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The Arome model

At Météo-France, the Arome model is under development, to be
operational by end-2008:

I high horizontal resolution
(2.5 km),

I nonhydrostatic dynamical
core from the Aladin LAM
(Bubnová et al. , 1995),

I Meso-NH physical
parameterizations (including a
microphysical scheme with 5
hydrometeor species: cloud
liquid water, rainwater, snow,
graupel, and primary ice),

I assimilation system based on
Aladin 3DVar.

Arome domain (orography in m).
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Aramis: The French operational radar network
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Status of radar assimilation with Arome

I Direct 3DVar assimilation of Doppler winds in Arome in a
pre-operational stage (Montmerle et al. , 2006),

I 1D+3DVar assimilation of re�ectivities for Arome.
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Overview
PPIs of observed

re�ectivities

pre-processing
(clutter removal,. . . )

y Z=vertical pro�les
of observed re�ectivities



8/22

Overview
PPIs of observed

re�ectivities

pre-processing
(clutter removal,. . . )

yZ=vertical pro�les
of observed re�ectivities



8/22

Overview
PPIs of observed

re�ectivities

pre-processing
(clutter removal,. . . )

yZ=vertical pro�les
of observed re�ectivities

xb =background state
vector (previous forecast)

HZ=observation
operatorx U

i =background

columns of
relative humidity HZ(x i)=columns of

simulated re�ectivities

HZ=observation
operator

Observation operator for re�ectivities
Converts hydrometeor contents into re�ectivities
using:

I Rayleigh scattering,

I standard beam curvature,

I vertical beam broadening.
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1D retrieval: 1. Bayesian method

Observations Model background

yZ

x U
i

HZ(x i)

�

y U
po =

X

i 2 neighbours

x U
i

WiX

j 2 neighbours

Wj

with Wi = exp

 

�
kyZ � HZ(x i)k

2

2nobs � 2
Z

!

y U
po : vertical pro�le of pseudo-observed relative humidity,

yZ : vertical pro�le of observed re�ectivities,
x U

i : model column of relative humidity,
HZ(x i ) : model column of simulated re�ectivities,
nobs : number of elevations,
� Z : observation and observation operator error standard deviation.
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1D retrieval: 2. Humidity Adjustment (HA)

Observations Model background

yZ

HZ(x i) = 0 dBZ
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1D retrieval: 2. Humidity Adjustment (HA)

Observations Model background

yZ

HZ(x i) = 0 dBZ

Pseudo-observations

y U
pomodel

condensation
level
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3DVar assimilation

Hybrid assimilation (Jaubert et al. , 2005) = Aladin 3DVar assimilation
system + Meso-NH as forecast model.
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Description of the event

Quasistationary backbuilding MCS over the Gard region
(southeastern France), 8–9 September 2002 (Delrieu et al. , 2005)

c
 Le Républicain d'Uzès et du Gard.

The bridge on the river Gardon
(9/9/2002).
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Description of the event

Quasistationary backbuilding MCS over the Gard region
(southeastern France), 8–9 September 2002 (Delrieu et al. , 2005)
) extreme �ash �ood with daily accumulated rainfalls reaching
690 mm.

The S-band Bollène radar with
13 elevations from 0.4	 to 18	. Observed daily accumulated rainfall

(8–9/9/2002).
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Experimental set-up

5 simulations starting at 1200 UTC on 8 September 2002 (background =
Arpege analysis):

assimilated data reduced horizontal
surface y re�ectivities correlation lengths

REF12
SURF12 X
RS12 X X
SURF120 X X
RS120 X X X

y 2-m temperature, 2-m relative humidity, and 10-m wind.
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) reduction of the amount of humidity injected into analysis.
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Impact on accumulated rainfall

raingauges

REF12
bias=1.6, RMSE=29,R=.04

6-hour accumulated rainfall in mm (1500 UTC–2100 UTC on 8 September 2002) .
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Impact on accumulated rainfall

raingauges
SURF12

bias=1.3, RMSE=22,R=.44
SURF120

bias=3.3, RMSE=18,R=.71

REF12
bias=1.6, RMSE=29,R=.04

RS12
bias=.3, RMSE=26,R=.28

RS120

bias=1.3, RMSE=14,R=.8

6-hour accumulated rainfall in mm (1500 UTC–2100 UTC on 8 September 2002) .

) improvement in precipitation location and amount.
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Impact on low-level cold pool under storm

REF12 at 2000 UTC

Wind: 20 m s� 1
� v (K):

291 292 293 294 295

� v (K) at about 30 m AGL, w > 1 m s� 1 at 2000 m MSL (red), and 10-m wind.
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Impact on low-level cold pool under storm

REF12 at 2000 UTC RS12 at 2000 UTC RS120 at 2000 UTC

Wind: 20 m s� 1
� v (K):

291 292 293 294 295

� v (K) at about 30 m AGL, w > 1 m s� 1 at 2000 m MSL (red), and 10-m wind.

) improvement in cold pool extension and intensity.
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Summary & Outlook

Summary:
I positive impact of radar assimilation on QPF (location & intensity),
I assimilation of re�ectivities impacts on the system dynamics

through cold pool,
I strong sensitivity of the system dynamics and QPF to background

correlation lengths,
I best results with shorter correlation lengths (reduction of humid ity

quantity added into analysis).

Future work:
I radar data assimilation for selected IOPs from the Convective and

Orographically-induced Precipitation Study (COPS),
I assimilation of re�ectivities from the full operational radar netwo rk,
I joint assimilation with other observations.
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Background error covariances
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