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Macroscopic analysis of shot-noise Cox random balls

Adrien Clarenne*

Abstract

In this paper, we consider a cluster model of weighted Euclidean random balls gener-
ated by a shot-noise Cox process. It is an example of cluster point process. We perform
a scaling on the model by shrinking the radii of the balls and compensate this effect by
increasing the (mean) number of balls in each cluster, or/and increasing the (mean) num-
ber of clusters. We consider two different scenarios, say a local and a global scenarios.
Heuristically, in the first scenario, we focus on the mean number of large balls in a cluster
while in the second one, we focus on the global mean number of large balls in the model.
According to the different scenarios, the cluster structure can persist at the limit or dis-
appear.

Keywords: Cox processes, random balls, random fields, limit theorem.
MSC Classification: 60G55, 60F05, 60G60.

Introduction

We consider a model of weighted Euclidean random balls in R¢ generated by a shot-noise Cox
process as follows. The centers of the balls are generated by a shot-noise Cox process Z and
this point process is marked twice, first by random variables r with density probability f,
seen as the radii of the balls, and second by a mark seen as the weights of the balls generated
by a probability measure G. The marks are all independent and independent also of Z. The
resulting marked point process is still a Cox process C but on R x R, x R.

It is an example of cluster Poisson process where the centers of the clusters are drawn by a
Poisson point process & on R?. Since a Cox process can be seen as a Poisson point process
with a random intensity, the model under study is actually a randomized version of the
Poissonian random balls model. When the intensity is deterministic, we recover the usual
Poissonian model which has been studied in several papers since its introduction in [7], see
also [1, 2] for generalizations of [7] with weights and/or zoom-in and zoom-out. See also [3]
for a determinantal random ball model beyond the Poissonian setting.

The class of Cox point process is one of the most used among the cluster models, because it can
represent random constraint of a field, for example a random heterogeneity (see [8, 9] for more
details on shot-noise Cox processes). In dimension 1, a random balls model can be interpreted
as a model for the study of communication network (see [10]) or power consumption for
example. In this situation, the centers x of the balls are interpreted as the date of the
connection and the radius r the duration of the connection. In the Poissonian case, the
dates of connections are placed uniformly in time. In the determinantal case, the connection
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dates are not too close to each other. Here, in the shot-noise Cox model, we represent the
situation where there are peaks of connections, for example in the morning or in the evening
when people are at home. We are typically in a cluster situation. In dimension 2, we can
interpret the model as a wireless network, where « is the location of a transmitter and r is its
range of transmission. In the Poissonian case, the transmitters are uniformly distributed in
the space. In the shot-noise Cox model, the cluster structure implies that the antennas are
highly concentrated in some places and sparse at others which is indeed the case in some real
situation (think about a city with no antennas on lakes, river or some special infrastructure
like schools).

In the following, our macroscopic analysis is driven as follow. We perform a scaling in this
model by first shrinking the radii; to compensate this effect, we rescale the shot-noise Cox
process Z that generated the centers of the balls. In contrast with the Poissonian (see [1])
or the determinantal case (see [3]), where there is just one level of randomness, the global
location of the balls, here we have two levels of randomness with the collection of cluster and
within each cluster. As a consequence, this additional level of randomness makes it possible
to study many more different asymptotics behaviours in this model. In practice, we dispose
of two levels of scaling with the (mean) number of clusters and the (mean) number of balls
in each cluster.

In the Poissonian or determinantal cases, a key quantity appearing to drives the fluctuations
is the mean number of large balls. In the setting of Cox process, two different scenarios, say a
local and a global one, are possible because two distinct quantities can drive the fluctuations.
The first one is the mean number of large balls in each cluster, and we will refer to it as
the local scaling. In this scenario, we do not rescale the mean number of clusters. Roughly
speaking, each cluster is a Poissonian ball model whose asymptotics are well known from [1, 2]
and the whole limit of the Cox model is then a mixture of the limit random fields obtained,
and so we obtain a randomized version of the Poissonian results from [1, 2].

The second scenario will be refer to as the global scaling: in contrast to the first one where
we only focus on the mean number of balls in each cluster, in this scenario we focus on the
global mean number of large balls in the model. This situation is analogous to the Poissonian
case, and we recover the same three regimes as therein, with a disappearance of the cluster
structure.

The document is organized as follow. In Section 1, we give a detailed description of the model
under study. In Section 2, we introduce the rescaled model and the object of interest in the
paper. In Section 3, we give the main results in two subsections dealing with the two scenarios
described above. Finally, some general results about Cox processes are given in Appendix A.
In particular, we refer to this Appendix for any reader unfamiliar with Cox processes, see
Definition A.3.

1 Shot-noise Cox random ball model

We now describe mathematically the model under study. We consider a collection of Euclidean
balls B(z,r) = {y eR: ly—z| < 7‘} whose centers x and radii r are generated by a Cox
process on R? x R,. To generate the balls, we first consider a shot-noise Cox process D on
R? directed by a random measure

Z(dx) = Z k(z,y)dz (1.1)

yed



that generates the centers of the balls. Here, ® is a Poisson point process on R? with intensity
the Lebesgue measure on R? and k a positive function on R? x R? satisfying

[lloo = sup  k(z,y) < +o0 (1.2)
(zy)e(R)?

and for all € RY,

/ k(z,y)dy = 1. (1.3)
Rd

This is an example of a Poisson cluster process, where ® is the base point process drawing
the centers c of the clusters X, and k(c, -) is the density intensity of the Poisson process X..
To each center z, we attach two marks r (positive) and m, interpreted respectively as the
radius of the ball and as the weight of the ball. These radii and weights are each identically
distributed according respectively to a density f on Ry and a probability distribution G on
R. We obtain a Cox process C on R% x Ry x R directed by the random measure

A(dz,dr,dm) = Z(dz) f(r)drG(dm). (1.4)

Like in the previous studies of random ball model [1, 2, 3], we focus on the following measure-
indexed random field given for a measure p on R? by

M(p) = /Rde - mu(B(z,r))C(dz,dr,dm). (1.5)

To ensure that the quantity (1.5) is indeed well defined, we actually restrain the study of M to
finite signed measures y, i.e. p € Z(R?) = {p: |u|(R?) < +o00} and we denote ||u|| = |u|(R?)
for the total variation of u. We also assume that the distribution G of the marks belongs to
the normal domain of attraction of the a-stable distribution S, (o, b,0) with « € (1,2]. Here,
following the terminology of [11], o is a scale parameter and b is a skewness parameter while
the translation parameter is zero. Since o > 1, we have

/ Im|G(dm) < +oc. (1.6)
R

Moreover, like in previous studies of random ball models [1, 2, 3], we assume also the following
power-law hypothesis on the radius behaviour: for d < § < ad,

CB Co
r—)r:,/-oo T6+17 f(T) S T6+17 (17)

f(r)

for finite positive constant Cp and Cp.
Observe in particular that since 5 > d, the mean volume of the ball is finite:

/ rdf (r)dr < +c0. (1.8)
Rd

For this Cox process, we show now that the quantity (1.5) is indeed well defined for p € Z(R%):
using Fubini-Tonelli theorem, we have

E([M()]] = E [

/R g Bl dm)H

3



=1

/RdXR+XRmu(B(x,r))C(dx,dr, dm)‘ ‘A”

_ /]R dXR+XRmu(B(x,r))A(d:E,dr,dm)H

<kl [ |m||u<B<sv,r>>|k<a:,y)dsnf(r)drc:(dm)@(dy)}
L/R4 JRIXR; xR

- / / il (B, ) [k, ) f (r)dr G(dim)dy
R4 JRIxR4 xR

= (L) ([ st iase)

SfudH,uH/R]m\G(dm)/R rdf(r)dr<+oo

thanks to (1.6) and (1.8), where vy stands for the volume of the unit Euclidean ball of R?.

2 Rescaled model

Our asymptotics are obtained by zooming-out in the model. This is obtained by performing
a scaling in the model. To that purpose, we introduce a zooming-out rate p €]0, 1] to shrink
the radii of the balls. In order to compensate the shrinking of the balls, the random intensity
measure Z(dx) in (1.1) is changed into Z,(dx) with

Zp(dx) = Z ky(x,y)d,
yed,

where ®, is a Poisson point process on R? with intensity measure x(p)dy and k, is a density
kernel satisfying:

kp(2,y) o AMp)k(z,y) and ky(z,y) < CiA(p)k(z,y). (2.1)

The parameters k(p) and A(p) will compensate the zooming-out effect (i.e. the balls become
smaller when p goes to 0). Heuristically, A(p) gives the order of the mean number of balls in
a cluster and k(p) gives that of the clusters.

Let C, be the resulting scaled version of the Cox process C' on R? x Ry x R given in (1.4) i.e.
C, is directed by the scaled intensity measure

A, (dz, dr,dm) = Z,(dz) f (%) %G(dm)

(it is an analogous scaling as in [1, 3, 6]) and we are interested in the corresponding rescaled
quantity as in (1.5):

M,(pn) = /Rde XRm,u(B(:E,7"))C’p(al:17,alr,dm). (2.2)

In the Poissonian case, the fluctuations of M,(u) with respect to its mean value are inves-
tigated. Since Cox processes can be seen as Poisson processes but with random intensity



measure, it is relevant in the present Cox setting to study the fluctuations of M,(u) in (2.2)
with respect to its conditional mean. In this situation, the centering is thus not deterministic
and we investigate the limit in law when p — 0 of

MP(N) —E [Mp(,“) ’Ap]
n(p)

(2.3)
for a proper normalization n(p).

The fluctuations of M,(u) given in (2.3) are ruled by the mean number of large balls in
the model. By large balls, we mean balls, say, with radius larger than one and containing the
origin 0. Let compute this key quantity. Setting # A for the cardinal of A,

E #{(m,r,m)ECp|OEBa:,r) 7‘>1}]
=8| [ st o Colde.drdm)]
RIxRy xR

=E E[/ Li0eB(a,r), r>13Cpldz, dr,dm)
L RIXRL xR

o

dr
=E / 1{063:{:7“) 7’>1}Z (dl‘)f< > G(dm):|
RIxRy xR P/, P

dr
_E / [ tesn enhle y)dwf< ) @ Gam)e p<dy>}
R JRIXR | xR P

dr
-/ Lioenten), rotikp(e, y)daf (—) & G dmm(o)dy
Rd JRIXR4 xR p) p

_ )///+001 () ddﬁ
= K(p wa Jra )1 {zeB(0,r)} Fp\ T, Y xyp

The dominated convergence theorem gives the behaviour of this last integral:

=E / 1{063 (x,7), T’>1}A (d‘r dr, dm):|
RIxR4 xR

1

1 r —B—
i ;li)r(l) W X leB(O,r)kP($ay)f (;) ; = 1xEB(O,r)k($ay)OBT ot

r\ 1
Nog <t —) - <1 —-1
* ')\(,0),05 x Laenonko(,y)f <p> p‘ < Liep(on) Crk(z, y)Cor

which is independent of the parameter p and integrable on R¢ x Rdx]l, +oo[ since:

+o0 +o0
L[] teenon@iktenCor ™ ddyar = €0 [ [ tueponr ™ dodr
Rd JRE J1 Rd J1

+oo
= CoClvd/ rd=B=1qxdr
1

N C(]Clvd
= 5 4

< +00



Thus we have:

oo 1 T 1 C Vd
lim/// X Lyepomk(, (—)—dmddr: pd
p=0 Jpa Jra J1  Ap)p? enonko(®:9)f P) P Y p—d

which finally gives:

Cﬁvd

o o SR (P)". (2.4)

[#{xrm € C,|0 € B(z,7), r>1}]

This computation shows that the mean number of large balls in the model is of order
k(p)A(p)p®. We can also interpreted this result as follows: x(p) represents the mean number
of clusters in the model, so the mean number of large balls in each cluster is of order A(p)p”
These two interpretations will give two different studies of the model, as explained at the
beginning of Section 3.

The limit in law of (2.3) when p goes to 0 will be identified by the asymptotics of its
characteristic function for which we dispose of the expression (A.3) for the shot-noise Cox
process given in the Appendix. Applying Proposition A.5 and Fubini-Tonelli theorem:

o (10 (M) B840 1] )
n(p
[0 (Lo (55 et
0 U, = () it ()5
([ o () it (5) )
o (s Ui, o () teaes (5) ) ot

where ¥g(u) = / P(mu)G(dm) and ¥ (x) = e — 1 — ix.
R
In order to apply Proposition A.2, we check that (A.2) holds true, with:

= /RdeEh ve <W> k(. y)da f (p) CZ

We have |1)(u)| < 2|u| (see Lemma 1 in [7] for details) which gives the following control for
Ya:

)] <2 ([ miGtam) ) ul (25)

Also using (2.1), we have the following domination:

L an bty < o) [ (5wl

o ) )5
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o (i () 5
< 2n(s (/Imlde>/Rd/RdXR+’9/~‘n o () Ly
- 2C18|)(p)s(p) 201|9|A (/ im|G (dm) > /Rd /RMR+ Bla,)|k(, y)d;pf( )%dy'

By Fubini-Tonelli theorem, using (1.3), we get:
=1

/Rd /R g, PBE k(e )def <;> d_prdy

— /Rde+ lu(B(z,7))| (/Rd k(x,y)dy> dz f <£> %

. o ()%

< O lullvap / P £ (r)dr.

R

Finally:

[ awletppay < 2R ( / mic(am)) [ G lass (%) 5

_ 201!9\\\u\\:(d$( p)p’ (/R |m|G(dm)> /R+ v F(r)dr < 0o,

As a consequence Proposition A.2 applies and gives the characteristic function of (2.3):

Proposition 2.1 Assume (1.3), (1.7) and (2.1) and let 4 € Z(RY). Then the characteristic
function of (2.3) is given by

& o (10 Mol E850 1] )
e[, (- ([ ()i (1)) ).

In order to investigate the behaviour of (2.3) when p — 0, i.e. the limit of (2.6), it is
necessary to consider a restricted class of measures p that we introduce now (see also [2, 3]).

Definition 2.2 The set M, g consists of signed measures p € Z (RY) such that there exists
two real numbers p and q with 0 < p < B < q < 2d and a positive constant C), such that

/Rd lu(B(x,7))|* doz < Cu(r? Ar), (2.7)

where a A'b = min(a,b).



The control in (2.7) by both 7P and r7 is required to ensure that the integral in Proposition 2.3-
(i) below is indeed well defined. This integral is actually of constant use in our argument,
so the introduction of the space M, g is crucial. This definition is reminiscent of My g in
[2]. In particular, absolutely continuous measures with respect to the Lebesgue measure, with
density ¢ € L'(R%) N L*(R?), do belong to M, for d < B < ad and will play an important
role in the small-balls scaling. Recall the following properties on M, 3 from Propositions 2.2
and 2.3 from [2]:

Proposition 2.3 (i) The set M, is a linear subspace of Z(RY) and, for all p € M, g,

/ \u(B(z,r))|*r P~ dadr < +oc.
RdXR+
(i) If d < B < ad, then LY(RY) N LY(R%) € Mg 5 and for all p € L*(RY) N LY(RY):

/]Rd |w(B(x,m)|* do < O, (rd Arad).

In the sequel, we investigate the behaviour of (2.3) when p — 0 in various situations.

3 Asymptotic results

In order to investigate the limit of (2.6) when p — 0, we consider two main scaling scenarios:
the so called local and global scenarios.

In the local scenario, the scaling is properly balanced by adjusting the model parameter
in the local structure of the model, i.e. in each cluster A\(p) — +oco. In this context, the key
quantity driving the different regimes appears to be the mean number A\(p)p” of large balls
in each cluster (see (2.4)).

In this local scaling, we scale both the radii (p — 0) and the number of balls in each cluster
(i.e. A(p) — +00), but not scale the mean number of clusters (i.e. k(p) = 1) (see Section
3.1). Heuristically, each cluster X, is a Poissonian ball model as in [7] and the asymptotics
are obtained as in Theorem 2 in [7] in each such model. The whole limit of the Cox model
is then a mixture of the limit random fields obtained in each Poissonian cluster X, hence the
randomized Poissonian limit obtained (see Theorems 3.3, 3.4 and 3.5).

Next we consider a global scenario where the scaling is now balanced by adjusting the model
parameter of the global cluster structure of the Cox model x(p) — +o0o. In this context, the
key quantity driving the different regimes is the global mean number of large balls x(p)A(p)p®
(see (2.4)). In this case, we will assume that x(p) — +oo but we will not suppose necessarily
that A\(p) — +oo. According to the behaviour of x(p)A(p)p”, three different regimes appear,
and the cluster structure is erased at the limit p — 0 (see Section 3.2).

A natural first step for these different scenarios is to specify the behaviour of the inner

integral in (2.6):
/Rdx& v <%> kp(x,y)dx f (g) %. (3.1)



We study (3.1) in the three different normalization settings considered:
(1) i n(p) = +00, (2):n(p) =1, (3):n(p) —0.

Note that in the third point of the following Proposition 3.2, we consider smooth measures
p € LYRY) N LYR?). Heuristically, in the third point, large balls will disappear at the limit
and it will just remain small balls, that can be seen as points on the space. To identify the
limit, we need more precision on the measure, and so we consider measures with intensity
in L'(RY) N LY(R?). In the sequel, we shall use the technical result from [2] (Lemma 3.1
therein):

Lemma 3.1 Suppose X is in the domain of attraction of an a-stable law Sy (0,b,0) for some
a > 1. Then

E [4(0X)] v —o%6|“ <1 — ie(0) tan(ﬂa/2)b> ,

where €(0) =1 if 0 >0, () = —1 if 0 <0 and €(0) = 0.
Furthermore, there is some K > 0 such that for any 0 € R,

EeX)] < Kl6]"

With our previous notations, we have ¢ (0) = E [/(0X)]. The behaviour of (3.1) is given in
the following proposition.

Proposition 3.2 Assume (1.2), (1.7) and (2.1) hold true.

1. If n(p) = +oo, then for p € M, g, we have:

fowe, v (5 Y teaes (5) 5

~ —g“ ) z, 7)) 1 —ie x,7)) tan(mra
o0 [ B ) (1 o) (o200

x k(x,y)dzCgr=—"=1dr.

2. If n(p) =1, then for p € M, g, we have:

[ (om0 Yoyt paar ()

~ Ap)p” /Rde wG<9M(B(w,r))>k(x,y)dngr_B_ldr.

p—0

3. If n(p) — 0 and p® = o(n(p)), then for p € L*(R?) N L*(RY), we have:

/IRde+ Ya (%) ky(z, y)def <£> %

A(p)p” . o
p:O n(p)Y /Rde+ Ya <9<P(w)7‘ >k(az,y)dwde5r dr.

where p(dx) = p(x)dr and v = p/d €]1,a].



Proof: These results are proved with the dominated convergence theorem. In the sequel,

we consider a fixed y in R%.
1. Let n(p) — 400 and pu € M, g. To prove the first equivalence, we show that:

I 5035 o, v () et (5) 5

— o] /R L B (1 - Z’E(G,U(B(:E,T))tan(wa/2)b>k(x,y)dxcﬁr_ﬁ_ldr,
(3.2)

(i) Convergence: Thanks to Lemma 3.1, we have immediately together with (1.7) and (2.1):
. n(p)” Ou(B(x,r r\ 1
i P) ¢G< u(B( ))) () (_) 1
n(p) p)p
= o0 (B ) (1 = (O (Bl ) tan(ma /2 ) ()

(ii) Domination: Using Lemma 3.1 and (1.7), (2.1) we have:

n(p)* Yo <9u(3(wﬂ“))> k(o) f <%> %‘

A(p)p? n(p)
< K10|*|u(B(x, 7))|* Cik(z,y)Cor "~
< K|0]*|u(B(z,))|*“C1[klloCor "~ (3.3)

which is independent of the parameter p and integrable on R x R, when u € Mo
thanks to Proposition 2.3.

The dominated convergence theorem then applies and (3.2) is obtained.
2. Let n(p) =1 and p € M, g. To prove the second equivalence, we show that:

,lii’% Wl)pﬁ /Rdx]KL (e <9M(B(:E,r))> ko(z, y)de f (%) %

= / e <9,u(B(a;,r))> k(z,y)deCar—P1dr.  (3.4)
RAXR4
(i) Convergence: With (1.7) and (2.1), we have:
) 1 1 8-
tiy v (008G ) ko] (£) £ = v (00t ey Car s
(ii) Domination: Using Lemma 3.1 and (1.7), (2.1), we have:

1 r\ 1 o N o
St OuBe ke (£) 2] < KRB )l Cak(a, ) Cor
< KO |u(Ba, D) Crll b Cor ™ (3.5)

which is independent of the parameter p and integrable on R x R, when u € Mo
thanks to Proposition 2.3.
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The dominated convergence theorem applies again and we obtain (3.4).
3. Let n(p) — 0 and p? = o(n(p)). Let p € LY(RY) N L¥(RY) with p(dz) = ¢(x)dz. To prove
the last equivalence, we show that:

I S0 g, o () oot ()

xR I ! l

First, the change of variable 7 = n(p)'/¢

0 (5 s ()

n z.n(p) g n(o) 45\ n(p)/d
_ ) /Rw W(amm, () >>)kp(x,y)dxf< <p; ) 0" s

s gives:

~ Ap)p® n(p) p

and we study the limit of this latter expression like in 1 and 2:

(i) Conwvergence: First, since ¢ € L'(R?), Lemma 4 in [7] applies and for all y € R? we
have:

_n(p) Ou(B(z,n(p)'/%s)) n(p)'/4s\ n(p)"/
P A(p)pﬁ%( n(p) )k”(x’y)f< p ) p

= G (Vp(@)vas”) kla,y)Cps™ .
where vy is the Lebesgue measure of the unit ball of RY,

B
(ii) Domination: Like in [7], set ¢, () = sup w.
v>0
Thanks to Lemma 3.1, we have |¢g(u)| < K|u|* and combining with (2.5), we have

Ve (uw)] < M (Ju] Alul®) (3.7)

for some constant M > 0.
Let € > 0 such that 1 <y —¢& <7+ ¢ < a. Thanks to (3.7), we have

W) < M (Jul™ A [u]77F). (3.8)

Since ¢ € LY(RY)NL¥(RY), ¢ € LI(RY) for all 1 < ¢ < a so that Lemma 4 in [7] ensures
¢, € LY(RY) for all 1 < ¢ < a which entails ¢, € L7"°(R?) N0 L7 (RY).
Thanks to (1.2), (1.7), (2.1) and (3.8), for p > 0 and # € R we have the following

domination:
n(p)” Ou(B(x,n(p)'/%s)) n(p)'/4s\ n(p)"/
A(p)pﬁwG ( n(p) ) bol-9)f ( p ) p
n(p)? [ |0u(Ban() )| |ou(B,n(p)4s) |
: MA(p)pB { n(p) n(p)

11



B
P~ —p-1
x C1A(p)||k||cc Co——=s
M) koo Corlo
- +
< MCLCo| k|l ‘ego*(x)sd‘”’ A ‘egp*(:c)sd‘” e
< M (|6 + [617%%) CrCollkllo (s (@)% + [ipu(@)F) (5751 A 57T (3.9)
which is independent of the parameter p > 0 and integrable on R% x R

Finally, the dominated convergence theorem applies one more time and we obtain:

B 3 o, v (M) et (5)

= / e (Hcp(a:)vdsd) k(z,y)dzCgs P ds
RdXR+

which gives (3.6), up to the change of variable r = U;/ 4. O

In the sequel, we establish convergences of finite-dimensional distributions by proving one-
dimensional convergences of the distributions and using the Cramér-Wold device combined
with the linear structure of M, g.

3.1 Local scaling

In this section, we investigate the so called local scenario where the radii together with the
mean number of large balls in each cluster is rescaled. However, here, the mean number of
clusters remains constant, i.e. k(p) = 1, and in this case the intensity of the shot-noise Cox
process specifies as

Zp@) = Z k’p(iﬂa Y),

yed

where ® is a Poisson point process on R? with intensity measure dy. We assume that
lir% A(p) = +oo i.e. while we zoom-out (p — 0), the clusters are bigger and bigger (A(p) —
p—

+00) but the mean number of clusters does not change.

Theorem 3.3 Assume (1.2), (1.3), (1.7) and (2.1) hold true. Suppose \(p)p” — +00 and
p—

set n(p) = ()\(p)pﬁ)l/a. Then the following limit holds when p — 0:
n(p) fdd  Jraxwr,

where conditionally to Ly, M, is a a-stable random measure with control measure Ly, (dx, dr) =
0 Z(z)dxCgr=P=1dr, where Z is given in (1.1)-(1.3), and constant skewness function b.

Proof: We apply the dominated convergence theorem to take the limit when p — 0 in (2.6).
From (1) in Proposition 3.2, we have:

i 1o ([, e (M e (5) 5)
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=1—exp < —o%|0|1* /]Rdx]R lu(B(z,7))|* (1 — ie(Ou(B(z,r)) tan(wo/2)b)
X k(:n,y)d:EC’gr_B_ldr).

In order to prove the domination, let h(u) =1 —e*, u € C. By the mean value theorem, we
have |h(u)| = |e* — 1] < e?|ul for all |u| < A, where A is a fixed positive constant. In our

context we take:
) Ou(B(,r) r dr
‘e /RdeJr ve < n(p) > Folary)def <p> p

A KHk:HOOCoCl\H]O‘/ u(B(z,r)|°r P dzdr < +o0.

RdXR+

and

Using the same domination as (3.3) in the proof of (1) in Proposition 3.2, we have indeed
lu| < A and consequently:

e ([ o (M5 rtenes (5) )

fowe, v (5™ Y teaes (5) 5

< AKCyCy 0] / (B, )| k(x, y)r—P— dwdr
RdXR+

<ed

again with Lemma 3.1. Since the bound is independent of the parameter p and is integrable
on R? with respect to the Lebesgue measure thanks to Fubini theorem, condition (1.3) and
Proposition 2.3, the dominated convergence theorem applies.

As a consequence, under the condition of Theorem 3.3 the limit in (2.6) writes:

g o -0 (Mt =E D00 1))

—ex (= [ (1= (= [ o

X (1 —ie(Ou(B(x,r)) tan(wra/2)b)k(x, y)dmC’Br_B_ldr>>dy>.

We identify the obtained limit as the characteristic function of
[ ) Malds,dr)
RdXR+

where M, is as described in Theorem 3.3 (we refer [11] for basics on stable measure and stable
random variable). Indeed, for § € R and pu € M, g, we have:

E |exp ( i6 w(B(x, 7)) M (dx, dr)
(oL )

13



=E [E [exp <z’0 /]Rdx]R+ u(B(x,r))Ma(dx,dr)> ‘ La”

_E {exp ( —ol | o, 1B (OB, r)tanro/2))
X Z(:E)d:ECgr_B_ldr)]
—E {exp ( /. ( / o, OB I (1 0B, ) tan(ra 2
X k‘(m,y)dxC’BT_B_ldr><I>(dy)>]
—ewp (= [ (1-ew (= ov0r [ g, BB
x (1 —ie(0u(B(z, 7)) tan(ﬂa/2)b)/<;(a;,y)dazCﬁr_ﬁ_ldr>>dy>

by Proposition A.2 since ® is a Poisson point process on R? with intensity measure dy.
Finally, we have:

,l,ing [exp <i9 <Mp(ﬂ) - Ii([;\fp(ﬂ) |Ap]>>]
_E [exp <¢9 /R o, HOBE )M dr)>]

which proves (3.10). O

Theorem 3.4 Assume (1.2), (1.3), (1.7) and (2.1) hold true.
Suppose A(p)p” —a €]0,+o0[ and set n(p) = 1. Then the following limit holds when p — 0:
p—

M) = E (M) | A,] =25 No() ~ E [Ny(10) | 4]

where Njy(p) = / mu(B(x,r))C" (dz, dr,dm), C' is a Cox process on R? x R. x R
RIxRy xR
directed by N'(dx,dr,dm) = Z(x)dvaCsr=P~tdrG(dm), and Z is given in (1.1)-(1.3).

Proof: Using (2) in Proposition 3.2, for all y € R?, we have:

lim 1-exp < / Lt (W(B(wm)))kp(x,y)dxf (;) %)
— 1 exp ( /R o Vo <0,u(B(x, r))) k(z, y)dxaC’BT_B_ldr> .

Consider like in the proof of Theorem 3.3 h(u) = 1 —e", u € C. Let p; > 0 such that
Ap)p® < 2a for all 0 < p < py. In our context, take:

r\ dr

u= Y| OB, 7)) ko2, y)def | = | —

RexR pP) P

14



and set
A aKHkHOOCoCl\H]O‘/ u(B(z,r)|°r P dwdr < +o0.
d

XR+
Using the very same domination (3.5) as in the proof of (2) in Proposition 3.2, we have indeed
|lu| < A when 0 < p < p1. Thereby, for all 0 < p < py:

1o ([, voouBE ki (5) )
dr

/Rdxuh v (Op(B(w, 1)) kp(w, y)da f <;> >

< eAaKCOCﬂH\a/ \u(B(z, )| k(z, y)r— " tdxdr.
RdXR+

<e

Using again Lemma 3.1, since the bound is independent of the parameter p €]0, p;| and is
integrable on R? with respect to the Lebesgue measure thanks to Fubini, (1.3) and Proposi-
tion 2.3, the dominated convergence theorem applies and the limit in (2.6) writes

tigz| exp (0 (01,0~ E M0 1) )|

— oxp <_ /R d (1 ~exp ( /R o, Vo On(Ba ) k(x,y)dxaC’Br_B_ldr>> dy)

which is the characteristic function of N,(u) — E [N,(u) ]A;] (see Proposition A.5). This
proves Theorem 3.4. O

Theorem 3.5 Assume (1.2), (1.3), (1.7) and (2.1) hold true.

Suppose \(p)p? — 0 and set n(p) = ()\(p)pﬁ)l/ﬂy, where v = B/d €]1,a. Then the following
p—

limit holds when p — 0:

My(p) — E[My(p) [ Ap] L ®HNLe(RY)
pli) Sl 2 BEIEED [ plwyaey )

for p(dx) = p(x)dx, where conditionally to S, M, is a y-stable measure with control measure
S(dz) = oy Z(x)dx for

Cgv) 201 — cos(r
UV:—de</0 — 1 ></ Im|["G( dm)

with constant skewness function equals to

fR ) m[YG(dm)
fR |m|YG(dm)

by = —

and Z given in (1.1)-(1.3).

Proof: We apply the dominated convergence theorem. Using (3) in Proposition 3.2, for all
y € R%, we have:

i - [, o (5 g (1))
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=1—exp </ Ya (Hcp(a;)rd) k(w,y)dwnggr_ﬁ—ldr> .
RdX]R+

In order to derive the domination, let € > 0 be such that 1 < v —¢ < v+ ¢ < a. Consider
again h(u) =1 —e", u € C and, in our context, take

A =M (|6]"° +16]77°) [|k]|c CoCh

X / (e (2)775 + @i ()77 <r_€d_1 A rad_l) dxdr < 400,
RdXR+

u= /Rde+ Yo (%) ky(z,y)dx f <p> d;

Using the very same domination (3.9) as in the proof of (3) in Proposition 3.2, we have |u| < A
and for all p > 0:

e ([, o (™ rieanes (5) )

o, (™ teaves (5) 5

< Me? (10075 +10]7°) CoCy

X / (cp*(a:)'y_6 + (P*(a:)'yﬁ) k(z,y) (r‘Ed_l A rEd_l) dxdr.
RdXR+

and

<eh

Like for (3.9), the bound is finite, and independent of the parameter p > 0 and integrable on
R? with respect to the Lebesgue measure thanks to Fubini theorem and condition (1.3). The
dominated convergence theorem applies and the limit in (2.6) writes:

g o -0 (Mt =B W00 1))

— exp (— /R d <1 —exp < /R . b (990(x)rd> k‘(x,y)dxv;’C’Br_B_ldr>> dy> .

We identify the obtained limit as the characteristic function of / o(x) M., (dx) where M, is
R4
described in Theorem 3.5. Indeed, for § € R and p € L'(R?) N L¥(RY), we have:

& oxp (10 [ plo)tt, ) )

Sy —"

—E :exp < /R . e (Hw(x)rd> Z(w)dwngﬁr_ﬁ_ldr>]

_E :exp < /]R d ( /R 1, V0 (B00) K i O 1dr> <1>(dy>>]
S R
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since ® is a Poisson point process on R? with intensity measure dy.
Finally, we have:

o o (4B 0 )]

proving Theorem 3.5. U

Remark 3.6 In this section, the results obtained are somehow a randomnization of the cor-
responding results in the Poissonian case. Actually, the results are the same but with random
intensity. This is due to the considered shot-noise model that exhibits a clusters structure,
and with this scenario of scaling, we do not scale the mean number of cluster. We perform
a zoom-out in each cluster, and the result is heuristically the mizture of the different limits
obtained, where the location of the limits are, here, random.

3.2 Global scaling

In this section, we perform a global scaling on the model. Heuristically, as in the Poissonian
model, we focus on the mean number of large balls in the whole model. In the Poissonian
or determinantal case, this key quantity is A(p)p”. In the shot-noise Cox model described
below, a similar computation shows that the mean number of large balls is of order x(p)A(p)p®
(see (2.4)). The behaviour of this quantity drives the fluctuations of our Cox model.
In this context, we assume that x(p) — 400 but do not impose that A(p) — +oo.

In the sequel, we use the following elementary observation: if u, ~oUp and v, —>0 0 then:
p— p—

_plUr ~ _
1—e o U (3.11)

Theorem 3.7 Assume (1.2), (1.3), (1.7) and (2.1) hold true.

1/a

1. Suppose k(p)A(p)p® pjg +o00 and set n(p) = (k(p)A(p)p”) "". Then the following limit

holds when p — 0:

Mp(ﬂ) —E [Mp(,“) ’Ap] Ma g / v
RAxRy

n(p) ﬁ; pw(B(z, 7)) Mo (dz, dr)

where E is a a-stable random measure with control measure Jo‘dber_B_ldr and
constant skewness function b.

2. Suppose r(p)\(p)p° —a €]0,+oo[ and set n(p) = 1. Then the following limit holds
p—

when p — 0:

M) =B M0 105 [ Bl )i, dr. dm)

where I is a centered Poisson random measure with control measure
aCpr=P=tdxdrG(dm).
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3. Suppose rk(p)A\(p)p” — 0 and k(p)A(p) — +o0.
p

Set n(p) = (/i(p))\(p)pﬁ)% with v = B/d €]1,a]. Then the following limit holds when
p— 0:
Mp(p) — E[My(p) [ Ap] £} ®EOL (R /
M

for p(dx) = ¢(x)dx, where M, is a y-stable measure with control measure o dx and
constant unit skewness by given in Theorem 3.5.

Remark 3.8 Results 1. and 2. are very closed to the Poissonian case in [1]. It is important
to note that for the third result, given that we do not necessarily have \(p) — 400, we must
impose the constraint k(p)\(p) —> +oo that allows us to adjust the speed of increase of the
cluster number according to the speed at which the number of balls in a cluster varies. Of
course, if AN(p) — 400, this condition is necessarily verified, but if the number of balls in a
cluster remains constant or goes to 0, this condition tells us how fast the number of clusters
should increase to have a non trivial limit.

Proof: In this proof, we skip the major part of the details. The proofs of the previous
theorems contain all the elements to justify the following results. Here we just give the limit
when p — 0 in (3.1) in the different cases.

1. From (1) in Proposition 3.2, for u € M, g, we have:

/RMR+ e <W> k,(z,y)da f (g) %

ajpaNP)p” ol 1
0O 16| ()" /RdX[R+ |p(B(z,7))| <1 —ze(@,u(B(x,r))tan(woz/Z)b)

x k(z,y)dzCgr—P~1dr

a|plo 1 o .
S m/ﬂwR+ (B, )| <1—ze(@,u(B(x,r))tan(woz/Z)b)
x k(z,y)dzCgr—" " dr.

Since lim k(p) = 400, (3.11) gives with (1.7) and (2.1):

p—0

i 1 ([, 0 (B s () )

= 0a|0|a/Rde |,u(B(:17,r))|°‘<1 - ie(@u(B(:n,r))tan(wa/Z)b)

x k(x,y)dzCar—P~Ldr.

2. From (2) in Proposition 3.2, for u € M, g, we have:

[ e e S

~ Ap)p” /Rde ¢G<9M(B($,7‘))>k(%@/)dmC’gr—ﬁ_ldr.

p—0
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Because k(p)A(p)p” —a €]0,4+oo[ and k(p) — +oo, necessarily we have A(p)p® — 0.
p—
Hence, from (3.11), and using (1.7), (2.1), we have:

tig (1= ( [ G (om0 Yot piad () ) ) nio
r)) |k

__ /R . ¢G<9,u(B(:E, ))> (&, y)dzaCar—b\dr.

3. Point (3) in Proposition 3.2 writes

o, v (5™ Jremaes (5) 5

Ap)p” / . o
650 n(p) Jrax, Va(0p(x)r)k(z, y)dav] Car= P~ dr

1
= — O (2)r)k(z, y)dav! Car— P dr
7 oo, VORI )

if the two conditions n(p) — 0 and p? = o(n(p)) are satisfied.
The first condition is clearly satisfied and for the second one we have:

n(p)? _ w(p)A(p)p”

ol = PE = K(p)A(p) — +o0

which implies

Kg)—%koo
p

and the result follows.
Since lin% k(p) = +o0, (3.11) gives, with (1.7) and (2.1):
p—

i 1[0 (D s (5 )i

- _/ zbg(Hgo(:n)rd)k:(:n,y)d:w;lngr_B_ldr.
RdXR+

A Appendix: Generalities about Cox process

Let (F, &) a measurable space. For a random measure C on (F, ), we set T¢ for its charac-
teristic function given by

Telo) = |exp (i [ gorc(an))| (A1)
E
for g : E — C such that the quantity in (A.1) exists, see [4].

In this appendix, we specify (A.1) whose use is crucial in our argument, for Cox point process.
First, we recall (A.1) for the classical case of Poisson point process on (E,€&):
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Definition A.1 Let A be a o-finite measure on (E,E) and N be a point process on E. We
say that N is a Poisson point process on E with intensity measure X\ if:

1. For all A € € such that \(A) < +o00, N(A) is a Poisson random variable with parameter
A(A).

2. For allm > 1 and all Ay,..., Ay € & with no intersection, N(A1),...,N(A,) are
mutually independent.

Then (A.1) specializes as follows for a Poisson point process.

Proposition A.2 Let N be a Poisson random measure on E with intensity measure A. Then

E [exp <z /E g(x)N(dx)ﬂ ~—exp (- /E (1 co) /\(dx)>

for all g : E — C such that

we have:

/E (1 A lg(2)]) A(dz) < +oo. (A2)

The distribution of a Poisson point process is characterized by its deterministic intensity
measure as appears from Proposition A.2. A natural extension of a Poisson process is to
consider a random intensity measure. From a modelling point of view, considering random
intensity measure rather than deterministic ones allows to consider random constraints for
the repartition of the points in the space. This forms the class of so-called Cox processes more
specifically defined as follows.

Definition A.3 A point process C is a Coz process directed by the random intensity function
A if, conditionally to A = X\, C is a Poisson process with intensity measure \.

In the sequel, we shall use the notation C' both for the locally finite collection of points X € C
and for the associated random measure )y 0x.

Like for the Poisson point process, the characteristic function appears to be a suitable tool
to investigate Cox process. In several particular cases, for instance in the shot-noise model,
explicit expression of the characteristic function is available.

Now, we specify the characteristic function of a Cox process.

Proposition A.4 Let C be a Cox process on E directed by A. For all g such that the quantity
below is well defined we have:

To(g) =E [exp (- /E (1 - eig@) A(dg;)ﬂ .

Proof: Since conditionally to A, C' is a Poisson point process with intensity A, Proposi-
tion A.2 ensures:

E [exp <1 /E g(w)C(dm))‘A} = exp <— /E (1—ei9<x>)A(dx)>
To(g) = E [exp <z /E g(:n)C’(dx))] _E [E [exp <z [E g(x)C’(daz))‘A”

20
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—E [exp <—/E (1 - e"gm) A(daz)ﬂ .

Proposition A.5 Let C' be a Cox process on E directed by A. Then we have:

E[exp <z ( /E g(x)C’(d:z:)—E[ /E o(2)C(dx)

)] -5l L)

where (u) = e — 1 —iu, for all g : E — C such that (A.3) is well defined.

Proof: Since conditionally to A, C'is a PPP with intensity A we have:

E[exp (z < /E g(x)C’(d:z:)—E[ /E o(2)C(dx)

Finally, we have:

E|exp (i ( [ g@)Cldz) —E | [ g(x)C(dn)
o (1, I
:E[E [exp <z ( /E g(:n)C’(da:)—E[ [E o(2)C(dx)
— |ex [ vtotanacan)| .
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