EFSODIRIR &
RESIRHAFTNADOFHEEDOIEETE

IR BT, FBIFE K2, =0F EIE3
OIII 'Data Assimilation Research Team, RIKEN-AICS, Japan
Alcs ’Department of Civil Eng., Kobe University, Japan

3University of Maryland, College Park, Maryland, USA
o _Data

P

.‘. ' Assimilation &l |
HOO Team
HEN K computer

190 E2EITS, Feb. 28,2018 @ BHILXE - FE/K—JL




~2013.12 Hydrology & Water Resources
* Ph.D. student, Kyoto-Univ. (civil engineering)
- Research Fellow, JSPS (an) -

2014.01 ~ 2017.09

« Postdoc, RIKEN-AICS Global
Hydrological
Model
2017.04 ~

- Part-time lecturer, Kyoto Univ.

2017.10 ~
- Research Scientist, RIKEN-AICS

- TAKUETSU Researcher, MEXT

Fid survey @Thatland

Temple




~2013.12
* Ph.D. student, Kyoto-Univ.

- Research Fellow, JSPS

2014.01 ~ 2017.09
- Postdoc, RIKEN-AICS

2017.04 ~
- Part-time lecturer, Kyoto Univ.

2017.10 ~
- Research Scientist, RIKEN-AICS

- TAKUETSU Researcher, MEXT

DA & Global Atmosphere

.1

Satellite-sensed Precip. DA

(b) [AN] B1 of Berrys Scheme (LSC; F(Xparam))

0.1 %

0.01 :
0.001

0.0001 :cTRL. —
TEST

1e-05

06/01

06/06 06/11 06/16

06/21

Parameter Estimation of NWP model




Ensemble FSO
(8D >IN M)



FSO: Forecast Sensitivity to Observation
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An example with Lorenz-96

* Serial EnSRF (Whitaker and Hamill 2001)

— Ensemble size : 8
— # of observations : 40
— Adaptive multiplicative inflation (Miyoshi 2011)

» Assimilation order

1. Random

2. From worse to better impacts based on EFSO
3. From better to worse impacts based on EFSO

Kotsuki et al. (2017, MWR)



RMSE during serial assimilation (one case)
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RMSE during serial assimilation (ave of 1460 cases)
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EFSO with NICAM-LETKF



Error Norms

* L2 norm for Toy models (e.g. L63, L96)

* Moist Total Energy norm for Atmospheric models

) 1 1 KE: kinetic energy
€rre = —_e'Ce = —( KE + PE + |\/|E) PE: potential energy
2 2 ME: moist energy
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FSO: Forecast Sensitivity to Observation
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Ensemble-based FSO

Moist Total Energy for Error Norm (Kalnay et al. 2012)

2 . T T _ =f < ERAANL
A8y = (et|Ocet|O — et|—6Cet|—6)/ 2 € =Xy — X4

o~ ; ml—l (et|0 + et|_6)

obs-minus-FG AN ptb FCST ptb
in obs space

Normalized Obs. Departure for Error Norm (Sommer and Weissmann 2016)
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EFSO with NICAM-LETKF
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EFSO: FCST MTE Error Reduction (2014/07)

vs. NICAM-LETKF vs. ERA Interim

(a) EFSO :: Ave. Total Obs Impact ; vs. ANL (b) EFSO :: Ave. Total Obs Impact ; vs. ERA
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EFSO: FCST NOD Error Reduction (2014/07)

(b) EFSO :: Ave. Total Obs Impact; 12-hr FCST
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Spatial Pattern of AMSU-A 1mpacts

EFSO Error Reduction per DA Cycle ; Impacts by AMSU—A
(a) Nobs assimilated (b) MTE vs. NICAM—=LETKF (c) MTE vs. ERA—Interim
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Beneficial Observation Rate



FSO: Forecast Sensitivity to Observation
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FCST Error Reduction per Obs (2014/07/11/00)




FCST Error Reduction per Obs (2014/07/11/00)
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Fraction of beneficial observations (ave. 2014/07)

FT 06hr 58.8 % 55.3 % 53.1 %
< L <L
FT 12hr 56.1 % 54.2 % 53.1 %
4 )

FSO may overestimate observational impact

if we use the own analysis for verification reference.
- J
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Martian Atmosphere

Identifying Martian atmospheric instabilities and their physical | | 110 Challenge of Atmospheric Data Assimilation on Mars
origins using bred vectors

T. Navarro' ", F. Forget', E. Millour'' ", S, J. Greybush?, E. Kalnay*'"/, and T. Miyoshi3#
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Venusian Atmosphere
EETHE. B DOEDT—FEMEHEADDH D (Sugimoto et al. 2017)

SCIENTIFIC REPg,}RTS

OPEN Development of an ensemble

Published online 4'\5 w7

Kalman filter data assimilation
system for the Venusian
atmosphere

1, Akir: i, Toru Kouyama’, Hiroki Kashi ', Takashi
Enomaota’’ & Ma: h aTakagi®

The size and mass of venus is similar to those of th. h; nowwer, its

(onsldtublydlﬁ erent a y are poorly und limited ob and

difficultie Hrlmd'mlnl masslmll n system based o lh local ensemble tra [orm

Kalman filte [LEI'KFJh n GCM for the Earth \\mr==1,wmlhfull

use of the observational data. To examine the Idtyof h \fn m, 2w d s were assimilated
saparately into the VAFESf uuuuu forced with solar haating he diurmal oz

one was created from a VAFES run forced with solar he: l des the dil 1

whereas lh atherwas based on obeervations made bytlu\fanus Manitaring Carmers :VM(] burd

the Venus Express The VAFES- LETKF system rapidly reduced the errors between the analysis and

fore t In addition, the VAFES-LETKF system suce s‘if lly reproduced the the lmlltd excited by the

diur I:omno ant fsol heating, even theugh the secend datasets only included horizental winds

at uingl- altitude on the dayside with alang inb-rvalufippmimihly ona Earth day. This advanced
system could ba useful in the analysis of future datasets from the Venus Climate Orbiter ‘Akatsuki’.

{a) Zonal wind {b) Meridional wind
40 FEEPEETET PR E USSR SRR S RS RR R | A0 PRI TR B RS SE RATR T U R |
35 35 4
30 .30 1
< <
E 25 4 £ 25
§ 20 4 § 20
5 £
@ 15 1 w 15 4
s =
% 10 4 % 10 4
5 5
0 ""I""I""I""l""l""IF 0 4+ R L A s
Q 5 10 15 20 25 30 0 5 10 15 20 25 30
Time [day] Time [day]
Figure 1. Time evolutions of the root-mean-square (RMS) errors from idealised observations at 70 km in (a)
zonal and (b) meridional winds (m s~") for Cases H1 (1-h observations; yellow), H6 (6-h observations; green),
H24 (24-h observations; blue) and Frf (bak.l(ground; red).
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