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| ntroduction

Objective: generate best possible consistent global dataset for
weather prediction and climate resear ch.

How: by combining obser vations of the atmosphere with general
circulation model predictions and obtaining global estimate of the
state of the atmosphere at any given time.

Observations:
noisy
spar se in space
available at avariety to time frequencies
of order 1,000,000/6h but shrunk down to order 100,000/6h
(the number per 6 hisrapidly increasing)

M odels:
Imperfect
of order 10,000,000 degr ees of freedom



A few observing systemsfor OOGM T 17 April 2002 and total observation count
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Stochastic System Formulation
True n—dimensional atmosphere
w’jf = f(wi__l) + bi

Model error statistics:

£{b}}
£{bl(bl)7T}

0
Qp0p

The p-dimensional observation process:
wi = h(wi) + b}
Observation error statistics:

E{b}}
E{bg(b2)T}

0

Uncorrelated model and observation errors:
g{bi(sz)T} =0

Kalman filtering and smoothing techniques can be invoked to solve the problem.



In practice...

* Err orsare in many cases non-Gaussan

o System’s dimensionality istoo high to alow calculation of
error covariance propagaion

o« Statistics of observational errorsare poorly known
o Statistics of model error (system noise) isunknown

* Dynamics and observations nonlinearities can be quite complex

What do we do?

Design reliable approximations and feasible algorithms



Approximationsto the Filtering Problem

* Error covariance modeling/parameterizaion
o Simplified dynamics

* Reduced resolution (and reduced rank)

o Limitingfiltering (including representers)

* Ensemble methods (including lreeding)

Two lllustrationsfor Simple Dynamics

1. Data assimilation for chaotic dynamics
2. Different KF approximationsfor SW dynamics



The Physical-space Statistical Analysis System (PSAYS)

At any given time, PSAS calculates analysis as
w? = w/ 4+ K(w? — Hw/)

where the gain matrix

K =P/HT (HP/HT + R)'l

is never explicit. Furthermore, the forecast er-
ror covariance matrix is parameterized and also
never exists as a matrix.

PSAS avoids explicit inversion of the innova-

tion cov matrix by using a global conjugate

gradient method to determine x as in
(HP/HT 4+ R) x = (w° — Hw/)

So the analysis becomes

w? = wl/ + PTHT x



Advancesin the DAQO’s Asamilation System

o Adaptive quality control
e Biasestimation and corr ection <+
e Estimation of analysiserrors

e Retrospectiveanalysisand assmilation g

We are heading toward implementing an adaptive parameterized Kalman filter,
and iterated Kalman smoother, for perfor ming atmospheric data assmilation.




Bias Estimation and Correction

In the bias estimation and correction approach
blas estimates are obtained through

b =b/ + L [wﬂ—H(wf i bf)]
with the weighting matrix L given by
=3
L=P/HT (HPbHT +HP/HT + R)

And the bias corrected analysis is obtained by
solving

"= (w»ir — b?%) + K [w" - H(wf - b“)]

remarkably the best choice for K is K = K

analysis w® are unbiased regardless of bias fore-
cast error covariance P?
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Bias Estimation and Correction (cont.)

Water Vapor Mixing Ratio [g/kg]

Observed — Forecast Residuals at DE BILT (5.183E, 52.1H)
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Bias Estimation and Correction (cont.)

Water Vapor Mixing Ratio [g/'kg]
Qbserved - Forecast Residuals at SINGAPORE/CHANGI AIRPORT (104E, 1.367N)
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Monthly mean of zonal mean WV mix-ratio Monthly mean of zonal mean of zonal wind
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300 10
w0 100
‘ ":" 200

500 300
: 400

500

700

850

A |
1.7
13
[=-]
a7
oA
03
[N}
-0

=3

| DODO0 = —h
DO gD =




Using Bias Estimates to I mprove Forecasts
Errorsfrom regular forecast geopotential height Errorsfrom forced forecast

NH[SDN B»DN] meon helght error

NH[SDN B»DN] mean helght error Tropncs[JﬂS SUN] mean helght error

Troplcs[J(JS SUN] meon helght error
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Retrospective Data Assimilation

Goal
Use data available over the interval (t,t+T) to
Improve analysis a each timet

Approach
Fixed-lag Kaman smoother via state augmentation

Remarks
Works well when applied to a SW mode
Requires adjoint of GCM and PSAS solver
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Retrospective Data Assimilation System

|f the accuracy of retrospective analyses ar e not sought,
the RDASrefersonly totheerror co-variances
normally used in thefilter (PSAYS).

In an FLK S-based RDAS future observations are used
to correct filter/smoother analyses impaired by lack of
observations at earlier analysestimes.

One of the equations solved by the FLK S-based RDAS
Involves exactly the same operatorsrequired to
calculate the sensitivity of forecaststo observation
changes.

A simplified version of the FLK S-based RDAS used
here can be implemented wherethe adjoint of the
dynamicsisreplaced by the identity operator. This
approximate scheme can be statistically justified in the
context of PSAS.
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Full Retrospective Analysis. An attempt to improve on synoptic situations
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L essons L earned So Far
(WARNINGS)

Simple things may have a larger beneficial impact on resultsthan implementing a
sophisticated DA procedure given all the unknowns:

- assimilating observations at their proper (or near-proper) time

- de-biasing obser vations and mostly making sure all observing systemsused in the
DA aretédlling the same story (what somerefer to a homogenizing the observations)

- proper handling of satellite observations (it takes some work to get positive impact)
- estimating and correcting model biases

- proper initialization proceduresfor preservation of dynamical balances

Ultimately, we would like to be ableto:
- Accommodate non-nor mality in error covariance evolution
- Account for model errors

- Develop suitable and legitimately nonlinear estimation procedures



Adaptive Quality Control

Consists of a gross check and a buddy check:

1) Gross check eliminateslargely erroneous data
2) Buddy check eliminates data by testing the null hypothesis: v ~ N(0,S)
wherev standsfor the innovation vector

visdecomposedas v=[x" y']" wherexisa set of suspect data
and y isa set of buddies
x© ={ v, evsuchthat |v,| >, (S;)"?}
fork=1,2, ...
y ={ v, € v such that v, not in xx-9 }
X' =Sy STy
S = Sx B S><y Sy_1 SxyT
a=(yT S\,'1y+dimx*)/(dimy+dimx*)
x® ={ x & x&D such that |x-x"[>a 1 (S")V?}
if dimxk =dimx®&D or dimxk=0then stop

end
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Linear SW stable dynamics,
near ly-nor mal dynamics
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Ongoing and Future Developments

We are heading toward implementing an adaptive parameterized Kalman filter,
and iterated Kalman smoother, for perfor ming atmospheric data assimilation

* The adaptive quality control iscurrently univariate, but can easily be
modified to become multivariate

o A fully feasibleanalysiserror estimation algorithm, that allows using
the complete observing system, isin itsfinal evaluation stage

« Validating the improvements of the adjoint-free retrospective scheme
still needsto be donefor thereal observation case

* Further testing and evaluation of the complete r etr ospective scheme,
using the adjoint mode, is currently being done

 We should be ableto usethe bias estimatesto improve forecast skills



