Chapter 4
Asymptotic Methods in Statistics of Random
Point Processes

Lothar Heinrich

Abstract First we put together basic definitions and fundamental facts and results
from the theory of (un)marked point processes defined on Euclidean spaces RY.
We introduce the notion random marked point process together with the concept of
Palm distributions in a rigorous way followed by the definitions of factorial moment
and cumulant measures and characteristics related with them. In the second part
we define a variety of estimators of second-order characteristics and other so-called
summary statistics of stationary point processes based on observations on a “convex
averaging sequence” of windows {W,, n € N}. Although all these (mostly edge-
corrected) estimators make sense for fixed bounded windows our main issue is to
study their behaviour when W, grows unboundedly as n — oo. The first problem of
large-domain statistics is to find conditions ensuring strong or at least mean-square
consistency as n — oo under ergodicity or other mild mixing conditions put on the
underlying point process. The third part contains weak convergence results obtained
by exhausting strong mixing conditions or even m-dependence of spatial random
fields generated by Poisson-based point processes. To illustrate the usefulness
of asymptotic methods we give two Kolmogorov—Smirnov-type tests based on
K -functions to check complete spatial randomness of a given point pattern in RY.

4.1 Marked Point Processes: An Introduction

First we present a rigorous definition of the marked point process on Euclidean
spaces with marks in some Polish space and formulate an existence theorem for
marked point processes based on their finite-dimensional distributions. Further,
all essential notions and tools of point process theory such as factorial moment
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and cumulant measures with their densities and reduced versions as well as the
machinery of Palm distributions in the marked and unmarked case are considered
in detail.

4.1.1 Marked Point Processes: Definitions and Basic Facts

Point processes are mathematical models for irregular point patterns formed by
randomly scattered points in some locally compact Hausdorff space. Throughout
this chapter, this space will be the Euclidean space R? of dimension d € N. In
many applications to each point X; of the pattern a further random element M;,
called mark, can be assigned which carries additional information and may take
values in a rather general mark space M equipped with an appropriate o-algebra
M. For example, for d = 1, the X;’s could be arrival times of customers and the
M;’s their sojourn times in a queueing system and, for d = 2, one can interpret the
X;’s as locations of trees in a forest with the associated random vectors M; of stem
diameter, stem height and distance to the nearest-neighbour tree. In this way we
are led to the notion of a (random) marked point process which can be adequately
modeled as random counting measure Yy(:) on Cartesian products B x L, which
gives the total number of points in a bounded subset B of R? whose marks belong to
a set of marks L C M. To be precise, we need some further notation. Let Ay denote
the set of locally finite counting measures ¥ (-) on the measurable product space
R?Y x M, B(RY) ® M), i.e. ¥ € Ny is a o-additive set function on B(RY) ® M
taking on non-negative integer values such that ¥ (B x M) < oo for any bounded
Borel set B € B(R?). We then define 9ty to be the smallest o-algebra containing
all sets {1/ € Nu : ¥(B x L) = n} forn € N U {0}, any bounded B € B(R?)
and L € M. Finally, let (§2, F, P) be a hypothetical probability space on which all
subsequent random elements will be defined.

Definition 4.1. A (F, 9ium)-measurable mapping
Uy | (2, F,P) = (NMu, Nw), 230 Yy(w,-) €Ny

is said to be a (random) marked point process (briefly: MPP) on R¢ with mark space
(M, M). In other words, a MPP ¥ (-) (@ will be mostly suppressed) is a random
locally finite counting measure on (R? x M, B(RY) ® M).

The probability measure Py(A) = P({w € 2 : Yu(w,-) € A}) for A € Np
induced on (N, D) is called the distribution of W\—briefly expressed by Wy ~
Py. Here and in what follows we put ¥ (-) = ¥ (- x M) to denote the corresponding
unmarked point process and write in general ¥ ~ P to indicate point processes
without marks. One often uses the notation

W =Y Sy or ¥ =Y By, (4.1)

i>1 i>1
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where §,(A) = 1 for x € A and §,(A) = 0 for x ¢ A (Dirac measure).
Note that due to the local finiteness of ¥ there are at most countably many
atoms but each atom occurs with random (P-a.s. finite) multiplicity. The indexing
in (4.1) does not need to be unique and the X;’s occur in the sums according to
their multiplicity. In accordance with the general theory of random processes our
next result formulates an analogue to Kolmogorov’s extension theorem stating the
existence of a probability space (§2, F, P) in Definition 4.1 in case of Polish mark
spaces M given the family of finite-dimensional distributions P(Wm(B1 X L1) =
ny,..., qu(Bk X Lk) = nk).

Theorem 4.1. Let M be a Polish space equipped with the corresponding Borel-
o-algebra B(M) generated by a family M of subsets in M such that S =

d . .. .
{‘xl[ai,bi) xL:—o0o<a; <b <o0, L€ Mo} is a semi-ring which generates
iz

the ring of bounded Borel sets in RY x M and each bounded Borel set X C R? x M

can be covered by a finite sequence Sy, ..., S, € S.
For any finite sequence of pairwise disjoint By X L1, ..., By X Ly € S define the
distribution

Py (Br X Ly, ..., Bx x Lg) for ny,...,ny =0,1,2,...

of a k-dimensional random vector with non-negative integer-valued components.
Then there exists a unique probability measure Py on the measurable space
(NMm, tw) with finite-dimensional distributions

Pu({y e N\m:v(Bj xLj)=mnj, j=1,....k}) = pny.n (Bt X L1,.... By x Ly)

forny,...,nry € NU{0} and any k € N, if the following conditions for the
family of probabilities py,, _n,(B1 X Li,..., Bx X Ly) are satisfied:

1. Symmetry:

Py By X Ly, ..., By X L) = Pnyqryoeitagy Br(ty X L1y, -+ Brk) X L))

for any permutation 7w - {1,... .k} — {1,...,k},
2. Consistency:

o0
> P (By X L. By X L1, B x L)

n=0

= pnl,...,nk_l(Bl X le ey Bk—l X Lk—l) 5

3. Additivity: If Bj x L; U---U By X Ly € S, then
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Z pnl,...njfl,n/- ..... nk(BlXLI,---,B]'—1XL]'_1,B]' XLj,...,BkXLk)

= pnl,...Jlj—lJl(Bl X Ll,...,Bj_l X Lj_l,(Bj X Lj U"'UBk X Lk))

forj=1,... k.
4. Continuity: For any sequence of pairwise disjoint sets B;”) X Li.") e Sforj =

L. B x L")t Lasn — oo.
If M = {m} consists of a single (or at most finitely many) element(s), then the
latter condition can be replaced by

. i—1 1 d
lim po(x [aibi) x bj = —.xj) x % lai.by) x {m}) = 1
n—00 i=1 n i=j+1
for all (xl,...,xd)T eR? and — 0 <a;<bi<oo,i=1,...,d.
This allows a canonical choice of the probability space (§2, F, P) mapping ¥um :
2 :=MNMu, F:=9u, P:=Pu, ¥+ Yu(, ) :=v¥() (identical mapping).

Remark 4.1. There exists a metric T in the set My such that the metric space
(Mwm, 7) is separable and complete whose Borel-o-algebra B(Ny) coincides with
. This allows to introduce the notion of weak convergence of MPP’s in the usual
way, see [69].

To prove Theorem 4.1 one has only to reformulate the proof of a corresponding
result for (unmarked) PP’s on Polish spaces in [346]. Readers interested in more
background of and a rigouros introduction to the theory of marked and unmarked
PP’s are referred to the two-volume monograph [140]. Less technical approaches
combined with statistics of point processes are presented in [265,489] and in the
survey papers [22, 488]. In the following we reduce the rigour and in particular
measurability questions will be not considered.

An advantage of the counting measure approach to point processes (in contrast
to modelling with discrete random closed sets) consists in catching random multi-
plicities of the point or atoms which is important in several fields of application.
For example, the description of batch arrivals in queueing systems or of end-points
of edges in planar random tessellations requires multiplicities of points. On the
other hand, for quite a few point processes in particular for the upmost occurring
in stochastic geometry it is natural to assume that at most one point occurs in any
x € R? , more precisely

Pu({y e Mu:v({x}xM)<1,VxeR‘})=1.
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MPP’s ¥\ ~ Py satisfying the later condition are called simple. In view of (4.1)
we get supp(Wm) = {(X;, M;) : i € N} for the support set of a simple MPP
Uy which motivates the somewhat loose writing Yy = {(X;, M;) : i € N}. By
the P-a.s. local boundedness of the counting measure ¥y its support set has no
accumulation point in R? and can therefore be considered as a discrete random
closed set. The characterization of distributions of random closed sets & by the
family of hitting probabilities P(Z N K # @) for any compact set K C R leads to
the following pendant to Theorem 4.1:

Theorem 4.2. Let Wy ~ Py be a simple MPP on R? with Polish mark space M.
Then the distribution Py is completely determined by the void probabilities

PWm(X) =0) = Pu({y e Nu: ¢ (X) =0})

for all compact X C R? x M.

For the sake of simplicity we shall consider only simple MPP’s after the introductory
Sect.4.1.1.

The simplest numerical characteristic of a MPP ¥\ ~ Py describes the mean
number of points in bounded sets B € B(R?) having marks in an arbitrary set
L € B(M). In this way we obtain the intensity measure Ay (on B(R?) ® B(M))
defined by

Au(B x L) = E(Z 1((X:, M;) € B x L)) = / V(B x L) Pu(dy) (4.2)

i>1 N

provided that A(B) := Aw(B x M) < oo for any bounded B € B(R?) expressing
the local finiteness of Ap. By Theorem 4.1 we are now in a position to define
the marked Poisson process W\ ~ Iy, with a given locally finite intensity
measure Ay:

Definition 4.2. A marked Poisson process ¥ ~ I1,,, (more precisely its distribu-
tion) is completely determined by the following two conditions:

1. Ym(By x Ly), ..., Yu(By x Li) are mutually independent random variables for
pairwise disjoint B; x L; € B(R?) x B(M) with bounded Bjforj=1,....k
and k € N.

2. Ym(B x L) is Poisson distributed with mean Ap(B x L) for any B x L €
B(R?) x B(M) with bounded B.

Remark 4.2. Since Am(B x L) < A(B) there exists (by the Radon—Nikodym
theorem and disintegration arguments) a family {Q%. x € R?} of (regular)
conditional distributions on (M, 5(M)) such that Ay(BxL) = fRd Om(L) A(dx),
which justifies the interpretation Q3 (L) = P(M; € L | X; = x). It turns out
that Yy ~ [Il,,, can be obtained from an unmarked Poisson process ¥ ~ I,
with intensity measure A by location-dependent, independent marking, that is, to
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each atom X; of ¥ located in x € R? the mark M; is assigned according to the
probability law Qp, independent of the location of all other atoms of ¥ and also
independent of all other marks even those assigned to further atoms located in x (if

w({x}) > 1).

Remark 4.3. A marked Poisson process Y ~ Il,, is simple iff the intensity
measure A(-) is diffuse, i.e. Ay({x} x M) = 0 for all x € R?, see [346].

Remark 4.4. The conditions (1) and (2) in the above definition of iy ~ Il,,, can
be expressed equivalently by means of the characteristic function of the random
vector (Um(B1 X L1),...,¥m(Bi x Ly)) as follows: For any k € N, any pairwise
disjoint By x Ly,..., By x Ly € B(RY) x B(M) and all uy, ..., u; € R?

k k

Eexp{i Y u;Wm(B; x L)} = [ | exp{Am(B; x L) (e —1)}.  (4.3)
j=1 j=1

Next, we give an elementary explicit construction of an unmarked Poisson pro-
cess ¥ ~ [1, with locally finite intensity measure A(-) , see [102]. This construction
is also the basis for simulations of Poisson processes in bounded Borel sets.

Let {K,,, m € N} be a partition of R? into bounded Borel sets. Consider an array
of independent random variables {7,,, X,»j }, jen defined on (§2, F, P) such that t,,
and X,,; take values in Z and R? respectively, namely,

1. 1, is Poisson distributed with mean A(K,,)  (briefly t,, ~ Pois(A(K),))).
AC N Kw)/A(Ky), A(Kn) #0,
, otherwise
Here Y ~ Pois(0) means that Y = 0. Clearly, P(X,,; € C) = P(X,,; € CNK,,)
form, j € N. Note that the random variables X,,; are uniformly distributed on K,

if A(K,,) is a multiple of vy (K,,) .
For any B € B(R?) and m € N put

2. P(X,; €C) = for any C € B(R?).

¥,,(B) := Z 1(X,; € B) and W(B):= )Y W,(B). (4.4)
j=1 m=1

Obviously, ¥,,(B) is a random variable for each m € N and any B € B(R?)
such that

P(0<¥,(B)<t,<o00)=1 forany BeB(R?),meN.

Moreover, it turns out that ¥ (+) is a locally finite random counting measure.

Theorem 4.3. Let A be a locally finite measure on (R¢, B(R?)). For any par-
tition of R into bounded Borel sets K,,, m € N, the family of non-negative,
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integer-valued random variables {¥ (B), B € B(R?)} introduced in (4.4) defines
an unmarked Poisson process with intensity measure A(-).

Proof. For any m,k € N consider pairwise disjoint Borel sets By,..., By C K.
Then ¥ (B,) = ¥,,(B;) forr = 1,...,k and it follows that

Eexpli (u1 ¥ (B1) + ... + wx W (By))}

- Z (exp{ Z W 1(Xyj € B) + ...+ 1w 1(X,y € Bk))}l(tm - n))

j=1
o0
A K,)"
_ Z LG 2K —ak) (4.5)
— n!
where uy,...,ux € R' and @,(ui,...,ux) is the characteristic function of the
random vector Y, = (Y1, ..., Yyx) with components Y,,, = Z]—l 1(X,; € By)
forr =1,... k.
By setting Y0 = Z};’=1 1(X,,; € By) for By = K,, \ U"_, B, we get a multi-
nomially distributed random vector (Y0, Yu1, - - ., Yur) with success probabilities

pr =P(X,; € B)) = AB))/A(Kp), r =0.1,... k. ie.

n! I

P(YnO = 107 Ynl == lls-..,Ynk = lk) == mp{f pil pk

for Zo,ll,...,lk >0 gnd Zf:olr = n. Hence, &, (up, u1,...,ux) = (poe'" +
piet™ + ...+ pret™ ) ug, ..., u € R' is the characteristic function of
(Y0, Yu1, ..., Yur) and we obtain

Ou(ur, oo oug) = (0, ur, .. up) = (po+ pre’™ + ...+ pre ).

Using (4.5) and the latter relation together with pp = 1 — p; — ... — pr we may
write

Eexpli Z”’ W (B)} = e~ (K Z [A(Kn)(po + pre'™ + ...+ pre )]
r=1

= exp{A(Kn)(p1(€™ = 1) + ... + pr ™ — 1))}

=~

= [ expiAB)E" = 1}

This, however, is just (4.3) (rewritten for the unmarked case) for pairwise disjoint
Borel sets By, ..., B, C K,, .
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Now, consider pairwise disjoint bounded By, ..., By € B(Rd) for k € N so that
o0
(W(By),...,¥(By)) = Z(l]/m(Bl N K)o (B N Ky)).
m=1

Obviously, (¥, (B1NKy), ..., ¥, (Bry N K,;,;))men forms a sequence of independent
random vectors with independent components as we have proved above. Since
V(B,) = Z,ff:l Y,,(B, N K,,) and the summands are nonnegative, it follows that

E¥(B,) =Y E¥,(B,NK,) =Y A(B,NK,)=A(B,) < o0

m=1 m=1

implying P(¥(B,) <oo) =1 forr =1,...,k, and
n n P—as
(Z U (Bi N K)o > W (Bi N Km)) T (W(BY), ..., W(BY)).
m=1 m=1 oo

Since, for each fixed n € N, the sums at the left-hand side of the latter relation are
mutually independent, it follows that the limits ¥ (B), ..., ¥(By) are independent
as well. Finally, in view of the fact that

Zn: (B, N Kyp) ~ Pois(Zn: AB, N Ky))

m=1 m=1

we conclude that ¥(B,) ~ Pois(A(B,)) for r = 1,...,k, which completes the
proof of Theorem 4.3. O

Next, we introduce the translation- and rotation operator 7 resp. Rop | Ny —
Nu by

(Txy)(B x L) :=y((B+x)xL) resp. (Roy)(BxL):=vy(0OBxL)
fory € My, x € R? and O € SO; = group of orthogonal d x d-matrices with

determinant equal to 1. Then the MPP ¥y ~ Py is said to be (strictly) stationary or
homogeneous if, for all x € R“ and bounded Borel sets By, ..., By,

d d
T,V =W <  (In((B; +x)x L)) | = W(B; x L;)5_, . k €N,
and isotropic if, for all O € SO, and bounded Borel sets By, ..., By,
d d
RoWm =Wy <= (¥m(0B; x L;))5_; = (Wm(B; x L;))5_, . k e N.

A MPP is said to be motion-invariant if it is both stationary and isotropic.
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The stationarity of ¥\y ~ Py implies the shift-invariance of the locally finite
measure Ay ((-) x L) for any fixed L € B(M) provided the intensity

A= E¥n([0,1]7 x M)

of the unmarked point process ¥ ~ P exists. This entails that the intensity measure
Am(B x L) is a multiple of the Lebesgue-measure v, (B) which can be rewritten as

Aw(B x L) = Avg(B) Q%(L) for B € B(RY), L € B(M), (4.6)

where Qy, is called the distribution of the typical mark or plainly the mark
distribution.

4.1.2 Higher-Order Moment Measures and Palm Distributions

From now on we suppose that the MPP ¥, = Zizl 8(x;.m;) ~ Pwmis simple. Under
the additional assumption E((¥ (B x M))¥) < oo for some integer k > 2 and

any bounded Borel set B C R? we define the factorial moment measure a,i,l) on

B((RY x M)*) by
k # £
(k) —
(X, (B) % Ly) = E(‘Z 11X, M) € B; L,))
which is dominated by the kth-order factorial moment measure
ot(k)()k(lBj) = oz(k)( x (B x M))
j=

of the unmarked simple point process ¥ = ) .., dx, ~ P. Note that the sum Z7é
stretches over pairwise distinct indices indicated under the sum sign. If the sum is
taken over all k-tuples of indices we get the (ordinary) kth-order moment measure.

For any fixed Li,..., Ly € B(M) we obtain as Radon-Nikodym derivative
a family of distributions Q"™ (L; x --- x Ly) (for a®-almost every
(x1,....x%) " € (RY)¥) satisfying

""( x (B} x L) = // Qi’\‘ﬁ"""x"(jglLj)a(k)(d(xl,...,xk)),

B By

where the integrand is interpreted as (regular) conditional distribution

ow’ 'k(jile):P(Ml eLly,.... My e Ly | X1 =x1,..., Xk = x¢).
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Definition 4.3. The stochastic kernel Qy,"*(A) (which is defined to be B(R?¥)-
measurable in (xi,...,x;)" € (R?)* and a probability measure in A € B(M¥)) is
called kth-order or k-point Palm mark distribution of the MPP ¥y ~ Pp.

If Y ~ Py is stationary then the factorial moment measures a,(\jf )

are invariant under diagonal shifts, i.e.,

as well as a®

”‘)(]x ((Bj +x)xL; ))—aﬁ,’l"(]x (B; x L;)) forall x e R?,

which in turn implies Oy "% ¥ (4) = QY (A) for all x € RY. By
disintegration with respect to the Lebesgue-measure v; (see [140, Vol. II] for

the more details) we can introduce so-called reduced kth-order factorial moment

measures oz,(\,l )red and afifi by

k
(k)(]x (Bj xLj)) —/\/a,(\jf),ed lejéz((Bj_x)XLj))dx

where A > 0 stands for the intensity of ¥ ~ P which already occurred in (4.6).
k k

Putting otl(,];)jl('x2 B; ) = amed (M x X ((Bj —x) x M)) we obtain an analogous
j= j=

relation between a*) and ai e()i for the unmarked PP ¥ ~ P. Rewriting this relation
as integrals over indicator functions we are led by algebraic induction to

/ f(x, xa,... ,xk)ot(k)(d(xl,xg, .. ,xk))

(RY )

—A/ / f(x1, x4+ X1, ... xk+xl)ared(d(xz,...,xk))dxl.

R4 (Rd)k 1

for any non-negative B(R?¥)-measurable function f : (RY)* > R!. Setting

f(x1,x2,...,x¢) = 1(x; € B)Y1((x2 — x1,...,xx — x1) € C) for an arbitrary

bounded set C € B(RY*~D) and any B € B(R?) with vy(B) = 1, for example
= [0, 1]¢, we arrive at the formula

“"(C)

Xreq

=7 / 1(x; € B)1((x2 — X1, ..., Xk —X1) € C)a(k)(d(xl,xz,...,xk)) “4.7)
Rk

which again confirms that oz(kzl is a locally-finite measure on (RY*=1, B(R4*=Dy),

Below it will be shown that a( L coincides with the (k — 1)st-order factorial moment
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measure with respect to the reduced Palm distribution. It should be mentioned that
both factorial moment measures *) and 0‘,(]21 are symmetric in their components

and the reduction is possible in any component of o) yielding are d( C) =

ilzj (C) . Furthermore, the above reduction and therefore the definition of 0{( 31

needs only the diagonal shift-invariance of «®) (and of the intensity measure A)
and not the shift-invariance of the finite-dimensional distributions of all orders and
even not of the kth order.

This fact gives rise to consider weaker notions of kth-order (moment) stationar-
ity, see Sect. 4.2.1 fork = 2.

A rather technical, but useful tool in expressing and studying dependences
between distant parts of a stationary point pattern is based on so-called (factorial)
cumulant measures of both marked and unmarked PP’s. The origins of these
characteristics can be traced back up to the beginning of the systematic study of
random processes, random fields and particle configurations in statistical mechanics.
In probability theory cumulants of random variables or vectors are defined by
logarithmic derivatives of the corresponding moment-generating or characteristic
functions. Along this line cumulant measures of point processes are defined by
mixed higher-order partial derivatives of the logarithm of the probability generating
functional of the point process, see [140, Chap. 9]. This approach is the background
of the following

Definition 4.4. For any fixed L,...,L; € B(M) and bounded By,...,B; €

B(R?) we define the kth-order factorial cumulant measure y,f,]f ) of the MPP U ~
Py by

k
ky, k K,
i x (BjxLp) =) (~1/7'G -1t Y ]_[ | % (B.xLy).
o j=1 KjU~UK; r=1 s
={l....k}
where the sum )¢ .. K;={1...&} 15 taken over all partitions of the set {1,....k}
into j non-empty sets K, ..., K; and |K,| denotes the cardinality of K.

In general, )/(k) is a locally finite signed measure on B((RY x M)¥ ) Which in case

of a stationary MPP ¥y ~ Py can also be reduced in analogy to a ) which leads
to

k
WK B x L)) —A/y,f,’f?ed (Lix X, (Bj=x)xL;)) dx

By setting in the latter formula L; = ... = L; = M we obtain the corresponding
relationship between the kth-order factorial cumulant measure ) and the reduced
kth-order factorial cumulant measure Vr(];)z of the unmarked point process ¥ ~ P.
In the special case k = 2 we have
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Y (By x Ly x By x Ly) = a\P (Bix Lix Byx La) —Am(Bi x L1) Am(Bax Ls)

Vitreq (L1 X By x Lo) = o)) (L1 % By x La) — A Q%(L1) Ofy(L2) va(By).

Finally, if in addition «® is absolutely continuous with respect to the Lebesgue
measure vy then the kth-order product density p® : RY =D 1 [0, 0o] and the
kth-order cumulant density ¢® : RY*=1 1 [—o0, 00] exist such that

“flzzz(c) = /p(k)(-x) dx and J/(k) €)= /c(k)(x) dx for C € B(Rd(k—l)).

red
C C

The interpretation of p*) as density of k-point subsets of stationary point
configurations is as follows:

PW(dx) =1,.... W dxp—) = 1|¥{o}) =1) = pO(x1, ... . xp—1) dxy - dxp_q .

and in a similar way ¢®(x) dx = P(W(dx) = 1 | ¥({o}) = 1) = P(¥(dx) = 1)
for any x # o.

Note that in statistical physics p®)(x;,...,xx—1) and ¢®(x;,...,xr—;) are
frequently used under the name kth-order correlation function resp. kth-order
truncated correlation function.

In some cases under slight additional assumptions the knowledge of the (fac-
torial) moment—or cumulant measures and their densities of any order determine
the distribution of point processes uniquely. So far this moment problem for point
processes is not completely solved. Another longstanding question which is still
unanswered to the best of the author’s knowledge is: Which properties of a locally-
finite measure on (R?%, B(R?¥)) are sufficient and necessary for being a kth-order
(factorial) moment measure of some unmarked point process ¥ ~ P?

In the simplest case of a Poisson process with given intensity measure we have
the following characterization:

Theorem 4.4. A MPP W\ ~ Py with intensity measure Ay is a marked Poisson
process, i.e. Py = Iy, , iff

“li/lld = Am X - -+ X Anm or equivalently )/|\(,|k) =0 forany k > 2.

For stationary unmarked PP’s with intensity A this means p®(x) = Af~! or
equivalently ¢®(x) = 0 for all x € RY*~D and any k > 2.

If the marks are real-valued it is natural to consider the higher-order mixed
moments and mixed cumulants between marks conditional on their locations. For
a MPP with mark space M = R and k-point Palm mark distribution Q" let
us define
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mPls---,Pk(xl’ tt "xk) :/mlpl o .mlfk Kﬂlpn,x}{(d(mla e amk)) for p17 ey pk EN'
Rk

For stationary MPP the function c¢,,,(x) = my (0, x) for x # o has been
introduced by D. Stoyan in 1984 in order to describe spatial correlations of marks
by means of the mark correlation function Ky, (r) = cpm(x)/u?* for |x|| = r > 0,
where u = le mQpy(dm) denotes the mean value of the typical mark, see [265,
Chap. 5.3], for more details on the use and [438] for a thorough discussion of
this function. Kernel-type estimators of the function ¢, (x) and their asymptotic
properties including consistency and asymptotic normality have been studied in
[233] by imposing total variation conditions on higher-order reduced cumulant
measures Yy .,q -

Finally, we give a short introduction to general Palm distributions of (marked)
point processes. We first consider a simple stationary unmarked point process
W ~ P with positive and finite intensity A = E¥([0,1]¢). Let us define the
product measure i' on (R? x N, B(R?) ® N) by

WEx =5 [ ¥ 1B (T -5, € 4) Py)
N XEs(¥)

for bounded B € B(R?) and A € D, where the exclamation mark indicates that
the atom of 7y in the origin, i.e., the atom of ¥ in x € RY , is removed from each
counting measure ¥ € N ; s() is shorthand for the support

supp(y) = {x € R 1 yr({x}) > 0}.
By the stationarity of ¥, thatis P o T, = P for any x € R? combined with
standard arguments from measure theory it is easily seen that

1. f'((B+x)xA)=pu'(BxA)forany x € RY.
2. P°Y(A) := ([0, 1]¢ x A) for A € M is a probability measure on (N, N).

which is concentrated on the subset N° = {¢y € N : ¥({o}) = 0} of counting
measures having no atom in the origin o and called the reduced Palm distribution of
¥ ~ P . As an immediate consequence of (1) and (2) we obtain the factorization

w'(B x A) = vg(B) P°'(A) forany fixed B x A € B(R?) x N

which in turn implies, by algebraic induction, the Campbell-Mecke formula—also
known as refined Campbell theorem

[ [ st =syvanran =i [ [ s piana @s)

N ]Rd ]Rd No

for any non-negative B(R?) ® 91-measurable function f : RY x A’ > R'. This
formula connects the stationary distribution P and the reduced Palm distribution
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P°' in a one-to-one correspondence. P°'(A) can be interpreted (justified in a
rigorous sense by limit theorems, see [346]) as probability that ¥ — §, € A
conditional on the null event ¥ ({o}) > 0. Loosely speaking, P°' describes the
stationary point pattern by an observer sitting in a “typical atom” shifted in the
origin.

To describe the distributional properties of stationary PP’s it is often more
effective to use P°' rather than P, for example in case of recurrent, semi-Markov-
or infinitely divisible PP’s, see for example [346].

A crucial result in this direction is Slivnyak’s characterization of homogeneous
Poisson processes:

Theorem 4.5. A stationary (unmarked) PP ¥ ~ P on R¢ with intensity 0 < A <
o0 is a Poisson process, i.e. P = IT, iff P = P°".

As announced above we apply (4.8) to prove that, for any k > 2, the kth-
order reduced factorial moment measure ailzzl is nothing else but the (k — 1)st-order
factorial moment measure w.r.t the reduced Palm distribution, formally written:

/f(xz,...,xk)afﬁg(d(xz,...,xk))=/ Zaé S, xi) PON(dY)

(Rd)kfl N©O X250 Xk €s(y)

for any non-negative Borel-measurable function f on R¢*~D  For notational ease
we check this only for k = 2. From (4.7) and the very definition of a® we get for
bounded B, C € B(RY) with vy (B) = 1 that

) (C) = % S 1x e BY1(y—x € C) P(dy) (4.9)
N X-YyEs(y)
: o!
_ X/ ) l(xeB)(Txl/f—S,,)(C)P(dl//):/ H(C) PPAY).
A xESW) s

Quite similarly, we can define reduced Palm distributions PZ! for simple
stationary MPP’s with respect to any fixed mark set L € M with Q,(L) > 0.
For this we have to replace A by Am([0,1]¢ x L) = A Oy (L) which leads to the
following extension of (4.8):

2 04(L) [ [ Fe ) PE (dy)dx = [ [ FO Tl — 8oV (d (. m)) Pua(dy)

RI NY MuRIxL

for any non-negative, measurable function f on R? x N, where N? = {y € Ny :
V({o} x L) = 05.

To include mark sets L and, in particular single marks m, with Qy,-measure zero,
we make use of the Radon—Nikodym derivative of the so-called reduced Campbell
measure C,\!,I defined by
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C,\!,'(B x L xA) = / f 1((x,m) € B x L)Y — 8(x m) € A)Y(d(x,m)) Pm(dyr)
NMRE xM

with respect to the intensity measure Am(B x L) = Avy(B) Of(L). The
corresponding Radon-Nikodym density P}'(A) is called the reduced Palm dis-
tribution of Y\ ~ Py with respect to (x,m) and can be heuristically interpreted
as conditional probability that ¥ — §(,,,») € A given a marked point at x with
mark m. This interpretation remains also valid for non-stationary MPP’s and can
even be generalized in an appropriate way to k-point reduced Palm distributions

Ifﬁ}}::::’,jlkk’(A) of A € D with respect to (x1,my),..., (xk, my) with pairwise
distinct xq, ..., Xk.
In the stationary case we get Py~ (A) = le;/n/OVk %! (T-x; A) for

each j = 1,...,k (due to the intrinsic symmetry) which, for k = 1, yields the
Campbell—Mecke -type formula

B(Y S M T = Sa) = [ [ FGem T = S wde.m) Pudy)

izl NuRIxM

=3 [ [ [rwmrg @nogamas @10

R4 M Num

for any non-negative measurable function f on R? x M x Ay . Furthermore, this
formula can be extended for k > 2 to the following relationship involving the
k-point reduced Palm distribution, k-point Palm mark distribution and the k-order
reduced factorial moment measure introduced at the beginning of Sect. 4.1.2:

k
#*
E( Z fk(XilﬂMl]7X127M125"'5Xik7Mik7TXillp_8(0,Mjl)_ZS(XI'],M[‘/-)))

i, ig =1

=2 / /fk(xlsml,xzsmz,---,xk,mk,lﬁ)P,le,ﬁ;'z"’x" day)

(R xXM)k Nm

XaM red(d(ml,xz,mz, cey Xk, My)) dxy

=4 / / // Se(x1,my, xo,ma, ..., X, Mg, V) Plzleﬁ-z-:ff (dv)
Rd RA(k—1) Mk Nm

X QR (d(myma, ) @) (d(xa. ) doxy

for any non-negative measurable function f; on (R x M)¥ x AMy.
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4.1.3 Different Types of Marking and Some Examples

In the following we distinguish three types of MPP’s Yy ~ Py by the dependences
between marks at distinct points in R?, by interactions between separated parts of
the point pattern and, last but not least, by cross correlations between the whole point
pattern and the whole mark field. In the most general case, only the family of k-point
Palm mark distributions seems to be appropriate to describe such complicated
structure of dependences.

1. Independently Marked (Stationary) Point Processes

Given an unmarked (not necessarily stationary) PP ¥ = > ._,8x, ~ P on R?
and a stochastic kernel Q(x,L), x € R?,L € B(M) we assign to an atom X;
located at x the mark M; ~ Q(x,-) independently of ¥ —§yx, and of any other mark
M;, j # i.The resulting MPP ¥y = ) ,_, 8(x,.m;,) is said to be derived from
¥ by location-dependent independent marking. We obtain for the intensity measure
and the k-point Palm mark distribution

Au(B x L) = /Q(x L) A(dx) resp. Qp ™ ( x x L;) nQ(x,,L) k>1,

i=1

where A denotes the intensity measure of ¥.

Note that the MPP ¥y ~ Py is stationary iff ¥~ P is stationary and independent
of an i.i.d. sequence of marks {M;, i > 1} with a common distribution Q (-)—the
(mark) distribution of the typical mark M .

2. Geostatistically or Weakly Independently Marked Point Processes

Let unmarked PP ¥ = ). 6y, ~ P on R? be stochastically independent of
a random field {M(x), x € R?} taking values in the measurable mark space
(M, B(M)). To each atom X; we assign the mark M; = M(X;) fori > 1. In
this way the k-point Palm mark distribution coincide with the finite-dimensional
distributions of the mark field, that is,

l)\(lll ..... xk(Ll XX L) =PM(xy) € Ly,...,M(xx) € L) forall k € N.

Note that the MPP ¥\ ~ Py is stationary iff both the point process ¥ ~ P and
the random field are (strictly) stationary. In case of real-valued marks (stationary)
Gaussian random fields M (x) with some covariance function, see Definition 9.10,
or shot-noise fields My(x) = > .., g(x — &) with some response function
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g : R? > R! and a (stationary Poisson) point process {£, i > 1} chosen indepen-
dently of ¥ (see Sect. 9.2.5 for more details) are suitable examples for mark fields.

3. General Dependently Marked Point Processes

In this case the locations X; of the marked atoms and their associated marks M;
may depend on each other and, in addition, there are intrinsic interactions within the
point field {X;} as well as within the mark field {M;} . This means that the k-point

in particular, Q};" (L x M) does not coincide with Qf,(L) .

Examples
1. Germ-Grain Processes: Germ-Grain Models

A stationary independently MPP ¥ = {(X;, &;), i > 1} on RY with mark space
M = K (= space of all non-empty compact sets in R? equipped with the Hausdorff
metric) is called germ-grain process or particle process driven by the PP ¥ =
{X;, i > 1} of germs and the typical grain 5y ~ Q . The associated random set

E = U;»(& + X;) is called germ-grain model. Note that in general Z need not
to be closed (P-a.s.). The condition

Z P(E¢)N(K—-X;)#0) <oo P—as. forall K € 4.11)

i>1

is sufficient to ensure the P-a.s.-closedness of &, see [229]. The most important
and best studied germ-grain model is the Poisson-grain model (also called Boolean
model) driven by a Poisson process ¥ ~ [T, of germs {X;, i > 1}, see for example
[366,489] for more details.

2. Poisson-Cluster Processes

If the typical grain Zy = {Y1,..., Yx,} is a P-a.s. finite random point set satisfy-
ing (4.11) then the discrete random closed set &' = UiZI{Yl(Z) +Xi,..., Y,f,l_) +X;}

coincides with the support of a random locally finite counting measure lllcll and is
called a cluster point process with the PP ¥, = {X;,i > 1} of cluster centres
and the typical cluster {Y}, ..., Yy,}. Factorial moment and cumulant measures
of any order can be expressed in terms of the corresponding measures of ¥ and
the finite PP ZINQ 1 8y;, see for example [227]. In case of a (stationary) Poisson
cluster centre process ¥, we get a (stationary) Poisson-cluster process ¥, see
Sect. 3.1.4 for more details. In particular, if ¥ ~ [T, ,, and the random number
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Ny with probability generating function go(z) is independent of the i.i.d. sequence
of random vectors Y;, Ya, ... in RY with common density function f we obtain
a so-called Neyman—Scott process W, with intensity A = A. ENy, second-order
product density p® (x) = ¢®(x)+ A and its kth-order cumulant density for k > 2
takes on the form

gy (1)
EN,

c(k)(xl,...,xk_l) =

[ 10 16+ x0 10 4wy - @12)
R4
Compare Definition 3.11 for its special case.

3. Doubly Stochastic Poisson Processes

Now, let A be a (stationary) random measure on R, see for example [140]
for details. The new unmarked PP ¥, ~ P, defined by the finite-dimensional
distributions

k_ Ani (B

PWA(BY) = 1. Wa(By) = ny) = B [[ 20 e )
im1 n;:
for any disjoint bounded Bj,..., By € By(R?) and any ny,...,n; € N U {0},
is called doubly stochastic Poisson (or Cox) process with driving measure A(-),
compare Definition 3.7. In the special case A(-) = Avg((-) N E), where & is a
(stationary) random closed set, for example a Boolean model, the (stationary) PP ¥4
(called interrupted Poisson process) is considered as a Poisson process restricted on
the (hidden) realizations of Z'. The factorial moment and cumulant measures of ¥4
are expressible in terms of the corresponding measures of random driving measure
A, see for example [289].

4.2 Point Process Statistics in Large Domains

Statistics of stationary point processes is mostly based on a single observation
of some point pattern in a sufficiently large domain which is assumed to extend
unboundedly in all directions. We demonstrate this concept of asymptotic spatial
statistics for several second-order characteristics of point processes including
different types of K-functions, product densities and the pair correlation function.
Variants of Brillinger-type mixing are considered to obtain consistency and asymp-
totic normality of the estimators.

The philosophy of large-domain spatial statistics is as follows: Let there be
given a single realization of a random point pattern or a more general random
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set in a sufficiently large sampling window W, C R¢, which is thought to
expand in all directions as n — oo . Further, we assume that there is an adequate
model describing the spatial random structure whose distribution is at least shift-
invariant (stationary) and sometimes additionally even isotropic. Then only using
the information drawn from the available observation in W, we define empirical
counterparts (estimators) of those parameters and non-parametric characteristics
which reflect essential properties of our model. To study the asymptotic behaviour
of the estimators such as weak or strong consistency and the existence of limit
distributions (after suitable centering and scaling) we let W), increase unboundedly
which requires additional weak dependence conditions. Throughout we assume that
{W,,n € N} is a convex averaging sequence, that is,

1. W, is bounded, compact, convex and W,, € W, 4 forn € N.
2. r(W,) :=sup{r >0: B,(x) €W, forsome x € W} 1 co.

The second property means that W, expands unboundedly in all directions and
is equivalent to vy_;(0W,)/vqs(W,) —> 0 as immediate consequence of the
n—o0

geometric inequality

L _vaa1 W) _ d
rWy) = va(W,)  — r(Wy)’

(4.13)

see [237].
Exercise 4.1. Show that

r

va (W, \ (W & B, (0))) = / va1 (AW, © By(0))) ds < r va—i (0W,)
0

for 0 < r < r(W,) from which, together with vy (W, & B;w,)(0)) = 0, the Lh.s.
of (4.13) immediately follows. The r.h.s. of (4.13) results from an inequality by
J.M. Wills, see [519].

From the mathematical view point it is sometimes more convenient to consider
rectangles W, = x,‘.l=1[0,afn)] with af") P oofori = 1,...,d or blown up sets
W, =n W, where W C R? is a fixed convex body containing the origin o as inner
point.

4.2.1 Empirical K -Functions and Other Summary Statistics
of Stationary PP’s

Second-order statistical analysis of spatial point patterns is perhaps the most
important branch in point process statistics comparable with the spectral density
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estimation in time series analysis. We assume that the simple unmarked PP ¥ =
3. 8x, has finite second moments, i.e. E¥?(B) < oo for all bounded B € B(R?),
and is strictly or at least weakly stationary.

Weak (or second-order) stationarity of an unmarked PP ¥ ~ P requires only the
shift-invariance of the first- and second-order moment measures, i.e. A(B; + x) =
A(By) and a® ((B; + x) x (B, + x)) = a'® (B, x B,) for any bounded B, B, €
B(R?)) and all x € R?. Obviously, strictly stationary point processes having
finite second moments are weakly stationary. Further note that the reduced second
factorial moment measure ‘Xizeiz () is well-defined also under weak stationarity but
it can not be expressed as first-order moment measure w.r.t. P°' as in (4.9), see
[140] for more details. In what follows we assume strict stationarity. By applying
the Palm and reduction machinery sketched in Sect.4.1.2 we can describe the
first and second moment properties by the intensity A = E®(]0,1]?) and the
reduced second factorial moment measure ag)d (+) defined by (4.7) for k = 2
resp. (4.9) as first moment measure with respect to the Palm distribution P in
case of strict stationarity. If ¥ is additionally strictly or at least weakly isotropic, i.e.
Roa,(,?d = a,(,?d for O € SOy, then it suffices to know the function a,(,?d (B, (0)) for
r > 0.1In [424] B. Ripley introduced the K -function

K 1= 5 02 (B.0) = 5 B( X 106 € 0.1 U (B, () \ (X)) (414)

i>1

for r > 0 as basic summary characteristic for the second-order analysis of motion-
invariant PP’s, see also [22] or [265, Chap.4.3] for more details and historical
background. From (4.9) we see that A K(r) coincides with conditional expectation
E(lII(B,({o}) \ {o}) | Y({o}) = 1) giving the mean number of points within
the Euclidean distance r from the typical point (which is not counted). If ¥ is a
homogeneous Poisson process with intensity A, then, by Slivnyak’s theorem (see

Theorem 4.5 in Sect. 4.1.2), “S{z () = E¥(-) = Av,(-) and hence we get
a2

N

r(4+1)

For better visualization of the Poisson property by a linear function the so-

called L-function L(r) = (K (r)/wa )1/ “ is sometimes preferred instead of the
K-function. Both the K- and L-function represent the same information, but they
cannot completely characterize the distribution of a (motion-invariant) PP. In other
words, there are different point processes having the same K-function. Further
note that an explicit description of the family of K-functions does not exist so
far. Nevertheless, the K-function and its empirical variants, see below, are used
to check point process hypotheses when the K-function of the null hypothesis is
known (or generated by simulation on a finite interval [0, 7] ), see Sect.3.3.3 and
Figs.3.47-3.48.

K(r) = wg r? with w; 1= vy(B;(0)) = (4.15)
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In particular, the simple parabola-shape of the K-function (4.15) facilitates to
check the property of complete spatial randomness (briefly CSR) of a given point
pattern. Lemma 3.12 shows the connection between CSR and the Poisson property
shows the following

It contains the interpretation of the Poisson point process in statistical mechanics
as particle configuration, for example molecules in “ideal gases”, modelled as grand
canonical ensemble, where neither attraction nor repulsion forces between particles
occur. Lemma 3.12 also reveals an easy way to simulate homogeneous Poisson
processes in bounded domains, see Algorithm 3.6 in Sect. 3.2.2.

Since the K-function is also used to analyze (second-order) stationary, non-
isotropic PP’s we introduce two generalized versions of Ripley’s K -function (4.14).
First, the Euclidean d-ball B, (0) in (4.14) is replaced by r B, where B C RY is
a compact, convex, centrally symmetric set containing o as inner point. Such set
B is called structuring element in image analysis and coincides with the unit ball
{x € R : Ng(x) < 1} generated by a unique norm Nz(-) on RY . Let Kp(r)
denote the analogue to (4.14) which equals vy (B) r? if ¥ ~ I,,,. In case of a
Neyman—Scott process we obtain from (4.12) that

ENo(No— 1)

Kp(r) =va(B)r! + ==

/ £ dx with fy(x) = / FO) f +x)dy .
rB R4

A second generalization of (4.14) is the multiparameter K -function, see [231],
defined by

1 d
K(@ri,....rq) = Xaﬁzi(kél[—rk,rk]) for r,...,rg >0,

which contains the same information as the centrally symmetric measure a,(,i)d “).
For stationary Poisson processes we get

d
K(rl,...,rd):vd(k>_<l[—rk,rk]) =2y o org forry,...,rg>0.

We next define three slightly different non-parametric estimators of the function
A2 Kp(r) (briefly called empirical K -functions):

(), ()= (IWH) ;uxi € W) (W —bx)(r B + Xi) .
(K2),2) = 310 € W) 106 € W) 10N X = X) € 01D,

# I(X, S W,,)I(X] S Wn)l(NB(XJ — X,) € [O,I‘])

2 o
(A KB)n,3(r) T Z Vd((Wn - Xl) n (W” - X]))

i.j>1
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Each of these empirical processes is non-decreasing, right-continuous, and
piecewise constant with jumps of magnitude 1/v;(W,) (for i = 1,2) at random
positions Nz (X; — X;) arranged in order of size for i # j. Quite analogously, by
substituting the indicators of the events {Nz(X; — X;) € [0, r]} by the indicators
of {X; — X; € xlf:l[—rk, r¢]} we obtain the multivariate empirical processes

(AzK)nJ. (ri.....rq) fori = 1,2,3 as empirical counterparts of A> K(ry,...,rz).

By (4.8) resp. (4.9), (A/zK\B)n.l(r) is easily seen to be an unbiased estimator for

A% Kp(r) but it ignores the edge effect problem, that is, we need information from
the dilated sampling window W,, @ r¢ B to calculate this estimator for 0 < r < ry.
If this information is not available then one has to reduce the original window to
the eroded set W,, © rop B which is known as minus sampling. The second estimator
needs only the positions of points within W, , however, its bias disappears only
asymptotically, i.e.

E(A 2KB) L(r) =2 / ”"(MVS((LE/) *) a?, (dx) — A Kp(r). (416)

rB

Finally, (AZK B) 3(r) is a so-called edge-corrected or Horvitz—Thompson-type
estimator which also needs only the points located within W,,. The pairs (X;, X;) e
W, x W, are weighted according to the length and direction of the difference vector

X; — X; providing the unbiasedness of the estimator E()k/zla )n,S(r).

Exercise 4.2. Show (4.16) by applying the inequality (4.13) and prove

E(XK3), 1(r) = > Ka(r)

by means of (4.8) resp. (4.9).

For further details and more sophisticated edge corrections we refer to [265,385,
489] and references therein.

Before regarding consistency properties of the empirical K-functions we have a
short look at the estimation of the simplest summary characteristic—the intensity
A—and its powers A* given by

’X . lII(Wn)

YW~
e Vd(Wn) l—[

and (/{7‘),1 = STA)

4.17)
j=0

for any fixed integer k > 2. A simple application of the Campbell formula (4.6)
(or (4.8)) and the definition of the kth-order factorial moment measure yields

Ol(k)(VVn X eee X I/Vn)

EX, = A and E(ﬂ‘)n =
Vs(Wn)
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which shows the unbiasedness of ’Xn for any stationary PP, whereas (%), for k > 2
is unbiased only for the Poisson process ¥ ~ Iy ,,.

Exercise 4.3. For a stationary Poisson process ¥ ~ [T, ,, show that
(k) Y
o (By x -+ x Br) = A" va(B1) -+ -va(Br)

for any (not necessarily disjoint) bounded sets By, ..., By € B(R?).
The decomposition a® (W, x W,,) = y@ (W, x W,) + A% v3(W,) and reduction

reveal the asymptotic unbiasedness of (12),,

~ A 2
EA?Y), = A2 4+ —— / )/r(e (W, —x)dx — A?
U;(I/Vn) J d n—>00

provided that the total variation || y, . d |ty is finite. This motivates the assumptlon
of bounded total variation of the reduced factorial cumulant measure yre d()
for some k > 2 to express short-range correlation of the point process. To be
precise, we rewrite the locally finite (in general not finite) signed measure yre d()
on (Rd(" D B(RI*=D)) as difference of the positive and negative part yr(€31+()
resp. yre y ( ) (Jordan decomposition) and define the corresponding fotal variation
measure | )/r od \( ) as a sum of the positive and negative part:

k k)+ k)— k k) + k) —
Vier ) =vies O =yl () and |y | =y T O+ vy ().

Note that the locally finite measures y( )+() and yred "~ (+) are concentrated

on two disjoint Borel sets H resp. H~ with H* U H~ = RY*=D (Hahn
decomposition) which leads to the fotal variation of yre d( )

k _ o+ =,
7S ey = |78 [ ®AED) = O+ () 4y O~ () = / |e®(x) | d x.

RA(k—1)

where ¢®) : RY*=D 1 [—00, o0] is the kth-order cumulant density, if it exists.

Definition 4.5. A stationary PP ¥ ~ P on R? satisfying E¥* ([0, 1]9) < oo for
some integer k > 2 is said to be By -mixing if || yr(ig lrv < oo for j = 2,...,k.
A Boo-mixing stationary PP is called Brillinger-mixing or briefly B-mixing.

Example 4.1. From (4.12) it is easily seen that a Neyman-Scott process is
By -mixing iff EN(;‘ < oo without restrictions on f. This remains true for any
Poisson-cluster process. Moreover, a general cluster process is Bx-mixing if the PP
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¥, of cluster centres is Bx-mixing and the typical cluster size Ny has a finite kth
moment, see [227] for details and further examples like Cox processes.

Proposition 4.1. For any By.-mixing stationary PP we have E(A¥), — AX for
n—o00
k>2.

We next state the mean-square consistency of the above-defined empirical
K-functions under mild conditions. Furthermore, it can be shown that a possible
weak Gaussian limit (after centering with mean and scaling with /v, (W,,)) is for
each of the estimators of 1> K 3(r) the same.

Theorem 4.6. Let ¥ ~ P be a B4-mixing stationary PP with intensity A. Then
E(( ’Kp), (1) — A2 KB(r)) s 0 fori=1203
—>00
va (W) var(()LZKB)n’l(r) - ()LZKB)M.(r)) — 0 fori=2.3.

In other words, the boundary effects are asymptotically neglectable which can be
considered as a general rule of thumb in large domain statistics.

Finally, we mention that also higher-order reduced moment measures can be
estimated in quite the same way, see for example [274, 289]. Further second-
order summary characteristics and their empirical counterparts (called summary
statistics) such as the second-order product density p®(x), the pair correlation
function g(r) and the asymptotic variance 02 := lim,—o0 vg(W,) E(,)Cn - )2,
see (4.17), are briefly discussed in Sect.4.2.3. Summary statistics are used in all
branches of statistics to summarize data sets—in our case data from point patterns
or from realizations of random sets—to describe the underlying models by a small
number of parametric and non-parametric estimates. Further summary character-
istics frequently used in point process statistics are the empty space function (or
contact distribution function) F, the nearest-neighbour distance function G and the
J -function defined for a stationary PP ¥ = ) "._, 8x, ~ P by

F(r) = P(¥(B:(0)) > 0) = P({y € N : ¥/(B:(0)) > 0})

G(r) = P"'({y € N : ¥(B;(0)) > 0}) and J(r) = (1=G(r)/(1 = F(r)).

F is the distribution function of the distance dist(x, ¥) from a fixed point x € R?
to the nearest atom of ¥, whereas G is the distribution function of the corresponding
distance from a typical atom of ¥ to the nearest other atom of ¥. Unbiased non-
parametric estimators of F(r) and A G(r) are

P = M2 BN ) ) =y

Va (Wa) X; W,

1(dist(X;, ¥ — 8x,) €[0,r])
vy (Wh)
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The empirical J-function T (r) is defined as ratio ;\\n F, r/( 1G ), (r). To avoid
boundary effects we replace W, by W, & B, (o) for 0 < r < diam(W,)/2, if the
point pattern is observable only inside W, . In case of ¥ ~ [T}, Slivnyak’s theorem
yields F(r) = G(r) = 1 —exp{—A wq r?} so that J(r) = 1. This fact can be used
for testing CSR just by regarding the plot of the empirical version Tn (r) in some
interval [0, rg] .

4.2.2 The Role of Ergodicity and Mixing in Point
Process Statistics

The assumption of (strict) stationarity of a point process or random closed set
under consideration is frequently accompanied by the requirement of ergodicity.
It is beyond the scope of this survey to capture the full depth of this notion. We
only say that ergodicity is always connected with a group of measure preserving
transformations acting on the probability space. In our situation we take quite
naturally the group of translations {7}, : x € R?} as defined in Sect.4.1.1 on the
space of (marked) locally-finite counting measures or the corresponding shifts on
the space of closed sets in R¢. To be precise, we define besides ergodicity also the
somewhat stronger condition of mixing for stationary (unmarked) PP’s:

Definition 4.6. A (strictly) stationary PP ¥ ~ P is said to be ergodic resp.

mixing if

1
vg (Wy)

[ Pavin v s P PO e, POV > ) POR)
n—oo ||x||—>oo
I/I/“

forany Y;,Y, € M.

Loosely speaking, mixing means that two events becomes nearly independent when
they occur over parts of R? being separated by a great distance and ergodicity
weakens this distributional property in the sense of Cesaro limits. In physics
and engineering one says that an ergodic stochastic process allows to detect its
distribution after very long time of observation which carries over to spatial ergodic
processes when the observation window expands unboundedly in all directions.
This interpretation is rigorously formulated by ergodic theorems which state the
P-a.s. convergence of spatial means to expectations with respect to the underlying
distribution. The following ergodic theorem by X.X. Nguyen and H. Zessin [382] is
of particular importance in the theory as well as in statistics of stationary PP’s.

Theorem 4.7. Let ¥ ~ P be a stationary ergodic PP on RY with intensity A, and
let g : N+ [0,00] be (M, B(R?))-measurable such that fo’ g P (dy) <
00. Then
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/ gyl —8) Y (dx) — / ¢ P°(dy)

No

U(W)

for P-almost every ¥ € N .

This result can be applied to prove strong consistency for many estimators,
in particular, for various empirical Palm characteristics. In the special cases (a)
g(¥) = 1 and (b) g(¥) = ¥ (r B) we obtain strong consistency of the intensity

estimator (4.17) and (A’Kg), ,(r) for any r > 0, which implies even uniformly
strong consistency:

, P25 ) and sup \(AKB) (r) - AZKB("H P_)as 0.

n—00 0<r<R

We mention just one asymptotic relationship which requires mixing instead of
ergodicity, namely the generalized version of Blackwell’s renewal theorem. If the
stationary second-order PP ¥ ~ P is mixing, then, for any bounded B € B(R?)
satisfying vz (dB) = 0, it holds

gﬂ34n@”79 Avg(B),

see [140]. Note that a renewal process is just mixing if the length of the typical
renewal interval has a non-arithmetic distribution and thus, the latter result (applied
to an bounded interval B = [a, b]) contains the mentioned classical result from
renewal theory. For related results concerning the weak convergence of the shifted
Palm distribution P°'(T,(-)) to the stationary distribution P(:) as ||x|| — oo we
refer the reader to [140,346].

4.2.3 Kernel-Type Estimators for Product Densities and the
Asymptotic Variance of Stationary Point Processes

The Lebesgue density p® (x) of a,(,?d (-)—introduced in Sect. 4.1.2 as second-order
product density—and, if ¥ ~ P is motion-invariant, the pair correlation function
g(r) defined by

© 1 dK
P for ||x|]| =r >0 or equivalently g(r) = ——— ")
dwgrd=t dr

g(r) =

are very popular second-order characteristics besides the cumulative K-function.
Note that g(r) is understood as derivative (existing for vi-almost every r > 0)
of an absolutely continuous K-function (4.14). Since the numerical differentiation
of the empirical versions of K(r) as well as of the multiparameter K-function
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K(ri,...,rq) leads to density estimators of minor quality, the most statisticians
prefer the established method of kernel estimation in analogy to probability density
functions. The corresponding edge-corrected kernel estimators for A p®(x) and
A2 g(r) are

TP = & 3 LW W) Xy = X

iy va (O = Xi) 0 (W = X)) bn
resp.
— i £ X e WL €W (X =Xl =7
22 = ) J k /
Ront) = o, 2 o xonon %y )

i,j>1

where the kernel function k; | R? + R is integrable (and mostly symmetric,

bounded with bounded support) such that f]Rd ka(x)dx = 1 and the sequence of

bandwidths is chosen such that b, | 0 and b? vy (W,) —> oo. These conditions
n—>oo

imply the pointwise asymptotic unbiasedness of the kernel estimators, namely
E(Ap?),(x) — ApP(x) and E(A*g)(r) — 237 g(r)
n—o00 n—o0

at any continuity point x # o of p® resp. at any continuity point » > 0 of g, see
e.g. [232-234,275]. Under some further additional conditions one can show that

b va () var (1p2),(0) — 1% () [ K3 dx
n—>oo

R4

and also central limit theorems (briefly CLT’s) and optimal bandwidths can be
derived, see for example [232] for an application to testing point process models.
Furthermore, various asymptotic results for higher-order kernel-type product den-
sity estimators (among them rates of convergence, P-a.s. convergence) have been
obtained under stronger mixing assumptions, see [234,275].

Finally, we regard a kernel-type estimator of the limit

o’ = HILH;O v (W) Var@n)

which exists for all B,-mixing stationary PP’s. The following estimator has been
studied in [238]:

S gy M€ W) LX) € W) w((X; = X0 en)
@) > v (W — X0) 1 (W — X))

—c,‘f (;2),, / w(x)dx,

i,jzl R4
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where ¢, = b, (vg(W,))"/? and w : RY > R! is a non-negative, symmetric,
bounded function with bounded support satisfying lim,—, w(x) = w(o) = 1.

Theorem 4.8. For a By-mixing stationary PP the estimator (62),, is asymptotically
unbiased and mean-square consistent if b, — 0, ¢,/r(W,) — 0, ¢, — o0,
n—oo n—o0 n—oQ

and b, c, —> 0. If the PP is even B-mixing, then \/vq(W,) (,)Cn - /\)/0 is
n—>oo
asymptotically N (0, 1)-distributed, where o can be replaced by the square root of

(@)

In this way one can construct an asymptotic confidence interval which covers the
intensity A with given probability 1 — o .

4.3 Mixing and m-Dependence in Random Point Processes

Large domain statistics requires weak dependence assumptions of the observed
spatial process to derive properties of the estimators and to construct asymptotic
tests for checking statistical hypotheses. We formulate and apply a spatial ergodic
theorem. The notion of m-dependence plays an important role to prove limits
theorems for Poisson-driven models demonstrated in particular for the Boolean
model and statistics taken from Poisson procesess. We consider also some examples
which exhibit appropriate spatial versions of the «- and -mixing condition.

4.3.1 Poisson-Based Spatial Processes and m-Dependence

Definition 4.7. A family of random variables {£(¢), t € Z} defined on (£2, F,P)
is called m-dependent (d -dimensional) random field for some m € N if for any finite
U,V C 74 the random vectors (£ (u)),cy and (£(v)),ey are independent whenever

maxd |u; —vi| > mforallu = (ul,...,ud)T eUandv = (vl,...,vd)T eV,
I<i<

see also Sect. 10.1.2.

For d = 1 we use the term “sequence” instead of “field” and in what follows
we shall fix the dimension d > 1. In particular, in the theory of limit theorems
for sums of random fields the particular case of m-dependent random variables
indexed by a subset of Z? plays an important role because most of the classical
limit theorems known for sums of independent random variables remain valid with
obvious modifications for m-dependent sequences and fields. This includes also a
number of refined results such as Berry—Esseen bounds and asymptotic expansions
of the remainder term in the CLT, see [226], or Donsker’s invariance principle and
functional CLT’s for empirical m-dependent processes with cadlag-trajectories, see
for example [69].
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In stochastic geometry and point process statistics, m-dependent random fields
appear in connection with models which are defined by independently marked
Poisson processes. We discuss here two examples which exhibit the main idea.
This approach has been successfully applied to derive CLT’s for functionals of
Poisson-cluster processes and Poisson-grain models, see for example [227, 236].
For notational ease, let W, = ><l_1 [0, a( )) be a rectangle with large enough edges
A
Example4.2. Let & = |J,.,(&; + X;) be a Boolean model generated by the
stationary Poisson process ¥ ~ IT;, , and a bounded typical grain satisfying =y C
[—r,7]? P-a.s. for some fixed r > 0. We are interested in the asymptotic behaviour
of the random d-volume S, = v, (& N W,) which is closely connected with the
empirical volume fraction p, = S, /va(W),).

Example 4.3. 'We consider the random sum

Sa(r) =Y _1(X; € W) (¥ = 8x,)(r B+ X))

i>1

which coincides up to the scaling factor 1/v,(W,) with the empirical K-function

(AzK B) ,(r). We are able to derive the Gaussian limit distribution using the CLT
for m- dependent field provided that ¥ ~ [T, ,,. For simplicity assume that B C
(-1, 1.

In both cases take the smallest number r; > r such that the ratio v,(.") =

af”)/Zri is an integer for i = 1,...,d and decompose W, into blocks E;, with
t=(t,... ,td)T as follows:

W, = E . E = [2r,z,,2r,(z,+1)) V,,:x{l Sy

tev,

Then we may write S, = Y &(7) and S,(r) = > &(¢) with the random
tev, teV,
variables

§() =va(ENE) and & (1) =) 1(X; € E) (¥ =8x,)(r B+ Xp). 1€V,

i>1

forming a stationary 1-dependent random field due to the independence properties
of the stationary Poisson process ¥ and the fact that grains {Z;, i > 1} are i.i.d.
and independent of ¥. By the same arguments we get an i.i.d. sequence of random
marked counting measures

W =Y 1(X; € E) x5 for t € Zy

i>1
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and, in addition, the £(¢)’s admit a representation £(¢) = f(¥,, |t —y| < 1) in
terms of a measurable function f : (N,\(,)l)3d + R!, where V| denotes the space of
locally-finite marked counting measures on xf’zl [0,2r;) x K. In this way {£(¢), t €
V,} becomes a two-dependent random field with block representation, see [199,
226] for details. This representation of the field by functions of finite blocks of
independent random elements allows to check simple conditions that imply explicit
bounds of the remainder terms of asymptotic expansions in the CLT for S, and
S, (r) as well.

The CLT for (stationary) m-dependent random fields, see for example [69] or
references in [226], combined with |V,| = vg(W,)/(2r)? and p = Evy (& N
[0, 1)?) yields

VvaWa) (P, = p) = N(0.07) with o = (1= p)* / (e} Bva(EN(E0=) _ 1) gy,
]Rd

If the compact typical grain Z is not strictly bounded, then we first replace &
by the truncated grain Zy N [—7, 7] and apply the above CLT to the corresponding
truncated Boolean model &(r). In a second step we show that the ratio

var(va (8 \ E(r)) N W,) /va(Wy)

becomes arbitrarily small uniformly in n € N as r grows large provided that
Ev? (&) < oo. Finally, Slutsky’s theorem completes the proof of the CLT in the
general case.

In Example 4.3 we immediately obtain the normal convergence

Vi) (%K), () = 2 Kp(r) = NO.03())  (418)

with 02 (r) = 2 A vy (B) r¢ (1 +2Avg(B)r? ) , see also [274] for related CLT’s for
B-mixing stationary PP’s. Using the block representation of the random variables
& (1), t € V,, and the some results in [226], see also references therein, we obtain
the optimal Berry—Esseen bound

e 32 <x)— Y )| < B0
sup [ P(Vog (W) (PKa),, () =22 Kn(r)) < ¥) ()| = NORUDR

where @(x) := P(N(0,1) < x),x € R!, denotes the standard normal distribution
function.
Moreover, for the random sum

$0() = va (W) (WKp), () = S 1(X; € W) (¥ = 8x)((r B+ X) N W,) .

i>1
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which equals twice the number of pairs of points having Np-distance less than
or equal to r, a local CLT with asymptotic expansion can be proved by methods
developed in [199,226]:

(1 4+ b, F) Vo) | 5 var 81 P(Sar) =20 —gu(athr)) | 3.0

forany k = 0,1,2,..., where x,(k,r) = (2k —E§n(r))/(var §n(r))l/2 and

YA (1 . (x3—3x)E(§n(r)—E§n(r))3)

1
(Pn(X) = E 6@ (var ’S‘n(r) )3/2

4.3.2 Strong Mixing and Absolute Regularity
Jor Spatial Processes

The quantitative assessment of (weak) dependence between parts of spatial pro-
cesses (e.g. random fields, point processes, random closed sets) over disjoint subsets
of R? is based on mixing coefficients. These quantities provide uniform bounds
of the dependence between o-algebras generated by the spatial process over these
disjoint set which include rates of decay when the distance between these subsets
increases. These mixing coefficients permit to derive covariance estimates of the
random variables measurable with respect to these o-algebras. This in turn is
essential in proving asymptotic normality for sums of these random fields defined
over (§2,F,P). Here we shall briefly discuss two of the most relevant mixing
coefficients, see also Sect. 10.1.2.

Definition 4.8. For any two sub-c-algebras A, B C F the a-mixing (or strong)
coefficient (A, B) and the B-mixing (or absolute regularity) coefficient (A, B)
are defined by

@(A.B)i= sup [P(ANB)=PAPB)I,

B(A.B) :=Esup |P(B | A)—P(B)[= sup [Pags(C)—PaxPs)(C)],
BeB CeARB

where A ® B is the product o-algebra generated by A and B and P 4 x Py denotes
the product measure of the corresponding marginal distributions.

The inequality 2 (A, B) < B(A, B) is immediately seen from the above definition,
see [83] for an all-embracing discussion of mixing coefficients. As already men-
tioned the covariance cov(£, n) can be bounded by means of these mixing coefficient
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with respect to the o-algebras A = ¢(§) and B = o(n) generated by the random
variables £ and 7, respectively. Such covariance bounds are known for long time and
can be found in many papers and textbooks on limit theorems for sums of weakly
dependent random variables. If &, n are real-valued and p, g € [1, 00] such that
p~' 4+ ¢! < 1, then the inequality

| covig.n}| < C (EIEIP)Y (BInl)"* (20 (§).00)) ™77

holds which has been first proved by Yu.A. Davydov [146] with some positive
constant C (> 10). Recently, by improving the approximation technique used in
[146], the author and M. Nolde could prove that C = 2 is possible, see also [423]
for a different approach. A corresponding estimate with §(o(£), 0(n)) rather than
a(o(§),0(n)) on the right-hand side goes back to K. Yoshihara [522], see also [236]
for this and further references.

Let us consider a Voronoi-tessellation V(¥) = |J,;., dC;(¥) generated by a
simple stationary PP ¥ = »"._, 8y, , where dC; (¥) denotes the boundary of the
cell C;(¥) formed by all point in R which are closest to the atom X; ,i.e. C;(¥) =
{x eRY: ||x—X;|| < |lx—X;|,j #1i},andlet denote by Ay (F) resp. Ayw)(F)
the o-algebra generated by the PP ¥ restricted to F C R? resp. the o-algebra
generated by the random closed set V(¥) N F . With the notation F, = [—a,a]?
and A = b /4 the estimate

B(Avw)(Fo). Avwy (F{ 1)) < B(Aw(Fura). Au(F{y5,)) + R(a.b)  (4.19)

has been obtained in [230], where R(a, b) is a finite sum of certain void probabilities
of the PP ¥ decaying to zero at some rate (depending on a) as b — oco. A similar
estimate of ,B(AE(F,,), Az (Ff +b)) could be derived in [236] for stationary grain-
germ models & = |J,.,(&; + X;) in terms of a suitable f-mixing coefficient of
the generating stationary PP & ~ P with intensity A and the distribution function

D(x) = P(diam(Z)) < x) of the diameter of the typical grain =y :

B(Az(F.). Az (Fi ) < B(Aw(Faya). Au(Flis4))

o0

4 ad 20! [(1 n %)d_l +(3+ %)d_l]/xd dD(x)
A

(4.20)

Note that ,3(qu(Fu+A), Aw(F;HA)) = 0in(4.19)and (4.20)if ¥ ~ IT,,,, i.e. for
the Poisson—Voronoi tessellation and for Boolean models. Furthermore, there exist
precise estimates of this f-mixing coefficient for Poisson-cluster and Cox processes
and some classes of dependently thinned Poisson processes. We only mention that
both of the previous estimates can be reformulated with slight modifications in terms
of o-mixing coefficients.
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In [236] a CLT for geometric functionals of f-mixing random closed sets has
been proved. The conditions of this CLT can be expressed more explicitly for germ-
grain models due to (4.20). CLT’s for stationary random fields put assumptions
on mixing rates derived from mixing coefficients between specific o-algebras, see
[267] in the case of PP’s. An application of o-mixing to study empirical functionals
of geostatistically marked point processes can be found in [392]. Besides the
frequently used CLT of E. Bolthausen [74] the following CLT (first proved and
applied in [230]) presents a meaningful alternative to verify asymptotic normality
of estimators in stochastic-geometric models.

Let £ = {£(t), t € V,} be a stationary random field with index set V,, = {t €
7 2 ([0,1)? +t) C W,}, where {W, , n € N} is a convex averaging sequence in
R? implying |V,|/va (W,) e 1. Further, A; (F) denotes the o-algebra generated

by the random variables {£(¢), t € F N Z%} and S, = Doer, £

Theorem 4.9. Assume that there are two functions ,3; and ,3; * on N such that

B (q) forp=1,q€eN
BALE,), A(FE,) <
pd_lﬁg*(q) forpeN, g=1,....p.

If, for some § > 0,

o0
— 8/(2+68 —
Elé(o) |2+5 < 00, Z rd l(ﬂg(’,)) /( ) < 0o and r2d lﬁ;*(r)rjgoo’

r=1

then the asymptotic variance t*> = lgn var S, /va(W,) = >, ca cov(£(0).&(1))
n o0
exists and the normal convergence (vqg(W;,))~'/? (Sn — |Vl Eé(o)) = N(0,7?)
n—od
holds.

Note that the assertion of Theorem 4.9 remains valid if the slightly weaker
o-mixing coefficient is used, see [235] and references therein.

On the other hand, there are situations which require the stronger S-mixing
coefficient. For example, ¥ ~ P can be shown to be B;-mixing for any fixed k > 2
if E@ ([0, 1]9)¥*% < 0o and

oo
/ P01 (8, () gy < oo

1
for some § > 0, where the -mixing coefficient By : [1, 00) — [0, 1] is defined as a
non-increasing function such that By (r) > (min{1, £ )d_l B(Aw(F,). Ag(FLL,))

for all @, > 1. This implies that ¥ ~ P is Brillinger-mixing if By (r) < e8¢
with g : [1,00) — [0, oo] satisfying g(r)/log(r) — 0.
r—>00
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4.3.3 Testing CSR Based on Empirical K-Functions

Let (AZK B) (r) be any of the empirical K-functions (AzK B) (r),i = 1,2,3,
introduced and discussed in the above Sect.4.2.1. Below we formulate two func-
tional CLT’s for the corresponding centered and scaled empirical process on the
interval [0, R] when ¥ = {X;,i > 1} is a stationary Poisson process. We
distinguish between the cases of known intensity A and estimated intensity ;\\,, which
leads to two distinct zero mean Gauss—Markov limit processes (in the sense of
weak convergence in the Skorokhod-space D[0, R], see [69]). For both limits the
distribution function of the maximal deviation over [0, R] can be calculated. This
fact can be used to establish a Kolmogorov—Smirnov-type test for checking the null
hypothesis of CSR via testing the suitalzly scaled maximal deviation of the empirical

K -functions from A2 vy (B) r? resp. (A%), vg(B) r?, see (4.17). For the details of
the proofs (in the particular case B = B (0) ) and some extensions (among them, a
Cramér-von Mises-type test for K-functions) the reader is referred to [228].

Theorem 4.10. Let the stationary Poisson process W ~ I, with intensity A > 0

be observed in window W, = xle[O,af") | with unboundedly increasing edges.
Then

) i= Va O /x (%K), () = 2 va(B) 1) = ) —?V—(LL(Q;

(4.21)
mr) = N va W) 2 (7K ), ) = O va (BY ) = n(r) £ W2vg (B r)

for 0 < r < R, where = stands for weak convergence in the Skorokhod-space
n—oQ

DI[0, R]. Both weak limits ¢(r) and n(r) for r € [0, R] are Gaussian diffusion
processes with zero means and covariance functions

EC(5)C(t) =2Ava(B) ¢ (1 +2Xv4(B)t?) and En(s)n(t) =2v,(B) s?

for 0 < s <t < R.In (4.21), 4 means stochastic equivalence, W =
{W(t), t > 0} denotes the one-dimensional standard Wiener process and L(r) =
22v4(B) r¢ /(1 +2Avy(B) rd).

Corollary 4.1. The continuous mapping theorem, see [69], applied to (4.21)
implies that

| (t)' Of<na<XR|77n(")|

max_ |6 ()] = ~F and e = max [W(1)| ~ G

max ,
0<r=< n—o00 0<t<L 1—1 /2v;(B) R n—o0 0=i<
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where L = L(R) (< 1) and

1= FL(x) = 2(1 —o(x(1- L)/«/Z))

123 (-1t (Cb(x(Zn +1-L)/VL)—d(x2n—1— L)/«/Z))

n=1

o0
and 1-G(x) = 4(1=P(x)) +4 X (-D)"(1—=@(2n+1)x)).

n=1
Remark 4.5. The relevant quantiles of F; and G are known. Obviously, testing
the CSR-property via checking the goodness-of-fit of the K-function seems to be
easier when A is unknown. The convergence of the finite-dimensional distributions
of {¢,(-), n € N} follows from the CLT for m-dependent fields and the tightness
in D[0, R] is seen by an exact bound of the mixed fourth-order moment of two
consecutive increments. The convergence of the finite-dimensional distributions of
{n.(-), n € N} follows by applying a variant of Stein’s method to an asymptotically
degenerate U -statistic, see [228,231]

In [231] an analogous test of CSR based on the multivariate K-function
K(ri,..,rg) = 24y, - ... - rg and its empirical counterpart in case of a Poisson
process has been developed. We only sketch the main result in the case of unknown
intensity A. In [231] the case of known A is also treated in detail.

Let the assumptions of Theorem 4.10 be satisfied. Setting

(Aik)n(r) = (W) W) (P — 3X,)((>< [—ri.ril + X)) N W,)
forr = (rl,...,rd)T € [0,oo)d , and
- R d
N (r) = @ (()k2 K), (r) — (A%, 2¢ l_[ri)
n i=1

we obtain a sequence {1,(r), r € [0, R]¢} of empirical processes belonging to
the Skorokhod-space D([0, R]?) of d-parameter cadlag-processes that converges

weakly to a Gaussian random field {n(r), r € [0, R]¢} L (V241 Wy (r), ¢ €
[0, R]?}, where {W,;(r),r € [0,00)?} denotes the d-dimensional standard
Wiener sheet with mean value function EW;(r) = 0 and covariance function
EW, ()W (t) = [12,(si At;) fors = (s1,....84) T .t = (t1,....14)7 . Hence,
by the continuous mapping theorem it follows that

max |, (r) | = D, | n(r) | £ V20FTRd max | W (r)| .
ref0,R]4 ref0,1]4
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The a-quantiles of the distribution function
Ga(x) = P(|Wa(r1,m)| < x, V (ri,r) € [0,1%)

can be determined only approximately via large-scale simulations of the planar
Wiener sheet. In this way we found mgpos = 2.1165, mgg99 = 2.7105, and
Mmo.995 = 2.9313, where G,(m,) = « .
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