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QUASILIKELTHOOD-BASED HIGHER-ORDER SPECTRAL
ESTIMATION OF RANDOM FIELDS WITH POSSIBLE LONG-RANGE
DEPENDENCE

V. V. ANH, N. N. LEONENKO, AND L. M. SAKHNO

Dedicated to Professor Chris Heyde on the occasion of his 65th birthday

ABSTRACT. This paper provides a quasilikelihood /minimum contrast-type method for
parameter estimation of random &elds in the frequency domain based on higher-order
information. The estimation technique uses the spectral density of the general k-th order
and allows for possible long-range dependence in the random &elds. To avoid bias due
to edge effects, data tapering is incorporated in the method. The suggested minimum
contrast functional is linear with respect to the periodogram of k-th order, hence kernel
estimation for the spectral densities is not needed. Furthermore, discretisation is not
required in the estimation of continuously observed random &elds. The consistency and
asymptotic normality of the resulting estimators are established. Illustrative application
of the method to some problems in mathematical &nance and signal detection will be
indicated.

1. INTRODUCTION

Parameter estimation of random processes and &elds in the frequency domain has a
long history and is an elaborated area of statistical inference. Many estimation methods
have been available for different models of stationary processes and &elds with short or
long-range dependence, but the majority of these methods rely on the information pro-
vided by the spectral density, that is, the second-order information only. We mention
here some of the contributions which are most relevant to the approach of the present
paper. These are the results on minimum distance estimation techniques and, in partic-
ular, on the Whittle estimators of Ibragimov (1963), Hannan (1970,1973), Dunsmuir and
Hannan (1976), Guyon (1982), Rosenblatt (1985), Fox and Taqqu (1986), Bentkus and
Maliukevicius (1988), Giraitis and Surgailis (1990), Heyde and Gay (1993), Giraitis and
Taqqu 1999), Gao et al. (2001,2002). The related quasi-likelihood approach has been
elucidated in Heyde (1997).

This paper is concerned with parameter estimation of random &elds in the frequency
domain based on higher-order information. Statistical techniques relying on higher-order
moments and cumulants and higher-order spectra are of increasing demand in many
&elds of applications. The beginning of higher-order statistics can be traced back to
Kolmogorovls work and those contributions in the 60s, such as Brillinger (1965) and
Brillinger and Rosenblatt (1967a, 1967b), but it is only during the past two decades

Date: 25 May 2003.

Key words and phrases. Quasilikelihood estimation, minimum contrast estimator, higher-order spec-
tral densities, long-range dependence.

Partially supported by the Australian Research Council grants A89601825 and A10024117, and the
NATO grant PST.CLG.976361. The authors are grateful to a referee for many suggestions for improve-
ment of the paper.

1



2 V. V. ANH, N. N. LEONENKO, AND L. M. SAKHNO

that the area has been rapidly expanding. The bibliography on higher-order statistics
presented by Swami, Giannakis and Zhou (1997) listed 1759 papers, and these papers are
only those related to statistical signal processing and engineering applications.

We mention here some contexts where higher-order statistics play an essential role.
Firstly, various problems related to non-Gaussianity include detection and classi&cation of
non-Gaussian signals, separation of additive mixtures of independent non-Gaussian signal
and Gaussian noise, suppression of additive Gaussian noise, and tests for non-Gaussianity.
Next are those problems related to nonlinearity such as spectral analysis of nonlinear
processes, identiération of non-linear systems and tests for non-linearity, and modelling
and analysis of chaotic systems. Another area treated with higher-order statistics is non-
stationarity and, in particular, multiplicative noise models, useful for describing certain
kinds of non-stationary behaviour. Higher-order information can also be used to obtain
improved estimates, and, of course, to estimate those parameters which are not covered by
second-order information. We again refer to Swami, Giannakis and Zhou (1997), where
many further areas of application of higher-order statistics are indicated. Some recent
references and examples can also be found in Anh, Leonenko and Sakhno (2002b).

It should be noted that, although a variety of techniques and algorithms based on
higher-order statistics has been available for a wide range of applications, many practical
problems remain challenging, and new problems continue to arise. At the same time, there
exist an increasing need for the development of rigorous theories underpinning many ad-
hoc treatments in practice, as well as the need for the development of new statistical
methods based on higher-order information. We provide an approach here for such a
method, which is based on an extension of the idea of quasilikelihood in such a way that
the estimating function is generated from information on higher-order spectral densities.

This estimation technique is based on the spectral density of the general k-th order.
The classes of processes and &elds for which this technique is applicable are described
by the conditions on the spectral densities of the k-th order and the weight functions
incorporated into the minimum contrast functional. This approach does not exclude the
possibility of the process or &eld being long-range dependent. It should also be noted
that our functional is linear with respect to the periodogram of k-th order, therefore
we do not need to consider kernel estimation for the spectral densities. This approach
will be presented in a uni&ed manner, suitable for estimation of random processes and
&elds, continuous- and discrete-time settings, and with the use of data transformation
by means of tapering. Furthermore, the method does not require discretisation in the
estimation of continuous-time random processes and &elds based on continuously observed
data. Section 2 contains the main results on the consistency and asymptotic normality
of contrast estimators. A discussion and some examples are also provided to illustrate
the method. The proofs are given in Section 3.

2. RESULTS AND DISCUSSION

We begin with the following assumption.
I. Let Y (t), t € R™, be a real-valued, measurable, strictly stationary random &eld with
zero mean and spectral densities of order k = 2,3, ..., that is, functions fi (A1, ..., \p—1) €
Ly (R®=Ym) exist such that the cumulant function of the k-th order of the &eld Y (t) is



given by
(21) Ck (tl, e tkfl) = /(k ) fk ()\1, e )\kfl) eiZ;?;ll Ajt]'d)\l...d)\kfl.
R(k—1)n

We will assume that the spectral densities depend on an unknown parameter vector
e CR™:

fe My Mem1) = fo (A, Aem1s 0)
= Refk()\l,,)\k,1,9)+21mfk()\1,,)\kfl,e)

= flgl) <)‘17 "'7/\k—1;6) + Zflg2) ()‘17 ceey )‘k—he) ;

the parametric set © is a compact set and the true value of the parameter vector 6, €
int ©, the interior of ©. Suppose further that fi (A1, ..., \k—1;01) Z fr (A1, ..., Ag_1;02) for
6, # 0, almost everywhere in R™*~1 with respect to the Lebesgue measure.

Suppose that we are given observations of the random &eld Y (t) over the cube [0, 7",
and we are interested in the estimation of # which is based on the k-th order empirical
information. For this purpose, we consider a generalization to the multidimensional
case of the quasilikelihood /minimum contrast estimation procedure elaborated in Anh,
Leonenko and Sakhno (2002b), which is based on the minimization of a certain empirical
spectral functional of k-th order.

An essential problem we need to address in the case n > 2 is the bias problem due to
edge effects, which features signi&cantly in the asymptotic properties of the corresponding
estimators. We will use an approach based on tapered data (see Tukey 1967, Dahlhaus
1983, Dahlhaus and Kiinsch 1987, Guyon 1982, 1995 among many others), namely, we
will base our analysis on the tapered values

{hr ()Y (t),t € [0,T]"},
where hr(t) = h(t/T), t € R". We will suppose that the taper function factorizes as

h(t) = [ (t:), t: € RY,
=1

and the measurable function h;(t) : R* — R! is of bounded variation, vanishes outside
the interval [0, 1] and should be smooth with h(0) = k(1) = 0.

We dedne the &nite Fourier transform of tapered data {hr(t)Y (¢), t € [0,T]"}, and the
tapered periodogram of the k-th order, respectively, as

(2.2) dh (A) = / he(D)Y (£) e O0dt, A € RY,
[0,T]"

k
(23) Ly (Ao de) = (2m)" Hor(0) 7 [ dl (M), N eR™, i=1,..k,
i=1

where Zle A; = 0, but no proper subset of A\; has sum 0. We have denoted here

Her(\) = / (ho(8))Fe g, ) € R,
(0,7

and have supposed that Hj r(0) # 0.
To simplify our exposition, we will use the following notation: We will write the spectral
density of k-th order as fi(A\) or fi(X;6), where A = (Ar, ..., \g) with Ay = — S 1\,

j=1 "\
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and \;, € R", j = 1,..k; we denote N = (A1,..., \y—1); the same notations will be
applied to functions of k arguments Aq,...,\y € R” with A\, = — Zf;ll Aj . Sometimes
in the following we will also write the spectral density of k-th order as a function of k
variables f (A1, ..., A\g) , where A\, = — Zf;ll A; . Furthermore, where it does not cause any

confusion, we will write [, 1), g () dX', where, again, A = (A1, ..., \p) , A = — Ef;ll A
N €R™ j=1,..k,and X' = (A1, ..., \p_1). Sometimes we will also write such an integral
in the form [ 1), g(A)8 (Zle )\j> dX', with § (+) being the Kronecker delta function.

If v is a set of natural numbers, we will write |v| to denote the number of elements in
v, and 7 to denote the subset of v which contains all the elements of v except the last

one. We will also deal with integrals of the form [5—,. g(u) [T]_; 6 (Z icn uj> du', where

(v1,...,vp) is a partition of the set {1,...,k}. In such a case, integration is understood
with respect to (k — p)n-dimensional vector ', obtained from the vector u = (uy, .., ug)
in view of p linear restrictions on k variables u;.

Remark 1. From the practical point of view, tapering can improve statistical analysis
as it lessens the importance of observations close to the edges and, therefore, lessens any
non-stationary effect which could be present on the boundary of the observation domain.
An additional advantage of data tapering is reducing the leakage effect, hence provid-
ing better estimators for spectral densities with peaks. Furthermore, tapering provides a
means to control bias for spectral estimators of the form [y Ifp (A) @ (X) dX with an
appropriate choice of a taper h and a weight function .

Although our exposition concentrates on continuous-time random &elds, the results
stated below hold true for the discrete case. When the discrete case differs essentially
from the continuous case, we will provide necessary details.

II. Let the real-valued functions w(” (A), i = 1,2, wyo (), A € RE=D" and the spectral
density of k-th order satisfy the following conditions:

(i) w,(;) (A), i =1,2, and wy (A) satisfy the same conditions of symmetry as the k-th
order spectral density;

(ii) w0 (A) is nonnegative and wy o (A) = 0 if any proper subset of A; has sum 0, that is,
w0 (A) = 0 on all hyperplanes of the form ., A\; = 0, where v = {iy,....4;} C {1,..., k}
and 1 <[ < k;

(iii) wi? (A) weo (V) £ (A 0) € Ly (RED) i =1,2, for all § € ©;

(iv) w? ) £ (X:0) > 0,0 =1,2, (\;0) € R+=Dn x ©.

In what follows we will suppose k > 3; the case k£ = 2 will be outlined in Remark 3
below. Consider the following factorization of the real and imaginary parts of the spectral
density fi (A\;0), A € R*+=1 | >3

24) [T KNOwd () = o 0) o) (h6), i=1,2,0€0,
k—1

A= o M), A== N, N ERY =1,k

Jj=1



and
A 0w (V)
(2.6) (/\ 0) = NG 0
so that
(2.7) Lo 0o (ay = 1.
Rn(k—1)

We additionally suppose
III. The derivatives Vo' (X:6), i = 1,2, exist and

(2.8) Vg / D (A 0) wyo (A) dN = / Vool (A;0) wo () dN =0, i = 1,2.
R(k=1)n R

(k—1)n

In the following, where it does not cause any confusion, we will omit the index k in the
(i)

functions w;,’ and wy.
We next introduce the de&anition of quasilikelihood /minimum contrast estimators.

De&nition 1. A nonrandom real-valued function K (6y;0) > 0 is called a contrast func-
tion if it has a unique minimum at 0 = 0y. A random E&ld Ur (0), 0 € O, related to the
observation {Y (t),t € [0,T]"} is called the contrast &eld for a contrast function K (6y;6)
if it satis€ks the following inequality:

(2.9) li%ninf [Ur () — Ur (60)] > K (60;0)

in Py-probability, where Py = Py,, a member of the family of distributions {Py,0 € ©}.
The mimimum contrast estimator 07 is defhed as a minimum point of the functional
Ur (0), that is,

(2.10) O = argmin Uy (6) .
0co

For the random &eld Y (t) dedned above, we consider the contrast &eld based on the
tapered periodogram of k-th order:

Ur(0)=Uir(0) = — (p / Re I} (A) w (A) wo (A) log v (A;0) dX
Rn(k—1)
(2.11) +q / Im I () w® (X) wo (M) log 9 (X; 6) dX) ,
Rn(k—1)
with nonnegative numbers p and ¢ satisfying p + ¢ = 1. Denote
K000 =00 = » [ 1 0saios 5 D0 3y ) ax
Rn(+=1) s (>\ 0)
(2.12) +q / @) (X; 6) log wk Vi (Nib0) (A) wo (A) dX'
Rn(k—1) ¢k ()\’9)
and
U@O)=Ue(0) = — (p £ (X 00) w (A) wo (W) log ¢ (A 6) AN
RE-1

(2.13) +q [ AP (X00) w® (A) wo () log ¢ (A;6) dX) :

RE-1
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We will need the following assumptions. Denote ¢; (\) = w® ()) log @DS) (N).
IV. For all 6 € O, the functions Gy (u; p;, wp), @ = 1,2, are bounded and continuous at
the point v = 0, where Gy, (u; ¢, w) is de&ned by the formula

(2.14) Gr(u) = Gi(u1,...,up; @, w )

— Z /k N wa itug,j € D)
H(S(Z (\ +uj)>5<ZAi> .

JEV]

To formulate some further assumptions, we introduce for m = 2, 3, ... the functions

ka ('LL) = ka (U, P15y Py w)

- Z /R((k 1)m—p+1)n pale SOZ (A(i_l)k-i-la ceey /\zk)

.....

X H@D (>\(1;71)k+1, ---7)\ik) S (i + X5, € 1) X oo X flo, (uj + Aj, J € )
=1
(2.15) xHé(Z (u; + A )Hé (=11 oo Nirg) AN,
JEV]

where the summation is taken over all indecomposable partitions v = (v, ..., ) of the
table

1 o k
E+1 o 2k

m(k—1)+1 ... mk

that is, over those partitions v of the elements of the above table into disjoint sets in
which there exist no sets v;,,...,v;, (n < p) such that for some rows r;,,...,7;,, (m < k)
of the table, the following equality holds: r; U...Ur; =v; U..Uv; .
V. The functions Ga, (u; @;, @;, wo) , © = 1,2,

(i) are bounded;

(ii) are continuous at the point u = 0.
VI. There exist nonnegative functions vy (A) and vy (A) such that

(i) the functions

a} ()\'9) = v; (N logv (X6), i =1,2,
are uniformly continuous in RE=Dn O;

(ii) the functions Gy, ( u; %), wo) , 1 = 1,2, are bounded and continuous at © = 0 and

w® ) .
the functions Goy (u, > ,wv ,w0> , 1= 1,2, are bounded.

VIL w" (\)Re IT (A) > 0, w(” (A\) Im IT () > 0.
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Theorem 1. Let the random éeld Y (t), t € R", satisfy the assumptions I, II, IV, V(i),
VI and VII. Then the function K (0o;6) given by (2.12) is the contrast function for the
contrast €eld UR () given by (2.11). The resulting minimum contrast estimator Op is

then a consistent estimator of the parameter vector 6, that is, b7 — By in Py-probability
as T — oo, and the estimators

(2.16) Gy = / . Re I p (A) w™® (M) wo (A) dX
R —1)n

and

(2.17) 50y = / - m I (A) w® () wy (A) dX
R(k=1)n

are consistent estimators of U,(cl) (0) and U,(f) (0), respectively.

Remark 2. [t should be noted that Theorem 1 actually holds with the use of the unta-
pered periodogram (h(t) = 1) in the functional (2.11) for the multidimensional case as
well as for the one-dimensional case. However, in order to state the result on asymp-
totic normality of the estimator (2.10), tapering is essential (or another adjustment of
the periodogram is needed such as constructing the k-th order periodogram by means of
unbiased estimators of the moments of second and higher orders).

We will need some further conditions to state the result on asymptotic normality of
the estimator 9T. '
VIII. The functions 1/1,(:’) (A\;0),i = 1,2, are twice differentiable in the neighborhood of
the point #y and the functions
2

(218) @’ (X 0) =w" () logy) (\;0), i,j=1,.,m, =12 0€6,

86,00,
@ (y.m — )y 2 (1) (y. _
(2.19) g (M) = w (A)ﬁlogﬁbk (A\0), i=1,...,m, 0 €0,
gt (X 0) = w(2)()\)£log@/zf)()\;9), i=1,...,m, 0€O

are such that -

(i) the functions G (u; ¢, w), i,j =1,...,m, I = 1,2, are bounded and continuous at
u=0 forall 6 € 6; o

(i) the functions Gaox(u; ¢y, @) ,wo), 4,7 = 1,...,m, { = 1,2, are bounded for all # € ©;

(iii) the functions le(u;g,(cml), ,g,iml),wo), are bounded for all 8 € ©,1 = 2,3, ...
and all choices of (mq, ... ,my), 1 <m; <2m,i=1,..,1.

The most essential assumption needed for the extension of the result on asymptotic
normality of Anh, Leonenko and Sakhno (2002b) to the multidimensional case is the
following assumption.

IX. The following convergence holds:

@) (B[ el 8w ) ax
Rn(k—1
—/ Fe () gt (X; 0) wo ()\)d)\’) —0 as T —oo V€O
Rn(k—1)

with the functions g,(f) (A; 0) de&aed by (2.19).
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X. The matrices S () = {sg-g) (9)} - and Ay (0) = {az(-f) (9)} - are positive
dedmite, where 7 7

R21) SO = o[ A0 ) un ()

----------

wa [ AP 060) 68 () wn () Y
R(E=1)n

W # o 1 9 w0 a)

0? 1 0 0
(2) 2 (2) (2) /
+0,.” (0) (.I/ (8&0@ k w](f) 0, (0 00, vy ) ax,

R(k—1)n
1 i i i+m j+m
aly) () = 3 { ’Re Goy, (0;92),9;(3),100) +¢*Re Gy (0;g,§+ Vgt )7100)
(2.22) + pqIm Gy, (0; g™ g, wo) — pgTm G (0; g, g, wo) } -
Theorem 2. Let the assumptions I - X be satiséed. Then, as T — oo,
(2.23) /2 @T - 90> B N (0, (k) S (00) Ax (60) Sy (60)) ,

where Ny, (+,+) is the m-dimensional normal distribution, the matrices Sk (6) and Ay (0)
are given by the formulae (2.21) and (2.22) respectively and the tapering factor is of the
form

(2.24) e(h) = ( / (h (8)) % it ( / (hl(t))kdt> 2)n

Let us now discuss some particular features of the estimation method developed above
and some aspects of its application.

Remark 3. For the case of second-order spectral density, we suppose the existence of
a real-valued, nonnegative function w(\), A € R", symmetric about zero, such that
w(A) f (A 0) € Ly (R") VO € O, and we can introduce the factorization

fo(N0) =02 (0)9 (A\0), AER™0€O,

where
?O) = [ HOowK)a
and :
(N 0)w (N d\ = 1.
The contrast €¢ld in this case is ff the form
(2.25) U (0) = = [ Tar (Vw (W log s (:6) i

where Iy 7 () is a tapered periodogram of the second order given by the formula (2.3) with
k =2 (for the case n = 1 we can also use the untapered periodogram). Equivalently, we
can use in (2.25) an unbiased periodogram of the second order, constructed with the use of
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an unbiased estimator of the correlation function (see, for example, Ivanov and Leonenko
1989). The conditions for consistency and asymptotic normality, I-X, can be rewritten
for the case k = 2 (see Anh, Leonenko and Sakhno 2002a, where these conditions were
presented for the case of processes (n = 1), and Anh, Leonenko and Sakhno 2003, where
the case of Gaussian Eelds was considered).

Remark 4. Let us consider the reasons for introduction of the weight functions w ()
and wg) (N), k>3, i = 1,2, used in the contrast étlds (2.25) and (2.11), respectively.
Firstly, these functions are supposed to compensate for possible singularities of the spec-
tral densities, that is, to control the behaviour of the integrands in (2.25) and (2.11) (and
related integrals) at the points of singularities. In other words, introducing w, we will
have scope for a trade-off between smoothness of weight functions and that of spectral
densities. By means of weight functions, the high frequencies can be weighted down (or
cut off ).

On the other hand, for the continuous-time case, when dealing with spectral densities
with their frequencies deéhed on R™, introduction of a weight function will guarantee the
convergence of corresponding integrals over inéhite domains. This idea, and the contrast
Eeld of the type (2.25), were used in Leonenko and Moldavsika (1999) where, for the
estimation of random €Eelds with spectral density fa (\;0) € Lo(R™), the weight function
of the form w (\) = ﬁ was chosen (see also Ibragimov 1967 for the case of processes).
However, in some cases, it may happen that a weight function is not required. For exam-
ple, when considering the discrete case and [well behavedl] spectral densities, the above
conditions for consistency and asymptotic normality may be satis€ed without any weight
function. It should be noted that the idea of introducing a weight function into a contrast
process for the case of continuous-time stochastic processes (observed continuously) was
also used in Gao et al. (2002), where a continuous version of the Gauss- Whittle contrast

function (with the weight function w (\) = 5 J:AQ ) was considered.

Remark 5. Continuing our observation concerning weight functions, let us consider
again the functional (2.25). We note the following fact: if there exists a smooth func-
tion v : R® — R"™ with Fourier transform © such that w()\) = |0(\)|?, then the product
fa(Mw(A) can be viewed as the spectral density of the random éeld obtained from the
original one by linear Edtering with transfer function v(X) (i.e., impulse response function
v(A)). Here we énd a parallel situation with Heyde and Gay (1993) where the asymp-
totics for the smoothed periodogram were derived based on Eftering of the original E2ld,
which may not have a square integrable spectral density, to produce a related one for which
the spectral density is square integrable, and some standard results on the asymptotics of
corresponding covariances can be obtained. The set of assumptions to be satiséed by the
spectral density and smoothing function was tailored to implement this idea.

Remark 6. The proofs of our main results rely on large sample properties of the empiri-
cal spectral functionals of the form [pno—y Iy (X) @ (X) dX' (see Lemmas 1 and 2 below),
which can be deduced from the representation of the cumulants of these functionals in
the form of singular integrals. This technique was elaborated in Bentkus (1972a, 1972b)
and Bentkus and Rutkauskas (1973), for the case of untapered data. However, in our
approach we formulate more general conditions on the second- and higher-order spectra
as well as on the weight function ¢ (see Lemmas 1 and 2 below). These conditions are
formulated in such a way that the spectral densities and weight function are treated simul-
taneously. Here again the conditions (for k = 2) are parallel to those of the second-order
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spectral density and smoothing function in Heyde and Gay (1993) (see conditions (A)
and Theorem 1 therein), although our set of conditions has been deduced from a different
technique.

Remark 7. It should be noted that the contrast function IC (6y;0) , given by (2.12), takes
origin from the Kullback-Leibler divergence deéhed as

Dkr (p.q) = / p(z)log (M) dp (z),

r q(z)
where p,q belong to the set P of all probability densities given on (', u) with p being a
o-Enite measure on I, that is,

P {p:reR%pm 20,/Fp(x)du(l’)=1}-

Remark 8. Let us consider a modication of the technique elaborated above with the
intention to apply it to some particular models of €nancial processes. It has been known
that énancial data often display a characteristic that the data appear uncorrelated but the
absolute values or the squares of the data exhibit long-range dependence (LRD). Heyde
(1999) proposed a risky asset model with strong dependence through fractal-activity time.
Under this model the price P, at time t of a risky asset is given by

P, = Pyexp{ut + oW (T})},

where p,0* > 0 and {T;} is a positive increasing stochastic process with stationary dif-
ferences independent of the Brownian motion W (t) and the differences 7, =T, — Ty_1 of
the process {T;} are long-range dependent. Then, under some assumptions,

(2.26) X, =1logP, —log P,_y = p+ o(T, — T,_1)"*W (1)
in distribution. Also, for k = 1,2, ... and centered variables,
cov(Xy, Xpvx) = 0,
cov(| Xy|, | Xesn|) = oZcov <7'2/2,Tiﬁ> ,
(2.27) cov(X7, X7 p) = 30tcov (e, Tein) s

the last covariance being dehed if ET? < oo. Thus, the LRD of {|X;|} and {X?} follows

from that of {Ttl/ Y and {r,}, respectively. The parameters of the long-range dependent
process {T;} cannot be estimated from the second-order information of {X;}, but they can
be estimated, for example, from the second-order information of { X2}, which is the fourth-
order information of the process {X;}. From (2.26) we can write down the following
relationship between the spectral density of fourth order, fiX(A\i, X2, \3), of the process X,
t = 1,2,..., which gives the aggregated returns for the log price process over intervals
of unit length, X; = log P, — log P,_1 = f;l dlog Ps, and the spectral density of second
order, f3(\), of the process T:

/ (O, Ao — A, As)dAdAs = 3025 ().

If we are interested in the estimation of an unknown parameter vector 0 of the process
Ty, the above relation suggests considering the following contrast function:

(228) UZ,T(H) = —/ / / Li(T()\l, )\2, )\3)?1)* ()\1 + )\2) lOg "QbT()\l + )\2; H)d)\ld)\gd)\g,
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where I, fT 15 the periodogram of fourth order constructed from observations of the process
Xy, t = 1,...,T, and the function ¢, comes from the following factorization of the
second-order spectral density of the process Ty:

f;O‘? 9) = UZ(Q)wT(Av 9)7

20 = [ goowman 00 =50

In view of the equality in distribution (2.26), the conditions needed for the convergence

Uir(6) - U;(6) = — / / FX O Ao As)w* (1 + Ao) Tog 1. (A -+ Ag: 0)dArdAadNs

(2.29) = 302 / " F7 (O Bo)w* (3) log b (3 0)dA

in probability and uniformly in 6 € © can be formulated in terms of the conditions on the
spectral densities of the process T, and the function w*. Under this set of conditions, we
will have

UZ,T(G) - UZ,T(GO) - UZ(Q) - UZ(QO)

T A0
= 30° S (s Bo)w(A) log —lf;i ¥ 9(’)) dX

and, hence, the minimum contrast estimator based on the functional (2.28) will be con-
sistent. Therefore, for the process T, (which is not observed directly), one can obtain a
consistent estimator of its parameter vector 6, based on the contrast process (2.28), which
s constructed with the use of fourth-order empirical information on the observable pro-
cess X;. Conditions for asymptotic normality can also be formulated in terms of spectral
densities of the process 7.

In an analogous way to the above, we can construct a procedure for the estimation of
the stochastic volatility model proposed in Anh, Heyde and Leonenko (2002), namely, the
model for the evolution of an asset price,

dr(t) = (u+ Bo*(t))dt + o(t)dW (t), t>0,

with z(t) being a log-price process, W (t) Brownian motion, and the volatility process o(t)
following the stationary model

(2.30) o2(t) = / " Gl — $)dL(s) >0,

where L is the Lévy process such that the distribution of L(1) is nonnegative, and G
s @ memory function such that fot G?(s)ds < oo. Here again, for aggregated returns

Yn = f(rrfl)A dx(t), we will have cov(ys, yrrr) = 0, but cov(y?, y7,,) # 0, and, moreover,
cov(y?, yi x) can be expressed in terms of the covariances of the process o®(t) giwen by
(2.30). Parametric families of spectral densities for the processes of the form (2.30) and
corresponding choices of G and L have been provided in Anh, Heyde and Leonenko (2002).
The functional analogous to (2.28) can be used for the estimation of parameters of the

model (2.30) for the (unobservable) process o*(t).
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Remark 9. Several further examples in which the use of higher-order information is
needed for statistical inference and where use of the estimation technique developed in
this section can be suggested are presented in Anh, Leonenko and Sakhno (2002b) (for
the case n = 1). Some of these examples can be extended to the case of random Eelds
(n > 2), namely, in the estimation of stationary non-Gaussian linear €tlds and also in
signal detection models of the form

Y (t)=Xo(t)+ N (t), teR,

which is an additive mizture of independent strictly stationary non-Gaussian €eld Xy (t)
and stationary Gaussian Eeld N¢ (t). Such models appear quite often in applications, for
example, in image analysis. Assume that the spectral densities fiX (A1, ..., \g_1,0), k > 2
of the €eld Xy (t) exist. The spectral densities f¥ (A1, ..., \v_1,C) of the Gaussian €ld
N¢ (t) exist and fi¥ =0 for k > 3. Therefore, the spectral densities of the €eld Y (t) are
of the form

fr 00,0 =f (\0)+ f2' (A0,

flzf ()\17"'5)\167179):]6]5{ ()\17"‘7)\]67170)7 k23

Observe that the spectral densities fY ,k > 3 do not depend on the parameter (. If
we are interested in estimation of the parameter vector 0 of Xy (t), it seems reasonable
to use the analytical information on 6 contained in the higher-order spectral densities
¥ (M, M1, 0) , and apply Theorems 1 and 2 to construct the minimum contrast es-
timator /G\T, which is consistent and asymptotically normal. For example, we may choose
k =3 in Theorems 1 and 2. We may also use Theorems 1 and 2 for hypothesis testing.

3. PROOFS

The proofs of the results of the present paper are analogous to those of Anh, Leonenko
and Sakhno (2002b). Hence we only present an outline of the proofs here. We commence
with the basic ideas and facts needed for the proofs.

Firstly, we note that the following formula for the cumulants of the &nite Fourier

transform d% (\), X € R", can be deduced:

(3.1) cum (df (1) , ..., dp (o)) :/ B (). h (£ ) e~ = @t)

[O,T}kn
x cum (Y (t1), ..., Y (tx)) dty...dty

_ /Rn(k_l)fk('yl,...,'ykl)/ hor(t)...hor ()

[O,T}kn
x exp{i(ty, v, — o) + ... +i(tp—1,Vp_1 — -1)}
k—1
X exp {z t, — nyj — ak> } dty...dt dryy...dy,_4
=1

j_

= /Rn(k_l) fk (’713 --.77]{:71) Hl,T (71 - al) "‘Hl,T (’}/kfl — ak—l)

k—1
X Hy (‘ Z% - Oék) dryy-dyg_y,

1
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where
(3.2) Hig (V) = / B (B)e= 0N dt.
[0,7]™

Ifz] 1 O and Hk:T( )7&0, then

(3.3) ((27r) "D e (0 ) HHlT = O 1 Ay A1)

is a multidimensional kernel over R™*~ ), which is an approximate identity for convolution
(see the next Remark), and the following equality holds:

(3.4) lim CIDZ,T (U1, ooy up—1) G (U1, ooy ug—1) duy...dug_y = G (0, ...,0),

T—oo JRn(k-1)

provided that the function G (uy, ..., ux_1) is bounded and continuous at the point
(ul, ...,Uk_l) = (0, ceey O) .

Note that, for the discrete case, the integrals over R™*~1) are to be substituted by
integrals over (—m, 7]"*~1) and the integrals over [0, 7] are to be substituted by multi-
dimensional sums over the index set Dy = {(t1,....t,),t; = 1,2,...., 7,1 = 1,....,n}. The
result will be a family of multidimensional kernels over (—,7|"(k=1).

Remark 10. Recall, for example, from Rudin (1991) that a family

{Ur(N) = Ur(A1, ..., \e_1), T € N} of Lebesque integrable functions on ITF1 = (—g, w]F~1,
with values in C, is called an approximate identity for convolution if

(i) supp [ |7 (N)|dA < o0;

(ZZ) 11I11TH0o fl’[’“*l \I’T<)\)d>\ = 1;

(1) Bmr—oo [ 1 jaj<sy [ZT(A)|dA = 06 > 0, where [|A]| = sup;—y_j_y [Ail-

Then, for all bounded, continuous, complez-valued functions f on II*¥ 1 limp_ . Urx f =
f. The kernels of the form

Wh (A, Aet) = (@0) ) Her (0 ) HHlT H1T< ZA) Aty ooy M) € TTFL

which are, in essence, tapered multzdzmenszonal generalizations of the Féjer kernel, were
considered in Dahlhaus (1983) and it was shown that the above conditions (i)-(iii) hold for
these kernels, with h being continuously differentiable (see Lemma 3 of Dahlhaus 1983).

Analogously, this assertion can be stated also in the continuous-time setting for the
kernels ®%(A1, ..., \p—1), (A1, ..., Me_1) € R¥=1 Furthermore, as we have chosen a taper
which factorizes, these assertions extend directly to the kernels given by (3.3) and their
discrete version.

The kernels which appear (coming from (8.1)) in the untapered case, namely,

k
-1
@k’T(ul, vy kal) = ((27’(’)@71) T) / . eXp{i E tjUj}dtl Cen dtk
[0,T j=1

- (en)’

E?r

sin(T'u;/2) kz
u;/2 s

J=1
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(g, ooy tipy) = ((277)(’“1)T)1 > exp{izk:tjuj}

t1,..., tp=1,....,T j=1
koo k—1
_ Ly sin(T'u;/2)
= ((2m)*Y T) —— = up = E Usjs
( ]1:[1 sin(u;/2) — /

were treated in Bentkus (1972a, 1972b) and were shown to satisfy the above conditions
(i)-(iii)

For the case when 25:1 a; = 0, formula (3.1) leads to the following result:
-1
(3.5) ((27r)"(k71) Hy.r (0)) cum (df () , ..., dp (o))
= /R ) q)Z,T (% — 01y ey Vo1 — ak—l) Ir (71a '-'7’7k71) dyy-dry_y

= / - CI)Z’T (ul,...,uk,l) fr (ul—l—al,...,uk,l —|—Oék,1)du1...duk,1.
Rn(k—1

The proofs of Theorems 1 and 2 make use of some general results concerning large-
sample properties of the empirical spectral functionals of k-th order,

T () = Her o) = [ T (e () un ().

where I}! ;. (A) is the periodogram based on tapered data, the function wy (\) satis&es the
condition II(ii), and ¢ (\) is a weight function.

The cumulants of the functional JIZT (p) can be represented in the form of singular
integrals (with the use of the formulae (3.1)-(3.3) and (3.5)), and, due to the property
(3.4) of the kernels ®} 1 (A1, ..., Ag—1) , the asymptotic behaviour of the functionals J} 1. ()
can be evaluated.

We summarize these results in the following two lemmas.

Lemma 1. Let the random €éeld Y (t), t € R™, satisfy assumption I.
1)
Bl (o) = [ Bl () G (s oy wa)
R (k—

where Gy, (u; o, wo) is given by (2.14). Furthermore, if Gy (u) is bounded and continuous
at u =0, then

EJI?,T (p) — o fe Ao (N wg (V) dN as T — occ.
Rn(k—1

2)
cov (Ji (¢1), Jir (92)) = (2m)" Hor (0) (Hyr (0)) 7

X / (I)gk,T (U) GQk (uv P15 Pa, ’U)g) du,a
Rn(2k—1)

where the function Go, (u; @1, ©q, Wo) is given by (2.15) with m = 2; if the function Gy, (u)
18 bounded and continuous at v = 0, then as T — o0,

(36) cov (Tn/z']I?,T (@1) 7Tn/2JI?,T (902)) = (27.(.)” e(h)G2k (07 P15 P25 'on) )
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where

(3.7) e(h) = ( / (h (£)) % dt ( / (hl(t))kdt> _Q)n

3)
cum (Jfp (91) ooy Jip (0) = (20)" "D Hyor (0) (o (0))

X / (I)Zm,T (u) ka (u; P15 Pmo wO) dula
Rn(km—1)

where the function G (U; @1, ..., P, Wo) @8 given by the formula (2.15); if Ggm (u) is
bounded, then as T — oo

1
cum (JIZT (Spl) PRRES) J]];,T (Som)> =0 (W) :

Remark 11. As a consequence of Lemma 1, we have that, under assumption I, and
using results 1) and 2) (with ¢, = ¢, = @) of Lemma 1,

T (9) = Ji () = / Fe (V) s (A w (A) AN

Rn(k—1)
i probability.

Let us now &x the weight functions ¢y, ..., ¢,, and set
JI?,T = {JIQT(%)}Z-:LMM

B {/nml) I (V) o (V) wo (M) dx}

and

Je = A (@) }ictm

.....

.....

.....

second-order moments
(3.8) w;; = Eﬁlg] = (2m)" e (h) Gox (O; ;5 goj,wg) , 1,7 =1,...,m,
where the tapering factor is given by (3.7).

Lemma 2. Let the assumptions of Lemma 1 hold and the functions Gy, (u; Ornys s Prng wo) ,
debsed by (2.15), be bounded for alll = 2,3, ... and all choices (my, ...,my) with 1 < m; <
m,1=1,...,0. Then, as T — 00,

(3.9) T (Jhy = BJlr) 2 &
and, moreover, if
(3.10) ? (EJlr (@) = Ji(e)) =0 as T—oo, i=1,..m,

then, as T — 00,

(3.11) T2 (e — ) 2 €.
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The proofs of Lemmas 1 and 2 parallel those of the corresponding results for the one-
dimensional case in Anh, Leonenko and Sakhno (2002b). We need only keep track of data
tapers which contribute, in particular, an additional tapering factor in the expression for
the covariance function (3.6) and, therefore, to the covariance matrix (3.8).

Remark 12. For the discrete-time case and k = 2, sufficient conditions for (3.10) pre-
sented in Guyon (1995) are the following: n = 1,2,3 and ¢, € C(II"), and the taper h
and the spectral density fy belong to C*(1I™). Following the argument for bias evaluation
of the empirical spectral functional presented in Guyon (1995), but treating the spectral
density and weight function together, less restrictive conditions for (3.10) can be obtained.
We leave this problem for further investigation.

Proof of Theorem 1.
In view of Lemma 1 and Remark 11, we can conclude that, under the assumptions of
the theorem, the following convergence holds as T — oo :

(3.12) Ur(0) — U () in Py-probability,
which implies
Uz (8) = Uz (60) — U () = U (6o) = K (603 0)
in Fy-probability. By Jensenls inequality and the relations (2.4) to (2.7),
1
—K (00;0) = p /R o J o) Tog %wm (A) wo (V) dX

+q / @) (X:6) log w’f) GHIBWE (A) wo (N) dN

R(k—1n ¥ (A;0p)

k

v (A0) :

%( 0)
+a0,” () /annw 0T8T

— po (6) / U (et log
Rk—ln

kDT g (A) dN

that is, K (0p;0) > 0. The condition that fi (A;601) # fi (A;02) for 01 # 05 almost
everywhere in R™*~1) with respect to the Lebesgue measure then assures that K (6y; 0) >
0 if 6 # 6y. R

For the consistency of the estimator 67 it remains to show that the convergence in (3.12)
holds uniformly in § € ©. Under condition VI(i), let us denote n (¢) = min {n; (¢),7n, (¢)},
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with 7; (¢) being the modulus of continuity of the function a,(f) (A;0), i =1,2. Then,
sup {}U]h* (6,) — UL (92)} , 01,05 € 0,16, — 05| <n(e)}

(1) ()\)
< Re I (A) LY 0 () d
< [p/ eI () i ()
@)
(3.13) +q / fm 1 () 2o dX] .
R(E—1)n ’ V2 (/\)
Further, in view of VI(ii), Lemma 1 and Remark 11, we obtain that
(@) ()\) w® ()\)
3.14 e A) dN / A0 A) dN'
a1 [ e e ax = [ i) S )

in probability. From (3.14), we can conclude that
@ ()
'y (3) = N dX =0, (1
Loy ) S (= 0,(1),
which implies that the expression in the square brackets of (3.13) is O, (1). This completes
the proof of Theorem 1.

Proof of Theorem 2.
From Taylor(s formula we have the relation

(3.15) Vol (0r) = VaUp (80) + VaVoUL (07) (9 — 60 )
where |07 — 0| < PT — 90‘ :
VRE) =~ [ Reltr ()u® () un () Vologuf? (6)aN
(3.16) wq [ ke () () o () Volog v (16 a);
VoVeUr (0) = —(p /R o Re Ll () w® () wo (V) VoV log o (A 0) dN
(3.17) +q /R o m 10 (\) w® (M) wo (N) VoV log ) (A; 6) dN).

It follows from the de&mition of the minimum contrast estimator that, for sufficiently
large T,

(3.18) VoUf (00) = =VoVUt (07) (Or = 0o)

In view of assumptions VIII(i) and (ii), and by Lemma 1, we have

/ I () w® (\) we (N) VoV log i (X; 0) dN
R(E=1)n

3 / fie (%;60) w® (\)wo (V) Vo Vylogyy! (X 6)dN, 1=1,2,
R(k—1)n
which implies
(3.19) VoV,UR (0%) — Sk (6o)
in Py-probability, where the matrix Sy (6p) is given by (2.21).
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On the other hand, we have

T”/2V9U% (6o) = " (p Re Jl}cl,T (gl(ci)) +glm JI?’T (g]gm+i))>i 1,m

=1,...,

= T"(p(Re JP'7(gy”) — Re Ju(g))
+q(Im J,ZT(g,(me)) —Im Jk(Q](gm+Z))))i:1,...,m>

where the last equality is due to (2.8). Under the conditions of the theorem, and using
Lemma 2, we can conclude that the following convergence holds:

(3.20) T2V ,UL (6) 2 N,y (0, Ay (60)) as T — oo.

Now by Slutskyls arguments, the convergence (2.23) is a consequence of (3.18), (3.19)
and (3.20). This completes the proof of the theorem.
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