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General context - Montpellier, France

Floods in Montpellier, August 2015 and December
2025 (Midi Libre)

▶ Mediterranean events: intense and localized
▶ Urbanization increases flood risk
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Rain gauge network - OMSEV

S = {20 rain gauges} ⊂ R2 and T ⊂ R+

▶ Study area: Verdanson water catchment

▶ Source: OMSEV1 (Finaud-Guyot et al., 2023)

▶ Time period: [Sept.2019, Dec.2025]

▶ Temporal resolution: 5 minutes

▶ Spatial resolution: 77 m to 2259 m

1Observ. Montpellierain et au Sud de l’Eau dans la Ville
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Additional data at a coarser resolution - COMEPHORE

▶ Source: COMEPHORE, Météo France1

▶ Time period: [2008, 2025]

▶ Temporal resolution: Every hour

▶ Spatial resolution: 1 km2

1Tabary et al., 2012
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Thesis questions and contributions

How can rainfall be reproduced
at high spatio-temporal resolution for hydrological modeling?

Question 1
How to generate extreme rainfall events

while preserving their spatio-temporal structure?

Question 2
How to recover local rainfall distributions
from coarser spatio-temporal information?

AXIS 1 – SPG
Stochastic generator of extreme rainfall

with space-time dependence and advection

AXIS 2 – DOWNSCALING
Conditional probabilistic model
for local rainfall distributions

Transverse contribution – High-resolution rainfall data
OMSEV network of 20 rain gauges, 5-min resolution, 2019–2025
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AXIS 1
Stochastic precipitation generator

Modeling and generating extreme rainfall episodes
in space and time



State of the art – Stochastic precipitation generators

Stochastic generators

Occurrence + intensity
Space–time structure

Wilks and Wilby, 1999; Allard

et al., 2015; Obakrim et al., 2025

Fine-scale generators

Sub-hourly / sub-km
Space–time dynamics

Advection
Schleiss et al., 2014; Benoit et al., 2018

Extreme rainfall models

Heavy-tailed intensities
Extremal dependence

Huser and Davison,

2014 Gaetan et al., 2025

This thesis
Extreme rainfall episodes at very high spatio-temporal resolution

Heavy-tailed margins + space–time extremal dependence + advection
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Univariate modeling of rainfall intensities

Precipitation

Moderate Extreme

?

Univariate
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Modeling extreme precipitation

u

Time

Rainfall X > 0

Extreme ∼ GPD

▶ Generalized Pareto Distribution (GPD)1

X | X > u ∼ Hξ︸︷︷︸
GPD(ξ,σ,u)

with ξ ∈ R, σ > 0.

ξ: shape (tail behavior), σ: scale, u: threshold

1Pickands III, 1975
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Modeling moderate and extreme precipitation

Time

Rainfall X > 0

Moderate and Extreme
∼ EGPD

▶ Extended Generalized Pareto Distribution (EGPD)2

X ∼ P(Hξ)︸ ︷︷ ︸
EGPD(ξ,σ,κ)

with P(x) = xκ, κ > 0

2Naveau et al., 2016
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Modeling moderate and extreme precipitation

σ = 1, ξ = 0.5

Extended Generalized Pareto Distribution

FEGPD(x ; ξ, σ, κ) = P
(

Hξ

( x
σ

))
,

where P(x) = xκ, κ > 0

▶ κ: controls the bulk of the distribution
▶ Models moderate and extreme precipitation
▶ Avoids a threshold choice
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EGPD fitting

EGPD fitting for two rain gauges, Brives (left) and UM (right) with left-censoring
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EGPD estimated parameters
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Estimated parameters across rain gauges

Full marginal distribution

F (x) =


0, x < 0,

p0, x = 0,

p0 + (1 − p0)FEGPD(x ; ξ, σ, κ), x > 0.

Common marginal parameters

Parameter p̂0 ξ̂ σ̂ κ̂

Estimate 0.989 0.244 0.536 0.308
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Spatio-temporal dependence modeling

Precipitation

Moderate Extreme

EGPD GPD

Univariate

Dependence
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Spatio-temporal pairwise dependence measures

Rainfall random field: X = {Xs,t , (s, t) ∈ S × T }

Let ΛS ⊂ R2
+ and ΛT ⊂ R+ be sets of spatial and temporal lags respectively.

Variogram (Matheron, 1963)

γ(h, τ) = 1
2Var(Xs,t − Xs+h,t+τ )

• Quantifies variability
• Higher γ(h, τ) → weaker dependence

h ∈ ΛS , τ ∈ ΛT , X∗
s,t uniform margins.

Extremogram (Davis and Mikosch, 2009)

χ(h, τ) = lim
q→1

P(X∗s,t > q | X∗s+h,t+τ > q)

• Measures tail dependence
• Higher χ(h, τ) → stronger dependence
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r-Pareto process for extreme episodes

r-Pareto process with risk function r(X) = Xs0,t0

One selected episode

Time

u
s0

s

(s0, t0)

t0

Condition on Xs0,t0 > u

r -Pareto process (De Fondeville and Davison, 2018)

Asymptotic model : u−1Xs,t | Xs0,t0 > u d−→ Ys,t

Ys,t = R︸︷︷︸
Pareto(1)
magnitude

exp

 Ws,t − Ws0,t0︸ ︷︷ ︸
Gaussian space–time field

− γ(s − s0, t − t0)︸ ︷︷ ︸
dependence

 .

W is a Gaussian process and γ is its space–time variogram.

r-extremogram: pairwise extremal dependence

χr (h, τ) = lim
q→1

P
(

X∗s0+h,t0+τ > q | X∗s0,t0 > q
)
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Dependence modeling

How do we model the space-time dependence γ(h, τ)?

Spatio-temporal extremogram with a Brown-Resnick dependence
Let h ∈ ΛS and τ ∈ ΛT . We have

χ(h, τ) = 2

(
1 − ϕ

(√
1
2γ(h, τ)

))
with ϕ the std normal c.d.f. and γ the variogram of W .

Separable model: Fractional Brownian motion with additive separability.

γ(h, τ)
2 = β1∥h∥α1 + β2|τ |α2

with 0 < α1, α2 ≤ 2, β1, β2 > 0 (Buhl et al., 2019).
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Space–time dependence: why advection?

Towards more realistic modeling: introduce
advection V to relax separability

γL(h, τ) = γ(h − τV , τ)

⇒ 1
2γL(h, τ) = β1∥h − τV ∥α1 + β2|τ |α2

▶ Parameters: Θ = (β1, β2, α1, α2, V )

Non-separable model

t

t + 1

t + 2

V
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Estimation of the extremal dependence structure

E: set of selected extreme rainfall episodes

Joint exceedance
for episode e ∈ E

ke(s, t) = 1 {Xs0,t0 > u, Xs,t > u}
ke (s, t) ∈ {0, 1}

Extremal dependence

P(ke(s, t) = 1) = χr (h, τ ; Θ)
with h = s − s0 and τ = t − t0

Bernoulli contribution

Composite log-likelihood

ℓC (Θ) ∝
∑
e∈E

∑
(h,τ)∈ΛS×ΛT

∑
(s,t)∈N (h,τ)

ke(s, t) log χr (h, τ ; Θ) + (1 − ke(s, t)) log(1 − χr (h, τ ; Θ))

Θ̂ = arg max
Θ

ℓC (Θ) with Θ = (β1, β2, α1, α2, V )
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Contribution: episode-wise advection

Rainfall episodes have different propagation patterns

Episode 1

V (1)

Episode 2

V (2)

Episode i

V (i)

⇓

A
(

V (i)
)

= η1
∥∥V (i)

∥∥η2 V (i)∥∥V (i)
∥∥

Episode-specific advection information + 2 global parameters η1, η2

=⇒ Θ = (β1, β2, α1, α2, η1, η2)
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Estimating advection with COMEPHORE

OMSEV limitation

Local rain-gauge network
⇒ limited information on rainfall displacement

COMEPHORE contribution

Spatial rainfall fields over a larger area
⇒ more reliable episode-wise advection

Use in the model

COMEPHORE ⇒ estimate η1, η2

η1, η2 fixed for OMSEV inference

COMEPHORE pixels around
the OMSEV network
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Advection estimation from COMEPHORE

Episode-wise empirical advection

t0 − 1 t0 t0 + 1

Rainfall barycenter displacement =⇒ Vemp

Advection contribution:

A (Vemp) = η1 ∥Vemp∥η2 Vemp

∥Vemp∥

Optimization over COMEPHORE episodes =⇒ η̂1, η̂2

η̂1 = 3.896 η̂2 = 2.221
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Estimation strategy for the extremal dependence

COMEPHORE
Dependence model estimation

⇓
β̂COM

1 , α̂COM
1 , β̂COM

2 , α̂COM
2

η̂1, η̂2

OMSEV
Dependence model estimation

with fixed η̂1, η̂2

⇓
β̂1, α̂1, β̂2, α̂2

Final
OMSEV spatio-temporal

variogram

transfer
η̂1, η̂2

COMEPHORE estimates the advection contribution
OMSEV provides the final dependence structure
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OMSEV results

Parameter estimates over |E| = 511 episodes
η̂1 = 3.896 and η̂2 = 2.221 fixed (COMEPHORE)

Parameter Estimate (JK CI)

Spatial β̂1 1.076 [0.807, 1.344]
α̂1 0.116 [0.000, 0.263]

Temporal β̂2 3.911 [2.675, 5.148]
α̂2 0.654 [0.485, 0.824]

Estimated spatio-temporal dependence
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Stochastic simulation of precipitation events

OMSEV precipitation

Moderate Extreme

Univariate

Dependence

EGPD GPD

Stochastic precipitation generator

r -Pareto
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Stochastic precipitation generator

r -Pareto
Y

Rainfall scale
Z = uY

U = G(Z)

X = F←(U)

rescaling by u

probability transform

target marginals Time

Pareto
scale

Rainfall
(mm)

r-Pareto episode
extreme scale

Rainfall episode
observed scale

G then F−1
marginal transformation

Same dependence / event structure,
different marginal scale
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Marginal validation of simulated precipitation

100 simulations by episode

UM density IEM density

Comparison of marginal distributions (above-zero rainfall)
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Marginal validation of simulated precipitation

100 simulations by episode

UM IEM

Comparison of extreme quantiles (above 95th percentile)
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Dependence validation of simulated precipitation

100 simulations by episode

Spatio-temporal r -extremal dependence
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Dependence validation of simulated precipitation

100 simulations by episode

P(X∗s1,t > q, X∗s2,t > q|X∗IEM,t > q, X∗s0,t0 > q)
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Stochastic simulation of precipitation events

Over the OMSEV network area

▶ Spatial resolution: 100 m × 100 m
▶ Temporal resolution: 5 min
▶ Stochastic rainfall simulation
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AXIS 2
Statistical downscaling

From coarse-resolution rainfall information
to local high-resolution distributions



State of the art – Downscaling

Learning relationships between coarse-scale information
and local precipitation

Classical statistical models

Regression, GLM/GAM, analogues,
neural networks

Maraun et al., 2010; Obakrim, 2022

Extreme precipitation

EVT-based models,
Quantile regression

Kallache et al., 2011;

Tareghian and Rasmussen, 2013

This thesis: downscaling

COMEPHORE (hourly/km) −→ local 5-min rainfall distribution

Flexible EGPD-based model - Neural networks

Cisneros et al., 2024; Richards, 2024
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Statistical downscaling

COMEPHORE predictors
spatio-temporal cube around the gauge

space

gauge

tim
e

t − 1h

t

t + 1h

43 predictors Cs,t :
cube (27) +

spatial neighbourhood (4) +
temporal context (6) +

cube summaries (6)

Occurrence
ps,t = P(Xs,t > 0 | Cs,t)

OMSEV rainfall distribution

Logistic regression

Positive rainfall intensity
Xs,t | Xs,t > 0, Cs,t ∼ EGPD (σs,t , κs,t , ξ)
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Model comparison - Positive rainfall intensity

Stationary EGPD σ, κ constant no predictors

GLM log σs,t , log κs,t linear central radar pixel

GAM log σs,t , log κs,t smooth central radar pixel

Neural network log σs,t , log κs,t nonlinear 43 predictors

Neural network tuning

(8, 4) hidden units c = 0.3 mm / 5 min ξ = 0.18
network architecture left-censoring threshold tail parameter

Validation strategy: leave-one-site-out (LOSO)
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Predictive performance

Overall distribution

CRPS(F , x) =
∫ +∞

−∞
[F (v) − 1{x ≤ v}]2 dv

Performance over the
whole predictive distribution

Upper-tail distribution

u

twCRPS(F , x) =
∫ +∞

−∞
w(v) [F (v) − 1{x ≤ v}]2 dv

w(v) = 1{v ≥ u}

Performance focused on the
upper tail
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Predictive performance

Overall distribution

SSCRPS

Upper-tail distribution

SStwCRPS

Skill score relative to the stationary EGPD:

SS = 1 −
Smodel

Sstationary
, SS > 0 ⇒ improvement

All models outperform the stationary EGPD, with the neural network being the best.
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Rainfall occurrence

Occurrence: pocc(s, t) = P(Xs,t > 0 | Cs,t)
Logistic regression – 16 predictors

Discrimination wet/dry events
AUC: higher is better

AUC > 0.95 at all held-out gauges

Probabilistic skill
Brier Skill Score: > 0 = better than reference

Mean Brier Skill Score: 0.215

Rainfall occurrence can be accurately transferred to locations not used for training.
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Statistical downscaling

Example of spatial reconstruction – 6-8 September 2022
Based on a 5-min conditional simulation

Maximum COMEPHORE rainfall over the episode 95th percentile of downscaled rainfall over the episode
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Conclusion & Outlook

OMSEV precipitation

Moderate Extreme

Univariate

Dependence

EGPD
Stationary margins F (x) (integrated)

Non-stationary margins Fs,t (x) (extension)

GPD
Next: Discrete distribution

r-Pareto
Non-separable variogram

Additional data:
COMEPHORE

D
ow

ns
ca

lin
g

Ad
ve

ct
ion

Next: richer variogram
+ time-varying advection

within the episode
+ integrate meteorological cov.

Stochastic precipitation generator
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Hydrological application

Use: Shallow-water flow model (SW2D – Inria)
→ Agustin Bastida’s internship (summer 2026)

Fabregues catchment (Hérault, France) – 2D shallow-water flow model (SW2D – Inria)
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Thesis questions and contributions

How can rainfall be reproduced
at high spatio-temporal resolution for hydrological modeling?

Question 1
How to generate extreme rainfall events

while preserving their spatio-temporal structure?

Question 2
How to recover local rainfall distributions
from coarser spatio-temporal information?

AXIS 1 – SPG
Scientific contribution
Preprint – under revision

generain – R package

§ chloesrcb/generain

AXIS 2 – DOWNSCALING
Scientific contribution
Preprint – in preparation

Python implementation

§ chloesrcb/downscaling
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Data issue: missing values

Missing values according to site activation periods (OMSEV dataset)

38 / 38



How are COMEPHORE data produced?

Radar data
rainfall spatial structure

Rain gauges
ground observations

Radar–gauge merging
kriging with external drift

COMEPHORE
1 km × 1 km
hourly rainfall

2008–2025
Improved radar processing

+ convective / stratiform separation
(ANTILOPE)

Météo-France precipitation reanalysis combining radar and rain-gauge information.
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Modeling both moderate and extreme precipitation

Generalized Pareto Distribution Extended GPD3

Hξ

(
x − u

σ

)
=
{(

1 + ξ x−u
σ

)−1/ξ

+ if ξ ̸= 0 ,

e− x−u
σ if ξ = 0 ,

where a+ = max(a, 0), σ > 0, x − u > 0

▶ Models extreme precipitation
▶ Depends on a threshold choice

FEGPD(x) = P
(

Hξ

( x
σ

))
,

where P(x) = xκ, κ > 0

▶ Models moderate and extreme precipitation
▶ Avoids a threshold choice

3Naveau et al., 2016
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Asymptotic dependence

0.00

0.25
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1.00
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χ̂(
q)

Pairwise χ for the OMSEV dataset
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Non-separability

0
5
10
15
20
25
30
35
40
45
50

Empirical difference γ(h, τ) − γ(h, 0) for the OMSEV dataset
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Non-separability
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Empirical difference γ(h, τ) − γ(h, 0) for different seasons (OMSEV dataset)
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From exceedances to extreme episodes

Extreme episodes

Time

s0

s′0

u

u′

Episode 1 Episode 2

(s0, t0)

(s′
0, t′

0)

Only episodes separated by a minimum spatial and temporal distance are selected to reduce dependence.
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Marginal validation of simulated precipitation

Comparison of extreme quantiles (above 95th percentile)
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Validation: constant advection

Without advection With advection

50 simulations, 500 replicates, 25 sites, 30 time steps
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Episode-wise advection to global model

Vemp =


V(1)

V(2)

...
V(N)

 ∈ RN×2

one component = one episode

A(V(i)) = η1 ∥V(i)∥η2 V(i)

∥V(i)∥ , η1 > 0, η2 > 0
global model

transformation ⇒ η to estimate

50 simulations, 500 replicates, 25 sites, 30 time steps
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Advection estimation on real data

Stricly positive advection vector wind rose for the OMSEV dataset

Number of null advection: 26/511 episodes (5%)
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Jackknife confidence intervals
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Jackknife estimates of η1 and η2 for the COMEPHORE dataset
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Estimation strategy for the extremal dependence structure

COMEPHORE episodes
δ = 24 hours, |E| = 1846

Empirical advection
from COMEPHORE

Non-separable
dependence estimation

COMEPHORE estimates
Θ̂COM = (θ̂COM, η̂1, η̂2)

Step 1: COMEPHORE

OMSEV episodes
δ = 1 hour, |E| = 511

Episode advection
estimated via COMEPHORE

OMSEV dependence estimation
with fixed η̂1, η̂2

Final OMSEV estimates
Θ̂OMSEV = (β̂1, β̂2, α̂1, α̂2)

Step 2: OMSEV

transfer of advection parameters
η̂1, η̂2

Estimated variogram
used in the OMSEV generator
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Choice of the advection parameterization

Advection transformation estimated from COMEPHORE

A(V (i)
emp) = η1∥V (i)

emp∥η2
V (i)

emp

∥V (i)
emp∥

Transformation η1 η2 NCL CLIC

Nonlinear transformation 3.90 2.22 620496.8 1242562
Linear transformation 9.08 1 (fixed) 621623.6 1244470

∆NCL = 620496.8 − 621623.6 = −1126.8

∆CLIC = 1242562 − 1244470 = −1908

The nonlinear transformation remains preferred after accounting for model complexity.

η2 is estimated rather than fixed to 1
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Spatio-temporal variogram with advection

0 500 1,000 1,500 2,000 2,500 3,000 3,500 4,000 4,500 5,000

0

1

2

3

4

Spatial distance (m)

γ
(h

,τ
)

τ = 0 min
τ = 5 min
τ = 10 min
τ = 25 min
τ = 35 min

38 / 38



Dependence validation of simulated precipitation

100 simulations by episode

Trivariate conditional probabilities
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Downscaling - Calibration of predictive distributions

Overall calibration

PIT Cramér–von Mises
Deviation of PIT values from uniformity

lower is better

Upper-tail calibration

sMAD on exponential margins
Departure from the theoretical upper tail

lower is better

The neural network provides the best overall com-
promise between predictive skill and calibration,

while the GAM remains competitive for upper-tail calibration.
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Downscaling - Calibration of predictive distributions

Overall calibration

PIT Cramér–von Mises
Deviation of PIT values from uniformity

lower is better

Upper-tail calibration

sMAD on exponential margins
Departure from the theoretical upper tail

lower is better

The neural network provides the best overall compromise be-
tween predictive skill and calibration with censored data,

while the GAM remains competitive for upper-tail calibration.
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Downscaling - Upper-tail calibration diagnostics

Exponential QQ plots of transformed PIT values for quantile levels above 0.90.

All models remain reasonably close to the theoretical exponential tail; differences between conditional models
are moderate.
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Downscaling - Upper-tail calibration diagnostics

Exponential QQ plots of transformed PIT values for quantile levels above 0.90 with left-censoring.

All models remain reasonably close to the theoretical exponential tail; differences between conditional models
are moderate.
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Downscaling - Predictors description

Predictor groups Number Description

Temporal 6 Sine/cosine of time of day, day of year, month
Spatial 4 Latitude, longitude for site location and central radar location
Cube radar 27 3 × 3 × 3 cube of radar values
Radar summaries 6 Max, mean, sum over the cube and for the current time step

=⇒ 43 predictors in total
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Downscaling - Diagnostics

Comparison of predictive performance for positive rainfall intensities.

Model ∆twCRPSsum
∆twCRPS

(×10−3) ∆CRPSsum
∆CRPS

(×10−2)
∆sMAD

(×10−2)
∆PIT
CvM

NN 0.00 0.00 0.00 0.00 5.56 0.00
GAM 292.27 2.00 170.29 2.75 0.00 183.05
GLM 462.21 3.16 173.94 2.72 2.66 246.49
Stationary 1027.78 6.86 270.67 4.33 3.31 275.68
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Downscaling - Diagnostics with left-censoring

Comparison of predictive performance for positive rainfall intensities.

Model ∆twCRPSsum
∆twCRPS

(×10−3) ∆CRPSsum
∆CRPS

(×10−2)
∆sMAD

(×10−2)
∆PIT
CvM

NN 0.00 0.00 0.00 0.00 0.86 0.00
GAM 292.27 2.00 170.29 2.75 0.43 9.20
GLM 462.21 3.16 173.94 2.72 0.00 6.92
Stationary 1027.78 6.86 270.67 4.33 1.18 17.43
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Downscaled EGPD parameters

Boxplots of downscaled EGPD parameters for the neural network, GAM and GLM models.

38 / 38



Dependence of downscaled precipitation

September 2022

Empirical χ at different temporal aggregation scales, using the 95th percentile of positive rainfall
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