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Abstract

In this paper, we use wavelet methods to analyse a class tifliimsion linear stochastic system, we obtain
its average power¢density degree¢wavelet expansion &tibreof expansion cdicient.
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1. INTRODUCTION

The stochastic system is very importment in many aspacts.

Wavelet analysis is a remarkable tool for analyzing functid one or several variables that appear
in mathematics or in signal and image processing. With hgidshe wavelet transform can be viewed
as diverse as mathematics, physics and electrical engige@he basic idea is to use a family of building
blocks to represent the object at hand in fiitent and insightful way, the building blocks come iiffdrent
sizes, and are suitable for describing features with auéisol commensurate with their sizes.

There are two important aspects to wavelets, which we shéll'mathematical” and “algorithmic”.
Numerical algorithms using wavelet bases are similar temttansform methods in that vectors and oper-
ators are expanded into a basis and the computations tateipléthe new system of coordinates .As with
all transform methods such as approach hopes to achievghadmputation is faster in the new system of
coordinates than in the original domain, wavelet basedrifgos exhibit a number of new and important
properties. Recently some persons have studied wavelggpng of stochastic process or stochastic system
(see [1]-[17]). In this paper, we study the system (see §MHow to use wavelet methods.

We will take wavelet and use them in a series expansion obsignfunction. Wavelet has its energy
concentrated in time to give a tool for the analysis of transhonstationary,or time-varying phenomena.lt
still has the oscillating wavelike characteristic but ates the ability to allow simultaneous time and fre-
guency analysis with a flexible mathematical foundationt&ke wavelet and use them in a series expansion
of signals or functions much the same way a Fourier seriesvéive or sinusoid to represent a signal or
function.In order to use the idea of multiresolution ,welwibrt by defining the scaling function and then
define the wavelet in terms of it.

With the rapid development of computerized scientific imstents comes a wide variety of interesting
problems for data analysis and signal processing.In fialdging from Extragalactic Astronomy to Molecu-
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lar Spectroscopy to Medical Imaging to computer vision,®wst recover a signal,curve,image,spectrum,or
density from incomplete,indirect,and noisy data .Wawehetve contributed to this already intensely devel-
oped and rapidly advancing field .

2. BASIC MODEL

We conside system

t t t
X(t)=Xo+jt‘ F(T)X(T)d(‘(')+jt‘ B(T)U(T)dT+jt‘G(T)dﬂ(T) 1)

WhereX(t) is n-state variabley(t) is a determinastic inpuE(t) is nxn matix, B(t) ia nxn input matix,
G(t) is nxn matix, A(t) is n-Browian motion.

Soppose (1) satisfay:

1) E{dB(t) d8" (1)} = Q(0)d;

2) Xo is gauss random variable, the averXis Xoan¢B(t) is independent each other

3) [ fRZ.
We havé!
t t
X(t) = FE0X (1) + f e (t — 7)B(r)u(r)dr + f e -IG(1)dB(7) 2)
to to
WhereF(t) = F is content matix.
We can let
t
X(t) = e-0)X + f e -IG(r)dB(r) ©)
to
Then have

my(t) = E{X(1)} = (u),

t
Pu(t) = EA[X(t) — my@®I[X(t) - me(0)] T} = €FEC0Ipyel ) ¢ f FI6QGTe M,

to

WhereXo = E{Xo}, Po = E[(Xo — X0)(Xo — X0)].
Let H = {X(t),t € T} is continuen-random processes, E{[X(1)][ X()]T} < c.
Let (X(t), X(9)) = E{X(t) - X(9)},t,s€ T C R, let
IIXII = (X(1), X)) = (E{XOIXO]H?
To X(t) € H, its wavelet transform ¥§

WX(s X) = éfRX(t)LP(X—;t)dt, seR,teR )

Wherey is mather wavelet!!. We have
Theorem 1

fo fR WX(s. ) - Wg(s X)dxs2ds = Cy (X, 0) 5)

Where G = f0°°|‘i‘(t)|2t‘1dt < co.
Proof: toeachs, VX(s, X). € H, then

00 . 5 B 00 N R - 2 1
fo fR WX(s %) - Wg(s X)dxs2ds = 2r fo fR ()0 |¥(s o) de sds

f0°0|@(s§)|23*1ds o
P fR (&) 9O = Cy (X, @)
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3. SOME PROPERTIES OF WAVELET TRANSFORM

To (3), we have

WX(s, X) = —

1 (| Xor [ FICOBE| oyt
f[ ]\y( Jat

R

- i fR [ gFt-ox tp dt f fto el ’)G(T)dﬁ(f)‘l’ ) ]

WX(s, x)]* = é{UR gF(t-lx ‘{’( . )dtr
+2j';e':(t_t0)x0‘{l(x—;t)dtj|;j: eF(t—r)G(T)dﬁ(T)\P(X—;t)dt
N fR f PG () da(r) (X—;t) dtr}
fo

E[WX(s, X)]? = i{EUR RCON ‘P(XS t)dtr

[ [eremr(* dﬁ(T)dtH
to S
We have:

Theorem 2 The average power of W(s,X) is

Then

+ E

E[WX(s, X)]? = é{E[ f e (=)o ‘P dt +E f ft et T)G(‘r)‘{’ dﬁ(r)dt] }
4. DENSITY
Conside

R(r) = E[WX(s, X+ 1)WX(s, X)]

_ ;12fj;ZE[X(u)X(v)]‘P(u_()SHT))T(V_Sx)dudv
Use (3) we have

L[ ([ gvnmeron (S0 y ()
R(T)_sz{fj,;ze Po€ ¥y . v(— dudy

L e rsmemeTme e vl (4D (.
then

RO@) = = { f f € (U-t0) Py T(v-to)y (“ G T)) (25 duav
s? R? s s
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min (u, v)
F(u-7) T FT(v-1) R4 u-— (X + T)) V-X }
N ffRz Uto FUIG()Q(T)GT (7)€ dT] y ( . ‘P( _ )dudv :
R(Z)(T) = é {fj;z gF(u-to) F_)OeFT(V—to)\I"" (U _ ()S( - T)) b4 (V _S X)dUdV

miny) T u-(x+1) V- X
F(u-7) T F'(v—7) . 77
+ffR2Uto FEIG(MQNG () “Idr. W ( . )‘P( ] )
We have

R(0) = { f f gf )P, eFT(V_tO)‘P(u X)) ( )dudv
+ f fR 2 [ ft e eF<“UG(t)Q(t)GT(t)eFT(Vt>dt] . T(“ ‘SX)) T(V _ X)dudv} (6)

RO(0) = = { f f Ft)p F - to)'{l”(u X)) ( - )dudv
ffR [ f”“'”(”) Fu- t)G(t)Q(t)GT(t)eFT(V—t)dt] q,( SX))‘P(V ) d} @

WherePg = E(XoX]).
Theorem 3 the zero density oX(t) is ds = |R®(0)/.7%R(0)|*/2 can obtain use (6) and (7).

dudv},

5. WAVELET REPRESENTATION

We know?! haveXm(t) € H, thenE [X(t) = Xm(t)]2 =0, m — oo, t € R,
And Xiy(t) = 2 2 binPn(t),

k=—00 N=—c0

Whereby, = [ X(t) Pin(t)dt. have

E [bmn : bkj] = f fR E [X(t) - X()] P2t — n)¥(2™t — n)¥(2*s — [)2™22" %dtds

= f f eF (1) po (sl oMy — ) (2K — )2/ 2gitdls
RZ

Ik

Lettyg.— .-.c0 ,then have

min (s, t)
L eF“’)G(T)Q(T)GT(r)eFT‘“)dT} W@ - (s - )2 drds
to

Jim € bmn bk, f f [ f FtG(T)Q(T)GT(T)eFTSdT]- P(2™ — n)¥(2Xs — )2 2gtds
= f f et [ f G(T)Q(T)GT(T)dT] 'S p2M — n)p(2Ks— |)2MK 2gtds
-C gFt FTS oMt _ oKg _ 1) 2(mK)/24q
ij;z - Y2M - nY(2%s- ) tds,
Where C[.” G(1)Q(r)G'(r)dr.
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Lett — oo, then
Jim_ € [bm - byg| = 0
We know havep(t) = 2%2 3 hep(2x - k)hy.€ L?, x.€ R, k.€ Z.
Letw(t) = 212 3, (—1)kk€f§1,kcp(2X ~K),
Then we havekEZ

X(t) =22 Clp@t-n)+ > 2792 3 dlw(2 it —n)

nez j<J nez

WhereCh = 271/2 [ X(1)p(271t — n)dt, d} = 271/2 [ X(1)¥(27It - n)dt.
We have

E[d}- df] =270+ f f E[X(t) - X(t)] (27t — n)¥(2 ¥s— m)ditds
R2

= 27(+/2 f f eF (o) p eF (o271t — ) w(2 ks — m)dtds
RZ

min (s, t) .
+ f f [ f FEIG(r) GT(r)e" Edr |- P27t — n) ¥(2 ¥s — m)dtds
RZ to

Lety(t) have sopport setkk, Kz], K1, K2 >0, and haveM,
ft”“}‘(t)dt=0, O<ms<M-1
R
Theng have sopport set K3, K4], andK; + Kz = Kz + Ky, K3, K4 >0.
Letb(j, k) =(X(1), ¥ji), a(j, k) = (X(t), ¥ji), then
(272027 — k), K € Z} U {212y(2)t — k), K € Z} s
Is a base of 2(R). and have

X(1) =272 3 a(d K)pt -+ > " 21/20(), P2’ - K).

Kez j=J Kez

We have
Ro(j, ks m ) = E[b(j, m,)b(k; n)]
— o-(i+k)/2 . it — Ks— n)dtd
2 ffRZE[X(t) X ¥(27't = n)¥P(2"s— n)dtds

= 272 f f E[X(t) - X()] ¥(27't - n)¥P(27*s - n)dtds,
D2

WhereD = [-K3, K3].
conside

X(t) = i i am,n“Pm,n(t),

I=—00 N=—00

WherebW¥(t) = 2"2¥(2"t — n), amn(t) = J, X(u) Wrm(u — n/2Mdu,
There¥n(t) = 2™W2¥(2™M), ¥ is mather wavelet, have

amn = Zm/zfX(u) 2MP(u - n/2Mdu = 2™? fX(u) ¥(2Mu - n)du,
R R
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then Efm ] = 22 [ e )XW (2™ - n)du.
If X(t) is a stationary processes, use (3), we know:
my(t) =0,
Py(t) = content= P.
ThenE[am,] =0,

Elamnaj] = 2m /2 f f P¥(2™u — n) ¥(2lv — k)dudv
Rz

= p. 22 f f ¥(2™u - n) ¥(2'v - K)dudv
RZ
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