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Yang et al. (2006)
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FIG. 1. The attractors for the Rossler drive system and the
(x-z') response system and y(¢) drive variable.
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Global Observing System

Satellite

Surface station

Observation data (6-h period) (courtesy orms)

DER(AMSU-A) CATTEROMETER.

NWP has been pioneering “Big Data” science!
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Observation data (6-h period) (couresy orma

JMA GLOBAL ANALYSIS
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World’s effort! (no border in the atmosphere)

We consider the evolution of PDF

Obs.

Analysis ensemble mean R

Analysis w/ errors FCST ensemble mean
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DA is important in NWP.
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Impact estimates with NCEP GFS

Ota et al. (2012)
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Motivation for estimating data impact

The NCEP 5-day skill dropout problem
Sample of NH and SH Poor Forecast Cases
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This suggests that bad forecasts are mostly due to bad analyses.

Impact estimates with NCEP GFS

a) Total observation impacts on 1 analysis
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Improving

24-h forecast skill dropout cases

> Identified all cases of large 30x30 deg. regional errors
» Rerun the forecasts denying bad obs - substantial reduction of errors!
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Impact of MODIS winds in the dropout case
Ota etal. (2012)

24-h forecast error
Original error

Actual impact of
MODIS winds

Estimated impact from
the ensemble
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» MODIS winds amplify the error (i.e., the phase error of the trough)
» Ensemble can estimate the error structure very well!!

i.e., we don’t need data-denial test if we have ensemble forecasts.
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Computers getting more powerful...

» With an Exa-scale supercomputer (~2020), we can afford
100 members of global 870-m simulation.

» Or a larger ensemble at a lower resolution?

The Japanese 10-Peta-Flops K computer ©ORIKEN
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Error-correlated observations give better ana

» The adaptive estimation of
diagonal R fails to extract
information from correlated
observation errors.

— When the diagonal R is
overestimated, it becomes
even worse.

* The adaptive estimation of

non-diagonal R works very
well, almost identical to the
true R case.

only when non-diagonal R is explicitly considered.

Advantage of large ensemble

Kondo and Miyoshi
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High-precision probabilistic
representation

Sampling noise reduced

(Miyoshi, Kondo, Imamura 2014)

August 2010, AGU meeting, Brazil

Observation error correlations
and
correlated observations
Takemasa Miyoshi!, E. Kalnay', and H. Li?
University of Maryland, College Park

2Shanghai Typhoon Institute
miyoshi@atmos.umd.edu

With many thanks to
K. Ide, S. Greybush,
UMD Chaos-Weather group
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Terasaki, K. and T. Miyoshi, 2014: Data Assimilation with
Error-correlated and Non-orthogonal Observations:
Experiments with the Lorenz-96 Model. SOLA, in press.
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CALIPSOB 2 T —42 D [E1E (1R 4))

(Sekiyama et al. 2010)

CALIPSO/CALIOP Satellite
Lidar Coverage

2007-03-20 Version: 3.01 Nominal Red is Daytime, Blue is Nighttime
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We developed the forward operator (model variables = observed quantity)
for CALIPSO Level 1B data.

JAXA PMM

Ensemble-based Data Assimilation of
TRMM/GPM Precipitation

Measurements
PI: Takemasa Miyoshi
RIKEN Advanced Institute for Computational Science £
RIK=N Takemasa.Miyoshi@riken.jp & contputer

Co-ls: H. Tomita (RIKEN), M. Satoh (U. Tokyo), and
E. Kalnay (U. Maryland)

Researchers: K. Terasaki, S. Kotsuki (RIKEN)

Most recent results from Guo-Yuan Lien and Eugenia Kalnay

REAL TMPA AND GFS-LETKF
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Surface dust distribution and station obs ~ (Sekiyama et al. 2010)
Surfoce Dust [ug/m’] w/o EkF 28MAY2007 Surfoce Dust [ug/m] with EnkF 28MAY2007
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Assimilating CALIPSO
data clearly improves
horizontal surface-dust
distribution.
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S-day forecasts were improved.

RMSE/Bias [GL]: U (m/s) ot 500hPa  RMSE/Bias [TR): U (m/s) ot 500w (L jen, Kalnay, Miyoshi 2014)
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NICAM-LETKFCGPM[&KT—42 D E1E

TRMM/GPM NICAM

Local Ensemble Transform Kalman Filter
(Hunt et al. 2007)

Goal: Look for most effective use
of TRMM/GPM precipitation
measurements.

GPM/DPR it _F[#/KE5F — 45 DYIHAREE:
3.5km NICAM & DEEER  (submitted to soLA)
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Kotsuki, S., K. Terasaki, and T. Miyoshi, 2014: GPM/DPR Precipitation
Compared with a 3.5-km-resolution NICAM Simulation. SOLA, in press.
(a) GPM/GMI (b) GPM/DPR(NS)
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Computer simulations create the future
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The A th
"4 International Symposium on Data AssSimi

23-27 February 2015 \
Conference Location: RIKEN AICS, Kobe, Japan '\

http://data-assimilation.jp/isda2015/

Registration is now open!
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