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The aim of this article is to establish asymptotic distributions and consistency of subsampling for spectral
density and for magnitude of coherence for non-stationary, almost periodically correlated time series. We
show the asymptotic normality of the spectral density estimator and the limiting distribution of a magnitude
of coherence statistic for all points from the bifrequency square. The theoretical results hold under o-mixing
and moment conditions.
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1. Introduction

The analysis of the second order structure of time series is usually based on the characterization
of the autocovariance function. One possibility is that the time series is not stationary, with a
periodic or an almost periodic autocovariance function. The models with this structure were
applied in many fields, including telecommunications [12,23], meteorology [2], econometrics
[24,25] and many others (see the review in [28] or [13]). This class of non-stationary time series
was introduced by [14]. Formally, we say that a second-order real-valued time series {X; : ¢ € Z}
is periodically correlated (PC for short) if both the mean u(¢) = E(X;) and the autocovariance
function B(t, t) = cov(X;, X;4,) are periodic at ¢ for every t € Z, with the same period T'.
A second-order real-valued time series {X; : t € Z} is called almost periodically correlated (APC
for short) if both the mean w(f) and the autocovariance function B(f, t) are almost periodic
function at ¢ for every t € Z. The definition of almost periodic function that we use in this paper
can be found in [4], page 45. It is easy to see that the class of APC time series contains the class
of PC time series and the class of stationary time series.

One of the main problems is how to detect this kind of non-stationary structure in the time se-
ries. This problem was considered in the time domain by Vecchia and Ballerini [30], Dandawate
and Giannakis [5], Dehay and Leskow [7], Synowiecki [29] and, recently, by Lenart et al. [19].
Lenart et al. [19] present tests for PC structure based on the estimator of Fourier coefficient
a(X, t) and the subsampling methodology. In the frequency domain, the problem of detecting
periodicity was considered by Hurd and Gerr [16], Lund et al. [22], Broszkiewicz-Suwaj et al.
[3], Lii and Rosenblatt [20] and Hurd and Miamee [17]. Hurd and Gerr [16] and Hurd and Mi-
amee [17] present a graphical method for detecting stationarity and periodicity, where the testing
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statistics were approximated by a beta distribution. However, this method has not yet been jus-
tified for non-Gaussian white noise or dependent random variables. Broszkiewicz-Suwaj et al.
[3] have used the moving block bootstrap to construct methods for detecting periodicity in time
series. Still, the consistency of the bootstrap applied for their testing statistics remains an open
problem. Lii and Rosenblatt [20] present an innovative algorithm for estimating the support of
the spectral measure for Gaussian APC processes. The authors considered the case where the
support of the spectral measure is concentrated on a finite number of parallel lines.

In the next section, we recall the theoretical background and formulate the assumptions which
are used in the sections which follow. We consider general APC time series for which the sup-
port of the spectral measure can be concentrated on an infinite number of parallel lines. Section 3
presents the consistent estimator for the magnitude of coherence and the extension of the spec-
tral density function to the bifrequency square (0, 2]?. In this section, we show the asymptotic
normality of the normalized spectral density estimator, the asymptotic distribution of the normal-
ized magnitude of the spectral density estimator and the coherence statistic for all points from
the bifrequency square (0, 27]%. We give the exact forms for these distributions. It is shown that
the asymptotic distribution of the normalized magnitude of the coherence statistic strongly de-
pends on the support of the spectral measure. This distribution is not Gaussian for the points
which do not belong to the support of the spectral measure. Recall that for the time series, the
asymptotic normality of the spectral density estimator was shown for the stationary case in [31]
under an «-mixing condition and in [27] for linear filters. For the PC case, the asymptotic nor-
mality was established in [17] for linear filters. Asymptotic distributions from Section 3 provide
a possibility to establish consistency of the subsampling for the magnitude of spectral density
and coherence, which is shown in Section 4. It should be emphasized that magnitude of spectral
density and coherence are broadly used as fundamental characteristics for telecommunication
signals (see [11]). Section 5 presents a simulation study, where we show applications of our re-
sults. Following the ideas of Hurd and Gerr [16] and Hurd and Miamee [17], we present graphical
methods for detecting periodicity in autocovariance and give theoretical justifications for these
methods. Finally, the asymptotic distribution and consistency of subsampling provide a possibil-
ity to construct asymptotically consistent confidence intervals for magnitude of spectral density
and coherence. All proofs can be found in the Appendix.

2. Definitions and assumptions

We will be focusing on second-order inference for time series, therefore, for simplicity, we make
the following assumption:

(A1) Assume that the real-valued time series {X; :t € 7} is zero-mean.

Moreover, we will consider non-stationary, almost periodically correlated time series; there-
fore, we formulate the next assumption:

(A2) Assume that the time series {X;:t € 7} is APC.
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In the APC case with w(t) = 0 for any t € Z, the autocovariance function B(z, 7) has the
Fourier representation

B(t,t)~ Y a(r ), (1)

reA;

where a (A, T) are the Fourier coefficients of the form a(A, 7) = lim,,_, o nl Z?:l B(j, T)e M
and the set A; = {X € [0,27):a(A, ) # 0} is countable (see [4]).

Define the set A = | J, 7, A:. We make the following assumption concerning the set A and the
Fourier coefficients a(A, 7). We need this assumption in order to establish asymptotic properties

of the spectral density estimator:

(A3) Assume that for any x € [0, 27), there exists a real-valued sequence {z;(x)}rcz such
that we have

Remark 2.1. By (A3), we have that ), A, la(d, T)| < 00, which implies that

2

reAr\{x}

< z:(x) <0 2)

A
a(A, 1) cosec(

and z:(x) — 0 for |t| — oc.

B(t.,)= Y a(r 7). 3)

AEAL

If card(A) < oo, and we assume that |B(¢, t)| < pr uniformly at # and p; — 0 for |t| — oo,
then (A3) holds. Note that (2) implies that for any A € [0, 27), we have that |a(A, 7)| — 0 as
|T] = o0.

To introduce the spectral theory for APC time series, we need the following assumption:

(A4) Assume that the time series {X;:t € Z} is harmonizable (for the definition, see [21] or
[32]).

By assumptions (A2) and (A4), the spectral measure R, defined on the bifrequency square
(0, 2713, has support contained in the set (see [6])

S= U {(U,w)e(O,Zn]z:w:v—A}.
IAleA

Moreover, the coefficients a(A, 7) are the Fourier transforms of complex measures r; (-), that
is,a(A, 1) = fozn e67r; (d£). The measure r;, can be identified with the restriction of the spectral
measure R to the line w = v — A, where |A| € A. We need the following assumption:

(AS5) Assume that the measure rq is absolutely continuous with respect to the Lebesgue mea-
sure.
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By the above assumptions, for any |A| € A, there exists a spectral density function g, (-) such
that g; (v) = 2n Yo oal, 7)e VT (see [15] and [6]).

Now, let us define the extension of the spectral density function P(-,-) to the bifrequency
square (0, 27:]2 via

e forw=v —Xand [A| € A,
PO, )= {o for (v, w) ¢ S. @)
Hence,
" .
P(v,w) = = Z alv —w, 1)e VT (5)

T=—00

for any (v, ) € (0, 2712, which follows from the fact that a(v — w, 7) = 0 for any |v —o| €
[0,27) \ A; and T € Z. If we assume that go(£) # 0 for any & € (0, 2x], then for any point
(v, w) from the bifrequency square (0, 27]%, we define a magnitude of coherence via

lgr (W)

_ ARl foro=v—Aand|A| € A,
yv.ol={ otz ¢ .
0

for (v, w) ¢ S.

(6)

Note that the magnitude of coherence is a real number from the interval [0, 1], while the
extension of the spectral density function is a complex number.

3. Asymptotic distributions

The estimator of P (v, w) (based on a sample {X1, X2, ..., X,}) of the form

13 2]_[" ZZX X, e—wv iwt (7

s=1t=1

is generally not consistent in the mean square sense for APC time series. The exact form of the
asymptotic variance of this estimator was calculated in [18].

To obtain a consistent estimator, we consider the following class of smoothed estimators of
P (v, ) (see [31] for the stationary case):

Gn(v, w) = - ZZHL (s — )X, X,e Vel 8)

s=1t=1

where H;, (-) is a lag window function such that Hy  (tr) =0 for |t| > L,, t€Z and L, is a
sequence of positive integers tending to infinity with n. Moreover, we assume that L,,/n — 0. If
we assume that go(&) # 0 for any £ € (0, 2], then we define a magnitude of coherence statistic
based on the estimator (8) via

. Gn(v,
190 (v, )] = (G (v, @) . ©)

JIRe(Go (v, 1) Re(Gy (@, )
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The following considerations will involve the general assumption that we have a sample
{(Xe,+1: Xe,42, .-+, Xey44,) from time series {X;:t € Z}, where {c,},ez and {d,},cz are ar-
bitrary sequences of non-negative integers such that d,, — oo. This will help us to prove the
consistency of the subsampling procedure to be discussed in Section 4.

Givenasample {X¢,+1, X¢, 42, - .. X¢,+4, }, We define the estimators of P (v, ) and |y (v, ®)]
via

cptdy  cptdy

Prlvw)=s—r 3 30 XeXje e, (10)
n s=cp+1t=c,+1

cptdy  cptdy
~e,d _ _ —isv jitw
Grlv.w) = = > ) Hp,(s—nHXXe Ve (11)
s=cp+1t=c,+1
and
ed Gy (v, w)]|
[, (v, 0)| = (12)

JIRe(G5 (0, v) Re(G5 (@, )|

Besides the fact that, in this work, we consider zero-mean time series, in the following remark,
we define the estimator of the spectral density function in the case where the mean function . (f)
is an almost periodic function such that 1 (z) £ 0.

Remark 3.1. Assume that the mean function u(r) = E(X;) for APC time series is an al-
most periodic function such that u(z) = Zyer b(y)e'?, where b(y) are the Fourier coeffi-
cients and the set I' is known and finite. The natural estimator of the mean function w(z)
(for ¢, +1 <t <c, + dy) based on a sample {X. +1, X¢,+2, ..., X¢,+d,} then takes the
form AS4 (1) = > er b5 (y)elr!, where b5 (y) = dln Zj”:t‘jll X je~17/ is an estimator of the
Fourier coefficient b(y) for any y € I'. The more general natural estimator of the spectral density
P (v, ) based on a sample {X., 11, X¢,+2, ..., X¢,+d,} then takes the form

Cntdy  cptdy
T, w) = - Z Z Hp, (s — (X, — 457 ()) (X, — 259 1))e e . (13)
n s=cp+1t=c,+1

Similar modification in the PC case can be found in [17], Section 10.4.

In Theorem 3.1, we show the asymptotic covariance between normalizing estimators éfl‘d(vl ,
w1) and G,‘;‘d (v1, @) for (v1, w1), (v, w1) € [0, 27)%. We need the following assumption con-
cerning the lag window function Hy , (-).

(B) Assume that for the lag window function Hy,, (-), where L, — 00, L, /n — O, there exists
a real-valued function w(-) such that:

(1) wx) =0 for |x| > 1 and w(-) is an even function and non-increasing on the interval
[0, 1];
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(i1) there exists a real number 6 € (0, 1] such that for any |x| <0, we have w(x) = 1;

(iii) Hp,(t) =w(t/Ly) forany t € Z andn > 1;

(iv) w(-) is Lipschitz continuous on the interval [—1, 1] with Euclidean metric, which means
that there exists a real number W such that for any x,y € [—1, 1], we have

lwx) —w(y)| < Wlx —yl.
For the convenience of the reader, before Theorem 3.1, we introduce the concept of «-mixing.

Definition 3.1 ([8]). Let {X;:t € Z} be a real-valued time series. The o-mixing sequence o(-)
which corresponds to the time series { X, :t € Z} is defined as

a(s) =sup sup |P(ANB) — P(A)P(B)|,
teZ AeFx(—oo,t)
BeFx(t+s,00)

where Fx(t1, 1) stands for the o-algebra generated by {X(t):t; <t < tr}. The time series
{X;:t € Z} is called a-mixing if a(s) — 0 as s — o0.

For any random variable X and positive constant p, we define the norm || X ||, = (E|X|? yp,

Theorem 3.1. Assume that (A1)-(AS) and (B) hold. If, additionally, there exist § > 0, A < 00
and K < oo such that:

(1) sup;ez 1 Xllor3s < A;
(i) Y pootk+ D%a (k) < K,

then for any (vi, w1), (v2, w2) € (0, 211]2, we have the convergence

d, A A
lim —= cov(GS9 (v, @1), GE (12, w2))
n—00 Ldn

=p(P(vi, ») P(wr1, ®2) + P(v1, 21 — @2) P(12, 27 — 1)),
where p = f_ll w2(x) dx.

In Theorem 3.2, we show that the estimator (11) has an asymptotically normal distribution.
This result is crucial for establishing the asymptotic distribution for the magnitude of coherence
statistic and proving the consistency of subsampling applied for magnitude of coherence and
spectral density.

Theorem 3.2. Assume that (A1)-(AS) and (B) hold. Additionally, assume that:

(1) there exists 8 > 0 such that sup, .z, | X;lle4+35 < A < 00;
(i) L, =On") for some k € (0,5/(4 + 46));
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(i) 3020k + D' a (k) 0+2+9) < K < 0o, where r is the even integer such that

=k 2
r>max{1+38/2, € 2 +5)}

2 8 —2k(1+9)
Then

dy ([Re(Go* (v, ) Re(P (v, )) d
i~ ([Im(Gn . w))} _ [Im(P(U,w))D s N0, S (v, @), (14)

where (v, ) = [oj]i, j=12,
o11 = 3(80()g0(@) + | P, 21 — ®)|* + Re(P (v, 21 — v) P21 — 0, w))
+ [Re(P (v, w))]* — [Im(P (v, w))]?),
o12 = 031 = —[Re(P(v, 0)) P[Im(P (v, 0))]* — 1 Im(P (v, 21 = ) P21 — 0, w)),  (15)
02 = 3 (80m)g0(@) + [P, 27 — ) > —=Re(P (v, 21 — 1) P27 — », »))
— [Re(P (v, )] + [Im(P (v, 0))]?).

Recall that in the stationary case, for the majority of spectral windows, the optimal L, (in the
mean square sense) for the estimator Gn (v, w) is of order n'/3 (see [27], pages 462-463, or [26],
page 86). Note that condition (ii) of Theorem 3.2 includes the case L, = On'/d) for § > 4.

The following corollary is a natural generalization of the previous theorem to the multidi-
mensional case. We need this result to establish the asymptotic distribution for the magnitude of
coherence statistic.

Corollary 3.1. Let {X,:t € Z} be a time series such that all the assumptions of Theorem 3.2
hold. We then have the convergence

Re(G;d(u w)) Re(P (v, w))

dn Re(Gﬁ W, ) | go(v) d

Ly, | | Re(Gi' (@, 0) 20(@) — MO Ye.e) 19
Im(Gn (v w)) Im(P (v, w))

where the covariance matrix W (v, w) can be obtained by Theorem 3.1.

Remark 3.2. Note that in the special case where v = w, we have rank(X(v,v)) = 1 and
rank(W (v, v)) = 3, which follow from the fact that Im(Gf,’d(v, v)) =0.

Let us establish the asymptotic distribution of the normalized estimator |(§ﬁ’d(v, )| (under
all the assumptions of Theorem 3.2). Note that if P(v, w) = 0, then by Theorem 3.2 and the
continuous mapping theorem, we get

d, =~
165w, 0)| -5 L(2), a7
Ldn
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where Z := ,/Slz + S% and the random vector (51, S») has a two-dimensional normal distribution
with mean zero and a covariance matrix equal to X (v, w). If we assume that trace(X (v, w)) >
0, then the distribution of a random variable Z is continuous. Now, assume that P (v, ) # 0.
Applying the delta method for the convergence (14) and the function f(x, y) = +/x2 + y2 that is
differentiable at the point (xg, yo) = (Re(P (v, w)), Im(P (v, w))), we get

dy
E(|G2’d(v, )| = |P(v, ))) 45 Mi(0,D; (v, 0)DT), (18)

n

where

D = |P(1 o] (Re(P (v, w)), Im(P (v, w))) (19)
and M7 is the transpose of the matrix M.

Now, let us establish the asymptotic distribution of a normalized statistic |, d (v, w)| forv #w
(in the case v = w, we have |)7,f’d(v, w)| = 1). To do this, we assume that go(v)go(w) # 0. In the
first case, take (v, @) € (0, 27]? such that P(v, w) = 0. By Theorem 3.2, the continuous mapping
theorem, consistency of the estimators éﬁ’d(v, v) and G,‘;’d(a), ) and Slutsky’s lemma, we then

have
n dy Gy v,
/ " /L 1650, 0)
d JIRe(G5 (v, 1) Re(G (0, )|

L — ).
- («/g_o(v)g_o(w)>

If the trace(X (v, w)) > 0, then the limiting distribution in (20) is continuous. As a final con-
sideration, assume that P (v, ) # 0. In this case, we use the delta method to show the as-
ymptotic normality of the normalized estimator |}, (v w)|. In doing this, we use convergence

(20)

(16) and the function f(x,y,z,t) = ~ \X/i[ that is differentiable at a point (xg, Yo, 20, fo) =

(Re(P (v, w)), go(v), go(w), Im(P (v, w))). Applying the delta method, we conclude that

‘/ (| <4 (1, )] — |y (v, )]) —> N7 (0, Dy (v, )DD),

where
_ |P (v, w)| (Re(P(v,w)) B 1 B 1 Im(P(v,w))> @1
C V2oWgo@ \ [P, )2’ 2g0(v) 2go(@)’ [P, w)? )

Remark 3.3. By elementary calculation, the assumption that trace(X (v, w)) > 0 is equivalent to
gow)go(w)+|P(,2m— a))|2 > 0, which is true if we assume that go(§) > 0 for any & € (0, 2x].
Moreover, D; Z (v, a))DT > 0 if we assume that det(X (v, )) # 0, and Do W (v, w)Dg > 0 if we
assume that det(\fl(v, w)) # 0.
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In the corollaries which follow, we summarize considerations concerning the asymptotic dis-
tributions of normalized estimators |GS% (v, )| and P54 (v, ).

Corollary 3.2. Let {X,:t € Z} be a time series such that all the assumptions of Theorem 3.2
hold and that go(§) # 0 for any & € (0,2x]. Take any (v, w) € (0, 21)%. For the case where
P (v, w) # 0, we require that det(X (v, w)) # 0, where matrix (v, w) is given by Theorem 3.2.
Under these assumptions, we have the convergence

d, , ~
U(|Gz*d(v, )| — |P(v, )))
' . 22)
4, jpow . | £D) if P(v,0) =0,
T IMO,DIZ(v,0)D])  if P(v,w) #0,

where L(Z) and Dy are given by (17) and (19), respectively. Moreover, the distribution J -
J* for short) is continuous.

Corollary 3.3. Suppose that all the assumptions of Theorem 3.2 hold and that go(§) # 0 for
any £ € (0, 2nt]. Take any (v, ®) € (0, 27]% such that v # w. For the case where P (v, w) # 0, we
require that det(W (v, w)) # 0, where the matrix V¥ (v, w) is given by (16). Then

dn /e
(17w @) = Iy (v, 0)))
d,

n

4, e . [L£(Z/Ve0Wg@)  if P(v, @) =0,
| M0, D% (v, w)DJ) if P(v, w) #0,

(23)

where L(Z [~/ go(v)go(w)) and Dy are given by (20) and (21), respectively. Moreover, the distri-
bution JYY®) (JV for short) is continuous.

Note that we cannot use the asymptotic distributions from Corollaries 3.2 and 3.3 in practice
if we do not know that P(v,w) = 0. Even if we know the period T for PC time series, the
value of |P(v,v —A)| for A € {2kn/T:k=0,1,..., T — 1} can be equal to zero. For example,
consider the model (29) with period T = 12. After calculations (we omit overly long formulae),
g0(v) = (235+72c0s(1))/(16T), g /6(1) £ 0, g7/3(V) £ 0, gr/2 (V) = 5=, gor/3(v) = 32%T and,
crucially for this example, gsx/6(v) =0, gx(v) =0 for v € (0, 27]. Therefore, we refer to the
subsampling methodology, which does not require information about P (v, w).

4. Subsampling procedure and consistency

Let us introduce the subsampling procedure. Some of the notation is adopted from [26]. By Li b
and LZ’ »» We denote the subsampling estimators of distribution functions of /n/L, (| G,, v, w)|—
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[P (v, w)|) and /n/L, (|7, (v, w)| — |y (v, w)]), respectively. For any point x € R, we define those
estimators as

n—b+1
L,f,b(x>=m > b/ (16w, 0)] = 1Ga (v, )]) < x}, (24)
t=1
1 n—b+1
Ly =y Z VE/Ly (17,70 v, ) = 19, 0)]) < x}, (25)
where
1 t+b—1t+b—1 o
fo]’b(v,a))=m Z Z Hp,(j1 — )X, X je e,
1=t =t
0 ) = G (. )|
. _

JIRe(GL 2 0, v) Re(G (@0, )]

and 1{B} is an indicator function of the event B. Denote by J” (x) and JV (x) the distribution
functions of J* and J7, respectively. For any « € (0,1) let ¢} ,(1 — ) and ¢} ,(1 — «) be
quantiles of the nominal level 1 — « from subsampling distributions (24) and (25), respectively.
The following theorems concerning consistency of subsampling then hold.

Theorem 4.1. Under all assumptions of Corollary 3.2:

@) L,ib(x) LS JP(x) for any x € R;

.. P
(ii) sup,cg |L5b(x) —JP )| 50
(iii) the subsampling confidence intervals for | P (v, )| are consistent, which means that

P(\/n/L,,(|Gn(v,w)| — |P(v,w)|) < cib(l —a)) —> 1 —aq, (26)

where b = b(n) — oo and b/n — 0.

Theorem 4.2. Under all the assumptions of Corollary 3.3:

@) LY, (x) > J7 (x) forany x € R;

.. p
(i) sup,cg|Ly ,(x) = JY ()] = 0;
(iil) the subsampling confidence intervals for |y (v, w)| are consistent, which means that

P(Vn/La(|72(, 0)| = ly v, )]) < ¢} (1 —@)) — 1 —a, (27)

where b =b(n) — oo and b/n — 0.
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5. Simulation study

In this section, we show possible applications of the results from Sections 3 and 4. In Section 5.1,
we present graphical methods for detecting the presence of periodic autocorrelation. We consider
simulated data sets. In Section 5.2, we calculate confidence intervals for the magnitude of a
spectral density using subsampling and asymptotic distributions.

5.1. Graphical methods for detecting periodicity

Take any point (v, @) from the bifrequency square (0, 27]* such that v # w. Let us consider the
null hypothesis Hp: | P (v, w)| = 0 and the alternative hypothesis H; : | P (v, w)| # 0. If we assume
that go(v)go(w) # 0, then the above hypotheses Hy and H; are equivalent to Hy: |y (v, w)| =0
and Hi:|y (v, w)| # 0, respectively. Under the assumptions of Theorems 4.1 and 4.2, we can
use the statistics YF (v, w) = VL |Gr(v, ®)] and Y (v, w) = /n/Ly|Pn (v, )|, and critical
values from the subsampling distributions (24) and (25) for the above testing problems. Under
Hy, the rejection probability tends to « and under Hj, this probability tends to one, which means
that the both tests are asymptotically consistent.
Additionally, by Corollary 3.2, we use the statistics

TP, 0) =nL; ' (Re(Gr(v, ) /6 R, »)” + (Im(G (v, ) /6] (v, ))*)

for the above testing problem where &, R (v, w) and 01 (v, w) are estimators of the asymptotic
variances of /n/L, Re(G, (v, w)) and m Im(G, (v, w)), respectively (see Theorem 3.1),
obtained by replacing the unknown spectral densities by their estimates (see formula (8)). Un-
der hypothesis Hy, the matrix X (v, w) from Theorem 3.2 has non-zero elements only on the
main diagonal. Therefore, under Hy, the test statistic f,f (v, ) has, asymptotically, a chi-square
distribution with two degrees of freedom.

For different points (v, @) from the bifrequency square (0, 27t]?, we may consider the above
testing problems. If we reject hypothesis Hy for many points for which w = v — X, where X is
some constant different from zero, then it can be suspected that the time series {X, : ¢ € Z} is not
stationary (see [16], Figure 1).

We calculate values of the statistic TnP (v, w) for data for each point from the set {(vs, w;) =
27ws /120,272 /120),1 <5 <120,1 <t < 120,s #t} C (O 27)? and we compare these val-
ues with the critical values ¢ b(l — ). If the value of T (v, w) exceeds ¢ b(l — ), then we
reject hypothesis Hy and put a black mark at the pomt (v, w) on the b1frequency square. The
same steps are repeated using statistics Y} (v, w), T.F (v, w) and appropriate critical values from
subsampling and chi-square distributions. We fix n = 720, L, = (51 =4, b= [34/n] = 80,
Ly =[b""1=2and @ =99%. We put Hy, (t) = 1{|t| < L,}, where 1{B} is an indicator func-
tion of the event B. We compare our methods with the method presented in [16] and [17]. We put
M = 25 into [16], formula (11). Note that using multiple testing procedures for various points
seems to be difficult for graphical methods presented in Figures 1(b)—(e) and 2(b)—(e) because
the number of different tests on each figure is 14400 and this is bigger than the length of the
sample, which is n = 720. If we use multiple testing procedures and we calculate the quantiles
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(a) (b)

Figure 1. Graphical methods for detecting the presence of periodicity of covariance for samples from
the MA(2) model: X; = 2¢;,_o + €;,_1 + €, with Normal(0, 1)-distributed innovations: (a) time series;
(b) tests for | P(vg, w;)| based on the statistic T,); (vs, ws) and subsampling; (c) tests for | P (vs, wy)| based
on the statistic f,{) (vy, w¢) and central chi-square distribution with two degrees of freedom; (d) tests for
|y (vs, wr)| based on the statistic T}l/ (vs, ¢) and subsampling; (e) tests for |y (vg, ;)| based on the statistic
presented in [16], formula (11), page 342, and the beta distribution.

from the subsampling distribution, then the justified significant level should not be too small
in comparison with the sample size. Some intuitive adjustment for the significant level in the
graphical method presented in Figures 1(e) and 2(e) for the PC case was made in [17]. The the-
oretical results which can help in multiple testing procedures in connection with subsampling
approximation can be found in [1], where the question of how well the subsampling distribution
approximates the tail of an unknown distribution that we approximate was considered.

Figure 1 presents the stationary case. All methods for this case fail to show the evidence of
periodic correlation. Figure 2 presents methods for the sample from the periodic moving average
model of order one with period equal to 7 = 4. All methods for this case clearly reveal the pres-
ence of periodic correlation with appropriate length of period 7 = 4. In summary, all methods can
successfully distinguish the stationary case from the PC case. Moreover, there is no clear differ-

0100 200 300 400 500 600 700 L

(a)

Figure 2. Graphical methods for detecting the presence of periodicity of covariance for samples from the
PMA(1) model: X; = (2 + sin(2m/4))ze,,1 + €, with period T =4 and Normal(O 1)-distributed inno-
vations ¢;: (a) time series; (b) tests for |P(vg, w,)| based on the statistic T (vs, ws) and subsampling;
(c) tests for | P (vs, w;)| based on the statistic T (vs, wy) and central chi-square distribution with two de-
grees of freedom; (d) tests for |y (vs, ;)| based on the statistic T (vg, @r) and subsampling; (e) tests for
|¥ (vs, wr)| based on the statistic presented in [16], formula (11), page 342, and the beta distribution.
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ence in these examples between the efficiency of the above graphical methods based on subsam-
pling, the central chi-square distribution with two degrees of freedom and the beta distribution.

We chose the parameters L, and b to satisfy the assumptions in Theorems 4.1 and 4.2. Note
that in [26], pages 190-191, the problem of choosing b in practice in special cases was con-
sidered. It was found that the choice of b is, in practice, a delicate issue, like the choice of the
bandwidth L, in nonparametric spectral density estimation. It was also shown in [19] in sim-
ulations that the type I error and power of the test based on subsampling approximation for
significance of the value |a(X, t)| strongly depends on the choice of the parameter b. It is likely
that a similar problem occurs in the graphical methods presented in this work, where the choice
of the parameters L, and b is a open problem.

5.2. Confidence intervals

From Theorem 4.1, we can obtain a two-sided equal-tailed consistent confidence interval for the
parameter | P (v, )| in the form

(|Gn(v, )| —cf ,,(1 - %) [N 1Gav, 0)] = cf b(%) / \/n/Ln), (28)

where « € (0, 1) is a nominal level. A similar confidence interval can be obtained for coherence
using Theorem 4.2. Consider the periodic moving average model of order one with period equal
toT,

X =00 —De—1+ €, (29)

where 6(¢) = (2 + sin(2wt/ T))? and ¢ is a Gaussian white noise with mean zero and variance
equal to one. The aim of this section is to calculate confidence intervals for |g; (V)| for time series
of the form (29).

Figure 3 presents 95% confidence intervals (28) for |[P(v,v — X)|, T =4, A € A =
{0, /2, 7, 37} and for v € {2kn/120:k = 1,2,...,120}. We put L, = [n'/°], b = [3./n] and
n = 500. We also present 95% confidence intervals based on the asymptotic distribution J© (see
the formula in Corollary 3.2) by replacing unknown values of spectral densities in the asymp-
totic distribution J ' by their estimates using (8). The confidence interval for g; (v) based on the
asymptotic distribution J ¥ has spikes on the interval (0, 27t] being considered. It follows from
the fact that asymptotic variance in the limiting distribution J* depends (for fixed 1) on a value
P(—v, v — 1) that is non-zero for the considered v € {2kw/120:k = 1,2, ..., 120} only for the
points v € {w+x/2:x € A}. This can also be observed for the stationary case, where the asymp-
totic variance of the normalized spectral density estimator on the main diagonal, expressed as a
function of v, has a discontinuity at points vop = 7 and vg = 27 (see [27] and [31]). Note, that
the distribution J* can be used to construct a confidence interval for | P (v, )| under additional
information concerning parameter P (v, ). Therefore, subsampling seems to be more useful in
practice when there is no rule to obtain the parameter b in our testing problem.
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Figure 3. Confidence internals for |P(v,v — X)| for 2 € A = {0,7/2, 7, %J‘E} and for
v e {2kn/120:k = 1,2,...,120}. Solid line: theoretical |P(v,v — X)|; dashed line: 95% asymptotic
confidence interval (based on distribution J© from Corollary 3.3) for sample size n = 500; light shading:
95% subsampling confidence interval (28). (a) The case A =0, gg(v) = |P (v, v)| = (59 + 18cos(v))/4m;
(b) the case A = %, lgn/2W)] = [P, v — ©t/2)| = V2(/5T + 10cos(v) — 10sin(v) — sin(2v))/7;

(c) the case A = m, |gr(v)| = |[P(v,v — @)| = ,/625+4sin2(v)/4rr; (d) the case A = %TE,

|g(3/2)n(v)| =|P(v,v— %n)| = ﬁ¢51 + 10cos(v) 4+ 10sin(v) + sin(2v) /.

6. Conclusions and open problems

In this work, we give the exact forms of the asymptotic distributions for normalized spectral den-
sity and magnitude of coherence statistics and we prove the consistency of subsampling applied
for magnitude of spectral density and coherence. This research was done for «-mixing zero-mean
APC time series with the support of the spectral measure concentrated on a countable set of par-
allel lines. By the consistency of subsampling, we construct asymptotically consistent confidence
intervals for magnitude of spectral density and coherence. Importantly, this confidence intervals
does not depend on the support of the spectral measure, unlike confidence intervals based on as-
ymptotic distributions. Graphical methods for detecting the presence of periodic autocovariance
were presented and their theoretical properties explored. One of the main problems is the choice
of the parameter b in graphical methods, as presented in Section 5.

The next problem connected with applications is the estimation of spectral density and coher-
ence for non-zero-mean time series. Note that the well-known differencing operation, popular in
time series analysis, is useful when the mean function is a constant or a periodic function with
known period. Generally, if we assume that the mean function is almost periodic, then we can-
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not use the differencing operation, even if we known the set I' (see Remark 3.1), in the Fourier
representation of the mean function. To cope with this problem, we can consider spectral density
estimators for non-zero-mean time series of the form (13). This, and other open problems, are
currently being researched by the author.

Appendix
To begin, we formulate a few auxiliary lemmas which are crucial for proving the theorems.

Lemma A.l. Let {X;:t € Z} be real-valued time series with corresponding o-mixing sequence
a(-). Assume that there exist real numbers § > 0 and A < oo such that sup,cy, | X;|l24+s < A. For
any A €10,27), j € Z and T € Z, we then have the following estimates:

() |B(j, )| < 8A2a% O (|7));
(i) la(r, 7)] < 8A2¥/CH(|7)).

Proof. The proof of (i) is elementary and is based on [8], Theorem 3, page 9. The proof of (ii)
follows from (i) by noting that a(A, 7) = lim;,— n~! Zle B(t, v)e M for any XA € [0, 27) and
T €. O

Lemma A.2 (Conclusion from [8], Theorem 2, page 26). Let {X,:t € Z} be a zero-mean time
series. Assume that there exist real numbers | > 2 and § > 0 and an even integer r >1 — 2
such that sup,cy, || X;ll1+s < 00 and Y32 k"a®/0+2+8) (k) < co. There then exists a constant
Ko < oo (which depends only on the sequence a(-) and constant I) such that for any a € Z and
g € N, we have the estimate

a+g

2 X

t=a+1

< (K max{Q(l,8,a,g),[0Q2,8 a gl H"", (30)

1
where Q(1,8,a,8) =Y 125 1X:1l! 5.

Lemma A.3 (Multidimensional generalization of the CLT of [10]). Let {Y,,; = (Vn.r.1, Yn.1.2
cesYntd) € RY:1<t< an} be a triangular array of zero-mean real-valued random vectors,
where {a,}neN is a sequence of positive integers tending to infinity. Define

Assume that:

(i) there exists a constant § > O such that

sup{llynrkllo4s:n>1,1<t<a,, 1 <k <d} < A < o0;
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(ii) lim,_, o Var(S,) =X;
(iii) there exists a sequence of positive integers {h,},eN such that h, = O(a);) for some k €
[0, 4wa), and a sequence {g (k)}x>o such that oy (k) < ¢(k — hy) for all k > h, and

o0
Zk’g(k)‘s/(zJ“‘S) <K <o

k=1
for some r > %, where oy, (-) is a mixing sequence for a triangular array
{Yn::1<t <ay,}defined foranyn>2and h=1,2,...,a, —1as

ap(h)=sup sup |P(ANB)— P(A)P(B)|.
1<t<a,—h Ae€A,;
BEBn,t+h

A, stands for the o-algebra generated by {Y, ,:1 <u <t} and By, stands for the
o-algebra generated by {Y,, , 1t <u <ay}.

Then S, > N (0, ).

Proof. The proof is based on the same steps as that of the CLT of [10], and the Cramér—Wold
device. (]

Lemma A4. Let {X;:t € Z} be a zero-mean and a-mixing time series. Assume that there exists
a real number § > 0 such that:

() sup;ez 1 Xt llo+35 < A < 003
(i) Y poolk + D?a(k)?/CH) < K < oo.

For any sequences {cp}nez, and {d,},cz of integers where d,, > 0, we then have

cntdy  cptdy  cntdy  cptdy

S Y D IEXXiXuXy) — E(XX)E(X,Xy)

s=cp+1t=cp+1u=cp+1v=cy+1
—EX; X)EX Xy) — E(Xs X)) E(X: X)| < Cdy,

where the constant C depends only on K and A.

Proof. This proof is based on a similar technique as in the proof of [18], Theorem 4.1, and is
therefore omitted. d

Lemma A.5. Suppose that assumptions (A1)—(AS) hold. Using the notation from Section 3, for
any (v, ) € (0,27]%, we have

lim E[PSY (v, w)] = P(v, w).
n—oo
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Proof. Take any (v, ) € (0, 2n]? and note that (j =1, T =5 — 1)

cn+dy, cp+d,

Z Z E(X,X )e—l(\) )t —1v(s 1)

s=cp+1t=cp+1

E[PS (v, w)] =

1 cntdy  cntdn—

—i(v—w)j ,—ivt

j=cnt+lt=cp+1—j

cptdy  cntdn—

an Z Z Z a(r, v)eld=v=e)jg—ive

j=cnt+lt=c,+1—jreA,

cptdy  cntdn—j

an Z Z alv —w, 1)e V"

J=cptlt=cp+1-j

cptdy  cntdp—j

2nd Z Z Z a(x, 7)elt—(—o)je—ive

j=cp+lt=cp+1—j re A \{v—w}

=— Z <1 - —>a(v —w,T)e VT
\t|<d

cptdy  cntdp—j

ann Z Z Z a(A, '1,')@:1()L (v—w)jg—ivt

j=centlt=cp+1—jreA\{v—w}

Denote the first and second terms of the last equality by € , and €2 ,, respectively. Note that €1 ,,
is a Cesdro mean for the sequence Z‘den a(v —w, t)e ", Hence, €1, goes to P(v, ). By
the estimate | Z?:p e /| < |cosec(x/2)|, where p < g, x 2 0 modulo 27, we have

cptdy dyn—1cy+dy—1
( Z Z _,_Z Z ) Z a(k’f)ei(xf(ufw))jefiuz

|62,n|
t=—dp+1 j=cp+1-71 =1 j=cp+1/ reA\{v—w}
| dy—1 | dy—1
< ZTtdn Z Z la(x, 7) cosec((A — (v — w))/2)| < md, Z 2 (v — ),
T=—dp+1 reA\{v—w} T=—d,+1
which means that €3 , — 0 (by (A3)). This completes the proof. O

Lemma A.6. Suppose that (A1)-(AS) and (B) hold. Additionally, assume that there exist § > 0,
A < 0o and K < o0 such that:

(1) supsez 1 Xt llo43s < A
(i) Y52k + D2a(k)?/?+D) < K.
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Using the notation from Section 3, for any (v, ®) € (0, 27]* and any a € Z, we then have

Lg, La,
Z Z E(Xr1+a Xt2+a)HLdn (T )26—11)(11 ta)glo(mta)

T1=—Lg, 12=—Lyg,

1
2nLy,

1
=/ w(x)*dxP (v, ®) + €, (v, ),
-1
where |e, (v, w)| < e, (v, w) = 0 and e, (v, ) does not depend on a.

Proof. Take any (v, ) € (0,2n]> and note that using the same steps as in the proof of
Lemma A.5, we get

Ly, Ly,
1 " n ' .
21t Z Z E(thLaXTera)HLdn(1-1)26—1v(r1+a)elw(r2+a)
TLg, 11=—Lg, 12=—Lyg,
1 a+Ldn d"rLdn ]
=57 > 2 H,(-wav-o0eT
dnj =a— Ld T=a— Ld,,—J
a+Ldn a+Ldn_j
2 L Z Z Z HLd (j —a)a(r, t)el*~v=ejg=ivt
L, j=a—Lg, t=a—Lg,—j €A, \{v—w}
_ oy Y U e Y 3 220/
ltl<2Lg, j=—La, 2nLg, Wy S Al 2nLg,

xav—w,7)e VT

2Lg4, a+Lg, —

DI L N .
2TELdn Ly

t=1 j=a—Lg, AeA:\{v—w} n

a+Lg,

Z Z Z w2<jL— a>a()¥, )el—=0)j g=ive
dy

t=—2Lgy, j=a—Lg, -7t AeA;\{v—0}

ZTELd”

=uo(n) —ur(n) +uz(n) +uz(n),

where ug(n), uy(n), up(n) and uz(n) are the first, second, third and fourth terms, respectively,
of the last equation. It it easy to see that ug(n) — f_ll w2(x) dx P(v, w). Therefore, to prove the
theorem, it is sufficient to show that u1(n) — 0, u>(n) — 0 and u3(n) — 0. By Lemma A.1(ii),
for the term u(n), we have

It + 1 32A%K
< Y ———8A%YCH (7)) <

2L =omLg
T
|7|<2Lq, n n
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For the term u»(n), we have

2Lg, Lg,— .
J U
lua(n)| = s Z Z Z w2(L_>a()\".[)el()~ (v=)(j+a) g—ivt
A 121 j=—Ly, reAr\v—o) dn
Lg, Lg, -
elA—(—w)(j+a) —ivt
rml T (T X)) st
nr= 1reA; \{v w} /__Ldn n

2Lg, Lg, -

YOOy Y w (Ld) =D (40 (3 pye Ve

2nla, _ Ly, +1 A€M \(v—0} j=—Lq,
Lg, -1 j
2f J \.iG—(—w))j
srm Y L L () e
t=11eA\[v-w} | j=—Lg, n
fi(n)
Lg, Lg,—t .
2( J ) iA—(v—w))j
> Y | X w(L e
2“1“1" =1 reA \(v—w} | j=0 La,
fa(n)
2Lg, Lg,—7t .
D 3w () il g, o).
21‘[ Ly . Ly
" t=Lg,+1AeA\{v—-w}|j=—Lg, n

f3(n)

Now, using the property | Z?: »Ci el/¥| < ¢plcosec(x/2)|, which is true for any x # 0 modulo
2mand ¢p > cpi1 = -+ = ¢4 (see [9], Exercise 1.2, page 10) for the terms f1(n), f2(n), f3(n),
we obtain the estimate

Ldn

|u2(n)|_—Z > la(h, o)l [eosec((h — (v — w))/2)]

nL
d”t 1 reA\{v—w}

A

2Lg4,

Z Z |a()»,r)||cosec((k— (v —a)))/2)|

t=Lg, +1 reA;\{v—w}

2TELdn

2Lg,

Zz,(u— ) — 0.

Using the same arguments, we get that u3(n) — 0. This completes the proof. (]
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Proof of Theorem 3.1. Using simple decomposition, we have

2m)%d A A
@m)”dn cov(GS4 vy, w1), G5 (12, w2))

n

cntdy  cptdn  cntdy  cptdy

Z Z Z Z cov(Xs Xy, Xy Xy)Hp, (s —t)H, (u—v)

”s cntlt=cp+1u=c,+1v=c,+1

x e iVis—or—vutwrv)

cntdy cptdy  cntdn  cntdy

YT DT D (cov(Xe Xy, XuXy) — E(Xs Xu)E(X, X))

”s cntlt=cp+1u=c,+1v=c,+1

- E(XSXU)E(XtXu))
x HLd (S _ t)HL,] (u _ U)e—i(\)|s—a)1t—v2u+w2v)

cptdy cptdy cptdn  cptdy

Y Y Y EXXDEXX)Hy, (s —1)

s=cp+1t=c,+1u=cp+1v=cp+1

n dn

x HL (I/l _ v)e—i(vls—wlt—vzu-i-wzv)
dll

cntdy  cntdy  cntdn  cntdy

Yood > Y EXGX)EXX)

s=cp+1t=c,+1u=cp+1v=cp+1

n dn
x HLd (S _ I)HL,] (u _ U)e—i(vls—wlt—vzu+w2v)
=s1(n) + 52(n) + 53(n),

where s1(n), s2(n), s3(n) are the first, second and the third term, respectively, of the last equation.
To prove the theorem, it is sufficient to show that s1(n) — 0, s2(n) — (27()2P(v1 ,)P(w1, ),
s3(n) = 2m)2P (v, 21 — w1) P(v2, 210 — wo) as n — 0o. Note that by the estimate

cptdy cptdy  cptdy  cptdy

Z Z Z Z lcov(Xs Xy, XuXy) — EX X)) E(X: X))

dn s=cp+1t=c,+1u=cp+1v=cy+1

Isi(n)| <

— E(Xs X)) E(X: Xy)|
and Lemma A .4, we get that s1(n) — 0. Considering the term s»(n), we get (t = ji, s = j1 + 11,
V= j2,u=jp+12)

cntdy  cptdy, cptdy  cptdy

Y Y D EXX)EXXy)

dn s=cp+1t=c,+1u=c,+1v=c,+1

s2(n) =

x Hy, (s —t)Hp, (u— v)e (V1s—or—vaute)
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1 cptdy La, Cn— Ly Cntdy
A(Er-s¥r %
Ji=cpn+lti=—Lg, t1=—Ly j1=cp+1 11=1 j1=cp+dy—711+1

cp+d, La, ch—T L, cn+d,

(-5 -» %

Jo=cp+1 T2_7Ldn ==Ly o=cp+1 =1 ja=cy+dy—12+1
—iW1 G+t —w1 ji—v (ot m)+on
x E(le + Xj2+r2)E(Xj1 ij)HLd,. (fl)HLdn (12)e i1Gi1tT)—w1j1—v2(j2+) w2 j2)

=do(n) —di(n) — dr(n) +ds(n),

where

cntdn Lg, cntdn Ly,

do(m) = XX X X hpnw
]lfcn“‘lfl_*Ldn Jo=cn+112=—Lg,
cn+dy, Lg, ch—To
dim=27 3L ) Z > Giiue
Ji=cn+111=—Lg, o=—Ly jo=cn+1
cp+d, Lg, cn+d,
> X Z > Piimm
" ji=cp+111=—Ly, ©o=1 jo=cp+dy,—12+1
cntdy Lg, =T
da(n) = > X Z > Gk

" ja=cp+119=—Lgy, T1=—Ly j1=cp+1

cn+dy Lg, Ly cptdy

2. 2 2 2 Yhpmm

" ja=cpt+ln=—Lg, 1=l j1=cp+dp—11+1

n—T1

d3(n)_dLa',, Z Z Z Z DjijatiTa

==Ly j1=cp+112=—Ln jo=cy+1

=T Ly Cntdy

Z Y Y Y v

d L
n T1=—Ln j1=cn+1 12=1 jo=cp+dp—12+1
cptdy =T
» SRS SED S SRTTEN
dnLa, n=1ji=cp+dp—t1+1 2=—Ly jo=cn+1
Cn+dn Cn+dn
+7 Ld ¥ Y Y Y e
e =l ji=catdn—t1+1 02=1 jo=cp+dp—72+1
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and ¢, jyr,r, = E(Xj, X)) E(X jy 40, X jytra) Hry, (1) He, (rp)e i Gitm)—oiji—v(htn)terp)
We show that the terms di(n),d>(n),d3;(n) tend to zero, which means that so(n) has the
same limit as do(n). We start with the term d;(n). By Lemma A.1(i), we have [¢}, j 70| <
64A%®/ ) (| j1 — o/ (| j; — jp — (11 — 12)|), which means that

cp+dy Ldn h—T2

Z > Z > (= fal)

P ji=cnt+1T1=—Lg, To=—Lp ja=cp+1

64 A4
|di(n)] < <

(11 = o — (11 — )

cp+d, Lg, L, cntdy

DD DD DD D LA ()

J1=cp+1 Tl__Ldn =1 jp=cp+dy—12+1

x @l F (11 = jo = (11 = )
6474 d,—1 Lg, Lg,
<7 ( o LK) Y Y &P (k- (1 — )
ntedy k=1-Lg, t1=—Lg, ©2=—Lyg,
Ly—1 Lay, Lay,
+ Y LaoCky Y Y 066/(2+5)(|k—(fl—f2)|)>
k=—d,+1 T1=—Lg, 2=—Ly,
dp—1
64A* [
< > Lg,@® (kD@L + 12K
dla, \; 17
- dn
L,—1
+ Y Ld,1a5/<2+3>(|k|)(2Ldn+1)2K>
k:_d)1+1
4
< (2Lg, + 1)?8K* -0  asn— oo.

nld,
Using the same steps, we have that the terms d>(n) and dz(n) tend to zero. For dy(n), we get

Cntdp Cntdy

Z Z E(XJIX )e—l(wzjz 1 j1)

" j1=cn+1 jp=cp+1

do(n) =

L dn L dn

Yo Y EXjnXjitn)

t1=—Lg, ©2=—Lg,

X HLdn (tl)ze_i(‘”(j1+f1)_"2(./'1+fz))

cntdy,  cptdy

Z Z EX;, X}, )e—l(wzjz o1 1)

J1=cn+1 jp=cn+1

dn dy
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Lay La,
X Z Z (E(le+fl Xj2+r2)elv2(12+t2))

1= Ldn 0= Ldy,
X X v (j1+T
E( Ji+T jl-‘rlz)e u 2)))
2 —ivi(j1+T
x Hy, a (t1)°e 1Gi+7)

cntdy  cntdn

Z Z E(X,, ij)e*i(wsz*wljl)

Ji=cn+1 ja=cp+1

1

+
dn Ld,,

La, La,

X Z Z E(Xji10 X jr+v)

T11=—Lg, ©2=—Lg,

x Hy, (t1)(Hyr, (12) — Hr, (11))

x el Gitm)-n(a+n)

Denote the first, second and third terms of the last equality by co(n), c1(n) and c;(n), respec-
tively. For the term ¢ (n), we have ¢ (n) = z1(n) + z2(n) + z3(n), where

Z E(le ij)e—i(wzjz—wm)
b\ ji— jp|=2Lg,

z1(n) =

Lay, Lay,

x Z Z (E(Xj1+r, Xj2+fz)ei”2(j2+fz))

11=—Lg, 12=—La,
v (j1+T
—EXji4r, Xji+n)e v2(Ji z)))
% HLd,, (tl)ze_lvl(]l+fl)’

1 Lg, —Lg,—1 Lg,
Zz(”)zdnL Z E(Xji X)) Z ( Z o Z )

d . A .=
" 0<j1—j2<2Lg, 11=—Lg, \u=j2—j1—La, T2=j2—j1+La,+1

X E(le—i-fl Xj1+1’2)HLdn (‘Cl)2

x e+ =@ j1—v2(j1+m0)+w2j2)
1 Lg, Jo—j1+La,  jo—j1—Lg,—1
am=-—— 3 EXpXp) )| X - X
d, L
n=dn O0<jp—j1<2Lg, T1=—Lg, \12=Lg,+1 ©y=—Lyg,

X E(Xj i1 X ji+1) Hey, (11)?

x e+ —eji—n(i+n)+e2j)
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Using Lemma A.1(i) and similar steps as for the term dj (n), it can be proven that z(n) tends to
zero. For the term z,(n), we have

64A4 Lg, —Lg,—1 La,
l22(m)] < == > > oo+ >

" 0<ji—j2<2Lg, i=—Lg, \u=jo—j1—La, Tw2=j2—j1+Ld,+1

x /@t () — ;)b (|1 — 1))

128K A*

<
dn Ld

n

D Ui =i FI (i = j2) — 0.
0<ji—j2<2Lg,

In the same way, we may prove that z3(n) — 0. This means that c; (n) — 0. Using Lemma A.1(i),
inequality |Hy, (12) — Hr,, (t)| = Wlto —11l/La, = W(©2 — 11 + (j2 — jOl + |j2 — j1l)/La,
and similar steps as for the term d; (n), it can be proven that ¢ (n) tends to zero. This means that
the term dy(n) has the same limit as co(n). Now, using Lemmas A.5 and A.6 for the term cy(n),
we get

Cntdn  cntdp

1
1 ) . )
_ 2 - T —i(—w1 j1+w2j2)
co(n) _231/_1141 (x)dx P(vl,vz)d E E B(j1, jo — j1)e 122

" Ji=cnt1 ja=cy+1

21t cptdy cp+dy

t== X D BUL = e T Re, (v, v) 31
" Ji=cn+1 ja=cn+1

Yn

1
— @n) / w2 (x) dx P(or, v2)P(@r,@2) +0(1) + ya.
-1

For the term y,, we have

ot chtd,  cptdy
Dl e == 30 Y0 8A%M V(i — jol) < & (v, va)4K T~ 0.
" ji=catl p=cptl

Hence, s2(n) — (27()2,0P(v1, 1) P(w1, wy). Following the same steps, we get that s3(n) —
(275)2,0P(v1, 21t — wy) P(v2, 21 — w1). This completes the proof. U

Proof of Theorem 3.2. Let us consider the following decomposition for the estimator
G (v, 0):

Vdi/La, (G (v, 0) — P(v, ) = V/du/La, (G4 (v, 0) — E(GEY (v, )
+/du/La,(E(G54 (v, 0)) — P(v, w))

=559, w) + €4 v, w),
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where §;¢(v, ) = \/dy /L4, (G (v, ) = (G (v, @), €74 (v, 0) = \/dy[Lq, (E(G5 (v,
w)) — P(v, w)). We will now split the proof into two steps. In the first step, we will show that the
deterministic term eﬁ’d(v, w) tends to zero for n — oo. In the second step, we will show that

[Rew;'"’(v, ®))

d
Im(Sﬁ’d(v, a)))] — MN2(0, Z(v, w)). (32)

Step 1. Without loss of generality, we may assume that w < v. Changing variables and using,
sequentially, (3), (5), (4), (A3) and assumption (ii) of our theorem, we then obtain

€69 (v, w)| = \/dy/La, |E(GE4 (v, 0)) — P(v, )]

d 1 ntdn Ldn
— n 27d, Z Z Hen+1=<j+7<cy+du}B(j,T)HL,, (T)
Jj=cp+lt==Ly,
% e—ivre—i(v—w)j — P(v, w)
d 1 cp+dy Ldn
: \/7 2md, > > B(.m)HL, (e e — P(u, w)
T —Cn+1 T—*Ldn

d 1 cp+dy L dn

Loamd, 2 2 Atr>entd)

j=cat1t=—Lg,

+1{j + 7 < ¢y + 1D8A%Y T (7))

> ~
Py a(v—w,)Hr, (1)e”""" = P(v, a))‘
Lg, |27 el
Lan entdy
- f 2nd, Z HLdn (@ Z Z a(h, T)el()‘_("—w))]e—wr‘
T ==Ly, Jj=cp+1reA\{v—w}
402 L

+—— ACRA (1))
n/dyLyg, tzz;d

ER 5 B Jornmo e

|t|<0Lg, Lay>|t|>0Lg,

Lg, cn+dy
2. 2 |2 ek e o)
Ld zndn ==Ly, AeA\{v—o}l j=cp+1
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dn 2,,0/(2+8)
Ly ( > 8% ()
" |T|>0Lg,
Ldn
an Z Z |a(k,t)cosec((k—(p_w))/z)o+0(1)
t=—Lg, rheA:\{v—w}
2
< ARSI (1)
T om
" |t|>6Lg,
La,

2n\/m Y. > laGuoycosec(( — (v —w)/2)] +o(1)

' 1=—Lg, AeA\{v-w}

8A2 d rrr 8
P /(r+248)
= 2o 107 Y oLy, (17l)
[z|>0Lg,
1 Ly (1 <&
d,

+ — = — E — +o(1

27[ dn (Ldn T I Zr(v w)> O( )
=—Ly,

d 1 |L _
i K 5y e +o(h = 0! ™ o)
dy n

— O(l)dn’(((lf’c)/(zk)*r) + 0(1) N 0’

where 1{B} is an indicator function of the event B. This completes the proof of step 1.
Step 2. In this step, we use Theorem 3.1 and Lemma A.3 to show (32). Note that

S64 (v, w) =

d,
1 2 .
zwd_n;(Rn,,»(v,w+11n,j(v,w)),

where R, j(v,w) = Ry ;j and I;(v, w) = I, ; are defined via

Lg,

1 . :
Ry j(v,w) = \/?dn Z Hp, OW1 < j+71<dn)Zjse, (D) cos(vT + (v — o)(j +cn)),

t=—Lyg,
Ly,

1 . . .
Iy j(v,w) = \/LTL, T_;ﬂl Hg,, OHI<j+t=di}Zjyc,(T) sm(—vr —(v—w)(j —i—cn))

and Z;(t) = XXy — B(j, v). We show that for triangular array {(R;;, I, /) :1 <t <d,}, the
assumptions of Theorem A.3 hold. Note that by the Minkowski inequality, Lemma A.1(i) and,
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finally, by the Holder inequality, we have

IR, j (v, @) 245
1 Ly,

S\ Y Hip, OUL<j 47 <d)Xjre, Xjse,srcos(v + (0 — 0)(j +¢n))
n f:*Ldn

246
Ly
8A2 "
+ = Z o8 (17))
V Edy t=—Lg,
1 Ldn
<N Xjyellosss|——= Y. Hi, W <j+71 <dp}Xjio,4c
Ld” t=—Lyg,
X cos(vr +Wv—-w)(j+ cn)) +16A%K
3+4358/2
A L
S| 2 Hi US4 TS e cos(vT o+ 0= @)+ )
A Nle=—Lg, 34382
t1(n)
+ 16A°K.

In the next step, we use Lemma A.2 to estimate the term #1 (n). Let/ =3+ %8 and note that [+ 8 <
6 + 33, which means that assumption (i) of Lemma A.2 holds. Assumption (ii) of Lemma A.2

follows from assumption (iii) of our theorem. Therefore, using Lemma A.2 (similarly as for
In,j (v, w)), we get

[ R, j (v, @)ll2+s
< A(Kqymax{Q(3+38/2,8,—Lg, — 1,2Lq, + 1),
[Q(z’ 8, _Ldn _ 1’ 2Ld,, + 1)](3+(3/2)8)/2})1/(3+(3/2)8)/ /Ldn + 16A2K

< AK;Q(HG/Z)B) (max{(ZLdn + 1)A3+(3/2)5, ((ZLdn + 1)A2)(3+(3/2)5)/2})1/(3+(3/2)6)/\/L_dn

+16A%K

< A2K PO ALy 1/ La, + 160K
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which means that assumption (i) of Lemma A.3 holds. Condition (ii) of Lemma A.3 follows from
Theorem 3.1 by noting that

cov(Re(SS4 (v, w)), Re(SS4 (v, )

d S 2ed, oA aecd, <
=11 <ov(Gi 0. 0) + G . ). G v.0) + G0, 0).
d)l

cov(Re(SS4 (v, ), Im(SS4 (v, )

d A~ .0 A .0 .
=i V(G o) + 6 0), G v 0) = G v, ),
dyn

cov(Im(SS4 (v, w)), Im(S54 (v, )))

d N a7 A P
= 4L’; cov(GS4 (v, ) — G5l (v, ), GE4 (v, ) — G (1, w)).
Finally, putting 2, =2L4, and ¢ (k) = ax(k), and taking into consideration assumption (iii) of
our theorem, we get that condition (iii) of Lemma A.3 holds, which means that (32) holds, where
¥ (v, w) can be obtained by the last three equations and Theorem 3.1. The calculation of the
matrix X (v, w) is too technical to be presented here. This completes the proof. (I

Proof of Theorem 4.1. By Politis et al. [26], Theorem 4.2.1, it is sufficient to prove that there
exists a continuous distribution J such that:

. A d
(1) vn/Lp(1Gn (v, 0)| = [P (v, 0)|) — J;
(ii) for any sequence of positive integers {f,} = {¢»(n)} such that b = b(n) — oo, b/n — 0 as
n — 00, we have J, (x) —> J(x), where J, (x) = P(/B/Ly(1Gi " (v, )| = [P (v, 0)]) <
x) and J (x) is a distribution function at the point x for the distribution J.

This follows immediately from Corollary 3.2 by setting ¢, = #j(,) and d,, = b(n). This completes
the proof. O

Proof of Theorem 4.2. This proof is analogous to the proof of Theorem 4.1. The only difference
is that we use Corollary 3.3 instead of Corollary 3.2.
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