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GENERAL CONTEXT - MONTPELLIER, FRANCE

» Mediterranean events, localized rainfall

» Urban area, flood risks

Floods in Montpellier, August 2015 and December
2025 (Midi Libre)
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RAIN GAUGES NETWORK - OMSEV!
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Study area: Verdanson water catchment

Source: Urban observatory of HydroScience
Montpellier (HSM)?

Time period: [Sept.2019, Jan.2025]
Temporal resolution: 5 minutes

Spatial resolution: 77 m to 2259 m

!Observ. Montpellierain et au Sud de I'Eau dans la Ville
2data2023pluvio
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ADDITIONAL DATA

Pixels of 1km x Tkm

» Source: COMEPHORE, Météo France

> Time period: [1997,2023[

Latitude

» Temporal resolution: Every hour

» Spatial resolution: 1 km?

- Longitude
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EXTREME VALUE THEORY (EVT)

Block-maxima
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 Time

Generalized Extreme Value
distribution (GEV)
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MODELING EXTREME PRECIPITATION

Rainfall X >0
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> Generalized Pareto Distribution (GPD)!

X|X>u~ He withéeR, o >0.
~—

GPD(¢&,0,u)

&: shape (tail behavior), o: scale, u: threshold

! pickands1975statistical
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MODELING MODERATE AND EXTREME PRECIPITATION

Rainfall X > 0
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» Extended Generalized Pareto Distribution (EGPD)?

X ~ G(H¢) with G(x) = x", k>0
——

EGPD(¢,0,k)

2naveau_modeling_2016
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MODELING MODERATE AND EXTREME PRECIPITATION
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Extended Generalized Pareto Distribution
X
Fe) =6 (ke ().
(x) el
where G(x) = x", kK >0

P> k: controls the bulk of the distribution
» Models moderate and extreme precipitation
» Avoids a threshold choice
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Empirical quantiles

EGPD fitting for two rain gauges, CRBM (left) and UM (right) with left-censoring and 95% Cl
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EGPD ESTIMATED PARAMETERS

15

1.0

=~ 0.25: extreme rainfall tail
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3
05 » % ~ 0.25: convective rainfall
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~ 0.6: short-duration scale
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Parameter

Estimated parameters across rain gauges
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SPATIO-TEMPORAL DEPENDENCE MODELING

Precipitation

Moderate Extreme

Univariate

(e ) (w0 ) [

Dependence
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SPATIO-TEMPORAL DEPENDENCE MODELING

Precipitation

Moderate Extreme
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SPATIO-TEMPORAL DEPENDENCE MODELING

Precipitation

Extreme

(o) (@] (@)

Moderate

Univariate

Dependence ~

r-Pareto Max-stable
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SPATIO-TEMPORAL DEPENDENCE MODELING

Precipitation

Moderate Extreme

Univariate

(&) (=] [

Dependence N

Brown-Resnick dependence
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SPATIO-TEMPORAL DEPENDENCE MEASURES

Rainfall random field: X = {X,., (s,t) € Sx T}

Let As C Ri and A1 C Ry be sets of spatial and temporal lags respectively.
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SPATIO-TEMPORAL DEPENDENCE MEASURES

Rainfall random field: X = {X,., (s,t) € Sx T}

Let As C Ri and A1 C Ry be sets of spatial and temporal lags respectively.

Variogram (matheron1963principles)
1
v(h, )= Evar(Xs,t — Xoth,t+7)

e Quantifies variability

e Higher v(h,7) — weaker dependence

hels, 7 €Nt
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SPATIO-TEMPORAL DEPENDENCE MEASURES

Rainfall random field: X = {X,., (s,t) € Sx T}

Let As C Ri and A1 C Ry be sets of spatial and temporal lags respectively.

Variogram (matheron1963principles)

1
’Y(h7 T) = Evar(Xs,t - Xs+h,t+-r)

e Quantifies variability

e Higher v(h,7) — weaker dependence

h e As, 7€ A, X, uniform margins.

Extremogram (davis2009extremogram)

X(h7T) - Ilm P(Xs*,t > q | Xs*+h,t+‘r > q)
q—1

e Measures tail dependence

e Higher x(h,T) — stronger dependence

= N
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Rainfall at CNRS (mm)
3
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o

5 10 15 20
Rainfall at Polytech (mm)
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r-PARETO PROCESS FOR EXTREME EPISODES

Definition (de__fondeville__high-dimensional_2018)

Forall s € S and t € T, a risk function r(X) = Xs; ¢,

=1l d . Ws. ¢+ — W, —~(s—sg,t—1t
U Xt | Xegtg > U~ Yer with Yo, = ReVot™Waoto—7(s=50:t=10)

where (so, tg) is a space-time location, u is a high threshold, R ~ Pareto(1), W; . is a Gaussian process.

> r-extremogram

xr (h,7) = m P(Xayth torr > Al Xep.o > Q)

Rainfall (mm)
1

» Brown-Resnick dependence structure

i Xr(h77-):2<1_¢< ;7(h77)>>
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DEPENDENCE MODELING

Spatio-temporal extremogram with a Brown-Resnick dependence

Let h € As and 7 € A. We have

x(h,7) =2 (1 s ( oh, ﬂ))

with ¢ the std normal c.d.f. and ~ the variogram of W.
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DEPENDENCE MODELING

Spatio-temporal extremogram with a Brown-Resnick dependence

Let h € As and 7 € A. We have

x(h,7) =2 (1 s ( oh, ﬂ))

with ¢ the std normal c.d.f. and ~ the variogram of W.

Separable model: Fractional Brownian motion with additive separability.
h? T [e3 [e3
W) _ gl + Bafrlee
with 0 < a1,z < 2, 1,82 > 0 (buhl2019semiparametric).
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ESTIMATION OF THE SEPARABLE VARIOGRAM PARAMETERS

Case of additive separability: W(Z’T) = B1||h]|*r + Ba2|T|*?, 0<ai, @ <2, 1,8 >0

Spatio-temporal

x(b,7) =2 (1 " ( o, T)))

- ~
- ~
- ~
- ~
- ~
- ~

-7 Transformation: "~

%) =210g (¢ (1= 3x)) -

- ~
- ~
- ~

2 S

Spatial Temporal
¢ (x(h,0)) = log B1 + az logllh|| , h € As ¢(x(0,7)) =log B2 + czlog T, T € AT
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ESTIMATION OF THE SEPARABLE VARIOGRAM PARAMETERS

Case of additive separability: @ = Bi||h]|*r + Ba2|T|*?, 0<ai,as <2, 1,8, >0

Spatio-temporal

xthr)=2(1-4 (/1) )

- ~
- ~
- ~
- ~
- ~

7 Transformation: AN
) =2t0g (67 (1— 3x))

- ~
- ~
- ~

2 S

Spatial Temporal
n(x(h,0)) :=c1 + ouxn, h € As n(x(0,7)) == + coxr, T € AT

Weighted Least Squares Estimation (WLSE)

(:) — argming o, 3w (€ (R) — (6 + aix))?

(%}
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IAL DEPENDENCE ESTIMATION

Empirical spatial extremogram

For a fixed t € T and g a high quantile,

Transformation and WLSE

= Ty z =
[Np| iJ|(sj ;) ENp {Xsi,t>q’xsj,t>q}

(1) _
Xy (h,0) = . i
17 i Lixg o)
where Cj, are equifrequent distance classes and
Ny = {(Shsj) €s? | lIsi = sill € C,,} :
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Spatial variogram (h, 0) = 23| h[|*t
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TEMPORAL DEPENDENCE ESTIMATION

Empirical temporal extremogram

For a location s € S, a high quantile g and t, € {t1,...,tr}, Transformation and WLSE

1 T-T4 N
— g * *
T—7 k=1 {Xs,tk >q »Xs,thrT >q}

1 T 10
T Zk:l H{X;tk >q}

X0, ) =

%0, 7)
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Temporal variogram fy\(O, 7)) = 2,73’\2\7‘\“2
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DEPENDENCE MODELING

Separable model
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DEPENDENCE MODELING

Separable model
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DEPENDENCE MODELING

Separable model

([ ] ([ ] ([ ] ([ ]

([ ] ([ ] ([ ] ([ ]

([ ] ([ ] ([ ] ([ ]
t+2
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DEPENDENCE MODELING

Separable model Non-separable model
[ J [ J [ J [ J [ J [ J [ J [ J
#4E2
[ J [ J [ J [ J [ J [ J [} [ J
t+1
[ J [ J [ J [ J [ J [} [ J [ J

t+2 /
. v
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DEPENDENCE MODELING

Non-separable model
Towards more realistic modeling: introduce

advection V to relax separability ° ° ° °
’VL(th) :’Y(h*TV,T) t+2
[ J [ J [} [ J
1 [e3 [e%
= E’W_(h,T)Zﬁﬂ‘h—TVH L+ Bo|T|*? t+1
[ J [} [ J [ J
» Parameters: @ = (b1, B2, a1, a2, V) " ﬂ
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NON-SEPARABILITY

16
12 Temporal lag (5 min)
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Empirical spatio-temporal variogram ~(h,7) on OMSEV data
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ALL RAINFALL EVENTS

Time

Extreme episodes:
Each episode is characterized
by (so, to) for which Xs,,¢ > u

Space
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SELECT EPISODES
Time

Episode selection:
d?Y‘HV‘I

A

Only episodes separated by
e spatial distance > dmin
OR

e temporal gap > Tmin

Tmin v

= reduces dependence
between selected episodes € £.
~N

Space
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SELECT EPISODES

Time

Episode selection:

Only episodes separated by
e spatial distance > dmin
OR
e temporal gap > Tmin

= reduces dependence
between selected episodes € £.

Space
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COUNT JOINT EXCEEDANCES PER EPISODE

Time
ke
I Joint exceedances
W
ke(s, ) = Lixg) o0 >u, Xe,e>u}r
with (s, t) € N(h,T)
ke(s, t) € [0, 1] ~ Bernoulli(xe(h, 7))
li

Space

with N(h,7) ={(s,t) €S X T |s—so=h, t —to =7}
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JOINT EXCEEDANCES

Time

&

o

I Total joint exceedances:
ke(s, t) € [0, 1] ~ Bernoulli(xe(h, 7))

= Knr=Y_ >, ke(s,t)

ec€ (s,t)eN(h,T)

Bernoulli contributions

Hx

Space

with N(h,7) ={(s,t) €S X T |s—so=h, t —to =7}
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PARAMETER ESTIMATION

Bernoulli contributions (large u):
ke(S, t) - I{Xso,t0>lf, Xs,t>u}>s (57 t) € N(h’ T)?

each treated as
ke(s, t) ~ Bernoulli(xe(h, T))

Composite log-likelihood

le(®) x> > D> ks t)logxe(h,7) + (1 - ke(s, t)) log(1 — xo(h, 7).

ec& (h,T)ENg XN (s,t)EN (h,T)

» Optimization via maximization of {¢(©)

» Initial parameters: from WLSE of the separable model (i.e., V = 0)
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VALIDATION: CONSTANT ADVECTION

Estimated values
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Parameters

Without advection With advection

50 simulations, 500 replicates, 25 sites, 30 time steps
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EPISODE-WISE ADVECTION TO GLOBAL MODEL

v
Ve lobal model
global mode ) em
veme — || ¢ RMX2 VRl = oy [V ey, i > 0,72 > 0
5 A
(N) o v . -
Vv unified transformation = 7 to estimate

one component = one episode

2

Estimated values
Estimated values

== =

B: o 3 ve
Parameters Parameters

50 simulations, 500 replicates, 25 sites, 30 time steps
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EPISODE-WISE ADVECTION TO GLOBAL MODEL

v
v lobal model
global mode em
vemp — c RV*2 vinal — o A\ aadlk ‘xem;’”’ m > 0,172 >0
(.N) ~ o v . -
V unified transformation = 7 to estimate

one component = one episode

Parameters: © = (31, B2, a1, a2, m1,12)

Challenge:
OMSEV data = limited information for advection

Approach:
Fusion COMEPHORE-OMSEV — more reliable advection

COMEPHORE pixels
Météo France
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ADVECTION ESTIMATION ON REAL DATA

For one episode (COMEPHORE):

COMEPHORE Episode 50 at 2022.05-24 01:00
‘Advection: (2.10 km/h, -1.96 kmyh)

COMEPHORE Episode 59 at 2022.05-24 02:00
‘Advection: (2.10 km/h, -1.96 km/h)

COMEPHORE Episode 59 at 2022.05-24 03:00
‘Advection: (2.10 kmyh, -1.96 km/h)

e

e ey
e o3 mm s o3 mmin
o5 o3 mnh
o L
S S
s Sommn e o mmin
= ommn  ommn
Sommn Somm
e RN gmer
§ \ §
e se \
50 w50
T w m w wm w e % B N TR T e aw m w
wngrue anguge ngeuse

to— 1

VP is estimated from

to

to+ 1

rain storm barycenter displacement within a time window.
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OMSEV RESULTS

Parameter estimates over |E| = 384 episodes
1 = 1.621 and 7, = 5.219 fixed (COMEPHORE)

0.6
:LE) 0.4 Number of pairs km/h m/5 min
g ¢ B 1000 0230
g B> 4.628  0.786
o2 o Qr 0225  0.225

“;/,"‘ a» 0713  0.713
o
0.0 ’
0.0 0.6

0.2 0.4
Theoretical Chi
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Precipitation OMSEV

~ v

Stochastic precipitation generator

Univariate

Dependence
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

0.4
—~9
=
IS 0.3
wn
~
g 6

— Observed episodes xR — Obs
= — simuations 02 = sm
€
.E 3
o 0.1
0 X
0.0
28 Sis)ime St7é5p LC0 l2s 0.0 25 5.0 5] 10.0

(5 min)

Simulations vs observations at all sites sp Temporal r-extremogram for fixed sites

100 simulations with significant advection speed > 1 km/h and South direction
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t =1

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min) i .
. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
1
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t =2

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min)

. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
1
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t =3

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min) i .
. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
1
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t =4

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min)

. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
I’\
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t=5

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min) i .
. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
1

31/32



STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t=6

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min) i .
. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
1
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t=7

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min)

. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
1
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t=8

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min)

. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
I’\
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t=9

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min)

. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
1
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t =10

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min)

X » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
I’\
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t =11

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min)

X » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
I’\
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STOCHASTIC SIMULATION OF PRECIPITATION EVENTS

Simulated rainfall field —t =12

Over the OMSEV network area

Rainfall » Spatial resolution: 100 m x 100 m
(mm/5min)

. » Temporal resolution: 5 min

3 » Stochastic rainfall simulation
2
I 1
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CONCLUSION & OUTLOOK

Precipitation OMSEV

Univariate

Additional data: COMEPHORE
\\
\
\
A}

Advection

I
Dependence : K’

I
: 14 é
:
| = o°
| - Wind
I
I

~ I

Stochastic precipitation generator
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CONCLUSION & OUTLOOK

Precipitation OMSEV

Univariate

Next: Discrete distribution

Additional data: COMEPHORE
\\
\
\
A}

Advection

I
Dependence : K’

I
: 14 é
:
| = o°
| - Wind
I
I

~ I

Stochastic precipitation generator
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CONCLUSION & OUTLOOK

Precipitation OMSEV Additional data: COMEPHORE

Advection

Univariate

Next: Discrete distribution

|
Dependence 1 ©’
|
|
L . . i
Ne>.(t. richer variogram (Gnemn.g) ‘ r-Pareto ( >

+ advection class definition + real wind data : —e)
| - o]
I 7 Wind
I
I

~ (/
Stochastic precipitation generator
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Rainfall (mm)

RAINFALL DATA - OMSEV
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2020

2021

2022 2023 2020 2021
Date

Rainfall amounts on CNRS and Polytech rain gauges

Date

2022

2023
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MODELING BOTH MODERATE AND EXTREME PRECIPITATION

Generalized Pareto Distribution —> Extended GPD!

_u\-—1/¢ .
— [(x—u 1L JE = if €#£0, X
A (25 = 9= 6 (1 (3)).
e = if€=0, o
where a; = max(a,0), c >0, x —u>0 where G(x) = x*, & >0

» Models extreme precipitation » Models moderate and extreme precipitation

» Depends on a threshold choice » Avoids a threshold choice

'naveau_modeling_2016
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