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Abstract

▶ Fine spatial and temporal scale
▶ Univariate modeling of moderate and intense
rainfall with EGPD

▶ Spatio‐temporal dependence modeling with
weighted least squares estimation

▶ Brown‐Resnick dependence
▶ Relax separability assumption with advection
consideration

Montpellier, South of France

↪→ Mediterranean episodes, localized rainfall
↪→ Urban area, flood risks
↪→ Collaboration with hydrologists

Let S ⊂ R2 be our spatial domain and let T ⊂ R+ be our temporal domain with equidistant
time points. Let ΛS ⊂ R2 and ΛT ⊂ R+ be sets of spatial and temporal lags respectively.

Data [1]

Sstations = {17 rain gauge locations}
▶ Period: [2019, 2022]

▶ High temporal resolution:
Every minute 5‐minute aggregation

▶ Small spatial scale:
Interdistance ∈ [77, 1531] meters

▶ Other dataset:
Hourly COMEPHORE data with a 1 km2‐
resolution over Montpellier [2]

Moderate Extreme

Sgrid = {400 pixels}

Univariate

Dependence

Extended GPD [3] GPD
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Rainfall measurement: Xs at a given site s ∈ S .

EGPD estimates

Max-stable

For all s ∈ S and t ∈ T ,

Xs,t =
∞∨

j=1

ξje
W

(j)
s,t −γ(s,t)

▶ (ξj)j≥1: Poisson process with intensity ξ−2dξ

▶ W (j): indep. rep. of a Gaussian random fieldW

▶ γ: spatio‐temporal variogram ofW

r-Pareto

For all s ∈ S and t ∈ T ,
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Zs,t ,

and Zs,t = ReWs,t−Ws0,t0−γ(s−s0,t−t0) ,
with (s0, t0) a given space‐time location,
R ∼ Pareto(1) and u a threshold.

Rainfall field: X = {Xs,t , (s, t) ∈ S × T } a stationary and isotropic process
with a Brown‐Resnick dependence [4].

▶ Extreme dependence determined by the spatio‐temporal extremogram:

χ (h, τ) = lim
q→1

χq (h, τ) , with χq (h, τ) = P(X∗
s, t > q | X∗

s+h,t+τ > q), h ∈ ΛS , τ ∈ ΛT

with q ∈ [0, 1[ and X∗
s,t the standardized univariate margins.

▶ Dependence determined by the spatio‐temporal variogram of W :

γ(h, τ) = 1
2

V ar (Ws,t − Ws+h,t+τ) , h ∈ ΛS , τ ∈ ΛT

Link extremogram-variogram and separabilty [5]

Assumption of additive separability: 1
2γ(h, τ ) = β1∥h∥α1 + β2τα2, 0 < α1, α2 ≤ 2 , β1, β2 > 0

With φ the std normal cdf,

Spatio‐temporal
χ(h, τ ) = 2

(
1 − φ

(√
1
2γ(h, τ )

))

Spatial
η (χ(h, 0)) = log β1 + α1 log∥h∥

=: c1 + α1xh

Temporal
η (χ(0, τ )) = log β2 + α2 log τ

=: c2 + α2xτ

Transformation:
η(χ) = 2 log

(
φ−1 (1 − 1

2χ
))

Weighted Least Squares Estimation (WLSE)
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Spatial dependence

Extremogram estimator: For a fixed t ∈ T and q a high quantile,

χ̂
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q (h, 0) =
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where Ch are equifrequent distance classes and Nh =
{

(si, sj) ∈ S2
∣∣ ∥si − sj∥ ∈ Ch

}
.

Empirical extremogram with q = 95% Spatial variogram estimate γ̂(h, 0) = 2β̂1∥h∥α̂1

Transformation
and WLSE

Temporal dependence

Extremogram estimator:
For s ∈ S , a high quantile q and tk ∈ {t1, . . . , tT },
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Temporal variogram estimate γ̂(0, τ ) = 2β̂2τ
α̂2

Transformation
and WLSE

Validation of the separable model

For 100 realisations of a spatio‐temporal max‐stable
Brown‐Resnick process

True Mean RMSE MAE

Spatial β̂1 0.4 0.445 0.11 0.084
α̂1 1.5 1.465 0.159 0.129

Temporal β̂2 0.2 0.263 0.092 0.075
α̂2 1 0.888 0.137 0.118 A realisation of a max‐stable

Brown‐Resnick process

Beyond separability: advection

Advection vector V

▶ What? Horizontal transport of air masses

▶ Why? To relax the separability assumption

▶ In the model?
Lagrangian/Euleurian: γL (h, τ ) = γ (h − τV , τ )

Model: 1
2γL (h, τ ) = β1∥h − τV ∥α1 + β2τα2

▶ Estimation? Parameter optimization of Θ = (β1, β2, α1, α2, V )

Excesses: for all spatial pairs (si, sj),

kij =
n∑

t=1

1{Xsi,t
>q,Xsj,t>q} | nj ∼ B(nj, χij,Θ) , with nj =

n∑
t=1

1{Xsj,t>q}

Composite log‐likelihood:

lC(Θ) ∝
∑

ij

kij log χij,Θ + (nj − kij) log(1 − χij,Θ)

Future work

↪→ Combination of the two datasets: downscaling
↪→ Considering non‐constant advection
↪→ More complex variogram with anisotropic structure
↪→ Dry events modeling
↪→ Stochastic generator of precipitation

R package on GitHub:
chloesrcb/generain

Website:
chloesrcb.github.io
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