
Part 2: Point Processes

Last week: Examples
Definitions + 3.4.1
More examples and 3.4.2 Spatial statistical
dependency

This week: Simulations + more models (3.4.3 + revisit ++).
Estimation

Extra text book: Statistical Analysis and Modelling of Spatial Point
Patterns by Janine Illian, Antti Penttinen, Helga Stoyan, Dietrich
Stoyan (2008)
TODAY:

Clustering Neymann-Scott processes
Cox processes
Log-Gaussian Cox process

Regularization Gibbs processes
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http://onlinelibrary.wiley.com/book/10.1002/9780470725160
http://onlinelibrary.wiley.com/book/10.1002/9780470725160


Spatial Point Processe (SPP)

From Cressie and Wikle:

and we only consider:

Data
Number of points: Z (Ds) = m

Locations: {s1, s2, . . . , sm}
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Random, Regular, Clustered

from Illian et al 2008:
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Ex. Random: Homogenous Poisson point process (HPPP)

Sampling from Poisson point process

Trees in 1km × 1km domain, with intensity λ0 = 15trees/km2

Sample m ∼ Pos(15)
for i = 1 : m

sample location randomly in domain {si}
end
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Clustering, how to sample/model?

. . .

. . .
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Hierachical statistical models (HM), and Cox process

Data model: [Z |Y , θ]
Process model: [Y |θ]
Parameter model: [θ]

Cox process

Data model: [Z |λ] ∼ Pos(
∫
A λ(d)dx)

Process model: λ(s) (Cox process)
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Overview clustering processes

from Note
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http://www2.warwick.ac.uk/fac/sci/statistics/staff/academic-research/nichols/research/spatbayes/johnson_spatialpointproc.pdf


Sampling Neymann-Scott

from Note

February 14, 2017, Ingelin Steinsland TMA 4250:Point Processes

http://www2.warwick.ac.uk/fac/sci/statistics/staff/academic-research/nichols/research/spatbayes/johnson_spatialpointproc.pdf


First order intensity

February 14, 2017, Ingelin Steinsland TMA 4250:Point Processes



Estimation of intensity

We often want to estimate the λ(s) from data (points).
Seals (from log-Gaussian Cox model):
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Kernel estimation of intensity
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2nd order intensity and Pair-correlation function

2nd order intensity

λ2(s, x) = lim
|ds|→0,|dx |→0

E (Z (ds)Z (dx))

|ds||dx |

Pair correlation function

g(s, x) =
λ2(x , s)

λ(s)λ(x)

For HPPP: λ2(s, x) = λ(s)λ(x) and g(s, x) = 1
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Hierachical statistical models (HM), LGCP

Data model: [Z |Y , θ]
Process model: [Y |θ]
Parameter model: [θ]

Log Gaussian Cox process (LGCP)
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λ2(s, u) for Log Gaussian Cox Process (LGCP)

From page 214 Cressie & Wikle.
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Intensity functions

1 order intensity:

λ1(s) = lim
|ds|→0

E (Z (ds))

|ds|

2. order intensity:

λ2(s1, s2) = lim
|ds1|→0,|ds2|→0

E (Z (ds1)Z (ds2))

|ds1||ds2|
. . .

mth order intersity

λm(s1, s2) = lim
···→0

E (Z (ds1)Z (ds2) . . .Z (dsm))

|ds1||ds2| . . . |dsm|
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Example Strauss

from Note. λ0 = β = 100
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