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SPATTAL EXTREMES: MODELS FOR THE STATIONARY CASE

By LAURENS DE HAAN' AND TERESA T. PEREIRA?
Erasmus University and University of Lisbon

The aim of this paper is to provide models for spatial extremes
in the case of stationarity. The spatial dependence at extreme levels
of a stationary process is modeled using an extension of the theory of
max-stable processes of de Haan and Pickands [Probab. Theory Re-
lated Fields 72 (1986) 477-492]. We propose three one-dimensional
and three two-dimensional models. These models depend on just one
parameter or a few parameters that measure the strength of tail de-
pendence as a function of the distance between locations. We also
propose two estimators for this parameter and prove consistency un-
der domain of attraction conditions and asymptotic normality under
appropriate extra conditions.

1. Introduction. The paper develops a framework as well as concrete
models for statistics of spatial extremes which are sufficiently simple to be
used in applications. Only the case of stationary processes is considered
and the dependence structure will be represented by one parameter or a
few parameters. Instead of developing more complicated models we aim at
developing several simple models with somewhat different features.

For simplicity of exposition and in order to stay close to the existing
literature we shall start discussing processes which are defined on R rather
than R2. After that we discuss stationary processes in R2.

The setting is as follows. Consider independent replications of a stochastic
process with continuous sample paths
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n=1,2,.... Suppose that the process is in the domain of attraction of a max-
stable process, that is, there are sequences of continuous functions a, > 0
and b,, such that as n — oo

(1.1) { max1<i<2i<(z~t()t) —b,(t) }

in C-space. Necessary and sufficient conditions have been given by de Haan
and Lin [4]. The limit process {Z(¢)} is a max-stable process. Without loss
of generality we can assume that the marginal distributions of Z can be
written as

BAZ(t)}er
teR

exp{—(1+~(t)x)"/7"}

for all x with 14 ~(¢)x > 0 where the function v is continuous. For the time
being we shall discuss the standardized process, called simple max-stable,

{Z(t) her == {1+ 1) Z()Y "D}, g,

whose marginal distribution functions are all Fréchet: exp(—1/z), x > 0.

{Z(t)} is a simple max-stable process. We assume that {Z(t)} is a sta-
tionary process. The theory of de Haan and Pickands [5] applies. According
to Theorem 6.1 of that paper the process is determined by a nonnegative
Ly function and a group of linear L, isometries. However, since we aim at
manageable models, we shall restrict ourselves to the subclass of stationary
max-stable processes which is discussed on pages 490-491 of [5], the one of
moving maximum processes. The process is defined as follows.

Let ¢ be a unimodal continuous probability density on the real line and
let {X;,Y;};>1 be the points of a homogeneous Poisson process on R x R ..
The process is defined as a functional of the Poisson process as follows:

P(X; —t)

J

Z(t) := max for t e R.

Jj=1

It is easy to check directly that this process is stationary and simple max-

stable. The almost sure continuity of the process follows from [1]. We think

of t as a space parameter, not a time parameter. Note that for ¢1,t9,...,t4 €
R and x1,x9,...,24 >0 (cf. [5]),

+oo s—t
P{Z(tl)§x1,...,Z(td)§xd}:exp{—/ max Mds}.
z;

oo 1<i<d

However, this is not yet sufficiently simple for applications. We shall con-
sider three specific examples depending on just one parameter. For ¢ we
choose the normal density

(1.2) \/i_wexp{—ﬁ?}
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the double exponential density

g
(1.3) 5 exp{—0lzl}
and the t-density

BU(+1)/2) f, | B

(1.4) {1 + }
Vrvl(v/2) v

where (3 is a positive constant. The constant § measures the strength of tail

dependence. We shall see that in all cases small values of 3 point at strong

dependence and large values of 5 point at weak dependence. However, the

dependence does not decrease at the same rate in all cases.

As it should be for spatial models, the tail dependence between Z(0) and
Z(t) decreases monotonically and continuously with |¢|. In particular, when
|t| — oo, the random variables Z(0) and Z(t) become independent.

The same happens for fixed ¢ when varying (: as 0 | 0 the process be-
comes a.s. constant and as § — oo Z(0) and Z(t) become independent (cf.
propositions below). The dependence decreases monotonically as (3 increases.

Next we extend the definition to processes on R?, that is, to random fields.
It is readily seen that the theory of de Haan and Pickands [5] remains valid if
the underlying Poisson process is based on R? x R, rather than R x R,. So
we consider a unimodal (i.e., nonincreasing in each direction starting from
the mode) continuous probability density ¢ on R?. Let {X;, W;,Y;},;>1 be
the points of a homogeneous Poisson point process on R? x R . The process
defined by

, with v a positive integer,

Z(t1,ts) := max O =t Wy~ o)

2
nas Y] for (tl,tg) eR

is easily seen to be stationary and simple max-stable. The a.s. continuity of
the process follows from an extension of the arguments in [1].
The specific models we consider are analogous to the ones in the one-
dimensional situation:
Ea { p(tF +t%>}
1.5 t1,ty) = —expy ———==
(1.5) P(t1,t2) 5 €XP 5

(we call this the normal model),

2

(1.6 8(t1,12) = 2 exp (=11 + 1)}
(we call this the exponential model) and

oy B+ 1) }‘“

(1.7) (Zﬁ(tl,tg):%{l-l- 2(04—1) a>1
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(we call this the t-model), for 5 > 0. Finally we consider the general normal
model

(1.8) @(t1,t2) = el P{ !

/T ex —m[ﬁ%t% — 2pPh Batats + ﬁ%t%]},
where p is the correlation coefficient (—1 < p < 1), for g1, 32 > 0.

The paper is organized as follows. The two-dimensional distributions of
the process are derived for the mentioned models in Section 2. Those are suf-
ficient for the estimation theory developed in Section 3. The two-dimensional
marginal distribution for the normal model was derived earlier by Smith in
an unpublished paper [14]. Higher-dimensional marginal distributions do not
seem easy to calculate explicitly.

In Section 3 we are mainly concerned with estimating the dependence
parameter § on the basis of observations at finitely many locations from a
stationary stochastic process in the domain of attraction of the max-stable
process. In all the models there is a simple relation between 8 and a well-
known dependence coefficient for two-dimensional extremes,

A= 13%115—113{1 — Fi(X1) <tand 1 — Fy(Xs) <t},

where (X7, X5) has a distribution function F' which is in the domain of
attraction of some extreme-value distribution (F; and Fh are the marginal
distribution functions).

The coefficient A € [0,1] is related to the general framework of multidi-
mensional extremes in the following way. If

nh—{%o Fn(anx + bny cny + dn) = G(l’, y)a
where the two marginals of G are of the form exp{—(1 —i—’y,-a:);l/%},z‘ =1,2,
then

ltill(r)lt_lP{l — Fi(X1) <tz or1— Fy(Xs) <ty}

M _1 -1
:—logG<x ,y )

M "2
=: L(z,y)
and
ltifélt_lp{l — F1(X1) <tz and 1 — F5(Xy) <ty}
=x+y— L(z,y) = R(x,y).
Then A= R(1,1).
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D. Mason and X. Huang (see [9]) proved consistency and asymptotic nor-
mality for a natural estimator R(x,y) of R(x,y). We use this for estimating
A= R(1,1). This result leads to a consistent asymptotically normal estima-
tor of 3 based on observations taken at just two sites, ¢; and ¢;. In general
observations are available at sites t1,ts,...,tq (i.e., finitely many). One of
our estimators of 3 is the average of J-estimators based on the various pairs
of sites. Consistency and asymptotic normality follow.

The theory we develop can be used to solve some common problems in
spatial extremes. One is an extrapolation problem: it consists of estimating
the extremal behavior of a process X (t) at a site ¢y where no observations
are available based on repeated observations of the process at d different
space points t1,to,...,tq. Another problem refers to the extreme values of
the (unobserved) aggregate process [ X (t) dt over a space region S assuming
that the process has been discretely observed at a number of space points
in S. Similarly one can look at the tail behavior of sup,cg X (%).

In order to attack those problems, the estimation of § has to be com-
plemented by estimation of local parameters: the extreme-value index, the
scale and the location. The latter objects are not needed for the estimation
of B but only for the application.

The proposed models are quite simple examples of the representation in
[5], which is valid for all stationary max-stable processes. It seems that the
full model is not easily applicable: how does one estimate the initial non-
negative L; function and a general group of transformations? Moreover the
representation is not unique. Instead we have tried to look at simpler mod-
els which can be analyzed mathematically. We hope that providing several
simple models with quite different features will widen the scope for applica-
tions. Later we want to consider somewhat more general parametric groups
of transformations.

The validity of the model in applications can be checked with the following
steps: estimate [ as outlined in Section 3, estimate R(1,1) for each pair of
sites using the relation in Corollary 3.2 and check if this estimate of R(1,1)
is similar to the direct estimate using Proposition 3.2. We have not done
this yet.

2. Marginal distributions for the two models, and in R and R%. We find
the two-dimensional marginal distributions for all the models introduced in
Section 1. Note that in this section, different from other sections, for sim-
plicity and without loss of generality we consider the standardized process
Z, not Z. First we consider the processes on the line, next the ones on R2.

ProrosITION 2.1.  Fort € R and the exponential model, for wi,ws > 0,

—log P{Z(0) < w1, Z(t) <wsa}
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00 —Bls|  g—Bls—t|
(2.1) = é/ max{e , c }ds
2 —00 w1 w2
1

—, for 0 < wo <e‘mt|w1,

w2

1 1 —Blt|/2

(22) = JE— _|_ - — € , for 6_’6|t‘w1 S w9 < eﬁ't‘wl’

wp W2y Wwiw2

1

—, for wg > Pty

w1

arctan (e?lt) ;
:/ ma}({{smﬁ’cos@}s(e)ah9

rctan (e~ AlItl) wy w2

1 e Bltl 1 1 1 e Bl
+ — max ,— ¢+ -maxqy —, R
2 { wp w2 } 2 { }

(2.3)

where the spectral density s is given by

—Btl/2
(2.4) (9)26 1 (sin 6 cos 0) /2

and where the dependence function x is given by

—s, 0<s<e M,
X(S) = _e—ﬁ\t|/2\/§, e_ﬁm <s< eﬁm’ s> 0.
—1, s> el

REMARK 2.1. Formula (2.1) follows directly from [5] and (2.3) reveals
the spectral measure, which has a density on the interval (arctan(e #),
arctan(e”l*)) and atoms of size \/1+e=28ltl/2 at each of the two bound-

ary points of that interval. The last characterization (2.4) is in the spirit of
Sibuya [13] and Pickands [11].

PROOF OF PROPOSITION 2.1. The integrand of (2.1) is gefizfﬂ if
—Bls—t| —Bls| .
ETQ ewl , that is, if
1 w1
2.5 s—tl—|s|<=lo (—)
e0 ot~ Is] < § 1og (2

Since the joint distributions of (Z(0), Z(t)) and (Z(0), Z(—t)) are the same
we proceed as if ¢ is positive. The left-hand side is t for s <0, t — 2s for
0<s<tand —t for s >t. Hence if %log(g—;) > ¢, then inequality (2.5)

holds for all s and we get the first line of (2.2). Similarly, if %log (5) <—t,
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we get the last line of (2.2). Next suppose —t < = log( ) < t. In this case
(2.5) becomes

wy
t—28<—10 ( )
B s wo

t w1
LAY
73723 <w2>

Hence the integrand over this interval becomes

that is,

B [ e Bls—t| 1 B [t/2=1/(2B)log (wi/w2) Bls—1)
5 ds=——7 ds
t/2—1/(28) log (w1 /w2) W2 w2 J-c w9
_ L s s (172108 (wn fws)
wo  2wsg
1 1eBlt/2

w9 2,/uqua'

This in combination with the integral stemming from the case
. m \

e—Bls—t|
w2

<

gives the second line of (2.2).

To check the equivalence of (2.2) and (2.3) for e At < < A it suffices
to see that the density of (2.2), after transformation to the polar coordinates
r = /w?+w? and 0 = arctan e, s r~35(0) (cf. the construction of the

spectral measure in [6]). For (wq,ws) outside this range just evaluate the
integral in (2.3). O

REMARK 2.2. The parameter § controls the dependence: if 3 — oo, the

spectral density s(#) goes to zero and the spectral measure is concentrated at
the points {0, 5 }. This means that X (0) and X (t) are independent. If 3 | 0,
the spectral measure concentrates on {7 }. This means that X (0) = X (¢) a.s.

PROPOSITION 2.2.  For t € R and the normal model, for wi,ws >0,
—log P{Z(0) < w1, Z(t) < wa}

Bl 1 e 1

(2:6) _wlq)( 2 +5’t’1 >+w2®( 2 +5W1 )
/2 sinf cos6

(2.7) =, max{w—l, s }s(Q)dG,

where the spectral density s is given by

. 1 1 1_ 1 |t|5 L
s(0):= Bt SinHCOSG{COSH (2 232 ln(tan@))cp( * |t|3 ln(tan@))
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1 /1 1 e 1
with p(u) = @' (u);

(2.8) :i+i+ix<%),

where the dependence function x is given by

X(s):—s{)(—#—ﬁ n3>—¢<—¥+#lns), s> 0.

REMARK 2.3. Again the parameter § controls the dependence: if § —
00, the variables Z(0) and Z(t) become independent; if 5 | 0, we get Z(0) =
Z(t) a.s.

REMARK 2.4. This distribution function has been obtained in a number
of ways in the literature. Eddy [7] found it when studying convex hulls of
samples. Hiisler and Reiss [10] obtained the distribution as the limit distri-
bution of the componentwise maxima in a triangular array where the dis-
tribution of the nth array is the two-dimensional normal distribution with
correlation coefficient p(n) such that lim, . (1 — p(n))logn exists. A re-
lated reference is [2]. In [14] Smith developed the distribution in the same
way as it is done here. The distribution is mentioned in [3] and [12]. Falk,
Hiisler and Reiss [8] obtained the distribution as the pointwise maximum
of independent Brownian motions shifted by an amount corresponding to
points of a Poisson point process. Another way of obtaining the distribution
is

—log P{Z(0) < w1, Z(t) < ws}

1 1
:Emax{—,—exp(Nﬂt—62t2/2)}, teR,
w1 Wy

where N is a standard normal random variable.

PROOF OF PROPOSITION 2.2. Clearly the distribution depends only on
|t|. So we consider ¢ > 0 only:

B3 oo e~ BPu? /2 —f*(u—t)?/2

—log P{Z(0) <w,Z(t) <w :—/ maX{ , }du.
gPLZ(0) <wy, Z(t) Swop = —= [ o s

o222 > e—B2u—t)2/2
w1 =

Now if and only if fu < % + % In g—f, hence

—log P{Z(0) < w1, Z(t) <ws}
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1 1 Bt/2+(1/8t) Inwz /w1
= == e
w1 v/ 27T —00

1 1 0
- e—(u—ﬁt)z/Q du
w2 /27 JBt/2+(1/8t) Inwa fwy

“wt(z i) sl e i)}

Hence the first part of the result. In order to obtain the second result note
that

7‘_38(9) = (—

—u?/2 gy,

2

[~ log PZ(0) < wn, Z(t) < u2}))

8’(01 8’(02 w1=rcos O, wa=rsin 0

(cf. the construction of the spectral measure in [6]). O

PRrROPOSITION 2.3. Fort € R and the t-model, for wy,wy >0,
—log P{Z(0) <wy, Z(t) <ws}

1
-, 0 <wy <by, /2 Wi,
T 1
w_lpl,l/(ﬁvtax) + w_2(1 _p2,u(ﬁ7t7$))7
b2 (v+1)/2 w1 < wgo < wi,
2 t
w 2
1 1
— (1= t — t
wl( pl,u(ﬁy ,a;)) + w2p2,u(67 71')7
wp <wgy < bl (V+1)/2w1,
1 (v41)/2
il >b,
w17 'lU2 - 171/ w ’
where
2t2 t 2t2
=14 20 D0y O

v v

%t Bt 2t2
b, _1+6 LB 6

\/_

pl,u(ﬁatax):P{ Ty,l_ 1—3) \/—}
Otx

P2, (3.t ) :P{ Tu1— 11— <p W 52}
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Ty1 is a random variable with a Student t-distribution with v degrees of
freedom and scale parameter 1 and x = (lw”—;)z/ (V+1);

1 1 1 w
(2.10) =— 4+ —+ —x(—z),
w1 w9 w9 w1
where the dependence function x is given by
-8, 0<s< b££”+1)/2,
Sp17l/(57 ta 3_2/(V+1)) —S5— p27l/(/87 t7 3_2/(V+1))7
b2—(u+1)/2 cs<1
x(s) = —2/(v+1) 2/wi) -
_Spl,l/(/gatﬂg )_1+p2,l/(57t73 )7
1<s Sbl_,,(ju+l)/2a
] 5> bl—(u+1)/2
9 R )

s> 0.

REMARK 2.5. The spectral measure corresponding to (2.9) is concen-
trated on [b;l(,uﬂ)ﬂ, bi,(jy+l)/2], having a density on (62—71(}&1)/27 bi,(ju+1)/2) and
atoms at each of the boundary points of the interval.

PROOF OF PROPOSITION 2.3.

—log P{Z(0) < w1, Z(t) <ws}

_ v+ 1)/2)
VAT()?)
oo 2,2/, \—(v+1)/2 2(u—t)? )~ D/2
x/ maX{(1+ﬁu/V) ’(1+5(u t)°/v) }du.
Now U /TCT0R o (Lt o) W02 i and only if (1 o)u® — 2t >
_O_Em)r” — t2. This is equivalent to
t 2 xt? v
. B > 1-z)2 B2
(2.11) (u 1—a:> (=) B

if 0 <z <1 and to the reversed inequality if > 1. Hence if 0 <z < by ,,, then
(2.11) holds for all v and we get the last line of (2.9). Similarly if > by ,,, we
get the first line of (2.9). In the case by, < x <1 condition (2.11) becomes

xt? v

V-2

t
1—x

u
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that is,

- t N xt? v - t xt? v
u —— or u - - —.
“1l-z (1—-=z)2 p? “l1-z 1-=xz)2 p3?

Hence the integral over this interval becomes

BL((v+1)/2) /t/l 2) /o] —0P—v]B (1 4 B2 /1)~ (D)2

du

VL (v/2) ) w
pr((v+1)/2) / (1+ B2u? /)~ (wtD)/2 "
VAL (v/2) Jiya-a) B wy

1 Bt xt? v
(e )

Gt xt? v
“‘F”J(m*ﬁ (1_@2—@)}'

This, in combination with the integral stemming from the case
2.2/ \—(v+1)/2 2 —(v+1)/2
(1+5%u /V) GNP (2wt ) D) , gives the fourth line of (2.9). Simi-

w2
larly in the case 1 < x < by, we get the second line of (2.9). Note that in the
case x = 1, (HF/v) GO 0 %)) i and only if u < /2 for

t>0and u>t/2 for t <O0. Hence we get for (2.9) %P{Tml <plt|/2}. O

Next we move to the two-dimensional models.

PROPOSITION 2.4. For t = (t1,t2) € R? and the exponential model, for
wi,ws >0,

_1OgP{Z( )<1U1,Z(t1,t2)§ZU2}

1
o’ (wr,wa) € Ay,
SRR S S (T B V2 ) L1 el T 1111(%)]
w1 w2 A/ W1W9 L 4 4 w2 ’
(it |(?T))17w2)€z42,
1 1 1 _ [ min tl tQ
212 = —Btl+i])/2 |1 7’}7
( ) == w1 + w2 \/We L +6 2
] (w1, we) € As,
LU sumitenefy g glal el lln<%)]
w1 w9 £/ W1wW9 L 4 4 w1 ’
. (w1, wa) € Ay,
) (w17w2) €A57
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() g () < (il + 12D }

(wr, ) =(ta] +lt2) < g (52 ) <[l Al = 2]V el

Ay ={(wr,w0): 1] A lea] =[] It < 1 (S ) <[] v el = 1] A ol

(wrvwa): 1]V It = ] A ol < 5 (2] < e+ el

A= {(wl,wz) El <w2> > [t1] + |752|}

Proor. We work out the integral as in the one-dimensional case on
the areas of u defined by |uy — t1| + |ug — to| — |uy| — |ug| = % I (). It is
convenient, similarly to the one-dimensional case, to consider separately the
nine areas defined by the position of w1 with respect to 0 and ¢; and by the
position of us with respect to 0 and t5. So, for example, if 0 < t; < tg, we
can write

[up —t1] + [ug —to| — |u1| — uz|

—t1 — 12, if w1 > t1 and ug > to,

—2ug +to —t1, if up >t and 0 < wug < to,

to —t1, if uy > t7 and ug <0,

—2uy +t1 — tg, if 0 <wup <ty and ug > to,

=1 —2uj; — 2ug +t1 + to, if 0<uj <ty and 0 <wuo < to,

—2uq + 11 + to, if 0 <wup <ty and ug <0,

t1 — to, if u1 <0 and wuo > to,

—2ug +to +t1, if u1 <0 and 0 < uo < to,

t1 + to, if u1 <0 and uy < 0.

The calculations are complicated but not difficult. O

PROPOSITION 2.5. For t = (t1,t2) € R? and the normal model, we have
for wy, we >0,
—logP{Z(0,0) < w1, Z(tl,tg) < ’wg}
kg 1 U)2> <|t|ﬁ 1 w1>
_—<I><—+—1 wa) L0, 1,1
w 68 wr) " w LR

that is, it is the same as in the one-dimensional case with |t| replaced by |t|.

(2.13)
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e—62ul?/2 > e—B2lu—t|2/2 i
w1 - w2

and only if ﬁ% < # + ﬁ log 2. Next note that if the vector (U1,U3)

has a standard two-dimensional normal distribution, % is also stan-

PROOF. As in the one-dimensional case. Now

dard normal. The rest of the proof is as in the one-dimensional case. [

PROPOSITION 2.6. For t = (t,t2) € R? and the t-model, for wy,ws >0,

_lOgP{Z(()?O) < 'UJl,Z(tl,tQ) < 'UJQ}
1
— 0<wy<by&
w27 w2 2’aw17
1 1
—P{(T1,T) € Ao} + —P{(T1,12) € A5 .},
wq w2
bigwl <wg < wi,

2
—P{Ty <t|/2}, Wy =wp =W,
w

(2.14)
1 1
—P{(T1,T2) € AS .} + — P{(T1,T2) € A2},
w1 w2

w < wy < bigwl,

—Q
) w2 2 bl aw17
w1 ’

where (T1,T2) is a random vector with bivariate t-density (1.7),

242 2¢|2
o PP B [ RE
’ 4a—=1) /2(a-1) 8(a—1)

2t2 t 21¢12
by PP B [T

SRR VRV ) R

1—=x

(1—x)2 3
Ag o= {(ul,m) € R*: (ul - 1t1_xx>2 * <u2 B 1t2_xx)2
zlt]? 2(a—1)}

~(1-2x)2 3

and

<w1)1/a
r=|— .
w2
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PROOF. Analogous to the one-dimensional case. [J

PROPOSITION 2.7. For t = (t1,t2) € R? and the general normal model,
for wy, wy >0,

—logP{Z(0,0) Swl,Z(tl,tg) Swg}

1 VETY -1t 1
(2.15) = —<I>< + log @)
w1 2 VTS -1t~ w
1 vV tT'y-1¢ 1 w1
+ —d + log — |,
wa 2 VT -1t wa
where

1 1 [ ey —05152]
L—p? |=pBiB B3 |
—ul's=1yy2

Proor. As in the one-dimensional case. Now £

e~ (u—t)Ts" u—t)/2

>

w1

e if and only if u” Y1t < tTETﬂt + log g—f Next note that
if the vector U = (Uy,Uz) has a bivariate normal distribution with mean
value zero and covariance matrix ¥, UTE !t has a normal distribution
with mean value zero and variance t7 X~ 't. The rest of the proof is as in
the one-dimensional case. [J

3. Estimating the dependence parameter 3. We consider a sequence
of independent, identically distributed stochastic processes with continuous
paths

{Xi(t)her,  i=1,2,....
We assume that the processes are in the max-domain of attraction [as pro-
cesses in C'(R)] of a max-stable stationary process {Z(t)}ier such that the
related process Z (see the Introduction) has exponential spectral function
(2.2) or (2.12), or normal spectral function (2.6) or (2.13), or ¢ spectral func-
tion (2.9) or (2.14) as discussed in Section 2. For definition of convergence
and convergence criteria see [4].

Ideally it would be nice if we could assume that we have observed the
sample paths of n processes X as a basis for estimation of the main parame-
ter 4. However, in reality this is too much to expect. Usually one can observe
the n processes only at finitely many points in space, say t1,ts,...,tq.

In this setup we propose estimators for 3 that are closely related to an
extension of the estimator R(zx,y) for the dependence function R(x,y) which
was introduced by Mason and Huang (see Huang [9]),

~ 1

Ru,.ta(@1,-- 5 2a) = ¢ 2; T2 Xy 1m0 Xi ()2 X (41,0 ()
i=
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with & < n, where {X; ,(t;)};_; are the nth-order statistics of {X;(t;)}i,
for j=1,2,...,d.
Let us now introduce our estimators in R. All three densities have the
form Bpo(Bt). Corollary 3.2 below states that
—+00
Rt17___7td(1,...,1) =2 (,DQ(t) dt

(8/2)(max1<j<at;—mini<j<at;)

:2{1—F(é(max t; — min tj>)}
2 \1<;<d 1<5<d

with F(t) := [*__po(s)ds. It follows that

/8 _ 2F<_(1 - Rtl,tg,...,td(lv 17 R 1)/2)

maxi <j<atj — Mini<;<dt;

Hence we introduce the estimators

50— 2F (1 — Ry 4y 1,(1,1,...,1)/2)

maxi <j<dtj — mini<;<dt;

and

Bl ;:ﬁ Z WF(_(l_I:{tj,tm(lvl)/2)'

1<j<m<d m|

Considering the two-dimensional space, note that the standard normal and

Student densities are spherical symmetric. This means (cf. proof of Proposi-

tion 2.5) that it is sufficient to consider the marginal distribution and hence
we introduce the estimators

A 2 2

62 Z:m mF(_(l_Rtj,tm(lal)/z)7

1<j<m<d

with F' the (common) marginal distribution corresponding to ¢q (standard
normal or Student). The exponential model in two-dimensional space is more
complicated. We consider

) 2 )
Bepi==——— Y. Qajpibym(Bt, ., (1,1))

d(d—1) 1<j<m<d

with a;, = |t§j ) tgm)|, the absolute difference of the first components of
t; and t,,, and b;, = ]téj) — tém)\ and @, the inverse function of %(1 +
gmin(a,b)) exp{—g(a +b)}, which is decreasing in 8 for a,b> 0.

Note that B(l) is simpler than B and summarizes the information of the
sample in a somewhat more crude way. We could not find analogues of ﬁ(l)
in two-dimensional space since we were unable to calculate explicitly the
necessary higher-dimensional distributions.
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All the mentioned estimators are consistent and asymptotically normal
under the appropriate conditions. We now state the results. The proofs will
be given at the end of the section after some lemmas. First we consider
consistency.

THEOREM 3.1. Suppose_that the normalized sequence of mazima [see
(1.1)] converges weakly to {Z(t)} in C(—o0,00). For sequences k = k(n) —
00, k(n)/n— 0 as n — oo (recall that the sequence k figures in the definition
of R ), all the indicated estimators are weakly consistent for [3.

Also the estimators are asymptotically normal under some extra condi-
tions, that is, \/E(ﬁ — f3) has asymptotically a normal mean zero distribu-
tion. In order to describe the asymptotic distribution more accurately, we
now state a slight extension of a result of Huang and Mason.

PROPOSITION 3.2 (][9], pages 29 and 43).  Let {(X;(t1),...,Xi(ta)}32, be
1.1.d. random vectors with distribution function F. Suppose that the marginal
distributions F; (i=1,2,...,d) are continuous and strictly increasing. De-

fine

Ftl,...,td(xl, conxg)=1—=F(FT (1—x1),....F; (1 —xz4))
=P{1-Fi(X(t1)) <x1 or -+ or 1 = Fy(X(tq)) < xa},

where the arrow denotes inverse function. Suppose that for all x1,x2,...,xq >

0, x14+x9+---+x4>0 and a positive function L,

1=
(3.1) ltlﬁ)l ZFtl,tzv---,td (tzy,txg, ..., txq) = Ly, 1y, 1,(x1,22,...,24).

Next we introduce the definition of a function R which is connected with
the function L as follows. Let vy, 1, .1, be the measure that satisfies for
T1,%,...,2q>0

Vot 1(S1, -5 8a)|s1 <@y or -+ or sq<xq} =Ly, 1,(x1,...,24).

Such a measure exists by virtue of (3.1). The function R is given by

Ryt tg(T1, T2, Ta) =y 11, ([0,21] X [0, 20] X -+ % [0, 24]).
Define
. 12
Rtlr“vtd ($17 ttt xd) = E Z I{Xi(tl)Zan[k;le»l,n(tl)7~~~7Xi(td)ZXn7[kmd]+1,n(td)}7
i=1

where X, _ (k) +1,n(t5) 18 the (n—[kx;|+1)st-order statistic of X1(t;), Xa(t;),
o, Xn(ty), 5=1,2,...,d. Then for all x1,x2,...,24 > 0, 1+ 22+ +29>
0,

(3.2) Etl,tz,...,td(xlax% conq) = Ry g vy (21,20, 2q) in probability,
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n— oo, k=k(n) — oo, k/n—0.
Suppose now that the function L has continuous first-order partial deriva-
tives Lg?@,...,td: j=1,2,...,d. Moreover suppose that for some o >0

F}l,tz,,,,7td(tx1,tx2, . ,t:L'd)

:t{Ltl’tmm,td(ﬂj‘l,l‘Q,...,ZL‘d)—|—O(7fa)}, th,

uniformly on x2 +x3+- - -—I—xi =1,2;>0,1=1,2,...,d. Then for a sequence
k= k(n) — oo with k = o(n?®/2e+1)) n - o,

(3.3)

(34) VE{Re,, 1y(x1, . 24) = Reyptg (@1, 2a)} 5 By gy(@1,- . 24)
in D(RY), where

Btl,tz,...,td (x17x27 LR 7xd)
= th,t2,...,td($1,$2, cee afEd)
1
- Lgl,)tz,...,td(th?v ce 7xd)Wt1,t2,...,td (a;l, 0, ey 0)

(d)

- Lt17t27___7td ($17 Zo,... axd)th,tg,...,td (07 07 cee axd)

and W is a continuous mean zero Gaussian process with covariance structure

EWt1,~~~,td (‘/El’ s 7xd)Wt17~~~:td (ylv EEE) yd) = Vi1, tq (AI1,~~~,ZBd N Ay17~~~,yd)

with
Axl,xz,...,xd = {(tl,tg, . ,td)‘tl <xp orta<xg Or -+ oritg< a;d}.

The function L is called the tail dependence function and it is directly
related with the extreme-value limit distribution. In fact if F' is in the do-
main of attraction of an extreme-value distribution G, condition (3.1) holds
with L(z1,...,24) = —1logG((—log G1) " (21),...,(—log G4)~ (x4)) where
G1,...,G4 are the marginals of G.

REMARK 3.1. For the exponential model in one-dimensional space

L ( - é > —Bls—t1] —Bls—tal
oty (T, ., xg) = 5 max(zie s Tge )ds
—00
and (see Lemma 3.1 below)

[ee]
Rtl,...,td (xly e ,I’d) = g / min(xle_ﬁ‘s_tl‘, ‘e ,xde_ﬁls_td‘) dS.
—0o0

Similarly for the normal model and the t-model.
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THEOREM 3.3 (One-dimensional space). Suppose for the processes
{X,(t)} the limit relation (1.1) holds and moreover the second-order condi-
tion (3.3): for some o >0

Eyy o (toy, . teg) =t{—log P{Z(t1) < 1/x1,..., Z(tq) < 1/xq} + O(tY)},
t 10, uniformly on x%—i—x%—k---—i—x?[:l, r;>0,i=1,2,....,d.

If k=k(n) — oo, k(n) =o(n?*/CtD)) a5 n — oo, then

~ 2 2Btj,tm(171) 1
65 VRO =0 = G L T T el

and

2Bt1,t2,...,td(1,1,...,1) 1

max)<j<dtj —mini<;j<at; o(B(maxi<j<at; —mini<j<at;)/2)

in distribution. Here B is as in Proposition 3.2.

THEOREM 3.4 (Two-dimensional space). Under the same conditions,

R 2 2Btj,tm(171) 1
(3.7) \/E(ﬁ2_ﬁ)—> d(d—l) Z |tj_tm| (,Do(ﬁ|tj_tm|/2)

j<m
and
A 2 / -
(38) \/E(ﬁe,Q - 5) — m j;n Btj,tm(]*? 1)Qajm7bjm (Qaj'nubjm (/8))

in distribution, where @, = ]tgj) — tgm) |, bjm = \tgj) - tém)\.

For the estimation of the general normal model we proceed as follows.
Write

E_l _ 1 [ 5% _pﬂlﬁ2]
L—p | —pBifBa 3

with —1 < p <1 and (31, 32 > 0. For two sites t; and t,, (1 <j<m <d) we
write

(tj — tm) 27 (b5 — )
1
= 0 )y

— 208152t — tD) (1 — 1) + B3 (67— 12))%)

tT

3;m&s
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where
ty =" ) forj=1,2,....4,
(t(l) _ t(l))2
7 m
and
L&
(3.9) ai=— 2 —2pP1 32
ﬁ2
2

Now note that

2~ Ri,,(1,1) = Lt 1, (1,1) = 20(y/[t; — b TSt — t1]/2).
Hence we define estimators
(3.10) Qjom = (207 (1 — Ry, 4,.(1,1)/2))%
Using the result of Proposition 3.2 and Cramér’s delta method we get
(311)  VE(Qjm —t],a) 5 2By 4, (1L DT, a((,/t],a/2))”

where ¢ is the standard normal density. Now compose the (d(d — 1)/2)-
dimensional vectors

[ Q12

~

Q1,3

L
i

and

Then
(3.12) Vk(@—-Ta) Sb
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with
[ Byl 1)@@(@/2» b
Ly By, t5(1, 1)/ t] 5a(o( @/2
| Bty (1, 1)\/tg_wa((b(\/t§_17da/2))_1
Next define
(3.13) a:=(r'n'rlq
Then

(3.14)  VEk(a—a)=TTD) ' T7Vk(q - Ta) % (T7T) 17D,
By solving the equations (3.9) we get

2
Bri=yfar — 2,

and
ag

2./&1&3'

Cramér’s delta method now gives the joint asymptotic normality of the
estimators

pi=—

(3.15) Brim o - 2
. =qlap — —
1 1 4@37

~2

~ a

3.16 =/ dg — —2
(3.16) B2 as Ta;

and

(3.17) pr=——22
2 aijas

For the proofs of the theorems we need a number of auxiliary results.

LEMMA 3.1.  Suppose for some measure v on R? and some positive in-
tegrable functions gi,...,94

v([z1,00) U+ Ulxg,00 / max{g(z — x1),...,94(x — xq)} dx.
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Then

v([z1,00) NN [zg,00 / min{gy (z — z1),...,94(r — zq)} dx.

PrROOF. Note that
1/([33‘1, OO) U [l‘Q,OO) U.--u [xdv OO))

d

Zu ([x;, 00 —1)ZV([$i,OO)ﬂ[$j=OO))

i=1 i#£j

4ot (=D ([21,00) N g, 00) N - - N [24,00)),

and for any real ai,as,...,aq,

max(ay,as,...,aq) :Zai—i—(—l)Zai /\aj+--.+(—1)d_1a1/\a2/\.../\ad
' i#]

(both follow by induction). Then the statement also follows by induction.

O

COROLLARY 3.1. Hence for our models in R

“+oo ) ¢s_t.
Rtl,t27,,,,td(x1,x2,...,:z:d):/ mlnuds.

—oo 0 X
REMARK 3.2.  We apply Lemma 3.1, for example, to the functions g;(z) :=
o—Blzl

wj

LEMMA 3.2.  Suppose p is a probability density on R, p(x)=p(—zx) for
x>0 and p(z) is decreasing for x > 0. Then

/_O:O min{p(|s — t1|),...,p(|s — tq|) } ds

(3.18)
= 2/ p(s)ds.
(1/2)(max1§j§dtj—minlSdetj)
ProoF. Note that
min{p(|s — t1]),...,p(|s — t4])}
(- ) o 5]
p(s— mintj>, s> mintj—i-%(maxt—mlnt)
_ 1<j<d 1<j<d 1<5<d 1<j<d
p(s—maxt) s < mintj—i-%(maxt—mlnt
1<5<d 1<j<d 1<5<d 1<j<d




22 L. DE HAAN AND T. T. PEREIRA

So the integral on the left-hand side equals

o
2/ p<s—mintj)ds.
minlgjgdtj+(1/2)(max1§j§dtj—minlgjgdtj) lgjgd D
COROLLARY 3.2. Hence for our models in R
[oe)
Rtl,...,td(la"'71):2/ (25(8) dS
(1/2)(max; <j<qtj—ming <j<qt;)

= 2{1 — F(é ( max t; — min tj>) }
2 \1<j<d 1<j<d
LEMMA 3.3.  Under the conditions of Theorem 3.3,

; B " min £
G A G R )
— Btl,...,td(la ey 1)

i distribution with B as in Proposition 3.2.

(3.19)

Proor. Combine Proposition 3.2 and Corollary 3.2. [

LEMMA 3.4.  Under the conditions of Theorem 3.4, for the standard nor-
mal and Student models,

(3200 VE{ Ry, (10 = 2(1= F(506 — ) ) } = Be, (11

i distribution. For the exponential model

A 1 . j m j m
VI Rty (11) = 3 (14 S min(? 71, 1§ 57

(321) % e‘(ﬁ/z)(tgj)—tgm)+|téj)—tém)|)>}
- Btj7t77l(17 ]‘)
in distribution, where t; = (tgj),tgj)), ty, = (tgm),tgm)).

PROOF. Propositions 2.5, 2.6 and 2.4 give Ly, (1,1), which is
2_Rtj7tm(17]‘)' D

PROOF OF THEOREM 3.1. Follows immediately from statement (3.2) of
Proposition 3.2 and Lemma 3.2. [

PROOF OF THEOREMS 3.3 AND 3.4. Immediately from Lemmas 3.3, 3.4
and Cramér’s delta method. [
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