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Atmosphere
Monitoring Å Environmental and health concern  - up to 7 million premature deaths 

per year (WHO) because of air pollution

Å Important to provide air quality forecasts

Å Not principally different from meteorological DA but several new 
challenges

Å Interaction of atmospheric composition (AC) and NWP

ï Feedback on dynamics via radiation scheme (ozone, aerosols)

ï Precipitation and clouds (aerosols)

ï Satellite observations influenced by aerosols and trace gases

ï Hydrocarbon (Methane) oxidation is water vapour source

ï Assimilation of AC data can have impact on wind field

1 . I n t r o d u c t i o n
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E x a m p l e s  o f  A t m o s p h e r i c  c o m p o s i t i o n



Atmosphere
Monitoring Å Over the last decade IFS has been extended with modules for 

atmospheric composition (aerosols, reactive gases, greenhouse 
gases)

Å GEMS -> MACC -> CAMS (Copernicus Atmosphere Monitoring Service) 
projects

Å !ǘ ŦƛǊǎǘ ŀ ά/ƻǳǇƭŜŘ {ȅǎǘŜƳέΣ ƴƻǿ ŎƻƳǇƻǎƛǘƛƻƴ Ŧǳƭƭȅ ƛƴǘŜƎǊŀǘŜŘ ƛƴǘƻ LC{

Å Data assimilation of AC data to provide best possible IC for 
subsequent forecasts

Å AC benefits from online integration and high temporal availability of 
meteorological fields

Å CAMS provides daily analyses and 5-day forecasts of atmospheric 
composition in NRT

C o m p o s i t i o n  i n  I F S
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C A M S  N R T  d a t a  a s s i m i l a t i o n  s y s t e m

IFS control variables
CHEM: O3, NO2, SO2, CO, HCHO
AER: single or dual control variables 
(total or fine & coarse mode aerosol 
mixing ratio)
GHG: CO2, CH4

Chemistry solvers included in IFS 
e.g. TM5 (CB05) 
54 species, 126 reactions
photolysis, dry and wet deposition
(no TL + AD of chemistry)

Aerosol model with 12 bins (no TL or AD)

Extra 
information:
Å Emissions 

(e.g. GFAS)

Å Fluxes

Observations
Å Observation 

operators
Å Bias correction
Å Background 

error statistics

GHG fields

Meteorological variables



AtmosphereMonitoring 2. Challenges for atmospheric composition 
data assimilation



Atmosphere
Monitoring Å Quality of NWP depends predominantly on initial state 

Å AC modelling depends on initial state (lifetime) and surface fluxes
Å Large parts of chemical system not sensitive to initial conditions because 

of chemical equilibrium, but dependent on model parameters (e.g. 
ŜƳƛǎǎƛƻƴǎΣ ŘŜǇƻǎƛǘƛƻƴΣ ǊŜŀŎǘƛƻƴ ǊŀǘŜǎΣΧύ

Å Data assimilation is challenging for short lived species (e.g. NO2)
Å CTMs have larger biases than NWP models
Å Most processes take place in boundary layer, which is not well observed 

from space
Å Only a few species (out of 100+) can be observed 
Å Concentrations vary over several orders of magnitude
Å Data availability
Å More complex and expensive, e.g. atmospheric chemistry, aerosol physics

C h a l l e n g e s
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4 D - V a r

NWP 4D-Var is mostly defined as an initial value problem. Only the 
initial conditions are changed and model error is relatively small. 
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C O 2  a s  a n  e x a m p l e

Source: NASA
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B o u n d a r y  c o n d i t i o n  p r o b l e m  ς C O 2

For atmospheric composition, the boundary conditions are very 
ƛƳǇƻǊǘŀƴǘ όǎǳǊŦŀŎŜ ŦƭǳȄŜǎΣ ŜƳƛǎǎƛƻƴǎΣΧύΦ

Credits: R. Engelen


