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Some nice things to do with 
Exponentially marked Poisson process 

• Application 1 : Fully Observed , Pickands’ POT!

• Application 2 : Max Observed, GeV (Gumbel)

• Application 3 : SumObservedinsteadof max• Application 3 : SumObservedinsteadof max

• Application 4 : App3+Go Hierarchical



Two parameters only for the trajectory of a 
marked Poisson Process
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Application 1 : Rains at Bar/Seine

The point Poisson process 
with exponential marks is 

completely observed
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The exponentially marked point Poisson 
process is completely observed

ρ et µ parameters
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Histogram of  
The total number 
of rain events

Expected values for 
A Poisson dist. with 
Average number = 4

Number of rainy events
at Bar/Seine
(15 July-15 August)

Water quantities 
during rainy events

Starting date of rainy events



Bayesian inference easy!
The conjugacy« miracle »
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Application 2 : Max annual flow 
at Bar/Seineat Bar/Seine

The point Poisson process
with exponential marks is

incompletely observed

(only the max per year)
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ρµ

The Exponentially marked Poisson 
process is only partially observed

ρ and µ parameters

for(i in 1 : nj)

for(j in 1 : m)

X ij

j

N and X  latent variables

Y observed

Y j =Max(Xij)
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Bayesian inference by Data 
Augmentation =« reconstruction » 

[X|Y,N,ρ,µ] is a tuncated exp!
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µρ

Estimations on max of P.P. with Exp. marks (GUMBEL model)

µ

ρ

Corr(ρ,µ)=0.53

Estimations on max of P.P. with Exp. marks (GUMBEL model)



0ne century 
return period flood

Probable number of 
floods during year 1955
( given y1955=1163)

PREDICTIONS thanks to the latent P.P with Exponential marks

Observable latent V. !

What might have been the magnitude
of the second flood in 1955? 
( given the max y1955=1163)

PREDICTIONS thanks to the latent P.P with Exponential marks

latent V. !



ρ

Poisson pp with exp. marks
123 events, 31 years, 21144 mm/10

accumulated above a threshold of 147 mm/10

Gumbel model
for annual max

µ

Large events of 1955
3 floods

17 january: 1163 mm/10

11 february: 583 mm/10

28 february: 282 mm/10



Records historiques de la 
Garonne à Mas d ’Agenais

DATE HAUTEUR ( m ) DEBIT ESTIME (m3/s)
Avril 1770 10.34 7000 à 7400
Sept. 1772 6300
Mars 1783 7000 à 7200
Mai 1827 6500
Mai 1835 6400
Janv. 1843 6500
Juin 1855 9.96 7000Juin 1855 9.96 7000
Mai 1856 9.62 6200
Juin 1856 9.88 6600
Juin 1875 10.56 7000 à 7500 (peut-être 8000)
Janv. 1879 9.62 6300
Fev. 1879 10.02 7000
Mai 1918 9.51 6000
Mars 1927 9.97 6700
Mars 1930 10.72 7000 à 7500 (peut-être 8000)
Mars 1935 9.95 6700
Fev. 1952 10.26 6000 à 7000
Janv. 1955 9.32 5200 à 5700



DEBIT q(i) ( m3/s )
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Flood and latent variables

Crues historiques

1900 2000

Valeurs manquantes Z Données systématiques



Data Augmentation algorithm

• Generate K , the 
number of missing 
data

• Draw Z for missing 

• Poisson pdf with
parameter µH

• Trucated GEV • Draw Z for missing 
flood data

• Compute posterior pdf 
of parameters  θ on 
augmented sample

• Trucated GEV 
with parameter θ

• Same pdf structure as 
the already collected 
data 



Bayesian Estimation with 
historical data
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Estimation sur données historiques
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alpha 1477.63 1468.41 1739.05 1234.42
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Conclusions Mas d Agenais
Médiane Borne Sup 95% Borne Inf 95%

Q10          5520    5810  5990     6050  5190      5565
Q100      7004     7170   8450    7760  6350      6805
Q1000    8020    7970 10880    9100  6930     7375

Les données historiques ne changent guère l estimation de 
la valeur centrale, mais réduisent par 2  sur ce cas 
l ’incertitude d estimation des valeurs de projets

Estimation Borne sup 95% Borne inf 95%
Q10      : 5510  5940  5090
Q100    :  6810 7550 6070
Q1000  : 7550 8730 6370

Max Vrais



Application 3 : Montly rains at 
Ghezala dam, TunisieGhezala dam, Tunisie

The point Poisson process
with exponential marks is

incompletely observed

(only the sum per period)
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The Exponentially marked Poisson 
process is only partially observed
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La « loi des fuites »: 
Y~fuitepdf(ρ,µρ,µρ,µρ,µ) 

• Def : Compound Poisson of exp. marks
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250

Simulations
N=poissrnd(mu,1,1000)
for i=1:length(N)

if N(i)==0 
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Real data: monthly rain
- a bucket at Ghezala-dam : february, august
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Loi des fuites
• Moments
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Bayesian inference not difficult!
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GHEZALA :Posterior parameter 
Distributions  (MCMC Gibbs )
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Modèle des fuites

• Various hydrological situations (zero 
inflated Ghezala summer dist.)

• Help of Tom Bayes (relying on conditional 
structure)structure)

• Convenient Interpretation of parameters + 
credibility bands
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Pedictive Validation of la “ loi des fuites ”
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Distributions prédictives cumulées 
annuelles, sur 10 et 50 ans
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Application 4 : Trawl data in 
St-Laurence bay, CanadaSt-Laurence bay, Canada

A compound Poisson distribution 
for zero-inflated data
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Data collection
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The Challenges…
� Define a random structure to represent bottom-trawl surveys 

data

�Find a parsimoneous alternative to a mixture model with

delta distribution





Hypotheses behind la « loi des fuites »
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Inference of a mixed effect model 
with hierarchical submodels
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Adjacency Map

N

Spatial model 2:  IAR on a lattice

Trend

Variabilité spatiale
CAR Gaussien

Résidu Non spatialisé

  0.002km

Neighboring cohérency between strata

CAR Gaussien



Inférence sur µi

Carte des moyennes a posteriori pour µi

Distributions a posteriori pour exp(-µi)



Latent field for local
biomass abundance

Latent field for local
Chance of a clump

Spatial model 3:  A three stage hierarchical model
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Model Structure

Latent LogGaussian field 
for local chance of a clump
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Log(µ)~N(β,Σ) Σ(i,i’)= σ exp-φd(i,i’)
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La « loi des fuites »
Conclusions

• Parsimonious

• Conceptual interpretation

• Inference benefits from conditional structure• Inference benefits from conditional structure

• Infinitely divisible

• Lego brick for various constructions



Further tracks

• Multivariate constructions
• Spatio-dynamics modelling
• Normal Convolutions

following Calder, Wickle,Craighmiles…following Calder, Wickle,Craighmiles…
• Gamma Convolutions

following Wolpert, R.L. and Ickstadt, K. (1998). 
Poisson/Gamma random field models for spatial 
statistics. Biometrika, 85, 251-267.

• Markov Point Processes 
following Berliner 



θ1θ1

•   Modelling :  Capacity to accommodate complexity

Parameters, states process and observations process  can 
be modelled independently

θ = (θ1,θ2)

Z: Latent Process

Parameters

[Z|θθθθ]

[θθθθ]

Conditionnal modelling strategy in Hierarchical Bay esian 
Models

θ2θ2

Modelling

Z: Latent Process

p(effect|cause)

Individuals, populations, time, space

Y: Observations

[Z|θθθθ]

Random process of 
states Z conditioned 
upon θθθθ

[y|X, θθθθ]

Random process of the 
observations conditioned 
upon Z and θθθθ



General Comments

● Easy for modelling
➢ Thinking conditionally breaks an uneasy problem into tractable pieces

➢ convenient to incorporate knowledge within the various layers of the structure

➢ easy to adapt/improve because locally defined

mind over-modelling...➢ mind over-modelling...

●Handy for inference
➢ inputs similar to outputs and probability distributions

➢ probabilistic formalization by reverse conditionning

➢ software available (AppliBUGS ENGREF since 2007)



Quelques bonnes lectures
• Redécouvrir la théorie du Risque en 

Environnement . Revue de l ’AIGREF, n°
spécial sur les risques en 2003 , pages 18 à 
24.

• Bernier J., Parent E., Boreux. JJ. (2000), • Bernier J., Parent E., Boreux. JJ. (2000), 
Statistique pour l ’Environnement. 
LAVOISIER, Eds TEC et DOC.

• Bernier J., Parent E. (2007), Le 
Raisonnement Bayésien . Springer Verlag 
France


