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AThe process of objectively adapting
the model state to observations in a
statistically optimal way taking into
account model and observation errors

AConcepts startetb be developed in
the 50s when first numerical weather
predictions became possible

AMore widespread adoption starting
during the satellite era in the 70s

ACurrently one of the major driver of
weather forecasts improvements and
applied to many other fields (ocean,
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What is data assimilation
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Data assimilation in meteorology

https:// www.ecmwf.infsites/default/files/elibrary81650-ifty -yearsof-

data-assimilatiorat-ecmwf.pdf

Forecast skill changes of various models,
including E C MWFI16S& AIFS and ERAS.
The figure shows the lead time at which the
anomaly correlation of 500 hPa geopotential
height over the northern hemisphere
extratropics falls below 85%
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What is data assimilation: demonstration

Problem

Suppose you want to estimate the temperature of this room given:
a) A prior estimate: J(e.g. based on your feeling)

b) Athermometer: [

c) The true (unknown) temperature, T

0 dzii X

1. The prior estimate is affected by an ergr=T - T,
2. The thermometer value is affected by an erege= T - T,
3. e,ande,are random variables
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What is data assimilation: demonstration

Additional hypotheses

a) The statistical properties of the erroegande, are known
b) The errors are unbiased: - T
c) The errors are uncorrelated’-~ 1t

d) We look for a solution which is a linear combination of prior and
measured temperaturelY | Y 1Y T
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What is data assimilation: demonstration

Pa

[ SGQa R2 &a2yYsS |

We were looking for a solutiona¥ | 'Y 7Y |
By substitutingyY | (Y - ) T1CY -) 7T
The error of our estimateis: Y Y ( T p)Y | -

We want it to be unbiased.”

whichimplies] 1 p)Y [ ™

andhencd] T p) mand] Tt

which gives the Linear Unbiased Estimate:
YooY (po1)Y
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What is data assimilation: demonstration

Pal

[ SGQa R2 a4a2YS

We are looking for a good value|ofo
compute™Y | Y (p |)Y

We can computeitserror Y 7Y

- (P 1)

and its variance (remembér-_ 1.

- - P 1) -
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Remarks

O Form | phh [ A@h

U The minimum is found far

U the analysis variance is sl

U and the analysis is
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What is data assimilation: definitions

b2¢g fSGQa SEGNYYLRfIFIGOGS 02

Suppose you want to estimate the state of a system identified by the vector

a) With a prior estimates (e.g. a model forecast) and corresponding ertors

b) A set of observations identified by the vector and corresponding errois

c) An observation operatoO e that maps the state of the model into the
model equivalent of observations O e

U Look again for a linear combination ofthefosm e €(«¢ ™o )
U And ensure tha® (the analysis) has the smallest possible variance

Yi (6B )
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What is data assimilation: general case

° o £(¢ Oe )

A Remember previousf¥ | Y (p )Y Y | Y °Y

A U is calledgain matrixand« O e s callednnovation
U Further assume errors small enough so tli® ) Qe )
U and repeating similar steps as in scalar example gives:

€ EEE [EEEE LE|

or using more familiar notation for error covarian¢é§ &£ £
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Data assimilation: general case

e o BE[EEE A] (« Oe )

EDA

4DEnVar
4D-Var 3D-Var

A This equation can be derived also from statistical
considerations (Bayes theorem, under gaussian .
errors hypothesis) :
A In real application scenarios the size of state and |
observation vectors is too large @ldr more) to
Inverse such matrices let so storing them in
computer memory
A Error covariances must be assigned somehow 7 )
A When dealing with time evolving applications (e.g
atmospheric forecasts) prior errors should evolve e
as well with the state

Filier Asch,Bocquet,Nodet
2016
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Temporal evolution

L ATARRI
Time
QObservations Observations Observations
l - Forecast l - Forecast l - Forecast
Analysis |—p Analysis l—p Analysis
Medium-range forecast
-
—
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Ensemble Kalman Filters

Key ideas: Obs.

Analysis Ens. mean

U Approximate the prior error covariance with a sampl
of M Monte-Carlo model simulations (ensemble):

~

EH B (e e (o e ) NN

U Compute an ensemble of analysis states at each
observation step

Generate ensemble
members best representing
the analysis errors

FCST Ens. mean

—
- -
-—
-

U Evolve the error covariances between observation ., i candition

ste PS with errors
T=t0 T=t1 T=t2

(fig. courtesy offakemasaJliyoshi)
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Ensemble Kalman Filter

Key advantages:

Als relatively simple to implement, only needed ingredients are the numerical
forecast model and the observation operator

AThe error covariances are in accordance with the state of the system
ACan be easily parallelized in the ensemble space (highly scalable)
Alt produces uncertainty estimations as step of the algorithm

ACan account for uncertainties in model propagation
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Ensemble Kalman Filter

Key limitations:

AThe limited size of the ensemblil <<N) introduces spurious correlations across
grid points or model variables

A This is handled by restricting the influence of distant observations (local analysis) or
numerical tapering the raw ensemble covariarigée

A But does not allow long range corrections
A And it is not easy ttocalizeindirect observations (e.g. satellite radiances)

AlIn some systems the ensemble spread tends to collapse over time due to the fit
to observations (filter divergence)
A This is addressed with inflating the spread of the ensemble or perturbing observations

A Costly

A Current large models can afford generally less than 100 members
ANon linearities not well handled
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‘ Ensemble Kalman Filters

(a) 20 members w/o Iocalization (b) 20 members w/ 700-km localization

e =, | .
60" F - e 2 B =
st - | AR
1. \;"\(\5’45 T NG
60° 120° 180° 240° 300°
(c) 80 members w/o Iocallzatlon (d) 320 members w/o localization
60" P el o s e N 4 ~ N
. > , Mt ™ = %- ™ o RW p' “~d 2 - \‘R
T SIS T S R A 5
6l0' 120° 180° 24|0' 300° 60° 120° 180° 240° 300°
(e) 1280 members w/o localization (f) 10240 members w/o localization
60" {7 60" =
. :
30 30 . .
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-1.0 0l1 0|2 0.4 0.6 0.8 1.0

Figure 4. Similar to Figure 1 but at 00:00 UTC 18 January with the yellow star point at 46.389°N, 176.25°W and for different
ensemble sizes ((a) 20, (c) 80, (d) 320, (e) 1280, and (f) 10,240 members) and (b) with localization for 20 members.

Miyoshi et al., 2014
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Local Ensemble Transform Kalman Filter

U Splits the model grid in subregions that can be processed in parallel

U Search for a solution using only local observations within a certain radius from each grid
point (allows matrix inversions)

U Search for a solution in the space of the ensemble (generally smaller than the model state)

@ Analysed grid point

€ Local observations

Hunt et al. 2007
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Variational methods: 3Mar

U Rewrite the linear unbiased estimate as

° ° [EH g4|r] g] g4|r] (¢ Oe )
U Andfind eL e e which solves the following linear system of the foAm -H—:
[B" &dq &fie &y (¢ O )
U Turns out that this is also the solution that minimize the linearized version of the following generic cost function:

Xe) (o @) E (o @)

N[O

[¢ Oe]n [¢ Oe]

A Very efficient numerical algorithms exist to minimize such high dimensional functions iteratively, without need to
ever compute and store the involved large matrices
U This procedure provides a global solutiosy. which fits all observations at once
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% arcelona % r -
' @5~ GRASP s ., 1Psix [C] @ == pmod wre

Ciéncias



Variational methods: 4Mar

U Consider a temporal window of K time steps with observations distributed across them
U We look for the initial state that fits all the observations across the window by minimizing an extended cost

function

o) (o @) E (o @)

N |0

U The dynamical model is used to compute observation equivalent at the proper time:

o e
@;\\

Go| |G1| |G2| |Gs Gk

A Observations have an effect across the assimilation window

A The 4DBVar solution produces a smooth trajectory consistent with model @ @ @ @
[ t : : : t » Time
t t, t ts tk

physics

~

Analysis window
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Variational methods

Key advantages:

A Precise because based on explicit linearization of the observation operata3@nd
of the model propagation (4Var)

A Produces a global analysis that accounts for all observations at once
A Can handle mild netinearities in observation operators or models

Key limitations:

A Require linearized and adjoint models of the observation operatos\(8) and of the
model (4DVar)

A Require efficient numerical codes for covariance operators

A Do not provide flowdependent prior errors estimation and do not return analysis
covariances

A Accounting for potential errors in the model itself not straightforward

FCiéncias"
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Hybrid methods

AHybrid methods are a family of assimilation algorithms that tries to
address main issues of Ensemble and Variational methods alone.

AFor example, Ensemble Data Assimilation (EDA) uses an ensemble of
perturbed 4DVar systems. This provides an estimate of uncertainty
for the main unperturbed 4f/ar analysis.

A4DEnVar replacate model covariance matrix in the Aar with an
estimate done through an ensemble of model forecasts. This removes
the need to maintain linearized and adjoint codes for the model,
keeping the other perks of variational methods.

Ciéncias



Comparative table

Consistency of the

analysis

Remarks

3D-Var

4D-Var

EnKF

Complexity / Numerical cost
Maintenance

effort

Moderate Low

High High

Low High

Fair

Good

Fair

A Temporal trajectories
might not be physically
consistent

A Formally very similar to
atmospheric inversions
(1D-Var)

A Better temporal
consistence, more
effective use of
observations

A Needs linearized and
adjoint codes of the
model

A Only uses forward model
and forward observation
operator

A Comes with uncertainty
estimation

A Affected by sampling
noise

.
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Ozone at 54 hPa on Sep 15, 2008
EnFK [ppmv]

+.()

4D-Var - EnKF [ppmv]

Skachkeet al. (2014)
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Examples: C@lux inversions

g_ (a) North American Boreal j (b) North American temperate
Liu et al. (2016) Savanvars :
o o o
5 °1 e & 5
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Mineral dust assimilation: from AARR
observations to operations




Initial conditions /
transport / wet
deposition errors
dominate

FCiéncias"

== pmod wrc

Emissions / dry
deposition errors
dominate



Mineral dust assimilation: key aspects

AA complex mixture of initial conditions and model errors

AlIn most forecasting systems the total aerosols 3D mass concentrations
IS the DA state vector

ATypical assimilation windows range from 1 hour<{&®) to 24 hours
(4D-Var, LETKF) with the final step used to reinitialize the fallpw
forecast (up to 5 days range)

U Impact of assimilation decreases with forecast range

Ciéncias
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Mona, L., and Coauthors, 2023: Observing
Mineral Dust in Northern Africa, the

Middle East, and Europe: Current
Capabilities and Challenges ahead for the
Development of Dust Services. Bull.

Amer. Meteor. Soc., 104, E22E2264,
https://doi.org/10.1175/BAMSD-23-

0005.1

Open Main Main
Dust-related Covered Wavelength Product type access dust retrieval Dust-related Covered Wavelength Product type access dust retrieval
Sensor variables period Resolution (gm) (0, R) (Y/N) publications Sensor variables period Resolution (pm) (0, R) (YIN) publications
AIRS bob 20031 Monthly 0.55,10 0 Y Peyridieu SealVIFs AOD 1997-2010 Subdaily, 055 0 Y Hsu et al.
Dust altitude 0 etal. (2010} deep blue daily, monthly (2012}, Sayer
Effective radius 1°x1° R AE 13.5km » 0 et al. 2012)
ATSR-2/ 40D 1995-2012 Daily 0.55 0 ¥ Bevan et al. 13.5km
AATSR Fine mode 1°% 1% and 0 (2012}, Poulsen SSA 0.5% % 0.5% 0
aerosol optical 10km % 10km etal. (2012], FrT
depth (FMADD) North (2002), .
Veefkind SEVIRI AOD 2004—present Hourly, 0.55 0 Y Luffarelli
pop R etal (1998 daily, monthly and Govaerts
GOME-2 Al 2007—present Daily, 0.34-0.38 o ¥ Tilstra EMADD Akm % Skm R (2019), Clerbaux
monthly etal. [2013) ) . . etal. (2017),
Peatl Dust index 01° x 01 R Schepanski
. . Dust RGB maps e 1 1] etal (2007)
1451 poon 2007-present Twice a 0.55;10; 11 v} Y Clarisse .
day, manthly et al. (2019), SLSTR AOD 1995-2012 Daily 055 o] Y Bevanetal.
Dust 12km x 12km 0 Callewaert FMAOD 10km x 10km 0 {2012), Poulsen
altitude/profile et al. (2019), R etal. (2012),
Capelle et al Pxl North (2002},
Dust parameters R {2018), Kliiser Veefkind
(size, mineralogy) etal. (2015) et al. (1998)
MISR ADD 2002—-present SLht:!aily, 0.55 o ¥ Kahn et al. TOMS AOD 1979-2004 Subdaily, 0.34-0.38 0 Y Torres et al.
daily, [2010), daily, monthly (1998), Tomes
thly, etc. Martonchik
A I typi 4'::” ):l:k o et:I. [;EUIQ} 50km x 50km etal. (2002)
Broso yp\l'llg X m x 4. m Ml '|°,< Lsa
DOD {nonspherical 0.5% % 0.5¢ o
fraction) 7km x 3.5 km
MODIS ADD 2000—present Smin, daily 0.55 o ¥ Lev TROPOMI AAl 2017—-present Subdaily 0.34-038 ] Y Veefkind
dark target 3km % 3km 0 etal. (2013} Tkm = 3.5km et al. 2012)
AE 10km s 10km R ALADIN Backscatter 2018-present Daily 0.355 [+] N Flamant
19w 1® profiless etal. (2007)
MODIS AOD 2000—present 5min, daily 0.55 0 ¥ Hsu et al. Extinction profile
deepblue AE 3km % 3km 0 (20 ‘IJ‘?Z:GHSS u CALIOP Backscatter 2006—present Daily, monthly 0.532-1.064 0 Y Amiridis
t al. (2013),
$5A 10km x 10km 0 ¢ aGki[kas L profiles et al. 2013,
: a, e Depaolarization o 2015), Winker
DOD (obtained by 1°x1 R etal. (2021) P et al
i files al. (2009),
synergy with external pro Omar et al
datasets) Aerosol typing o (2009), Zheng
oMl AOD 2004-present Subdaily, 0.35-0.50 ] ¥ Tomes profiles etal. (2022)
daily, 32 days etal. (2013) Dustimixed 0
AAl 13km x 0 dust layers
12km (24km) Pure dust R (post-processed)
554 0.25% % 0.25° o extinction
1% 1° profiles
POLDER ADD 200513 Daily, monthly, 0.44-1.02 0 Y Dubovik Pure DOD R {post-processed)
seasonally, yearly etal. (2014) CATS Backscatter 201517 Daily 1.064 0 ¥ McGill et al.
AE 6km x 6km 0 profiles (2015),
DOD (coarse) 0 Depalarization 0 Proestakis et al.
. o (2019), Yorks
SSA 0.1° % 0.1 0 profiles
) et al. (2016)
Aerosol mean 0 Aerosol typing 0
layer altitude profiles
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Observation operator

Retrieved quantities

AN

N

Ae) YYIOQHAOI QD @ e QODQEE "Qa Qi

"Ne) @ (@)s " _ Optical depth oI,
G Y
—=
"Qe) & (@)6 " Backscatter profile
\_Y’_} A
[ a :
a
‘oe) O a4Q - Attenuated backscatter /}m\ _‘rL
A
a (o) \

TOA radiances

Raw Measurement
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Observation operator: assumptions and limits

Particle size distribution

A The observation operator should use same underlying assumptions on  coscersmm... o0
particle size, shape and optical properties as the forecast model MODELe -
A Same dust concentrations can provide different optical depths i o0 §
A And modeled PSD and optics are not necessarily the same used to retrieve “™"
dust properties from space or from ground instruments! HASNGER 1. oo £
U Improving the fit with observations through DA does not ensure better e | g
dust concentrations NARPS -1 | okl 2017 ot
0.01 0.10 ‘ ‘1.00 1‘(l).00 ‘ 100.00
- . diameter [um]
Dust optical properties
(D)
O oPAC (Hess et al. 1998) ‘ 1.0000!
|, MONARCH (LW), SILAM, MASINGAR, NAAPS
25 .c,;ifé‘(i)‘:s,k(;{eﬁs‘fjl\'/lodele (swW)
- 0.1000 |
L IFS o]
E Balkanski 1.5% (2007) = « A
& 50l UM, ~MONARCH (SW) g | Yy,
§ Balkanski 2.7% (2007) % 0.0100 "\ e
Castellanos, P., et al. (2024). Minedakt IF E Y o P
opticalpropertiesfor remotesensingand 15[ ~ 0.0010/ .-
globalmodeling Areview InRemoteSensing \ S
of Environmen{Vol. 303)Elsevietnc. ' \
https:// doi.org10.1016/j.rse.2023.113982 oL .. - ——— 0.0001L : s
lambda [um] lambda [um]
:‘ Barcelona / | Kiteias®
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) Observations: polar orbiting

HSU ET AL.: ENHANCED DEEP BLUE AEROSOL RETRIEVAL

Pixel check to see if cloud or snow/ice surface is Yes
present?

,I,No

Cloud-Screened Reflectance
(0.412,0.47,0.65, 0.86, 1.24
2.11pm)

MODIS Land Cover
MCD12C1

Surface Reflectance
determination

urface Water

ontaminatiop
and Cover
(MCD12C1)
-No Retrieval
Yes
] [ v

Air (gas) scattering
Aerosol scattering
F\, Surface reflectance
\ Cloud reflectance

Natural Vegetation:
P'o6s = F(P*210r NDVIgyyg)

Poa7= € (P*2110 NDVI giy5)
1

Urban / Built-up and
Transitional Regions:
Hybrid Method

Arid-/Semi-arid Surfaces:
Precalculated Surface
Reflectance Database

Dust Model

Aerosol Optical
Thickness

Dust Fine

Dominant

Mixed Aerosols

Smoke/Sulfate Mode!

Mode or

Aerosol Optical

A

Single-Scattering
Albedo

Figure 1.

Maximum Likelihood Method

Thickness

f\ngstrém Exponent

Flowchart of the enhanced MODIS Deep Blue algorithm.
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Observations: polar orbiting

ATARRI

L
- The Deep Blue algorithm dust flag allows for screening of dust contaminated pixels
U Provides a simple approach to limit undesired contamination of other aerosols when only dust is the control
variable
o But strongly reduces the number of assimilated observations
- Other approaches exist to derive Dust Optical Depth, based on retrieved Angstrom exponent and Single Scattering
Albedo Ginoux 2012)
VIIRS 550 N=40964
Avg: 0.33 Min: 0.02 Max: 5.00 (dimless)
0t2 0.‘4 0.6 0.8 1.0
— —
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Observations: GEfihg

Ceamanoet al (2021)
Meteorological geostationary platforms
provide very frequent observations (15
min), but less spectral channels and at
lower spatial resolution:

0 Only total optical depth retrieval
generally accessible

U The high frequency is needed to : ; |
disentangle surface and aerosols GOES-17 s =5 3\ AT e Himawari8
signal, output AOD is daily o= STMEIH N iy

U Less accurate retrievals than with
polar orbiting sensors (also due to less
favorable observing angles)

Sentineld will improve spectral and
spatial resolution, but main dust sources
will not be covered

GOES-16 Meteosat-8
AOD at 640nm
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Observations: infrared

ATARRI

On-boardPolarorbit Metop satellites(1, 2and 3)

Aerosolproduct AODat 10um->dustcoarse
particles

Dayandnight AOD
Algorithms ULB, LMDetc
12km (circularpixel

AOD at 10um - IASI/Metop-C - (day) - 20240831

10
0.9
0.8
0.7
0.6
0.5
04
0.3
0.2
0.1
0.0

wrioT 38 dov

No aerosols
265H L. 0.6 um; o 2;1-2 km

Brigthness Temperature (K)

. 2 um; O 1.7; 1-2 km
260H r,06um;c_2;4-5km

r. 2 um; o 1.7; 4-5km

255 1 I 1 1 1 1
800 850 900 950 1000 1050 1100 1150 1200

Wavenumber (cm")

Fig. 3. Forward modelling of the radiance that would be observed
by IASI for two particle size distributions associated with an aerosol
layer at two different altitudes (optical depth of 1 at 10 um). The
corresponding forward modelling in absence of aerosols is also rep-
resented.

Vandenbusschet al (2013)
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Observations: UV

Absorbing aerosol index (354/388 nm) Near real-time (last 24 hours)

TROPOMI| — KNMI/ESA Plot created: 2025-06-29 14:21 UTC

Residual method [Torres et al, 1998]: teor as0c e w0r wor om0 o s sr sor 1oe 150-  1s0°
compareshe observedUVspectral
reflectanceto that expectedfrom a pure
molecularatmosphere anyanomalous
spectralcontrastis attributed to UVtabsorbing
aerosolssuchasdustor smoke

U Worksover brigth surfacesandabove
clouds

o0 Sensitivao altitude of dustlayer

o Qualitativeindex
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Observations: LIDARS

ATARRI

(a) Total attenuated backscatter 532 nm (km-! sr-)

CloudAerosol Lidamwith
OrthogonalPolarization
(CALIOR)

Altitude (km)

20062023

Altitude (km)

elasticlidar (532 10241m) +
depolarization(532nm)

(c) Version 3 aerosol subtypes |

L)
, | Polluted dust
Polluted continental «

Altitude (km)
=

Backscatterextinction, aerosol

typing ;

' (d) Version 4 aerésol subtypes § V

-
o

30m verticalresolution 333m

Altitude (km)
=

Can miss dust plumes due to
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kr

L
]
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i
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:‘ Barce 24 - F FCiéncias®
)| (@~ S GRASP s A2 IPstx [C] @== pmod e
cccccccccccccccc Canta percomputaciin ARMINES MINES PARIS
=/

Ciéncias
ULisboa




Mineral dust assimilation: observations & control

AWe never measure mineral dust directly but rather all aerosols
combined

AWe never measure aerosols mass / size distribution / composition
from space directly but rather few extensive optical properties

AWe best retrieve columnar amounts (AOD)

Alt would be numerically expensive and not necessarily useful to define
a control vector that Is much more resolved than what we measure

ASome practical choices typically made for the control vector:
A Columns of optical depth (2D)
ATotal aerosols mass concentration (3D)
ATotal aerosols extinction (3D)

AThe unconstrained degrees of freedom follow the model prior
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Operational dust assimilation at BSC

day 1 day 2
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Operational dust assimilation at BSC

ATARRI

A March and April 2017

A 20 members > reduced to 12 in the DA o-suite

A Assimilated: Dust optical depth (DOD) filtered from
Experiment configuration: Ensembles Retained for Deep Blue 550 nm AOD from VIIRS (SUOMI-NPP)
Based in these five perturbation approaches : the o-suite

— 4x10° l O 4x105- i
FAC : Random factor for dust emissions. One value per - : oy i
, .
member. Eé: 2x10° - : Eé 2%x10° - i
. . I
BIN : Random factor for dust emissions and threshold 0- ' = 0 :
friction velocity of dust emission scheme. One value per , 4%10° i =z, 4%x10°- !

- Z E I J m + I
member and dust bin. 2 3 >x105 ! S 50105 !
MAP : Random Gaussian correlated perturbation maps of o i s O :
emission factors. One map per member. 0 . 0 :

. T — 4x10° - . T, 4x10°1 |
@ SCH : Random linear combination of 4 dust emission T2 : B |
L + 1
schemes. 85 2x105 - i Eé 2x105 - !
@ MET : Meteorological initial and boundary conditions 0 : = 0 |
from ensemble forecasts (GEFS, Zhou et al., 2017) L, 4%x10° I % ., 4%10° E
¢ gE | 35 :
S 3 2x10°%1 i 5 g 2%10° :
@) | s :
Escribano et al. EGU 2021 0— (") > 03 0 5
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Operational dust assimilation at BSC

All

retrievals

QA=3
ocean,
QA=2
land

Aerosol Optical Depth at 550nm March 2025 Number of observations

=

Dust
flagged
retrievals
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=*  Operational dust assimilation at BSC

_ Configuration Data assimilation Configuration
Meteorology Inline Algorithm LETKF-4D
NMMB
Vorable Initial and boundary GFS 0.5x0.5 deg Assimilation window 24 hours
AOD Evaluation Observations Conditions
wods A S onic e o) + Time step 3 hours
MONARCH [-] .
Observations NOAA20 VIIRS Deep Blue
Levels 40
| tewes | b
iy Forecast range 3 days .
Output frequenc 3 hours )
'.fﬁml.m Ensemble size 12 members
e Species Dust . .
i Ensemble perturbations Global and spatially
et 8 (0.2-20 Am) correlated emission
7 perturbations
s ; . ]
Pobabityeft o - o’ & 4 Dustsources MODIS Col. 6 Deep Blue Control vector Total dust mass (3D)
exceedance o - FoO clmatology (Ginoux et
Ll al. 2012) Localization radius 150 km
© & poWNOAD | 260CT2024 G ‘ W ViEw ~ | € LAYERS ~ Emission scheme Modified GOCART scheme
(Klose et al. 2020)
Radiation scheme Coupled online with dust
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ATARRI

October 2024

January 2025

May 2025

N
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= Operational dust assimilation at BSC
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Operational dust assimilation at BSC

BDRC operatiopal DA

Satellite overpass over NAM :E

Retrieve VIIRS L2 '
Input Preprpcess VIIRS L2 '

- Retrieve GFS D+00

Retrieve GFS D+12
Operational forecast Forecast (D412 to D+84)

. Ensemble of forecasts|(D+00|to D+24)

Data|Assimilation (D+00 to D+24) .

Operational assimilation
Postprocess|DA '

Final forecast (D+244 to D+96) -
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A The analysis is the closest we e
can get to the truth (assuming W sy ~ W

DA was well tuned and

systematic biases were not too

large)

A We need to evaluate it against

independent set of
observations

A Time series of latest MONARCH

reanalysis processing (red)
versus AERONET L2 Coars
AOD in 2012019
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All-MiddleEast (10 stations)
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SDS-WAS BSC

AERONET L1.5 Direct Sun
AOD at 550 nm versus
modeled Dust Optical
Depth at 550 nm, filtered
with AE < 0.6, 3-hourly
frequency

Median of 14 models,

4 with DA
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