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Cumulants are useful in studying nonlinear phenomena and in developing (approximate)
statistical properties of quantities computed from random process data. Wavelet analysis
is a powerful tool for the approximation and estimation of curves and surfaces. This
work considers both wavelets and cumulants, developing some sampling properties of
linear wavelet fitsto a signal in the presence of additive stationary noise via the calculus
of cumulants. Of some concern is the construction of approximate confidence bounds
around a fit. Some extensions to spatial processes, irregularly observed processes and
long memory processes are indicated.
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1. INTRODUCTION

Wavelets are a contemporary tool for function approximation and mean level estimation.
They are competitors/collaborators with traditional Fourier analysis, with other orthogo-
nal function expansions, with linear and nonlinear regression estimates and with kernel
estimates. In particular they are useful for handling localized behavior, discontinuities,
and scale and shift transformations. In the time series case they have the ability to pick
up transient behavior. In particular Donoho [18] records,

Mallat’s Heuristic: "Bases of smooth wavelets are the best bases for representing objects
composed of singularities, when there may be an arbitrary number of singularities, which
may be located in al possible spatial positions.”

For example the case with piecewise continuous mean level of atime series falls
into this domain. This present work was motivated in part by examplesin Brillinger [10]
concerning the possible existence of jump discontinuities in the mean level function of a
time series.

Wavelet estimates may be linear in the data available, however a breakthrough
occurred when the concept of shrinkage was introduced, a breakthrough in the sense that
asymptotically efficient estimates are realized, see Donoho et a. [22]. In this procedure
the estimated coefficients of the expansion are moved closer to 0. Shrinkage estimates
are discussed in Section 8, but not investigated in any detail in this present paper.

The focus of the paper is the case where an additive error is stationary and mixing.
The work begins with some mention of existing procedures for estimating mean level
functions of time series, then presents some pertinent properties of cumulants. The use-
fulness of the cumulants lies in their ability to elicit basic statistical properties of esti-
mates quite directly. Linear wavelet estimates are indicated and illustrated in practice
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with some microtubule movement data. Large sample distributions are developed for the
linear case. The large sample distribution presented allows the construction of approxi-
mate confidence intervals for example.

Intentions of this paper are to illustrate that pertinent time series results are avail-
able to study wavelet estimates and that there are direct extensions to irregularly
observed processes, spatial processes, long memory processes and to both continuous and
discrete time. It may be remarked that the proofs required are analagous to large sample
results for tapered Fourier transforms of stationary processes, see eg. Brillinger [8].

The focus of the work is on the smplest form of wavelet analysis, namely orthonor-
mal expansions based on a single function in the case of the line. Here there are func-
tions @(.), Y(.) such that the functions

2 g2'x - k), 2ig@ix -k)

provide a complete orthonormal basis for L5(R). The function ¢(.) is called the scaling
function and (.) the mother function. There are other wavelet analyses based on
biorthogonal functions, based on discrete domains and based on functions constructed to
handle finite regions, discontinuities and boundaries.

The substantive example presented is based on Haar wavelets and has in mind the
detection of step discontinuities. Haar wavelet expansions have the advantage of not
being subject to the Gibbs phenomenon at jump discontinuities, see Kelly [30].

1.1 Estimating Mean Level Functions
Consider the model

Y(t) = S(t) + E(t) (1.1)

t=0,%1,+2, --- with S(.) adeterministic signal and E(.) a zero mean stationary noise.
Hence E{Y(t)} = S(t) is the mean level of the series Y(.) at timet and the problem isto
estimate this. Quite a variety of different procedures have been proposed for estimating
S(t) given data Y(t),t =0, ..., T-1. These methods can be linear or nonlinear and
parametric or nonparametric. One might have afinite parameter linear model, such as

E{Y()}=S(t|a)=a19s(t) + -+ +ay0;(t) 12

with J known and the g4(.), ..., g3 (.) given functions. In a nonlinear regression formula-
tion one would write S(t) =S(t|6) with 6 a finite dimensional parameter to be
estimated. In the case that the mean function S(t) is smooth, writing

S(t) = h(t/T)

suggests that as an alternative one can consider the estimation of h(x) by a kernel
smoother such as

JOESR(ONTCER STPATICER S (L3)

with wy (.) akernel function and U a binwidth parameter. Hardle and Tuan [27] present
results including robust procedures. The problem of estimating U is considered in Chiu
[11], Hart [28-29], Altman [0]. Anoptimal U isdetermined in Truong [45].

As will be seen, wavelets provide another technique for the estimation of mean
level functions such as h(.). Their use has been illustrated in Antoniadis [1], Antoniadis
et al. [2], Brillinger [10], Donoho [17].



2. CUMULANTS

The multilinear and dependence description properties of cumulants allow analytic
derivation of various characteristics of empirical wavelets, particularly sample distribu-
tions. Some pertinent properties are now reviewed.

Given an r vector-valued random variable (Y4, - - -,Y;) the multilinear property is
described by

cunm{a;Y4,...,a Y, }=a; - --acum{Yq ..., Y} (2.1

cun{Y{+Zq, ..., Y, }=cum{YYo, ..., Y, } +tcum{Z,Y,, ..., Y;}
(2.2)

with (Z4,Y1, -+, Y,)anr+1variate and cum symmetric in its arguments.
The dependence description property is based on the result that if any subset of the
Y’sisindependent of those remaining, then
cun{Yy...,Y,}=0 (2.3

This property is useful for formalizing mixing conditions in process cases.

In considering these results it is to be remembered that some of the variates may be
identical, eg. var {Y} =cov{Y, Y}. Cumulants have the further property of measuring
degree of nonnormality since the normal cumulants of order greater than 2 vanish.
Further there are rules for developing joint cumulants of polynomial functions of basic
variates. The above properties are discussed in Brillinger [8].

Cumulants provide easy proofs of asymptotic normality. For example, suppose that
Y1, Y, -+ are independent and identically distributed with E{Y} =0 and var {Y} = 1.
Suppose al moments of Y exist. Consider

S =(Y1+ - +Y,)Vn
then following (2.1) and (2.2)
cum{S,} =n cumc{Y} / nk/2

which tends to O for k > 2 as n tends to infinity. The normal is determined by its
moments, in consequence S, has a limiting normal distribution. There are improved
approximations, Edgeworth expansions, based on higher-order cumulants, see
Barndorff-Nielsen and Cox [3].

Error bounds may be given for the degree of approximation of the distribution of a
random variable by a normal, through bounds on the cumulants. For example Rudzkis et
al. [41] develop the following result. Consider a variate Y with mean 0 and variance 1.
Suppose that

1Y1+v
(v} | < HEQL™

forsomev=0,H =1, thenintheinterval 0<u < &/H
sup |Prob{Y <u}—-®(u)| <18H/d

= | U1+2v)
_1|V

where

6
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Statulevicius [42] provides the large deviation result that if
|lcum{Y}| < (k-1)!H / Ak=2
then
Prob{|Y| =u} < 2exp{ —u2A/2(HA +u)}
Such results are useful in deriving the type of results presented in this paper. A particular
thing to note is that the results are expressed via conditions on cumulants.

Cumulants, specificaly factorial cumulants, are also useful in studying integer-
valued random variables and devel oping Poisson approximations, see Brillinger [9], Sta-
tulevicius and Aleskeviciene [43].

3. WAVELETS
3.1 Introduction

Wavelet analyses correspond to particular types of series expansions. In one simple con-
struction, with x € R, there is a single scaling function ¢(.) and a mother wavelet y(.)
given by

W(x) = 2%'01 (DK 102X k) (3.1)
K=

for some particular coefficients ¢,. Theinteger N relates to the chosen regularity of the
wavelets. If @(.) has support [0,2N—1], then that of (.) is[1-N,N]. Thisis the con-
struction of Daubechies [13]. Pertinent coefficients, ¢, are listed in Daubechies [14].
The functions

P (x) = 2729(2' x k) (32
Wik (x) = 21729(2 x k) (33

are such that
{o(x) and WYy (x), j=1,I1+1,---k=0,#1,%2, ---}

provide an orthonormal basis for Lo(R) for any integer | . A sguare-integrable function
h(x) can thus be written as

)= 5 ket + 5 5 Biwi(x) (34)
for aimost all x with
A = [ (x)h (x)dx (35)
Bik = [Wjk (x)h (x)dx (3.6)
and
2 aR+ 2 5 pr<o (37)

In the case that ¢(.) has compact support, many of the coefficients in (3.4) will be 0.
Expression (3.4) is referred to as a scaling expansion. The pair (3.5), (3.6) are called a
wavelet transform of h(.). The presence of the 2! factor in (3.2), (3.3) is what leads to
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the variable scale character and k is what leads to the translation character, that wavelet
approximations are noted for. When ¢(.) and (.) have compact or near compact sup-
port, the effects of the individual @y (.), Wik (.) termsin (3.3) are localized in x and thisis
one of the advantages of the wavelet approach. One would pick a scaling function ¢(.)
having in mind a desire that the high order coefficients in the expansion (3.4) are small.

One notes that the family @Y(x) = VU @ (Ux), Pii(x) = VU j (Ux) is aso ortho-
normal and complete. These will be used later in the paper. A parameter like U was
introduced by Hall and Patil [24] to facilate the study of large sample properties of
wavelet estimates. General references to wavelet analysis are Daubechies [14], Walter
[47-49], Meyer [36], Strichartz [44], Benedetto and Frazier [4].

One particular example, and the one employed in the computations of Section 4, is
the Haar case where
ex)=1 0sx<1
0 otherwise
and
Px)=1 0sx <12
-1 1/72<x<1
0 otherwise (3.8

Here N of (3.1) is 1. In this case the expansion (3.4) can be anticipated to be particularly
appropriate when h(.) is piecewise constant, as when E{Y(t)} is constant at one level for
awhile and later constant at other levels.

In practice, equivalent expansions like the following, with J a large integer > | +1
and| <J-1are employed.

hy(x) = ; 0 gk Qo (X)
= jgw; Bjk Wik (x)
= ; A P (X) + Jg% Bjk Wik ()

These expansions contain a finite number of items, at each x, in the case that ¢(.) has
compact support.

One may deal with convergences other than that of L,. In what follows, concern
will be with the pointwise case. One reference concerning the mathematics of pointwise
convergence of wavelet expansions, like those above, asJ — « isKelly et al. [31].

The discusion so far has referred to the cases of R. On occasion a restricted
domain, such as [0,1], will be of principal interest. The Haar wavelets actually provide
an orthonormal basis for L,[0,1], but are special in that sense. The Y generated by
other ¢ are not generally orthonormal for [0,1]. Researchers have constructed wavelet
like orthonormal bases for L [0,1], but additional functions have to be introduced and
one needs to orthogonalize eg. by Gram-Schmidt, and so loses the ssimple form, see Dau-
bechies [15], Cohen et a. [12]. The difficulty is with the boundaries. The work of this
paper will persist with the functions of the form (3.2), (3.3) in order to better understand
this particular situation.

Given data Y(t),t=0,...,T-1 and T =2P there are fast discrete wavelet
transforms taking the form

T_
Y@k = tZ; Wkt Y(t) (3.9



with
W(j Kt @Llljk(%)
fork =0,..,2-1,j =0,...,p—1, see Donoho et a. [22] .
In practice the spatial case is of great importance, eg. in image processing. Suppose

X €RP. Now severa scaling functions are involved. Wavelet theory indicates the
existence of | functions Y()(x), i =1, ..., | suchthat

PR(x) = 2P2p0)(2 x ~ k)

forjeZ,keZP,i =1, --- | provide an orthonormal basisfor L,(RP). The existence
of such functions is discussed in eg. Meyer [36], Daubechies [14], Benedetto and Frazier
[4]. Squareintegrable h(x) isnow written as

=3 § 5 BRwR (3.10)
for x € RP with

B = [Wfi0h 0 x

Expression (3.10) is a so-called homogeneous expansion in contrast to the scaling expan-
sion of (3.4). One means to construct such a basisis via the tensor product method. For
example when p =2, then | = 3 and one sets

PR(X) = 21 p(21 x1-k1)P(2) X2~k 2)
WIR(X) = 21 P(2 x1-k 1) p(2] X~k 2)

WR) = 2 P2 x1-k)P(2 x27ko)

with ¢(.) and (.) scaling and wavelet functionson R. The two dimensional Haar system
involves functions constant on rectangles.

3.2 A Statistical Setup

Consider the model
Y(t) =S(t) + E(t) (3.11)
t=0,%1,+2, --- with S(.) deterministic and E(.) zero mean stationary noise. Suppose
that thedataY(t),t =0, 1, ---, T areavailable, with T large. Suppose further
S(t) =h(t/T) (3.12)

for some measurable bounded h(.) on [-1,1].

Suppose  that h(.z{ is expanded using the complete orthonormal family
{@W(x) = VU @i (Ux), PR (x) = VU gj (Ux), 1 =l +1,..., k=0,+1,+-2,..}. Then

h(x) =3 agR(x) + 12; BRUYX)

almost everywhere with
aji = f@k()h (x)dx (3.13)
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Bjx = [wjk(x)h (x)dx (3.14)
If U=2", then o} = 0tj4n k, QR(X) = @ +n k(X) with similar shifts for B and Y. This
identification is useful in simplifying some devel opments.
Expressions (3.13), (3.14) suggest computing the statistics

~y_1 t
Gl =T 2 YO (3.15)
BY =T 2 WR(IYO®) (3.16)
and as an estimate of h(x)
ix) = 7 Gl o) +JJ;1; BY W) (3.17)
for some J. The estimate (3.17) may also be written
TORORK) o T S BR w0 (3.18)

Inthe case U = 2", these become
~ J+p-1_ A
T @) ad "5 B (x)

respectively. For agiven x, the number of termsinvolved in these various expressions is
finite, so there are not difficulties with convergence.

Expressions (3.15) and (3.16) constitute an empirical wavelet transform. Supposing
that U = 2" and that the observation domainist =0,...,T—1 then (3.16) has the approxi-
mate form of (3.9), with the coefficients displaced by n. The transform can therefore be
(approximately) computed using available discrete wavelet algorithms.

For Haar wavelets the function (3.7) will be piecewise constant, specifically the
estimate h(x) is the mean of T/2JU of the Y(t) vaues around the time point
T([2IUx]+.5)/27U, with [.] here indicating integral part.

3.3 Properties of the Statistics

The statistics (3.15), (3.16), (3.17) are linear in the Y’s, hence certain sampling proper-
ties, eg. large sample variances, cumulants and distributions are directly available. Some
assumptions and consequent results follow.

ASSUMPTION 1. The function h(.) is bounded and of bounded variation on [-1,1] and
vanishes outside that interval.

The assumption of bounded variation leads to error bounds when certain sums are
approximated by integrals.

ASSUMPTION 2. The scaling function ¢(.) is bounded and of bounded variation on
[0,2N-1] with N an integer and satisfies (3.1). For given | the collection
{0k (), Wik (), ] =1,1+1,.., k=0, £1, £2, - - -} of (3.1)-(3.3) provides a complete ortho-
normal basisfor L »(R).

ASSUMPTION 2. Assumption 1 holds and the coefficients of the expansion (3.4) satisfy
S log(j +1) |2\(j )2 < 3.19
J;{; Bﬁ] [log(j +1) [°A(j ) < (3.19)

for some A(j ) positive and increasing to co with j .
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This last assumption concerns h(.) and is a strengthening of (3.7). Itsroleis bound-
ing the bias of the estimate of h(x) that will be constructed. In the case that (.) has
compact support, the inner sumin (3.19) isover < A2l termsfor someA.

Concerning the time series Y (t), suppose the cumulant functions of the stationary
error series E(.) exist and are denoted

Cm(U1, ... ,Un-1) =cum{E(t+uy), ..., E(t+uyn-1),E(t)}

form=1,2 --- andt,u=0,%1,+2, ---. Inthe case m =2, write cgg(u) for cy(u).
The power spectrum at frequency A is

fee(A) = 2_111% e AU ceg(u)

and will be needed below. Needed aswell is

ASSUMPTION 3. The cumulant functions of the zero mean stationary series
E(t),t =0, %1, +2, - - - satisfy

Km = z |Cm(ul! e !um—l)l < © (320)

form=2,3, ---. Also
% |u[cee(u)| < (3.21)

and f EE(O) Zz0.

Here (3.20) is Assumption 2.6.1 in Brillinger [8]. It is a form of mixing condition
and leads to the consistency and asymptotic normality of the estimates to be studied.

THEOREM |I. Suppose the model (3.11) holds with S(t) =h(t/T). As T - o, under
Assumptions 1, 2, 3

i)
E{@¥ - o)} = O (22U 12T-2) (3.22)

E{(B} - B{)} =0 (22U v2T-1) (3239
where the errorsterms are uniformin j, k, 1, U, T. Also
i)
cov{a, al} = 2 gg(0) T2 icnk(u)cnkr (u)du +0(2UT)
(3.24)
cov{al, Bfk} = 2mf ge(0) T icnk(u)wykv (u)du +O(+12UT-2)
(3.25)

Al A u o
cov{Bjx, By} = 2mf ge(0) T2 [ Wik (Ubyie (u)du + O (20+172uT-2)
(3.26)
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The errorsterms are uniforminj, j', k, k', 1, U, T. Next
iii)
|Cum{ﬁjlfk1’---’[§j9nkm} | < AMK,201%  +im)(12 = Um)y m/2-17-m+1 (3.27)

for somefinite A, with similar expressions for the cumulants involving the aY. Fina ly

iv) If U/T - 0,U=¢e0asT - oo, then finite collections of the aV, Y are asymptoti-
cally normal with the indicated first and second order moments.

Since f ge(0) # 0, the variances are actually of order T-1for U > 0. If U - oo with
T, then the integrals in (3.24) - (3.26) vanish in the limit for distinct subscripts and the
corresponding statistics are asymptotically independent. If the E(t) are independent with
variance ogg then 21tf g(0) is replaced by ogg in the above expressions.

The proof of the theorem |s given in the Appendix. It proceeds by evauating the
joint cumulants of the aY and B and seeing that sup U under the indicated assumptions,
(3.22)-(3.27) are satisfied. The result might have been anticipated by Theorem 4.4.2 of
Brillinger [8] with the @¥(.) and g¥(.) in the role of the tapering functions of that
theorem.

Expression (3.26) will later suggest an estimate of the power spectrum value
f ee(0).
Below it will be seen that

var {h (x)} EMT(X)
with
T(X) = % o) (x)2=23U % @2 Ux — k)2

Because ¢(.) has finite support, T(x) < A2JU for some A, but its nearness to O for large
23U isnot immediately clear.

THEOREM 1. Under the assumptions of Theorem I, for almost all x,y in[-1,1]
i)
E{h(x)} = > ablgh(x) + O (UT (3.28)

cov{h(x), h(y)} B

21t (0
O 5 gh o)
(3.29)
iii) Thejoint cumulants of order m are O (2M-DIYM-1T-m+1) asT _, o and

iv) If TIt(Xy), ..., T/It(Xy) —» o, a T - oo then ﬁ(x]), ---,ﬁ(xN) are asymptoticaly
jointly normal with the indicated first and second order moments, for N afinite integer.

In the Haar case the asymptotic normalit }/ IS not surprising, since the estimate is the
mean of T/U 2J contiguous values and T/U2) _ . The proof of the Theorem is given

in the Appendix. It follows by evaluating the cumulants of h(x), making use of Theorem
l.

To study the biasin more detail consider the expression
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J.Jzi_lw > B Uk(x) (3.30)

which is another way of writing the first term on the right hand side of (3.28). Supposing
U =2" this expression becomes

21 By Wan k() = i "3 Bii) (3.31)

From Theorem 1’ of Morlcz [37], concerning the degree of approximation of a function
by the partial sums of an orthogonal expansion, one has under Assumption 2’ that, for
amost al x, (3.31) ish(x) +o(/A(J+n-1)) as n - o. No smoothness assumptions
have been made re @, Y in that development. Under other assumptions on ¢(.) and h(.)
other expressions may be obtained for the degree of approximation of a partial wavelet
expansion, see Antoniadis[1], Antoniadis et al. [2], Kon and Rafael [33].

COROLLARY, Under the assumptions of the Theorem and Assumption 2, and if
U =2", then h(x) is asy Ptoﬂcally unbiased and consistent at aimost al x in [-1,1],
prOV|ded)\(J+n 1) - ,2J20T-1 ., 0asT - .

It may be noted that the aszmptohc distribution of VT/2JUR (x) can be centered at
h(x), provided 22 UT 1,292y -12TU2\(J+n-1)"1 _, 0asT - oo.

To construct a confidence interval for h(x), one will need an estimate of f gg(0).
Noting (3.23), (3.26), an estimate could be based on the BH{ for which it is felt that the
corresponding Bk = 0. Supposing thisto bethe casefor j =J, asimple estimate is

fee(0) = Z_HZ- (BYR)?/ K (332)

provided U is large, where K is the number of k’s summed over. The estimate is con-
sistent when K - oo, appropriately with T. Specifically one has
THEQREM I11. Under the conditions of Theorem | and if K, T/K,U - 0 asT - oo,
then f ge(0) tends to f g(0) in probability.

The proof isgiven in the Appendix An estimate of var { h(x)} is now given by

2T[f EE(O) ; H((X)z

following (3.29) and one has

COROLLARY. Under the conditions of the Theorem the variate
(h(x) - E{h(x)})/(2mf EE(O)% @i (X)2/T)VY2 tends in distribution to the standard normal.

There are similar results for finite collections of such variates.

Antoniadis [2], Antoniadis et a. [1] consider the linear case of a Gasser-MUller type
estimator and the E(t) independent and identically distributed. They develop bias, con-
sistency and asymptotic normality results.

In some circulstances one can employ cumulant techniques to construct simultane-
ous confidence bounds. This could proceed for example by showing that the distribution
of the number of crossings of a high level is asymptotically Poisson.

4. A SUBSTANTIVE EXAMPLE

Asan illustration of wavelet analysis, consider searching for jumps in records of microtu-
bule movement. Microtubules are linear polymers basic to cell motility. A concern is
whether their movement is smooth, or rather via a series of jumps. See Malik et al. [35]
for adiscussion of the experiments involved.

Suppose Y (t) denotes the distance a microtubule has travelled at timet. A model to
consider is
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Y(t)=y+& +h(t/T)+E(t) (4.1)

with & a parameter related to diffusion motion and h(.) a step function corresponding to
jumps. Re the parameter J involved in the analysis, it will be had in mind that there are
but a moderate number of jumps.

The Figure presents a Haar wavelet plus linear trend fit to the data on the location of
a microtubule as a function of time in one experiment. The top panel graphs the data
itself. The y-units in the panels are nanometers and the x-units in milleseconds. The
middle panel provides a linear trend plus Haar wavelet fit. The bottom panel provides a
corresponding shrunken wavelet fit bringing in the next level of detail. (The steps of
such afit are described in Section 8.) The dashed lines provide approximate +2 standard
error limits about the fits. There is minimal evidence for jumps in this particular trajec-
tory and not much difference between the linear and shrunken estimates. The length of
the seriesherewas 1024,| =3and J = 4.

The calculations here were done by two stage regression: a) fit wavelets to the data,
b) fit waveletsto t, c) fit the result of b) to the result of a).

The results of similar computations, but for stream flow data, are provided in Bril-
linger [10].

5. IRREGULARLY OBSERVED PROCESSES
Suppose

Y(t) = S(t) + E(t)

for t € R, but that the values are observed at time points 1, of a stationary stochastic
point process. Denote thedataby Y(1,), -T <1, < T. Define

N(t) =#{t, in (-1t]}
and let the rate of the process N (.) be given by E{dN (t)} = pydt.

Suppose S(t) = h(t/T), with support [-1,1] as before and for some | consider the
wavelet expansion,

he)= 3 akeke)+3 5 BRURK)

As estimates of the coefficients take
&Ik' = mlﬂ—% OR(Tn/T) Y(tn)
and

B = N7y 2 WH(/T) Y (1)

To study these estimates consider the bivariate process X(.) defined by
dX(t) =[dN(t), E(t)dN ()] (5.2

Suppose that X has dtationary increments and cumulant measures defined for
a,=1,2,n=1.mm=23, . by

Cum{anl(t +U 1) ..... anm—l(t +Um—1), anm (t )} = dCal ''''' Aam (U 1y =+ vy Um—l)dt

with C,, ... a.(Ug, ..., Un-1) Of bounded variation in finite intervals. Such an assump-
tion isemployed in Brillinger [6]. The power spectral density matrix of X(.) at frequency
A has entry



-12 -

Fog (A) = = [e 1M dCoq ()

inrow ¢ and column d. Inthe case that E(.) and N(.) above are stationary and indepen-
dent, the matrix is diagonal with entries f 11(A) = fyn (A) and

f 2o(A) = pif T ee(A) + fee-V)Tan(v)dy

where f gg(A) isthe power spectrum of E(.) and fyy (.) that of N(.).
Paralleling Assumption 3, it will be required that
ASSUMPTION 3'. The process X(.) of (5.1) has stationary increments and

I'dcal ..... an(UL, -+ oy Um-1) | =Ky < o0
foraq, - ,an =1,2. Also
JluldCeq(u)] < o
forc,d =1,2. i
Now N (T)Bj¥ isgiven by

JTjquj&i(t/T)h (t/T)dN(t) + iwjag(m)dx (t) (5.2
and its expected value is

PnT [WiR()h(x)dx = py T Bjk
Its variance is approximately

1 1
21T f yn (0) J PR(x)? (x)2dx + 27T 2(0) J‘ PR (x)%dx (5.3
1 1
which may be estimated as at (3.32) following an assumption that B} = 0.

The cumulants of order m are in absolute value are g AMK , 20 t+-+m)(V2=Vm)T for some
finite A as before. The asymptotic normality of the o}, [3 follows as Theorems 4.1 and
4.2 of Brillinger (1972) with the @¥(.), {¥(.) again playlng the role of tapers.

One defines the estimate h (x) by (3.12) once again. Because of the presence of h(.)
in the first term of (5.3) however the variance estimate is more complicated since the
terms with different jk are no longer asymptotically independent.

The 1, could be assumed fixed asin Brillinger [7] and alternate results devel oped.
6. SPATIAL PROCESSES

Consider t € RP, so a change has been made to a spatial and continuous domain for the
basic process. Inthe case of p = 2 one might be studying an image. Consider the model

Y (1) = S(t) + E(t)

for t € RP and suppose one wishes to estimate h(x) where S(t) = h(t/T) where h(.) has
support [-1,1]P and E(.) is stationary spatial noise. Suppose that h(.) has the homogene-
ous wavelet expansion (3.10).

The analogs of Assumptions 1 to 3 above are immediate.
Consider the statistic

B = TP ylOET)Y (D)t
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with YL0)(x) = UPY (Ux). This statistic is linear in the data so one can evaluate
cumulants directly. As an estimate [3H<(') isunbiased. Arguing asin Brillinger [5], (6.1)

has variance
2rt|P vooouo
| fee(0) L e LUJJ(k)(U)ZdU
and the various ['s are asymptotically normal. If U - oo, they will be asymptotically

independent. The asymptotic normality is Theorem 3.2 of Brillinger (1970) with y%()(.)
in the role of taper. One can follow (3.32) and consider

fee(0) = {Z—Tn C 3 I(BRORIK

as an estimate of f gg(0) where K isthe number of B4 involved.
A homogeneous linear wavelet estimate is provided by

Ao =S 5T 5 BUOWYO)(x
(9= 5 T BKOWKOM
for some J. Asavariance estimate for ﬁ(x) one can consider
2n’e o Jil U (i)(x)2
| fes( );j:_wg PkH(x)

and use this to set approximate confidence intervals.
Once again these properties may be derived by arguments involving cumulants.

7. LONG MEMORY PROCESSES

The processes considered up to now have been mixing, for example it has been assumed
that

2 |cee(u)| < o (7.1)

In the cases of a long memory process this sum may be «. Consider for example a
discrete time circumstance where the moments of the process E(.) exist, but its power
spectrum has the form

fee() = [1-e A 2" () (7.2)

where f* (M) is strictly positive, continuous and has bounded variation, 0< d < 1/2.
Then

cee(u) B |u |2d-12f * (0) F(1-2d) sin(rd)

as |u| - oo, see Klinsch [34] and so (7.1) does not hold.

Under some regularity conditions including (7.2), Yajima [52] considers the large
sample distribution of statistics, like (3.15-16) withU =1andt =0,...,T-1. Hefinds
they are asymptotically normal, but for example

~ 11
var {B;} H2T-1+2d > OF (1-2d)sin(rd) [ f ik GO y) [x-y | 2d-Ldxdy

His argument also gives

A~ A 11
COV{Bjk, Bj'k'} EZT_:HZd f* (O)F(1—2d)si n(T[d)gg lIij(X)lle'k' (y) |x—y |2d‘1dxdy
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expressions which may be usefully compared with (3.26) with the difference that asymp-
totic independence can not be anticipated. As before, one could use these last to develop
estimates of f * (0) and var { h(x)}.

Rosenblatt [40] also develops such large sample distributions in the long memory
case. Robinson [39] reviews the kernel estimation of mean level functions in the pres-
ence of long memory noise. Wang [51] considers efficiency results. Percival and Gut-
torp [38] employ the Haar transform to study the Hurst effect. Gao [23] considersthe L,
norm under along memory assumption.

8. SHRINKAGE ESTIMATES

By shrinkage is here meant the replacement of the sample coefficients of a statistic by
related "smaller” values in an attempt to obtain greater stability at the expense of some
increased bias, particularly when it is felt that the actual coefficients are small. Shrink-
age is basic in statistical work with wavelets, Donoho and Johnstone [19], Kerk-
yacharian and Picard [32], Donoho [8] and Hall and Patil [24].

There are a variety of forms of shrinkage estimate. In a regression setup
coefficients 3 are multiplied by factors between 0 and 1 depending on their individual
uncertainty. For example 3 may be shrunk to

w(Blo)
where 0 is an estimate of the standard error, of [3 and w(.) isasigmoida function such
that w(u) E1 for large |u | and B0 for small |u|. Tukey [46], for example, proposes

w(u) =(1-1/u?), (8.1)

while Donoho and Johnstone [19] emphasize the cases of hard and soff limiters. It may
be noted that these multipliers generally weight to O all terms where || is less than its
standard error, asisintuitively plausible.

In the wavelet case, one can consider the shrinkage estimator

i) = 3 a0 + 5 5 wRBRUH ) 62)

where Wiy is amultiplier depending on Bjk. This type of estimate has been proposed by
Donoho and Johnstone [19-21] and studied by them and by Hall and Patil [25] amongst
others. The estimate is nonlinear and such nonlinearity can be necessary to obtain
efficient estimates, see Donoho et al. [22].

In practice the multipliers could have the form
Wik =W (Bjk/0jk9) (8.3

for asigmoidal function w(.) where gj is an estimate of the standard error of B;x where
the constants 1/d and J tend to o« at a some rate. Through choice of J and & one can
affect the location and spread characteristics of the estimate. The bias can be anticipated
to be less for large J and small &, while the variance would be less for small J and large
0. Some discussion of the situation is provided in Hall and Patil [25].

An estimate based on (8.1-8.2) was employed in the Figure of the example of Sec-
tion 4. The properties of the estimate will be developed in a second paper.

9. DISCUSSION
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The usefulness of the cumulants in this work is that they provide an algebraic-
analytic calculus allowing routine derivation of probability bounds and approximate dis-
tributions. Various of the results are pertinent to other series estimators.

Other approaches to picking up discontinuities via wavelet techniques are indicated
in: Donoho [16], Wang [50], and Hall et al. [26].
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APPENDIX

_Throughout the proofs, A will denote a finite bound. Sometimes the properties of
the a¥ will not be developed, but in those cases the argument presented for the Y is
applicable.

The following lemma of Polya and Szegb [38a] will be needed.
LEMMA 1. If the function g hasfinite total variation, V, on [-1,1], then

1 t V
| f9 () —T-lj_ g() <+
forinteger T > 0.
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PROOF OF THEOREM .
Consider (3.23). One has
E(B = 3 WR(HN(T)
and from Lemma 1

|%z wjl,g(%)h(%) - [WKOOh (x)dx | <variation{yy h}/T

and that variation is A2i2U Y2, This gives (3.23). The result for &jﬁ follows similarly.
Consider next (3.26) inthe case (j ,k) =(j' ,kK'). Onehas

var (Bt} = 2 55 W Iceelts 2

= %uiTCEE(U) z lth%(t%)thg(%)

where the sum for t is from max(-T,-T-u) to min(T,T-u). Next, with u > 0, (the
negative u case follows similarly)

| URCETOUR(E) - SWR(P?

< A2 2032 STIGRET) - kD T+ IRE - wR(E52))

o R - wRh1

< 212U12A |u | variation{{{} < 21UA |u |
Again from Lemma 1
|3 R - [wik(a%x | <2 UA/T
and the result (3.26) follows on remembering the definition
1 00
fee(0) = 5= Cee(u
ee(0) = 27 2 Cee(U)
and the assumption (3.21). The covariance result follows similarly.
For part iii), writing a for a subscript pair jk
cum{Bg, - - Ba} =
t+u, t+Um-1

T o S ena(un ) TWRET) R ()

TM ST p=-2T

Abreviating the notation, from Hblder’ s inequality
I; Wa - Y, | S(thballm)”m e (;Iwam |m)ym
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and
S| WR() ™ < 2M2Am2TUIT |support

counting terms. Putting these together one hasiii).

The asymptotic normality, part iv), follows from the fact that the cumulants of VT Q
tend to those of the normal as T — o and Lemma P4.5, page 403 in Brillinger (1975).

PROOF OF THEOREM 1.

The proof will use the first representation (3.18) The number of k with nonzero
termsis bouned by 2N. Using (3.22) the expected valueis

2 E{aj}ei(x) = ;(Giﬁ + 022U V2T 1))k (x) = 2 ak@(x) +O(27UT)

asindicated.
For (3.29), one uses (3.24). Consider

2 cov{a g, ok (x) @ (v)

2rf ge(0
320D 5 ghene)
asdesired for U sufficiently large.
Parts iii) and iv) follow likewise from the result iii) of Theorem | with a = (J k).
One has

cump{h(x)} = >3 cum{ay, - -+, adIeY(x) - - - @Y (x)
=O(T My - 5 2ot +jm)(U2 - Um)oja/2., .. 2jm/2)
a; am

= O( T—m+1[z 2i(1- 1/m)]m)

The convergence of the standardized cumulants to those of the normal gives the
asymptotic normality.

PROOF OF THEOREM I11.
From (3.26) and the fact that E{[3} isO

~ U
E{fee(0)} = @f ee(0) (3 [ W (u)%du)/K +O(2°U/T)

From (3.27) the variance of BU is O(T™1) uniformly and the fourth cumulants are
O(22UT-3) uniformly. It follows that the covariances of the (BY)?s are
O(T29)+0(22UT 1) and so var {f gg(0)} is O (K2T~2). Thusthe estimate is mean square
consistent.

PROOF OF COROLLARY.

One usesthe result that if asT — oo, a sequence (Y1 — Ut )/ot approaches the stan-
dard normal in distribution and if o/o7 tendsto 1 in probability, then (Yt — pr)/oT aso
tends to the standard normal in distribution.
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Figure legend

The top panel provides one of the traces of movement of a microtubule. The second
panel provides a fit of the model (4.1) employing Haar wavelets and approximate 95%
confidence limits around the fitted line. The third panel provides the shrinkage estimate
(8.2) employing the Tukey multiplier (8.1).



