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Abstract

We consider a class of nonstationary time series defined by Y; = s + X3
and X; = Y77 ) Ct woy—piy—k where {n;; ¢t € Z} is a sequence of independent
and identically random variables with regularly varying tail probabilities, oy
is a scale parameter and {Ci, t € Z, k > 0} an infinite array of random
variables. In this article, we establish convergence of the normalized partial
sum of X;, and we deal with the asymptotic distribution for the normalized
maximum. We also investigate, by Monte Carlo simulation, the goodness-
of-fit of the limiting distribution.
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1. INTRODUCTION

In this article, we consider a class of nonstationary time series with the form.

o
(1) Yi=w+ Xy, Xi= Z Ct kNt—kTt—k
k=0
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where {C}, t € Z;k > 0} is an infinite array of positive random variables and
{m; —00 <t < o} a sequence of independent and identically distributed ran-
dom variables with regularly varying tail probabilities. Extreme value theory
of nonstationary processes has been the purpose of investigations under certain
conditions. Husler (1986) extended some results of the extreme-value theory of
stationary random sequences to non-stationary random sequences.

Niu (1997) studied the limit theory for extreme values of a class of nonsta-
tionary time series with the following form

o0
(2) Yi=pw+Xs, Xi= Z CkMt—kOt—k,
k=0

where (cg) is a sequence of real constants. In recent years, Kulik (2006) investi-
gated the limit theory for moving average

(3) Xe=> CorZi,
k=0

where {C}, t € Z; k > 0} is an infinite array of positive random variables.

In our purpose, we extend these two models (2) and (3) and consider non-
stationary moving average process with random coefficients defined in (1).

This model is used very often in the field of environment, meteorology, hydrol-
ogy, as it is able to successfully model phenomena such as extreme temperature,
floods, storms and extreme ozone concentrations (see Coles [4], Eastoe and Tawn
10]).

We may give an example of model (1) for, say, ground-level ozone data {X;}
defined by the following relation

(4) X, — { P1Xt1 +0'1t771$1)7 if Y5>,
=

b2 Xy 1 +oon?, if Yis <,

where 7 and ¢; are non random constants and with threshold variable Y;_s.
Here (ngl))tez and (77§2))tez are sequences of iid random variables with regularly
varying tail probabilities, and ¢, ¢o are constants parameters. We also assume
that (ngl))tez and (77§2))tez are independent as random sequences.

The ground level ozone process has piecewise linear structure. It switches
between two first order autoregressive process according to meteorological condi-
tions, including daily temperature, relative humidity, wind speed and direction,
which play an important role in determining the severity of ozone concentration.

In hydrology framework where the water level X; is observed at a given
location, Y;_s could be interpreted as threshold level upstream from that location



ON THE EXTREMES OF A CLASS OF NONSTATIONARY PROCESSES 167

and § the delay (in terms of days, hours, for instance) for the raw wave to reach
that location.

When we define Ij; = H{YH;>T}7 Iy = 1 — Iy, the model (4) can be written
as

(5) Xt = oy Xi—1+ Z
where

) (2)

by = ¢1lie + Pl and Zy = Ultﬂél L + ooemy ™ Tot.

The equation (5) is a stochastic difference equation where the pairs (¢, Zi)¢
are sequences of independent and not identically distributed R?-valued random
variables. Its solution can be written as

o0

j—1
(©) Xe=3 < 11 %—k)) Zij-
k=0

J=0

The rest of this paper is organized as follows. Section 2 contains background
results and tools. In Section 3, we establish the asymptotic behavior of the
partial sums. In Section 4, we establish the asymptotic behavior of the partial
maxima. In Section 5, we propose to estimate the parameters of the model (4).
In Section 6, we investigate, by Monte Carlo simulation, the goodness-of-fit of
the limiting distribution of the normalized extremes.

2. BACKGROUND RESULTS AND TOOLS

2.1. Point process

Let E be a state space taken to be a subset of compactified Euclidean space (such
as R? = [—00; +00]%). Let £ be the Borel o-algebra generated by open sets. For
x € F and A € &, define the measure €, on £ by

@ S

Let {x;,i > 1} be a countable collection of (not necessarily distinct) point of
the space E. A point measure m,, is defined to be a finite measure on relatively
compact subsets of E of the form m, = ) ;°, &, which is nonnegative integer-
valued. The class of point measures is denoted by My,(E) and M,(E) is the
smallest o-algebra making the evaluation maps m — m(F') measurable where
m € M,(E) and F € €.

Let C}; be the set of all continuous, non-negative functions on the state
E with compact support. If N, € Mj,(E) then N, converges vaguely to N
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(N, = N) if N,,(f) converges to N(f) for every f € Cj-, where N(f) = [ fdN.
A Poisson process on (E, £) with mean measure p is a point process N such that,
for every A € £, N(A) is a Poisson random variable with mean measure p(A4). A
Poisson process or a Poisson random measure with mean measure p is denoted

by PRM (u).
2.2. Assumptions and preliminary results

Under the following assumptions, Diop and Diouf ([9]) established the limit the-
orem for point processes based on the nonstationary time series (1).

We suppose that the absolute value of each weight C;  has an upper endpoint
¢, defined by

(8) cp =sup{c: P(|Cyp| <c) <1}, k=1,2,....

We will use the following assumptions:

H; — The sequence of random variables {n;, t € Z} is a sequence of indepen-
dent, identically distributed (iid) random variables and satisfies the condition of
regularly varying tail probabilities with index —«

(9) P(lm| > z) ~27*L(z), x— oo,

where o > 0 and L is a slowly varying function at infinity that is lim;_, o % =1,
Vx > 0 and tail balancing condition,

(10) lim L > )

_ . Pim < —x)
——" " =7, lim
z—00 P(|m| > z)

— 2 =1—1.
w00 P(|m] > ) o

where 0 < 79 < 1. Let a,, be the 1 — n~! quantile of |n;|:
(11) an = inf {z : P(|m| < ) Zl—n_l}.

The condition of regularly varying tail probabilities satisfied by the sequence of
random variables {n, t € Z} is equivalent to this vague convergence

(12) nP(a,'m € -) = v(-),
where v has density

v(dz) = amoz™* tdzl g, o) (@) + (1 — mo) (—a) " Ldal|_ o, o) (2).
Hj — The array {Cyy, t € Z, k > 0} is independent of {n;, t € Z}.

Hg3 — For each fixed m, the sequence {(Ci,...,Ctm), t € Z} is strongly mixing.
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H,4 — For some 6 >0, Y 72, ,1€ ? < o0, Sh TR < oo

We assume that there exist M > 0 and Y ;2 E | 0y—C1; |*< M.
Furthermore we assume that for fixed &k > 0,

1 n
(13) =3 0¥ >R, asn— oo,
n
i=1

where ~y, > 0, for all £ > 0.

Now assume that the R>-valued random elements C; = {Cyj, k > 0} form
the stationary sequence {Cy, t > 1}. Assume the R*-valued random elements
Vi = (Vi0, Vi1,...), t € Z has the same distribution as Cj.

Diop and Diouf ([9]) established the following theorem, which discusses the
weak convergence of the sequence of point processes based on (a,, !X} )ren to a
function of a PRM.

Theorem 1. Suppose that the non stationary sequence (X;) is given by (1).
Assume that the conditions Hi—Hy hold. Then, in the space M,([—o0, 0] \ {0}),

(14) Nn—ZE “ly, = N = Zzgﬂvﬂc’

t=1 k=1
where Y 2, €5, is a PRM with density
(d) = 2§ (moaz el gy (2) + (1 — To)a(—2) """ LdoTy_s, 0(2) .

The asymptotic tail behavior for X; defined by (6) are given by the following
theorem (see [8]).

Theorem 2. Suppose that the conditions Hy—Hs hold, then the tail behavior
distribution of X; defined in (1) is:

. POl Conoi—ii—k |> )
15 1 E E C
( ) :BEEO (’771’>.Z' ’Utklk‘

3. ASYMPTOTIC BEHAVIOR OF THE PARTIAL SUMS

In the case 0 < a < 1, we establish convergence of the partial sums S
Sr ayt Xy, where {X;} is given by (1).
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Theorem 3. Assume that 0 < « < 1, under assumptions of Theorem 1 we have

n oo o0
(16) Sn:ZGEIXt %dS:ZthVM asn — oo
t=1 t=1 k=1

here —® denotes convergence in distribution.

Proof. Using the same arguments as in the proof of Theorem 3.1 in [5]. For any
Borel set B in R we define

S,B = ZaﬁlXtHB(aﬁl | X ])
t=1

and

o0 [e.e]
SB =Y "> Visls (| jiViu )-
t=1 k=1
For every € > 0, we define this continuous function

T: MP(R) — R
Zga:t = Zwtﬂ(e,oo)(‘ Lt ‘)
t=1 t=1

Applying the continuous mapping theorem to N, and Theorem 1, we obtain:

Sp(e,00) = T(Ny)
—4 T(N) = S(e,00)

Using the same arguments as in the proof of Theorem 3.1 in [5], it follows that

S(e,00) = S(0,00) = ZZ]}VM, ase — 0.
t=1 k=1

To prove (16), we only have to show now that S, (0,¢) — 0. In fact, by Theorem
2 we have that | X; | are random variables with regularly varying tail probabilities,
therefore we can use the Theorem 2 of [11] (page 275) and get the following
equivalence uniformly in ¢

aneP (| Xi |> ane) .

(%
(17) E (| Xt [ T.ane) (| X2 1) ~ 1

Let 5 > 0, by Markov’s inequality and (17), we have,

n
Z an Xilo o) (| ay ' Xe )
t=1

P(| Sn(0,€) | > ) < B7'E
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< Blayt ZE (I X¢ | Tio,0)(| ap ' Xe 1))

t=1
a n
~1
~ T aﬂ 8;]?(\ X |> ane)
a n (o.0]
~ T 5—1621@(&;1 |m [> 5)ZE | o1-kCrk |
. t=1 k=1
a
< mﬂ_lmp(a;l | m [>e)M
— %ﬁ_lMsl_a as n—oo—0 as n—0.
-«

Then
lim lim sup P(| S,,(0,¢) |> 3) = 0.
e—

n—o0

By Theorem 4.2 of [2], we have

$n(0,00) = a1 S, 5> Vi
t=1 k=1 |

4. ASYMPTOTIC BEHAVIOR OF THE PARTIAL MAXIMA

Let M,, = max{X1,...,X,}, where the processes (X;); is defined by (1). In this
section we present the main result concerning the asymptotic distribution for the
suitably (M,,), correctly normalized.

Theorem 4. Let (X¢); be the process defined by the equation (1). Assume that
the conditions H1-H4 hold. Then for all x > 0, as n — oo

(18) P(a;an < z)— exp {— [vg‘on(VJr)a +5(1 — WO)E(Vf)a] xfa} ,

with
VT =maxVigly, 5oy and V7 =maxVigliy, <oy

Proof. Using the definition of N,,, we note that {a,'M, < x} is equivalent to
(Np(z,00] = 0). Applying the continuous mapping theorem to the next function

=

T : Mpy(]0,00) x R\ {0}) — ID(0,00)

Nk

e(tk,jk) = Sup{jkatk < }

=
Il

1



172 S. Diour, A. Diop AND E.H. DEME

where D(0, 00) is the Skorokhod space of cadlag functions on (0,00) and using
Theorem 1, we obtain

P(a, ' M, < x) =P(N,(x,00] = 0) = P(N(z,00] = 0).

Note that the event {N(z,00] = 0} is equivalent to none of the points of the set
{jtVig, k > 1,t > 1} exceeding x, what is still equivalent to

ﬂ{jt\/vt,kgx}.
t=1 \ k=1
Since {ji /3 Vik, t > 1} are the points of PRM on R\ {0} of mean measure
p(x) = (5 moB(V )™ + 95 (1 — mo)E(V 7)) 27
This set corresponds to
{max(jtV+, V7)< x} .
Then

B(ay' M, < 7) » exp {~ (1 moE(V ) 4751 —m)E(V)?) 2} m

5. ESTIMATION METHODS

5.1. Estimation of the parameters of the model

In this section, we consider the following threshold autoregressive model for (X3):

(let—l + otNt, if Yt—& < T,
(19) X, =

G2 Xi1 + oy, it Y5>,

where {1} are sequences of iid random variables with regularly varying tail prop-
babilities, 7 and ¢; are non random constants and with threshold variable Y;_;.
Specifically, we assume in the sequel that

(20) P{lm| >z} =1—exp(—x~?), a>0.

The scale parameter oy is modeled as a nonlinear function of covariables of
the form

m
(21) o = exp{ao + Z ajﬂ:t]}.

j=1
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We propose to estimate the parameters of the model (19)—(21) assuming that §
and 7 are known parameters. The parameters are estimated by the Maximum
Likelihood Estimation method. We choose this method for its simplicity and its
good asymptotic properties. Other estimation methods can be considered. In the
introduction we showed that the model (19) can be rewritten under this relation:

(22) Xt — oy Xi—1 = oume.

Let
¢ = (¢1,02),a = (ag,...,am),0 = (a,¢,a), X = (X1,...,X,),Y = (11,....Y,).
The likelihood function for the model (19) is given by
L(0,X|Y)=p(X)L*(0, X]Y)

where L*(0, X|Y') is the conditional likelihood function and p(X) is the joint
density of n variables (X1,...,X,). The conditional likelihood function is then
given by

L6, X|Y) = a" Ty [|X = o Xia| o]

o {55 (Bt )

t=2

The parameter 6 can be estimated by maximizing the conditional log-likelihood:

0 =arg max logL*(0, X|Y).

5.2. [Estimation of the tail balancing coefficients

The coefficient 7, in the tail balancing condition (10), plays a very important
role in the interpretation of peaks observed in the trajectory of a time series
when the underlying distribution has fat tails. Indeed the higher this value m is
close to the unity, more there is presence of large positive values and in contrario,
more this value is close to zero, more the occurrence of minima is important.
This coefficient is defined here by:

and 1—mg= lim M
a—o0 P{|m| > x}

The probability that 7 and |n;| exceed a threshold z fixed, can be estimated by
the following frequencies:
card{t,|n| > x}

and I/E?’{|771| >} = - ,

BN d{t,n; >
Bl > a) = LU 2]
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where 7; is the residual il the estimation of the model, n the sample size. Then,
the coefficient my can be estimated by the mean of r ratios.

1< P ;
%0:_2 {m > i}

"o P{[m]| > x;}

5.3. Estimation of ¢

The scale parameter oy is modeled by:

m
ot =expX ag + g a;Ttj
Jj=1

The parameter g defined by the following limit

= lim —ZO‘
7% = e, t

can be estimated by

Q)

=2

= lim — g
n—oo N

where

m
or = exp ag + Zajxtj
i=1
and @, ag, a; are the values of «, ag and a; obtained by the maximum likelihood
estimation method.

6. SIMULATION STUDY

6.1. Method of simulation

For the simulation, the realizations of the random variable 7; are generated by
using the following representation: 7, = I'tV;.
(T';) is a sequence of independent and identically distributed random variables

such as

P{Pt = 1} = 70 and P{Ft = —1} =1- 0,
7o is the coefficient of tails balancing defined by (10), if w9 = % then the dis-
tribution is symmetric. We can verify easily that I'; can be written as I'; =

L, <oy — Lipy>moys Where (Up) are random variables uniformly distributed in
(0,1), 14 is the indicator function of the set A.
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(V;) a another sequence of independent and identically distributed random
variables and satisfies the following conditions:

P{Vi < z} = ¢a(x) = exp(—2z~“), a >0, forz >0,
=0 forx<O.

The random variables V; are generated using the following function (—logUt)_l/ @

where Uy ~ U(0, 1). The random variables I'; and V; are assumed to be indepen-
dent.

The tail balancing condition (10) is verified by the random variables (7).
Indeed

P{n <z} = P{I'}\V; <z}, with <0
= E (P{I'V; <z | T'})
— mP{V, < 2} + (1 - m)P{~V; < a}
= (1 —m)P{-V; <z},

then
P{n; < —x} = (1 — m)P{V; >z}, for x> 0.

Thus we obtain

Pine < —wp (1= mo)P{V; >z}

= =1-—mg.
P{lm| > } P{V; > } ’
Then
P{n: >z} = P{I'}\V; >z}, with z>0
= mP{V; >z} + (1 — m)P{-V; >z}
= mP{V; > z}.
Finally

P{n; >z}  woP{V; >z} -
P{ln| >z} P{V,>a} O

6.2. Models studied in simulation

For the simulation we consider the threshold autoregressive model defined by:

¢1X—1+UTI7 si yST7
(23) Xt—{ t tht t

G2 X1+ oy, sty > T,
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where oy is a function of t defined by:
or = exp(ag + ait),

and 7, is a sequence of independent random variables identically distributed such
as
P{im| >z} =1—-exp(—z~ ), «a >0,

7 and ¢; are real constants and y; is the threshold variable.

All of the simulations involve one of the following models summarized in
Table 1. The first one is stationary and the others nonstationary. In all these
models, the threshold variable Y; is uniformly distributed in (0, 1).

For simplicity, we propose to expose in this subsection only the results of
simulation of Model 1, Model 2 and Model 3. The results of Model 4,
Model 5 and Model 6 show that the parameter o and the threshold 7 have no
influence on the results of simulation, hence they are not presented.

o o1 O2 T ag a
Model 1 0.5 0.3 0.7 0.5 0 0
Model 2 0.5 0.3 0.7 0.5 0 1.3
Model 3 0.5 0.3 0.7 0.5 0.5 1.3
Model 4 1 0.3 0.7 0.2 0 1.3
Model 5 1 1.2 0.8 0.8 0 1.3
Model 6 1.5 1.2 0.8 0.5 0 1.3

Table 1. Data generating processes.

6.3. Numerical illustration

In our simulation we choose g = 0.5. We simulate s = 1000 realizations of length
n = 1000 for the process (X;) defined in (23). We obtain s estimates values for
each parameter. Example, for «, we obtain ay,...,as and we calculate

S S 1/2 S
1 1 1
A—_—§ a;, RMSE = —§ a; — ap)? , MAE—_—§ a; — o) .
a=- a (s (a; — ap) ) . | — ag

=1 =1 i=1
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& o1 b2
Mean 0.493 0.298 0.656
RMSE 0.054 0.014 0.161
MAE 0.040 0.002 0.047

Table 2. Estimated values for the Model 1.

Q o1 ®2 daq
Mean 0.504 0.300 0.699 1.280
RMSE 0.048 0.003 0.014 0.301
MAE 0.037 0.001 0.001 0.028

Table 3. Estimated values for the Model 2.

a o1 ®2 dp daq
Mean 0.482 0.298 0.664 0.437 1.303
RMSE 0.096 0.044 0.144 0.067 0.035
MAE 0.052 0.010 0.045 0.040 0.011

Table 4. Estimated values for the Model 3.

6.4. Goodness of fit test

It is known according to the Theorem 4 that the distribution of the normalized
maximum of the process (X;); is well approximated by the Fréchet’s distribution.
Now we investigate, by simulation experiments, the goodness-of -fit of the limiting
distribution. We generate N = 250000 realizations from the process (X;); and
we use the blocks method dividing the data into m = 625 blocks of observations
of length n = 400. Let Mr(bj) = maX(Xy), X2(j), e ,X,gj)) be the maximum of
the n observations of the block j. The normalized maxima are then defined by

a,ler(Ll)’ .. ,a;lM,gm) with a,, = <log%) 1/a.

We first use a graphical tool in order to compare the two distributions. In
Figure 1, the corresponding qq-plot shows a satisfactory fitting.

This result is confirmed by Kolmogorov-Smirnov test at 5% level under the
null hypothesis that the distribution of the normalized maxima follows the law
given in the Theorem 4. The Statistics of Kolmogorov (KS) and p-values are
given in the Table 5.
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«a 0.5 1 1.5
KS 0.0525 0.0425 0.0401
p-value 0.6399 0.8186 0.8629

Table 5. Kolmogorov-Smirnov Statistics and p-values between the empirical law of the
normalized maxima and the limit laws.

enmpirical quantie
100 150 200
! | |

50

empirical quartie
1

10

T
15

thearetical quantile

=

empirical quartie
1

10

T
15

thearetical quantile

T
=

Figure 1. QQ-plot of maxima normalized block maxima against the theoretical limiting
distribution for the process(23) with oo = 0.5 (top), a = 1 (middle), & = 1.5 (bottom),

with ¢1 = 0.3, ¢2 =0.7.
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