– 382 – Simulation of cluster point processes without edge effects by A. Brix and W.S. Kendall

March 2001

Simulation of cluster point processes without edge effects

Anders Brix Department of Mathematics and Statistics Lancaster University

a.brix@lancaster.ac.uk

Wilfrid S. Kendall Department of Statistics University of Warwick

         w.s.kendall@warwick.ac.uk

      This is brix.tex version: 1.20.
It was last edited on 17:29:41, 30/03/2001.

Abstract

Cluster point processes are important models for many biological data sets, and their simulation is often required for purposes of model exploration and statistical inference. The usual direct method of simulation requires the generation of the parent point process over a region larger than the actual observation window, since one has to allow for all possible parents giving rise to observed daughter points, and some of these parents may fall outwith the observation window. When there is no a priori bound on the distance between parent and child then one has to take care to control approximations arising from edge effects. In this paper we present a simulation method which requires simulation only of those parent points actually giving rise to observed daughter points, thus avoiding edge effect approximation. The idea is to replace the cluster distribution by one which is conditioned to plant at least one daughter point in the observation window, and to modify the parent process to have an inhomogeneous intensity exactly balancing the effect of the conditioning. We furthermore show how the method extends to cases involving infinitely many potential parents, for example gamma–Poisson processes and shot-noise G-Cox processes, allowing us to avoid approximation due to truncation of the parent process.

Keywords: Cox process, shot-noise process, gamma–Poisson process.

1 Introduction

Many applications give rise to point patterns exhibiting clustering. For example point patterns of positions of trees and plants often show clustering, either because plants tend to emerge where the soil has particular properties or because of seed setting mechanisms [5, 4, 12]. Such clustered point patterns have traditionally been modelled by Cox processes or cluster point processes. A classical example concerns the spatial distribution of insect larvae, typically exhibiting clustering around the egg masses from which the larvae are hatched [10]. Neyman and Scott [11] introduced the use of cluster processes in the study of clusters in locations of galaxies.

Cox processes [6] are Poisson processes with a random intensity and are natural models to consider when clustering is due to spatially varying features such as soil properties.

Cluster point processes are generated by first constructing a point process of unobserved (perhaps marked) parent points, each of which give rise to a random number of observed daughter points. The process of daughter points is the cluster process; it arises naturally as a model for point patterns where clustering is due to mechanisms such as seed setting. The construction is reminiscent of the Boolean model for a random set and so cluster point processes are sometimes viewed as germ-grain random set processes which happen to have grains which are random point patterns.

Sometimes the two classes of point processes coincide. This is the case for Neyman-Scott processes [11] (cluster processes in which the parent process is a homogeneous Poisson process and the daughters are dispersed independently around their parent according to some density function k) in the particular case when the number of daughter from each parent follows a Poisson distribution. Such a Cox Poisson cluster process can be viewed as a Cox process in which the random intensity λ is the sum of the intensity functions centred around the parent points: λ(·) = ∑ k(· − x) (1) where the sum is over all points x in the random pattern of parent points. A further generalization of Cox Poisson cluster processes is the class of shot-noise Cox processes [3, 4, 14]. For such processes the parent process is a general marked Poisson process, and the clusters are themselves Poisson processes with intensities k(· − x) allowed to depend on the mark m of the parent point x. Again such processes can be viewed as Cox processes.

Note that marking the cluster parents allows us to consider parent Poisson processes producing locally dense infinite realizations of marked parent points, so long as the final intensity of daughter points is almost surely bounded on bounded regions (this amounts to a requirement that most of the marks m lead to very low intensities of daughter points).

Having chosen a cluster process model to model some biological phenomenon, there is commonly a requirement to simulate realisations from this process (this arises for purposes of inference such as envelope generation or simulated maximum likelihood estimation, or to enable one to study the types of point patterns arising from a particular model). The conventional direct means of simulation requires generation of parent points over a region larger than the observation window, since parents outside the observation window can give rise to daughters within. If the daughter density k has unbounded support then any such realisation will be approximate, because of the edge effects arising from neglecting parents outside the simulation region. Moreover, when simulating shot-noise Cox processes yielding infinite numbers of parent points in bounded regions, it is not only necessary to simulate the parent process on a larger region but also to truncate the parent process to a finite number of points. It can be awkward to make quantitative assessment of the effects of truncation or edge effects.

In this paper we present a method for simulating Cox Poisson cluster point processes or shot-noise Cox processes which avoids incurring edge or truncation effects. The method is based on thinning and exploits the observation that the point processes under study are both cluster point processes and Cox processes. In a nutshell, we simulate only those parents giving rise to daughters in the observation window. In this way the simulation requirement is reduced so as to concern only finitely many parents.

In order to provide a clear understanding of the method we start by developing the method in the simple Neyman-Scott case with independent marks. After presenting the theory for the method in a general framework, we then show how the method can be applied so as to avoid numerical integration of the offspring dispersion intensity k. Finally we show how to use the method to conduct exact simulation from shot-noise Cox processes with infinitely many possible parents in bounded regions. Examples include gamma–Poisson processes [14] and shotnoise G-Cox processes [3]. After the development of each case of the method we present the algorithm in pseudo–code and we conclude the paper by presenting three illustrative examples and a discussion of the results.

2 Simulation procedure

In this section we describe how to avoid edge-effects when simulating a cluster point process (or more generally a germ-grain process) within a bounded observation window. We do this by simulating only those points of the parent process which actually contribute daughters lying within the observation window, and we further modify the simulation by using rejection sampling to modify the family-size distribution accordingly. We begin by formulating the method in its simplest form, which is the easiest to understand but which requires calculations of various integrals which are potentially burdensome. In Section 2.2 we then describe the theoretical framework, and in Subsection 2.3 we use this together with rejection sampling to show how to avoid calculations of burdensome integrals. In Subsection 2.4 we show how to apply the method to the case in which the parent point pattern is no longer locally finite. This last generalisation enables us to avoid both edge-effects and truncation errors when simulating e.g. Gamma-Poisson [14] and shot-noise G Cox processes [3, 4], where the parent processes give rise to only finitely many points in bounded subsets albeit producing infinitely many effects (mostly very small) at shot-noise level.

2.1 The method in its simplest form

Let Ψ be a homogeneous marked Poisson process on R^2 with positive intensity λ and with points marked independently by non-negative marks of distribution M. Thus Ψ can be viewed as a Poisson process on R^2 × R_+ with intensity measure λ × area × M. Following stochastic geometry notation [13] we write a typical marked point of Ψ as [x; m].

We require that the mark distribution has a finite mean:

E [m] = ∫ mM( dm) < ∞ . Consider a kernel K from R^2 to R^2 , subject to the further finiteness condition ∫ R^2 K(x, A) dx < ∞ for bounded subsets A ⊂ R

2 , and use this to define a random measure ν based on the marked point process Ψ by ν(A) = ∑ [x;m]∈Ψ mK(x, A) . (2)

Note that the finiteness conditions are equivalent to the following requirement on the random measure ν: E [ν(A)] = E ∑ [x;m]∈Ψ mK(x, A) < ∞ . (3)

The kind of process in which we are primarily interested is a Cox process Φ with random intensity measure ν, and we suppose our requirement is to simulate only the restriction of Φ to a fixed bounded window W ⊂ R^2 . We do this by representing the Cox process Φ as a cluster process (in fact, a Neyman- Scott process) based on Ψ. In the following we will use the following standard terminology: (marked) points [x; m] of Ψ are called parent points, points y of Φ are called daughter points, and for convenience we will assume that the kernel K has a density k with respect to the Lebesgue measure, i.e. K(x, A) = ∫ A k(x, u) du. One can think of Φ as a germ-grain process with the germs of Ψ being the parent points, and the grains being the locally finite sets of daughters.

Every parent point in Ψ has the potential to contribute daughters to Φ within W , but Φ is finite so only finitely many parents actually do contribute. The number of daughters lying within W and contributed by a given parent [x; m] ∈ Ψ follows a Poisson distribution with mean mK(x, W ) (conditional on the marked parent point [x; m]), and the daughters are distributed independently over K with density proportional to k(x, ·). Condition (3) is equivalent to the requirement that the accumulated point pattern of daughters of all parents is locally finite. Integrating out the mark m, we arrive at the conditional probability p(x) that a parent point located at x contributes daughters to Φ within the window W :

p(x) = 1 − ∫ R_+

exp(−mK(x, W )) dM(m) = 1 − L_M (K(x, W )) , (4)

where L_M is the Laplace transform of the mark distribution M.

The marks are independent, so the restriction of the parent point process Ψ to Ψ^′ (those unmarked parent points which end up contributing daughters to Φ) can be considered as produced by independent position-dependent thinning of the parent points lying in Ψ with retention probability p(·). Independent thinning of a Poisson process yields a Poisson process; therefore Ψ^′ is an inhomogeneous Poisson process with intensity function

f_1(x) = λp(x) = λ[1 − L_M (K(x, W ))] , x ∈ R^2 . (5)

The total number of parent points of Ψ contributing daughters to Φ within W is thus Poisson distributed with mean ∫ R^2 f1(x) dx, and the daughters from a

contributing parent x^′ ∈ Ψ^′ form a conditioned randomized Poisson process on W such that the unconditioned variant has intensity m^′k(x^′, ·)I_W (·), where the mark m^′ is randomized with distribution M. The condition to be applied is that the process is non-null within W (the trivial realization Φ = ∅ arises when no parent points of Ψ contribute daughters within W ).

We can now state the most direct version of the simulation procedure, supposing we have already been given a function InhomogeneousPoisson(f_1, W ) which returns a set of points forming a realization of a Poisson process on W with intensity function f_1(·):

def SimpleSim(λ,k,W ,M):

define f_1 : x → λ[1 − L_M (K(x, W ))] Ψ= InhomogeneousPoisson(f_1,W ) Φ = ∅ for x in Ψ:

Φ = Φ ∪ SimDaughters(k,W ,x,M) return Φ

where the function SimDaughters is given by:

def SimDaughters(k,W ,x,M): ρ = K(x, W ) n = 0 while n is nonzero:

draw m using M draw n using Poisson(mρ) draw y_1, . . . , y_n using k(x, ·) restricted to W return {y_1, . . . , y_n}

Here we have presented the simplest possible version of SimDaughters, based on naïve rejection sampling. Notice that InhomogeneousPoisson has to be implemented either by employing a general (and possibly expensive) rejectionsampling approach or by using transformation methods based on special properties of f_1.

2.2 The theoretical framework

Suppose that X and Y are Euclidean spaces (more general formulations are possible, but we omit these). We think of X as the set of possible locations for parents (including their marks if relevant), and Y as the set of possible locations for daughters. Let μ be a nonnegative measure on X : we use this as an intensity measure to produce a Poisson process Ψ of parent points. Let K(x, ·) be a probability kernel from X to Y, so that K(x, A) is a probability measure for each fixed parent x ∈ X , and is a measurable function of x for each measurable subset A ⊆ X . We shall use K(x, A) to produce a Poisson point sub-pattern of daughters in Y for each parent x.

Thus we obtain a cluster process Φ in Y as the union of all the Poisson sub-patterns produced as x ranges over the Poisson pattern of parents. As is well-known, such a cluster process is also a Cox process with random intensity measure ∑ x∈Ψ K(x, ·) obtained by summing over the parent points.

We are interested in simulating that part of this cluster process Φ which lies in a fixed measurable window W ⊆ Y. A thinning argument shows that the sub-pattern of parents each with at least one daughter in W is also Poisson but with intensity measure

(1 − exp(−K(x, W ))) μ( dx) .

Each of these retained parents x possesses a family of daughters lying in W : the pattern of locations of daughters is given by a Poisson process of intensity measure K(x, ·) restricted to W , but conditioned to have at least one point. Consequently the pattern of locations of daughters of x can be simulated by sampling the total number N from a Poisson distribution of mean K(x, W ) conditioned to be positive (this can be implemented simply as a rejection algorithm, or in more sophisticated ways); then distributing each of the N daughters independently and identically over W using the probability distribution which is the renormalization of K(x, ·) restricted to W .

This is the simplest version of the method. The variant discussed in the previous Subsection 2.1 is adapted to allow for marks for the parent points. In abstract terms we write the parent space as X × R_+ , the intensity measure of Ψ as ν ⊗ M where M is the marginal probability distribution for the marks, and suppose the kernel is of the form K([x; m], ·) = mK(x, ·). Discarding the marks, the parent locations contributing daughters form a Poisson process on X with intensity measure 1 − ∫ R_+ exp(−mK(x, W )) dM(m) as described in Eq.(5) above. Each contributing parent x then contributes daughters to W according to a conditioned randomized Poisson process as described in Subsection 2.1 above, with unconditioned random intensity measure mK(x, · ∩ W ) where m is random with distribution M.

Now we consider how rejection techniques might be used to finesse away calculations of integrals (such as those used to renormalize each of the K(x, ·) restricted to W ). Suppose in the unmarked case that K̃(x, ·) is a nonnegative kernel dominating K(x, ·), by which we mean that we can write K(x, A) = ∫ A ρ(x, y)K̃(x, dy) (6) for some measurable ρ ≤ 1. Suppose that K̃ satisfies the unmarked version of condition (3). It may be possible to choose the dominating kernel K̃(·), and a dominating window W̃_x (possibly depending on the parent x), such that it is much easier to carry out the above construction for K̃(·) and W̃_x.

Theorem 2.1 Consider the point pattern Φ̃ of daughters ỹ produced from parents x ∈ Ψ by applying the above procedure using dominating kernel K̃(x, ·) and dominating window W̃_x. We shall refer to this as the dominating process. Suppose each daughter point ỹ ∈ Ψ̃ is thinned with retention probability ρ(x, ỹ)I_W (ỹ), where x is the parent point; this thinning to be an independent thinning when considered as applied to the point process of daughters marked by their parents. The resulting pattern of retained daughters, has the distribution of a realization of an application of the procedure using kernel K(x, ·) and fixed window W .

Proof: The most immediate proof uses simple coupling ideas. To each of the daughters ỹ ∈ Φ̃ in the dominating process, assign an independent mark U_ỹ uniformly distributed over [0, 1]. Implement an independent thinning by retaining ỹ daughter of x whenever ρ(x, ỹ) < U_ỹ. The resulting cluster process produces daughter patterns using kernel K(x, ·) by virtue of Eq.(6). Each daughter pattern is a realization of an inhomogeneous Poisson process, since this property is preserved under independent thinning. If parents are thinned by retaining only those parents which contribute daughters to W then we obtain the construction giving rise to the direct method in Subsection 2.1 above. On the other hand exactly the same result is obtained by using the thinning criterion ρ(x, ỹ) < U_ỹI_{Wx}(y) and then intersecting the result with the original window W , and this is as specified in the theorem. □

We describe the algorithmic implications in the next subsection. Because we have formulated this for differing parent and daughter spaces X and Y, we can apply the method to the case in which parent points are marked, even including cases such as shot-noise Cox processes represented as Neyman-Scott processes with locally infinite parent patterns, for which however only finitely many parents contribute daughters to any bounded window.

Corollary 2.1 Consider the case of marked parent points; we write the parent space as X ×R_+ , the intensity measure of Ψ as ν⊗M where M is now some nonnegative measure, and suppose the kernel is of the form K([x; m], ·) = mK(x, ·), still satisfying condition (3). Let K̃([x; m], ·) = mK̃(x, ·) be a dominating kernel also satisfying condition (3), so that K(x, A) = ∫ A ρ(x, y)K̃(x, dy) as in Eq.(6) above, and let W̃_x be a dominating window with W ⊆ W̃_x. Then the thinning construction of Theorem 2.1 may be applied: consider the point pattern Φ̃ of daughters produced using the dominating kernel mK̃(x, ·). Suppose daughter y ∈ Φ̃ of parent x is thinned with retention probability ρ(x, ỹ)I_W (ỹ). Then the retained daughters form a point pattern which has the distribution which would be produced by using the original kernel mK(x, ·).

The strength of this corollary lies in the fact that we need take no account of the mark m in the thinning procedure. We discuss the algorithmic implications in Subsection 2.4.

2.3 The modified method

The method of Subsection 2.1 is simple and appealing, but it involves calculation of integrals of k (evaluation of K(x, W ) in the definition of f_1(x)) which will either require special properties of f_1 or use potentially expensive rejection sampling. We now describe how the simulation procedure can be modified using the framework of Subsection 2.2 so that calculation of the integrals can be avoided or at least simplified, at the expense of using rejection sampling at a lower level of the algorithm (hopefully in a efficient form, depending on precise details of the process). Working out the method of Subsection 2.2 in a 2-dimensional Euclidean context, consider a larger window W̃ ⊆ R^2 with W ⊆ W̃ and a dominating kernel K̃ with density k̃, i.e. k(x, u) ≤ k̃(x, u) for all u ∈ W̃ and x ∈ R^2 (for simplicity we suppose here that W̃ does not depend on the parent in question). The window W̃ and kernel K̃ should be chosen so that K̃(x, W̃ ) can be evaluated cheaply for all x ∈ R^2 and so that ∫_{R2} f_2(x) dx can be evaluated, where

f_2(x) = λ[1 − L_M (K̃(x, W̃ ))] , x ∈ R^2 . (7)

Moreover we need to be able to draw from the probability distribution given by normalization of f_2. In the examples given below, W̃ is chosen to be a disc containing W and k̃ to be a constant on W̃ , whereby we get a usable expression for K̃(x, W̃ ).

The modified method consists of:

• replacing W and K by W̃ and K̃ in the method described in Section 2.1, i.e. first simulate a cluster process Φ̃ with daughter intensity k̃ on W̃ ,

• then thinning Φ̃ to produce a cluster process Φ_{W̃} with daughter intensity k on W̃ • and finally restricting Φ_{W̃} to W in order to get a realisation of Φ on W .

Theorem 2.1 assures us that the result has the correct distribution. The important implementation point is that k(x, u) is involved only in evaluation of the ratios k(x, u)/k̃(x, u); this offers us the chance of avoiding potentially expensive integration of k.

In order to present the modified method in pseudo-code we assume a function Thin(Φ, p), which independently thins the points of the process Φ with retention probability p(·), where p : R^2 → [0, 1]. (Of course Thin(Φ, p) itself is easy to code.) The modified procedure can then be described as follows.

def ModifiedSim(λ, k̃, k, W̃ , W , M):

define f_2(x) → λ[1 − L_M (K̃(x, W̃ ))] Ψ̃ = InhomogeneousPoisson(f_2,W̃ ) Φ = ∅ for x̃ in Ψ̃:

Φ_0 = SimDaughters(k̃,W̃ ,x̃,M) ∩W Φ = Φ ∪ Thin(Φ_0,k(x̃, ·)/k̃(x̃, ·)) return Φ

Here SimDaughters is implemented as described in Subsection 2.1.

2.4 The general method

The marked point process Ψ used to construct the process Φ in the previous sections can be viewed as a random measure on R^2 , placing an atom at each point x ∈ Ψ with corresponding atom mass given by the respective mark m. Passing to an infinitely divisible discrete random measure, the random intensity measure ν for the Cox process Φ can be generalised to ν(A) = ∫ R^2 K(x, A) dζ(x) = ∑ mδ_x is an atom of ζ mK(x, A) , (8) where ζ = ∑ mδ_x is a discrete random measure such that the parameters (x, m) of its atoms form an inhomogeneous Poisson process on R^2 × R_+ . Since ζ is a discrete random measure we get a representation similar to that of Equation (2), but with the difference that ζ can have infinitely many atoms in bounded areas. The finiteness condition (3) can be rewritten as E ∑ mδ_x is an atom of ζ mK(x, A) = E [∫ R^2 K(x, A) dζ(x) ] < ∞ , (9) where the dζ term takes the weight of each atom into consideration, to ensure convergence of the sum over countably many atoms mostly of diminishingly small weight.

Consider e.g. the case where ζ is a gamma measure, i.e. a completely random measure where ζ(A) follow a gamma distribution for every bounded A [7]. This is an example of a measure that is purely atomic, with an infinite number of atoms in any bounded set, but only finitely many atoms of mass greater than a fixed ϵ > 0. Wolpert and Ickstadt [14] have used Cox processes with intensity measures of the form (8) and ζ a gamma measure to model positions of trees. Other examples of general random measures ζ arise from the shot-noise G measure as defined in [3] and used for weed modelling in [4]. We follow [3] and use the term shot-noise Cox process for a Cox process with intensity measure of the form (8).

Both [14] and [3] describe how to simulate shot-noise Cox processes using the techniques developed in [2]. Just as with the simple cluster process model it is necessary to simulate ζ on a larger region than W , but furthermore it is only possible to simulate a finite number of atoms in any bounded area (see [3] for a further discussion of this). Using a generalisation of the methods described in the previous section it is, however, possible to simulate shot-noise Cox processes without edge effects and without having to truncate ζ. Generalizing the simple case, the atoms mδ_x contributing daughters to W can be represented as an inhomogeneous Poisson process of points x, m on R^2 × R_+ with intensity

f_3(x, m) = λ(x, m)[1 − exp(−mK(x, W ))] . (10)

(In effect we have absorbed the mark into the three-dimensional locations of the points.) Note that the intensity of the locations (x, m) is now allowed to be inhomogeneous. The expected total number of daughter points, contributed by all of the infinitely many potential parent points taken together, is given by ∫ R^2 ∫ R_+ f3(x, m) dm dx, and this is finite as a consequence of the finiteness con-

dition (9). Furthermore the daughters contributed to W by a point (x, m) of this inhomogeneous Poisson process themselves form a Poisson process with intensity mk(x, ·) but then thinned in accordance with a conditioning that they have each to place a positive number of points in W , following the procedure indicated in Corollary 2.1. It is simple to modify ModifiedSim accordingly: one has to simulate marks as well as locations as the result of InhomogeneousPoisson and to pass a constant mark to SimDaughters rather than a mark distribution. In effect we are generating the intensity measure for the Cox process Φ using a Poisson process of parent points stretching over a three-dimensional space R^2 × R_+ , and such that marks for the resulting parent points are determined as functions of the point locations rather than being random.

def GeneralSim(λ, k̃, W̃ , W ): define f̃_3(x, m) → λ(x, m)[1 − exp(−mK̃(x, W̃ ))] Ψ̃ = InhomogeneousPoisson(f̃_3,W̃ ∪ R_+ ) Φ = ∅ for (x̃, m̃) in Ψ̃:

Φ_0 = SimDaughters(k̃,W̃ ,x̃,δ_{m̃}) ∩W Φ = Φ ∪Thin(Φ_0, k(x̃, ·)/k̃(x̃, ·)) return Φ

Notice that we dispense with the integration previously implicit in the use of the Laplace transform in the functional argument to InhomogeneousPoisson; this reflects the fact that the marks are now deterministic components of the point locations in R^2 × R_+ .

3 Examples

Here are three brief descriptions of simulation examples using these ideas.

3.1 Deterministic marks

Our first example concerns simulation of a simple Neyman-Scott process on the square W = [−0.5, 0.5]^2. Specifically the process Ψ of parent points is a homogeneous Poisson process with positive intensity λ, the marks are nonstochastic and of common value 1, and the dispersion intensity for the daughter process is Gaussian, i.e. k(x, u) = γ 2πσ^2 exp ( − 1 2σ^2 ‖u − x‖^2 ) . (11)

We apply the modified method specified in Section 2.3.

Construct W̃ = {x ∈ R^2 : ‖x‖ ≤ 1/ √ 2} as the smallest disc that covers W , and choose for the dominating kernel density

k̃(x, u) = I_{W̃} (u) × max u∈W̃ k(x, u) = I_{W̃} (u) ×^γ_{2πσ2} exp ( −I_{W̃} c(x) ×^1_{2σ2} ( ‖x‖ −^{1√}_2 )_2) , Figure 1 graphs the kernel density and the dominating kernel density for x = 1.05, γ = 10 and σ = 0.25.

Since the marks are all identically equal to 1, their Laplace transform is L_M (s) = exp(−s), and a simple integration of k̃(x, u) with respect to u shows that the intensity of parents contributing daughters in W̃ is given by

f_2(x) = λ [ 1 − exp ( − γ 4σ^2 exp ( −I_{W̃} c(x) × 1 2σ^2 ( ‖x‖ − 1 √ 2 )_2))] . (12)

Figure 1: Profiles of the dispersion kernel density k ((1.05, 0), (·, 0)) (dotted) and the dominating density k̃ ((1.05, 0), (·, 0)) (solid). W̃ is indicated by the thick line from −1/ √ 2 to 1/ √ 2. The density k̃ ((1.05, 0), (·, 0)) only needs to dominate k ((1.05, 0), (·, 0)) in the region W̃ .

The function f_2 is well-behaved (radially symmetric, decays fast to zero), allowing the efficient use of numerical integration in InhomogeneousPoisson to find the intensity of parent points that contribute daughters to W̃ . Figure 2 shows a realisation of the Neyman-Scott process with λ = 10, γ = 10 and σ = 0.25, with each daughter point linked to the corresponding parent point. Figure 3 shows the realization of the daughters alone without the parents.

3.2 Gamma distributed marks

Suppose that in the previous example we replace the constant marks by independent and identically distributed marks. Then we can use the same k̃ and W̃ . Assume that the marks are independent and gamma distributed with shape parameter ω and scale parameter β, then the Laplace transform of the marks is L_M (s) = (1 + βs)^{−ω} , and f_2 becomes

f_2(x) = λ 1 − ( 1 + βγ 4σ^2 exp ( −I_{W̃} c(x) × 1 2σ^2 ( ‖x‖ − 1 √ 2 )_2))−ω . (13) Figure 4 shows a realisation of the resulting point process using parameters of the previous example and mark parameters β = 0.25, ω = 4 together with links of daughters to their parent points. (Parameters are chosen to maintain the same overall intensity of points between examples, though random variation is markedly increased.) Figure 5 shows the realization of the daughters alone without the parents.

Figure 2: Realisation of Neyman-Scott process (dots); parent points which contribute daughters are presented as linked to their offspring.

Figure 3: Realisation of Neyman-Scott process without links to parents.

3.3 Gamma-Poisson processes

As an example of how to simulate a general shot-noise Cox process without edge effects and truncation error, consider a gamma-Poisson process as defined in [14] and [3]. The parent process is a Poisson process on R^2 × R_+ with intensity λ(x, m) = κm^{−1} exp(−m/β), κ, β > 0 (14)

Figure 4: Realisation of case with gamma-distributed marks (dots); parent points which contribute daughters are presented as linked to their offspring.

Figure 5: Realisation of case with gamma-distributed marks without links to parents.

If we choose k and W as in the first example, we can use the same k̃ and W̃ , and the intensity of the point pattern of parents contributing points to W̃ is f_3(x, m) = λ(x, m) [ 1 − exp(−mK̃(x, W̃ )) ] (15)

While the original intensity λ(x, m) has infinite integral over R^2 × R_+ , the singularity at m = 0 is removed on multiplication by 1 − exp(−mK̃(x, W̃ )) (which also vanishes at m = 0). This allows us to use a thinning method to simulate the inhomogeneous Poisson process of parents conditioned to contribute to the dominating disk under the dominating kernel.

Figure 6 shows a realisation of the resulting point process using parameters of the previous example and mark parameters β = 0.25, κ = 40 together with links of daughters to their parent points. Figure 7 shows all potential parent points (as determined by whether or not they contribute to the dominating disk under the dominating kernel), with attached segments indicating the size of their marks. Figure 8 shows the realization of the daughters alone without the parents.

Figure 6: Realisation of gamma-Poisson process (dots); parent points which contribute daughters are presented as linked to their offspring.

4 Discussion

We remark that there is a direct generalization of the above to cover the case of a general Neyman-Scott cluster process with family size distribution F , probability generating function G(s). In that case the pattern of parents contributing daughters to the observation window W is inhomogeneous Poisson with intensity function f_4(x) = 1 − G(H(x, W )) ,

where H(x, ·) is the dispersion probability kernel for the daughters (in the unmarked Poisson case, K(x, ·) = G^′(1)H(x, ·)). For each contributing parent a

Figure 7: Potential parents, with attached segments indicating size of marks.

Figure 8: Realisation of gamma-Poisson process (dots) without links to parents.

daughter pattern has to be simulated:

def SimNonPoissonDaughters(H,W ,x,F ):

repeat:

draw N using F draw {y_1, . . . , y_N } using H(x, ·) until {y_1, . . . , y_N } ∩ W is non−empty return {y_1, . . . , y_N } ∩ W This is of course substantially more clumsy as we lose invariance under independent thinning.

Wolpert and Ickstadt [14] demonstrate the use of Markov chain Monte Carlo to estimate posterior statistics, such as the intensity function governing observed daughter locations. The ideas discussed here allow us to adapt their method to provide a treatment which avoids truncation and edge-effects: we will discuss this in further work.

It is of course the case that in practical circumstances one can avoid the use of the methods discussed here simply by taking a large enough guard region (and, in the case of Subsection 3.3, by sampling parents with marks exceeding a small enough threshold): careful choice of this will control the resulting errors. However the methods described here allow us to give a treatment exact in at least this respect, without undue effort or complexity.

Finally we note the resemblance of the methods described here to those of ”perfect simulation in space” for lattice and spatial interaction models as found in [1, 8, 9]. Both situations can be viewed as potentially infinite simulation tasks, which are rendered feasible because all but a finite amount of work can be shown irrelevant to what one requires to observe. However the problem for interaction models is rendered more challenging because interactions propagate from one unobserved point to another: the cluster processes considered here are much simpler to deal with.

Acknowledgements

WSK acknowledges the support of EPSRC grants GR/L56831 and GR/M75785. AB and WSK acknowledge the support of the EU TMR network ERB-FMRX- CT96-0095 on “Computational and Statistical methods for the analysis of spatial data” and also funding for a visit to Warwick by AB under the Highly Structured Stochastic Systems initiative of the ESF.

References

[1] J. van den Berg and J.E. Steif. On the existence and non-existence of finitary codings for a class of random fields. Ann. Prob., 27(3):1501–1522, 1999.

[2] Lennart Bondesson. On simulation from infinitely divisible distributions.

Advances in Applied Probability, 14:855–869, 1982.

[3] A. Brix. Generalized gamma measures and shot-noise Cox processes. Advances in Applied Probability, 31:929–953, 1999.

[4] A. Brix and J. Chadœuf. Spatio-temporal modeling of weeds by shotnoise G Cox processes. Revised version of Report 98-7, Department of Mathematics and Physics, Royal Veterinary and Agricultural University, Denmark. Submitted., 2000.

[5] A. Brix and J. Møller. Space-time multi type log Gaussian Cox processes with a view to modeling weed data. To appear in Scandinavian Journal of Statistics, 2000.

[6] D.R. Cox. Some statistical methods related with series of events (with discussion). Journal of the Royal Statistical Society, Series B, 17:129–157, 1955.

[7] D.J. Daley and D. Vere-Jones. An introduction to the theory of point processes. Springer-Verlag, New York, 1988.

[8] O. Häggström and J.E. Steif. Propp-Wilson algorithms and finitary codings for high noise Markov random fields. Combin. Probab. Computing, 9:425– 439, 2000.

[9] W.S. Kendall. Perfect simulation for spatial point processes. In Bulletin ISI, 51st session proceedings, Istanbul (August 1997), volume 3, pages 163– 166, 1997.

[10] J. Neyman. On a class of contagious distributions, applicable in entomology and bacteriology. Annals of Mathematical Statistics, 10(1):35–57, 1939.

[11] J. Neyman and E.L. Scott. Statistical approach to problems of cosmology.

Journal of the Royal Statistical Society, Series B, 20:1–43, 1958.

[12] A. Penttinen, D. Stoyan, and H. Henttonen. Marked point processes in forest statistics. Forest.Sci., 38:806–824, 1992.

[13] D. Stoyan, W.S. Kendall, and J. Mecke. Stochastic geometry and its applications. Wiley, New York, 1995.

[14] R.L. Wolpert and K. Ickstadt. Poisson/Gamma random field models for spatial statistics. Biometrika, 85:251–267, 1998.

Other University of Warwick Department of Statistics Research Reports authored or co–authored by W.S. Kendall.

161: The Euclidean diffusion of shape.

162: Probability, convexity, and harmonic maps with small image I: Uniqueness and fine existence.

172: A spatial Markov property for nearest–neighbour Markov point processes. 181: Convexity and the hemisphere.

202: A remark on the proof of Itô’s formula for C^2 functions of continuous semimartingales.

203: Computer algebra and stochastic calculus.

212: Convex geometry and nonconfluent Γ-martingales I: Tightness and strict convexity.

213: The Propeller: a counterexample to a conjectured criterion for the existence of certain convex functions.

214: Convex Geometry and nonconfluent Γ-martingales II: Well–posedness and Γ-martingale convergence.

216: (with E. Hsu) Limiting angle of Brownian motion in certain two–dimensional Cartan–Hadamard manifolds.

217: Symbolic Itô calculus: an introduction.

218: (with H. Huang) Correction note to “Martingales on manifolds and harmonic maps.”

222: (with O.E. Barndorff-Nielsen and P.E. Jupp) Stochastic calculus, statistical asymptotics, Taylor strings and phyla.

223: Symbolic Itô calculus: an overview.

231: The radial part of a Γ-martingale and a non-implosion theorem. 236: Computer algebra in probability and statistics.

237: Computer algebra and yoke geometry I: When is an expression a tensor? 238: Itovsn3: doing stochastic calculus with Mathematica. 239: On the empty cells of Poisson histograms.

244: (with M. Cranston and P. March) The radial part of Brownian motion II:

Its life and times on the cut locus.

247: Brownian motion and computer algebra (Text of talk to BAAS Science Festival ’92, Southampton Wednesday 26 August 1992, with screenshots of illustrative animations).

257: Brownian motion and partial differential equations: from the heat equation to harmonic maps (Special invited lecture, 49th session of the ISI, Firenze).

260: Probability, convexity, and harmonic maps II: Smoothness via probabilistic gradient inequalities.

261: (with G. Ben Arous and M. Cranston) Coupling constructions for hypoelliptic diffusions: Two examples.

280: (with M. Cranston and Yu. Kifer) Gromov’s hyperbolicity and Picard’s little theorem for harmonic maps.

292: Perfect Simulation for the Area-Interaction Point Process. 293: (with A.J. Baddeley and M.N.M. van Lieshout) Quermass-interaction processes.

295: On some weighted Boolean models. 296: A diffusion model for Bookstein triangle shape. 301: COMPUTER ALGEBRA: an encyclopaedia article. 308: Perfect Simulation for Spatial Point Processes. 319: Geometry, statistics, and shape.

321: From Stochastic Parallel Transport to Harmonic Maps. 323: (with E. Thönnes) Perfect Simulation in Stochastic Geometry. 325: (with J.M. Corcuera) Riemannian barycentres and geodesic convexity. 327: Symbolic Itô calculus in AXIOM: an ongoing story. 328: Itovsn3 in AXIOM: modules, algebras and stochastic differentials. 331: (with K. Burdzy) Efficient Markovian couplings: examples and counterexamples.

333: Stochastic calculus in Mathematica: software and examples. 341: Stationary countable dense random sets.

347: (with J. Møller) Perfect Metropolis-Hastings simulation of locally stable point processes.

348: (with J. Møller) Perfect implementation of a Metropolis-Hastings simulation of Markov point processes 349: (with Y. Cai) Perfect simulation for correlated Poisson random variables conditioned to be positive.

350: (with Y. Cai) Perfect implementation of simulation for conditioned Boolean Model via correlated Poisson random variables.

353: (with C.J. Price) Zeros of Brownian Polynomials. 371: (with G. Montana) Small sets and Markov transition densities. 382: (with A. Brix) Simulation of cluster point processes without edge effects.

Also see the following related preprints

317: E. Thönnes: Perfect Simulation of some point processes for the impatient user.

334: M.N.M. van Lieshout and E. Thönnes: A Comparative Study on the Power of van Lieshout and Baddeley’s J-function.

359: E. Thönnes: A Primer on Perfect Simulation.

366: J. Lund and E. Thönnes: Perfect Simulation for point processes given noisy observations.

If you want copies of any of these reports then please mail your requests to the secretary <statistics@warwick.ac.uk> of the Department of Statistics, University of Warwick, Coventry CV4 7AL, UK.