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Objective and Datasets used

— Simulate rainfall scenarios specified by the storm-water discharge regulations (Paris, Nantes, Aix-
en-Provence)

— Scenarios able to take into account the temporal variability during the event
Ex: 10 scenarios (D=4 hours, P=16mm, T= 6 months) for Paris

--> Use of observed rainfall data (Météo France) and Universal MultiFractals (UM)

m Dataset (resolution Length L,;. (years m

PD1 (daily) 100 (1921 - 2020) 0%
PD2 (hourly) 28 (1993 - 2020) 0.3%
PD3 (6 minutes) 15 (2006 — 2020) 0.6 %
(a ND1 (daily) 75 (1946 - 2020) 0%
ND2 (hourly) 28 (1986, 1994 - 2020) 0.7 %
MQEALEC% ND3 (6 minutes) 15 (2006 — 2020) 0.1%
AD1 (daily) 60 (1961 - 2020) 0%
AD2 (hourly) 28 (1993 - 2020) 0.7 %

AD3 (6 minutes) 15 (2006 — 2020) 0.17 %



Data analysis procedure:

Observed time series (L,ps Years
long at resolution &) as a single
sample:

KLs,obs(Q) = KLObS(CI) v Ns =1

Trace Moment (TM) Analysis to
identify scaling regimes

Double Trace Moment (DTM)
Analysis to estimate Universal
Multifractal (UM) parameters of
corresponding scaling regimes: «
and Cq

An iterative DTM procedure if
a > 2 to get better estimates of
UM parameters
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UMF Data Analysis: Aix — 60 years Daily Dataset — AD1

TM Analysis
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Selected for simulations

. . . al: az C ) C
Region | Dataset Scaling Regimes 1, C1, Scaling Regimes a,,a; C11 )(;12
15 years - 17 days 1.97 0.03
PD3
17 days — 6 min 0.56 0.45
28 years — 21 days 1.84 0.03 100 years — 21 days 1.89 0.02
Paris PD2
21 days—1 hour 0.55 0.48 21 days — 6 min 0.56 0.45
100 years — 32 days 1.89 0.02
PD1
32 days — 1 day 0.71 0.37
15 years - 17 days 1.85 0.03
ND3
17 days — 6 min 0.69 0.38
28 years — 21 days 1.86 0.02 75 years — 21 days 1.7 0.02
Nantes ND2
21 days—1 hour 0.59 0.42 21 days — 6 min 0.69 0.38
75 years — 32 days 1.7 0.02
ND1
32 days — 1 day 0.65 0.35
15 years - 34 days 1.79 0.04
AD3
34 days — 6 min 0.51 0.48
28 -21d 1.76 0.06 60 years — 32 days 1.8 0.03
Aix . years ays y y
21 days—1 hour 0.48 0.55 32 days — 6 min 0.51 0.48
60 years — 32 days 1.8 0.03
AD1
32 days— 1 day 0.49 0.54




Procedure to generate possible O-E reference rainfall scenarios

Discrete UM cascade 1: Simulate low resolution multifractal time

series (aq, Cq,)

\ 4

Discrete UM cascade 2: Simulate high resolution multifractal time

A

series MS
(az, C12)
Compute Renormalization Constant (RC)
after accumulating series (MS) to
resolution D
A 4
P,D, T values Simulated rainfall series
specified in = High resolution multifractal time series X
regulation RC

A 4

Production of 10 scenarios (for each
P,D,T) at 6-minute resolution

Computation of
Renormalization Constant
after accumulating MS to
resolution D:

Lgim - simulation length

(A — p + 1)-th order
statistic: p-th highest value




Aix 0-E rainfall: 10 scenarios (P = 100 mm,D = 2 hrs, T = 30 yrs)
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Metrics for comparing Simulations with Datasets

a—1

2 10 “a
1 L1 . Gia ((1+Ds)« 1
MCM = g z z yS,ObS(j)(l) - 1_02 Vs,sim(k)(l) y Vs = p—" < - S) . E
j=1i=1 k=1 !
. 1 w10
1 max [RA(ObS(j))] - EZk:l maX[RA(sim(k)J)]‘ Lobs(j)
RCM =5 2 3 A(obs() = —== ;
= max lRA(obs(j))] 2
Lsim(k)
A(sim(k),j) = —
6(j)
3 . izlo [ . . ]
1 Max | ¥ a(obs(j)) | — 10 k=1 MAX[YA(sim(k),)) log (RA(obS(j)))
M =3 z »Yobs(j) = )
= max lyA(Obs(j))] log (A(obs(])))
_ log(Rasime.)
YA(sim(k),j) =

log(A(sim(k),j))

J —observational dataset, k —ensemble member, i — scaling regime



Comparison of simulations with datasets
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Comparison Metric (CM):
- Dependenton P,D,T & less sensitive to scale (although scale-dependent)



Conclusions
The extreme variability of P,D,T values: direct result of the extreme
space-time variability of precipitation and underlying atmospheric

processes --> use of UM framework.

2 (MCM and CM) out of the 3 comparison metrics: simulations &

observations are close

RCM behaviour: artefact of comparing different sized datasets

Longer observational datasets could help to overcome this issue

Future scope: generalizing approach to higher (spatial) dimensions
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