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What is data assimilation

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

ÁConcepts started to be developed in 
the 50s when first numerical weather 
predictions became possible

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

ÁCurrently one of the major driver of 
weather forecasts improvements and 
applied to many other fields (ocean, 
ƭŀƴŘΣ ŀǘƳƻǎǇƘŜǊƛŎ ŎƻƳǇƻǎƛǘƛƻƴ Χύ



Data assimilation in meteorology

https:// www.ecmwf.int/sites/default/files/elibrary/81650-fifty-years-of-
data-assimilation-at-ecmwf.pdf

Forecast skill changes of various models, 

includingECMWFôsIFS, AIFS and ERA5. 

The figure shows the lead time at which the

anomaly correlation of 500 hPa geopotential

height over the northern hemisphere

extratropics falls below 85%



What is data assimilation: demonstration

Problem

Suppose you want to estimate the temperature of this room given:
a) A prior estimate: Tb (e.g. based on your feeling)
b) A thermometer: To 
c) The true (unknown) temperature Tt

ōǳǘ Χ

1. The prior estimate is affected by an error eb = Tb - Tt

2. The thermometer value is affected by an error eo = To - Tt

3.  eb and eo are random variables



What is data assimilation: demonstration

Additional hypotheses

a) The statistical properties of the errors eb and eo are known

b) The errors are unbiased: ‐ ‐ π

c) The errors are uncorrelated: ‐‐ π

d) We look for a solution which is a linear combination of prior and 
measured temperature: Ὕ  ‌Ὕ  ‍Ὕ  ‎



What is data assimilation: demonstration

[ŜǘΩǎ Řƻ ǎƻƳŜ ŀƭƎŜōǊŀ

ü We were looking for a solution as Ὕ  ‌Ὕ  ‍Ὕ  ‎
ü By substituting Ὕ  ‌Ὕ ‐  ‍Ὕ ‐  ‎
ü The error of our estimate is: ‐ Ὕ Ὕ ‌ ‍ ρὝ ‌‐ ‍‐ ‎
ü We want it to be unbiased: ‐ π 
ü which implies ‌ ‍ ρὝ ‎ π
ü and hence ‌ ‍ ρ π and ‎ π
ü which gives the Linear Unbiased Estimate:

Ὕ  ‌Ὕ ρ ‌Ὕ



What is data assimilation: demonstration

[ŜǘΩǎ Řƻ ǎƻƳŜ ŀƭƎŜōǊŀ

ü We are looking for a good value of ‌ to 
compute Ὕ  ‌Ὕ ρ ‌Ὕ

ü We can compute its error ‐ Ὕ Ὕ
‌‐ ρ ‌‐

ü and its variance (remember ‐‐ π):

‐ ‌‐ ρ ‌ ‐

‐

‐



What is data assimilation: demonstration

Remarks

ü For π ‌ ρȟ‐ ÍÁØ‐ȟ‐

ü The minimum is found for ‌

ü the analysis variance is ‐ ‐ ‐

ü and the analysis is 

Ὕ
‐

‐ ‐
Ὕ

‐

‐ ‐
Ὕ

‐

‐

‐ ‌‐ ρ ‌ ‐



bƻǿ ƭŜǘΩǎ ŜȄǘǊŀǇƻƭŀǘŜ ǘƻ ƳǳƭǘƛǇƭŜ ŘƛƳŜƴǎƛƻƴǎΧ

Suppose you want to estimate the state of a system identified by the vector ●:
a) With a prior estimate ● (e.g. a model forecast) and corresponding errors Ⱡ
b) A set of observations identified by the vector ◐  and corresponding errors Ⱡ
c) An observation operator Ὄ● that maps the state of the model into the 

model equivalent of observations ◐ Ὄ●

üLook again for a linear combination of the form ●  ● ἕ◐ Ὄ●
üAnd ensure that ●  (the analysis) has the smallest possible variance 

ὝὶὥὧὩⱠⱠ

What is data assimilation: definitions



●  ● ἕ◐ Ὄ●

ÅRemember previously Ὕ  ‌Ὕ ρ ‌Ὕ  Ὕ  ‌Ὕ Ὕ
Åὑ is called gain matrix and ◐ Ὄ●  is called innovation
üFurther assume errors small enough so that Ὄ● Ὄ● Ⱡ ὕⱠ
üand repeating similar steps as in scalar example gives:

ἕ ⱠⱠἒ ἒⱠⱠἒ ⱠⱠ

or using more familiar notation for error covariances ἜἪ ⱠⱠ  ἠ ⱠⱠ

ἕ ἜἪἒ ἒἜἪἒ ἠ

What is data assimilation: general case



Data assimilation: general case

●  ● ἜἪἒ ἒἜἪἒ ἠ ◐ Ὄ●

ÅThis equation can be derived also from statistical 
considerations (Bayes theorem, under gaussian 
errors hypothesis)

Å In real application scenarios the size of state and 
observation vectors is too large (108 or more) to 
inverse such matrices let so storing them in 
computer memory

ÅError covariances must be assigned somehow
ÅWhen dealing with time evolving applications (e.g. 

atmospheric forecasts) prior errors should evolve 
as well with the state Asch,Bocquet,Nodet 

2016



Temporal evolution



Ensemble Kalman Filters

Key ideas:

üApproximate the prior error covariance with a sample 
of M Monte-Carlo model simulations (ensemble):

ἜἪ В ● ● ● ● ἦἦ  

ü Compute an ensemble of analysis states at each 
observation step 

ü Evolve the error covariances between observation 
steps

(fig. courtesy of Takemasa Miyoshi)



Ensemble Kalman Filter

Key advantages:

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

ÅThe error covariances are in accordance with the state of the system

ÅCan be easily parallelized in the ensemble space (highly scalable)

ÅIt produces uncertainty estimations as step of the algorithm

ÅCan account for uncertainties in model propagation



Ensemble Kalman Filter

Key limitations:

ÅThe limited size of the ensemble (M << N) introduces spurious correlations across 
grid points or model variables
ÅThis is handled by restricting the influence of distant observations (local analysis) or 

numerical tapering the raw ensemble covariance Ἔ

ÅBut does not allow long range corrections

ÅAnd it is not easy to localize indirect observations (e.g. satellite radiances)

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

ÅCostly
ÅCurrent large models can afford generally less than 100 members

ÅNon linearities not well handled



Ensemble Kalman Filters



Local Ensemble Transform Kalman Filter

üSplits the model grid in subregions that can be processed in parallel
üSearch for a solution using only local observations within a certain radius from each grid 

point (allows matrix inversions)
üSearch for a solution in the space of the ensemble (generally smaller than the model state) 

Hunt et al. 2007



Variational methods: 3D-Var

ü Rewrite the linear unbiased estimate as

●  ● ἜἪ ἒ╣ἠ ἒ ἒ╣ἠ ◐ Ὄ●

ü And find ‏●╪  ●  ● which solves the following linear system of the form Ἃ● ╫:

ἜἪ ἒ╣ἠ ἒ‏● ἒ╣ἠ ◐ Ὄ●

ü Turns out that this is also the solution that minimize the linearized version of the following generic cost function:

ὐ●
ρ

ς
● ● ἜἪ ● ●

ρ

ς
◐ Ὄ● ἠ ◐ Ὄ●

Å Very efficient numerical algorithms exist to minimize such high dimensional functions iteratively, without need to 
ever compute and store the involved large matrices

ü This procedure provides a global solution ‏●╪ which fits all observations at once



Variational methods: 4D-Var

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

function

ὐ●
ρ

ς
● ● ἜἪ ● ●

ρ

ς
◐ Ὃ ● ἠ ◐ Ὃ ●

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

Ὃ Ὄ ʐִי ᴼ

Å Observations have an effect across the assimilation window
Å The 4D-Var solution produces a smooth trajectory consistent with model 

physics



Variational methods

Key advantages:

Å   Precise because based on explicit linearization of the observation operator (3D-Var) and 
of the model propagation (4D-Var)

Å   Produces a global analysis that accounts for all observations at once

Å   Can handle mild non-linearities in observation operators or models

Key limitations:

Å Require linearized and adjoint models of the observation operator (3D-Var) and of the 
model (4D-Var)

Å Require efficient numerical codes for covariance operators 

Å Do not provide flow-dependent prior errors estimation and do not return analysis 
covariances

Å Accounting for potential errors in the model itself not straightforward 



Hybrid methods

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

ÅFor example, Ensemble Data Assimilation (EDA) uses an ensemble of 
perturbed 4D-Var systems. This provides an estimate of uncertainty 
for the main unperturbed 4D-Var analysis.

Å4DEnVar replaces the model covariance matrix in the 4D-Var 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.



Comparative table

Complexity / 
Maintenance 
effort

Numerical cost Consistency of the 
analysis

Remarks

3D-Var Moderate Low Fair ÅTemporal trajectories 
might not be physically 
consistent

ÅFormally very similar to 
atmospheric inversions 
(1D-Var)

4D-Var High High Good ÅBetter temporal 
consistence, more 
effective use of 
observations

ÅNeeds linearized and 
adjoint codes of the 
model

EnKF Low High Fair ÅOnly uses forward model 
and forward observation 
operator

ÅComes with uncertainty 
estimation

ÅAffected by sampling 
noise



Examples: stratospheric O3 assimilation

Skachko et al. (2014)



Examples: CO2 flux inversions

Liu et al. (2016)

Å Data assimilation used to estimate CO2 fluxes

Å The impact of distant observations and error 
covariances is larger

Å 4D-Var is found to produce more coherent fluxes over 
data sparse regions



Mineral dust assimilation: from 
observations to operations



Mineral dust assimilation: key aspects

ÁA complex mixture of initial conditions and model errors

Initial conditions / 
transport / wet 
deposition errors 
dominate

Emissions / dry 
deposition errors 
dominate



Mineral dust assimilation: key aspects

ÁA complex mixture of initial conditions and model errors

ÁIn most forecasting systems the total aerosols 3D mass concentrations 
is the DA state vector

ÁTypical assimilation windows range from 1 hour (3D-Var) to 24 hours 
(4D-Var, LETKF) with the final step used to reinitialize the follow-up 
forecast (up to 5 days range)

üImpact of assimilation decreases with forecast range



Observations

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, E2223ςE2264, 
https://doi.org/10.1175/BAMS-D-23-
0005.1

https://doi.org/10.1175/BAMS-D-23-0005.1#BAMS-D-23-0005
https://doi.org/10.1175/BAMS-D-23-0005.1#BAMS-D-23-0005
https://doi.org/10.1175/BAMS-D-23-0005.1#BAMS-D-23-0005
https://doi.org/10.1175/BAMS-D-23-0005.1#BAMS-D-23-0005
https://doi.org/10.1175/BAMS-D-23-0005.1#BAMS-D-23-0005
https://doi.org/10.1175/BAMS-D-23-0005.1#BAMS-D-23-0005
https://doi.org/10.1175/BAMS-D-23-0005.1#BAMS-D-23-0005


Observation operator

Ὄ● ά ᾀ ὅȟ ‗

Ὄ● ά ᾀ ὅȟ ‗ 

Ὄ● ὑ‍ᾀὩ ᷿

Ὄ● ὙὝὓὥὩὶέȟὫὥίὩίȟίόὶὪȟίόὲ ὥὲὨ ίὥὸ ὺὭὩύ ὥὲὫὰὩί

‍ᾀ

‌ᾀ

Optical depth

Backscatter profile

Attenuated backscatter

TOA radiances
Raw Measurement

Retrieved quantities

ά ᾀ 

ᾀ



Observation operator: assumptions and limits 

Castellanos, P., et al. (2024). Mineral dust
opticalpropertiesfor remotesensingand
global modeling: A review. In RemoteSensing
of Environment(Vol. 303). ElsevierInc. 
https:// doi.org/10.1016/j.rse.2023.113982

Particle size distribution

Dust optical properties

Å The observation operator should use same underlying assumptions on 
particle size, shape and optical properties as the forecast model

Å Same dust concentrations can provide different optical depths
Å And modeled PSD and optics are not necessarily the same used to retrieve 

dust properties from space or from ground instruments!
ü Improving the fit with observations through DA does not ensure better 

dust concentrations



Observations: polar orbiting



Observations: polar orbiting

- The Deep Blue algorithm dust flag allows for screening of dust contaminated pixels
ü 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)



Observations: GEO-ring

Ceamanos et al (2021)

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

ü Only total optical depth retrieval 
generally accessible

ü The high frequency is needed to 
disentangle surface and aerosols 
signal, output AOD is daily

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

Sentinel-4 will improve spectral and 
spatial resolution, but main dust sources 
will not be covered
 



Observations: infrared

On-boardPolar-orbit Metop satellites(1, 2 and3)

Aerosol product: AOD at 10um -> dustcoarse
particles

Day andnight AOD

Algorithms: ULB, LMD, etc

12km (circular) pixel

Vandenbusscheet al (2013)



Observations: UV

Residual method [Torres et al, 1998]: 
compares the observedUV spectral
reflectanceto that expectedfrom a pure 
molecular atmosphere; anyanomalous
spectralcontrastisattributed to UV-absorbing
aerosolssuchas dustor smoke.

üWorks overbrigth surfacesand above
clouds

o Sensitive to altitude of dust layer
o Qualitativeindex



Observations: LIDARS

Cloud-Aerosol Lidar with
OrthogonalPolarization
(CALIOP): 

2006-2023

elasticlidar (532 1024 nm) + 
depolarization(532nm) 

Backscatter, extinction, aerosol 
typing

30m vertical resolution, 333m 
horizontalresolution

Can miss dust plumes due to 
long revisiting times (about 2 
weeks) 



Mineral dust assimilation: observations & control

ÁWe never measure mineral dust directly but rather all aerosols 
combined

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

ÁWe best retrieve columnar amounts (AOD)

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

ÁSome practical choices typically made for the control vector:
ÅColumns of optical depth (2D)
ÅTotal aerosols mass concentration (3D)
ÅTotal aerosols extinction (3D)

ÁThe unconstrained degrees of freedom follow the model prior



Operational dust assimilation at BSC



Operational dust assimilation at BSC

ÅMarch and April 2017

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

ÅAssimilated: Dust optical depth (DOD) filtered from

Deep Blue 550 nm AOD from VIIRS (SUOMI-NPP)

Escribano et al. EGU 2021

Retained for

the o-suite



Operational dust assimilation at BSC

All 

retrievals

QA=3 

ocean, 

QA=2 

land

Dust 

flagged 

retrievals

Number of observationsAerosol Optical Depth at 550nm March 2025



Operational dust assimilation at BSC

SDS-WAS MONARCH Configuration

Meteorology Inline

NMMB

Initial and boundary 

conditions

GFS 0.5x0.5 deg

Resolution 10 km

Levels 40

Forecast range 3 days

Output frequency 3 hours

Species Dust

Size Bins 8 (0.2-20 Аm)

Dust sources MODIS Col. 6 Deep Blue 

FoO clmatology (Ginoux et 

al. 2012)

Emission scheme Modified GOCART scheme 

(Klose et al. 2020)

Radiation scheme Coupled online with dust

Data assimilation Configuration

Algorithm LETKF-4D

Assimilation window 24 hours

Time step 3 hours

Observations NOAA20 VIIRS Deep Blue 

Dust Flagged AOD

Observation errors 0.05 +- 0.2AOD

Ensemble size 12 members

Ensemble perturbations Global and spatially 

correlated emission 

perturbations

Control vector Total dust mass (3D)

Localization radius 150 km



Operational dust assimilation at BSC

Operational forecast DA forecast

October 2024

January 2025

May 2025

DA - Operational



Operational dust assimilation at BSC



Mineral dust assimilation: reanalysis skills

Å The analysis is the closest we 
can get to the truth (assuming 
DA was well tuned and 
systematic biases were not too 
large)

ÅWe need to evaluate it against 
independent set of 
observations

Å Time series of latest MONARCH 
reanalysis processing (red) 
versus AERONET L2 Coarse 
AOD in 2018-2019



Mineral dust assimilation: forecast skills AOD

Center Assimilation

Oper Forecast (o-suite) BSC None

DA Forecast (e-suite) BSC VIIRS

GEOS NASA MODIS, AERONET

UM UK Met Office MODIS

CAMS ECMWF MODIS, VIIRS, PMAp

MOCAGE Meteo France MODIS, VIIRS

SDS-WAS BSC Median of 14 models, 

4 with DA

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

D1 D2 D3

r


