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Parametrizations and data assimilation

AParametrization = description of physical processes in the model.
AWhy Is physics needed in data assimilation ?
AHow the physics is applied in variational data assimilation system ?

Awnat are the problems to be solved before using physics in data
assimilation ?

Awnich parametrization schemes are used at ECMWF ?

Awnat is an Impact of including the physical processes in
assimilating model ?

AHow the physics is used for assimilation of observations
related to the physical processes ?
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Parametrizations and data assimilation

POSITION OF THE PROBLEM

IMPORTANCE OF THE ASSIMILATING MODEL
- the better the assimilating model
(4D-Var consistently using the information coming from the observations and the model)

}

the better the analysis
(and the subsequent forecast)
- the more sophisticated the model

(4D-Var containing physical parametrizations)

the more difficult the minimization
(on-off processes, non-linearities)

DEVELOPMENT OF A PHYSICAL PACKAGE FOR DATA ASSIMILATION
= FINDING A TRADE-OFF BETWEEN:
Simplicity and linearity
(using simplified linear model is a basis of incremental variational approach)

Realism
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Parametrizations and data assimilation

IMPORTANCE OF INCLUDING PHYSICS
IN THE ASSIMILATING MODEL

Ausing an adiabatic linear model can be critical especially in the tropics,
planetary boundary layer, stratosphere

Amissing physical processes can increase the so  -called spin -up/spin -down
problem

Ausing the adjoint of various physical processes should provide:
I initial atmospheric state more consistent with physical processes

I better agreement between the model and data

Ainclusion of such processes is a necessary step towards:
I initialization of prognostic variables related to physical processes

I the use of new (satellite) observations in data assimilation systems
(rain, c¢clouds, soil moi sture, €)
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STANDARD FORMULATION OF 4D -VAR

Athe goal of 4D-Var is to define the atmospheric state X(t;) such that the nd
the model trajectory and observations is minimum over a given time period [t,, t.]

I

finding the model state at the initial time  t, which minimizes a cost -function J :

T T
_ _ _ b _ub
J X, = Z X R X, + X, —x, B X —x_

H is the observation operator ‘
(model space A observation space)

----- model trajectory (first guess)

model trajectory (analysis)

e observation

obs

X; is the model state at time
step t; such as:

X; =M (u’to;o

M is the nonlinear forecast model
integrated between t, and t;

obs forecast

assimilation window
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Parametrizations and data assimilation

WHY AND WHERE ARE PHYSICAL PARAMETRIZATIONS NEEDED IN DATA ASSIMILATION?

Aln 1D-Var, physical parametrizations can be needed in observation
operator, H (no time evolution involved).

Example: to assimilate reflectivity profiles, H must perform the conversion:

moist physics Cloud and reflectivity model Simulated
Model state > precipitation > reflectivity
(T.g,u,v, R) profiles profile

Ain 4D-var, physical parametrizations are involved in the observation
operator, H, but also in the forecast model, M.

APhysicaI parametrizations are needed in data assimilation (DA)
I to link the model state to the observed quantities,
I to evolve the model state in time during the assimilation

(trajectory, tangent-linear (TL) and adjoint (AD) computations in 4D-Var)
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OPERATIONAL 4D -VAR AT ECMWEF T INCREMENTAL FORMULATION

Aln incremental 4D-Var, the cost function is minimized in terms of increments:
5 (I—,fo —5— ~ Tangent -linear operators

with the model state defined at any time t,as: x, = <>+ . | x* = v € t, x°

A4D-Var can be then approximated to the first order as minimizing:

1 1 B ‘ T ,
J5xu=2xIB xu+22 X R X

where d =y’ — 4, (f’, IS the innovation vector

AGradient of the cost function to be minimizep Adjoint operators

Vuxv =Béo+;—iz)|M I,O,IT'? (1(

d <« computed with the non-linear model at high resolution using full physics < M

o i < computed with the tangent-linear model at low resolution using simplified
physics « M0

\%

v X <— computed with a low resolution adjoint model using simplified physics « MT



Parametrizations and data assimilation

WHY SIMPLIFIED PHYSICS?

A One of the main assumptions in variational DA is that parametrizations and
operators that describe atmospheric processes  should be linear .

— otherwise, the use of the tangent-linear and adjoint approach is inappropriate

and the analysis is suboptimal

Ain practise, weak nonlinearities can be handled through successive trajectory
updates (e.g., 3 outer loops in ECMWF 4D-Var)

APhysicaI parametrizations used in DA (TL and AD) are usually simplified
versions of the original parametrizations employed in the forecast models:

I to avoid nonlinearities (see further),
I to keep the computational cost reasonable,

I but they also need to be realistic enough !

AECMWEF TL and AD models are coded usinga manual line -by-line approach .
Automatic AD coding softwares exist (but far from perfect and non-optimized).

© ECMWF 2010 ESECMWEF Reading, UK



LINEARITY ISSUE

AVariationaI assimilation is based on the strong assumption that the analysis
is performed in quasi -linear framework.

A However, in the case of physical processes,  strong nonlinearities or

thresholds can occur in the presence of discontinuous/non -differentiable
processes
(e.g. switches or thresholds in cloud wat
u-wind increments
finite difference (FD) TL integration fct+12, ~700 hPa
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Without adequate treatment of most serious threshold processes, the TL approximation can turn to be useless.




IMPORTANCE OF THE REGULARIZATION OF TL MODEL

Aregularizations help to remove the most important threshold processes in physical
parametrizations which can effect the range of validity of the tangent linear approximation

Aater solving the threshold problems

TL increments correspond well to finite differences

u-wind increments

finite difference (FD) TL intearation fc t+12, ~700 hPa
12 .

8

\&‘J’
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Parametrizations and data assimilation

Potential source of problem

(example of precipitation formation)
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Parametrizations and data assimilation

Possible solution, but é
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Parametrizations and data assimilation

€ may just postpone the problem_,and inf
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Parametrizations and data assimilation

However, the better the model
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Parametrizations and data assimilation

In NWP i a tendency to develop more and more sophisticated physical
parametrizations — they may contain more discontinuities

v

For the Apert ui madimportan todesalbe basic
physical tendencies while avoiding the problem of discontinuities

Level of simplifications and/or required complexity depends on:

Awhich level of improvement is expected  (for different variables, vertical and horizontal
resolution, ¢€&)
Awnhich type of observations should be assimilated

Anecessity to remove threshold processes

Different ways of simplifications:

Adevelopment of simplified physics from simple parametrizations used in the past

Aselecting only certain important parts of the code to be linearized
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EXAMPLES OF REGULARIZATIONS (1)

Regularization of vertical diffusion scheme:

Exchange coefficients K are function

of the Richardson number:
| =

_|a

f(Ri)

Areduced perturbation of the exchange
coefficients (Janiskova et al., 1999):

I original computation of Ri modified in
order to modify/red

Ilreducing a derivat.i
in the central part (around the point of
singularity )
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Areduction of the time stepto 10 seconds to guarantee stable time integrations
of the associated TL model (Zhu and Kamachi, 2000) — not possible in operational global

models
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EXAMPLES OF REGULARIZATIONS (2)

Aselective regularization of the exchange coefficients K based on the linearization
error and a criterion for the numerical stability (Laroche et al., 2002)

Aperturbation of the exchange coefficients negl ect e dMahfeug 1999) in
the operational ECMWEF version used to the middle of 2008

30
ANew operational ECMWE version —— f(Ri) - trajectory
. . . —— f(Ri) - perturbation
using reduction factor for perturbation reduction factor up to 3km
.. 20 | reduction factor above 3km
of the exchange coefficients
g 10 |
0
-10

-20 -15 -10 -5 0 5 10 15 20
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ECMWEF LINEARIZED PHYSICS (as operational in 4D -Var)

Currently used in ECMWF operational 4D-Var minimizations (main simplifications with respect
to the nonlinear versions are highlighted in red):

ANO evolution of surface variables

AVerticaI diffusion:

mixing in the surface and planetary boundary layers,

based on K-theory and Blackadar mixing length,

exchange coefficients based on Louis et al. [1982], near surface,
Monin-Obukhov higher up,

mixed layer parameterization and PBL top entrainment recently added.
Perturbations of exchange coefficients are smoothed out.

AGravitv wave drag : [Mahfouf 1999]

Dry processes:

subgrid-scale orographic effects [Lott and Miller 1997],
only low -level blocking part is used.

ARadiation

i TL and AD of longwave and shortwave radiation [Janiskova et al. 2002]
I shortwave: only 2 spectral intervals (instead of 6 in nonlinear version)
I longwave: called every 2 hours only.
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ECMWEF LINEARIZED PHYSICS (as operational in 4D -Var)

ALarqe -scale condensation scheme _: [Tompkins and Janiskova 2004]
I based on a uniform PDF to descrlbe subgrid-scale fluctuations of total water,
I melting of snow included,
I precipitation evaporation included,

I reduction of cloud fraction perturbation and in autoconversion of cloud
into rain.

AConvection scheme . [Lopez and Moreau 2005]
I mass-flux approach [Tiedtke 1989],
I deep convection (CAPE closure) and shallow convection (g-convergence)
I perturbations of all convective quantities included,
I coupling with cloud scheme through detrainment of liquid water from updraught,

I some perturbations (buoyancy, initial updraught vertical velocity) are
reduced.

Moist processes:

After solving the threshold problems

\

clear advantage of the diabatic TL evolution of errors compared to
the adiabatic evolution
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VALIDATION OF THE LINEARIZED PARAMETRIZATION SCHEMES

Non-linear model:
AForecast runs with particular modified/simplified physical parametrization schemes

Acheck that Jacobians (=sensitivities) with respect to input variables look reasonable
(not too noisy in space and time)

Tangent -linear (TL) and adjoint (AD) model:

Aclassical validation:  TL - Taylor formula,
AD - test of adjoint identity

Aexamination of the accuracy of the linearization:
comparison between finite differences (FD) and tangent  -linear (TL) integration

Singular vectors:

AComputation of singular vectors to find out whether the new schemes do not
produce spurious unstable modes.
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Parametrizations and data assimilation

TANGENT-LINEAR DIAGNOSTICS

Comparison:
finite differences (FD) <> tangent -linear (TL) integration

M Xan =M Xy, < M Xgn T X
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Parametrizations and data assimilation

Zonal wind increments at model level ~ 1000 hPa [ 24-hour integration]
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Parametrizations and data assimilation

TANGENT-LINEAR DIAGNOSTICS

Diagnostics:

Amean absolute errors: & = 1/! ( — M ( — M '(an B (fg:I‘

Arelative error =xP REF .100%

REF
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Temperature Impact of operational vertical diffusion scheme
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Temperature Impact of dry + moist physical processes (1st used setup)
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Temperature Impact of all physical processes (including improved schemes)
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IMPACT OF THE LINEARIZED PHYSICAL PROCESSES IN 4D-VAR (1)

Acomparisons of the operational version of 4D-Var against the version
without linearized physics included shows:

I positive impact on analysis and forecast

I reducing precipitation spin-up problem
when using simplified physics in 4D-Var minimization

Time evolution of total precipitation in the tropical belt [30S, 30N] averaged
over 14 forecasts issued from 4D -Var assimilation
4.8
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IMPACT OF THE LINEARIZED PHYSICAL PROCESSES IN 4D-VAR (2)

1-DAY FORECAST ERROR OF 500 hPa GEOPOTENTIAL HEIGHT

OPER (very simple radiation) vs. NEWRAD (new linearized radiation)
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Assimilation of rain and cloud related observations at ECMWF

Operational:

AJune 2005 i March 2009 i 1D+4D-Var assimilation of SSM/I brightness
temperatures (TBs) in regions affected by rain and clouds. (Bauer et al. 2006 a, b)

ASince March 2009 i active all-sky 4D-Var assimilation of microwave imagers

Experimental:
AlD-Var assimilation of cloud-related ARM observations. (Janiskova et al. 2002)
surface downward LW radiation, total column water vapour, cloud liquid water path

Alnvestigation of the capability of 4D-Var systems to assimilate cloud-affected satellite infrared
radiances 1 using cloudy AIRS TBs. (Chevallier et al. 2004)

AlD-Var assimilation of precipitation radar data. (Benedetti and Lopez 2003)

AlD-Var assimilation of cloud radar reflectivity i retrieved from 35 GHz radar at ARM site.
(Benedetti and Janiskova 2004)

AZD-Var assimilation of ARM observations affected by clouds & precipitation i using microwave

TBs, cloud radar reflectivity, rain-gauge and GPS TCWV. (Lopez et al. 2006)
A4D-Var assimilation of cloud optical depth from MODIS. (Benedetti & Janiskova 2007)
A D+4D-Var assimilation of NCEP Stage IV hourly precipitation data over USA
I combined radar + rain gauge observations. (Lopez and Bauer 2007)
A1D-Var of cloud radar reflectivity from CloudSat (QUARL project)
AIRS T Advanced Infrared Sounder ARM 1 Atmospheric Radiation Measurement programme

E£CECMWEF Reading, UK

GPS 1 Global Positioning System SSM/lI 1 Special Infrared Sounder



4D-Var assimilation of SSM/I rainy brightness temperatures (Geer, Bauer et al.)

Impact of the direct 4D -Var assimilation of SSM/I all -skies TBs on the
relative change in 5 -day forecast RMS errors _ (zonal means).

Period: 22 August 2007 T 30 September 2007
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1D-Var assimilation of observations related to the physical processes

AFor a given observation y ©, 1D-Var searches for the model state x=( T,q,) that minimizes
the cost function :

1 1
T T
JxX)= x—x>"B x—-x>+  x —-y° "R _ x -—-y°
2 2
\— A 7
Y V
Background term Observation term

B = background error covariance matrix
R = observation and representativeness error covariance matrix

H = nonlinear observation operator (model space A observation space)
(physical parametrization schemes, microwave radiative transfer model,
reflectivity model , &)

AThe minimization requires an estimation of the gradient of the cost function:
V x =B x—x>+H'R _ x —-y°

AThe operator HT can be obtained:
i explicitly (Jacobian matrix)
I using the adjoint technique
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n1l-®ar+4dD-Var 0O assimilation of observat.

TMIO-I;BS >| Retrieval algorithm (2A12,2A25) |
TRMM- PR reflectivities |
‘ | O0Observedoéd rainlfa
Observations interpol ated onlmodel
moist physics moist physics
+ radiative transfer ' ySl
- 1D- Var |

1 1

0 T CW\6 = T C WV Usq,

| |

! AD- Var !

TRMM i Tropical Rainfall Measuring Mission
TMIT TRMM Microwave Imager PR 1 Precipitation Radar

background T,q | ‘ ‘ | background T,q |,
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1D-Var on TMI data (Lopez and Moreau, 2003)
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