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Introduction to data assimilation (DA)
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Data assimilation

Data assimilation provides a framework for combining 

model simulations and observations in an optimal way

Figure credit: http://daconf15.umd.edu/ 
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Data assimilation

Data assimilation provides a framework for combining 

model simulations and observations in an optimal way

Figure credit: http://daconf15.umd.edu/ 

Why would we want to do that?

- predictive skills

- speciation

- spatial and temporal 

resolution
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DA in forecast mode

time now

observations
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DA in forecast mode
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Purpose of DA

Obtain the ‘best’ estimate of current atmospheric

conditions (analysis) 
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Purpose of DA

Obtain the ‘best’ estimate of current atmospheric 

conditions (analysis) 

-> useful to initialise models and improve 

predictions
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Forecast skill in NWP

A measure of forecast skill at three-, five-, seven- and ten-day ranges, 

computed over the extra-tropical northern and southern hemispheres.

(Bauer et al. 2015)
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Forecast skill in NWP

A measure of forecast skill at three-, five-, seven- and ten-day ranges, 

computed over the extra-tropical northern and southern hemispheres.

(Bauer et al. 2015)

The convergence of the curves for NH and SH indicates

the breakthrough in exploiting satellite data
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DA in retrospective mode

model output
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Purpose of DA

Create datasets describing the recent history of the

atmosphere (reanalysis) 
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Purpose of DA

Create datasets describing the recent history of the 

atmosphere (reanalysis) 

-> useful to monitor climate change and 

for research
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Global reanalysis product

- NAAPS reanalysis at 1 degree resolution  

(Lynch et al., 2016) 

- MACC-II reanalysis at 78 km resolution

(Cuevas et al., 2015; Inness et al., 2013) 

- NASA MERRAaero reanalysis at 0.5 degree resolution  

(Buchard et al., 2015; Buchard et al., 2016).
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Purpose of DA

Optimise uncertain model parameters 

(parameter estimation)

-> useful to calibrate models
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Purpose of DA

Examine observation impacts (OSEs and OSSE)

-> useful to design observing systems
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Why might you be interested in it?
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Why might you be interested in it?

- Improve forecasting skill

- Understanding analyses and reanalysis

- Gain insight into observations

- Tailor your observation dataset for DA and provide

feedback on their use

- Application of how we reason

…
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DA in aerosol forecast models
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SDS-WAS intercomparison

Dust optical depth: 2014 3 Apr  FC+24

http://sds-was.aemet.es/forecast-products/dust-forecasts/compared-dust-forecasts

= data assimilation
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ICAP intercomparison

http://www.nrlmry.navy.mil/aerosol/icap_date.1087.php?date=2014121200&field=aod&spec=dust&regc=

global&icap=2&modir=icap_01&quad=0

= data assimilation
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ICAP intercomparison

Credit: Peng Lynch’s talk at ICAP 2016
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ICAP intercomparison

Credit: Peng Lynch’s talk at ICAP 2016
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ICAP intercomparison

Credit: Peng Lynch’s talk at ICAP 2016
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Basic principles



Optimal Estimation Approach

𝑥truth

time

variable

Optimal Estimation Approach



Optimal Estimation Approach

𝑥

background

truth

time

variable

Optimal Estimation Approach



Optimal Estimation Approach

𝑥

background

truth

observations

time

variable

Optimal Estimation Approach



Optimal Estimation Approach

Optimal Estimation Approach

𝑥

background

analysis

truth

observations

time

variable



Optimal Estimation Approach

𝑥

background

truth

time

variable

Optimal Estimation Approach

𝑥𝑏 = 𝑥 ± 𝜎𝑏



Optimal Estimation Approach

𝑥

background

truth

observations

time

variable

Optimal Estimation Approach

𝜎𝑜
2 = 𝜎𝑖

2 + 𝜎𝑚
2𝑦 = 𝐻 𝑥 ± 𝜎𝑜



Optimal Estimation Approach

𝑥

background

truth

observations

time

variable

Optimal Estimation Approach

𝑦 = ℎ𝑥 ± 𝜎𝑜



Optimal Estimation Approach

Optimal Estimation Approach

𝑥

background

analysis

truth

observations

time

variable

𝑥𝑎 = 𝑥𝑏 + 𝑔(𝑦 − ℎ𝑥𝑏)



Optimal Estimation Approach

Optimal Estimation Approach

𝑥

background

analysis

truth

observations

time

variable

𝑥𝑎 = 𝑥𝑏 + 𝑔(𝑦 − ℎ𝑥𝑏)

𝑔 =
ℎ𝜎𝑏

2

ℎ2𝜎𝑏
2 + 𝜎𝑜

2where



Optimal Estimation Approach

Optimal Estimation Approach

𝑥

background

analysis

truth

observations

time

variable

𝑥𝑎 = 𝑥𝑏 + 𝑔(𝑦 − ℎ𝑥𝑏)

𝑔 =
ℎ𝜎𝑏

2

ℎ2𝜎𝑏
2 + 𝜎𝑜

2where

𝜎𝑏 ≪ 𝜎𝑜/ℎ 𝑔 → 0 𝑥𝑎 → 𝑥𝑏



Optimal Estimation Approach

Optimal Estimation Approach

𝑥

background

analysis

truth

observations

time

variable

𝑥𝑎 = 𝑥𝑏 + 𝑔(𝑦 − ℎ𝑥𝑏)

𝑔 =
ℎ𝜎𝑏

2

ℎ2𝜎𝑏
2 + 𝜎𝑜

2where

𝜎𝑏 ≪ 𝜎𝑜/ℎ 𝑔 → 0 𝑥𝑎 → 𝑥𝑏

𝜎𝑏 ≫ 𝜎𝑜/ℎ 𝑔 → 1/ℎ 𝑥𝑎 → 𝑦/ℎ



Optimal Estimation Approach

Optimal Estimation Approach

𝑥

background

analysis

truth

observations

time

variable

𝑥𝑎 = 𝑥𝑏 + 𝑔(𝑦 − ℎ𝑥𝑏)

𝜎𝑎
2 =

1

𝜎𝑏
2 +

1

 𝜎𝑜 ℎ 2

−1

𝑔 =
ℎ𝜎𝑏

2

ℎ2𝜎𝑏
2 + 𝜎𝑜

2where



Optimal Estimation Approach: the Scalar Case

𝑥

background

analysis

truth

observations

time

variable

Optimal Estimation Approach

𝐒𝒂 = H𝑇 𝐒𝒐
−𝟏 H+S𝑏

−1 −1

x𝑎 = 𝐱𝑏 + G(𝐲 − H𝐱𝑏)

where G = S𝒃H
𝑇 H S𝒃H

𝑇 + S𝒐
−1



Optimal Estimation Approach: the Scalar Case

𝑥

background

analysis

truth

observations

time

variable

Optimal Estimation Approach

𝐒𝒂 = H𝑇 𝐒𝒐
−𝟏 H+S𝑏

−1 −1

x𝑎 = 𝐱𝑏 + G(𝐲 − H𝐱𝑏)

where G = S𝒃H
𝑇 H S𝒃H

𝑇 + S𝒐
−1

observation error

covariance matrix



Optimal Estimation Approach: the Scalar Case

𝑥

background

analysis

truth

observations

time

variable

Optimal Estimation Approach

𝐒𝒂 = H𝑇 𝐒𝒐
−𝟏 H+S𝑏

−1 −1

x𝑎 = 𝐱𝑏 + G(𝐲 − H𝐱𝑏)

where G = S𝒃H
𝑇 H S𝒃H

𝑇 + S𝒐
−1

Background error 

covariance matrix



47

Role of the B matrix

- spatial spreading of information from observations
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Role of the B matrix

- spatial spreading of information from observations

- statistically consistent increments between

neighbouring grid points

- multivariate analysis
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DA flow
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For further information please contact

enza.ditomaso@bsc.es

Thank you!


