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Abstract

This work is devoted to some change-point detection problems in temperature series. Re-
sults of this thesis are based on working with real data. The submitted work presents
suggestions on how the change-point methods may be applied to detect changes in annual
maximal, resp. minimal temperatures and to detect changes in occurrences of unusually
hot, resp. cold days. Solving these practical examples we came across some theoret-
ical problems, we tried to work out in this thesis. In the first problem we apply the
change-point theory and we will be looking for a change in parameters in a large class
of independent random variables with a GEV distribution not satisfying regularity con-
ditions. In the second problem we will focus on dependent variables and show how the
change-point theory might be extended from linear processes to strong-mixing sequences.
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CHAPTER 1

Preface

This work is devoted to some change-point detection problems in temperature series. Re-
sults of this thesis are based on working with real data.

The broadly accepted hypothesis of global warming stimulated an interest in studying
long temperature series. Some scientists assume that changes do not necessarily occur in
the mean of the series but rather in some other characteristics, e.g. appearance of some
extreme events or increase of difference between summer and winter temperatures etc.
This raises an interest in studying statistical properties of extremes of random sequences,
see e.g. Embrechts et al. [10], Leadbetter et al. [22]. Our paper presents suggestions
on how the change-point methods may be applied to detect changes in annual maximal,
resp. minimal temperatures and to detect changes in occurrences of unusually hot, resp.
cold days. Solving these practical examples we came across some theoretical problems,
we tried to work out in this thesis.

The world is filled with changes. We encounter them in economics, medicine, meteo-
rology, climatology etc. A change-point analysis is a statistical method allowing to decide
whether an observed stochastic process follows one model or whether the model changes.
In the case of a change, we might be interested in following problems: when a change was
detected and how many changes have occurred.

The change-point detection is formulated in terms of hypotheses testing. The null hy-
pothesis claims that the series is stationary, usually it means that the parameters of the
model do not change, while the alternative hypothesis claims that at an unknown time
point the model changes. The decision rule for rejecting the null hypothesis is based on
test statistics.

The earliest change-point studies go back to the 1950s, where they arose in the con-
text of quality control. We observe an output of a manufacturing process and assume
that a certain characteristic varies around a certain in-control constant ag. Sometimes,
for example due to a failure of the production device, this constant starts to vary around
another out-of-control constant a; # ay and we want to know if and when such a change
occurred. Statistical procedures in change-point analysis can be divided into two cat-
egories: ”on-line” and ”off-line” procedures. The ”on-line” approach, coming from the
manufacturing process, is based on the idea that after each observation we apply a new
test and hope to be warned that the change occurred. In this thesis we will work with
the ”off-line” analysis when we already have all the observations and we apply a test for
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the whole data to decide whether and when the change occurred.

This historically first change-point problem can be formulated as follows. For simplic-
ity we assume that the starting value ao and variance o are known and the observations
are independent and distributed according to the normal distribution. Moreover we stan-
dardize the observations and obtain variables Y;,7 = 1...n with a zero mean and unit
variance at the beginning. Then change-point problem formulated by hypotheses testing
is:

H:Y,=¢;, i=1,...,n, (1.1)
A : thereexists k € {0,...,n—1} suchthat

Y, =e,, 1=1,...,k,

Y, =a+ e, 1=k+1,...,n

where a # 0. Using likelihood ratio method we obtain a so-called maximum-type statistic

1<k< 1{ } (1.2)

However, in practice the distribution of this statistic is very complex, so that it can be
computed only for small sample sizes. Therefore, for n large, the asymptotic behavior of
the statistic (1.2) is of interest. The maximum-type statistic goes to infinity as n — oo
a.s., however we can approximate this statistic by a maximum of a standardized Wiener
process satisfying

\/HTZY

i=k+1

i Yl Wl _ ( 1 >
max ————— sup = 0p .
1<k<n VE 1/n<t<1 Vit V2 loglogn

The approximate critical values can be calculated from the asymptotic behavior of the
probabilities under H:

(o {3

where

} x—i_b)%l—exp{—ex}, x € R, (1.3)

= +/2log log n,
1 1
b, = 2log log n + éloglog log n — §log .

This approximation was derived by Darling and Erdés [8] in 1956.

However, it often happens that the starting value agy is unknown. In such case we test the
following null hypothesis H against the alternative A:

H:Y,=a+e,, i=1,...,n, (1.4)
A : thereexists k € {0,...,n—1} suchthat
Y, =a+e;, 1=1,...,k,

Y,=a+0+e¢;, t=k+1,...,n
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with 0 # 0. Again for i.i.d. random variables distributed according to the normal distri-
bution N(0,0?) with 02 known we obtain the maximum-type statistic of a form

12k En1 {% \/ﬁ;m —Ya) } (1.5)

For n large we may approximate the statistic (1.5) by the maximum of a standardized
Brownian bridges

| B(1)| ( 1 )
sup — | = O e —— .
%Stglfi \/t(l —t) P \/2 loglogn

Yao and Davis [28] proved similar approximation as in (1.3) for a sequence of independent

normal variables. For 2 € R it holds
by
} > T ) %1—eXp{—267I}.

1 n _
P <1<r1?35<—1 {E 2 (Vi=Y.) an

i=1
For a quite extensive survey on change-point detection we refer to Csérgé— Horvath [7].
They used the log-likelihood ratio for the general model working with a sequence of inde-
pendent random vectors X1, Xo, ..., X,, with distribution functions F(x;0,), ..., F(z;0,),
respectively, where §; € © C R? for i = 1,...,n are parameters of the distribution func-
tions and are assumed to change at unknown time. The general problem tested in Csorgé—
Horvéth [7] has a form:

1 n
1%?25(—1 o\l k(n—k)

Z(Y; - ?n) -

i=1

H:pr=p=...=¢,
A : there exists k € {0,...,n—1} suchthat
1= ... =P F Prr1= ... = On.

The asymptotics of a testing statistic

max 2log(A)

is under null hypothesis again

1/2
lim P(A(log n) <0<r]£1§x ) 210g(Ak)> <t + Dy(log n)) = exp(—2e7)

n—oo

for all t € R, where

A(x) = /2 logx

Dy(x) = 2logx + (d/2)loglog z —log T'(d/2),

and

where I'(¢) is the gamma function defined
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In Chapter 4 of Csérgé— Horvath [7] it is also shown that the limit results remain true
for a large class of dependent observations.

Many articles have been published on change-point detection, see e.g. Antoch et al. [1],
Antoch J. and Huskova M. [2], Gombay E. and Horvath, L. [11]. For application in cli-
matology we refer to publications of Jaruskova [18] and Jandhyala [?].

In this thesis we will apply the change-point methods for two special cases. In the first
problem we apply the change-point theory and we will be looking for a change in pa-
rameters in a large class of independent random variables with the GEV distribution. In
the second problem we will focus on dependent variables and show how the change-point
theory might be extended from linear processes to strong-mixing sequences. The material
is divided into chapters, sections and paragraphs.

The studied data are presented in the second chapter. We summarize the origin of the
data sets and provide some statistical characteristics of the observations.

The results of the third chapter were obtained while solving change-point detection in
annual maximal and minimal temperatures. We are looking for a change in parameters in
a large class of random variables with the GEV distribution. The general Theorem 1.3.1.
presented by Csorgé— Horvath [7], confer Appendix—Theorem A.1.1, can not be applied
here directly, as extremal distributions do not satisfy conditions on regularity. Since the
density function h(x;u,,€) is defined on the set {z;1 + &(x — p)/¢ > 0}, the classical
regularity conditions for maximum likelihood estimators are not satisfied. The next prob-
lem is caused by the conditions C.4 and C.5 of Theorem A.1.1, since they require the
continuity of third derivatives. This can be weakened by Smith’s theorem, see Appendix-
Theorem A.3.1, and we will show that for £ > —% there exists a sequence (i, ¥y, &,) of

solutions of the likelihood equations such that /n (fi, — po, {b\n — 1o, En — &) converge in
distribution to a zero mean normal vector with a variance - covariance matrix M~ (M
is a Fisher information matrix) and hence £ > —% is still a regular case. From here an
idea comes that the assertion of Theorem A.1.1 is still valid. The results on temperature

series are presented at the end of the chapter.

Many articles have been published on independent observations. Clearly, working with
real temperature series, we can not expect that the condition of independency is fulfilled.
This problem we encountered solving the second example with occurrences of unusually
hot or cold days. While for the annual maximal and minimal temperatures from the first
example we might assume that the data form i.i.d. sequence, for occurrences of unusually
hot or cold days we have a strong correlation between the temperature values measured
at subsequent days, the value of correlation coefficient is for all series very close to 0.8. In
the fourth chapter we define the problem by a model working with data forming strong-
mixing processes. We generalize the theory for dependent data presented in Csorgé and
Horvéth [7], and show that the asymptotic distribution of the testing statistic T,,(t) is
valid not only for linear processes but for strong-mixing sequences as well. In the context,
it is an important question how to estimate o2. We can replace ¢? with an estimator,



where the rate of convergency to o? must be at least o,((loglogn)™!), which is fulfilled
by:

¥ (n)
2=R(0)+2>  R(i), (1.6)
i=1
~ n—j — —
where R(j) = % ; (Yi=Y,) (Yis; - Vo), Y, = %Zlngan and 1(n) tends to infinity

with a certain speed. The estimator o2 is a simplified version of the Bartlett log window
estimator

L ,
2 > LY prs
L) = R(0) + 2 1—— | R(%).
o0 = R0) +23 (1= 1 ) RO
For more information about this estimator we refer to Antoch et al. [1].

It is wide known that the rate of convergency to distributional asymptotics under the
null hypothesis is very slow, therefore in the fifth chapter we propose a permutation
principle for obtaining the corresponding critical values. We generalize the theory pre-
sented by Kirch [20] from linear processes to strong-mixing processes. We show that the
estimator of variance

1 L-1[ K 2
02, = — Y(KI+k)-Y,
OLK = L IZ; kz;( (Kl+k) )

where Y, = % > <j<n Yis satisfies necessary condition on the rate of convergency. Critical
values obtained from our data using the permutation test are listed at the end of the
chapter.

In Appendix we summarize the known theory for extremal distributions, the theorems
concerning change-point analysis for i.i.d. data, Smith’s theorem and some results on
strong-mixing sequences and rank statistics.



CHAPTER 2

Data

The data sets we have studied were taken from a CD-ROM that was a part of the book
edited by Camuffo and Jones [6]. The book sums up results of EU research project IM-
PROVE. One of the main goals of the project was to produce seven highly reliable daily
series (Brussels, Cadiz, Milan, Padua, St. Petersburg, Stockholm, Uppsala), extending
over more than two centuries, by correcting errors and inhomogeneities caused by changes
in measurement style etc. We add one more data set, which attracted our attention the
most — Prague temperature series obtained from http://eca.knmi.ne. Of course, statis-
ticians enjoy analyzing such long natural series but the length of the series also brings
problems. Temperature often started to be measured at famous universities which are
now mostly situated in city centers with their "heat island effect”. The climatologists
who analyzed the Milan and Stockholm series tried to remove this effect by comparing
the series with the measurements taken in nearby observatories, while the authors of the
other series were not able to do it. This is not the only reason why the properties of the
studied series are difficult to compare. The other reason is that the way in which the
daily averages were calculated differs from place to place.

In spite of the effort of the climatologists participating in the project, the series are
not complete. Table 1 and 2 show the periods of measurement.

’ H period \ missing data \ number of obser. ‘
Brussels 17951998 none 204
Cadiz 18172000 1851 -1852; 1989 - 2000 170
Milan 1763 1998 none 236
Padua 1777-1992 | 1850; 1855; 1865; 1907; 1947 212
St. Petersburg || 1744 1996 1745-1751;1763 - 1766; 229

1787-1788;1793; 1795 - 1797;
1800 —1805; 1846

Stockholm 17562000 none 245
Uppsala 1725-2000 none 266
Prague 1775-2004 none 230

Table 1. Periods of observations together with missing data for annual minima.
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’ H period \ missing data \ number of obser. ‘
Brussels 17951998 none 204
Cadiz 18172000 1852; 1873;1964; 1988; 176

1990; 1992 - 1994
Milan 1763 - 1998 none 236
Padua 1777-1997 | 1912; 1921-1922; 1947; 1954; 214
1994; 1996
St. Petersburg || 1744 —-1996 1745-1753; 1784; 1787, 235
1793;1795-1797; 18001804
Stockholm 17562000 none 245
Uppsala 1725-2000 none 266
Prague 17752004 none 230

Table 2. Periods of observations together with missing data for annual maxima.

The following tables summarize basic descriptive statistics of the data.

maxima
T On—1 sk
Brussels 23.60 1.92 0.17
Cadiz 29.36 1.44 0.10
Milan 28.09 1.33 0.26
Padua 27.71 1.28 0.42
St. Petersburg || 23.80 1.82 -0.01
Stockholm 22.39 1.94 0.11
Uppsala 22.13 1.95 0.10
Prague 26.15 1.71 0.26
Table 3. Descriptive statistics for annual maximal temperatures.
minima
T Op_1 sk
Brussels -6.80 239 |-0.24
Cadiz 5.63 4.87 1 -0.89
Milan -4.43 3.09 |-0.61
Padua -3.94 3.08 |-0.79
St. Petersburg || -23.09 | 2.87 | -0.18
Stockholm -15.02 | 281 |-043
Uppsala -17.81 2.53 | -0.06
Prague -11.66 | 4.84 | -0.38

Table 4. Descriptive statistics for annual minimal temperatures.

Comparing Tables 3 and 4 we can see that skewness for minimal temperatures is negative
and its absolute values are larger, while skewness for maximal temperatures is positive
with smaller absolute values. It might suggest that maximal temperatures might be
modelled by the normal distribution. For minimal temperatures, the three parameter
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Weibull distribution fits better, see Rencova [23].
The following figures show the behavior of the series under study.
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Figures 17—32 describe the second problem - changes in occurrences of unusually hot,
resp. cold days. We provide graphs of sums of exceedances over a chosen level h = 2.5
and under a chosen level ¢ = —2.5 for standardized daily series of studied data sets, see
Section 4.2.
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chosen level h = 2.5 in Milan.
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chosen level ¢ = —2.5 in Brussels.
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Figure 22. Sums of exceedances under a

chosen level ¢ = —2.5 in Milan.
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Figure 23. Sums of exceedances over a Figure 24. Sums of exceedances under a
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chosen level h = 2.5 in Stockholm. chosen level ¢ = —2.5 in Stockholm.
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chosen level h = 2.5 in Prague. chosen level ¢ = —2.5 in Prague.

Figure 33 shows that there is a strong correlation between the temperature values mea-
sured at subsequent days, its value is for all series very close to 0.8, see the upper stationary
graph in Figure 33. The following graphs, from the top to the bottom, depict correlation
coefficients between two days with lag equal to 2, 3 and 4, e.g. the first value in the upper
graph is the value of the correlation coefficient between 1% January and 2"¢ January,
the first value in the second graph from the top is the value of the correlation coefficient
between 1% January and 3"¢ January etc.
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Flgure 33. The autocorrelation coefficients between
subsequent days in Milan.

We can notice that the autocorrelation coefficients for lag equal to 1 oscillate about the
value 0.8 during the whole year, while the autocorrelation coefficients for larger lags are
smaller in summer than in winter, see Figure 33.



Problem 1

Application of change-point detection

for annual maxima and minima



CHAPTER 3
The change-point detection for the
GEV distributions

In the first part of the thesis we study annual maximal and minimal temperatures. Fig-
ures 1-16 and Tables 3, 4 show behavior of the series under study.

Extremes of random sequences are modelled by the GEV distribution, for details confer
Appendix, Section A.2. Our goal is applying the general Csorg6é and Horvath theory for
detecting a sudden change (Appendix, Section A.1) of the GEV distribution H (z; i, 1, €)
with a density function

1 4 _1
h(x;,u,zb,ﬁ)z%(l—i—éxiM) ‘ exp{—(1+§miu) g}, (3.1)

provided 1+ &(z — p) /¢ > 0. Notice that the support of the density function h(z; i, 1, €)
depends on the parameters p,,&. Suppose that Xi,..., X, are independent random
variables, we are to test the null hypothesis Hy against the alternative Aj:

HO : )(Z ~ GEV <M0,¢0,fo), 1= 1, s, N, (32)
A; : thereexists k € {0,...,n—ng} suchthat

XiNGEV(MQ,¢O,€D), 1= 1,...,k',

X; ~GEV (u,,8), i=k+1,...,n,

where the parameters (ug, %o, &) before the change point are known while (u,,&) #
(o, Y0, &) are unknown or to test the null hypothesis Hy against the alternative As:

A, : there exists k € {ng,...,n —ng} suchthat
Xi NGEV([Ll,@Dl,gl), = 1,...,]{5, (33)
XiNGEV(N2,¢2,§2>, Z.:k?ﬁ—]_,...,n,

where neither the parameters before nor after the change point are known and (( p1, 1, &) #
(/,LQ,z/JQ,fg)). The constant ng may be any fixed integer larger than three. However, to
obtain a good estimates of all three parameters we need to have enough observations.

For testing the problem (3.3) we may use the twice log-likelihood ratio

max  21og(Ar) = 2 [Li(@r) + Li(er) — Ln(@n)],

0<k<n—1

17
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while testing the problem (3.2) yields in a simplified version

max (21og(A")) = max 2[Li(31) — Li(wo)].

0<k<n—1 0<k<n—1

for more details we refer to Appendix, Remark A.1.2.

To find critical values we have to find distribution of the test statistics under H,. As
the exact distribution of maxg<g<p—12log(Ag), resp. maxo<r<n—1 210g(A,(€0)), under H,
are very complex, the approximate critical values can be found using the limit behavior
of maxg<r<n—12log(Ax), resp. maxo<g<n—1 21og(A§€0)), see Appendix, Csorgé — Horvath
theorem. The conditions of Theorem A.1.1 are classical regularity conditions for the exis-
tence of the maximum likelihood estimator. Since the density function (3.1) is defined on
the set {x; 1+&(x—p) /1 > 0}, the classical regularity conditions for maximum likelihood
estimators are not satisfied. The next problem is caused by the conditions C.4 and C.5 of
Theorem A.1.1, since they require the continuity of third derivatives. This can be weak-

ened by Smith’s Theorem A.3.1 and we will show that for £ > —% there exists a sequence

(1n, {D\n, En) of solutions of the likelihood equations such that v/n (1, — po, {Z)\n — 1o, En —&)
converge in distribution to a zero mean normal vector with a variance —covariance matrix
M~! (M is a Fisher information matrix) and hence ¢ > —% is still a regular case.

We will proceed in two steps. At first we show theory for the three parameter Weibull dis-
tributions using the results of Smith’s theorem, see Appendix—Theorem A.3.1, and then
we will focus on the Fréchet distributions. For those purposes we can use the following
reparameterization of the GEV distribution.

1
For £ < 0, substituting 6 = u — %,ﬁ = (—§> ¢ L= —% we obtain
h(z;0,0,8) = af(—z + 0)* Lexp{—B(—x + 6)*} for —x> -0,
=0 for —ao<—6. (3.4)
It is the three parameter Weibull distribution Weib(0, o, 3) of a random variable —x (not

the Weibull distribution as a limit distribution for maxima concentrated on (—oo, —0)
from the Fisher—Tippet theorem, see Appendix—Theorem A.2.1.)

_1
For £ > 0, substituting 0 = u — %,ﬂ = (%) ¢ s = %, we obtain a reparameteriza-
tion
h(z;0,0,8) = af(x — 0)* Lexp{—B(x — §)~} for >4,
=0 for =<9, (3.5)

which corresponds to the Fréchet distribution Fréch (0, a, 3).



3. The change-point detection for the GEV distributions 19

Remark 3.0.1. Results for the Gumbel distribution from Fisher— Tippet theorem A.2.1
corresponding to a case & =0 are obtained by & — 0 in (3.1).

3.1 The change-point detection for the Weibull dis-
tributions

The general theory presented in Csorgé and Horvath [7] was applied by Jandhyala et
al. [?] to develop a test for detecting a sudden change in the two parameter Weibull dis-
tribution. However, in the case we use as a model the three parameter Weibull distribution
Weib (6, a, 3) with a density function

f(z;0,0,8) = (x — 0)* 'aBexp{—B(x — 0)*} for x>0, (3.6)
=0 for x <@,

it seems more natural to look for a change in all three parameters. Notice that the
support of the density function f is given by the parameter . Suppose that Xy,..., X,
are independent random variables, we are to test the null hypothesis Hy against the
alternative Aj:

Hy: X; ~ Weib (0, o, Bo), i=1,...,n, (3.7)
A; : thereexists k € {0,...,n—mng} suchthat

X; ~ Weib (0y, o, Bo), i=1,...,k,

X; ~Weib (0, a, ), i=k+1,...,n,

where the parameters (0, g, Fy) before the change point are known while (6, «, 3) #

(0o, v, o) are unknown or to test the null hypothesis Hy against the alternative As:

Ay : there exists k € {ng,...,n—ng} suchthat
XiNWG’ib(el,Oél,ﬁ1>, 1= 1,...,]{7, (38)
XiNWBZ.b(Q%OQaﬁQ)? i:k+17"'7n7

where neither the parameters before nor after the change point are known and (61, a1, 51) #
(02, g, B2). The constant ny may be any fixed integer larger than three.

For testing the problem (3.8) we may use the twice log-likelihood ratio

max 2log(Ar) = 2 [Li(%r) + Li(pr) — Ln(@n)]

0<k<n—1

while testing the problem (3.7) yields in a simplified version

max <2 log(A,(CO))> = max 2[Ly(®y) — Li(po)],

0<k<n—1 0<k<n—1
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for more details we refer to Appendix. As the exact distribution of maxg<r<,—1 2log(Ag),
resp. Mmaxo<p<n—1 21og(A,(CO)), under H, are very complex, the approximate critical val-
ues can be found using the limit behavior of test statistics maxo<g<n—12log(Ax), resp.
MmaXo<k<n—1 2 log(/\,(go))7 see Appendix, Csorgé — Horvath Theorem A.1.1. Let (6, v, 5o)
be the true values of the parameters under Hy. We will assume that 6, € R, oy > 2 and
By > 0. The assumptions C.4. and C.5. of Csorgé and Horvath are not satisfied and The-
orem A.1.1 cannot be applied directly to get a limit distribution of maxo<x<,—1 2log(Ag),
resp. MaXo<k<n— 1210g(A(0)). On the other hand, Smith showed, confer Appendix—
Theorem A.3.1, that for ay > 2 there exists a sequence (9n704n, ﬁn) of solutions of the
likelihood equations such that /n ( — Oy, Q) — v, ﬁn Bo) converge in distribution to
a zero mean normal vector with a variance - covariance matrix M~ (M is a Fisher infor-
mation matrix) and hence o > 2 is still a regular case. From here an idea comes that
the assertion of Csorgd and Horvath theorem A.1.1 is still valid for o > 2.

3.2 Main results for the Weibull distributions

Our main results concern the asymptotic distribution of the statistic maxo<p<p—1 2 log(Aggo))
under H for testing a change in all three parameters, when the parameters before a change
point are known while after it they are unknown as well as the statistic maxo<g<n—1 21og(Ax)
under Hj for testing a change in all three parameters, when the parameters both before
and after a change point are unknown.

We start with the characteristics of the log-likelihood function Lj. The first and sec-
ond derivatives of L (6, a, #) may be expressed as follows:

k-
W e e er«—l} | 59
% - Z_; :log( _9)+——5( — 0)*log(X; 9)] (3.10)
k-
%—L} - 2; % - (Xi - W} : (3.11)
9*Ly, ET (v —1) s
062 ; x—gp Ml DA -0) } , (3.12)
2L, k or 1 gya-1 fami] )
pida = 2 X gy PO 0+ aB(X = 0)"  log(X =), (3.13)

-
I
-
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02L i .
898; = Z[&(Xi—e) T,

i=1

aQL k 1 @
3a2k = Z [_@ — B(X; — 0)*log*(X; — 0) |,

S = (X0 log(X, - 0),

9L b 1
aﬁ: - Z [_@]

=1

For simplicity we denote the true value of parameter
wo = (0o, @0, B0),
a maximum likelihood estimator based on X7,..., X} (when it exists) by
(;/51( - (é\k‘a ak‘a Bk‘)
It holds
0
E<_a(10g J(X; @0))) =0,

(aﬁ(logf(X,,gpo)» =0.

B( g (108 £ (X 20))) = 0.
0

21

(3.14)

(3.15)

(3.16)

(3.17)

(3.18)

Let’s denote a Fisher information matrix M on a parameter o = (6o, v, 5p) with elements

Moo Moo Mg
M = Mas Moo Mag )
Mg Mpa  Mpp

where

Meg = { log( (Xi; v0)) =5 0 log(f(Xs; vo))}

00
- —E{% log(f(Xi; ¢o))},

Maq = E{% log(f(Xi; 900))%10g(f(Xi; vo))}

2

2

— _E{%log(f(Xi; ©0))},
s = B{ 108 (X5 0) 55108/ (Xis o))}
— _E{am log(f(Xi; ¢o))},
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o = o = B{ 5 108(f (X 00)) 5~ oa(F (X o))

log(f(Xi; o))},

55 108X 90)

log(f(Xs; vo))},

62
= 5000
B
Mg = Mgy = E{— log(f(Xi; wo))
82
A
0003

0 0
Mo = Mpo = E{a—a log(f(Xi; 900))86
82

D003 log(f(Xi; o))} (3.19)

log(f(Xi; ©0))}

= —F

A maximum likelihood estimator @, = (é\k, Qg Bk) satisfies

aLk( ) = aLk( ) oL,
00 7 da 98

The existence of @y = (@\k, Qs /ﬁ\k) is guaranteed for o > 2 by Theorem A.3.1.

=0, —(3y) =0. (3.20)

If we consider positive moments only, then

(aae(logf(Xz,goo)))T <oo ifandonlyif r < a

and for the same r we also have
a r
B(5- (10 f(Xii¢0)) ) < oo,

(aﬂ(logf(Xz,wo)))r < 0.

For the second derivatives
2

25

and for the same s is also

(logf(Xz,gpo))Y < oo ifandonlyif 2s<«

logf XZ)SOO < 00,
(6

/\

(log f(Xi; o) 00

2

E

logf XZ;SOO < 00,

0adf
2

0
E<8ﬁ longwSOO < 0.

)

7 )

B( 5 (log f(Xi%0)) ) < oo,
)
)
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M is a positive definite matrix. According to the Marcinkiewicz-Zygmund law, (Appendix
- Theorem A.3.2), for any 7 such that 0 <7 <1 -2/«

.10
kh_)f(f)lok‘ (Eﬁ[zk(%@o) + mgg) =0 a.s.,
2
i k(% 90 Lr o) + me“) =0 as,
2
i kT(EaeaﬁL’“(%) i) =0 as.
.1 02
]}LITOlOk <EWL]€(SOO) +maa> =0 as,
1 92
dim & (Ea@aﬁLk(“OO) Fmag) =0 as,
.1 0
klggok (Ea—ﬁsz(goo) +m55> =0 a.s.
(3.21)
By the law of the iterated logarithm, confer Appendix—Theorem A.3.3
o
. 55 Lx(0)
1 90 T — O(1 .S.
lin_igp kloglog k 1) as,
&l
: 3a Lk (o)
1 e = 0O(1) as. 3.22
lﬂls;fp Vv kloglog k (1) as, ( )
0
=L
limsupM =0(1) a.s.

k—oo Vkloglogk

We start with several technical lemmas on the three parameter Weibull distribution

Weib (0, a, 3).

Lemma 3.2.1. Let X; ~ Weib(0,a,3), then
a) for0 eR, B3>0 and a >3

1 1 1
Xi_0<oo, E 5 <00, E-——= <0

b (Xi—0)

b)for0 eR, 3>0and2<a<3

1 1

FE FE
XZ-—6<OO’

5 < 00,

(Xi—0)

k
1
Z X, 07 = 0(k3/a(10g k)3(1/a+A)) a.s. for some A > 0. (3.23)

i=1

Proof. See Feller [12]. O
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Lemma 3.2.2. Let Xy, Xs,..., X, are i.i.d. random wvariables, X; ~ Weib(0,«, 3).
Under Hy for any A > 0, the minimum Xy, and the second minimum Xyo satisfy

1
X1.1—6
(1-315)

Proof. See Jaruskova [18]. O

)1+A

= o(logk a.s. (3.24)

Further, we prove the following lemma.
We denote for any d; > 0
Is, = {56 R,& € R, 3 € R; [0 — 0| < &, @ — aol < .18 — Bol < 5k}-

Lemma 3.2.3. For any sequence {6} satisfying 6 k'/°t° — 0 for some § > 0 and for
any T such that 0 < 7 <1 —2/«

, o 0
ik S“pk; gz 1+(P) ~ Gga (o)

> =0 as., (3.25)

tim 5 [ sup =L 1(3) — - Li(wo)| | = 0 (3.26)
oo\ ol k10000 T 9g0a PN ) T 4 ‘

~ 0

lir(r)lok sup ’ 6086 Li(P) — WL;C(QOO) =0 a.s., (3.27)
o2

11;[120 k" Sup ‘—Lk P) — aQQLk(goo) =0 a.s., (3.28)
o 1| 02 . 0?

]}Lrgok (supk %a 86L K(P) — m%(g@)) =0 as., (3.29)
L 1) 0° 0?

kh_)r&k (sup ’ 862L k(p) — a—mLk(gpo)D =0 as. (3.30)

Proof. The proof is divided into two parts: the first part, rather lengthy, corresponds to
the condition 2 < a < 3 and the second part corresponds to the condition o > 3.

Let’s suppose 2 < a <

discontinuous at X; = 0.

3. We consider only terms in second derivatives, which are

We start with proving (3.25). Substituting (3.12) into (3.25) and concentrating on terms
discontinuous at X; = 6 we obtain a following assertion to be examined:

R )>>:o as., 0<rt<l-2/a (3.31)

Is), k i=1 <(Xl - 5)2 (Xl o 90 ?
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The proof can be found in Jaruskové [18], Lemma 3.

Next we look into the assertion (3.26). Substituting (3.13) into (3.26) we get following
assertions to be proved

o 1< 1 1
kh—{gok: <supEZ<Xi_§— Xi_90)> =0 a.s. (3.32)

and

— apBo(X; — 0p) 0V log (X, —90)>> =0 a.s. (3.33)

We start with (3.32). Similarly as in Smith [26] and Jaruskova [18] we write

1< 1 1 1
EZZI <XZ-—§_ Xi—eo) B k(Xkl—g) k(X — 60)

kz <Xk — inl_%). (3.34)

First, let X has the three parameter Weibull distribution with the density function (3.6).

Then Z = (X — 6) /* has the Weibull distribution with parameters § = 0, 3 = 1 and
a. Random variable Y = % has the density

fy) = (1 /y)* Paexp{—(1/y)*} for y >0, (3.35)
=0 for y <0,

with a finite moment EY" < oo for any r < «. Then, according to Theorem A.3.4, we
get 1/ (k;l/’”(Xkl — 90)) — 0 a.s. for any r < a, i.e. the second term on the right side of

(3.34) satisfies 1/ (k (Xp1 — 6o)) = o(k™*+) a.s. for any r < .

Second, choose 7’ satisfying 1/a < 1/r" < 1/a + §, then we can write the first term
on the right side of (3.34) as follows:

(N 1
X =0 (X — 6,) (1 — (X(Zf%@)
Recall that 6 = o(7e75) then
sup 16=6l = o(kM" /YY) = o(1)  a.s. (3.36)
|60—00| <0y, (X1 — 6o)
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In the other words, for two first terms in (3.34)

1 1 1
sup — — =o(k™'"") a.s. (3.37)
|0—60| <8k (k(Xkl - 0) k<Xk1 o 90))

for any r < a.

Further, for the third term in (3.34), again as in Smith [26] and Jaruskova [18], using
the Taylor expansion, there exists 6 that |0 — 6y| < |# — 6| and

Ly 1 1 _15—90| : 1
EZ <sz‘ -0 an'—90> ok ; (X — 0)2 (3.38)

We have to distinguish between two cases: i) 6y — 6 > 0 and ii) 6y — 6 < 0.

We start with i). For 6 satisfying 6 < 6 < 6, we have in (3.38)

10— 0| 1 10— 6] < 1
— < .
DDy oy S Dl o

Applying Lemma 3.2.1 for the right side of the above inequality, we obtain

k
1 1 1

sup — — — = o(k~ Mt NO(1) = o(k™)  a.s.
i (x5 x=a) )O(1) = o(k™)

Iy,
forany0<v<é.

For the proof of ii) we use a characteristic of the first minimum that Xj; — 0 < Xy — Xi

for every ¢ = 1,...,n. We obtain following inequalities
~ k ~ k
— 1 — 1
|6 — 6o < |0 — 6o 3 :
ko = (X —0)? koo = (X — Xi)
~ k
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Applying Lemma 3.2.1 and Lemma 3.2.2 for the factors on the right side of the above
inequality, we obtain similarly as in the case i)

sup 1 Z (55~ =) = o /) elltom k) 011

Is,

for any 0 < v < L.
«

Since we assume 2 < a < 3, we have 1 — %
the rate of convergency of the third term of (3.34)

. 1 1 .
supEZ;(Xi_a—Xi_eO):o(k ) a.s.

Is,,

< é implying for any 0 < 7 < 1 — 2

[0}

and with the result (3.37) we have the assertion of (3.32).

Now we prove the assertion (3.33). The Taylor expansion implies that there exists (0, &, 3),
such that |0 — 6o < |0 — 6|, [0 — ao| < |@ — al, |8 — fo| < [B — Bo| and

k
1 IR ~ (e .
) (aﬁ(Xi — 9@V og(X, — )
=1

— B (X — 90) a0=1) log( - 90))

— %zi: ( f)@=b (log(X 0)) (@ —ap)

4 aG(X; — 0)@ED (1og (X, é)) (@ — ao)
+a(X; — )y (log ) (B — Bo)
+ (@ — 1B —6) 7 (log(X: = 0) ) (6 - o)

+aB(X; —6) 2@ — 90)> . (3.39)
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The first term on the right side of (3.39) can be rewritten

Xi—§)>(Xi—9~

)(&l)(/\ )
X, —6,")\X, — 6, a—d

k 5o =
>0 (B o (14 )T st — 6

- Oy — 0 \ &1 0o — 6
X;=0) V(14 L) log (14 12— ) | (@ - a). A
+ 8( 0) + X, 4, og(1l+ X, 4, (@ — ao) (3.40)
From inequality ;?:go < Xiol_—i’o for every i = 1,2.... and (3.36) we have
6 — 6
sup —— =o0(1l) a.s
|6—060| <0y, (Xi —b)
Then
-0, \“"
— 0y
sup |1+ ———= =0(1) a.s. (3.41)
|6—00| <0y, ( (X — 90))
Similarly

10— 0y 10— 0ol 10— 6o
)<« — = )< _
log (1+ X _00)> <log (1+ e _90)) <K

for some K € R a.s. and then

=
sup log (1+ ———=) =0(1) a.s. (3.42)
o dos (1 o)

We can suppose that for sufficiently large k, is @ > 2 since we have oy > 2 and then
E(X; — (90)(&’1) log(X; — 6p) < 00, E(X; — 90)(&’2) < 00.

Therefore the first term in (3.39) satisfies

k

sy K 2 A= 0 <log(Xi B ‘9)> (@ — ag) = ok~ T,

Is), i=1
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The second term on the right side of (3.39) can be rewritten

% Z ap(x; — )@y (10g2(X@- - 9)> (@ — ao)

Xi.— 60>(d1) <log2 ((Xz - 90)(;3__2]))) (@ — ap)

1| - By — 6 \a1
:Ezl&mxi—eo)(d—”(w - ) log®(X; — o)

[oN]
@
—~
>
|
>
()
SN—
o
|
=
A~
>
|
™

Xi_‘g()

0o — 0 \ &~ 6o — 0
~ . (a—1) 0 . 0
+aB(xX, — 6,) (1+ v _90> "2 log(X; 90)1og( tx _60>
. . 0 — 0 \a-1 0o — 0
SB(X. — 6)GED) 0 0 o
FaB(X, — 6) (1+ Xl-—@()) log? (1+ X@—00>](a o). (3.43)

Using inequalities (3.41), (3.42) and a property
E(X; — 90)(d_2) log®(X; — 0y) < oo for &> 2
we get
up Zaﬁ — §)@- (logz(Xi - é)) (@ — ag) = o(k~ G+,

Similarly we can rewrite the other terms on the right side of (3.39) for which, supposing
again & > 2, it holds

E(Xz — 00)(&_1) 10g<Xz — 90) < 00,

E(Xl — 90)(&_2) IOg(‘)(Z — 00) < 00,

E(XZ — 00)(&_2) < 00,

(3.44)
therefore we have for all the terms in (3.39)
sup - Z (aﬁ =D 16g(X; — 8) — apfo(X; — 0)©V log(X; —90))
I‘sk =1
=o(k™") a.s
forany0<v<é.
Since we assume 2 < a < 3, we have 1 — % < é implying for any 0 < 7 < 1 — %

the rate of convergency in (3.33)

sup - Z (aﬂ = 0)E D log(X; — ) — apfo(Xi — 6) @D log(X, —(90)>

I5k i=1

=ok™7) a.s.
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Now we investigate the assertion (3.28). Substituting (3.15) into (3.28) we have to prove

k—o0

lim k7 (sup ; Z( ﬂlog @\)( g)a + Bolog?(X; — 60)(X; — 90)a0)>

=0 a.s. (3.45)

From the Taylor expansion we get that there exists (6, &, 3), such that |6 — 6] < |/9\—
Ool, |0 — ao| < |&0 — ol |8 — Bo| < |B — Bo| and

‘%Z(a&—?%g?( 0) = Bo(Xi — 60)° Olog2<Xz-—eo>>

+(X; - 0)° <10g2(Xi - é)) (B — Bo)
+20(X; = 6) (log(x; = 0)) (9 — b0)

+af(X; — 6)@D <10g2(X2~ - é)) @ — 90)] . (3.46)
Similarly as in the second term of (3.39) we have

k

1 . .

sup — g sup| — B(X; —0)° log2(X — 9) + Bo(X; — 6p)™° log? (X; — 6p)
Is), k i=1 Lop

=o(k™") a.s.
forany0<v<§. Sincefor2<a§3itholds1—%§éandthen
k
1 -~ Naq1. 2 an
sup - > _sup| — B(X; — 6)* log*(X; — 0) + Bo(X; — 60)™ log®(X; — 6o)

Is;, k i=1 Tog

=o(k™") a.s.
forany0<7'<1—%.

That were all the terms in (3.25), (3.26), (3.27), (3.28), (3.29), (3.30) discontinuous at
X; = 0. The proof for the condition o > 3 is trivial, as according to Lemma 3.2.1, all the
terms of Taylor expansions have finite expectations. O

The next theorem gives the convergency of the proposed maximum likelihood estimators.
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Theorem 3.2.4. There exists a sequence of real number {Jx}, such that

0k k/loglogk — oo and o E/+ 0 for some & >0,

and there ezists a set A with P(A) = 1, such that for any w € A we can find ko(w), such

that for all k > ko there exists a local mazimum of Ly (0, o, B) denoted by ¢, = («gk, &k,ﬁk)
satisfying

0 (0.5 0 1 (.50 9 .

and

|9k_90’§1’ |Oék—040’§1’ ‘Bk—ﬁtﬂgl

(Sk k k

Proof. Similarly as in Smith [26], for any sequence {J;} satisfying assumptions of Theo-
rem 3.2.4 we define for t € R, x € R, y € R the function

1
fr(t,z,y) = 52kL k(0o + 0kt, oo + 0k, By + O1Y).

The Taylor expansion for any t € R, z € R, y € R satisfying ¢* + 2% + y* < 1 implies that
there exist |tg| < 1, |Zp| < 1, |gs] < 1 such that

Ofk Ofk P fi 82f
E(tam7y) ot (0 0 O) + a5 ot2 (t6;$9a?/6) NOx (t97x97y9) T+
62
8t§ <t97 Ty, y@) Yy =
. 1 8L,€ t 82Lk ~ i E)QLk ~ Yy 82Lk ~
= 5ok 00 PO T e P 1 5paa ) Tk aaas P
. 1 (?Lk t 82Lk ~ T ang ~ Yy 82Lk ~
= (Sk—km(%) + o0 (©o) + Eaeaa“‘*’) + E—ﬁeaﬁ(%)
t %Ly x 0*Ly, y 0°Ly,
t 82Lk( ) z 82Lk ( ) . g 82Lk ( )
T k0000 7" " k0005 7"
+ tmgg — tmgg + T My — T My + Ymes — YmMmeg, (347)

where mgy, Mg, and mgg are the elements of the Fisher information matrix M, see the
definition (3.19).

For |t9| < 1 |J,’9| < 1, |y9| < 1 we denote (pg = (09,0&9,@9) such as 9.9 = ‘90 +t9(5k,
O[g = o + CL’Q 5k, ﬂg ﬁo + yg 5143 S&tlelelg |99 — 00| < 5k; |Oé9 — Oé0| < 5k, |ﬁ9 — ﬁ0| < 5k
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and we denote

- 1 0L t (0L, 0*L
&k 9(t97x97y9) 5 L 80k< ) E ( aegk (@9) - W;(@O))

£ (e Lo,
k: 96007 9600 YO
Yy 82Lk ~ 82Lk
102L,
+1 Ew(%wrmee

+ 1%( )+
x k808 ®o mMeq

1 021
+y( ’“(%Hmw) -

k0000

We can then rewrite (3.47) in a form

Afr
ot

(t z 3/) = —tmgg — T Mgq — Y Meg + Ek,e(fe,i'e,ﬂa),

For the term &y, ¢(t, 79, 7p) it holds
2 2
kaaesz(W) ilcaaesz( 0)
1 0%L, 1 0%Ly,
L 89804(909) km(wo)
1 0%, 1 0%Ly,
L 8986(%) km(@o)

- 1 0L,
i < |- Tk
5k,9( 97x97y9) = ‘5kl{ 06 ( )

+ ItISUP

+ Imlsup

+ Iylsup

(3.48)

From the law of the iterated logarithm (3.22) and the characteristics of the sequence Jj
that ¥ log\l/(lg — 0, we get

1 0Ly
m%(@o)
Then, combining (3.25), (3.26), (3.27) with (3.21), we get that also all the next terms in
(3.48) tend to 0 and so we obtain

8]@,9(59,.%9,?}9) —0 a.s.
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Similarly,

8fk . 1 8Lk t82Lk ~ $82Lk ~ Yy 82Lk ~
9z LY = 5 a, o) T 1 5056(%e) + 150 (Pe) + 15055 (%)

=~ Mooy — T Mea — Y Mag + 5k,a(tNaa jav@a)a

where mygq, Moo and mep are the elements of the Fisher information matrix M, see the
definition (3.19).

For [ta] < 1, |Za] < 1, |a] < 1 we denote &, = (Bu, G, Ba), Where O,y = g + Ly 0y,
Qo = + Ia Ok, Ba = ﬁo + 7o 0 satisfying |0 — bp| < Ok, |Ga — ap| < I, |ﬁa Bo| < 0.
For €y o(ta, Ta, Ja) We obtain following inequalities.

- 1 0L 1 9%L, 1 0L,
€k,a(tm$a,ya) > ’5 L O ( ) +WSUP kaeaa(%) Em(%)
0%, 10%L;
st | 5 B0 - (o
(92Lk 1 0%,
14 ’kaea (Vo) + moa
182Lk
+ || T 92 ) + Maq
1 0L
+ [yl 'E@oﬁ;(%) + Mag (3.49)

From the law of the iterated logarithm (3.22) and the characteristics of the sequence Jj
that ¥ 1;g\1/o§ — 0, we get

1 0Ly
%_k%(%)
Then, combining (3.28), (3.26), (3.29) with (3.21), we get that also all the next terms in
(3.49) tend to 0 and so we obtain

— 0.

€k70¢(£a7a~7aaga) — 0 a.s.

Further,

afk B 1 8Lk t 62Lk ~ T 82Lk ~ Yy 82Lk» ~
a—y(tl‘,y) = cik_krﬁ(%) + Em(@ﬁ) + Em(sﬁﬁ) + &0 (©s)

= —tmgg — xMag — Yymps + exp(ls, Ts,9p),
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where mgg, m,3 and mgg are the elements of the Fisher information matrix M, see the
definition (3.19).

For |ts] < 1, |Zg] < 1, |gs| < 1 we denote @ = (0, ég, B3), where 05 = 0 + 5 0%,
ag = ag+ Tg ok, Bs = ﬁo + {3 O satisfying |05 — o] < O, |p — ao| < Ok, |85 — Bo| < O

For e 5(t5, %3, 75) we have following inequalities

era(ts, Zp,Js) < '51]{;%1;;(900)+|t|SUP’;§ﬁgg(¢ﬁ> ;%(wo)
ol | 58 )~ 5ot )
+|y|sup;aa§j<m> 12 o)
1| o)+
ol [ s ) + 11
1 [ G o) + s (3.50

From the law of the iterated logarithm (3.22) and the characteristics of the sequence dy

that Vlg’g\l/oig — 0, we get

1 0Ly (o)
Skk 08 7
Then, combining (3.27), (3.29), (3.30) with (3.21), we get that also all the next terms in
(3.50) tend to 0 and so we obtain

— 0.

gk,ﬂ(iﬁ,ilg,ﬂg) — 0 a.s.

Let t2 + 22 + y? = 1. Then we have
Ofc | O0fx  Ofk

t— +x + Yy—"= t2 Mee — Iz Mo — y2 mpg

ot T T Vay T
—2(xtmga +ytmes + T ymeg)
+teno(to, To, Uo) + T epallar Tas Ua) + Yera(ts, T5,9s)  (3.51)

Since we proved that ey (9, Zo, 7o) — 0 @.5., epa(tas Tas Jo) — 0 a.s., e 5(ts, Ts, ) —
0 a.s., the expression (3.51) is as k — oo strictly negative by the assumed positive-
definiteness of M. Hence Lemma A.3.5 shows that f; has a local maximum in the range
+a?+y*<lask — oo
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Clearly, there exists a sequence {gk,&k, B\k} and a set A with P(A) = 1 such that for
any w € A there exists ko(w) such that for all k& > ko, 0y, ag, O is a local maximum of
L0, a, 3) satisfying

o o~ o o~ o~ o
%Lk(ekvaw k):O7 %Lk(ewawﬁk) =0, %Lk(e k’ﬁ)
and
=60l _ B0l ) BBl
O O Ok

]

The next lemma shows that, in the limit, the proposed maximum likelihood estimators
behave as if they were partial sums of random vectors.

Lemma 3.2.5. For any 7 such that 0 <7 <1 —2/a and for k — oo it holds

1 ( %Lk(%) O — 0o
lim k™ ——— ( 5= Li(0) ) — kM( Q. — o ) =0 a.s. (3.52)
k—oo  +/kloglogk %Lk(sﬁo) B — B

Proof. Now, for instance we choose the sequence on = log log log k+/loglog k/k} satisfying

conditions from Lemma 3.2.3. For maximum likelihood estimators ok = (6,,,,3,) we
have

0
0 —%Lk< Px) =
0 —~
= %Lk( o) — k(O — 6o)maeg

— k(Oék; — Oéo)mea - k(gk - 50)m9ﬂ

0 0,
+ <ka(90k) ~ gLk (800)> (6 = o)
i 0 5
= g 1(#0)) @ = a0
82 B 82 ~
WLM) ~ 5903 (0 (G = )

(3

(

+ (aa—;Lk(%) + kmag ) (B — o)
(
(

2

aLk((,O0> + km9a> (&k — Oéo)

———Li(po) + kmeﬁ) (Bk — Bo) (3.53)
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for G = (By, ag, Bp) satisfying |6 — 00| < 65— 00, |k —co| < |Gx—awol, |Bs—Bo| < |Bx—5ol.
Then

1 0 N - ~
W (@Lk(SOO) — k(01 — 00)mes — k(Qx — ag)mpa — k(B — ﬁo)meﬁ)
VE_ 1/ % _
— \/Wk < 502 Li(px) — 502 Lk(gpo)> (0 — o)

2

m kk <892 () = g br(0)) @ = oo
- o P~ o)) (i~ )
%% (%22 (20) + ko) (B — b)

gzg - % ((962 k(o) + k m9a> (@5 — )
\/Lk% (89825 (o) + K m%) (B = Bo)- (3.54)

Using the Marcinkiewicz-Zygmund law (3.21), characteristics (3.25), (3.26), (3.27) and
the characteristics of the sequence {d;} that

~ log log k

0 — O] < (logloglog k)1/ %,

log log k

| — ag| < (logloglog k)4 / %,

-~ log log &
1B = Bol < (logloglog k)y /=== (3.55)

for the right side of (3.54) we get

o 9 _ R R
kll_{l(f)lok JilosTosk <%Lk(900) — k mog(0r — 6p) — kmea(a — ) — kmeg(Br — ﬁo))

=0 a.s. (3.56)

for any 7 satisfying 0 < 7 < 1—2/a, where the coefficients mgg, mga, mgg are the elements
of the first line of the matrix M. From the similar expressions for derivatives %Lk(@k)
and a%Lk(g/ﬁk) we obtain

1 9 . -
m A —— (9] ka0 — 00) — kman (G — ) — kg (B —
i /R oglog <6a #(0) = ke (B = B0) = Fmaal(@k = a0) = kmas(fy ﬁo))

=0 as. (3.57)
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) . 1 0 ~ N ~
khj{.lok W (aﬁLk(gpo) kmgg (0 — 00) — kmga(Qr — o) — kmgp(Or — ﬁo))

=0 a.s., (3.58)

where coefficients mq9, Maq, Map are the elements of the second line of the matrix M
and where coefficients mgg, mg,, mgs are the elements of the third line of the matrix M.
From (3.56), (3.57), (3.58) we get the assertion (3.52). O

The next corollary gives the rate of convergency of the proposed maximum likelihood
estimators.

Corollary 3.2.6. The sequence of the proposed mazimum likelihood estimators Ok =
0,,a,,8,) from Theorem 3.2.4 satisfies

k
lim sup vk lar —agl = O(1) a.s.,

k—oo Vl1oglogk
. vk
lim sup

PR \/TWk Bl = OQ1) a.s.,

0, — 6] = O(1) a.s.

ol /log Iog &
(3.59)

Proof. The proof is an easy consequence of (3.52) and the law of iterated logarithm
(3.22). O

Corollary 3.2.7. For any T such that 0 <1 < 1— 2/« it holds

25 L (00)
lim kT(l (;Lk(ﬁpo) aé;L (SOO)a%Lk(SOO)) Ml( ?Lk(SOO) )

o 2L (%0)
. . O — bo
s <9k A ﬁg) M( ai — g )) —0 as. (3.60)
Br — Bo
Proof. For a matrix P, such that PYP = M, we can write equation (3.52) as follows:

0, — 0,

2 Li(¢o)
i 7—1 L -1 ﬁ 0 — = a.s
o m(ﬂ“} ) (zg;ﬁzoi) fP( A )) 0 as (381

For k — oo we have
1 /0 0 0 ~ ~ )
7i <%Lk(900), %Lk(@o)a %Lk(SDO)) P4V (‘9’f — bo, & — a0, B — 60) P
= O(y/loglogk) a.s. (3.62)

and combining equations (3.61) and (3.62) we obtain the assertion of Corollary 3.2.7. [
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Theorem 3.2.8. For any 7 such that 0 <7 < 1—2/a and for k — oo

kT (2 (Li(x) — Li(go))

L (o)
1 0 0 0 9
(ang(goo) e —L (@0),8—5Lk(<,00)> M1< %Lk(wo) )) —0 a.s.
6_51”“(@0)
Proof. The Taylor expansion
2 (Li(@r) = Li(90)) = 2D(Gi—p0) Li(Pi) + Dig o) Lic(P), (3.63)

where D g _ o)Lk (Px) is the first differential at the point (k) in the direction (P — o),

D((pk 2o )Lk(go) is the second differential at the point (@) in the direction (px — ¢o) and

16— 6o] < |6, — o], |6 — ol < |ak—aol, [8— Bl <|Bk— Bl

We can rewrite (3.63)

oL Ly.(00)
N 1/ 0 0 8 9
(3~ Latio)) ~ 1 (g o). 5o Lalin), 3 i) M- ( i) )
L (0)
- D%@_WO)LIC(@) o D(sok SOO)Lk(SOO) + D(sok SOO)Lk( 0))
~ 0, — 0y
—k<9k—90,04k Oéo,ﬁk—ﬁo ( Qé\k: )
Br —
R 0, — 90
+/€(9k—90,@k 06075k ( k—Oé0>
Br — Bo
Li(¢o)
1 ( 0 0 0 (@
- - —Lk(900)7—Lk(900),—Lk(%))M ( 30 Lr(o) )
(3.64)

For the differences on the right side of (3.64) we obtain:
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- The difference of second differentials is
D(zﬁrszzo)Lk( ?) — D?@ﬂao)Lk(%)
i Z L - L 01, — 0p)>
0962 K(®) — 902 k(o) | (O — o)
0? 0? R
+ (a—Lk«o) Jualals) ) @ = ooy
0? 0? ~
( RIEE Li() — 8_62Lk(¢0)> (B — o)?
9? 0? ~
+2( 5o 4(5) — g o)) B~ )@ — )

+ 2 (8585L () — ag—aﬁLk(SOO)) (0 — 00)(Br — o)

+2 ((%i);ﬁLk( @) — a;ﬁ (900)) (Qp — Oéo)(ak — Bo)

and its elements are o(k~7) according to Lemma 3.2.5 and Corollary 3.2.6.

- Similarly for the difference

01, — o
D(zﬁfsoo)Lk(SDO) —k (9k — by, Qi — v, By, — 50) M( Cz/ﬁ — Qp
Be — Bo

0? ~
<092 k(o) + kmao) (6r — 60)?

0? ~
+ (WLI::(SOO) + k‘maa) (A — ap)?

2 o~
(aa—BQLk(SDO) + kmﬁﬁ) (Be — Bo)?

0? ~ N
-+ 2 <a€aaLk<g00) + km9a> (Hk — 90)(0&]c — Oéo)

o 3 _ o \(B
+92 <WL,€(900) + k mgg) (O — 00)(Br — Bo)

2 ~
+92 <83—86Lk(gp0) + kmag) (ak — Oéo)(ﬁk - 50)

and its elements are o(k~7) according to the Marcinkiewicz-Zygmund law (3.21) and
Corollary 3.2.6.
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- The difference

~ ~ 0 — 0o
k <9k _‘907ak — g, B —50) M( E/V\\k — Oy
Br — Bo
)
5 Lk (o)
1/0 0 0 _ %
- E <%Lk(900)7 a—aLk(QOo), 8—6[%(900))1\/[ 1( %ék%@og >
e R ®o

is o(k~7) according to the Corollary 3.2.7.

Summarizing these three results we obtain that the right side of (3.64) is o(k™7) a.s. [

We introduce A(z)

=+/2 logz and Dy(z) = 2logxz+ (d/2) loglog x —log I'(d/2), similarly
as in Theorem A.1.1.

Theorem 3.2.9. The asymptotic distribution of the mazximum likelihood statistic for test-
ing the problem (3.7) under Hy provided ag > 2 is given by

1/2
lim P(A(log n) (0<r’£1<ax X 2 log(Aggo))) <t+ Dg(log(n))) = exp(—e ")

and for the maximum likelihood statistic for testing the problem (3.8) we have

1/2
lim P<A(log n) (0<I£1<ax X 210g(Ak)> <t-+ D3(log(n))> = exp(—2e7)

n—oo

for all t € R.

Proof. Using Theorem 3.2.8 we can similarly as in Csorgé and Horvath [7] prove that

max (2 (Li(Px) — Li(v0)))

1<k<n

35 Lk(0)
1/ 0 9 9 (7

= op(loglogn)

and the assertion of Theorem 3.2.9 is an easy consequence. [

Now, coming back to the GEV distribution and using parameters u, ¢, ¢ we can write the
Theorem 3.2.9 as follows.
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Theorem 3.2.10. Provided —% < & < 0, the asymptotic distribution of the mazimum

likelihood statistic for testing the problem (3.2) under Hy is given by

1/2
lim P(A(logn) <O<max 210g(A,(CO))> < t+ Ds(log(n)) = exp(—e™)

k<n—1

and for the mazimum likelihood statistic for testing the problem (3.3) we have

1/2
lim P <A(log n) <0<1£1<ax1 2 log(Ak)> <t+ Dg(log(n))> = exp(—2e7)

n—oo

for allt € R.

Proof. An easy consequence of the inequality a > 2. m

3.3 The change-point detection for the Fréchet dis-
tributions

Now we concentrate on proving a similar theorem as Theorem 3.2.10 for parameter £ > 0
corresponding to the Fréchet distribution Fréch (0, «, 3) with the density function (3.5)

h(z;0,a,8) = af(x — 0)"* texp{—B(x — §)"*} for x >4,
=0 for = <4@.
Suppose that Xi,..., X, are independent random variables, we are to test the null hy-

pothesis Hy against the alternative A;:

Hy: X; ~ Fréch (0o, o, Bo), 1=1,...,n, (3.65)
A; : thereexists k € {0,...,n—ng} suchthat

X; ~ Fréch (0o, o, Bo), i=1,...k,

X; ~ Fréch(0,a, ), 1=k+1,...,n,

where the parameters (0, g, Fy) before the change point are known while (6, «, 3) #

(0o, v, o) are unknown or to test the null hypothesis Hy against the alternative As:

A, : there exists k € {mng,...,n —ng} suchthat
XZ'NF’T’éCh<91,Oél,ﬂl), 1= ].,...,]{Z, (366)
XiNFTéCh<02,a2,BQ), i:k+1,...,n,

where neither the parameters before nor after the change point are known and (61, a1, 51) #
(02, g, B2). The constant ny may be any fixed integer larger than three, a > 0 is an un-
known shape parameter, § > 0 is an unknown scale parameter and # € R is an unknown
location parameter.
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Our goal is to find the limit distribution of maxo<x<,—1 2log(Ay) for the problem (3.66),
resp. MaXo<k<n_1 2log(A,(€O)) for the problem (3.65). At first we show an important char-
acteristic that the right tail of the density function h(z; 0, «, 3) (defined in (3.5)) decreases
faster than any power of (x — @).
Lemma 3.3.1. For every m € R

lim (x — 0)™ h(z;0,a,8) = 0 for x>0

r—00

Proof. 1t is an easy consequence of a limit

p

lim £ = 0 forevery peR.
y—oo Y

The log likelihood of (3.5) is given by

k
Li(0,0,8) = kloga+ klog 8+ (—a — 1) log (X; —0) = > _B(X;—0)"". (3.67)
=1 j

First and second derivatives of Ly (6, a, 3) are:

oL,
00

[ (a4 1)

e -t -0 } ,

oL,
oo

'MfEMw
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2L, & .
5007 = 2o [F(Xi—0) " log(X; —6)].

02L T
DY [_@] |

(3.68)
It holds

E(%(log M(Xii20)) ) =0, (3.69)
(log h(Xi; %)))

0
9o
B( 55 (1og h(Xi o))

0,

0.

According to Lemma 3.3.1, for every s € R it holds

2

0 s
B( 555 (log h(Xis o) ) < o0,

2

<362(10gh Xz,goo)))s < 00.

Let’s denote a Fisher information matrix M on a parameter ¢o = (6o, v, o) with elements
Meg Moo Mg
M = Map Moo Mag )
mpge  Mpa Mg
where

= B{2 10a(h(Xs 20) 5 loa(A(X;: )}

o0
_ _E{% log(h(Xi; ¢0))},

Mo = B3 10g(h(X,; ) los(h(X: 20))}

_ _E{%logmm; #0))},

2
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mes =:12{Z§§10g<h<xa;<po>> 9 Yog(h(X:: v0))}

op
=5 log(h(Xy; o))},

82
0
Moa = May = E{a_ log(h(Xh 800))8_06 log(h(X“ (‘00»}
82
B {890

log(h(Xi; ¢o))},

0 0
Moz = Mgy = E{@ log(h(X3; o))

53 08(h (X o))}

2

- E log (h(X;:
{aeaﬁ Og(h( (2 900)>}a
Mag =M —E{ilo (h(X; ))210 (h(Xy; @o))}
af — Ba — 80./ g iy Po Gﬁ g iy Po
82
=—F log(h(X;; . 3.70
(g X o)} (3.10)
A maximum likelihood estimator based on X7, ..., X} (when it exists) will be denoted by

Pk = (é\k, ak, Bk) and satisfies

L L L
OLwizy—o, Ly =0, G0 =o. (3.71)

50 (%) =0, %(Sﬂk)z 7 a—ﬂ(wk)

The existence of @y = ((/9\1@, g, Bk) is guaranteed by Theorem A.3.1, see Appendix.

M is a positive definite matrix. According to the Marcinkiewicz-Zygmund law, (see
Appendix - Theorem A.3.2) we obtain for the Fréchet distribution following relations:
for any 7 such that 0 < 7 < %

1 9?
(e e(0) +

2

lim k"

k—o0

lim k"

k—00 <k 000«

1 2
1 T
Jim f (k 9003

2

10
Jim &7 (1 30 o) =0 s,
Y
Jim 4 (gagp lee) +mes) =0 s,

2

../l
lim k& (Ea—ﬁsz(wg) +m55) =0 a.s.

k—o0

(3.72)
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Similarly, applying the law of the iterated logarithm (Appendix - Theorem A.3.3) we get:

lim su M =0(1) as
k_mp Vv kloglog k o

0

. 5a Lx(¢o)

1 G 2T =01 8. 3.73

lfls;fp Vkloglog k (1) as., ( )
)
=L

lim sup —2 (20) =0(1) a.s.

k—oo Vkloglogk

For the reparameterization (3.5) we can prove similar lemma as for the Weibull dis-
tribution.

Lemma 3.3.2. For any sequence {0;} satisfying o k'™ — 0 and for any T such that
0<r<1i
2

, 0? 0?
I}l_)rglok sup ; 862L k(p) — —892Lk(gp0) =0 a.s.,
. 1) 02 0?
h_)rgok (sup ; 86804L k(p) — mLk(goo) =0 a.s,
1) 02 0?
li 4 Ly, = .S.
.k (S“pk 005 %) ~ g (%o 0 as.,
) i 82 82
]}Lrgok (sup 902 5 Li(p) — —aasz(goo) =0 a.s.,
1| 02 0?
li T —L —L = .S.
dm (Squ; a0 )~ Gaggtr(#o) 0 as,
, 0? 0?
]}LIEOk sup ? 8@2L k() — _0ﬁ2Lk( vo)l] =0 as. (3.74)

Proof. We can use similar arguments for the terms in second derivatives as in the proof
of Lemma 3.2.3 for the three parameter Weibull distribution from previous section. Sub-
stituting second derivatives from (3.68) to the differences of the second derivatives (3.74)
results in the differences of terms, which are discontinuous at the points X; = 6. Using
the Taylor expansion for these differences, we obtain terms of the type

1
(Xi —0)m

Applying Lemma 3.3.1, we get that all the expectations of the terms (3.75) are finite and
then, similarly as for the three parameter Weibull distribution, we get Lemma 3.3.2. [

log’(X; —0), where m >0, p>0. (3.75)
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Theorem 3.3.3. The asymptotic distribution of the mazximum likelihood statistic for test-
ing the problem (3.65) under Hy provided £ > 0 is given by

1/2
lim P(A(log n) (0<r}€1<ax ) 2 log(A,iO))) <t+ D3(log(n))) =exp(—e™")
and for the maximum likelihood statistic for testing the problem (3.66) we have

1/2
lim P<A(log n) (0<r£1<ax ) 210g(Ak)> <t+ D;;(log(n))) = exp(—2¢7)

n—oo

for all t.
Proof. Similarly to the Weibull distribution, it can be proved

max (2 (Li(Px) — Li(v0)))

1<k<n

9
55 Lk (o)

1/ 0 0 0 a0

lléllgian k <89 k(‘pO); Do k(ch)’ 85 k(QOO)) ( ang(QDO) )
a8 k(o)
= op(loglogn)
and the assertion of Theorem 3.3.3 is an easy consequence. O

Using the facts from the Theorem 3.2.10 and Theorem 3.3.3, we get the asymptotic
distribution of the GEV distribution.

Theorem 3.3.4. The asymptotic distribution of the mazimum likelihood statistic for test-

ing the problem (3.2) under Hy provided & > —3 is given by

1/2
lim P(A(log n) (O<II£1<aX ) 2 log(Ag)))) <t+ Dg(log(n))) = exp(—e )
and for the mazximum likelihood statistic for testing the problem (3.3) we have

lim P<A(log n) (0 max 2log(Ak)> - <t+ Dg(log(n))> = exp(—2¢7)

n— oo <k<n

for all t.

Asymptotic critical values of the testing statistic maxo<g<n—1 21log(Ax) calculated for dif-
ferent values n according to Theorem 3.3.4 are listed in the following table.

a=0.05]a=0.01

n=200 18.65 27.15

n=250 18.75 27.17

n=>500 19.05 27.21

n=1000 19.3 27.28

Table 6. Asymptotic critical values of the testing statistic maxo<g<,—1 2log(Ax) for
different values n.
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3.4 Results

We tried to fit a GEV distribution to the minus annual minima as well as to the an-
nual maxima and test for a change in all three parameters. The null hypothesis H and
the alternative hypothesis A for a change in all three parameters may be set as in (3.3):

H:Y,~GEV(y, ¥, ¢€), i=1,....n,
A:3Jk € {l,...,n—1} such that
Vi~ GEV (i, v, &), =1,k
Yi ~ GEV (2, 12, &), i=k+1,....n,

where the parameters (u1,v1,&1) # (12,9, &) are unknown both before as well as after
the change point. Testing of the problem above may be based on the likelihood ratio Ay,
more specifically

max 210g Ak = 3<r]1;1<a£(732(Lk(/lk7 r@kaék) + LZ(/);@EZ?EZ) - Ln(ﬂna '@nvén))a

3<k<n—-3

where

k n
i=1

i=k+1

and [, @Z;k, ék are the maximum likelihood estimators of the parameters based on the
first k& observations, while if, ¥7, & are the maximum likelihood estimators based on
the last n — k observations. We recall that for every k under H the statistic 2 log Ay
is asymptotically distributed according to a x? distribution with 3 degrees of freedom.
Theoretically, the approximate critical values may be calculated using the asymptotic
behavior of (max;],gkgn_;; 2log Ak)l/ 2. However, to obtain maximum of all log-likelihood
ratios we have to calculate maximum-likelihood estimates for all possible splits, i.e. for
all time points £k = 3,...,n — 3. According to our experience good estimates of the
parameters are obtained only if they are calculated from 50 observations at least. That
is why we recommend to use a test statistic

— 1/2
TT3 N (50§r£§1§7502 log Ak) ) Q€ (07 1)~

The limit distribution of the statistic 775 is given by the asymptotics:

P(( max 210gAk)1/2>Lbn?’>%1—exp{—2e_x}, (3.76)

ko<k<n—ko ans
where

a3 = \/2log log n,

by = 2log log n + (3/2) loglog log n —log T'(3/2).
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We tried to fit a GEV distribution to the minus annual minima as well as to the an-
nual maxima and test for a change in all three parameters using the test statistic T75.
Table 7 shows values of T'T? for annual minima as well as for annual maxima. The num-
bers in red denote significant values, compare with the asymptotical critical values in
Table 6 for n = 250.

TT? TT?
Brussels min 7.62 || Brussels max 70.4
Cadiz min 26.8 || Cadiz max 14.2
Milan min 25.0 || Milan max 27.2
Padua min 7.3 || Padua max 5.4

St. Peter. min | 26.0 || St. Peter. max | 9.4
Stockholm min | 38.2 || Stockholm max | 17.8
Uppsala min 32.4 || Uppsala max 13.0
Prague min 24.4 || Prague max 22.0

Table 7. The values of the statistic TT%.

As the number of the trimmed portion is too large, we propose another way of the asymp-
totics. Under H the following approximation holds true for large values of u?:
u3€7u2/2

P( max  2loghAy >u?) ~ 210g(%)W(3/2)'

(3.77)
[Bn]<k<n—[8n]

The asymptotic 5% critical value for the statistic TT5 obtained by (3.77) with 5 = 0.2
is equal to 11.14. We fit again the GEV distribution to the minus annual minima as well
as to the annual maxima and test for a change in all three parameters using the test
statistic TT¢ with 3 = 50/n = 0.2. Table 8 presents the results for a change in all three
parameters of the GEV distribution for the minimal values with significant values of the
testing statistic denoted in red , Table 9 presents the same for the minimal values.
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1 Y § | TT§
Brussels min | 6.02 | 3.56 | -0.29 | 7.62
508 | 2.78 | -0.15

Cadiz min -6.73 | 2.57 | 0.00 | 26.8
-6.42 | 1.68 | -0.25

Milan min 4.04 | 2.66 | -0.15 | 25.0
272 1194 |-0.14

Padua min 3.22 | 2.38|-0.06| 7.3

2.50 | 1.85 | 0.00
St. Peter. min | 22.9 | 5.10 | -0.28 | 26.0
19.78 | 4.37 | -0.22
Stockholm min | 14.94 | 4.19 | -0.25 | 38.2
11.92 | 3.07 | -0.09
Uppsala min 17.04 | 5.36 | -0.35 | 32.4
14.68 | 3.61 | -0.18
Prague min 10.95 | 5.07 | -0.29 | 24.4
8.53 | 3.44 | -0.12

Table 8. Change in all three parameters of GEV for minus annual minima using 773
with 5 = [50/n].

p [y | € TTE
Brussels max 22.011.511-0.30| 704
24.0 | 1.69 | -0.25

Cadiz max 285 | 1.37 | -0.24 | 14.2
29.3 | 1.34 | -0.21

Padua max 27.0(1.21]-026| 54
2721 1.15 | -0.12

Milan max 27.1 | 1.35|-0.11 | 27.2

279 | 1.14 | -0.28
St. Peter. max | 22.8 | 1.86 | -0.24 | 9.4
23.5 | 1.80 | -0.36
Stockholm max | 22.7 | 1.71 | -0.49 | 17.8
21.4 | 1.89 | -0.21
Uppsala max 21.8 1 2.08 | -0.31 | 13.0
21.4 | 1.89 | -0.21
Prague max 25.2 | 1.56 | -0.15 | 22.0
26.3 | 1.39 | -0.21

Table 9. Change in all three parameters of GEV for annual maxima using 7Ty with

B = [50/n].
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3.5 Conclusion

The GEV distribution fit was in all the cases far from being perfect. It worked better for
the minus minimal values than for the maximal values, where surprisingly a normal dis-
tribution seems to be a better model than a GEV distribution as the annual maxima are
almost symmetric. Moreover, to find numerically the maximum likelihood estimates for
all three parameters together with the corresponding value of the log-likelihood function
is a difficult task. We recommend to use this approach only if the analyzed series is very
long. It seems that even 200 is not enough.

More specifically, in the case of the annual maxima the change in location was evidently
present in the Brussels series and it was slightly less evident for the Cadiz series. It seems
that the Stockholm annual maximal series decreases. Furthermore, shortly after the be-
ginning the Milan annual maxima series contains a several very high temperatures which
appear never again later. This is mainly the reason why when applying the GEV distri-
bution for modelling the Milan maxima, the null hypothesis H of stationarity is rejected
(there is a strong decrease in the shape parameter). If we omit the first 30 observations,
the value T'T5 goes down. Nevertheless, it seems that a small increase in location is present
here as well. Figures 3441 presenting densities before the estimated change point (solid
line) and after the change point (dashed line) accompanied by Table 10 presenting 5%,
50% and 95% quantizes of the estimated GEV distributions suggest that there might be
a slight increase in distribution of maxima of almost all series (with an exception of the
Stockholm series), nevertheless it is very small. The hypothesis expressed by climatolo-
gists that due to climate change the occurrence of extremal high temperatures becomes
more frequent seems to be false.

0.5 0.5¢
0.4f 0.4}
0.3 0.3t
0.2 0.2
\ \
\\ \
0.1 0.1t , .
P /
-7 //
0 ; ; 0 : ; v —
15 20 25 30 10 15 20 25 30 35

Figure 34. Brussels (annual maxima in

°C) - fitted GEV densities.

Figure 35. St. Petersburg (annual max-

ima in °C)- fitted GEV densities.
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Figure 36. Cadiz (annual maxima in

°C)- fitted GEV densities.

0.5f 1

0.4} 1

0.31

0.2

0.1}

15 20 25 30 35

Figure 38. Milan (annual maxima in °C)

- fitted GEV densities.
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Figure 40. Padua (annual maxima in
°C) - fitted GEV densities.
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Figure 37. Stockholm (annual maxima

in °C) - fitted GEV densities.
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Figure 39. Prague (annual maxima in

°C) - fitted GEV densities.

0.5f 1

0.4} 1

0.3 1

0.1r

30

Figure 41. Uppsala (annual maxima in
°C) - fitted GEV densities.
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quant. | Brussels Brussels quant. | St. Petersburg | St. Petersburg
first part | second part first part second part
5% 20.0 21.9 5% 20.5 21.1
50 % 22.5 24.6 50 % 23.5 24.1
95 % 25.0 27.5 95 % 26.8 26.8
quant. | Cadiz Cadiz quant. Stockholm Stockholm
first part | second part first part second part
5% 26.8 27.6 5% 20.2 19.1
50 % 29.0 29.8 50 % 23.3 22.1
95 % 31.4 32.3 95 % 25.4 25.6
quant. Milan Milan quant. Padua Padua
first part | second part first part second part
5% 25.5 26.4 5% 25.5 25.9
50 % 27.6 28.3 50 % 27.4 27.7
95 % 30.5 30.2 95 % 29.5 30.1
quant. | Upsala Uppsala quant. Prague Prague
first part | second part first part second part
5% 19.0 19.0 5% 23.3 24.6
50 % 22.5 21.7 50 % 25.7 26.8
95 % 25.8 24.9 95 % 28.9 39.4

52

Table 10. Several quantizes of estimated GEV distribution of annual maxima before and
after a change point.

When analyzing the annual minimal series, the tests confirm a clear increase in the Cadiz,
Milan, St. Petersburg, Stockholm, Uppsala and Prague series, while the increase in
Brussels and Padua annual minimal temperatures was not significant. Moreover, if we
look at the values of the parameters of a GEV distribution before and after the change
point more closely, we see that a change in the location parameter is more striking and a
shift in the location parameter is accompanied by a decrease of the scale parameter and
an increase of the parameter of asymmetry. Figures 42 49 presenting densities before the
estimated change point (solid line) and after the change point (dashed line) accompanied
by Table 11 presenting 5%, 50% and 95% quantizes of the estimated GEV distributions
give us an idea what are the main futures of change in distribution. The hypothesis that
winters become milder as extremely cold days appear less frequent seems to be correct.
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quant. | Brussels Brussels quant. | St. Petersburg | St. Petersburg
first part | second part first part second part
5% -13.1 -11.8 5% -33.2 -29.3
50 % -7.3 -6.1 50 % -24.7 -21.3
95 % -1.5 -1.8 95 % -16.4 -14.4
quant. Cadiz Cadiz quant. Stockholm Stockholm
first part | second part first part second part
5% -0.9 2.9 5% -23.7 -19.9
50 % 5.8 0.8 50 % -16.4 -13.0
95 % 9.5 8.5 95 % -9.7 -8.4
quant. Milan Milan quant. Padua Padua
first part | second part first part second part
5% -10.4 -7.4 5% -9.7 -8.0
50 % -2.0 -3.4 50 % -4.1 -3.2
95 % -0.9 -0.4 95 % -0.5 -0.5
quant. | Uppsala Uppsala quant. Prague Prague
first part | second part first part second part
5% -26.8 -24.7 5% -21.1 -17.1
50 % -19.2 -16.6 50 % -12.7 -9.8
95 % -9.3 -10.6 95 % -4.4 -4.4

10
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Figure 49. Uppsala (annual minima in

Table 11. Several quantizes of estimated GEV distribution of annual minima before and
after a change point.

Using the results of our statistical inference it is possible to say that the increase in the
annual minimal temperatures is usually more pronounced than the increase in the annual
maximal temperatures. (We even discovered a decrease in the Stockholm annual maximal
temperatures.) This is in agreement with the remark of Camuffo and Jones [6] who
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claim: Analysis of the distribution of extreme events, undertaken using the results from
IMPROVE, has shown that for most of the study sites the recent warming is characterized
more by a decrease in frequency of the coldest days than by increase in frequency of the
warmest.



Problem 2

Application of change-point detection
for occurrences of unusually

hot, resp. cold days



CHAPTER 4

The change-point detection for
dependent data

Clearly, working with real temperature series, we can not expect that the condition of
independency is fulfilled, especially when the measurements are very close in time. The
study of our series shows that there is a strong correlation between daily temperature
values, the correlation between two subsequent days is for all series very close to 0.8, see
Figure 33. To obtain similar result concerning the distribution of the test statistic under
the hypothesis of stationarity for dependent variables, we use the almost sure approxima-
tion of the partial sums of random variables, satisfying a strong-mixing condition, by a
suitable Brownian motion and we show that the analogue of Csorg6 and Horvath theorem
holds.

4.1 The change-point detection for strong-mixing se-
quences

We consider the following assumptions.
Let {X(i),i=0,1,2,...,n}, {XW(@)i=0,1,2,...,n}, {XP(),i=0,1,2,...,n} form

strictly stationary, strong-mizing sequences with miving coefficients a(k) = O(ryg*)(4.1)

satisfying

EX(i) =p, EXW() =y, EX®()=po, di=ps—p #0,
EIX(i)]” < oo, EXWE)|" <00, EXP()]” < oo
with v >4 forall i=0,1,2,...,n. (4.2)

We consider a sequence {Y(i),i = 0,1,2,...,n} and the hypotheses testing may be set
as follows:

57
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Hy: Y (i) = X(i), i=1,...,n (4.3)
Hy : there exists m* € {1,...,n—1} such that

Y (i) = XW(5), i=1,...,m",

Y (i) = X@(5), i=m"+1,...,n

The test for Hy against H4 will be based on functionals of

Tn(t) = Sn(t) - tSn(l)v (44)
where
n2 S Y 0<t<],
_ 1<i<(n+1)t
Sn(t) - n71/2 Z Y; t = 1
1<i<n

Similarly as for linear processes in Theorem 4.1.3 of Csorgé and Horvéth [7] we obtain
the following theorem for strong-mixing sequences.

Theorem 4.1.1. Assume conditions (4.1), (4.2) and Hy hold then we have for all x € R

. 1 |7 (2)] -
lim P(A(logn) — su < x+ D(logn)) = exp(—2e™ %),
Jim P(A(logn) — sup T (logn)) = exp(—2e™")
where .
0® = E(Yo—p)* +2) E(Yo—p)(Yi—p), (4.5)
i=1
A(z) = /2 logx, (4.6)
1 1
D(z) =2logx + 5 loglogx — 5 log 7. (4.7)

Proof. For simplicity denote {e; = (Y; — pn),i =0,1,2,...,n}. Without loss of generality
we can assume that EY; = EY; = ... = EY,, = ¢ = 0. Then we can put Y¥; =¢;, 1=
0,1,2,...,n. Weuse Theorem 4 of Kuelbs and Philipp [21], see Appendix—Theorem A.4.8,
who proved for strong-mixing processes that we can redefine the sequence {e;} on a new
probability space together with a Brownian motion W (k) such that

= o(k77%) as.

> ei—oW(k)

1<i<k

with some 3 > 0. Then similarly as in Yao and Davis [28] and in the proof of Theorem 4.1.3
in Csorgé and Horvath [7]
[Su(1)] = Op(1), (4.8)
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i 7 (20 loglog )2 sup [T,(0]/(1(1~ 1)) ) =

n—oo 0<t<1/2
lim P((? o loglogn)™'?  sup [T, (t)|/(t(1 — t))l/Q) = 1. (4.9)
n—oeo 0<t<1/logn

By the stationarity of {e;, —0o0 < i < 0o} we get

i P (20 loglog )2 sup [T,(0)]/(1(1~ 1)) ) -

n—oo 1/2<t<1
lim P((2 o? loglogn)~/? sup T, (t)|/(t(1 — t))1/2> = 1. (4.10)
n—oo 1-1/logn<t<1

From (4.8), (4.9), (4.10) we conclude
sup [T, (8)]/((1 — ¢))"/?

0<t<1/logn
k
— Z e:| + O,((loglogn)*/?/logn) (4.11)
i=1

=  max
1<k<n/logn k1/2

and

sup | To(t)|/(¢(1 — 1))"/?
1-1/logn<t<1
P

i=k+1

1
= max

S G | 30 | Onloslogn)" logn). (412

Using the limit theorem for standardized partial sums we obtain

2

lim P(A(logn) = !

n—o00 o 1<k<n/logn kl/

<u+ D(logn)) = exp(—e™"), (4.13)

n

. 1 1 s
nh—»Igo P(A(logn) = . n/r1227}z(<k<n CEOLE i;ﬂ eil < s+ D(logn)) = exp(—e ™),
(4.14)
for all real s and wu.
We need to prove that the random variables 1<kr£18% % le e;| and
<k<n/logn

max W >4y €] in (4.13) and (4.14) are asymptotically independent.
n—n/lognk<n

But it is easy to see that for strong-mixing processes

1 1
P max <a max el <a —
<1<k<n/ logn \/_ I;k n m n—n/logn<k<n \/n — k k+;< ‘ "
i <i<n
P = E < P = E <
— max a max €; a =
1<k<n/logn \/_ i<k " n—n/logn<k<n \/n — k e l<i< ' "
7 Stsn

(n—2$)
=T —0 as n—oo for 0<ry<l.
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Hence (4.13) and (4.14) imply

k
1 1
. | <
nh—>nolo P(A(log n o 1<kr<n7?7 logn k1/2 ; ei| <t+ D(logn),

1 1 u

A(l S — 1< D(1

( Og n) g n— n/Ill(,)lga7)1{<k<n ( k)1/2 i:zk;rle =8 + ( Og n))
=exp(—e " —e’), (4.15)
for all real v and s. O

In practice we do not know the value of 02 and the question of how to estimate the

variance 2 in Theorem 4.1.1 is important. We can replace o2 with an estimator, where
the rate of convergency to o must be at least o,((loglogn)~'), which is, according to
following lemmas, fulfilled by an estimator:

o2 = R(0) +2 Y R(i), (4.16)

~ n—j . . .
where R(j) = % 7; (Yi — Yn) (Y}H — Yn) and Y, = %Zgjgn Y; and 1 (n) tends to infin-

ity with a certain speed.

First of all we show some lemmas on the estimators {R(j),j = 0,1,2,...}. In order
to do this, it is simpler to work with the functions

RG) =5 S0 = ) (Ve - Z j=012.. (417

which, according to a following lemma, has the same asymptotic properties as the sample
autocovariance function R(j).

Lemma 4.1.2.

Proof. We can write

and for each j =1,2,...,n
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Since
& = O,(1/v/) (118)
and
(ei+...4+eirj)/n=0,1/y/n) for 1<i<n, 1<i+j<n, (4.19)

we conclude

R(0) + O,(1/n) as n — oo,

R(j) +O,(j/n) as n — occ.

R(0)
R(j)

O

For random variables {e; = (Y;—u),i = 0,1,2,...} we denote their correlation coefficients

p(]) = E€i€i+j

and applying Corollary A.4.5 — a result for moment inequalities for strong-mixing random
sequences — we obtain a following corollary.

Corollary 4.1.3. Let eyemti and €pyitkCmiitkt; ore bounded random variables, then
forallm,i,j € Z and k >0

|EememtiCmyitklmyithrs — pi pj| < Ka(k). (4.20)

Next lemma asses magnitude of bias for R(0), R(j) and R(i)R(j).

Lemma 4.1.4. Assume random variables {e;;i = 0,1,2,...,n} satisfy conditions (4.1),
(4.2). Then

n

E(R(0))? = <p<o>>2+0(1), (4.21)

E(RG)Y = <p<j>>2+o(i) j=12,... (1.22)

n
i+
n

E(RORG)Y = pli)p(j) +0 ( ) =012 i (423)
Proof. We start with proving (4.22), as relation (4.21) is in fact a part of (4.22). At first
we study the estimators

~ 1
R(])2 = ﬁ (€1€j+1 + ...+ en_jen)z . (424)

The proof is based on the fact that the dependance between the variables decreases with
their distance in time exponentially fast. Therefore, the variables that are distant behave
7almost” as independent. We divide the terms of relation (4.24) into two parts, the first
part will contain only "a little” terms written as a product of four factors e,e,tjeq,€q4;,
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where the third index ¢ satisfies ¢ € {p,...,p + j}, while for the second part, with
majority of terms written as a product of factors e,e,ijeqeq,y; with the third index ¢
satisfying ¢ € {p,...,p+7j} and this part will be estimated according to inequality (4.20).
According to this description we write then

(€1€j+1 + €2€549 + ...+ en_jen)2 = P1 + PQ, (425)

where
n—j—1 min(p+jn—7j)

E :ep p+j+2 § : E : €p€p+j€qCatj>

g=p+1

constrained by the condition that the third index g € {p,...,p+ j} and

n—25 n—j
Py =2 Z Z EpCp+iCqCatjs

p=1 gq=p+j+1
with majority of terms with the third index ¢ ¢ {p,...,p+ j}.
Part P, contains (n — j) + 2j(n — 2j) 4+ (j — 1)j terms e epti€q€q+j-
According to the Schwarz inequality and the assumption that E|e;|* < K,i=0,1,2,...,n
it holds

Elepepiieqeqrj| < 0o for every p,i,j,q €N

and it implies

E(P)

n2

=O0(1/n). (4.26)
Part P, contains (n — 2j)(n —2j — 1) terms which can be written as a sum

2e1ej11€54269502 + ... +2€1€5 1€ j 1651 + 2€1€5 1160 j€n+

2e€j12€j 362543+ ...+ 2€2€j 06, €5+

2 €n—2j—1€n—j—1€n—j€n.

We can notice that the first column contains (n — 2j — 1) terms eye,qje,eq44;, Where
p=1,....,n—2j—1, q=p+j+1and applying (4.20) for each term in the first column
we obtain

2 |Eepepjeprjipraiin — (p(4))* | < 2Ka(l).

Similarly the second column contains (n — 2j — 2) terms epe,;€ptjr2€pra+2, where p =
1,...,n —2j — 2 and for each term in the second column we have

2
2 |Bepepijepijraeprojre — (p(7)" | < 2Ka(2).
The last column contains one term 2e;e;j;ie,_;e, for which

2|Eerejrienjen — (p(5))? | < 2Ka(n — 25 — 1).
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We sum all the terms in all the columns and obtain (n — 2j)(n — 2j — 1) terms of part
P, for which

|EP2 _ (n _ 2j)(n — 27 — 1) (p<]))2‘ <

< 2Kn_zj_ alk)(n—2j —k) = 2Kn_zj_ ré(n —2j — k) = O(n).
k=1 k=1
implying
2=t (T TED g o) = a0l

Substituting (4.26) and (4.27) into (4.25) gives

LR+ P) = () + O

and the expectation E{R(j)}2 fulfills (4.22).

The proof of (4.23) is very similar. For simplicity suppose i < j. We again divide
the terms of

<1
RZ’R]' = ﬁ <€1€i+1 + ...+ en,ien) (61€j+1 + ...+ €n,j€n) (428)

into two parts. The first part containing ”a little” terms written as a product of four
factors epepii€q eq+;, where the third index ¢ satisfies ¢ € {p,...,p + i} or where the first
index p satisfies p € {q,...,q + j}. While for the second part, with majority of terms
written as a product of factors e,e, ;e €445, the third index g satisfies ¢ ¢ {p,...,p + i}
nor the first index p satisfies p ¢ {q,...,q¢+ 7}, and this part will be estimated according
to inequality (4.20).

According to this description we write then

(€1€i+1 + ...+ €n,i€n) (€1€j+1 + ...+ €n,j€n> = Ql -+ QQ, (429)

where

n—j—1 min(p+i,n—j)

Q1= E :epepﬂepepﬂ + § E : EpCp+i€qCatj T

q=p+1

n—i
+§ : E : EpCp+i€qCq+j

p=1 g=max(1,p—j)

with the third index satisfying ¢ € {p,...,p + i} (this is fulfilled for the first two sums
on the right) or the first index p € {q,...,¢+ j} (it holds true for the third sum on the
right)

and
n—j—1 n—j n—i p—j—1

j
= E : E , €p€p+i€qCq+j T E : E , EpCp+iCqCq+j>

p=1 q=p+j+1 p=j+2 q=1
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for which the third index ¢ ¢ {p,...,p+ i} (the first sum on the right) or the first index
pé&{q,...,q+ j} (the second sum on the right).

Part ()1 contains (n — j) + j(n — 2j) + (j_21)j + (j+i+§)(j_i) +i(n —i—j) (Z;—m terms
€p€p+i€qCqrj- According to the Schwarz inequality and the assumption that E|e;[* < K, i =

0,1,2,...,n these terms satisfy

Elepepyieqqrj| < oo forevery p,i,j,q €N

and it implies

E_ oy, (4.30)

n? n

Part Q5 contains (n — ¢ — j)(n — i — j — 1) terms which can be written as a sum

€1€;+1€;4+2€i+j+2 + €1€;41€;43€i1j13 + ... + €1€;116p_j€n+

€2€i+2€i13€i+j+3 T €2€12€;44€itjt14 T ... F €2€i12€6n_j€nT+

€n—i—j—1€n—j—1€n—j;€n,

and
€1€145€54+2€j+2+it
+€1€1456n—i—1€p—1 + ...+ €n—i—j—2€n_i—2€n_i—1€p_1+
+e1€14j6n—itn + €262 j€n—iCp + ...+ €n—i—j—1€n—i—1€n—iCn.-

We can notice that in the first part the first column contains (n —i — 7 — 1) terms
€pep+iCq€q+; With the third index ¢ = p+ 7 + 1 and in the second part the last column
contains (n —i — j — 1) terms eyepij€,eq4; with the third index ¢ = p +j + 1. Applying
(4.20) for each term in the first column in the first part we obtain

[Eepeprieprivieprivivg — p(i)p(d)] < Ka(l)
and for each term in the last column in the second part
Eepeprieprjtipririri — p(i)p(J)| < Ka(l).

Similarly the second column in the first part contains (n — ¢ — j — 2) terms
€pep+i€ptit2€pritat; and in the second part the last but one column contains (n—i—j—2)
terms epeptjeptit2€prjrotri- Applying (4.20) for each term in the second column of the
first part we obtain

Eepepriepritaeprivar; — p(1)p(J)] < Ka(2)
and for each term in the last but one column of the second part

Eepeprieprjraeprirari — p(i)p(J)| < Ka(2).
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The last column in the first part contains one term e;e;;ie,—_je, and the first column in
the second part contains one term eje;je,_;e, for which

Elereirienjen — p(i)p(j)| < Ka(n —i—j—1),
Elereirjen—ien — p(i)p(j)| < Ka(n —i—j—1).

We sum all the terms in all the columns and obtain (n —i — j)(n —i — j — 1) terms of
part (D2, for which

[E(Q2) — (n —i—j)(n—i—7—1)p(i)p(j)|

n—i—j—1 n—i—j—1
<2K Y ak)(n—i—j—k)=2K Y rf(n—i—j—k) =0(n),
k=1 k=1
implying
E(Q2) L P2+ i+ 2+25+1
= p(i)p(j) — e — -

. (4.31)

Substituting (4.30) and (4.31) into (4.29) gives

1+
n

%(E(Ql +Q2)) = pli)p(j) + O(—)

and the expectation E{R(i)R(j)} fulfills (4.23). O

Summarizing results of Lemma 4.1.2 and Lemma 4.1.4, we obtain a following corollary

~ o~ P(n)
for the estimator of the variance 02 = R(0) +2 > R(7).
i=1

Corollary 4.1.5. For any sequence {1)(n)}, ¥(n) € N, ¥(n) < n it holds

R wn) ()
E (R(O) +2 Z R(z’)) - (p(()) +2 Z p(i)) = 0(1/n), (4.32)

$(n) ? ¥(n) ? 5
E | R(0)+2 Z R@E) | — [ p(0)+2 Z p(i)| =0 (WZ)) ) : (4.33)

Proof. First we prove (4.32). For i = 0,1,... it holds

~

R(i) < |R(i) = RG)| + | R(i) = p(i)] + p(i)- (4.34)
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For the first term on the right of (4.34) we have, according to Lemma 4.1.2

For the second term on the right of (4.34)
ER(0) = p(0) + O(1/n),

and forz=1,2...
n—1

ER(i) = “—p(i) = p(i) + Oip(i) /n).

n
Then
~ o ¥(n) 80
E (R(O) +2) R(i)) = (,0(0) +2) p(i)) +00> %)
i=1 i=1 i=1

Assumption (4.1) on correlation coefficients implies convergency of a series Zj’:(?) ip(7)
yielding in relation (4.32).

Now we shall prove (4.33). Substituting equations (4.21), (4.22), (4.23) into the expecta-

tion
2

we obtain (4.33) as

Y(n) 5 Y
E [ B(0) +2 > RG) | =E (}?(0)) +4)E (R(O)R(i))
S O N
+4Y E(R(i)) +8 Z Z E R(ZW(])) =
b(n) ? 3
= [pO+23 ()| +0 ((w(:)) )

]

Now we are ready to prove a theorem which gives the rate of convergency of the proposed

~ P(n)
estimators 02 = R(0) +2 Y. R(i) to the variance o2. For simplicity we introduce
i=1

o
02 = p(0) +2  pli).
i=1
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Theorem 4.1.6. For any sequence 1p(n) — oo such that w — 0 it holds

‘ +22R (Yo— +2ZEY0— Y—u))‘ =

= 0,((loglogn)™).
Proof. Assumption (4.1) yields >, p(i) < Yoo, Crf < oo and it implies it is sufficient

to prove

) + 22 R(i) | — | p(0) + QZp(i) ’ = 0,((loglogn)™).

i=1

We have
1og logn ~\ 2
P loglogn (02 —0 ) >e| < TE (02 02) <
2 -
< Qoslonls e (3 - Ecﬂ) + (e - 727 <
5
_ (loglogn)? Wm)* L o (1
- g2 n n2)|’
as ¥(n) fulfills w — 0 we obtain the assertion of Theorem 4.1.6. O

4.2 Application

As was mentioned in Introduction, the aim of the second part of this thesis is to sug-
gest and apply methods for a change/s detection in appearance of unusually hot, resp.
cold days. More exactly, we create standardized daily series and count how often our se-
ries exceed some high, resp. low levels. The exceedance over high, resp. low level means
an appearance of unusually warm, resp. cold temperature for the corresponding calender
day. Applying the change-point analysis for dependent data (strong-mixing processes),
we try to decide whether the frequency of such days changed.

Figure 33 shows that in summer the autocorrelation coefficients for larger lags are smaller
than in winter. However, the difference is not extremely large and we simplify the situa-
tion and suppose that the data form a stationary sequence.

For our purposes we produced standardized temperature series. If we denote our data
{X;,1 < i< n}, then the standardized series {X?,1 <1i < n} is obtained as

s X’L - Xyear,i

x5 = N Ayeari g o 4.35
T AKX ) (4.35)
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where eram-, std(Xyeqr,i) denote a mean and a standard deviation of calender days cor-
responding to the i measurement. For example,

X5 - X366 - Xyear,366
366 — )
Std(Xyear,366)

is the standardized value of 15 January obtained from the value X3¢6 by extracting the
mean temperature of all 1% January temperatures during all years of observation and this
difference is divided by the standard deviation of all values of 1* January.

To define exceedances over thresholds we produce two new time series Y{#, Y,/ ... Y/
and Y,©,Y,C, ... Y.C where for i = 1,2,...,n we denote

e unusually hot days

YH =1, X’>h,
= 0, X:<h, (4.36)

e unusually cold days

YO =1, Xi<e,
=0, X/>c (4.37)

Levels h, c are suitably chosen constants.

Assume that standardized data X7, X3, ..., X? form a stationary ARMA sequence

Xf = ,OlXZ-sfl —+ pQXZ-iQ +...+ prisip + ‘91€i—q +...+ ‘gqﬁz’—l + €, (438)

where ¢; are ii.d. random variables with E¢; = 0, E¢? = o2 satisfying conditions
(1),(2),(5), (11) from Withers [27], see Appendix — conditions (A.5), (A.6), (A.9), (A.11).
Then {X7?,i=1,2,...,n} is a linear process which can be represented as

o0
S __
X = E 9i€i—js
Jj=0

where

g = O(kprk),

parameter 7 is defined in condition (11) in Withers [27], see Appendix — condition (A.11).
According to Withers [27], see Appendix Corollary A.4.3, X7 is also a strong-mixing
sequence with mixing coefficients

)
alk) = O(ry%), where = o5 1>mry >,



4. The change-point detection for dependent data 69

and the parameter 0 is an exponent in condition (5) in Withers [27], confer Appendix.
Under these conditions exceedances over thresholds defined by random variables {Y, i =
1,2,...,n} or {¥,% = 1,2,...,n} form strong-mixing sequences with the same mixing
coefficients a(k) = O(ry*) for 1 > ry > 7. The testing statistic of our problem has the
form

LN (1) — EN(T)|

T,(t) = sup : (4.39)
-~ t t
0<t<T G /T (1 _ T)
where N(-) is the sum of variables [l(gl)ﬂ Y resp. Z[fgl“)” YY, ie. the number of

exceedances over the level H, resp. C during the period [0, 7] and 52 is the estimator of
the variance defined at the beginning of this chapter as

~ n—j — — -
where R(j) =1 % (V; = Y,) (Yis; — Ya) and Y, = %ZISJ‘Sn}/j and ¢(n) tends to infin-

i=1

ity with a certain speed.
The conditions of Theorem 4.1.1 are fulfilled and as a result the approximate critical
values can be obtained by the limit distribution of T,,(¢) under H,.

As an example, we show the results for the standardized Milan series. The other obser-
vatories give similar results. To the given standardized data set we find an autoregressive
process AR(20). Figure 50 represents the autocorrelation function for the standardized
Milan series. The values of the autocorrelation function for small lags decrease exponen-
tially. That suggest that an autoregressive sequence might be a good model. However, for
larger lags the autocorrelation function does not die out. This is a typical feature when
the sequence has some trend or there is a change (or changes).

Milanstand—autocorrellation coefficients
1 —@

[I1t11199001

o 5 10 25

Figure 50. Autocorrelation function for standardized data - Milan.

The estimator of variance was obtained by (4.16), the number of summands was chosen
equal to ¥(n) = 30.
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The levels h = 2.5, ¢ = —2.5 from (4.36) and (4.37) are symmetric, the values were chosen
on purpose to assure sufficient number of exceedances.

For demonstration of the test results we provide two pairs of figures. A pair of graphs
in Figure 51 illustrates the case when we proved the change. The left figure shows the
plot of the statistic T},(¢) with a noticeable maximum, the right figure shows the sums of
exceedances - the vertical line shows the estimated point of the change. A pair of graphs
in Figure 52 show similar graphs for the case when Hj is not rejected, with smaller values
of the statistic 7},(¢) than in Figure 51.

Uppsala statistics Change Uppsala <-2.5

1200

1000 //

800

600

400

200

x10° x10*

Figure 51. Significant change. Left - the statistic 7),(¢) with noticeable maximum,
right - the sum of exceedances, the vertical line shows the estimated point of the
change.

Cadiz statistics change cadiz<-2.5
7 600

6 500

400

300

200

100

Figure 52. Insignificant change. Left - the statistic 7,,(¢), right - the sum of ex-
ceedances, the vertical line shows the estimated point of the change.

Tables 12 and 13 provide results for appearance of unusually hot days. The values of
the statistic 7,,(¢) and the estimated date of change can be found in Table 12, significant
values are marked red. For observatories with significant values of the statistic T,,(t) we
also counted the frequency of occurrences of unusually hot days, which can be found in
Table 13. We can notice that the values in the first column corresponding to the fre-
quency before the change point are approximately three times smaller than the values
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in the second column with the estimated frequency of occurrences of unusually hot days
after the change point.

| | T,(t) | change point |

Brussels over 2.5 11.26 21.7.1911
Cadiz over 2.5 5.97 5.6.1923
Milan over 2.5 6.12 29.4.1997
Padua over 2.5 2.67 20.8.1952

St.Petersburg over 2.5 | 4.53 2.6.1882
Stockholm over 2.5 3.85 17.4.1990

Uppsala over 2.5 3.04 16.6.1989
Prague over 2.5 6.82 11.4.1990
Table 12. First column - values of the statistic 7,,(t), second column - estimated date of
change.

’ H first part \ second part ‘

Brussels 0.0021 0.014
Cadiz 0.0046 0.0111
Milan 0.0024 0.0233
St. Petersburg | 0.0018 0.0049
Stockholm 0.0031 0.0096
Prague 0.0029 0.0119

Table 13. Estimated frequency of occurrences of unusually hot days. First column -
before the change point, second column - after the change point.

Tables 14 and 15 provide results for appearance of unusually cold days. The values of
the statistic 7,,(¢) and the estimated date of change can be found in Table 14, significant
values are marked red. Table 15 provides for observatories with significant values of the
statistic 7,,(t) estimated frequencies of occurrences of unusually cold days. We can notice
that the values in the first column corresponding to the frequencies before the change
point are approximately three times higher than the values in the second column with the
estimated frequencies of occurrences of unusually cold days after the change point.

’ H Tn(1) \ change point ‘

Brussels under -2.5 3.75 8.12.1819
Cadiz under -2.5 3.10 15.2.1891
Milan under -2.5 3.19 14.1.1880
Padua under -2.5 6.20 18.1.1880
St.Petersburg under -2.5 | 6.16 27.6.1877
Stockholm under -2.5 7.40 2.8.1888
Uppsala under -2.5 6.30 10.8.1888
Prague under -2.5 4.39 13.3.1943

Table 14. First column - values of the statistic 7},(¢), second column - estimated date of
change.
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’ H first part \ second part ‘

Stockholm 0.0139 0.0041
Uppsala 0.0134 0.0055
Padua 0.0146 0.0058
St. Petersburg | 0.0110 0.0040
Prague 0.0097 0.0027

Table 15. Estimated frequency of occurrences of unusually cold days. First column -
before the change point, second column - after the change point.

We performed also one comparison — we studied the distribution of unusually hot, resp.
cold days within a year. Unfortunately, we were limited to work only with the complete
data, i.e. Brussels, Milan, Stockholm, Uppsala and Prague series. Figures 53-58 show
differently distributed occurrences of unusually cold days before and after the change
point. We studied Prague, Stockholm and Uppsala series with significant values of the
testing statistic 7,,(¢) and we can notice decreasing frequency of unusually cold days in
winter months and increasing frequency of unusually cold days in the summer period.

0.35

0.3F q 0.3

0.251 q 0.251

0.2

0.151

0.1

0.051

0
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Figure 53. Distribution of unusually Figure 54. Distribution of unusually
cold days in Prague before the change cold days in Prague after the change dur-
during a year. ing a year.
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Figure 55. Distribution of unusu-
ally cold days in Stockholm before the
change during a year.
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Figure 57. Distribution of unusually
cold days in Uppsala before the change
during a year.
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Figure 56. Distribution of unusually
cold days in Stockholm after the change
during a year.
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Figure 58. Distribution of unusually
cold days in Uppsala after the change
during a year.

Figures 59-66 show the distribution of unusually hot days for Brussels, Prague, Milan
and Stockholm series with significant values of the statistic T,(t). We can notice a de-
creasing frequency of unusually hot days in summer months and an increasing frequency

of unusually hot days in winter.
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Figure 59. Distribution of unusually hot
days in Brussels before the change dur-
ing a year.
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Figure 61. Distribution of unusually hot
days in Prague before the change during
a year.
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Figure 63. Distribution of unusually hot
days in Milan before the change during
a year.
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Figure 60. Distribution of unusually hot
days in Brussels after the change during
a year.
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Figure 62. Distribution of unusually hot
days in Prague after the change during
a year.
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Figure 64. Distribution of unusually hot
days in Milan after the change during a
year.
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Figure 65. Distribution of unusually
hot days in Stockholm before the change
during a year.

Figure 66. Distribution of unusually hot
days in Stockholm after the change dur-
ing a year.

The changing histograms of unusually hot, resp. cold days within a year raised another
question — Does the number of unusually hot, resp. cold days change within every particu-
lar month in a year? Figures 67-78 provide a detailed numbers of unusually cold days for
particular months in Prague series during 230 years of measurement, figures 79-90 show
the same for unusually hot days in Brussels series during 232 years of measurement. The
red vertical lines are the estimated points of the change.
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Figure 67. January. The number of un-
usually cold days in Prague. The red
vertical line shows the estimated change
point.

Figure 68. February. The number of
unusually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 69. March. The number of un-
usually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 71. May. The number of un-
usually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 73. July. The number of un-
usually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 70. April. The number of un-
usually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 72. June. The number of un-
usually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 74. August. The number of un-
usually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 75. September. The number of
unusually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 77. November. The number of
unusually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 79. January. The number of un-
usually hot days in Brussels. The red
vertical line shows the estimated change
point.
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Figure 76. October. The number of un-
usually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 78. December. The number of
unusually cold days in Prague. The red
vertical line shows the estimated change
point.
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Figure 80. February. The number of
unusually hot days in Brussels. The red
vertical line shows the estimated change
point.
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Figure 81. March. The number of un-
usually hot days in Brussels. The red
vertical line shows the estimated change
point.
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Figure 83. May. The number of un-
usually hot days in Brussels. The red
vertical line shows the estimated change
point.

15

10~

‘ ‘
0 I|I IIlIII

1750 1800 1850 1900 1950 2000

Figure 85. July. The number of un-
usually hot days in Brussels. The red
vertical line shows the estimated change
point.
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Figure 82. April. The number of un-
usually hot days in Brussels. The red
vertical line shows the estimated change
point.
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Figure 84. June. The number of un-
usually hot days in Brussels. The red
vertical line shows the estimated change
point.
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Figure 86. August. The number of un-
usually hot days in Brussels. The red
vertical line shows the estimated change
point.
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Figure 87. September. The number
of unusually Brussels days in Brussels.
The red vertical line shows the estimated
change point.

Figure 88. October. The number of un-
usually hot days in Brussels. The red
vertical line shows the estimated change
point.
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Figure 89. November. The number of Figure 90. December. The number of

unusually hot days in Brussels. The red
vertical line shows the estimated change
point.

unusually hot days in Brussels. The red
vertical line shows the estimated change
point.

The previous figures suggest decreasing number of unusually cold days, especially for
winter months, and an increasing number of unusually hot days during the whole year.
For better comparison we counted the mean number of unusually cold days in Prague and
the mean number of unusually hot days in Brussels for particular months before and after
the change and we obtain a following Table 16 confirming in Prague series a decreasing
number of unusually cold days in winter months and an increasing number of unusually
hot days within the whole year for Brussels. Similar results were obtained for the other
observatories — Milan, Stockholm and Uppsala.
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Prague Prague Brussels Brussels
first part | second part || first part | second part

January 0.6707 0.3651 0.0000 0.0000
February 0.6587 0.2381 0.0139 0.0227
March 0.3832 0.0952 0.0347 0.3182
April 0.1617 0.0317 0.1181 0.4886
May 0.1257 0.0794 0.0625 0.5909
June 0.0599 0.0159 0.1042 0.6250
July 0.0000 0.0317 0.1181 0.9886
August 0.0120 0.0317 0.1319 0.9545
September || 0.0539 0.0000 0.0486 0.6477
October 0.1916 0.0476 0.0208 0.4205
November 0.3593 0.0476 0.0000 0.0114
December 0.8024 0.2063 0.0097 0.0027

Table 16. The mean numbers of occurrences of unusually cold days in Prague before and
after the change in particular months. The mean numbers of occurrences of unusually
hot days in Brussels before and after the change in particular months.

4.3 Conclusion

The broadly accepted hypothesis of global warming stimulated an interest for temper-
ature series. Some scientists assume that the change does not necessarily occur in the
mean of the series but rather in some other characteristics, e.g. appearance of some ex-
treme events or increase of difference between summer and winter temperatures etc. In
the second part of the thesis we concentrated on studying appearances of unusually hot,
resp. cold days. More precisely, we were looking for a change in time series of indicators
of an event that the standardized value exceeds a certain level. An analogue of Csorg6
and Horvath theorem was proved for strong-mixing sequences providing critical values of
the limit distribution of 7;, under H,.

When analyzing the exceedances over the level 2.5, the tests confirm a clear increase
in the Brussels, Cadiz, Milan, St. Petersburg, Prague and Stockholm series with frequen-
cies of these occurrences three times higher in the second part than before the estimated
change, while the increase in Padua and Uppsala occurrences of unusually hot days was
not significant. We were also trying to estimate the change point and found out that the
change occurred at the end of 19"* century or at the beginning of 20" century. There are
two exceptions - Milan and Stockholm series, with the estimated change at the end of
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20" century. This might be due to different kind of data, as climatologists who analyzed
the Milan and Stockholm series tried to remove "heat island effect” in these series, while
the authors of the other series were not able to do it, see Camuffo and Jones [6]. We tried
to find the second changes in those two series and the significant second change occurred
for the Milan series again at the beginning of 20" century. The second change for the
Stockholm series was not significant.

For the exceedances under the level -2.5, the tests confirm a clear decrease in the Upp-
sala, Padua, St. Petersburg, Prague and Stockholm series with frequencies about three
times smaller in the second part than before the estimated change, while the decrease in
Brussels, Cadiz and Milan occurrences of unusually cold days was not significant. The
estimated change point occurred at the end of 19** century.

We also studied the distributions of unusually hot, resp cold days within a year. For
observatories with significant values of the statistic T,,(t) we detected also a change in
their distributions suggesting for unusually cold days a decreasing frequency in winter
months and an increasing frequency in the summer. Distribution of unusually hot days
during a year suggest a decreasing frequency in the summer and an increasing frequency
in winter months. What concerns the mean numbers of unusually cold days, we detected
an increasing mean numbers of unusually hot days in Brussels during the whole year and
a decreasing number of unusually cold days in winter months for Prague series.

Although our results might suggest confirmation of the hypothesis that the increased
mean of temperature observed since the end of 19 century and a decreasing variability
of temperature series is related to the fact that extremely cold days appear less frequent
and extremal high temperatures become more frequent, we have to admit several problems
which might have influenced our results:

e the number of data. Although we were working with long temperature series, in
fact only about 200, resp. 800 observations satisfy our definition of unusually hot,
resp. cold day.

e a disproportion between the numbers of unusually hot, resp. cold days is caused by
a distinctive negative skewness of minimal temperatures, see Tables 3 and 4.

e heat island effect causing milder winters in city centers.

We hope that in the future the proposed change-point methods should be applied to the
series that are not affected by the heat island effect, that are divided into a summer and
winter periods and a climatologic definition of an unusually hot, resp. cold day should be
taken into account as a day whose mazximum, resp. minimum temperature is within the
lowest 5th centile of the daily temperature series for each observatory and this way we
obtain more reasonable results.



CHAPTER 5

Block permutation

Throughout this chapter it will be more convenient to denote the sequences of random
variables by {Y(i),i =1,2,...}.

The other way of obtaining critical values of change-point tests is to use the permutation
principle. This method was first suggested by Antoch and Huskova [2]. The main tool in
deriving this method are limit theorems for rank statistics, see the work by Huskova [15]
or Appendix A.5. The sequence {Y (i)} is permuted randomly many times and for every
permutation the value of T),(t) is calculated. Then the (1 — «) 100% empirical quantile of
all {T,(t)} serves as a 100% critical value. With the number of observations n increasing,
the obtained approximate critical values are getting closer and closer to the exact critical
values regardless our observations follow the null hypothesis or an alternative. So far,
this method has mostly been dealt with independent observations. Kirch [20] considered
block permutation principles for dependent data with errors forming a linear process. We
examine the behavior of this statistic for strong-mixing sequences.

5.1 Block permutation for strong-mixing sequences

The idea of block permutation is to split the observation sequence of length n into L
sequences of length K (i.e. n = K L), where the block contains enough information about
the dependency structure. K and L depend on n and converge to infinity with n. Instead
of permuting observations {Y (7) }, we permute the blocks Y (K1+1),..., Y(K(I4+1)), [=
0,...,L —1, and compute the statistics using the permuted blocks.

We consider the following assumptions.

Let {X(i),i=...,-2,—1,0,1,2,...}, {XW@),i=...,-2,-1,0,1,2,...}, {XP(i),i =
oo, —2,—-1,0,1,2,...} form

strictly stationary, strong-mizing sequences with mizing coefficients (k) = O(ry*)(5.1)

82
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satisfying
EX(0)=p, EXW(O0) = m, EXP(0)=p2, di=ps—m #0,
EIX()|" < oo, E]X W)Y < oo, EXP31)]" < o0
with v > 4 forall 1. (5.2)

We consider a sequence {Y (i), =0,1,2,...,n}. The hypotheses testing problem may be
set as follows:

Hy: Y (i) = X(i), i=1,...,n, (5.3)
Hy : there exists m* € {1,...,n—1} such that

V(i) = XW(5), i=1,...,m",

Y (i) = X@(5), i=m+1,...,n

Remark 5.1.1. According to Corollary A.4.5, the autocorrelation functions of {X (i)},
(XM (@)} and {XP (i)} decrease exponentially, i.e.

p(J) = E(X(@) =) (X(i+74) —p) = E(X(0) = w)(X(G) — )
< Cr. (5.4)

The same is true for { XMW (i)} and {X®(i)}.
We assume that L — 0o, K = K(L) — co,n =n(L) = KL and K/L = O(1).
Let R = (R, ..., Ry) is arandom permutation of (1, ..., L) independent of {Y(-)} chosen

with probability P(R = r) = 7 for all permutations r = (r1,...,7r).

We are interested in the permutation statistic

LK
Trr(Y) = max | max \/(K(l my pwRYyy gy qrpu s sy L CLYU R
where
-1 K k
Sp(lk) = ZZ —1)+5) =Y, + Z(Y(K(Rl —1)+4)-Y,)

Jj=
n

— 1
d Y, = — Y (2
an - Z: (1)

For the permutation result to hold true we standardize T}, (Y) using the variance of

the block statistic
| LXK
1=0

k=1

2
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Its advantage is that it does not depend on the permutations, thus the outcome of the
permutation test is in fact independent of the actual value of the estimator. We prove
that under Hy the estimator of variance 5% - converges in probability to

o® = E(Y(0)*) + 2 Z E(Y(0) = w)(Y(5) = n)-

Similarly as in the previous chapter, we show some characteristics of the proposed es-
timator. First of all we have

~
[y

1 — K

l k:l

i
=)

1 L—1
-y
=0

For the second term in (5.6) it holds

K

> (V(Kl+k)— )] —~K(Y,—p? (5.6)

k=1

K(Y,—p)?=0,1/L) as L — oo. (5.7)

Therefore we concentrate only on the first part of (5.6), which we denote

i (Y(Kl+ k) —u)] :

k=1

2
If we denote D; = & [Zle(Y(Kl + k) — u)} , we can write the estimator o2, as an

arithmetic mean of random variables D;

=
1=0
For the moments of 7% ;- we have then
Eo}x = i3 Z ED;, (5.8)

B33 ,)? = (ZDZ) (5.9)

The following lemma assesses moments of random variables D;.
Lemma 5.1.2. For any [,I'=0,1,..., L — 1,1 # 1" and K — oo, it holds
ED, =0? + O(1/K) + O(rk), (5.10)
ED? = O(1), (5.11)
_ K [l—-1'—1]
COV(.Z)[7 Dl’) = O(T’O ) (512)
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Proof. We start with relation (5.10).

EDl:%(KP(O)—I—Q(K—1)p(1)+...+2p(K—1)) —

) <p<o> +2)° p(D) “% >_ip(i) = 0* +0(r;) + O(1/K),

i=1 i=1
oo
where the last relation is a consequence of convergency of the series > i p(i) with p(i) =
i=1

ri, 0<rg<1.
The proof of relation (5.11) is trivial and follows from Corollary A.4.6 (see Appendix), as

ED? = %E (Z(Y(Kl + k) — M)) = 0(1).

k=1

We show the proof of relation (5.12) for I’ = [+1. The general casel’ #1,I'=0,1,...,L—1
is then proved similarly. We denote summands of a covariance cov(D;, D;11) by

Sigpa =EY (@Y ()Y ()Y (q) — (EY @)Y (7)) (EY ()Y (), ij=1... K,
p,g=K+1,...,2K.

According to Corollary A.4.5 (see Appendix) we obtain

Sijpa < Malp—j) = O(Tgp_ﬂ), ,7=1,..., K,
pa=K+1,... 2K (5.13)

The idea is to count the number of summands with the mixing coefficient (1), the num-
ber of summands with the mixing coefficient «(2), etc. Therefore we first sort all the
K* summands S; ;54 @,j=1...,K, p,g=K+1...,2K into a table of K* x K?
elements and show characteristics of this layout for the index structure.

We create a table containing K? rows denoted by pair indexes (i,7),1 < i < K,1 <
j < K, <j. The inequality ¢« < j is important for the layout, therefore we, for example,
transpose the pair (2,1) to the pair (1,2). This way we obtain a sequence of indicated
rows:

((1,1),(1,2), ..., (1,K),(1,2),(2,2),..., 2, K),...,(1,K), (2, K),...,(K,K)}. (5.14)

Similarly, K2 columns we denote by pair indexes (p,q), K +1 <p <2K,K+1< ¢ <
2K,p < q creating a sequence (with a respect to the layout defined by the inequality

p<q)

{(K+1L,K+1),(K+1,K+2),...,(K+1,2K),...,
(K +1,2K), (K +2,2K),...,(2K,2K)}.  (5.15)
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In the sequence of indicated rows (5.14) we have

(2K — 1) indexes of a type (i, K), for i=1,..., K,
(2K — 3) indexes of a type (i, K —1), for i=1,..., K —1,
1 index of a type (1,1)
and similarly for the sequence of indicated columns (5.15) we get
(2K —1) indexes of atype (K +1,q), q¢=K+1,...,2K,

(2K — 3) indexes of a type (K +2,q9), q=K+2,...,2K,

1 index of a type (2K,2K).

Now we are ready to sort and count the summands S;;,, according to their mixing
coefficients. Applying (5.13), we get that certain combinations of rows (4, j) and columns
(p, q) result in different summands S, j , , corresponding to the mixing coefficients a(p—j).
For example, summands corresponding to the mixing coefficient

a(l) are of the type S; k x+1,4
«(2) are of the type S; k. k+2,4> Si,k—1,K+1,q5

a(3) are of the type S; k. x+3,4> Si,k—1,K+2.0» Si.K—2,K+1,>

04(2K - 2) are of the type Sl,2,2K,2K7 Sl,l,QK—1,2K7
a(2K — 1) are of the type S112k2K-

Using the numbers of rows and the numbers of columns, we get

(2K — 1) (2K — 1) summands S; k k41,4, ¢ = 1,..., K, ¢= K +1,...,2K with a mixing
coefficient a(1),

(2K — 1) (2K — 3) summands S; g k24, ¢ =1,..., K, ¢ = K +2,...,2K with a mixing
coeflicient «(2),

(2K — 1) (2K — 5) summands S; ki34, ¢ = 1,..., K, ¢ =K +3,...,2K with a mixing
coefficient «(3),

(2K — 1)1 summands S; gor 2k, ¢ = 1,..., K with a mixing coefficient a(K).
Similarly,

(2K — 3) (2K — 1) summands S; k-1 k414, ¢ = 1,..., K — 1, ¢ = K +1,...,2K with
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a mixing coefficient «/(2),

(2K — 3) (2K — 3)summands S; k1 k424, ¢ = 1,..., K — 1, ¢ = K +2,...,2K with a
mixing coefficient «(3),

(2K — 3) (2K — 5) summands S; k1 k43,4, ¢ = 1
mixing coefficient a(4),

oo K =1, g=K+3,...,2K with a

(2K —3) 1 summands S; k1 2k 2K, ¢ = 1,..., K — 1 with a mixing coefficient a(K + 1).
And finally

(2K — 1) summands S11 k414, ¢ = K +1,...,2K with a mixing coefficient a(K),
(2K — 3) summands Sy 1 k124, ¢ = K 4+ 2,...,2K with a mixing coefficient a(K + 1),
(2K —5) summands Sy 1 k4134, ¢ = K +3,...,2K with a mixing coefficient a(K + 2),

1 summand S} 1 2x 2k, With a mixing coefficient a/(2K — 1).

For the sum of all these elements we obtain using (5.13) for [ =0,...,L —2

K2 Z Z 2K — (2j — 1)] {2K — [2i — (2] — 1)]} M (i)

K2 Z Z 2K — (2 — 1) {2K — [2i — (2] — D]} M 7}

i=1 j=1

COV(D[, Dl—i—l)

IN

IN

IN

—M4K22w0

(o)
which is a consequence of convergency of the series > ir{ with 0 < ry < 1.
i=1

The previous procedure can be generalized for [, ¢ such that 0 <1 < L—1,0 <[+t < L—1,
then

COV(D[, Dl+t> <~

2K—-1 i

<3 Z Z 2K — (2] — )] {2K — [2i — (2j — D]}M a(i + (t — 1K)

222[( ]_1)]{2K—[ ( ]—1)]}M7‘Z+(t 1K

=1 j=1
1 (t—-1)K
EMZLKQ ZZTO ( ) ),

which is the assertion (5.12). O

| /\

IN
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Corollary 5.1.3. For K, L such that L — oo, K = K(L) — oo,n = n(L) =

K/L = O(1), it holds

EGiy) = o*+O0(1/min(K, L)),
E@3)7 = O(/L).

Proof. Relation (5.16) follows immediately from (5.6), (5.7), (5.8), (5.10), as
EGix) =0+ 0 (1/K+1/L+7r5) =0>+ 0O (1/min(K, L)).

For E(0% ;) we have for L — oo according to (5.6), (5.7), (5.9), (5.11), (5.12):

E<U%K)2 =

>l

LZ( E(D;) +2LZ:1cov Dl,Dl/))
ofe e

b«|,_n b{|H

1)7“(1)K+(L—2)7”SK+...+7“0

(L-1)K

)

Theorem 5.1.4. For any K, L such that L — oo, K = K(L) — oco,n = n(L) =
K/L =0(1), K = O((logn)?) for some v > 0 satisfying Y262 _ 0 it holds

min(K,L)

07 — 0 = o0,((loglogn)™).

Proof. We have according to the Markov inequality and Corollary 5.1.3
N (loglogn)? _ , . 2
P(loglogn(aiK—UQ) > E) < 6—2E(JiK—02)

loglogn)?
%2 [E (O'LK EO’LK) + [EG2 - —

< e fo () <o (1)

:O%gmﬁogm&iﬂy

2]2]

88

O
KL,

According to our assumption, minimum min (X, L) fulfills (oglogm)® _, ) o9 1, — 0o, K =

min(K,L)
K (L) — oo and we obtain the assertion of Theorem 5.1.4.

O

In the following theorem we show that the block permutation method gives asymptotically
correct critical values, i.e we prove that the quantiles of the permutation statistic 77, x(Y")
conditioned on the observations Y'(-) approximate the correct critical values as the number
of observations tends to infinity. This is true not only when the observations follow the

null hypothesis but even when they follow the alternative hypothesis.
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Theorem 5.1.5. {X(i),i = 0,1,2,...,n}, {XW(),i = 0,1,2,...,n}, {X®(i),7 =
0,1,2,...,n} fulfill the assumptions (5.1), (5.2). Let 0 < 6 < (V — 4)/2. Under the
alternative let either

(i) K(2+5~)/2]d|2+5~min( -, =) = O(1)  and dQLK =o(1) or

(ii) min(Z-, 2="0) > € > 0.

n

Let A(z), D(z) be as in Theorem A.5.1. If K = O((logn)?) for some v >0 and K/L =
O(1) then for allt € R as L — oo

TL,K(T‘-a Y)

OLK

lim P (A(log n)

n—oo

— D(logn) < t|Y(1),... ,Y(n)) =exp(—2¢7")  a.s.

Remark 5.1.6. The assumptions (i) and (ii) come from Theorem 3.1 in Kirch [20].

Proof. The idea of the proof is similar to Kirch’s proof of Theorem 3.1 in [20] for errors
forming a linear sequence, i.e. to apply asymptotics for the rank statistic, confer Ap-
pendix — Theorem A.5.1, with special scores (for (i) we choose a, (i) := Y (i ) and for (ii)
a,(i) ==Y (i)/Vd?K). In a first step we prove that the assumptions (A.13), (A.14) are
fulfilled for the error sequence {e(i)} = {Y (i)} — u, in a second step we conclude that
they are also fulfilled a.s. for {Y'(i)}.

We start with the error sequence {e(i)} = {Y'(i)} — p and prove (A.13).
We denote I* = [m*/K| (m* # n), where [z] denotes the integer part of x. Then for
the block where the change occurs it holds

) 4

K

e(KI* + 7)

] k+1

.)4

= K
L SN R SR
L — k=0,.. . K—1 \/_j:k+1

= K j=k+1
1 L-1 1 K 4
- S (2 :
T2 | VR 2 UKI+]) } (5.18)
=0 j=k+1
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Sequences { £+ S eM(KI+k),1 >0}, {& >4, e®(KI+Fk),1 > 0} satisfy assumptions
of Theorem A.4.7, confer Appendix, as these sequences remain stationary and their mixing

coefficient are smaller than the one of {eM(i),i = 1,...,n}, resp. {e®(i),i =1,...,n}
for all K, therefore applying strong law of large numbers we obtain

L-1 K 4

L 1

T ( (1)

szzo ..... K-1 Z Kl+] < D1 a.s.,

1=0

i 2 : (2)

7o max == > @KI+j) < DY oas

L P k=0,...K—1 | /K ot

Substituting these inequalities into (5.18) we obtain
L k:f(gnakq K Z e(Kl+j)| <D (5.19)
lIO Y J:k+1

which gives (A.13) for the error sequence {e(-)}.

Concerning assumption (A.14) for the error sequence {e(-)} we have following inequalities:

=, | X 2 L1 K 2
= - (1) ; - 2)
ZL{ ( KZ (Kl+])> + ) ( Kl+j)> }
=0 j=1 I=l*+1 ]:

WK1+ j))

L-1

2
L—-1"—1 1
+ - Z( Ze(Q)Kl-l-j))
L L= =147, VK
K 2
Z Kl+]) ;

L—-0"—1

Expressmns

*—1
=0

1K) 1)’
(\/fzjzle (Kl—i—j)) and

I=l*+1

1 L1
L L—l*—lz (

||Mw

mﬂf}.
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L—l*—1 £Zal=l"+1 \ /K £ej=

B 2

1 S (L ie(t)([g +j)> — Var(i ie(t)(j))

g K j=1 K j=1
1 qg—1 1 K 2 1 K

(t) : ®) (5

+ = S eV(KIl+ j — Var(—— e (g —C >0 a.s.,

2 (Feenen) v S

where we either use results of Theorem 5.1.4 (K — o) or the fact that Var(\/—% Z]K:1 e®(5))

> ¢ > 0, if K is bounded. It is obvious that both limits lf — 0 and % — 0 can not
converge simultaneously, therefore

I* K 2
r+1 1 1
1 ; .
max E — eV (Kl + ;
{ L l*+1l0<vK'1 | ])>

and the error sequence {e(-)} fulfills

%i (\/% Ze(Kl +j)> > D,, (5.20)

=
which is the assumption (A.14).
Before we start with verification of assumptions (A.13), (A.14) almost surely for {Y ()},

we present some strong laws of large numbers for strong-mixing processes {e(-)}, confer
Kirch [20] and Appendix A.4. According to Theorem A.4.7 it holds as L — oo

3 elj) :0( loi”> a.s. (5.21)

=1
To prove (A.13) under alternative we denote {* := [m*/K| and derive following laws of

large number
log K
= O( O—%{ ), a.s. (5.22)

1
K

K
> e(KI" + k)
k=1
as K — oo. From Markov inequality
1
Pl —
<\/E
Because Y 5>, L7/2 < oo with v > 4, it holds as L — oo

= O(x/logK> a.s. (5.23)

K

> e(KI" + k)

k=1

Kl/
> e> < — L7"2Ele(0)|
61/

e(KI* + k)
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for K — oo as well as K bounded. Similarly we deduce

1

W =o(1) a.s. (5.24)

j=KI*+1
Now we are ready to verify the assumptions (A.13), (A.14) almost surely for
Y (i) = py + W (5), i=1,...,m"
=y +d+e?(0), i=m"+1,...,n

First we consider the alternative (i) and choose the scores a,(i) := Y(i). Without loss
of generality we can assume the p; = 0. We begin with the assumption (A.14). We can
write

ZLZ<¢_Z (Kl + k) — ):KLLZ(Z Kl+k)> —KY>. (5.25)

k=1

Using equation (5.21) for e = L 3™ e (j) and @ = L5 @) inY, =

n—m*
d —nfnm* + mT*e(l) + nfnm*e@) we obtain

N N N2
KY, = KdQ(n_m) +K(m) @ZK(" m> e’

n n

* * . _ * 2 .
faVEa T R o VR d (” m) VE @

n

Lo M) T VR @

n

S () o () ) oo () o (60)
+o (\/fd_(” —Zz*)m_*) +o <\/Ed (n _nm*)Q) +o(l) as  (5.26)

and for the first term on the right of equation (5.25) we have as L — oo

L-1

K 2
1
-7 E (d 1{Kirhsm=y +e(KI+ k)))
KL (k:l

| LK 2 1 L—
= — e(Kl+ k) — d1 m*
LS (Gn) e

2

=0 k=1
9 L-1 K K
+_}€j:;z: (g{;d]{33+k>nﬁ}> <j£;(2l(l+'k >

0

R ’ n—m* n —m*
= — Kl+k Kd? d2K 1) a.s.
T (Ze( + )) + " +0< |d| - )—i—o() a.s.,
(5.27)
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2
as from the assumption £ £ = 0(1) we get for 1+ - (Zk LA Kk me })
| LK 2 n—
——ijyHMbm):Kf o) as

KL= \io K

9 L—-1 K
ﬁ (Zdl{]{l+]>m*}> <Z € Kl + k? >
=0 k=1

n n

1
< - e @) (;
SIE-) D e G+ K| S ()
J*Kl*-ﬁ-l ]*Kl*—&—l
+ Kydy D(KI* + k) +K\d\ Ze@ (K" 4 k)

Z (1))

J=KIl*+1

< |d)y/KZ \/7

+ [d]y /K™ Z ()
Vv L(n — J=KI*+1
—m* 1 K
+ VK |d| mln( ) — ) MWK+ k)
2(2+6 \/_ k=1

e (KI* + k)

Mw

+¢Eumm("—m,
n

)2+5 1 1
n2(2+6 \/_
- 0( ap k=" ) +o(l) as.

b
Il
—

n

Results (5.26), (5.27) and the result (5.20) for the error sequence {e(-)} imply for L — oo

L-1

% 3 (\/% ;(wm 4 k) - ?n))

=0

* * 2 *
=Dyt K™ — K P (m—) +o <\/|d|2Km—> +o(1)
n n n

:Dﬁmwﬂ( |d|zK”—m)+o<1>
n n

Instead of representation {Y (i) = p1 4+ dlgsmey + €M) Ly<may + €@ () Limmay, i =
1,...,n}, we can write
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and an analogous calculation gives

and putting these two results together gives for L — oo

LZ(\/_Z (Kl+ k) — )2

=D, +Kd2< <\/‘d‘2Km1n m n_m)>—|—0(1)

> Dy +o0(1) a.s.,
which is (A.14) for {Y'(-)}.

Now we prove that (A.13) holds almost surely for {Y(-)}. Using equations (5.19) and
(5.22) we get

1 L-1 1 K
- — Y(Kl+j)-Y,
le:;k_é?.?ﬁ_l \/Ej_;ﬂ( (Kl+j) = Ya)

N -
+ (m ) WVE ]!
..... n

* _ x\ 4 o *
+<"_m> \ﬁﬁﬁw@&(u) R
n n

n

< D—i—K2al4ﬂ a.s.
n
As above we get using the representation {Y (i) = (1 +d) — d 1z + € (1) Liz<may +
€@ (i) Lismey
4

<D+K2* ™
n

a.s.,

VLFZ Y(Kl+j)—Y,

=U,...,

which gives
\/_ Z (Kl +7) -7,

j=k+1
*)

Ty

n—m*

<D+ K*d* min(

n
<D; a.s.
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For the proof of the alternative (ii) we distinguish two main cases K d? = O(1) and
KLd% = O(1). The first one is included in (i), so let us assume that =5 = O(1). We
choose the scores a, (i) := Y (i)/vd? K. Without loss of generality assume again p; = 0.
Similarly as in the case (i) we have

= | X 2 | LK 2 1
— — Y(KI+k)-Y, = Y(KI+Ek - Y.
1=0 k=1 1=0 \k=1
Using equation (5.21) for e = L 5™ e (j) and @ = L5 @) inY, =

d n—nm* + mT*e(l) + "*Tm*e@) we obtain

1?2 n—m* 2+1 m* 2—1)2+1 n—m* 2W2
Y, = — e — e
d? n d2\ n d? n

2 (n—m"m

- dVK n? n
2 (n—m*)m* — ==
+ e - VK eOVEK e®
o\ 2
n—m
= 1 .S.
( " ) +o(1) a.s

Furthermore equation (5.21) yields as L — oo

L-1 [/ K 2
1
FRIL > <Z(d Lk komey + (Kl + k)))
=0 k

=1

| L/ 2
Z EKL Z <Z dl{Kl+’f>m*}>
1=0 \k=1
5 Lol /K K
e 3 (S0 ) (S etht )
=0 \j=1 k=1
n—m*
= 1
- +o(1) a.s.,

since
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and
L K
d2K2 Z (Zdl{]{l+]>m*}> (Ze (Kl+ k) >

=0 J=1 1
! l i WK+ k)| + ! 1 i eW ()

B \/_|d| n —t VK |d] "=k
! l XK: WK + k)| + ! z”: e =0 as.

\/_|d| ” VK on|

> = O(1). Putting everything together,

using equations (5.23), (5.24)
we have as L — oo

K

% - (ﬁ SV (KI+E) - E))
=0 k=1

AV [V
A~
S S
.y
3* 3*
~

|
3 —
3

3|

3*
~_
no

_|_

S

=

o

(Va)

AV

=

=
~/— N 3

v
[
no
—+
)
—
—_
N~—
S
»

which is again the assumption (A.14).

Concerning (A.13), we have using equations (5.21) and (5.19)

K 4

> YKL+ -V,
j=k+1

1
1|l K

.....

n—m

1 — 1 — - 4
+—|er<1>|4+—|VK€<2)|4+(n m) +
n

In the case, where d = d,, follows neither of the above possibilities, we have infinitely
many n with K, d> < 1 and also infinitely many with K, d?> > 1. Then we choose the

scores )
X(2 K,d: <1
wi={ 34 ST

As above, the assumptions of Theorem A.5.1 are fulfilled for both sequences, hence also

for the complete sequence.

]
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5.2 Application

We applied the permutation principle to the occurrences of unusually hot or cold days.
For the details concerning our data we refer to Chapter 2, Figures 17-33 and the applica-
tion part of Chapter 4, where we described the obtained time series of indicators signaling
an event that the standardized value exceeds a certain level. As we mentioned earlier, we
can not assume that our real data form independent series, see Figure 33, but the block
permutation principle provides a technique for studying changes also for strong -mixing
sequences.

We tried several lengths of the block K = 5,10,20,30 giving almost similar results.
Tables 16 and 17 present our results for the length of the block K = 5. We hope that
K =5 is big enough to capture the dependence. According to Section 5.1, we divided the
series into blocks of length K = 5, permuted the blocks randomly 10000 times and for
every permutation the value of 77 5(t) was calculated. Then the (1 — «) 100% empirical
quantile of all 77 5(¢) served as o 100% critical value. The values of the test statistics
T, 5(t) together with the approximate critical values obtained by permutation principle
for exceedances over level 2.5 can be found in Table 17. Table 18 presents the same for
the exceedances under level -2.5.

’ H T 5(t) H 5 % crit.v. H

Brussels over 2.5 15.24 5.66
Cadiz over 2.5 7.55 5.54
Milan over 2.5 7.33 6.15
Padua over 2.5 3.17 6.17
St.Petersburg over 2.5 || 5.98 5.67
Stockholm over 2.5 4.89 5.54
Uppsala over 2.5 3.95 5.79
Prague over 2.5 8.75 5.76

Table 17. Values of T}, 5(¢) together with the corresponding approximate critical values
obtained by permutation principle.
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| | Tps5(t) || 5%crit.v. |

Brussels under -2.5 5.34 5.92
Cadiz under -2.5 3.91 5.49
Milan under -2.5 4.24 5.38
Padua under -2.5 9.03 5.53
St.Petersburg under -2.5 | 8.57 5.59
Stockholm under -2.5 10.74 5.47
Uppsala under -2.5 8.97 5.31
Prague under -2.5 6.69 5.91

Table 18. Values of 17, 5(t) together with the corresponding approximate critical values
obtained by permutation principle.

In the case of unusually hot days we reject the null hypothesis for Brussels, Cadiz, Milan,
St. Petersburg and Prague series, while in the case of unusually cold days we reject the
null hypothesis for Padua, Uppsala, Stockholm St. Petersburg and Prague series.

5.3 Comparison

If we compare the results obtained from the asymptotic theory with the results from
the block permutation tests, see Tables 19 and 20, at the 5% significance level the test
statistics 7),(¢) and T}, 5 rejected the null hypothesis Hy in almost the same cases — red
numbers denote significant values. The only difference is in occurrences of unusually hot
days for Stockholm series.

| | 7o) | Tes(0) |

Brussels over 2.5 11.26 | 15.24
Cadiz over 2.5 5.97 7.55
Milan over 2.5 6.12 7.33
Padua over 2.5 2.67 3.17

St.Petersburg over 2.5 || 4.53 5.98
Stockholm over 2.5 3.85 4.89
Uppsala over 2.5 3.04 3.95
Prague over 2.5 6.82 8.75

Table 19. Results — statistics T),(t), 11 5(t), red numbers denote significant values.
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| | Zu(®) [ Tes(®) |

Brussels under -2.5 3.75 5.34
Cadiz under -2.5 3.10 3.91
Milan under -2.5 3.19 4.24
Padua under -2.5 6.20 9.03
St.Petersburg under -2.5 | 6.16 8.57
Stockholm under -2.5 7.40 10.74
Uppsala under -2.5 6.30 8.97
Prague under -2.5 4.39 6.69

Table 20. Results — statistics T),(t), 11 5(t), red numbers denote significant values.

5.4 Results

In the second part of this thesis we studied one phenomena of weather behavior — oc-
currences of unusually hot, resp. cold days. We were working with long temperature
series, the temperature values measured at subsequent days were strongly correlated, the
correlation coefficients were for all series very close to 0.8. We defined the problem by a
model working with data forming strong-mixing processes and in the fourth chapter we
showed that the asymptotic distribution of the testing statistic 7},(¢) is valid not only for
linear processes but for strong-mixing sequences as well. In the fifth chapter we examined
the behavior of the block permutation statistic 77 x and again the theory was generalized
from linear processes to strong-mixing sequences.

We applied these two methods for the standardized data describing the exceedance over
high, resp. low level characterizing an appearance of unusually warm, resp. cold day,
for more details confer Section 4.2. We showed that both methods give similar results,
rejecting the null hypothesis for the same observatories.

When analyzing the exceedances over the level 2.5, the tests confirm a clear increase
in the Brussels, Cadiz, Milan, St. Petersburg and Prague series with frequencies of these
occurrences three times higher in the second part than before the estimated change, while
the increase in Padua and Uppsala occurrences of unusually hot days was not significant.

For the exceedances under the level -2.5, the tests confirm a clear decrease in the Uppsala,
Padua, St. Petersburg and Stockholm series with frequencies about three times smaller in
the second part than before the estimated change, while the decrease in Brussels, Cadiz
and Milan occurrences of unusually cold days was not significant.

The advantage of the asymptotic method is that it provides the estimated change-point
as well. We might notice two characteristic periods in the estimated date of change — the
end of 19 century the end of 20" century.
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Although our results might suggest confirmation of the hypothesis that the increased
mean of temperature observed since the end of 19" century and a decreasing variability
of temperature series is related to the fact that extremely cold days appear less frequent
and extremal high temperatures become more frequent, we have to admit several problems
which might have influenced our results:

e the number of data. Although we were working with long temperature series, in
fact only about 200, resp. 800 observations satisfy our definition of unusually hot,
resp. cold day.

e a disproportion between the numbers of unusually hot and cold days is caused by a
distinctive negative skewness of minimal temperatures, see Tables 3 and 4.

e heat island effect causing milder winters in city centers.

We hope that in the future the proposed change-point methods should be applied to the
series that are not affected by the heat island effect, that are divided into a summer and
winter periods and a climatologic definition of an unusually hot, resp. cold day should be
taken into account as a day whose mazximum, resp. minimum temperature is within the
lowest 5th centile of the daily temperature series for each observatory and this way we
obtain more reasonable results.
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APPENDIX A

Some useful theorems and
inequalities

A.1 The test statistic for a change-point detection

For detecting change(s) in the behavior of a series, change-point methods may be ap-
plied, especially the methods based on the log-—likelihood ratio became very popular.
The general theory was presented in Csorgé and Horvéth [7] (pages 1-34).

Let X1, X5, ..., X, be a sequence of independent random variables with the distribution
functions F'(z;¢1), ..., F(x; @), respectively, where ¢; are parameters of the distribution
functions such that o, € ® C R fori =1,...,n.

We are interesting in testing the null hypothesis

H()ZgOl:gOQ:...:gDn

versus the alternative

Hy:p=...=0p # Qpy1=...= ©n.

We have then a two-sample problem and we can apply the likelihood ratio test. The null
hypothesis will be rejected for large values of the test statistic

SUP(y r)edx® H1§i§k [(Xi5 ) Hk<z‘§n f(Xs7)

A=
Sup((p)G‘b ngiﬁn f(X“ QO)

We suppose now, that the time of change k is unknown. The null hypothesis and the
alternative have the form:

Hy:pp=ps=...= ¢,
Hy : there exists k€ {0,...,n— 1} such that
V1= ... =P F Ppr1=...= Qp,
where parameters ¢; = ... = @} before the change as well as parameters i1 = ... = @,

are unknown. The null hypothesis will be rejected for large values of the maximally

102
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selected likelihood ratio statistic

SUP(y r)edx® H1§z‘§k F(Xi;0) Hk<i§n J(X;7)
max A, = max i

0<k<n—1 0<k<n—1 SUP(p)ea [ [1<icn f(Xis )

If we denote

Li(p) = Z log f(Xi; ),

1<i<k

Li(p) = ) log f(Xi;¢)

k<i<n

and the true value of the parameters under Hy by ¢, then the logarithm of likelihood
ratio can be written as

log(Ax) = [Li(Pr) + Li(@F) = Ln(@n)],

where @, is the maximum likelihood estimator of parameter ¢y based on the observations
O1, 02, + -+, Pn, Pk 18 the maximum likelihood estimator of parameter ¢, based on the first
k observations, resp. @y is the maximum likelihood estimator of parameter ¢, based on
the last n — k observations.

We reject Hy for large values of the maximum-type statistic

max (2log(Ag)) . (A1)

0<k<n—1

The asymptotic distribution of (maxo<k<n—1 (2 log(Ay)))? is given by Csorgd and Horvéth
theorem.

Theorem A.1.1. (Cso6rg6 and Horvath theorem) Let X, Xo, ..., X, are indepen-
dent random vectors in R™ with the distribution functions F(X; 1), ..., F(x;p,), where
0, €D CRY forall1 <i<n. Let

9(x;y) = log f(x;y),

0x:¥) = Aglx:y)

1

and
(xiy) = 9"g(xy)
e iy - - Oy,
forallx €e R™ andy = (y1,...,ya) € D. The true values of the parameters under Hy are
denoted by .

We assume that
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C.1 Xq,Xy,..., X, have probability densities f(x;¢1),..., f(X;¢,) with respect to v,
where v is a o-finite measure on R™

C.2 F(x;¢) generates distinct measures for p € @

C.3 For each k, 1 < k <n, we can find unique estimators py, oy such that

k
D (X)) =0, 1<i<d,
j=1

> 6ilX;80) =0, 1<i<d

j=k+1

C.4 There is an open interval
Phipg € ® C R containing po such that g;(x;y),9:;(x;y) and g;;r(x;y),1
1,7,k < d, exist and are continuous in'y, for allx € R™ andy € ®

IN

C.5 There are functions My(x) and My(x) such that |g;(x;y)| < Mi(x),|g:;(x;y)]
My(x) and |g; jr(x;y)| < Ma(x) for allx € R™ andy € &g and 1 < i,j,k <
The functions My and My satisfy

<
d.

- M (x)v(dz) < oo

and
E(poMQ (Xl) < 00

C.0 Eygi(Xy;y) =0 forall1 <i<d andy € ¥

C.7 Jij(y) = Eygi(Xi;¥)9;(X13y) = —EBygij(Xusy), 1 < i,j < d, and J™'(y) eaist
and are continuous for all'y € ®y, where J(y) = {Ji;(y),1 < 1,5 < d} is the
information matrix

C.8 var () 9:,;(X1;p0) < 0o foralll <i,j <d

C.9 Ep)|9i,;(Xi;500)[* < 00 for all 1 <i,5 < d with some 1 > 2
Then if Hy and all the necessary regularity conditions C.1 - C.9 hold, we have

1/2
lim P(A(log n) (O<r]£1<ax ) 2log(Ak)> <t+ Dy log(n)) = exp(—2¢ ")

n—oo

for all t, where

A(x) =+/2 logx

Dy(z) =2logx + (d/2) loglog x — logI'(d/2),
where T'(t) is the gamma function defined

and
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Remark A.1.2. If we know the parameters o1 = ... = @ = o before the change and
we do not know the parameters pri1 = ... = @, = @ after the change, the null hypothesis
and the alternative have the form:
Ho:pr=@2=...=¢n= o
H, : there exists k€ {0,...,n—1} such that
1 =... = Pk = Yo,
Opt1=...=@p =@ ,where ¢ # po.

Then the twice log—likelihood ratio has a form

max (2log(A(")) = max 2[Li(3}) - Li(vo)]. (A2)

0<k<n—1 0<k<n—1

The asymptotic distribution under Hy and the assumptions of Theorem A.1.1 of the statis-
tic maxXo<g<n—1 (210g(A,(€0))) is given by

lim P(A(logn) ( max (zlog(A,go)))l/2> <t+ Dy log(n)) — exp(—e?).

n—00 0<k<n—1
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A.2 The extreme value distributions

The extreme value distributions formally arise as limiting distributions for maxima or
minima of a sequence of random variables. We concentrate on maxima, as the results

for minima can be obtained by replacing random variables X, Xs, ..., by their negatives
-Xq,—Xo, ...
Suppose X1, X, ... are independent random variables with a common distribution func-

tion F. The distribution of the maximum M,, = max{X;,..., X, } is
P{M, <z} =P{X; <z ... X, <z}=F"(x).

We denote by
zp =sup{z € R; F(z) < 1}

the right endpoint of F. We obtain for all z < zp,
P{M, <z}=F"(x) -0 as n— oo,
and, in the case rp < oo, we have for x > xp that
P{M, <z} =F"(z)=1.
Thus M,, LA r as n — oo. This fact does not provide a lot of information.

It turns out that we can get interesting results if we renormalize: define scaling con-
stants a,, > 0 and b,, so that

M, —b
P{ugx}:P{Mnganx—l—bn}

Qn

= F"(apx +b,) — H(z) as n — oo,
where H is nondegenerate distribution function.

There are only three types of limiting distribution and these are given by following theo-
rem, which is the basis of classical extreme value theory.

Theorem A.2.1. (Fisher —Tippet theorem) Let X;, Xs,... be i.i.d. random vari-
ables. If there exist norming constants a, > 0 and b, € R and some non-degenerate
distribution function H such that

M. —
P{n—bngm}ﬁﬂ,

G
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then H belongs to the type of one following three distribution functions:

Fréchet . ®,(z) =0, for <0
= exp{—x~"}, for ©>0, a>0
Weibull : V. (z) =exp{—(—z)*}, for <0 a>0
=1, for x>0,
Gumbel :  A(x) = exp{—e "}, for xeR.

The three types of extreme value distributions may be combined into a single family
known as the generalized extreme value distribution (abbreviated to GEV) given by

H(Jc;,u,w,é)—exp{—(1—1—{90;—#)_5} Pp>0,peREER (A.3)

defined on the region for which 1+ {(x — p)/¢ > 0. In (A.3), u is a location parameter,
1 is a scale parameter and £ is a shape parameter. The case & > 0 is the Fréchet type
with o = 1/€, the case £ < 0 is the Weibull type with « = —1/¢, while the case £ = 0 is
the Gumbel distribution as a result from following limit

lim H (w5 1,0, €) = exp{—exp (—x:ﬁﬂ)}

For the GEV, the density h(x; u,v,&) is obtained by differentiating (A.3) with a respect

to x 1 B
h(x;u,w,£)=%<1+£x;/$> 5 exp{—<1+5xi—“) 5}, (A.4)

provided 1 + &(x — u)/¢ > 0. Here are a few basic properties of the GEV distribution.
The mean exists if £ < 1 and the variance if £ < %; more generally the k’th moment exists
if £ < % The mean and the variance are given by

= B(X) = p+ LT - ) — 1, £<1.
G
2
o = B(X - ) = 5T - 20) - T*(1 - 9), £<y,

where I'(+) is the Gamma function. In the limiting case £ — 0, these reduce to

wQﬂ_Q

6 Y

= pt+Yy, pe =

where ~ is Euler’s constant.
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A.3 Limit theorems

Theorem A.3.1. (Smith) In general we assume 0 is real-valued and (a, 3) € ® C R
Let (0, v, Bo) denote the true values of (0, «,3). The maximum likelihood estimator,
when it exists, will be denoted by (0, a, 3). The probability density is of the form

f@:0,0,8) = (x = 0)*g(z — 00, 8) (0 <z <o0)

Assume conditions

and

E{ﬁlogwxi; o)) 108 (X;5 )}

892 10g(f(Xz‘; ©0))},

Mo = 108 (f(Xi: o)) Tog(F(Xe: 90)))

— —E{a—2 log(f(Xs; ©o))},

Mpp = {—log( f(X5 <P0))aaﬁ log(f(Xi; wo))}

82
— _E{a_ﬁ2

Mas = mag = BLSS108(F(X;5 o)) - og(f (X 20)))
- {aja los(F(X:: o)},

mas = mag = B2 log(F(X;: ¢o>>%1og<f<xi; 20)))
62

9003 log(f(Xi; vo))},

log(f(Xi; ¢o))},

_—

s = Mo = B Tog((X;5 ) ToB( £ o)}

ap
log(f(Xi; wo))}-

2

=k {aaaﬁ

are satisfied, and moreover assume
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e All second order partial derivatives of g(z;0,«, 3) exist and are continuous in 0 <
r < oo, (a,8) € . Moreover c(a, 8) = a~lim, o g(z; , B) exists, is positive and
finite for each (o, B), and is twice continuously differentiable as a function of («, 3).

o If h(z; o, B) is any of 325 log g(x; 0, B), 3255 log g(w; a, B), 225 log g(w; v, B),
%logg(x;a,ﬁ), 88—;2 log g(x;a, B). Then as 0 — 0y, o — ap, 5 — Bo,
E0|h(X - 8) Oé7ﬁ) - h<X - 90) aOJ/BO)l - 07

where Ey is expectation with respect to f(.;60y, ap, Po). If a(ag, Bo) > 2, we require
the same of z(x,, 3) = 6‘9—; log g(z; o, 3).

(] FOT each € > 07 (5 > O, ther@ exists a function h€7§ Such that
| 2 : 1 ( )| < ‘ h ( )

og g(z; o, B + hes(y, o, 3

) ga9\T; &, .1'2 S\Y, O, Po

whenever | — ag| < 6, |8 — Bo| < 0, |z —y| <9, and hes satisfies

A h6,5(x70407/60)f<x; 0,0éo,ﬁ0> < 0.

Suppose a > 1, M is strictly positive-definite. Then there exist a sequence (gk, akﬁk) of
solutions to the likelthood equations such that

O — 0o = O,(k2) @k — ap = O,(k

N
N

) Bk — Bo = Op(k?).

Theorem A.3.2. (Marcinkiewicz —Zygmund law) Let X, Xy, ... be i.i.d. Let 0 <
r < 2. FEstablish the equivalence

n

1
E|\X|" <oo if and only if — Z(Xk —c¢)— 0 a.s. for some c.

nrop—q

If so, then c = EX when 1 < r < 2, while ¢ is arbitrary when 0 < r < 1.

Theorem A.3.3. (Law of the Iterated Logarithm) Let X, Xy, ... be i.i.d. Consider
the partial sums S, = X1+ --- + X,,.

If EX =0 and 0> = Var|X| < co, then

Sy S

lim sup =1 a.s. while liminf =—-1 a.s.

nooo 0y/2nloglogn n—oco ogv/2nlognlogn

Theorem A.3.4. Let X, X1, X5,... bei.i.d. Then

. L, 1
E|X| <oo ifand only if - 1%?2%')(’“‘ —0 as.
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Lemma A.3.5. Let h be a continuously differentiable real-valued function of p+1 variables
and let H denote the gradient vector of h. Suppose that the scalar product of x and H(z)

is negative whenever |x| = 1. Then h has a local mazimum, at which H = 0, for some
lz] < 1.
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A.4 Strong-mixing sequences

Definition A.4.1. Let
s 75*17507517' .

be a strictly stationary sequence of random variables defined on a probability space (2, B, P).

For a < b, define M® as the o-field generated by the random variables &,, . .., &; define

M as the o-field generated by the random variables . .., &,—1,&.; and define MS° as the

o-field generated by the random variables &,,&qy1, - ... The sequence {&,,n € Z} is said to

satisfy strong-mizing condition if there erists a sequence of real numbers a(n) satisfying
lim a(n) =0

such that
|P(AN B) — P(A)P(B)| < a(n)

forall A e M*_ and B € M, and all k,n > 1.

Before we start with listing properties of strong-mixing sequences, we introduce conditions
for linear processes to be strong-mixing, see Withers [27].

[e.e]

Lemma A.4.2. Let Z; be independent random variables on R with characteristic func-
tions ¢; such that

K = (2m) max / 16:(8)|dt < oo (A.5)

and
v =maxE|Z;|’ < oo for some &> 0. (A.6)
j

Let g; be complex numbers such that
Gy = Sy(min(1,6))™>3) 50 as ¢ — oo, (A.7)
where

Si5) =3 lg. " (A8)

Then for all t, X,; = Z?:o 9;Zy—j converges in probability to a random variable X, as
n — 00. Suppose

8 S
My= sup supmax|—P |W+ve UDj < 0, (A.9)
m,s,k>1 a,B,v t th 1
where
D; = Xf:km_l(ajt, ﬁjt)a V=V Vktm—1)
W = (Wk7 ey Wk—‘rm—l)a Wt - Xt—l,t'
Then for X,

a(k) <2(4My + v)ag(k), where ap(k) = i Gi. (A.10)
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As an application, consider the general A.R.M.A. process, written as

H(l — Py U) X = fq(U) Zt,

where U x; = x;_1, fq(z) = Z?:o bz

Corollary A.4.3. Ifthe A.R.M.A. process X; satisfies (A.5), (A.6), (A.9) and condition

r:m%ulx\pj] <1 (A.11)
]:

then for all o > r, a(k) = O(r)*) where X = 6(1 + §)~L.
Following lemmas summarize moment inequalities for strong-mixing processes.

Lemma A.4.4. Let & and n be two random variables measurable F and G respectively.
Let rys,t > 1 withr™' + s+t = 1. If ||¢]||s < o0 and ||n]|; < oo then

[E{&n} — E{SIE{n}| < 10(p(FG)) " [IE]Lsllm]

Moreover, if ||€|| < 00 and ||n]]e < 0o then

[E{&n} — E{EFE{n}] < 4p(FG)|[¢] oo [l

Here
p(F.G) = sup|P(AB) — P(A)P(B)|

the supremum being extended over all A € F and B € G.

Corollary A.4.5. If £ is measurable M" . and ||€||o < 00, and if n is measurable M,
(k> 0) and ||n]|e < 00 there exists a constant M, such as

[E{¢n} — E{EIE{n}| < M a(k).

As a consequence of a previous corollary is also a following result dealing with the sums
of strong-mixing sequences.
Let &, is stationary, bounded, strong-mixing sequence of random variables. Let

Sp=6+&+ ...+
and Sy = 0.
Corollary A.4.6. If & is bounded by C' and E§y = 0, and if > a(i) < oo, then
ES! < K,C*'n?
where K, depends on « alone.

Proof. Can be found in [24]. O
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The following theorem gives moment inequalities for the maximum of partial sums as well
as a convergency rate in the strong law of large numbers, see Kirch [20] and Serfling [25].

Theorem A.4.7. Let {Y(i),i € Z} be a strictly stationary sequence with EY (i) = 0,
1 € 7. Assume there are 0, A > 0 with

ElY(@)* 2 <D, foral icZ
and there is a sequence a(k) with (k) < a(k),k € N, and

Z(k+1)6/2a(k)A/(2+6+A) < D2(5,A),
k=0

where oy, is the corresponding mizing coefficient. Then it holds

a)
!
E(;l}fy?fn >.Y0)
j=1
where D only depends on 0 and the joint distribution of the Y (7).

b)

246
) < Dp@+0)/2,

1
n nl/2

2_Y0)

A main tool in the change-point analysis is to make use of an invariance principle. We
present an almost sure invariance principle for sums of d—dimensional random vectors
satisfying strong-mixing condition (for details we refer to Kuelbs and Philipp [21].)

1 1/(2496) 1 1 2/(2+96)
_ O(( ogn) (loglogn) s,

Theorem A.4.8. Let {&,,n < 1} be in a weak sense stationary sequence of R%-valued
random vectors, centered at expectations and having (2 4+ §)th moments with 0 < § < 1,
uniformly bounded by 1. Suppose that {,,n < 1} satisfies a strong-mixing condition with

a(n) <« n~IHIUF2/0) 5

Write
gn = (51117 cee 7£nd)'

Then the two series in
Vij = B&uikyy + Z E&1i€k; + Z E&ki&i; (A.12)
£>2 E>2

converge absolutely. Denote the matriz ((7v;;))(1 < 4,7 < d) by I'. Then we can redefine
the sequence {&,,n < 1} on a new probability space together with Brownian motion X (t)
with covariance matriz I' such that

Zﬁn —X(t) <t g

n<t

for some A > 0 depending on €, and d only.
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The symbol < denotes that the left-hand side is bounded by an unspecified constant
times the right-hand side; in the other words, the < symbol is used instead of the O
notation.

Remark A.4.9. Specially for d = 1 and a sequence of random variables {X,,n < 1}
satisfying conditions of Theorem A.4.8 with EX,, =0, 0% = EX? we obtain in relation

(A.12)
o’ =o% (1—1—22,0(2’)) :

=1
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A.5 Rank statistics

The asymptotics for the rank statistic is the main tool to derive the validity of the block
permutation method. For more details and proofs we refer to Huskové [15], Antoch and
Huskov4 [2] and Kirch [20].

Let (Xy,...,X,) be iid. random variables with common continuous distribution func-
tion F' and let (Ry,..., R,) be the corresponding ranks. Consider the simple linear rank
statistic

Se(@) =Y (an(R)—@n), k=1,..n,

=1

where a,(1),...,a,(n) are scores satisfying:
1 n

lim inf — (Ri) —a,)|" <D A.13

it Dl () @)l < D (A.13)
for some v > 2 and

. RS 2

1 - (R — @) > Dy, A14

a3 (0 (R) )l = D (A14)

where @,, = %22;1 a,(i) and Dy, Dy > 0 are some constants.

The main theorem for ranks statistics states:

Theorem A.5.1. Let (Xi,...,X,) be i.i.d. random variables with common distribution
functions F. Let assumptions (A.13), (A.14) are satisfied. Then, as n — oo, it holds for
allt € R

Tim P(A(logn) max { - (n”_ 5 anl(a)|5’“<a)‘} ~ D(logn) < t) —exp(=2¢Y) as.,

1<k<n

where

A(z) = /2 log z,

1 1
D(xz) =2logx + éloglogx— §log7r,

72a) = —= 3 (anli) ~ 7)*.
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