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ABSTRACT 2. PROBLEM STATEMENT

In this paper, an effective method is proposed for detecting Lety(t) be a (scalar) observation data given in the form,

a signal which is corrupted by nonstationary random noise. y(t) = s(t) +n(t), 0<t, 1)
First, the noisy observation data whose statistical property is ) . )
wheres(t) is a (nonrandom and locally existing) signal to

nonstationary owing to the noise is modified such that they _ X X
become stationary ones. Then, based on this stationarize®® detected; ang(?) is the random noise. Up to the present
time, in the most literature the noisgt) has been treated

observation process, the stationarity test is executed to de-

tect the signal. The method is tested by simulations to show?@S 2 white noise, otherwise, treated as a stationary colored
the efficacy. noise process. In the most real situation, it may have a non-

stationarity nature. For example, under the sea the com-
munication or sensing situation is greatly influenced by the
conditions of tidal waves. If the intensity of the tidal wave
1. INTRODUCTION increases, then the intensity (variance) of the random distur-
bance also becomes increasing. Consequently, in order to
Recently, in the field of statistical signal processing there reflect the actual situatiOﬂ, the environmental _noise.shoulq
has been a renewal of research interest in the theory of nonP€ modeled as a nonstationary process. Keeping this fact in
stationary processes, and many of the new techniques tdgnind, the random noisg(t) is assumed to be generated by
handle nonlinear and/or nonstationary processes have devet€ process described by
oped in the areas of sta_tlsucs, engineering or more spec_lfled dn(t) = —B(t)n(t)dt + at)dw(t), 1(0) =m0, (2)
processes such as environmental science, psychophysics or
mathematical finance [1]. wherew(t) is a (scalar) standard Wiener proces§;), 5(t)

Especially, the signal detection has been recognized a'® Slowly and smoothly varying positive but unknown func-
one of the most important problems in the signal process_t|ons; and the initial value is a Gaussian random variable

ing area for several decades. However, the most convenith Zero-mean and unit variance. Then, the nojgs is
tional approaches to the signal detection is based on thdN® nonstationary process having time-varying power spec-

assumption that the corrupting random noise is stationary!ral density function. This spectral density function may be
with (time-invariant) power spectrum (e.g. [2,3]). As well- mterpreted as the evolutionary spectral density in the sense
known, the short-time Fourier transform, wavelet and Wigner®f Priestley [4]. _

distribution are regarded as useful tools to detect signals in . 1ENC€, our purpose is to propose a method to detect the
random noise; however, these may be effective only for the signals(t) from the nonstationary observation daig(?)}.
signals, leaving the nonstationarity property of the noise. In OUr Procedure for the signal detection is as follows:

this paper, focussing our attention to the nonstationarity of
the corrupting noise, we investigate a signal detection prob-
lem.

(i) First, based on the noise model (2), the coefficient
functionsa(t) andg(t) are estimated using observation data
{y(®)}.

S ” by the 3 < o the P (i) Then, using the estimates fau(t) andS(¢) obtained
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(i) For the stationarized process, its stationarity is testedviewpoint of its accuracy. Instead, this is estimated from the

incorporated with the KMIO-Langevin equation [5-7]. standpoint of the energy of the noise process. Itis calculated
in the neighborhood aof as
3. PROPOSED APPROACH o0 o2
v(t) = / St(N)dA = — . (8)
Recalling the basic assumption that the duration of the sig- - B
nal s(t) is very local, consider the case of signal-free, From this, we have the estimae by
t) = n(t), 3 . a2

or equivalently, its stochastic differential, .
whered, = [7_Sy(A) dA.

dy(t) = dn(t
y() n(t) B. Stationarization ofj(¢)-process
= — B(t)y(t)dt + a(t)dw(t), 4) Having obtained the parameter estimatesnd3;, the ob-
servation process (4) is expressed as follows:

which shows that the observation process is clearly nonsta- . A

tionary. dy(t) = —Bry(t)dt + &, dw(t). (10)

A. Parameter Estimatian In order to relate this process to the (discrete-time)JKM

We have assumed that the coefficient parametétrs and Langevin equation later, let us introduce the discretized ver-
A(t) change slowly and smoothly. More concretely speak- sion for (10). To do this, consider the stochastic differential

ing, in an intervall; around the current timg they are as-  (10) as the small increment, and write (10) as
sumed to behave approximately like a constant, i.e.,

8yt + Br ye Ot = Gy Swy. (11)
alt) = ar,  f(t)=p fort eI, (5) Diving both sides by, §t provided thati; # 0, we have
Recalling that the power spectral density of the process (2) Sys + e v 6t Swy
with constant parametersand3 is given byS(\) = a? /(A2 a0t et (12)
+3?), the power spectral density of thgt)-process is ap- ) ) _ -
proximately evaluated as Then, the pght—hand side pf (12) can be |Qentlf|ed to a sta-
tionary white Gaussian noise sequence with zero-mean and
S0 — ay? 6 unit power spectral density. Keeping this fact in mind, let
t(A) = 22+ 3,2 6) us define for eacha sequencg; by

under the local stationarity assumption (5). The suffix in ji = Sye + By ye 0t (13)
the notationS, () stands for the dependence onin this ot Gy '

sense 5y (A) may be interpreted as the time-varying Spec- then this process can be regarded as a (discrete-time) sta-
gql d(talns;ty (or, evolutionary spectral density in the sense of ;1 - version of the observation Process.
riestley).
With the help of Priestley’s method of the estimation C. Representation by the Ki@-Langevin Equations
of evolutionary (time-varying) spectral density, the density Broadly speaking, the KMD-Langevin equations, where
S;(\) can be estimated from the observation dggét)} KM,O stands for the names of Kubo, Mori, Miyoshi and
(provided that no signal exists in the data). Let it denote by Okabe, can be regarded as (discrete-time) versions of AR

gt()\)_ models with time-dependent coefficients.

From the relation (6), we have The forward and backward KMD-Langevin equations

, proposed by Okabe [5-7] are expressed as follows:
S 1>\ - % 2 (ﬁ%‘) ' @ S
() o Y(k) = =Y 7 (k.n)Y (n) — 64 (k)Y (0)

Then, the coefficient};/ozﬁ_andﬂtz/%2 can b_e_determined n_1+ v (k) (14a)
as the least-squares estimates by minimizing the square-
error,|1/S5,(\) — 1/S:(\) 2. k-1

Though both coefficients are obtained, we employ here Y(-k)=—-=> ~v_(k,n)Y(—n)—3d_(k)Y(0)
only the first one to obtaid; = /a?. The use of the n=1

estimate obtained here @ is not recommended from the +v_(-k) (k=1,2,---,K) (14b)



whereY (-) is a random sequence; (-) andv_(-) are the

forward and backward innovation sequences, respectively;
{v+(, ), 0+(-)}and{~_(:,-), 6_(-)} are coefficients called
the KM, O-Langevin data and these can be determined unique

from the observation dafg(-).

Itis proved that the following statements are equivalent:

(S1) The random sequentd-) is locally and weakly

stationary;

(S2) The processeg ()} and{v_(-)} are sequences

of mutually independent random variables.

In this paper, the stationarity test for an observed ran-

dom data will be carried out based on these statements.

D. Stationarity Test

Let I; be a time interval around the current timel;, =
[t— M, t+ M) (M > 0). Partition]; into 2K equi-intervals.

For a set of given datdg;tiati—o.1
during the time interval;, normalize them such that they
are distributed av[0, 1], and let these normalized data be
denoted{fftim}1-:071’..._,;(. Then, identify these data with

{Y(:l:k)}n:071,...7[{ in (14)
The stationarity test is executed as follows:
(i) First, compute sample covariancBé/() for ¢ = 0, 1,

2,---,L (< K), whereL is an integer determined from the

confidence level.

ER)

k (A = M/K)

(i) Then, with v (k,0) = d4+(k), 7—(k,0)= o_(k)
andV,(0) = V_(0) = R(0) as initial conditions, two
sets of parameter§V, (k), v, (k,-),d4(k)} and {V_(k),

~v—(k,-),d_(k)} are computed by the recursive algorithm,
where{V, (-)} are variances af, ().
(i) After determined these parameter sets, the fluctua-

tion v4 (k) is computed from the forward KMD-Langevin
equation (14a) as follows:

v4(0) = Y;(0)

ve(k) = Vi(k) + 5 v (k) Vi)

Using the realization$}7tiiA} in (15) as mentioned above,

n=0

(15)

(k = ]w 2a' "31;)'

we obtain the datév, (k)}.

(iv) In order to facilitate the stationarity test, the data

Let the normalized

{v4(k)} are normalized usind’ (-).

random data be denoted l§gk). Then, the claim is to test
whether the datés (k) } are zero-mean white noise with unit
variance or not. In order to test the whiteness of the data, the

portmanteau test [8] is used.

4. SIMULATION EXPERIMENTS

Figures 1-3 show a typical one set of simulation results.

These are obtained for noise process (2) with

C

blt) = Z5=p
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Fig. 1. A sample path of the observation data) (top), the
embedded signal(¢) (middle) and the stationarized daié)

a

ESTIMATED COEFFICIENT

(bottom).

ESTIMATED COEFFICIENT

0.8

0.67

0.4r

0.2

500

TIME t sec.

1000

0

500
TIME t sec.

1000

Fig. 2. Estimation ofx(¢) (left) and3(t) (right) (where the

dash-dot line indicates their true values.)
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Fig. 3. The mean and the variance{@{ k) } (top and middle),

(C =1000, D = 270). The top figure in Fig. 1 depicts the
sample path of the observatigiit) in which a locally dis-
tributed four-cycle sinusoidal wave shown in the middle is
embedded during the time interval [701,720] s. The sample
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path exhibits a typical nonstationary process. The stationar-
ized process is shown in the bottom.

The estimated coefficientd; and Bt are illustrated in
Fig.2. Comparing them with their true values, we may
fairly say that the estimates are well performed.

Figure 3 shows the results of the test of stationarity for

signal detection. The mean values of the normalized data

{¢(k)} is depicted in the top, showing that its process seems

to be zero in the sense of time average. The variance is

shown in the middle figure. Clearly, a salient feature can
be observed around = 700 s where the localized signal
exists. Whiteness test of the proc€s§ék)} is shown in the
bottom. The two leveld) and1, indicate that the hypotheses
for the whiteness will be accepted or not, respectively. The
figure shows that the whiteness{gf(k)} is rejected around

t = 700 s, and hence the decision is made that the signal

exists there.



