.

Our aim in this section is to get an expression for the filter 77 for the filtering model
(2.4), where 77 is defined by

0(f) = E[f(X)¥2? su <t], ¥f € G(E). 27)

For this purpose we will recast (2.4) in a form that enables us to use the classical Kallianpur-
Striebel Bayes' formula. Let

g = PtyfF —nf (2.8)
ENR it (2.9)
Al = eftnf — nf (2.10)
Then it follows that
Pef=f4af o0<t<T (2.11)

Using (2.2), it follows that
t
=3 f e AW,
0

S0 ﬁf is a semimartingale and

t f"_ﬁﬂ
/u Tdﬁﬂ =W, (2.12)
The relation (2.11) implies that g r;u is also a semimartingale. Now define
oy t _—Fu
});’-‘l:_-ﬁ 5 f [ : d'}:?aﬁ {2113}
a. B
t o —u
Gt ek i
e R (2.14)
o &

It follows from (2.11)-(2.14) that
VPP = B W,, 0<t2T,

Let t,ﬁ'ﬁ = fyﬁa # Then

0 =+ 5 (hX0) = h(X_1y0)) - (2.15)



The filtering model now becomes
— t —
Yfﬂﬁ = / WO du+ W, 0<t<T. (2.16)
0

Also, it follows from (2.8) and (2.13) that

a (ﬁ’ﬁ T ?‘nf:) = (Ej‘“ﬁ cu <t nﬁ) =a (;;3“3 Tu = t;nﬁ)
= (:ﬁﬁ u < r) (2.17)
3

The last equality follows from the fact that *yﬁ = .
We need to introduce an independent copy of X. For this purpose let X be a process defined
on some (Q,.F, P) such that
PoX '=pPox'

Following (2.1) and (2.15) define

t
& = af h(Xy) du (2.18)
(

1
t—L w0

and

aﬁ =&+ 3 ( (Xe) —h (X(i—ﬁ}'-.-'ﬂ)) : (2.19)

¥
With an abuse of notation, we will consider the processes X, W and Y& to be defined on the
product space (0, F, P)® (4, F, P).

Theorem 2.1. Consider the filtering model (2.4). The optimal non-linear filter :ﬂ:f"ﬂ admits
the representation

[ (Xe(@)) ¢ (@,0)dP(@)

c:ﬁ i
e

Y € Cu(E) (2.20)

where

t t
P (@,w) = { f P2 2)dY B (w) — é f (¢eP(@))? d-u}. (2.21)
0 0
Proof : Let 77 denote the optimal non-linear filter for the model (2.16). ie.
() = E [f(X)VP ust], Vf e CuE).

The filtering model (2.16) is the classical nonlinear filtering model with the Brownian motion
noise being independent of the signal. It is well-known that 7% admits the representation

799 F)(w [ f(Xe(@))gt (@, w)dP(@) Vf € Cy(E), for a.8.w,
() == g P SOLE)

where ¢*7 is as in (2.21). (See Kallianpur and Karandikar [3, p. 575]).



Naow, sinoe nﬁ is independent of X and W, we get for all f € Cy(E)
Ep [f(xtnﬁ?ﬁ u< t] = Ep [f(xtn?;*ﬁ ug t;-n;‘f] .
It now follows from the observation (2.17) and the definitions of :'1';"*‘Jz and 77 that
w70 =F(f) Vf e C(E), as.[P]

This now completes the proof. [ ]
Remark 2.3. We will use the pathwise formula for stochastic integral (see Karandikar [4])
while defining ¢ {w w) in (2.21). The same will be the case in the sequel wherever stochastic

integrals are used. This will allow us, for example, to deduce (2.25).

Remark 2.4, In Kallianpur and Karandikar [3], (See also [1]), when the noise is an independent
Brownian motion the nonlinear filter is expressed as a Wiener functional evaluated at the
observation path. The same interpretation can be given to representation (2.20). We will

briefly describe it and use it in the next section.

Consider the model (2.16). Let Py 7 be the probability measure defined by

dﬁ?:ﬁ Tm‘aaﬂ 1 T 3
= - Pantats | | p—— il WY
qP EXP{ ﬁ b i 2[, (¥ ) “}

Since X and W are independent, '  is indeed a probability measure on (€2, F). Moreover,
under P’ﬁ Y& is g Brownian motion independent of X and Pﬁ‘*"; P S e R

Let ﬂ" C([0,T), R}, F" be the Borel o-field on Q" and @ be the Wiener measure on
(0 F). Let WY be the co-ordinate process on 0. Consider the product space (0, F, P} ®
(Q0 F° Q). Note that

I“}’fﬁ o (X, }?“’ﬁ)_l = {I_} @ Q) e {X‘.W’"]_l

Detine
pe (@, w }=exp{ ﬁ P28 (@)dW O (wW0) — é £ (17,-:-?3{@})' d-u}. (2.22)
AW = [ 1(X@) 5@, 0P @), VF € CH(E) (223)
and
FP W)
a3 0 Lo . 9
Hy (w7 () Fo () (1) (2.24)
Then (see Remark 2.3)
0 @,w) =pP? (2, 7*%w))  as[Pl. (2.25)
and
12 (w) = H (Y% (w)) as|P). (2.26)

This expresses the filter for the OU noise model as a Wiener functional. For later use, let us

define the so-called unnormalised filter o, by

a®P(w) = F3(7*3(w)). (2.27)

o



3 Approximation of the classical filter by filter with OU noise
The classical nonlinear filtering model with signal X and independent noise W is given by

t
Y: = f hMX:ds+ Wy 0<t<T. (3.1)
]

{
We first note that the model (2.4) approximates (3.1) as @ — oc, J — oc. We had already
noted (Remark 2.1) that N° — W in L?(P) as processes as 3 — oc. The rest follows from the

following Lemma.

Lemma 3.1. i
|l = hx)Pds —0 0. ()
{}

s o — 0.

Proof. Recall that the signal process X is r.c.lLl. as.[P]. Let N C Q be such that for w &
N, X.w) is r.c.l.l. and such that P(N) = 0. Fix w ¢ N. Since h is continious, h{X¢(w)) is
r.c.L.l. Hence sup |h(X;(w))| < oc.

<t=T

Further, it is clear from (2.1) that lim £'(w) = h(X{(w)) for all continuity points ¢ of
h{X.(w)). Since the discontinuity [n':intsﬁf:i‘g?his function are at most countable in number, a
simple application of the bounded convergence theorem proves the lemma. ]

Our aim in this section is to show that the nonlinear filter 77 for the approximating model

(2.4) converges to the filter 7 corresponding to the model (3.1) as a,3 — oc. Here the filter «
is defined by
m(f) = Ep|[f(X)|Yu:u<t] Vfe CE). (3.2)

Let X defined on (€2, 7, P) and W' defined on (2", 7, ) be as in the previous section. We

define processes p,, F; and H, as follows.

m@ﬁrwm{ﬁﬁﬂqmeW%—éfm@mmﬁm} (33)

R = [ 1E@)p(@)dP@). V€ Cy(E) (3.4)
e w))
B ) = momay: (3.5)
(See Remark 2.3). Then we have (See Kallianpur and Karandikar [3])
m(f)w) = H(Y@)(f) as. P (3.6)
Also, let
ot f)w) = B (Y (w))(f) (3.7)

Let M (E) denote the set of positive finite measures on E. Let d denote the Prohorov metric
on M (E). We will also denote by P(E), the set of probability measures on E. We are now

ready to prove our first result on robustness. As usual, = denotes weak convergence.

i}



Theorem 3.2. Lef the signal process X be roe Ll and continuous in probability. Let o — oc,
3 — oo such that I—; < M for some M < oc. Then

(i) F*% — F in Q- probability as C ([0, T], M (E))- valued random variables.
(ii) H*% — H in Q- probability as C ([0,T],P(E))- valued random variables.
(iti) T8 = 7.

a

fiv) a™" = o

Proof : Let a,,, 3, — oc with o, < M3, ¥n. We will denote Fen:% by F7 and po5 by p".
Similarly, denote £ by £* and ¢ by ¢". Since Po X! = Po X!, we get

Po (£ = ¢ Tph— - -1
Po {‘Eﬂ} L Po {‘Eﬁ"}_l : Po {_wﬂ} Lo Pi (_n.;an:ﬁ,) )
Thus using Lemma 3.1, we get

T
lim [ |&—h(X)|°ds =0, as[P].
0

Also,
' Oy 5 v YV 2
i 5 [ [0 ] s
T B - p:
< M lim [h{Xs}—h(X(g_l}vﬂ}] ds
n—o0 Iy =
= 0 as [P]

The last equality follows since for almost all s, h(X,) — A(X,_1,,,4) — 0 as.[P], and for a
fixed @ for which h(X) is r.c.LL, the integrand is bounded. Now, we get from (2.19) that

i . ? = .5
lim A [67 — h(X,)]%ds =0, as.[P] (3.8)

Ta— 00

Let t, — t. (3.8) now implies that pf — p, in P ® Q probability where p, is defined by (3.3).

Further note that

fp?ﬂdf’ﬁ@ _ fptdf’ﬁQ —1
Hence by Scheffe’s Lemma we get
pr, —ppin LY{P2Q).

Since X is continuous in probability we get f(X; ) — f(X;) in probability for all f € Cy(E).
Hence
f(Xe)pt, = f(Xpein LY(P® Q)
This implies

f F(Xe )b dP — [ F(X)pdP in LY(Q).

7



In particular, for = = 0,

lim Q(IFL(f) — Fulf)| > ) =0, Vf € Cy(E)
= lim Q (d(F7%, Ft) > <) =0.

g e [00,T7]

= lim ( sup d(Fy', Fi) > E) = (.

This completes the prootf of part (i).
Part (ii) follows immediately from Part (i) and the fact that £{*(1) and F;(1) are exponential
martingales and hence satisfy

inf (1) >0 as. [#]R (3.9)
il;lth(l} =0 as [Q] (3.10)

For (iii), note that as in (2.26), the filter w can be written as
m(w) = H(Y(w)) as. [P] (3.11)
Let G € Cy(C[0, T), P(E)). Then

Ep(G(x™)] = Ep |G (H"(T™)]
= EpgqlG(H")p7]
 EpgqlG(H)pr]
= Ep[G(H)(Y)]
= Ep|G(n)].
Part (iv) follows similarly using (i). ]
We will now show that the convergence of 77 to 7 is in a much stronger sense- in probabiity.

For this, we need the following technical Lemma which also appears in Bhatt and Karandikar

2] in a similar context. It is included here for the sake of completeness.

Lemma 3.3. Let U be a random variable and {Uyn} be a sequence of mandom variables on a
probability space (2%, F", P*) such that

(a) Po(U,) ' = ProlU™!
(b) iminfU, = U asP*
Then U, — U in P*-probability.

Proof. Let V,, = tan~}(U,) and V' = tan—'(U). Then V,,V are bounded, P* o (V,)~! =
P*o (V) ! and
liminfV, =V as. [P (3.12)

Since {V,} are bounded, we get E(V,) — E(V)

8



On the other hand, using boundedness of {7, }, we get using Fatou’s lemma

E{liminf ;) < liminf E{V,) = E(V). (3.13)
Now (3.12) and (3.13) imply
liminf V, =V as. [P7]. (3.14)

Let f"m = infp>m V. Then IT’m — liminfV, =V as.
We thus hawve ﬁ? < Va. Tj’ﬂ — V oas and V, =V . Since {f’ }and {V,} are converging
in law, the sequence {(‘?ﬂ,vﬂ)} is tight as M2valued random variables. If (Vﬂ iV k) is a

convergent subsequence, with (Vﬂ._ Vﬂ.) as a weak limit, then Vﬂk < Vg, implies that Vu < W

On the other hand, Iﬂ, Vo both have the same law as V. Hence, T?u. = . We then conclude,
(Vs Vi) = (Vi V).

Thus P(|V,, — V,| > ) — P(|V = V| > £) = 0 for any £ > 0. Since V,, — V a.s., it follows that

Vi — V' in probability. |

Theorem 3.4. Lef the signal process X be roe . and continuous in probability. Let o — oc,
B — oc such that § < M for some M < oc. Then %% g as C([0,T), M(E)) valued
processes and 7% — 7 as C ([0, T], P(E)) valued processes in P- probability.

Proof. As in the previous theorem, it suffices to prove that if o, — oo, 4, — oo, f‘: < M,
t, — tand f e Cp(E), then

apnf(£) — my(f) in P — probability (3.15)
This in turn would follow if we show

“"g“(f} — oy(f) in P — probability. (3.16)
Here, (3.10) implies
il;.f (1) >0 as. [P]

and then (3.15) would follow from (3.16).

Fix an, Bn, tn, [ as above. Let us write q7 = g™ - ;P = g B t:”;‘ = yplniBn T’;" =
1 15 1 gﬂ.
Yot gn = g2 (£), 0= au(f).

Now,
q, = Pxp{f prdY; — if (@:}‘-’dﬂ}
0 2

t,'”:ﬂr'[-f -I— n”r.-'”du——/ {r.-'”} du} (3.17)
0
and

o[
g5 = exp{ h(L)dY, - 5 [ (B, }}idﬂ}
A

h(X,)dW, +f h(X, )h(X,) du __f (h(X )2 du}

= p

(3.18)



As seen earlier g
f (40 — h(X.))® du — 0 in P — probability.
1]
Similarly
s 2
f (;-b: = h{Xu}) du— 0 in P — probability.
L1

;"!LS £ Conseqience
qi. — @ in P @ P — probability.

Now
o = / f( X, )at.dP
and
Here f(X: ) — f(X:) in P- probability. It was shown in Theorem 3.2 that ™ — # in law. Let
us write gn (@, w) = f( X, (@))gF (@, w)) and g(@,w) = f(Xe(@))qe(@,w). Then we have

gn — g in P @ P probability (3.19)

Op(w) = f_qﬂ (@,w)dP(@) (3.20)
and
Ow) = fg{m,u}df’{m} (3.21)
Po("y'= Po(f)! (3.22)
To prove #” — # in probability, suffices to show that given a subsequence {ny }, there exists
a further subsequence {nj, } such that #"%i — @ in probability. Thus, given {n;}, choose {nx, }
such that g; = g, y; converges to g a.s. PP Let Ej- =4, y
Applying Fatou's lemma, it follows that

H=/gdf’ = fliminf_c';jdl'_}

J—oe

14

lim inf f gidP = liminf#; a.s. P
J—oa j—o0
So,

liminf #; = # a.s. P

j—om
and of course
E_.j = f.
Using Lemma 3.3 it follows that #; — # in P-probability.

The subsequence argument given above implies #, — & in P-probability. This completes

the proof. ]

10



Remark 3.1. From the proof given above, it can be seen that the distribution of n,ff does not

play any role. Thus even if the OU noise nff is not stationary (with some initial distribution,

possibly degenerate}, the results given above on the expression for the filter as well as the

approximation results continue to be true verbatim.

Remark 3.2. Here we have only considered the one dimensional case for notational convie-

nience. The results carry over to the multi-dimensional case without any difficulty whatsoever.
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