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Part I: Research Environment

• Deutscher Wetterdienst (DWD) is the
national weather service of Germany

• We are a part of the Ministery of Transport 
and Digital Infrastructure

• National and European Measurement 
Networks (e.g. Satellites) are controled and 
developed

• We develop our systems within a network of 
partnerships with other states, with research 
institutes and universities



Federal Ministery BMVI

NWP



Deutscher Wetterdienst DWD

Weather Prediction and
Warnings for
Central Europe.



DWD operates two 
CRAY 
Supercomputers

Cray XC40, Intel Xeon E5-
2670v2 10C 2.5GHz/E5-
2680v3 12C 2.5Ghz, Aries 
interconnect, 

Rank 128 on the TOP 500 
supercomputer list in 
2014/11.



ICON Model
13km

Part I: Model Chain



0-7 Days Global Modelling
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02-24 Hours High Resolution
Modelling



02-24 Hours
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DWD

HErZ
Hans Ertel

Center

BMVI
Ministery
Projects

IAFE
Innovation
programme

Further
Partners

EMF
University
research

COSMO
International
consortium

Part I: Research Network



40 Countries

Cosmo User Seminar + Training 
Course + Symposium



Hans Ertel Center for
Weather Research (HErZ)

 MPI Hamburg
 LMU Munich
 Uni Bonn
 Uni Frankfurt
 Uni Berlin

Research Network 2



10.03.2015 Martin Weissmann, HErZ Data Assimilation Branch, LMU München

Research in HErZ-DA and associated projects

14

HErZ funded HErZ associated HErZ 
finanziert

HErZ funded
(2015)

HErZ associated

Post-Doc
Conservation
in DA 

HErZ 
associated

HErZ funded

Observation
impact

Repr. of
model error, 
predictability



Research Network 4: 

IAFE Innovation in Applied 
Research and Development



Nr Position Length in Years
1 SAT-GNSS-HUM 4 
2 SAT-IR-ICON 1 4
3 SAT-IR-ICON 2 2 (+2 tbc)
4 SAT-IR-KENDA 4
5 SAT-MW-ICON 1 2 (+2 tbc)
6 SAT-MW-ICON 2 1+3
7 EUMETSAT Fellowship 1+2

Innovation Programme (IAFE)
+Eumetsat Positions Survey



Part II: New Global Model ICON 

• Operational since Jan 20, 2015

• Non-Hydrostatic
• 13km resolution globally
• 75km height
• 90 vertical levels

• Still a lot in the pipeline!!

Workshop on NWC applications using MTG-IRS, EUMETSAT, 
25-26 July 2013          C. Köpken-Watts, C. Herold, S. Bach, J. 

Richters



Blau: GME, rot: ICON, grün: IFS

Temperatur in 700 hPa, RMSE in K



Part II: Global 
Ensemble Data Assimilation (EDA)

• VarEnKF
• 40 Members
• 1 Deterministic



Global EDA (VarEnKF) Development



Global EnKF + EPS for ICON, VarEnKF

1. Full System with all current observation systems
running in BACY experiments (80/80, 80/40km)

2. Currently: verification against own analysis better or
comparable to current 3DVAR system

3. Work in progress on spread in different 
regions (upper troposphere, Europe, …)

4. Adaptive localization calibration is ongoing

5. Archive/Storage challenges remain severe



Global EDA (VarEnKF) Development



Global EDA (VarEnKF) Development



Global EDA (VarEnKF) Development



Global EDA (VarEnKF) Development



Global EDA (VarEnKF) Development



Global EnKF for ICON





Part III: Kilometer Scale Ensemble 
Data Assimilation (KENDA) 

• LETKF + DetAnalysis



KENDA and EPS Development



1. Full System with conventional data running
2. Work Latent Heat Nudging, done, works well!

3. Further Observation Systems under
development
(e.g. SEVIRI, GPS/GNSS, Lidar, …)

4. Longer Periods/Winter Periods to be tested. 

5. Technical work on operational setup (member
loss) ongoing

6. Archive/Storage challenges remain severe

7. Pattern Generator and further Refinements
(Localiyation, Covariance Inflation, …)

KENDA for COSMO



introduction of soil moisture (SM) perturbations
( + SST  pert.) 

cycling without perturbations

spread of soil moisture (WSO),  layer 3 (3 – 9 cm),  after 5 days

cycling with SM perturbations

 simple superposition of Gaspari-Cohn (~ Gaussian) functions at each analysis g.p.,
with random amplitude and pre-specified horiz. / temporal correlation scale(s)

 scales : 100 km + 10 km ; 1 day ; std dev of amplitude: 0.1 soil moisture index



impact of including LHN in LETKF DA cycle (with ICON soil):
score chart 

LETKF
LHN-det vs. no-LHN

LETKF
LHN-all vs. LHN-det

variable RMSE
ETS / FSS

Bias
FBI

RMSE
ETS / FSS

Bias
FBI

upper-air = = = =
surface = = = =
precip 0 UTC , 0.1 mm (+) (+) (+) =
precip 0 UTC ,   1  mm = = (+) =
precip 12 UTC, 0.1 mm + + + =
precip 12 UTC,   1  mm + = + =

→ benefit from adding LHN small for 0-UTC runs, large for 12-UTC runs
→ deterministic forecast improves if LHN also added to all ens members in LETKF



LETKF + LHN-all vs.   Nudging + LHN :
verification against radar precipitation

FSS
11 g.p.
(30 km)

nudging + LHN
LETKF + LHN-all

0 UTC 
forecasts

12 UTC 
forecasts

0.1 mm

Period 1, 
6 Days

Period 2, 
12 Days



LETKF + LHN-all vs.   Nudging + LHN :
KENDA score chart 

LETKF: 

→ overall comparable 
/ better results 

→ Mixed view for 
surface pressure

→ Problem with 
high clouds



EPS 10-250 m Wind: RMSE + Spread

Nudging + BCEPS
KENDA

36



EPS Precipitation: RMSE + Spread

Nudging + BCEPS
KENDA

37



KENDA Project Selection



Part IV: Particle Filter

• Can a Particle Filter work for NWP?

• Yes, the EnKF is already working (as shown above)!

• The question is how to calculate the posterior
ensemble!

• DWD is developing a 
Local Markov Chain Particle Filter

• MeteoSwiss + ETH Zurich + DWD are working on 
an Ensemble Kalman Particle Filter



 You get a prior distribution p(x) by some prior ensemble

 Measurements define a data distribution p(y|x)

 Bayes theorem defines a posterior distribution by

p(x|y) = c p(x)  p(y|x)

The core game is
how to get an analysis ensemble from p(x|y). 

Part IV: Particle Filter
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How to sample from a distribution p(x|y)?



MCMC Methods



MCMC Methods



MCMC Methods



MCMC Methods

We skip the details of Lemma 1 and 2 … the result is
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Analysis
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MCMC Methods, Basics

A helpful identity



MCMC Balance Equation

When we construct a transition kernel k which 
satisfies the MCMC balance equation, then p(x) 
is a fixed point of the transition equation 



Metropolis Hastings Sampler



MCMC Methods
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Particle Filter Example

PRIOR
Ensemble

Analysis
Ensemble

RED:
LETKF

Blue:
LMCPF

Black:
BAYES



LETKF
vs.
LMCPF





Particle Filter Example

PRIOR
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Analysis
Ensemble

RED:
LETKF

Blue:
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BAYES



 Markov Chain Monte Carlo Methods are a tool how to sample some given 
probability distribution p(x). 

 We need the ability to calculate p(x) given some state x.

 Then we can employ MCMC, for example with Metropolis Hastings kernel.

 Metropolis Hastings is a particular way how to generate the posterior 
ensemble.

 The idea is to use a proposal distribution q(x).
 For every proposal state a decision is made wether to take it or not. 

 This depends on the Metropolis Hastings function α. 









Particle Filter Example
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LMCPF Example: nonlinear gate

Black:
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LMCPF Example: nonlinear gate
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LMCPF Example: nonlinear gate
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Next Steps

 LMCPF and
Ensemble Kalman Particle Filter Implementations 
for NWP

 Further diagnostics on nonlinear dynamics and the
behaviour of particle filters (simple statistics are
not sufficient)

 Test different localization schemes

 Extensive testing for large-scale NWP systems.  



Many Thanks!
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