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1. Observation impact estimation



Observation impact

Two types of observation impact

® Basic definition
O The observation impact is defined as “the variations of analyses and forecasts
caused by changes of observation data”.

® Non-linear observation impact
O This is the observation impact that has no limitations on the changes of
observation data, so the changes includes perturbations in observation data
values, and additions of observation datasets.
O Estimation methods:
v" OSE (observing system experiment).

® Linear observation impact

O This is the observation impact that has an limitation on the changes of

observation data, which is Kalman gain is invariant.
O Estimation methods are

v' ADJ-based method
® Langland and Baker (2004), Errico (2007), Cardinali (2009), Tremolet (2008)

v TL-based method
® |Ishibashi (2011)

v DFS
® Cardinali et al (2004), Desroziers et al (2005)

These two observation impacts are different quantities, so, in
general, they cannot work as a proxy for each other.



ADJ-based estimation in JMA global 4D-Var

JMA global 4D-Var

Evaluation periods are:
Summer: Aug 2010,
Winter:  Jan 2010.

* 00UTC analyses only.

Using dry total energy

norm.
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TL(Tangent linear)-based method

x = argmin(J(x)),

d= [4D—Var] = &

operator

Figure 1. Schematic plot of the variational DAS. We can consider that the
variational DAS is an operator, an input of the operator is a departure
vector and an output is an analysis increment vector.

dmg - [4D—Var]P+g) — 5xl>+g
d, = [4D-Vvar], = &,

Figure 2. Schematic plot of the difficulty of the linear observation
impact estimation in the variational DAS. We cannot estimate the linear
observation impact of the dataset P in the DAS that assimilates datasets P
and Q as the differences of the analysis increments from the other DAS that
assimilates only the dataset Q.
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Formulation of TL-based method

 Linear decomposition of analysis increments
OX,= EK d. = EK d. = EK d+EK d. Two datasets P and Q

reQ

=0x"+0x9,
Here, we introduced partial increment vectors (P1Vs), as follows;
ox"= ds OxC= K..d,
e %
The PIV represent a linear observation impact of each dataset.
However, PIV calculation requires explicit construction of K.

« Linear decomposition of departures

Sx=0x"+6x¢ We can calculate PIVs by using
l PDVs without explicit construction of
EE Kirdfp+2 K. d*° Kin 4D-Var.
rez ’ reZ ’

Here, we introduced partial departure vectors (PDVs), as follows;

d:‘PE{d” rEP};deE{dr rEQ}
0 re&P 0 r&Q



TL-based method
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Analysis Increments of VarBC Coefficients

This figure shows the CNV-PIV and the TBB-PIV for VarBC (variational bias
correction) variables of the AMSU-A sensor of the NOAAT16 satellite.

We can find finite contribution from the CN'V.

This result suggests the existence of a stability effect of the CNV for the VarBC variables
(Auligné et al., 2007) at least qualitatively.



TL-based method
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TL-based method
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2. Covariance matrix
optimization



Relationships between observation impact
estimations and covariance optimizations

« Two types of error covariance matrix optimization methods.

1. Expectation-based method
O This method optimizes error covariance matrices based on the theoretical relation ships;

2|7, |=11-HK | 2EJ, |=T/{ KH |
O Desroziers and Ivanov (2001), Desroziers et al (2005), and Chapnik et al (2004, 2006)

2. Sensitivity-based method

O This method uses sensitivity of forecast errors respect to covariance matrices;

oJ oJ
oR 9B

O Daescu (2008), Daescu and Todling (2010).

« Each optimization methods include a linear observation impact estimation.
1. Expectation-based method includes DFS calculation.
2. Sensitivity-based method includes ADJ-based estimation.

Here, Let’s see the
sensitivity-based method




Diagnoses of the JMA global 4D-Var

Sensitivity time sequence

900
750 + —8
600 -
450 -+

300 ”M_/\/\—/\/ CNV

150 T ——GPS

——TBB

-150 +
-300 +
-450 +
-600 -+
-750 -
-900

T0800TOC
€0800T0T
S0800T0¢
£0800T0¢
60800T0¢
TT800T0C
€1800T0T
ST800T0C
£T800T0¢
6T800T0C
T7800T0¢
€7800T0T
§7800T0¢
£7800T0¢
67800T0¢

® Sensitivity calculation results in August 2010.
® Using dry total energy norm with 15hr forecasts.
® The results show that B is too small and R is too large in average.



Impact of error covariance optimization
on forecast accuracy

Improvement rate: Zonal wind Improvement rate: Temperature
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Results of a single case experiment of covariance optimization using the ”
sensitivity method.

® TEST uses optimized R, CNTL uses original R (operational setting).

® The figure shows normalized forecast RMSE differences between TEST and
CNTL: (CNTL — TEST)/CNTL.

® \Warm (cold) color areas are forecast error decrease (increase) areas.



3. Analysis error estimation

Background

® \We want to know analysis errors of a DAS because the analysis error information is
useful to improve current DASs and to design future observational systems which can
detect the analysis errors.

® Analysis error estimation is the same with construction of more accurate analysis than
current DASs. Such analyses can be used as “pseudo truth”.

Previous studies

® “Key analysis error” (Rabier et al 1996, Klinker et al 1998, Isaksen et al 2005) can
generate more accurate forecasts than current DASS.

® However, there are inconsistency between key analysis errors and observation
information. SOSE (Marseille 2007) can reduce this problem.

Our approach
1. We construct the pseudo truth based on the data assimilation theory.
2. We construct the pseudo truth based on ADJ-based method.



Data assimilation theory based method

® Conditional PDF

P(X|y,Xb )OCP(y|X)P(Xb |X) Ordinary 4D-Var
Extended 4D-Var

P(X|y,Xb > X pof )ocP(y|x )P(Xb X 1P(Xref X ) with reference
analyses

information

® Add reference analysis fields information

J=J,,+1/2 (Xref - M(Xb + éx))TA_l(Xref - M(x, + éx))

=J,, + 1/2(e’ + Méx)TA'1 (et + Méx) X: analysis,
Y: observations
Sorg = 1/20x'B™'ox + 1/2(d B HéX)T R_l(d B Héx) X, : background field

Xref: reference
analyses

® Analytical solution has an error covariance matrix A of reference

information in Kalman gain, and forecast error in input data, as
follows,

sx=(B"+H R'H+M'A"M) {H'R"d-M"A"¢' }



Accuracy of optimized forecasts

500hPa Temperature 250hPa Zonal wind
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*Inflation factor is one.

=== Optimized forecast with four reference analyses of every 6hours.
Optimized forecast with only two reference analyses
=== (Original forecast

= QOriginal forecast from 6 hours after initial.
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® The inflation factor dominates the fittings of analysis to observations.

50000

® The inflation factors larger than 500 achieve good fitting nearly the original 4D-Var.



Two weeks statistics

LW_12days_ave Z irate LW_12days_ave T irate
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® Forecast accuracy keeps until 9days with 95% statistical significance until 6 or
7/days.



Optimized analvsis increments and backaround error
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® Color shade: Optimized increments, red=plus, blue=minus.
® Green contour: 500hPa height.

® Black contour: Integrated background error, solid lines=plus, dotted lines=minus.



Optimized analvsis increments and backaround error
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® Color shade: Optimized increments, red=plus, blue=minus.

® Green contour: 500hPa height.

® Black contour: Integrated background error, solid lines=plus, dotted lines=minus.



Optimized analvsis increments and backaround error
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Optimized analvsis increments and backaround error
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® Color shade: Optimized increments, red=plus, blue=minus.
® Green contour: 500hPa height.

® Black contour: Integrated background error, solid lines=plus, dotted lines=minus.



Optimized analvsis increments and backaround error
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® Color shade: Optimized increments, red=plus, blue=minus.

® Green contour: 500hPa height.

® Black contour: Integrated background error, solid lines=plus, dotted lines=minus.



Optimized analvsis increments and backaround error
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® Color shade: Optimized increments, red=plus, blue=minus.
® Green contour: 500hPa height.

® Black contour: Integrated background error, solid lines=plus, dotted lines=minus.



Optimized analvsis increments and backaround error
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® Color shade: Optimized increments, red=plus, blue=minus.
® Green contour: 500hPa height.

® Black contour: Integrated background error, solid lines=plus, dotted lines=minus.



Comparison between original analysis and
optimized analysis
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Pressure

Pseudo truth with ADJ-based method
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Maxwell demon ?
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We know only

statistical property e

of data, R and B. v v

A4

Lets think about a system on thermal
equilibrium at temperature T. We know We know property of
only statistical property of the system, each observation and
temperature T. While, if we can know can use this
velocity of each particle, we can get information.

usable energy from this max entropy
state, This is the Maxwell demon.



Summary

Observation impact

® \We defined two types of observation impact; the linear impact and the non-linear
impact.

® Diagnoses of the JMA global 4D-Var shows almost all observational dataset types
contribute forecast error reduction in monthly averages.

® The diagnoses imply that it is possible to derive more information from radiance data
by improving usage of these data.

® The TL-based method has been introduced.

® Ve can see time evolutions and space distribution of each dataset impact, and
evaluate them by comparison with integrated background errors.

Covariance matrix optimization

® Optimization methods include observation impact estimations.

® Sensitivity based method diagnosed the JMA GDAS has too large (small) R (B).

® The single case experiment of optimization showed the explicit forecast error
reductions.

Analysis error estimation

® \We constructed new method based on data assimilation theory. The method
assimilate reference analysis fields.

® The method reduce forecast error explicitly and also consistent with observations
when inflation factor is used.



Thank you very much for kind
attention. s
Comments or Questions ? & )o
Please speak very slowly!
One sentence question welcome!!

More long complicated questions also welcome,
but answer will be after this session or by email.
I’'m so sorry for my insufficient English.
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TL-based method
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Figure 14. The comparison of the spatial structures of 48 hour integrated PIVs with that of the background
error vector. The structure of the CNV-PIV (black solid line), the TBB-PIV (black dotted line), the
background error (thick grey solid line), and the analysis increment of ALLDATA (thin grey solid line)
are shown at specified latitudes. The areas between the background error and the analysis increment of
ALLDATA are shaded with grey. The panels (a), (b), and (c) are for 500 hPa temperature (K) at 50° N,
50° S, and 0°, respectively. The panel (d) is for 250 hPa zonal wind velocity (m s at 50° S. The
35

horizontal axis of the each panel is the longitude.
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TL-based method
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Figure 5. The linearity of the TL-based estimation for the analysis at 0000 UTC 20 July 2007. The analysis increment of the ALLDATA (thick solid line),
the sum of the TBB-PIV and the CNV-PIV (open circles), the CNV-PIV (dotted line), and the TBB-PIV (thin solid line) are shown in each panel. Panels
(a), (b) and (c¢) show these quantities for temperature at model level 22 (about 500 hPa) at 50°N, 0°N and 50°S, respectively. Panel (d) is specific humidity
at the model level 12 (about 850 hPa) at 0°N. The vertical axis represents values of analysis increments and PIVs and the horizontal axis represents
longitudes.
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Fast and slow growing error modes

A

Fast growing mode

S o Slow growing
S o mode plane
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Key analysis error based optimized analysis increment vector exist within grey

corn. Precession motions are free with in the corn.
Slow modes are constrained by observations and a background field, so constrain

of these data is nearly cylinder shape.
The both achieve narrow corn constrain.



3. Analysis error estimation

We want to know analysis errors of a DAS because of following reasons;

® [f we know the analysis errors, we can start researches on what parts of the
DAS causes those errors toward improvement of the DAS.

® \Ve can start to design future observational systems, which can detect the
analysis errors of current DASS.

® Since, analysis error estimation is the same with construction of more
accurate analysis than current DASs. Such analyses may be able to use as
“pseudo truth”. The pseudo truth can be used validation of forecasts and
operational analyses, and those of OSSEs. or directly use as in re-analyses.

® Our approach is

“Collect more information and integrate them correctly”



Formulation of ADJ-based method
using PIVs

T
SF =2 (8x™ + axf*Q) Ce!
T :
+ (Bxf*P + 5xf*Q) C (8x“‘P + é'xf*Q) (18)
= SF* + §F*2 + 5O,
where we introduce the following quantities:
T . N\T
SFP =2 (5x™) Cef + (sx*") Cox™,
Q)| o uf Q) | o
50 =2 (5x *Q) Cef + (x?) cox™C,

SFQ = (&J*P)T CoxQ + (5xf*Q)T Cox™".

B - A=KHB

ep (ox*F + <3x”‘Q)T + (8x*F + 86x*Q) ¢/
+ (8x*F + 8x*Q) (8x* + ch*Q)T
(21) 40
ishibashi (2011) QJRMS
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® About a half observations decrease forecast errors, and the other increase them.

® The slope of PDF is different between these data. SONDE is shallower than
AMSU-A.

® \We can guess that the gradient of the slope depends on R and B settings and real
information amount of data.



Norm dependency
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® Impacts of humidity sensor (MWI, AMSUB/MHS, and CSR) become clear when we
use WET TE or Q norm than DRY TE norm.

® |mpacts of humidity non sensitive data (AMSU-A, AMV, etc) are still large in the case
of WET and Q norm.



Wrong data detection

® This figures shows impacts of

AMSU-A/METOP2 in two NWP
systems, TEST and CNTL.

O CNTL uses adequate
observation error settings
(operational settings).

O TEST uses inadequately small

observation error setting for
channel eight.

The AD-based method can detect
wrong observations which
degenerate forecast accuracy.

AMSU-A Impact Estimation by K Adjoint

Solid line: CNTL
Black square: TEST
2
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Relative forecast error reduction



TL-based method
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Figure 3. Schematic plot of an analysis increment vector §x, the
background error ey, and the corresponding vectors §x' and eg, integrated

using the forecast model. The plot is shown in a two-dimensional phase
space.
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Inflation and forecast accuracy

500 u GB blk_1/rd_50/grn_500/bI=5000/cyn=5000/ 0801 00 z GB blk_1/rd_50/grn_500/bl=5000/cyn=5000/ 0801t

40

20

35
3]/,
254

20

e 3AUG 4KUG SAUG BAUG 7AUS BAUG 9AUG 10AUG BT 3AUG 486 SAUG BAUG 7AUG 8AUG 9AUG 10AUG
2010

GraDS: ©OLA/IGES 2012-04-25-16:5¢ 2012-04-25-16:52

® |[nflation factors smaller than 500 have almost same forecast accuracy during fast
4days, and after 5days, larger inflation factors have smaller forecast errors,

® |[nflation 5000 has smaller improvement during 4days, however, smaller errors after
ddays.



Variances of functions of analyses

ox, (sz Yy, B, R)
= (ox, /ox, )ox, + (0x, /oy )oy + (6x, /oB)B + (ax, /9R }OR

OF (x, )= 9F /ax, o,
= oFfox, {(ox, ox, )ox, + (ax, /9y )y + (ox, /oB)oB + (ax, /aR }OR }

(0F/ox, )ox, + (aF /oy )dy + (0F /9B )SB + (0F /9R JOR

® |n linear analyses, we consider four independent variables, a background field xb ,
observations y, a background error covariance matrix B, and an observation error

covariance matrix R.
® Ve can evaluate impacts of each variable.



AD-based estimation

observations

-6h OOUTC + t

Fig 1. Observations are assimilated at OOUTC, creating initial
conditions for a new trajectory, which has forecast error ¢¢. The old
trajectory starts from 18UTC (—6 h), and has forecast error e,. It also
provides the background for the analysis at OOUTC. Both forecasts
verify at time 7, where f equals the length of forecast f. The difference
between the errors ef — e, is due solely to assimilation of observations.

Langland and
Baker (2004)

Tellus
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AD-based estimation

The formulation of AD-based method under TL approximation:

Definition of a scalar function F of a forecast error vector: C: norm define matrix
F EefT C ef M: tangent linear model
el forecast error vector

Variation of F caused by an analysis e,: background error

OF = 2(MKd )TC Me, + ( Mox )T C(M5X ) 5x: analysis increment
=d’ {2KTMT CMe, + K'M' CMdx } =d'g

Each term is a inner product between the first-order quantities of TL
approximation.

For example, a linear observation impact of a dataset P is calculated as

follows;
5FP = Egr dr

reP



AD-based estimation in JMA global 4D-Var
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TL-based method
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(d)

Integrated Increment (g/kg)
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TL-based method
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Figure 13. The trends of anti-parallel relationships between the 48-hour integrated PIVs and the background error vector. The values of cos 8 are shown
for ALLDATA (black thick solid line), CNV (grey solid line), TBB (black thin solid lone), SONDE (triangles), and AMV (pluses). Here, € is the angle
between the integrated background error vector and each the integrated PIVs. Panels (a), (b) and (c) are the NH, the Tropics and the SH, respectively.
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Formulation of AD-based method
using Taylor series

de = 25)6 ( Z ax()ax Errico (2007)

Tellus

i 3 e 5x05a0
6 4= 9x)9xJox) Tt T

Ser = 208y)' KIM!'C(x/ —x")
Sey = (8y)'K'[MC(x] —x') + M C(x) —x')]
Ses = (8y)'K' [MEC(Xb — Xr) T MEC(X*(}: — Xr)]
3
+ term involving 8—

x>
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Cross terms

(a) Inner Products for AMSU-A ch6-ch7 (b) Inner Products between CNV and TBB GB
%0 . Channel 6 40 CNV
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Inner Products

Figure 8. The inner products between PIVs in the global region. Panel (a) shows the inner product between the A6- PIV and itself (grey solid line), that
of the A7-PIV (dotted line), and the inner product between the A6- PIV and the A7-PIV (black solid line). Panel (b) shows the inner product between
the CNV- PIV and itself (grey solid line), that of the TBB-PIV (dotted line) and the inner product between the CNV- PIV and the TBB-PIV (black solid
line). All PIVs are for temperature (K).
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Sensitivity on covariance matrices
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Diagnoses of the JMA global 4D-Var
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Cycle experiment with static optimization

FT24 500hPa

o
o

o

o
o

Improvement rate

-2.5

Cycle days

FT48 500hPa

Cycle days

® Forecast errors increase as the cycle advances, within a week.

® This may bes because of this method does not take into account cycle (nonlinear)
effect, variations of background fields caused by the static optimization.



Pressure
(1000 - 100 hPa)

Cycle experiment with online optimization

e ———————S
Improvement rate: Zonal wind Improvement rate: Temperature

1on

200

300

400

500

8on

7on

Forecast

time  «o
(3day3) 1000

122 00Z 122 002
140G 28UG 34UG

o
2010

-2 -09% -06 -03 0 0.3 0.6 0.9 1.2 -1.2 -09% -06 -03 0 0.3 0.6 0.9 1.2

® One week averaged improvement rate.

® To treat nonlinear effects, here, tuning coefficients are calculated each OOUTC analysis
and renewed.

® Some improvement can be fond but not enough.



Key analysis error

® The relationship between sensitivity vector and analysis error vector
(Rabier et al, 1996)
C is metrics,

J = 1/2 efT C ef M is TL model,
a is a scalar coefficient.

"9J/9e’ =C'M"CMe’ 0 & Lo
a

® Analytical determination of the coefficient a (Isaksen et al, 2005)
F = (ef —asf)rC(ef —asf)
0F [da =2as’" Cs’ —2s'" Ce/ =0

a = sﬁCef/szCsf



Key analysis error

® Geometric illustration of the coefficient ‘a’ ® Analysis error estimation using

sensitivity vector

1. Measure
f forecast error: €
€
r.f
M'e r
Sf § e IS
o enough
» large to
S f measure
f v 2. Propagate € :
as o . : . with
L information using
.. enough
an adjoint model aCoUrac
Analysis error is too I toward initial time. y
small to measure _
directly. time

I Optimization: To subtract an estimated analysis error from the original analysis.




Accuracy of optimized forecast

BK=NODATA BL=ALLDATA RD=R15 500hPa
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» Optimization time is FT 15hr.

 Vertical axis is RMSE, horizontal axis is
forecast time, zero to three days.

Red: optimized forecast —

Black: Original forecast —

(Blue: forecast from an original next analysis
time original —
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Variational formulation of key analysis error

Cost function J = 1/2(et + MéX)TA_l(et + MéX) Klinker et al 1998
I\/(Igl)l(r)nlze Here, M (x, + 6x ) - X, =e +Mdx, e = M(x,)- X,/
M: TL model, dx:analysis increment vector, A: norm define matrix.
Analysis T . 1 T 4 1 t 0
increment 5X = —(M A M) M A = —C

(aJ/0x),, =M"A™"e

® This method put 100% confidence on reference analysis information, since
any compatible information are used.

® This property causes inconsistency between observations and a background
field (Klinker et al 1998, Isaksen et al 2005, Pu, Carron).

® So, previous studies stop iteration at once or dozen times to avoid over fitting.



Problem of key analysis error

50000 -
45000 -

: SOSE:
1 Sensitivity
1 observing
1 system
1 experiment
| (Marseille et al
1 2008)
Xb | Xa | | |

40000
35000
30000
25000
20000
15000
10000

5000

Jo terms

Xb_opt SOSE

® Although the optimized analysis based on the key analysis error can generate
more accurate forecasts, there is problems that the optimized analyses are
inconsistent with observations (Isaksen et al 2005) .

-

Next, we consider to achieve analysis fields that are able to generate more accurate
forecasts and consistent with observations, simultaneously.



SOSE

Existing —\/ Ana- Forecast Run | Bad Forecast /1
observations lysis t=0->48h ‘| t=48h \I—
Background state Forecast Run ]  Forecast
t=0 1 t=0->48h /1 t=48h
T
Key background Sensitivity Computation L—! Forecast Error /'  Analysis
errors, t =0 t=48h>0h —| t=48h |\ t=48h
Updated backgr. Ana- Forecast Run | Better Forecast
t=0 —1/\ lysis t=0->48h /1 t=48h

Adapted from Marseille et al (2008 Tellus A)
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Data assimilation theory based method

® \We ignore cross terms. Validity of this assumption is checked by forecast errors
and observation fitting.

B X, X, B 0 X,\ (B 0 0
T=[X,, R X, 0 R X,|=|0 R 0
X, X, A |X, X, AJ 0 0 A

IR

® \We give A as diagonal matric, and variances of A are give as 30% of forecast error
variance of background field multiplied by inflation factor f.

ef = Xref - M(Xlrue ) = Xref - Xtrue - (M(Xtrue ) - Xtrue)

- (M (Xtrue ) -M true (Xtrue ) + M true (Xtrue ) - Xtrue )
—e Junc erep
X

X

=€

= 3 = 3

=€

eO =Y- H(Xtme ) =Y- ytrue - (H(Xtrue ) - ytrue)

= em - (H(Xtrue ) - Htrue (Xtrue ) + Htrue (Xtrue ) - ytrue )
_ em _ efunc _ el’ep



Two weeks statistics

LW _12days_ave U irate

STt . ol s e Y. o o o e B B e

5 00000600 o] oo BB . D . - .t

104AUG

2012-05-01-18:32

® Forecast accuracy keeps until 9days with 95% statistical
significance until 6 or 7days.
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Thank you for listening

Comments or Questions ?
Please speak very slowly!
One sentence question welcome!!

Mathematical language also welcome!

More long complicate questions also welcome,

but answer will be after this session or by email.
So sorry my very developing stage English.




Cycle experiment with static optimization

FT24 500hPa

o
o

o

o
o

Improvement rate

-2.5

Cycle days

FT48 500hPa

Cycle days

® Forecast errors increase as the cycle advances, within a week.

® This may bes because of this method does not take into account cycle (nonlinear)
effect, variations of background fields caused by the static optimization.



Pressure
(1000 - 100 hPa)

Cycle experiment with online optimization

Forecast

time

(3day3) 1000

e ———————S
Improvement rate: Zonal wind Improvement rate: Temperature

1on

200

300

400

500

8on

7on

600

400

122 00Z 122 002
140G 28UG 34UG

122 002
3AUG

2010

I | I |
-1z -0.9 -0.6 -0.3 0 0.8 0.6 0.9 1.2 -1.2 -0.9 -0.6 -0.3 0 0.2 0.6 0.2 1.2
One week averaged improvement rate.

To treat nonlinear effects, here, tuning coefficients are calculated each OOUTC analysis
and renewed.

Some improvement can be fond but not enough. Because convergence of coefficients is
bad. Because large STD.
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F=1/2¢" Ce/ =¢'"¢/,

S ,=0F/0€ =M, M,,& =M, M E U, b,0;
where, Eis the vector constructed fromsineigen values.
= JF/de=M'CMe
§=M'Me =C"*MC"C"*MC™"*C"e =C"’s
U=C"U
s=C""% = CI/ZEU] 5,07 =C?Y (), b,07 —CE U, b0’
If b, =b0,, then

e = E U,,b,=U, b

s=CU, bo; =Choje= Ce

a

-1, _
e=aC s=as,



“One opt” v

s “two opt”
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TL-based method
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Sensitivity on covariance matrices
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AMSUX STD of background err
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In general, B is too large especially for humidity sensitive sensors.
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In general, R is too large especially for humidity sensitive sensors.




Variational formulation of key analysis error

Cost function J = 1/2(et + de)TA_l(et + de) Klinker et al 1998

Minimize it t
l J(5x) Here, M (x, + 6x ) - X, =€ +Mox, e = M(x,)- X,
M: TL m del Ox:analysis mcrement vector, A: error covarlance’)

Analysis OX = (M Ntﬂ'Mf h%?hArrd@tfon, e

Increment We can see the sensitivity analysis is an approximate of this

optimization wit only once iteration.
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dJ GPS cosmic
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dJ GPS metop
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Optimization with DIC

Theoretical relationships;

2E|J, |=T1-HK | 2EJ, |=T{KH |

Where, Jo and Jb are observation term, and background term of cost
function, respectively

In real DASSs, these relation ships are generally not satisfied because error
covariance matrices using in the DASs are different from true ones.

DIC tunes B and R using in the DASs to satisfy these relation ships.



DIC experimental results in DAS/
JMA

About four times iteration of DIC are enough
to convergence of tuning coefficients.

DIC shows optimal observation error
settings of satellite radiance are 20 to 30%
of current settings.

After DIC optimization, relation ships
between value of cost function and
observation data number further meet the
theoretical relationship; J=0.5N.

However, we have also found OSE with
these optimized covariance matrices
concluded in significant forecast error
increase. This is because our forecast
model has large dry (wet) biases in mid
(low) altitude troposphere, and DIC improve
these biased in analysis fields, but model
give wrong strong response (rain out

watervapors in ITCZ and breal Hadley
circulation)

Tunning Coeffficents

0.5%Num/Jo

Convergence of Tunning Coefficients
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Information Content

DFS in DAS/JMA

 Definision of DFS

) JMA DFS
DFS = (B - A)B = TF[IG‘I] Conventional total
, _ SCAT
« Radiance total < Conventional total AMV
 Satellite total > others aviation
— Sattelite includes raiances, scatterometer sonde
derived winds, and satellite winds Radiance total
— Others=conventional — AMV-SCAT M AGER
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Optimization with D08
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Maxwell demon ?

From Bennett CH and Schumacher B (2011)

Thermal equilibrium at temperature T.
We can get usable energy from max
entropy state with Maxwell demon.

It knows velocity of each particle, while
we know only statistical property,
temperature.

Only Statistical
property, R and B.

We know property of
each observation and
can use this
information.



Adjoint Method
(Langrad and Baker 2004, Errico 2007)

Sensitivity JEFRIEDEEERTE
T -T -T -1 -1 sr —  BE%
S, =aJ/dy =K' (aJ/ox)=R"THA™" (3J/9x) = R""HA ™ (3J/ ox) BBANT—EH
A_ISng = Ag=S, 1 To-lallalo-I T -1
-1 -1 K=\B+HR H HR =A"H R
Sy = R HA Sx < ( _— )17
S, =R™'Hg sx=Kd=A"H'Rd
S, = d0J/ dy
Compare S, =dJ/ox
Analysis equations Sensitivity equations
Asx=H'Rld Ag =S,
aJ/ox = Adx - H'R™'d 3J /og = Ag-S,

J=12&"Ax-&x"H'Rd  J=1/2g"Ag-g’S,
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Thank you for listening

Comments or Questions ?
Please speak very slowly!



