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Random tessellations and cellular structures occur in many domains of ap-
plication, such as astrophysics, ecology, telecommunications, biochemistry and
naturally cellular biology (see (Stoyan, Kendall and Mecke, 1987) or (Okabe,
Boots, Sugihara and Chiu, 2000) for complete surveys). The theoretical study of
these objects was initiated in the second half of the twentieth century by D. G.
Kendall, J. L. Meijering, E. N. Gilbert and R. E. Miles notably. Two isotropic
and stationary models have emerged as the most basic and useful: the Poisson
hyperplane tessellation and the Poisson—Voronoi tessellation. Since then, a large
majority of questions raised about random tessellations have concerned statistics
of the population of cells (“how many cells are triangles in the plane?”, “how
many cells have a volume greater than one?”) or properties of a specific cell (typ-
ically the one containing the origin). Two types of results are presented below:
exact distributional calculations and asymptotic estimations.

In a first part, we describe the two basic constructions of random tessellations
(i.e. by throwing random hyperplanes or by constructing Voronoi cells around
random nuclei) and we introduce the fundamental notion of typical cell of a
stationary tessellation. The second part is devoted to the presentation of exact
distributional results on basic geometrical characteristics (number of hyperfaces,
typical k-face, etc.). The following part concerns asymptotic properties of the
cells. It concentrates in particular on the well-known D. G. Kendall’s conjecture
which states that large planar cells in a Poisson line tessellation are close to
the circular shape. In the last part, we present some recent models of iterated
tessellations which appear naturally in applied fields (study of crack structures,
telecommunications).

Intentionally, this chapter does not contain an exhaustive presentation of
all the models of random tessellations existing in the literature (in particular,
dynamical constructions such as Johnson-Mehl tessellations will be omitted).
The aim of the text below is to provide a significative view of recent selected
methods and results on a few specific models.

0.1 Definitions and basic properties of random tessellations
0.1.1 Introduction

Let 7 = {C;};>1 be a locally finite collection of closed sets of R%, d > 1. The
family 7 is said to be a tessellation of R? if C; and C; have disjoint interiors for
i # jand J;5, Ci = R?. The sets C;, i > 1, are called the cells of the tessellation
7. In this chapter, we will consider the particular case of a convez tessellation
where each cell is a convex polyhedron.

We endow the set T of all convex tessellations of R? with the o-algebra
generated by sets of the form

{T = {Ci}iZI : [Uizlaci] NK 7£ @}

where K is any compact subset of R%.



A random conver tessellation is then defined as a random variable with values
in T, see (Stoyan, Kendall and Mecke, 1987). In the following, we will focus on two
fundamental examples: the hyperplane tessellation and the Voronoi tessellation.

Let X be a point process in R? which does not contain the origin almost
surely. For every « € X \ {0}, we denote by H, the affine hyperplane orthogonal
to x and containing z, i.e.

H,={yeR®: (y —z,z) =0}, (0.1)

where (-,-) denotes the usual scalar product in RY. The hyperplane tessellation
induced by X is the convex tessellation constituted with the closure of each
connex component of R% \ U ex H,.

Let X be a point process in R%. For every z € X, we define the cell C(x)
associated with z as

Cx) ={y e R¥: |ly —z|| < ||y — 2'|| for all 2’ € X}.

The Voronoi tessellation induced by X is the tessellation {C(z) : z € X}. The
points in X are called the nuclei of the tessellation.

In particular, if X is a stationary point process in R?, the associated Voronoi
tessellation is stationary (invariant under any translation). In the particular case
where X is a homogeneous Poisson point process, it is stationary and isotropic
(invariant under any rotation): we speak of a Poisson—Voronoi tessellation (Ok-
abe, Boots, Sugihara and Chiu, 2000; Mgller, 1994).

Let us consider the measure O on R? such that its density with respect to
the Lebesgue measure is ||-||~(?~1). If X is a Poisson point process with intensity
measure O (up to a multiplicative constant), the associated hyperplane tessel-
lation is isotropic and stationary. We speak of a (stationary) Poisson hyperplane
tessellation (Gilbert, 1962; Miles, 1964 a; Miles, 1964b; Miles, 1969; Miles, 1971).

There are obviously many other types of tessellations which are of great
interest and could not be discussed here, for instance Johnson—Mehl tessella-
tions (Mgller, 1992) or Laguerre tessellations (Lautensack, 2007; Lautensack and
Zuyev, 2008). Though the only Voronoi tessellation that will receive attention
in the rest of the chapter is the (homogeneous) Poisson—Voronoi tessellation, it
should be noted that Voronoi tessellations generated by other types of more com-
plicated point processes have also been investigated and have led to significative
results, see e.g. (Heinrich, 1998; Blaszczyszyn and Schott, 2003; Heinrich and
Muche, 2008).

0.1.2  Zero-cell, ergodic means and typical cell

One of the fundamental questions raised in the study of random tessellations is
to find a way to isolate a particular cell which will be a good descriptor of the
collection of all cells, i.e. to define a uniform sample among all the cells.

0.1.2.1 Zero-cell. A first idea is to fix a point in R? and consider the cell
containing that point.
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If there is almost surely a unique cell containing the origin 0, it is called the
zero-cell of the tessellation and will be denoted by Cj. It is correctly defined for a
Poisson—Voronoi tessellation or for a hyperplane tessellation where the associated
point process has an intensity measure which does not charge the origin. In
particular, the zero-cell of the stationary Poisson hyperplane tessellation is called
the Crofton cell.

Let us remark that Cj is not a “mean cell”, in the sense that it does not have
the mean characteristics of the whole population of cells. It is in particular bigger
than the typical cell defined below, see the ergodic convergence (0.2) applied to

f=\a

0.1.2.2  Ergodic means. It is therefore intuitive to consider a finite set of cells
included in a non-empty compact set W and to calculate the mean over these cells
of a real-valued, bounded, measurable and invariant-under-translations function
f defined on the family C of convex and compact sets in R?. If the tessellation
is stationary and ergodic (as in both Poisson—Voronoi and Poisson hyperplane
cases), Wiener’s ergodic theorem (Wiener, 1939) and a proper treatment of “edge
regions” ensure that this mean converges when the size of W goes to infinity
(Cowan, 1978; Cowan, 1980).

Let Ngi be the number of cells of a Poisson—Voronoi or stationary Poisson
hyperplane tessellation included in RW for every R > 0. Then for any bounded,
measurable and invariant-under-translations function f : K — R,

.1 N 1 f(Co)
A 227 = 5 (Ad(cw) ’ 0:2)

i=1

where Ay is the d-dimensional Lebesgue measure. The typical cell € is then
defined as a random variable which takes values in the set K and has a density
with respect to the distribution of Cy equal to (1/A\g) up to a multiplicative
constant.

The use of this kind of convergence as an approximation of the typical cell
requires the existence of central limit theorems: in the two-dimensional Poisson—
Voronoi case, it was proved by Avram and Bertsimas (1993) when f is the
perimeter of a polygon, through a stabilisation-type method. Afterwards, Paroux
(1998) obtained with the method of moments a similar result for the Poisson line
tessellation in the plane and for several functionals among which the perimeter
and the number of vertices. More recently, Heinrich, Schmidt and Schmidt (2005)
used Hoeffding’s decomposition of U-statistics to derive multivariate central limit
theorems for a d-dimensional Poisson hyperplane tessellation (d > 2) and for the
number and volume of k-faces (0 < k < (d — 1)) of the tessellation.

0.1.2.3  Typical cell and Palm measure. Defining the typical cell through er-
godic means may not be the most convenient way to study its specific proper-
ties. Stationarity allows us to deduce an equivalent definition through the use of



Palm measures (Mecke, 1967; Neveu, 1977) (see also [CHAPTER Classical
stochastic geometry]).

Indeed, let us suppose that we can assign to any cell C in the tessellation a
unique centroid z(C') such that z(C + z) = 2(C) 4+ = and the point process Y
of all these centroids is stationary (of intensity -y). For instance, in the Poisson—
Voronoi case, z(C') can be the nucleus associated with C. In the general case
of a stationary tessellation, we can take the center of mass, or the center of the
largest ball included in the cell or equivalently the lowest point of the cell (with
respect to one of the coordinates).

The typical cell € is then equivalently defined as a random variable such
that for every bounded, measurable and invariant-under-translations function
f:K — R and every B € B such that 0 < A\g(B) < o0

E(/(#)) = 557 {C:Z%GB}]C(C_Z(C” . (0.3)

That definition (Mecke, 1967; Mecke, 1975; Mgller, 1986) does not depend on the
chosen centroid process and the method is equivalent to the ergodic procedure,
since E(f(%)) is precisely the limit of the ergodic means, i.e.

- 1 f(Co)
Bl7(€) = E()\d(Co)_l)E (Ad(co)> ' 04

This last equality (Mgller, 1989) can also be seen as a generalization of a formula
which can be found in (Gilbert, 1962), page 964, and would here correspond to
the choice f = A%

In simple words, % is the cell containing the origin 0 when the point process
of centroids is conditioned on containing 0. It is also the cell “seen from a typical
centroid”.

In the same way, it is possible to define the typical k-face 6, 0 < k <
(d — 1) by associating with any k-face of the tessellation a precise centroid and
by using the underlying Palm probability measure ﬁ,g, see e.g. (Mgller, 1989;
Mpgller, 1994).

Finally, a different approach consists in defining a typical point on a k-face
by considering the stationary random measure My = 3 ey Hi(F N ) and

its associated Palm probability measure P,? on the set of locally finite subsets of

Rd
1
Jrarge) = Lo [ ia0) - a0 ctparn@ . 03)

where f is a measurable bounded function defined on locally finite subsets of
R? and 4 is defined as the multiplicative constant such that the deterministic
measure E(M}) which is invariant under translations is equal to yxAg, see e.g.
(Baumstark and Last, 2007). We say that P is the distribution of the point
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process of the centroids of the cells “seen from a typical point on a k-face”. We
denote by Cp j the k-face containing the origin under Pp.

The two Palm procedures (seeing the tessellation from the centroid of a k-
face or from a typical point of a k-face) are related in the same way as % and
Cy in equation (0.4). Indeed, Neveu’s exchange formula (Neveu, 1977) provides

the relation
_ 1 f(Cox)
Bl () = E(Hk(Co,k)_l)E <Hk(00,k)> (06)

for any bounded, measurable and invariant-under-translations f : K — R, see
Baumstark and Last (2007). As a matter of fact, (0.6) is generally applied to
functions f which are invariant-under-rotations as well.

0.1.2.4  Realizations of the typical cell. The typical cell is not a particular cell
isolated from a realization of the tessellation. Nevertheless, it can be explicitly
constructed in both Poisson—Voronoi and Poisson hyperplane cases.

The key result in both cases is the well-known and very useful Slivnyak’s
formula for Poisson processes (see [CHAPTER Classical stochastic geom-
etry]). If X is a Poisson point process in R? of intensity measure u, then for
every n > 1

E Z flry, ..z, X)
{z1,....2, }CX
1

== E{f(z1,...,2n, X U{z1,...,2n})} du(z1) ... dp(zy), (0.7)

where f is a bounded, measurable and invariant-under-permutations function
defined on the product (R%)" x A/, N being the set of locally finite subsets of
R?, see Mgller (1994).

If the set of centroids is a homogeneous Poisson point process, a basic use of
Slivnyak’s formula implies that the associated Palm measure is the distribution
of the same process with an extra point at the origin. In particular, the typical
cell ¥ of a Poisson—Voronoi tessellation generated by a homogeneous Poisson
point process X is equal in distribution to the zero-cell of a Voronoi tessellation
constructed with the new set of nuclei X U{0}. In the Poisson hyperplane tessel-
lation case, a specific choice of a centroid process is required. The result below
is a particular example of a possible realization of the typical cell. It is based on
(Calka, 2001).

If we take for z(C) the center of the largest ball included in the cell C,
Slivnyak’s formula allows us to obtain a generalization in any dimension of the
construction given by Miles in dimension two (Miles, 1973).

e Let R and (Up,...,Uy) be independent random variables with values in
R4 and (Sd_l)(d'H) respectively such that R is exponentially distributed
with mean 1/wg and (Uy, . .., Uy) has a density with respect to the uniform



measure on (Sd_l)(d'H) which is proportional to the volume of the simplex
constructed with these (d+1) vectors (multiplied by the indicator function
that this simplex contains the origin).

e Let Y be a point process such that conditionally on {R =7}, r >0, Y is
a Poisson point process of intensity measure le\BT(O)(x)||x||*(d’1)dx.

e Let %] be the polyhedron containing the origin obtained as the intersection
of the (d + 1) half-spaces bounded by the hyperplanes Hgy,, 0 < i < d.

e Let %5 be the zero-cell of the hyperplane tessellation associated with Y.

Then the typical cell of the stationary Poisson hyperplane tessellation is dis-
tributed as the intersection %) N %5.

The next part provides some precise results on the distribution of several
geometrical characteristics of the typical cell and the typical k-faces.

0.2 Exact distributional results

0.2.1  Number of hyperfaces and distribution of the cell conditioned on the
number of hyperfaces

In this section, we consider the zero-cell Cy of a Poisson hyperplane process
such that the intensity measure of the underlying point process is (in spherical
coordinates)

dO(t,u) = y1g, (H)t* 'dtdog(u),

where o4 is the uniform measure on S, a > 1 and v > 0.

In particular, if & = 1, we obtain the Crofton cell and if & = d and v = 2¢,
Cy is distributed as the typical cell of a Poisson—Voronoi tessellation of unit
intensity.

Let us denote by Ng_1 the number of hyperfaces of Cy. In the Poisson—
Voronoi case, it can be identified as the number of neighbors of the typical nucleus
0. We explain here how to calculate the probability of having n hyperfaces as a
multiple integral of order n. The formula can be made fully explicit in dimension
two. The lines below are based on (Calka, 2003b; Calka, 2003a).

For n points x1,...,z, € R4\ {0}, we define D(x1,...,x,) as the connected
component containing the origin of R? \ U™, H,,, see (0.1) for the definition of
H,,.

In any dimension, Slivnyak’s formula (0.7) yields that for any n > (d + 1),

1 .
P{Nor=n}= & /e—v@@h---wlAn(m,...,xn)d@(:cl) .dO(zn), (0.8)

where ¥®(z1,...,2,) = © ({x € R : H, N D(x1,...,2,) # 0}) and A, is the
subset of n-tuples (z1,...,x,) such that D(x1,...,2,) is a convex polyhedron
with n hyperfaces and containing the origin 0.

Let us remark that this formula was heuristically obtained in dimension two
and in the Poisson—Voronoi case by Miles and Maillardet (1982). The functional
® as well as the indicator function 14, need to be made more explicit in function
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of z1,...,x,. For any convex subset K of R? which contains the origin, we denote
by h(K,u) = sup{(z,u) : x € K}, u € S%~1, its support function. Then for any
real > 1,

1
Bty vmn) = o [ BD(e1 - za) 0 doala).
In the two-dimensional case, if the points 1 = (r1,601),...,2, = (rn,0,) are

sorted by angular coordinate such that 0 < 6; < --- < 6, < 27, we have for
every ug = (cos(f),sin(#)) with 0, <0 < 6,41 (1 <i<mn)

1

h(D(mla cee 7xn)7u9) = m

(Sin(9i+1 - 9)7‘,’ + Sin(@ — 01‘)7“1‘_;,_1)

and the integration of h™ can be carried out for « = 1 and aw = 2. If vy = 1, we then
obtain in the first case the perimeter of the set D(x1,...,x,) and in the second
case the area of the fundamental domain of D(z1,...,z,) (often called Vorono:
flower), i.e. the union of the n discs centered at y;/2 and of radius ||y;||/2, where
the y;, 1 < i < n, are the vertices of D(x1,...,x,). Lastly, we can express the
indicator function with the use of polar coordinates: (z1,...,2,) € C, if and
only if for every 1 <i <mn,

ri—1 Sin(0i+1 - 92) + Ti+1 sin(9i - 91',1) > Sin(0i+1 - 91',1)

with the conventions zo = (r9,0) = x,, and z,41 = 1.

Consequently, we obtain an explicit formula which provides a way to do
numerical calculations or to look for asymptotic estimates and limit shapes for
many-sided cells, see e.g. (Hilhorst, 2005; Hilhorst, 2006; Hilhorst and Calka,
2008). Nevertheless it is of little help for estimating the moments, for instance, it
is very hard to verify the well-known equality E(N;) = 6 in the planar Poisson—
Voronoi case. In this connection, it should be noted that a calculation of the
second moment of the number of vertices of the typical Poisson—Voronoi cell in
any dimension has been recently provided in (Heinrich and Muche, 2008) via the
use of second-order properties of the point process of nodes of the tessellation,
see also (Heinrich, Kérner, Mehlhorn and Muche, 1998).

Going back to (0.8), let us add that the functional of (z1,...,z,) inside
the integral is up to a multiplicative constant the density of the distribution
of the respective positions of the n hyperplanes which surround the zero-cell
conditioned on having n hyperfaces. In particular, it provides an easy way to
verify that conditionally on {Ny_; = n}, n > (d+1), ©({x € R?: H,NCy # 0})
is Gamma-distributed with parameters n and 1, see (Zuyev, 1992; Cowan, Quine
and Zuyev, 2003) and also the work by S. Zuyev on “stopping sets” techniques
(Zuyev, 1999).

0.2.2  Typical k-face of a section of a Poisson—Voronoi tessellation

This section is a quick survey of a number of papers (Mgller, 1989; Muche and
Stoyan, 1992; Mecke and Muche, 1995; Muche, 1996; Schlather, 2000; Muche,



2005; Baumstark and Last, 2007), which concern exclusively the d-dimensional
Poisson—Voronoi tessellation or its sections with deterministic affine subspaces
and propose mainly explicit formulas for the distribution of the typical k-face or
typical edge.

Let 7 be a Voronoi tessellation generated by a set of nuclei distributed as
a homogeneous Poisson point process of intensity 1. Miles (1970), Mecke and
Muche (1995) and Muche (1996) provided a precise description of the Palm
measure P as defined in (0.5), i.e. the distribution of the point process of the
nuclei as seen from a typical vertex. Baumstark and Last (2007) prove a gen-
eralization of their result, i.e. a full characterization of the Palm measure P,S
(0 < k < d) which is explained below.

e The random set P]g contains no point (from the homogeneous Poisson point
process) apart from the origin 0 in a random ball Bg, (0) such that Ry, is
Gamma-distributed variable with parameters (d — k + k/d) and kg.

e Conditioned on {Ry =71}, r >0, PPN {z € R%: ||z|| > r} is distributed as
a homogeneous Poisson point process of intensity 1.

e The intersection PPN (R,S?~1) contains exactly (d+ 1—k) points from the
homogeneous Poisson point process which are independent with (Ry, {z €
PY : |lz|| > r}) and distributed as follows: we denote by Zj and R} the
center and the radius of the unique (d—1—k)-dimensional sphere containing
these (d + 1 — k) nuclei. The (d + 1 — k) neighbors of the origin are then
distributed as \/R: — R?U + R.U;, 0 < i < (d — k) (up to a special
orthogonal transformation), where

x we have U € ¥ ! and (Uy,...,Uy_j) € (S 1-F)(d=k+1)

* the (d—k+1)-tuple (Uy,...,Us—k) has a density (with respect to the
uniform measure on (S?1~%)(@=*+1)) which is proportional to the
(d — k)-dimensional Hausdorff measure raised to the power (k+ 1) of
the simplex spanned by the (d — k + 1) vectors,

* conditioned on (Uy, ..., Uq—r), the direction U is uniformly distributed
on S 1N {Uo, ceey Uvd}L7

* the quantity Rj?/R? is independent with the vector of directions
(U, Uy, ...,Uq—) and is Beta-distributed with parameters d(d — k)/2
and k/2.

The main tools for proving this decomposition are Slivnyak’s formula (0.7) and
the Blaschke—Petkantschin change of variables formula, see Satz 7.2.1 of (Schnei-
der and Weil, 2000). It can be thought as a generalization of the previously known
distributional results about the Poisson—-Delaunay typical cell which would cor-
respond here to the case k = 0, see e.g. (Miles, 1970; Mgller, 1994). Let us remark
finally that this results have been recently extended to Laguerre tessellations by
Lautensack (2007).

This description combined with the relation expressed by (0.6) between the
Palm measure P,? and the typical k-face %) implies some precise distributional
results on %%. If the centroid of a k-face is chosen as the equidistant point from
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the (d—k+1) neighbors of the k-face and in the affine subspace generated by the
neighbors, it is possible to calculate explicitly the joint distribution of the vector
constituted with Hy(%%), the distance p from the centroid 0 of the typical k-face
to the (d — k + 1) neighbors of the k-face and the (d — k 4 1) unit-vectors which
determine the directions from the centroid to the neighbors. In particular, these
directions are shown to be independent with (Hy(Ck), pr) and have the same
distribution as (U, ..., Uq4—f) in the construction above.

If kK = 1, the calculation can be simplified and provides the same formulas
as in (Muche, 2005), which will be given afterwards. In that paper, L. Muche
investigates more generally the typical edge of a section of a Poisson—Voronoi
tessellation of intensity 1 by a deterministic s-dimensional affine subspace where
1 < s < dandd > 2 This work unifies and extends previous efforts due to
Brakke (1985), Mgller (1989), Muche and Stoyan (1992), and Schlather (2000).

Exploiting the fact that the typical edge is equal in distribution to a randomly
chosen edge emanating from the typical vertex, L. Muche makes explicit the joint
distribution of the vector constituted with the length L of the typical edge and
the two adjacent angles By = Z(v1,v9,z) and By = Z(vg,v1,2) where v; and
vg are the vertices of the edge and x is one of the s neighbors of the edge. The
density of (L, B, Bs) is up to a multiplicative constant equal to

194(s+2)=s=1(gin(3; ) sin(B))®

f(l,51,52) = Sin® 23, 1 6y)

IB(B1)fB(B2) exp (—v(l, B1,52)),

where

e the quantity v(I, 81, B2) is the d-dimensional Lebesgue measure of the union
of two balls such that their centers v; and vy are at distance [ and the an-
gles Z(vg,v1,2) and Z(v1,vq,x) are equal to 1 and s, x being any point
at the intersection of the boundaries of the balls.

_@ﬁﬂﬁr@%ﬂ%@%j).sﬂﬂ L%H‘
e [5(B) = [ (4T (LELsi) sin? ) ; b (),

for every 0 < 8 < 7 with

Li(w — B) cos(B) + sin(B)] if d even

T

bO = ’
cos?(3/2) else
—4\/»+(?+§) Sin2i+1(ﬂ) if d even
2
b = , 1<i<|(d-1)/2)
L(i—3)

—m Sin2i (ﬂ) else

Let us remark that the explicit calculation of all the moments of the variables
can be deduced from the formulas above. Additional calculations were added
in (Muche, 2005) about the relative positions of the s neighbors. It concerns
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in particular the distance from any neighbor to the affine subspace generated
by the typical edge and the conditional distribution of the length of the edge
conditionally on the fact that the projection of any neighbor on the spanned
affine subspace is inside the edge or not.

0.2.3 The circumscribed radius

This section provides a different kind of information on the zero-cell Cyy defined
in section 0.2.1. Indeed, we are now interested in putting in an optimal way
the boundary of Cy between two spheres centered at 0. The main result is that
in any dimension, the joint distribution of the radii of the two spheres can be
expressed in terms of covering probabilities of the unit-sphere by random caps
and in dimension two, it can be explicitly calculated. The following ideas are
basic generalizations of the results contained in (Calka, 2002).

We introduce the quantity R,, = sup{r > 0: B,.(0) C Cp}, i.e. the radius of
the largest disk centered at 0 and contained in the cell. Clearly, we have

P{R,, > r} =exp (—%ro‘) , m>0,

and the distribution of the hyperplane process conditioned on {R,, > r}, r > 0,
is a new hyperplane process of intensity measure 1ga\ g, (0)d©.

In order to have a more precise idea of the shape of Cj, it is relevant to
consider the radius of the circumscribed ball centered at the origin, i.e. Ry, =
inf{r > 0: B,(0) D Cp}. It can be shown that the distribution of R is related to
the covering probability of S*~! by a Poissonian number of independent random
circular caps such that their centers on S¥~! are uniformly distributed and their
angular radii (divided by 7) have the distribution given below:.

dv(0) = amsin(n0) cos™(m8)1 1 2)(0)d0.

Indeed, having Rjp; > r for a fixed r > 0 means that there is a non-empty
portion of the sphere rS%! which is not covered by the intersection with the
hyperplanes of the Poisson hyperplane process. To be more precise, let us denote
by P(v,n), for every n > 0, the covering probability of S¥~! by n independent
random circular caps which are isotropic and of angular radius distributed as
v(-/m). We obtain

Wi o) o (Zatr)”
P{Ry >r} = exp( o ) 7;] " (1 - P(v,n)).
This relation is easily generalized if Cy is conditioned on {R,, = r}.

We now concentrate on the two-dimensional case. If d = 2, the covering
probabilities P(v,n) can be calculated (Stevens, 1939; Siegel and Holst, 1982),
which provides us an expression for P{R; > r}. In particular, when r — oo, we
use a basic ordering relation between the covering probabilities (conjectured in
(Siegel, 1978) and proved in (Calka, 2002)) in order to “replace” the distribution
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v by its mean I, = % foﬂ/Q cos®(u)du. We obtain that there exist two constants
0 < C7 < C5 < oo such that for r large enough,

21, 2my1,
C1r®exp (—mra) <P{Ry >r} < Cor®exp (—mra) .
o o

The calculation of the joint distribution of the couple (Ras, R,,) leads us to
obtain an asymptotic estimation of P{Ry; > r+r°|R,, =7} for 1 — 2a < § <1,
see section 0.3.2 for a generalization of that result in any dimension. In fact,
this probability is proved to decrease exponentially fast to zero, which indicates
that the zero-cell converges to a circle when its inradius goes to infinity. It is a
particular case of D. G. Kendall’s conjecture which will be the center of our next
section.

0.3 Asymptotic results
0.3.1 D. G. Kendall’s conjecture

A very-well known conjecture due to D. G. Kendall states that cells of large
area in an isotropic Poisson line tessellation are close to the circular shape, see
e.g. the foreword of (Stoyan, Kendall and Mecke, 1987). The conjecture can be
rephrased in a modern setting as follows: the conditional distribution of the two-
dimensional Crofton cell converges weakly when its area goes to infinity to the
degenerate law concentrated at the circular shape.

Works due notably to Miles (1995) or Goldman (1998) were first advance-
ments on the subject (see also (Goldman, 1996; Goldman and Calka, 2003) for an
interpretation of the conjecture in terms of the first eigenvalue of the Dirichlet—
Laplacian on the cell). Kovalenko (1997, 1998, 1999) proved the conjecture in the
case of a two-dimensional isotropic and stationary Poisson line tessellation. Since
then, Hug, Schneider and Reitzner (20044, 2004b) have obtained far more precise
results which generalize D. G. Kendall’s conjecture in four different ways: more
general Poisson hyperplane tessellations, more general functionals to measure
the largeness of a cell, explicit estimates for deviations from asymptotic shapes
and identification of the cases where limit shapes do not exist. Their proofs mix
precise arguments from geometry of convex bodies (in particular, isoperimetric
inequalities and existence of associated extremal bodies) combined with prob-
abilistic estimations which make good use of the Poissonian distribution. This
section is devoted to a basic presentation of the main results and the underlying
methods contained in papers by Hug, Reitzner and Schneider (2004a, 20045) and
by Hug and Schneider (2004, 2007a).

0.3.1.1 Context and useful functionals. We consider the zero-cell Cy of a hy-
perplane tessellation in R?, d > 2, such that its intensity measure denoted by ©
is defined in spherical coordinates by the equality

dO(t,u) = vt*~dtp(du),
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where v > 0, & > 1 and ¢ is a probability measure on S?~! such that its support
is not contained in a half-sphere. As previously mentioned, this general model
interpolates the cases of the Crofton cell of an isotropic Poisson hyperplane
tessellation and of the typical Poisson—Voronoi cell.

Here we follow the scheme developed in the papers cited above. Three types
of functionals are used to study size and shape of the zero-cell Cy. They are
defined on the set denoted by Ky of all convex bodies K such that K contains
0 and is the intersection of its supporting halfspaces which have an outer unit
normal vector in the support of .

e The parameter functional ® (already used in section 0.2.1) is defined by

the equality

O(K) = é/h(K,u)o‘gp(du), K € K.

It is a continuous function related to the intensity measure in such a way
that the probability P{K C Cy} is equal to exp(—y®(K)).

e The size functional denoted by ¥ is a function aimed at “measuring” the
size of Cy. The only properties that ¥ has to satisfy are that it has to
be continuous, increasing and homogeneous of some degree k > 0 (i.e.
Y(rK) = r*%(K) for every K € K and 7 > 0). Volume, surface area or
inradius (see section 0.3.2) are basic examples of such a function.

e The deviation functional V is related to the two previous functionals ® and
3 and will measure the distance between C( and the potential limit shape.
It is defined in the following way: since ® is homogeneous of degree «, the
two previous functionals ® and ¥ satisfy an isoperimetric inequality of the
form

O(K) > t3(K)**, K € Ko, (0.9)

where 7 is some positive constant which can be chosen such that there
exist convex bodies K € Ky, called extremal bodies, for which the equality
holds. The functional V is then introduced as a continuous, non-negative
and homogeneous of degree zero function such that V(K) = 0 implies that
K is extremal. For instance, V can be defined by the equality

O(K)

VIK)=————-1, KeKk. 0.10

( ) TE(K)O‘/k Y ( )
Let us remark that the isoperimetric inequality (0.9) can be strengthened as
follows: there exists a non-negative continuous function f on R; with a unique
zero at zero such that if V(K) > ¢ > 0 for K € Ky, K must satisfy the inequality

O(K) > (1 + f(e))B(K)*/k.

0.3.1.2  Estimates of conditional probabilities. If € > 0 and a > 0 are fixed, the

aim is now to evaluate conditional probabilities

P{V(Cy) > &;2(Cp) > a}
P{Z(Co) Z a}

P{V(Cy) > £|S(Co) > a} = (0.11)
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for a fixed € > 0 and a sufficiently large.

A first remark is that it is easier to give a lower bound of the denominator in
(0.11). Indeed, for an extremal body K, the probability of having K C Cj is equal
to exp(—7yX(K)*/*). Consequently, it suffices to compare Cj with an extremal
body included in it of size a to obtain that P{X(Cy) > a} > exp(—7rya®/*) for
every a > 0.

The estimation of the numerator in (0.11) is a much more delicate matter.
Following the structure of the proofs contained in (Hug, Reitzner and Schneider,
2004a; Hug and Schneider, 2004), we describe below some of the key arguments
in order to do it.

e The range of ¥(Cp) in the event has first to be limited to an interval
[a,a(1l 4 h)] for some h “not too large” (afterwards, the range is extended
by a covering argument).

e An additional condition is added in the event in order to guarantee that
the diameter of Cy is bounded and that Cj is included in a deterministic
ball B (afterwards, the sum over all possible intervals for the diameter is
taken).

e The cell Cy is defined as the intersection of all half-spaces coming from
the initial hyperplane process. Hyperplanes which have a non-empty in-
tersection with the boundary of Cy must also intersect the deterministic
ball B introduced above. Consequently, the event we are interested in can
be rewritten in terms of the set Gg of all hyperplanes which hit B. For-
tunately the distribution of Gp is known: its cardinality is shown to be
Poisson distributed, of mean v®(B) and all hyperplanes in Gg are i.i.d.
and distributed as (y®(B)) '1{x,np2p1dO.

e By an argument of convex geometry, for a fixed a > 0, the polyhedron Cy
can be replaced by the convex hull Cy of a finite number of its vertices in
such a way that the ratio ®(Cy)/®(Cp) is more than 1 — a.

e The numerator in (0.11) is finally overestimated by the probability that 60
is not hit by the majority of the hyperplanes involved.

0.3.1.3  Results and examples. Various extensions of the estimations presented
above imply the following general result: there exists a constant ¢y depending
only on the dimension d such that for every ¢ > 0 and 0 < a < b < oo with
a®/k~y > gy, we have

P{V(Co) = ¢|£(Co) € [a,b)} < cexp(—cof(e)a™'*), (0.12)

where c is a constant depending only on the measure © and the choices of X, f,
€ and oy.

Moreover, the question of the existence of a limit shape has also been inves-
tigated: the shape of a convex set K is defined as the equivalence class of K
under the action of a subgroup of similarities. The zero-cell Cy is said to have
a limit shape if the distribution of the shape of C conditioned on {¥(Cy) > a}
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converges weakly to a Dirac measure when a — oo. In particular, if there ex-
ists a subgroup of similarities which preserves Ky and the function defined in
(0.10) and such that all extremal bodies are in the same equivalence class, then
the zero-cell Cy admits a limit shape. It should be noticed that this limit shape
depends not only on the distribution © but also on the chosen size functional.
The general result (0.12) can be applied in the particular case where Cj is the
typical Poisson—Voronoi cell (7 = 2%w,4, a = d and ¢ is the uniform probability
measure on S~1). As previously seen in section 0.2.1, ® is the Lebesgue measure
of the union of all the balls B, /2(x/2) where x is any point of Cy. If the size
functional is the k-th intrinsic volume, the limit shape is a ball and a convenient
choice of deviation functional is V(K) = (Rar — Ryn)/(Rar + Ry) where the radii
R,, and R are the same as in section 0.2.3. In particular, if 3(Cp) = Aq(Co),
the estimation (0.12) becomes
{ Ry — Ry

>
Ror + R = ©

Aa(Co) € [a,b)} < cexp(—coe' TV 2an). (0.13)

In the same way, if ¥(Cy) = R,,,, we have

Ry — R,
p{M T tm oy
{RM+Rm—6

R,, € [a,b)} < cexp(—coe D/ 2qdy), (0.14)

When Cj is the Crofton cell (v = wg, @ = 1 and ¢ is the uniform probabil-
ity measure on S?°1), D. G. Kendall’s conjecture (i.e. convergence to the limit
shape of a ball) is solved in any dimension with the particular choice of the
d-dimensional Lebesgue measure as the size functional and a deviation function
V defined in the following way: the quantity V(K) is the infimum of (s/r — 1)
over all couples (s,r) € (R%)? such that there exists a translate of K which is
between B, (0) and B,(0) for the inclusion. Interestingly, the limit shape is not
a ball but a segment if the size is measured by the diameter.

These results for the Crofton cell can be extended to the typical cell of a
stationary Poisson hyperplane tessellation through the use of a new realization
of the typical cell based on the choice of the lowest points of the cells as centroids
(Hug and Schneider, 2007b), see section 0.1.2.4. Other extensions of this work
concern the determination of a logarithmic equivalent for the distribution tail
of £(Cy) (Goldman, 1998; Hug and Schneider, 2007a) and large typical cells in
Poisson—Delaunay tessellations (Hug and Schneider, 2005).

0.3.2  Cells with a large inradius

We go back to the model introduced in section 0.2.1, i.e. we concentrate on the
particular case where the hyperplane process is isotropic, of intensity measure
dO = t*~!dtdog(u) where 1 < o < d. We suppose now that the inball centered
at the origin is large. The preceding results show that the cell is close to a ball but
some specifications can be added. Indeed, the boundary of the cell can be proved
to be inside an annulus around the origin with a decreasing thickness when the
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inradius goes to infinity. Moreover, limit theorems can be deduced from this
fact for both the number Ny_; of hyperfaces and the volume V; between the
boundary of the cell and the inball. We give below a description of the methods
involved and of the main asymptotic results. The results and methods developed
below are almost direct generalizations of a joint work with Schreiber (Calka and
Schreiber, 2005; Calka and Schreiber, 2006).

In any dimension, an asymptotic estimation of the probability P{Ry; >
r+ s|R,, = r} (s > 0) when r goes to infinity, is made possible by a method
introduced in (Calka and Schreiber, 2006). This procedure allows us to estimate
the quantities Ng_1 and V; as well and can be described as follows:

e Step 1. After an homothetic transformation on the zero-cell Cy conditioned
on {R,, = r}, we obtain the zero-cell associated with a deterministic hy-
perplane at distance one from 0 and a hyperplane process outside B;(0) of
intensity measure 7*1g\ p, (0)d®. The number Ny_; is preserved whereas
V; is multiplied by r~¢.

e Step 2. Let us apply the inversion defined by I(x) = z/||z||* for every
r € R%\ {0}. It transforms the zero-cell into a germ-grain model inside
the unit-ball. More precisely, the image of the hyperplane process outside
B;1(0) is a process of spheres centered at y/2 and of radius ||y||/2 where
y is an element of a Poisson point process ¥ inside B;(0) of intensity
measure r”‘lBl(O)t’(o‘“)dtdad(u). The number N _; can be seen as the
number of extreme points of the convex hull of ¥ and the volume Vj as
r=4u(B1(0) \ Uyewuyo1 Byl /2(y/2)) where yq is a deterministic point on
St and p = 1p, o)t~V dtdog(u).

e Step 3. We consider a Poisson point process ¥ in By (0) of intensity measure
Adz (A > 0) or in a more general context \f(t)dtdog(u) with lim;—,; f(t) =
1. Then

* the convex hull of this process contains the ball B_g;-4)(0) (for a
fixed constant K > 0 and with 0 < § < 2/(d 4 1)) with a probability
going to 1 exponentially fast (Calka and Schreiber, 2006).

* the number of vertices of the convex hull follows a law of large numbers
(Rényi and Sulanke, 1963; Reitzner, 2003), as well as a central limit
theorem (Reitzner, 2005) and a large deviation-type result (Calka and
Schreiber, 2006; Vu, 2005).

* the volume or the p-measure of the set between the unit-sphere and
the union Uycy B)y)/2(y/2) satisfies a law of large numbers, a central
limit theorem and a moderate deviation principle (Schreiber, 2002;
Schreiber, 2003).

We obtain from the three steps above the following results:

d+1—2«
d+1

1. There exists a constant ¢ > 0 such that for every < § < 1, we have

when r goes to infinity

P{Ry >r+ r6|Rm =r}= O(exp(—crﬁ)) (0.15)
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where 3 =1 [(2a — (d+ 1)) + 0(d + 1)].
In other words, the boundary of the zero-cell conditioned on {R,, = r} is
typically included in an annulus of thickness 7(4+1=2)/(d+1)

2. There exists a constant a > 0 (known explicitly) depending only on d and
a such that

a(d-1) & _ .
Ng_1(ar—aF1) ' 51 in L! and a.s. when r — oc.

3. The number N;_; satisfies a central limit theorem when » — oo as well as
a moderate-deviation result: for every ¢ > 0,

o Ny, a(d - 1)
liminf — log ( —log ( P 1> >ae=-)
7 log(r) °g< Og( {‘ENd_l ‘—5}»— 3d+5

4. The same type of limit theorems holds for the quantity V; which grows as

= (up to an explicit multiplicative constant).
It emerges that in the context of a large inradius, supplementary informations on
the growth of the number of hyperfaces and of the volume outside the inball are
obtained to specify the convergence of the random polyhedron to the ball-shape.
Besides, we may notice that the asymptotic result (0.15) could not be deduced
from the previous estimation (0.14) since the constant ¢ depends on ¢ in the
latter inequality.

The last part is independent with the rest of the chapter: it concerns different
types of tessellation called iterated tessellations, which are natural models in
several concrete situations and have been recently investigated for applicational
purposes.

0.4 Iterated tessellations
0.4.1 Tessellations stable with respect to iteration

Real tessellations may present “hierarchical” structures, which occur in some
crack structures, as the “craquelé” on pottery surfaces. In order to provide a
good approximation, W. Nagel and V. Weiss have investigated the iteration of
tessellations. They aim at determining the existence of tessellations which are
stable (in distribution) with respect to iteration (STIT) and at characterizing
these tessellations.

An explicit model called the crack STIT tessellation is given via an algo-
rithmic construction and it is proved that such a model is indeed STIT and
conversely, that any STIT tessellation is a crack STIT tessellation. This section
is devoted to a formal description of the work due to W. Nagel and V. Weiss
(Nagel and Weiss, 2003; Nagel and Weiss, 2004; Nagel and Weiss, 2005).

0.4.1.1  Construction of a crack STIT tessellation in a window. Let ¢ be a
probability measure on S?~! such that its support contains a basis of R%. As
we previously did, we consider the associated measure d® = dt¢(du) on the
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set of hyperplanes of R% which is supposed to be invariant with respect to the
translations of R%. For a bounded Borel set C' C R?, we denote by [C] the set of
all hyperplanes that hit C' and by ©¢ the probability measure on [C] defined by
the relation ©¢ = ﬁ@(- N[C)) (if 0 < O([C]) < 00).

Let W C R? be a d-dimensional compact and convex domain such that
0 < O([W]) < 0o. The crack STIT tessellation T (a, W) is constructed in W and
on a time interval [0, a], a > 0, as follows: an i.i.d sequence (7;,7;), ¢ > 1, is given
where 7; is a random time which is exponentially distributed with parameter
O©([W]) and ~; is a random hyperplane with distribution Gy .

e If 71 > a, the algorithm does not begin and the tessellation is W itself.

o If 7 < a, the algorithm starts with a first cutting of W at time 71 into
two parts W, and W_. W, and W_ are then treated in the same way,
separately and independently. Let us describe the evolution of W, :

x If 71 + 79 > a, W is conserved as it is and will be a part of the final
tessellation.

x If m + 1 < a, W4 is divided at time 71 + 72 by 72 if 2 intersects
W, If W, has not been divided by 72, the next potential division of
W, occurs at time 71 + 79 + 73 (if that time is less than a). If W, has
been divided by -9, the algorithm goes on with the two subsections
W+7+ and W_;,_’_.

This construction can be fulfilled equivalently through a formal description based
on random binary trees.

0.4.1.2 Eatension to a crack STIT tessellation of R and stability with respect
to iteration. The capacity functional of the tessellation 7 (a, W),

Trw):Cr—P{T(a, W)NC =0}, CeKNF,

can be calculated if C is connected and recursively if C has a finite number
of connected components. Moreover, this computation does not depend on the
window W which contains C' and is invariant with respect to translations of R%.
Consequently, there exists a random stationary tessellation 7 (a) of the whole
space R? such that its intersection with a compact convex window W is equal
in distribution to 7 (a, W) (see Satz of 2.3.1 in (Schneider and Weil, 2000)). In
particular, 7 (a) satisfies the scaling property, i.e. for a > 0, 7(a) coincides in
distribution with 177(1).

A fundamental property of the tessellation 7 (a) is that it is stable with
respect to iteration. More precisely, let us define the operation of iteration: an
initial stationary tessellation 7 of the whole space R? and a sequence of i.i.d.
tessellations Y = {7 : i > 1} are given. We denote by Cfo), 02(0)’ ... the cells
of T(9, The iterated tessellation I(7(®), ) is then obtained by replacing in 7 ()
the interior of each cell Ci(o) by CZ-(O) NTW, i>1.

In order to preserve the same surface intensity of the tessellation, a rescal-
ing is needed. Consequently, if {V,, : m > 1} is a sequence of i.i.d. sequences
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of tessellations (distributed as 7)), we define I(7©) = 1(27( 2);) and
recursively, for every m > 3,

Ln(TO) =1 <mml m_1<7<0>>,mym—1) -

In other words, at step m, the tessellation

m 1Im_1(7'(0)) is “iterated” with

the sequence of tessellations Y = mY,,_1.

A tessellation is said to be stable with respect to iteration (STIT) if I,, (7))
and T are equal in law for every m > 2.

Going back to the crack STIT tessellation 7 (a), we can observe that for
any a,b > 0, the process of iterating 7 (a) with an independent sequence 7 (b)
of i.i.d. tessellations distributed as 7 (b) is equivalent to constructing the crack
STIT tessellation over the time interval [0,a + b], i.e. I(7 (a), V(b)) coincides in
distribution with 7 (a + b). This property comes from the Markov property of
(T(t,W))s>0 for a fixed window W and combined with the scaling property of
7T (a), it implies that 7 (a), a > 0, is stable with respect to iteration.

It can be proved conversely that any tessellation which has the STIT property
is a crack STIT tessellation. Indeed, a modified version of Korolyuk’s theorem
on processes of facets (see chapter 3 of (Daley and Vere-Jones, 1988)) can be
used to show that for any stationary tessellation 7, the sequence I,,,(7), m > 1,
converges weakly to a crack STIT tessellation with the same surface intensity
and directional distribution as 7.

Numerous properties of STIT tessellations have been derived in (Nagel and
Weiss, 2004). Let us cite in particular the preservation of the STIT property for
every section of a STIT tessellation, as well as the equality in distribution of the
interior of the typical cell with the typical cell of a homogeneous Poisson hyper-
plane tessellation with the same surface intensity and directional distribution.
Mean values in dimension two and three have also been calculated.

0.4.2 TIterated tessellations in telecommunications

We end this last section with a small introduction on the use of iterated tessel-
lations in telecommunications. Models and results cited below are due notably
to Maier, Schmidt and Mayer (2004, 2003) and Heinrich, Schmidt and Schmidt
(2006).

Classical tessellations have been of great use in that specific domain of ap-
plication for several years, see e.g.(Baccelli, Gloaguen and Zuyev, 2000a; Baccelli,
Tchoumatchenko and Zuyev, 20000; Baccelli and Blaszczyszyn, 2001; Blaszczyszyn
and Schott, 2003). In order to make the models more realistic and take into ac-
count the fact that a network may contain two levels of roads, R. Maier and V.
Schmidt have introduced a stationary iterated tessellation in the following way
(Maier and Schmidt, 2003).

o Let 70 = {Cl-(o)}izl be a random stationary tessellation called the initial
tessellation.
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e Let {7(™},>; be a sequence of random stationary tessellations which is
independent with 7(® and such that the 7("), n > 1, are i.i.d. or at least
exchangeable. The T(™ = {Ci(n)}izl are called the component tessella-
tions.

Then the tessellation 7 constituted with all the intersections Ci(") N C,(LO), n>1,
i > 1, with a non-empty interior, is the associated stationary iterated tessella-
tion. Basic examples which are concretely used are obtained when the initial
and component tessellations are distributed as Poisson—Voronoi tessellations or
stationary Poisson hyperplane tessellations (Gloaguen, Fleischer, Schmidt and
Schmidt, 2006).

Let us denote by € and A® (resp. € and \) the typical cell and the
intensity of 7(®) (resp. of 7). The use of Neveu’s exchange formula (Neveu,
1977) provides a precise link between €9 and %, i.e. for every bounded and
measurable function f: K — R,

E(f(¢) = 2 BY F(C ne)
A : {tne(C{)NInt(6 ) £0}
i>1
Quantities of interest for such an iterated tessellation are measurements of inner
structure of the initial cells, such as the number or the k-dimensional Hausdorff
measure of the k-faces of the component tessellation inside an initial cell. In
(Heinrich, Schmidt and Schmidt, 2006), L. Heinrich, H. Schmidt and V. Schmidt
have obtained a more general law of large numbers and a multivariate central
limit theorem which can be applied to the quantities above. Indeed, for a fixed
m > 1, they consider a sequence of i.i.d. vectors J; = (J;1,...,Jim), ¢ > 1, whose
coordinates are stationary random measures. In particular, J; is the “descriptor”
of the inner structure of the i-th cell of the initial tessellation and it is supposed
to have a finite intensity vector (A1,...,An). For a fixed window W which is
a convex set of R? with a non-empty interior, we denote by Zy,p the quantity

Zizo J,»7k(0i(0) N pW) where 1 < k < m and p > 0. If the initial tessellation is
ergodic, under some integrability conditions upon the typical cell of 7(®) and J;,
we have for every 1 < k <m

WZ;W — Ak, as p — oo.
The proof of this result is based on classical methods related to Wiener’s er-
godic theorem associated with a precise treatment of the contribution of the
cells hitting the boundary of the window.

Moreover, the authors use a refinement of the Berry—Esseen inequality to
prove under certain conditions of integrability related to J; and the typical cell
€ that the vector

1

Ad(pW)

converges to a mean-zero normal distribution with an explicit covariance matrix.

(Zl,p — Al)\d(pW), ey Z"L,p — /\m)\d(pW))
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These convergence results are used to estimate the quantities Ay and de-
cide which model of iterated tessellation fits the best in concrete situations, see
(Gloaguen, Fleischer, Schmidt and Schmidt, 2006).



REFERENCES

Avram, F. and Bertsimas, D. (1993). On central limit theorems in geometrical
probability. Ann. Appl. Probab., 3, 1033-1046.

Baccelli, F. and Blaszczyszyn, B. (2001). On a coverage process ranging from
the Boolean model to the Poisson—Voronoi tessellation with applications to
wireless communications. Adv. in Appl. Probab., 33, 293-323.

Baccelli, F., Gloaguen, C., and Zuyev, S. (2000a). Superposition of planar
Voronoi tessellations. Comm. Statist. Stochastic Models, 16, 69-98.

Baccelli, F., Tchoumatchenko, K., and Zuyev, S. (20000). Markov paths on
the Poisson—Delaunay graph with applications to routing in mobile networks.
Adv. in Appl. Probab., 32, 1-18.

Baumstark, V. and Last, G. (2007). Some distributional results for Poisson—
Voronoi tessellations. Adv. in Appl. Probab., 39, 16-40.

Blaszczyszyn, B. and Schott, R. (2003). Approximate decomposition of some
modulated-Poisson Voronoi tessellations. Adv. in Appl. Probab., 35, 847-862.

Brakke, K. A. (1985). Statistics of three dimensional random Voronoi tessella-
tions. Dept. of Math Sciences. Susquehanna University Selinsgrove, Pennsyl-
vania, 1-30.

Calka, P. (2001). Mosalques poissoniennes de I’espace euclidian. Une extension
d’un résultat de R. E. Miles. C. R. Acad. Sci. Paris Sér. I Math., 332, 557-562.

Calka, P. (2002). The distributions of the smallest disks containing the
Poisson—Voronoi typical cell and the Crofton cell in the plane. Adv. in Appl.
Probab., 34, 702-717.

Calka, P. (2003a). An explicit expression for the distribution of the number of
sides of the typical Poisson—Voronoi cell. Adv. in Appl. Probab., 35, 863-870.

Calka, P. (2003b). Precise formulae for the distributions of the principal geo-
metric characteristics of the typical cells of a two-dimensional Poisson—Voronoi
tessellation and a Poisson line process. Adv. in Appl. Probab., 35, 551-562.

Calka, P. and Schreiber, T. (2005). Limit theorems for the typical Poisson—
Voronoi cell and the Crofton cell with a large inradius. Ann. Probab., 33,
1625-1642.

Calka, P. and Schreiber, T. (2006). Large deviation probabilities for the number
of vertices of random polytopes in the ball. Adv. in Appl. Probab., 38, 47-58.

Cowan, R. (1978). The use of the ergodic theorems in random geometry. Adv.
Appl. Probab. (suppl.), 47-57. Spatial patterns and processes (Proc. Conf.,
Canberra, 1977).

Cowan, R. (1980). Properties of ergodic random mosaic processes. Math.
Nachr., 97, 89-102.

Cowan, R., Quine, M., and Zuyev, S. (2003). Decomposition of gamma-
distributed domains constructed from Poisson point processes. Adv. in Appl.



22 References

Probab., 35, 56-69. In honor of Joseph Mecke.

Daley, D. J. and Vere-Jones, D. (1988). An Introduction to the Theory of Point
Processes. Springer Series in Statistics. Springer-Verlag, New York.

Gilbert, E. N. (1962). Random subdivisions of space into crystals. Ann. Math.
Statist., 33, 958-972.

Gloaguen, C., Fleischer, F., Schmidt, H., and Schmidt, V. (2006). Fitting
of stochastic telecommunication network models via distance measures and
monte-carlo tests. Telecommunications Systems, 31, 353-377.

Goldman, A. (1996). Le spectre de certaines mosaiques poissoniennes du plan
et ’enveloppe convexe du pont brownien. Probab. Theory Related Fields, 105,
57-83.

Goldman, A. (1998). Sur une conjecture de D. G. Kendall concernant la cellule
de Crofton du plan et sur sa contrepartie brownienne. Ann. Probab., 26,
1727-1750.

Goldman, A. and Calka, P. (2003). On the spectral function of the Poisson—
Voronoi cells. Ann. Inst. H. Poincaré Probab. Statist., 39, 1057-1082.

Heinrich, L. (1998). Contact and chord length distribution of a stationary
Voronol tessellation. Adv. in Appl. Probab., 30, 603-618.

Heinrich, L., Korner, R., Mehlhorn, N., and Muche, L. (1998). Numerical and
analytical computation of some second-order characteristics of spatial Poisson—
Voronoi tessellations. Statistics, 31, 235-259.

Heinrich, L. and Muche, L. (2008). Second-order properties of the point process
of nodes in a stationary Voronoi tessellation. Math. Nachr., 281, 350-375.

Heinrich, L., Schmidt, H., and Schmidt, V. (2005). Limit theorems for station-
ary tessellations with random inner cell structures. Adv. in Appl. Probab., 37,
25-47.

Heinrich, L., Schmidt, H., and Schmidt, V. (2006). Central limit theorems for
Poisson hyperplane tessellations. Ann. Appl. Probab., 16, 919-950.

Hilhorst, H. J. (2005). Asymptotic statistics of the n-sided planar Poisson—
Voronoi cell. I. Exact results. J. Stat. Mech. Theory Ezp. (9), P09005, 45 pp.
(electronic).

Hilhorst, H. J. (2006). Planar Voronoi cells: the violation of Aboav’s law ex-
plained. J. Phys. A, 39, 7227-7243.

Hilhorst, H. J. and Calka, P. (2008). Random line tessellations of the plane:
statistical properties of many-sided cells. J. Stat. Phys., 132, 627-647.

Hug, D., Reitzner, M., and Schneider, R. (2004a). Large Poisson—Voronoi cells
and Crofton cells. Adv. in Appl. Probab., 36, 667-690.

Hug, D., Reitzner, M., and Schneider, R. (2004b). The limit shape of the zero
cell in a stationary Poisson hyperplane tessellation. Ann. Probab., 32, 1140
1167.

Hug, D. and Schneider, R. (2004). Large cells in Poisson—Delaunay tessellations.
Discrete Comput. Geom., 31, 503-514.

Hug, D. and Schneider, R. (2005). Large typical cells in Poisson-Delaunay
mosaics. Rev. Roumaine Math. Pures Appl., 50, 657—-670.



References 23

Hug, D. and Schneider, R. (2007a). Asymptotic shapes of large cells in random
tessellations. Geom. Funct. Anal., 17, 156-191.

Hug, D. and Schneider, R. (2007b). Typical cells in Poisson hyperplane tessel-
lations. Discrete Comput. Geom., 38, 305-319.

Kovalenko, I. N. (1997). A proof of a conjecture of David Kendall on the shape
of random polygons of large area. Kibernet. Sistem. Anal. (4), 310, 187.

Kovalenko, I. N. (1998). On certain random polygons of large areas. J. Appl.
Math. Stochastic Anal., 11, 369-376.

Kovalenko, I. N. (1999). A simplified proof of a conjecture of D. G. Kendall
concerning shapes of random polygons. J. Appl. Math. Stochastic Anal., 12,
301-310.

Lautensack, C. (2007). Random Laguerre Tessellations. Ph. D. thesis, Karlsruhe
University.

Lautensack, C. and Zuyev, S. (2008). Random Laguerre tessellations. Adv. in
Appl. Probab., 40, 630-650.

Maier, R., Mayer, J., and Schmidt, V. (2004). Distributional properties of the
typical cell of stationary iterated tessellations. Math. Methods Oper. Res., 59,
287-302.

Maier, R. and Schmidt, V. (2003). Stationary iterated tessellations. Adv. in
Appl. Probab., 35, 337-353.

Mecke, J. (1967). Stationdre zuféllige Masse auf lokalkompakten Abelschen
Gruppen. Z. Wahrscheinlichkeitstheorie und Verw. Gebiete, 9, 36-58.

Mecke, J. (1975). Invarianzeigenschaften allgemeiner Palmscher Mafle. Math.
Nachr., 65, 335-344.

Mecke, J. and Muche, L. (1995). The Poisson Voronoi tessellation. I. A basic
identity. Math. Nachr., 176, 199-208.

Miles, R. E. (1964a). Random polygons determined by random lines in a plane.
Proc. Nat. Acad. Sci. U.S.A., 52, 901-907.

Miles, R. E. (1964b). Random polygons determined by random lines in a plane.
II. Proc. Nat. Acad. Sci. U.S.A., 52, 1157-1160.

Miles, R. E. (1969). Poisson flats in Euclidean spaces. I. A finite number of
random uniform flats. Adv. in Appl. Probab., 1, 211-237.

Miles, R. E. (1970). A synopsis of “Poisson flats in Euclidean spaces”. Izv.
Akad. Nauk Armjan. SSR Ser. Mat., 5, 263—-285.

Miles, R. E. (1971). Poisson flats in Euclidean spaces. II. Homogeneous Poisson
flats and the complementary theorem. Adv. in Appl. Probab., 3, 1-43.

Miles, R. E. (1973). The various aggregates of random polygons determined by
random lines in a plane. Advances in Math., 10, 256—-290.

Miles, R. E. (1995). A heuristic proof of a long-standing conjecture of D. G.
Kendall concerning the shapes of certain large random polygons. Adv. in Appl.
Probab., 27, 397-417.

Miles, R. E. and Maillardet, R. J. (1982). The basic structures of Voronoi and
generalized Voronoi polygons. J. Appl. Probab. (Special Vol. 19A), 97-111.
Essays in statistical science.



24 References

Mgller, J. (1986). Random Tessellations in R?, Volume 9 of Memoirs. Aarhus
University Institute of Mathematics Department of Theoretical Statistics,
Aarhus.

Mgller, J. (1989). Random tessellations in R%. Adv. in Appl. Probab., 21,
37-73.

Mpgller, J. (1992). Random Johnson—-Mehl tessellations. Adv. in Appl.
Probab., 24, 814-844.

Mgller, J. (1994). Lectures on Random Voronoi Tessellations, Volume 87 of
Lecture Notes in Statistics. Springer-Verlag, New York.

Muche, L. (1996). The Poisson—Voronoi tessellation. II. Edge length distribu-
tion functions. Math. Nachr., 178, 271-283.

Muche, L. (2005). The Poisson—Voronoi tessellation: relationships for edges.
Adv. in Appl. Probab., 37, 279-296.

Muche, L. and Stoyan, D. (1992). Contact and chord length distributions of
the Poisson Voronoi tessellation. J. Appl. Probab., 29, 467-471.

Nagel, W. and Weiss, V. (2003). Limits of sequences of stationary planar tes-
sellations. Adv. in Appl. Probab., 35, 123—-138. In honor of Joseph Mecke.

Nagel, W. and Weiss, V. (2004). Crack STIT tessellations—existence and
uniqueness of tessellations that are stable with respect to iterations. Izv. Nats.
Akad. Nauk Armenii Mat., 39, 84-114.

Nagel, W. and Weiss, V. (2005). Crack STIT tessellations: characterization of
stationary random tessellations stable with respect to iteration. Adv. in Appl.
Probab., 37, 859-883.

Neveu, J. (1977). Processus ponctuels. In Ecole d’Eté de Probabilités de Saint-
Flour, VI—1976, pp. 249-445. Lecture Notes in Math., Vol. 598. Springer-
Verlag, Berlin.

Okabe, A., Boots, B., Sugihara, K., and Chiu, S. N. (2000). Spatial Tessella-
tions: Concepts and Applications of Voronoi Diagrams (Second edn). Wiley
Series in Probability and Statistics. John Wiley & Sons Ltd., Chichester. With
a foreword by D. G. Kendall.

Paroux, K. (1998). Quelques théorémes centraux limites pour les processus
Poissoniens de droites dans le plan. Adv. in Appl. Probab., 30, 640-656.

Reitzner, M. (2003). Random polytopes and the Efron—Stein jackknife inequal-
ity. Ann. Probab., 31, 2136-2166.

Reitzner, M. (2005). Central limit theorems for random polytopes. Probab.
Theory Related Fields, 133, 483-507.

Rényi, A. and Sulanke, R. (1963). Uber die konvexe Hiille von n zuféllig
gewahlten Punkten. Z. Wahrscheinlichkeitstheorie und Verw. Gebiete, 2, 75—
84 (1963).

Schlather, M. (2000). A formula for the edge length distribution function of the
Poisson Voronoi tessellation. Math. Nachr., 214, 113-119.

Schneider, R. and Weil, W. (2000). Stochastische Geometrie. Teubner Skripten
zur Mathematischen Stochastik. [Teubner Texts on Mathematical Stochastics].
B. G. Teubner, Stuttgart.



References 25

Schreiber, T. (2002). Variance asymptotics and central limit theorems for vol-
umes of unions of random closed sets. Adv. in Appl. Probab., 34, 520-539.

Schreiber, T. (2003). Asymptotic geometry of high-density smooth-grained
Boolean models in bounded domains. Adv. in Appl. Probab., 35, 913-936.

Siegel, A. F. (1978). Random space filling and moments of coverage in geomet-
rical probability. J. Appl. Probab., 15, 340-355.

Siegel, A. F. and Holst, L. (1982). Covering the circle with random arcs of
random sizes. J. Appl. Probab., 19, 373-381.

Stevens, W. L. (1939). Solution to a geometrical problem in probability. Ann.
FEugenics, 9, 315-320.

Stoyan, D., Kendall, W. S.; and Mecke, J. (1987). Stochastic Geometry and
its Applications. Wiley Series in Probability and Mathematical Statistics:
Applied Probability and Statistics. John Wiley & Sons Ltd., Chichester. With
a foreword by D. G. Kendall.

Vu, V. H. (2005). Sharp concentration of random polytopes. Geom. Funct.
Anal., 15, 1284-1318.

Wiener, N. (1939). The ergodic theorem. Duke Math. J., 5, 1-18.

Zuyev, S. (1999). Stopping sets: gamma-type results and hitting properties.
Adv. in Appl. Probab., 31, 355-366.

Zuyev, S. A. (1992). Estimates for distributions of the Voronoi polygon’s geo-
metric characteristics. Random Structures Algorithms, 3, 149-162.



