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Scientific study approaches
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Scientific study approaches

The forward problem

Mathematical

E::ﬂ“:’;ﬂ —| model / Physical | Prediction of data
pa theory

INVERSE CLIMATE MODELLING



*Introduction

*Inverse Problem
*Model optimization
*State estimation

— Weather forecasting
— Reanalysis

— Paleo-Reanalysis
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Inverse modeling challenges

MODEL SPACE DATA SPACE

Non-uniqueness

ill-conditioning

Physically consistent
States or parameters
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Bayes Theorem

Likelihood

Probability of collecting
this data when our

hypothesis is true

Prior
The probability of the

hypothesis being true
P(H|D) = P(DIH) P(H) before collecting data

P(D)

Posterior
The probability of our
hypothesis being true given

the data collected

Marginal

What is the probability of
collecting this data under
all possible hypotheses?
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Bayes Theorem

Prior Likelihood
P(E) F(IIE)
|

See DART tutorial section 1

Paosterior
P(EI|I)

Source: http://decmod.diegoazeta.org
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Main atmospheric Inverse Problem

APPLICATION MODEL DATA
SPACE SPACE
DATA Model Current

ASSIMILATION State Observations

MODEL Model Observational
TUNING Parameters| Climatology
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Model Optimization
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Model Optimization

Strategies to sample the parameter Space
» Regular grid

. Random Sampling

. Importance Sampling

Markov Chain Monte Carlo
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Tuning a Tree-ring Growth Model
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Model tuning with non-informative prior
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Model tuning with informative prior
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State Estimation
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Atmosphere state estimation problem

Equations Typical Regional model grid

Navier—Stokes equations on a
rotating sphere with energy sources
(radiation, latent heat).

Typical Model variables
u,v, T; q, D qsfc’ Tsﬁ;" wmﬂw’ Tsnﬂw’ wsail-‘

Facts:

» Both predictions and measurements are uncertain
» Models are high-dimensional ( # degrees of freedom ~ 107)
» Obs. are irregularly distributed and sparse ( Obs # ~ 104)

Based only on observations the atmospheric state estim
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Atmosphere state estimation problem

Solution: Use a first guess or background field
(e.g. climatology or previous short-range forecast)

Model é
Forecast Analysis Cycle

T~ =

_—

Observations
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Data Assimilation Rationale

« Merge Instrumental data and model output via an
analysis cycle, so as to provide a complete estimate of
the state of the system.

sAs time goes Dby, observational information
accumulates and propagates to unobserved variables
and geographical areas of the model.

Main applications:
» Meteorological Forecasting
» Process-based Climate Reconstructions “Reanalyses”
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Data Assimilation Rationale

Nice example:

Ozone Concentration

at 10 hPa on 23.09.2002 |
(Lahoz 2010) ,
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Weather Forecasting
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Analysis cycle

/—\ Without observational input

T(i}}le lépczg;e Meas(lff‘ceglrfgét’},gpdate the forecast drifts away from
Predic .
the actual state of the system.

.

‘L -*""Hr'“. \
L model
}/; -H‘-/
&\' :} 1
E )
3 T reality
-
e - observation

\ / / Tsme

Eresmaa 2006 Analysis times
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Non-linearity and predictability

Lorentz model

d:r_ ,

df - G'Ly—.r),
%:ﬂi‘(p—Z) — U,
dz

a—:ry—_,dz.

Attractor for o =103 = 8/3andp = 28
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Typical Operational Analysis cycles

Background

Observations (+/~30 min) or first guess

Observations (+/-3 h) E f;ilt(-gtr c;u:r%:s/

A

Global analysis (statistical Regional analysis (statistical
interpolation) and balancing interpolation) and balancing

Initial conditions 3 | 3
l Initial conditions

Global forecast model . l
. I Boundary conditions Regional f t model
' 6-h forecast 7 |
' |

,' 1-h forecast

;C; Kalnay 2003 / |

(Operational forecasts) ¥y

Kalnay 2003

(Operational forecasts)

Typical Global ~ Typical Regional
Analysis Cycle Analysis Cycle
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Main types of DA techniques

. Empirical Schemes: Interpolation, SCM and nudging
Affordable and direct but hardly consider uncertainties.
« Sequential methods: Ol and Ensemble Kalman Filters
Handle well uncertainties but are expensive and complex
« Variational strategies: 3D-Var, 4D-Var and PSAS
Similar conditions as Seq. Methotds but

Tangent linear model is HARD to implement

* Hybrid techniques

. Try to take the best of each approach. Quite complex

Flow dependent background errors are always desirable
but make everything much more complex and expensive
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A summarized history of data assimilation

r 9 non-linear methods
Kalman smoother

(4D-Var or) 4D-PSAS with model error

v Lg oy fix Time moother
EnKF Dependent
Forecast
intermittent 4D-Var or 4D-PSAS » Statistics or 4D-PSAS
ﬁ- 3D-Var or 3D-PSAS
8

Optimal Interpolation (OT)

Cressman Successive Colrections
nudging

Interpolation of observations

Bouttier and Courtier (1999)



Benefits of time-dependent forecast stats
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Hurricanes

3D-Var 850mb wind increment (ms’)
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DWD Numerical Weather Prediction system

R. Potthast 2012

¢ GME/ICON
Resolution 20km

e COSMO-EU
Resolution 7km
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DWD observation sources

R. Potthast 2012

Synop, TEMP,
Radiosondes,
Buoys,
Airplanes,
Radar, Wind
Profiler, Scat-
terometer,
Radiances,
GPS/GNSS,
Ceilometer,
Lidar
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Models and assimilation systems at DWD

Present :

GME global 30km  3D-Var-PSAS

COSMO-EU  regional 7km Nudging

COSMO-DE  regional 2.8km Nudging, Latent Heat Nudging
Future :

ICON global, regional refinements  Hybrid 3D-Var/EnKF

COSMO-DE  regional  convective scale LETKF

A. Rhodin 2012
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DWD operational cycle
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Operational timetable
of the
DWD model suite
with
dataflow

= GME. COSMO: Analysis / Nudging
o GME Analysis: serial part
- || GME, COSMO: Forecast
g ) COSMO-DE-EPS: Interpolation
1] WAVE (GSM, LSM, MSM)
COSMO-EU: Surface moisture analysis
] | | Main run
| FPre-Assimilation
_ Assimilation
‘ e . ok real time [UTC
2, I e al® 00..23 e [UTC]
. el ' 00h, 03h. .. model time [UTC]
-4 ‘L v T Testsuite
01.06.2010

Thomas Hanisch, DWD/FE13
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Forecast skill at ECMWF since 1981

Anomaly correlation of 500 hPa height forecasts

Norther}r;u hemisphere

Southern hemisphere
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» O day NH forecast is now better than 3 day forecast in 1981
» SH Forecasts are now nearly as good as NH ones
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Reanalysis
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Reanalysis Idea

Motivation:

Historical weather analyzes carry plenty of
information of the atmospheric state, thus they
might be valuable for climate monitoring

but

frequent operational updates introduce
Inconsistency

Solution:

Reanalyze historical observations using a “frozen”
data assimilation scheme and model
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Reanalysis Assets

*Provide global data sets with consistent spatial
and temporal resolutions

*BIG amounts of obs. (~ 10°) assimilated
*Incorporates more obs. than forecasting system
*All model variables available.

-Data sets are very user friendly.
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Reanalysis Caveats

*Changing amount and quality of observations introduces
spurious variability and trends

—Faster radiosonde sensors show (if uncorrected) a false
atmosphere drying trend

—Satellite introduction changed the whole picture

*Observational constraints strongly very depending on
variable, location and time

—Precipitation (depending in the reanalysis) and Evapo-
transpiration not directly constrained

—Moisture is known not to be conserved
‘Reanalyzes should not be equated to reality!!
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Go to Reanalyses table
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20th Century Reanalysis (Compo et al 2011)

High-quality tropospheric reanalyses for the last 100 years u

Double EnKF Scheme

| forecast model I\

NCEP GFS
Forward
Obs.
Operator EnKF

read in X? and Hx®
update ensemble and

>
bias corr params, add
parameterized system
Forward error, write out X2
Obs. S —————————

Operator

i
E’:|§:

Reanalysis from the bottom up
EECONSTRUCTING UPPER.AIR DATA FROM SURFACE PRESSUEE OBSERVATIONS

NCEP GSI

forecast model

INVERSE CLIMATE MODELLING




Some validation results

o

Black dots show 300+
surface pressure

observation locations
(similar to 1930’s

Whitaker et al 2009: June MWR

network)
Full NCEP
operational EnKF ECMWF 3D-Var
analysis (3D-Var) only 300+surface only 300+surface
1000000+ obs pressure obs pressure obs
NCEP Operational EnsDA (RMS Error = 31 m) 3D-Var (RMS Error = 142 m)
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Some validation results

Reanalysis of the 1938 New England Hurricane using only p, obs
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20th CR Features
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References

http://reanalyses.org/

ClimateDataGuide https://climatedataguide.ucar.edu/climate-
data/atmospheric-reanalysis-overview-comparison-tables

*RealClimate
http://www.realclimate.org/index.php/archives/2011/07/reanalyses-r-us/
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https://climatedataguide.ucar.edu/climate-data/atmospheric-reanalysis-overview-comparison-tables

Thanks for your attention!

Vielen Dank fur Ihre Aufmerksamkeit!
Muchas Gracias!

Spasibo boshoe
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