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Numerical Weather Prediction
e

o Aim: give an estimation of the future state of the atmosphere, i.e.
give a weather forecast.

o How? Numerically solve the hydro-thermodynamic equations, which
describe the atmospheric flow.

o This is a system of non-linear Partial Differential Equations.
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Data Assimilation
e

O

The model needs initial- and lateral boundary conditions.

The models are extremely sensitive to changes in the initial
condition, so their precise estimation is crucial in NWP.

Data Assimilation is the method to create the best possible estimate
of the atmospheric state at the initial time, i.e. the analysis.
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Operational ALADIN / HU

o ALADIN NWP model (cycle 33)
o LAM domain over Central Europe

o 8 km horizontal resolution, 49
vertical levels

o LBC from the IFS model (ECMWEF) &
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o IC: local data assimilation
o analysis 6 hourly



Data Assimilation
e

o Analysis: the best possible estimate of the state vector.

o Two kind of information are used:

2 ]
E|x, —X,|” — min
o observations and

o background information (a forecast from a previous analysis)

o The analysis is obtainded by the minimization of the cost function:



Data Assimilation
e

o Analysis: the best possible estimate of the state vector.

o Two kind of information are used:

2 ]
E|x, —X,|” — min
o observations and

o background information (a forecast from a previous analysis)

o The analysis is obtainded by the minimization of the cost function:

300 = (¢ =P, =X)" +-(y=HODR (y=H(Q)

X, =arg min J(x) | ~~ |
distance from the observation

weighted by the reliability of the observation
Xt, Xq, Xr € R™ model space
(true state, analysis, forecast)
Observations: y € RP
Observation space ¢ RP(p =~ 10°)
Observation operator H: R" — RP
Pr: forecast error covariance matrix

R: observation error covariance matrix

distance from the background
weighted by the reliability of the forecast




Data Assimilation
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background + new observation - analysis

X, (k+1) = Mx, (k) 1) :%(xf CXPA(X, —X)T +%(y—H(x))R‘1(y—H(x))T

X, =argmin J(x)

Forecast error statistics are time-invariant in the model.



Forecast error
e

ECMWF ensemble forecasi - Air femperaiure ECMWF ensemble forecasi - Air femperaiure
Date: 26/06/1995 London Lat: 51.5 Long: O Date: 26/06/1994 London Lat: 51.5 Long: O
Enzemblke COMol — inalysic

Ensambie

Conrol  —inalysis

Forecast day Forecast day

Ensemble forecast
London
1 year difference: 26/06/1995 and 26/06/1994

Aim of the research: flow-dependent computation of the
forecast error covariance matrix.
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Kalman Filter
1

” Time evolution of forecast error: )

P.(k+1)=MP,(kY\M" +Q
I\ J

M linear model \

P, analysis error

Q model error Kalman Rudolf Emil
(1930- )



Ensemble Transform KF
1

The forecast error (Py) is represented by the forecast ensembile.

Forecast ensemble

ONPS
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Ensemble Transform KF
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The forecast error (Py) is represented by the forecast ensembile.

Forecast ensemble :
Observations
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Ensemble Transform KF
1

Transformation

(fcst perturbation to
anal perturbation)

Forecast ensemble :
Observations
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Ensemble Transform KF
1

Transformation

(fcst perturbation to
anal perturbation)

Analysis ensemble

Forecast ensemble :
Observations
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The analysis error will be represented by the analysis ensembile.




Ensemble Transform KF

Transformation

(fcst perturbation to
anal perturbation)
Analysis ensemb

Forecast ensemble :
Observations
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The new P; will be represented by the new forecat ensemble.




