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Extreme WeatherEvents are
triggeredby deepconvectionand
threaten lifes, infrastructureand
economy! 

Lightning, Gusts, Hailandstrong 
precipitationor tornadosimpact
the life of individualsans the
society. 

Thunderstorms with the following properties:s Level

Strong Gusts (Bft. 7) Moderate

Storm Force Gusts (Bft. 8-10) Strong

Heavy Rainfall (10-25mm/h) Strong

Storm Force Gusts, Heavy Rainfall Strong

Storm Force Gusts, Heavy Rainfall, Hail Strong

Hurricane Force Gusts (Bft. 11-12) Severe

Storm Force Gusts, Very Heavy Rain(25-50mm/h) Severe

Storm Force Gusts, Very Heavy Rain, Hail Severe

Hurricane Force Gusts, Very Heavy Rain, Hail Severe

National Task: Warn 
andProtect

Why Distributions , Risk, Uncertainty?

NOW, 5min, 30min, 
Χ мƘΣ нƘΣ сƘΣ нпƘΣ тнƘΣ Χ



Why Distributions , Risk, Uncertainty?



Bildquelle: https://de.wikipedia.org/wiki/%C3%9Cbertragungsnetzbetreiber

Bildquelle: http://www.amprion.net/pressemitteilung-76

RenawableEnergy Forecasting

Why Distributions , Risk, Uncertainty?



Medium Term
NWP

-> 4-14 days

Nowcasting
NWC

-> 1-2 h

Framework NumericalWeatherPrediction

Short-Range NWP 
SRNWP

-> 0-3 days

SeasonalPrediction
-> 12 month

ClimateProjection
-> 10-100 years

Á Trace Gases
Á Ozone
Á Aerosols

Ç Ocean
Model

Ç Retrieval
Ç Monitoring
Ç Validation

Ç Data Assimilation
Ç Inverse Modeling
Ç UncertaintyEstimation

Ç ART
Model

Ç Limited Area 
Mode (LAM)

Ç Global
Model

Roland Potthast, 2018

Ç Convection
Life Cycle

Ç RUC

NWC-NWP
Integration



40 Countries

Cosmo User Seminar + Training 
Course + Symposium
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ÁWhyvariationalData Assimilation (3D/4D-VAR)?

ÁWhyEnsembleData Assimilation (EDA)?

ÁWhyHybridMethods? (3D/4D-EnVAR)

ÁWhyParticleFilters? (PF,GPF,ETPF,LAPF,LMCPF)

Roland Potthast 9

Data Assimilation Methods

J

20 years 4D-VAR at ECMWF



The minimization of

leads to the analysis

VariationalAnalysis (3D/4D-VAR)

╙● ● ●╫ 2 + ◐ ╗● 2

B-1 R-1

●╪ ●╫ ║╗╣ ╡ ╗║╗╣ ◐ ╗●╫

This is the mother of all data assimilation formulas

Obs Operator

wŜŎŀƭƭ ǿƘŜǊŜ ǿŜ ŎŀƳŜ ŦǊƻƳ Χ



Maximum LikelyhoodEstimator=
Minimization of Functional= 3/4DVar

StochasticView ė Minimization

ὴὼ ὩÇ GaussianPrior
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Kalman Filter & UncertaintyEstimation

Basic Ideaof the Kalman Filter

ÁSequentielAssimilation of Data
ÁDo not onlyadaptthe mean, but also the

CovarianceB (Uncertainty, GaussianCase) Prior

Obs

Posterior

But: Limited to the 
Gaussian Case



ÁKalman Filter needsB update => 
expensive!

ÁEstimateB based on an ensemble of 
forecasted states (stochastic estimator). 

EDA: Ensemble Kalman Filter (EnKF)

Needs Localization

B will be flow-dependentand variable, depending on the 
model dynamics and on the observations

Localized: LETKF
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Global NWP Modelling: Det + EPS
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1) ICON Model 13km 
2) Nest over Europe 

(6.5km; 2-way) 
3) ICON-LAM D2 
4) Nest over Germany 

(1km; 2-way) D1 
5) NWC Ensemble



Full Observation System

Radiosonde

Meteor.

Observatorium

Lindenberg

Wind-Profiler

1. Doppler-LIDAR 
(Wind)

2. DIAL 
(Humidity)

3. Raman LIDAR 
(Temp+Hum)

4. MWR 
(Temp+Hum)

5. GPS STD 
(Hum)

6. Cloud Radar



ConventionalSynop+ Airplanes



Observations: Geostationary Satellites

SEVIRI 
Visible, 
NearInfrared, 
Infrared

Bild: Robin Faulwetter

Clear and Cloudy, 
IR, VIS (MFASIS)



Radianzenvon polar umlaufenden Satelliten

GBFE, Roland Potthast ï07/2015

Bild: Robin Faulwetter

Observations: Polar Orbiting Satellites

EPS-SG comingΧ
ÅCurrently(Sept 2018):
3 permanent positions

advertised



20

Ensemble Datenassimilation EnVar

WearerunningICON EDA in our

Routine sinceJan 2016

Å 40 Members eachwith 40km global 

resolutionand20km NEST overEurope

Å 1 deterministic13km/6.5km

Å EPS forecasts40 Members 7 Days + 1 

Deterministic

Å Output for convective-scaleEDA/EPS

Å Hybrid System

Grafics by ICON EDA Head

Dr. Andreas Rhodin,  FE12

Operational since January 2016



Hybrid Methods: EnVARScores

Roland Potthast

ICON
EnVAR

More 
SatObs

NEST
Retuning
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Hybrid Methods: EnVARScores

ICON
EnVAR

More 
SatObs

NEST
Retuning



Hybrid Methods: EnVARScores

2017+2018



Hybrid Methods: EnVARScores


