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Data Assimilation Research Team

I Data Assimilation Research Team

Data Assimilation Research Team was launched in October, 2012, in RIKEN Advanced Institute for Computational Science (AICS), conveniently located
in the beautiful and historic city of Kobe. RIKEN is known as the flagship research institution in Japan. On April 1, 2018, RIKEN AICS was renamed
RIKEN Center for Computational Science (R-CCS). R-CCS is operating the world's leading K computer, and also has & strong Research Division. R-CCS
takes the lead in advancing the computational science and aims to be an international center of excellence for computational science in collaboration

RIK=N

Data

BOO® Assimilation
B0 Team

with & wide range of research organizations. R-CCS integrates the computer science and computational science to conduct most advanced reseahtt‘p '//WWW data_assimilation riken ].‘D/
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and development of a wide range of applied scientific computation, as well as of high performance computing technologies.

Data assimilation is & cross-disciplinary science to synergize numerical simulations and cbservational data, using statistical methods and applied
mathematics. As computers become more powerful and enable mere precise simulations, it will become more important to compare the simulation

with actual cbservations.

Data Assimilation Research Team ("DA team") performs cutting-edge research and development on advanced data assimilation methodsand their wide
applications, aiming at integrating computer simulations and cbservational datz in the wisest way. Particularly, the DA team will tackle challenging
problems of developing efficient and accurate data assimilation systems for high-dimensicnal simulations with large amount of data. The specific areas
include 1) research on parallel-efficient algorithms for data assimilation with the super-parzllel K computer, 2) research on data assimilation methods
and applications by taking advantage of the world-leading K computer, and 3) development of most advanced data assimilation software cptimized for

the K computer.
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Which 1s real, or a simulation?

Courtesy of H. Miura



Simulation of global weather
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Method for weather simulation

1. Discretize the atmosphere

(courtesy of H. Miura)
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Method for weather simulation

1. Discretize the atmosphere
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Each grid box has the meteorological variables:
winds, temperature, humidity, clouds, pressure



Method for weather simulation

[1. Discretize the atmosphere ]
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Each grid box has the meteorological variables:
winds, temperature, humidity, clouds, pressure

[2. Solve the equations of atmospheric dynamics and physics ]
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GlObal 870'm SimU.lation (Miyamoto et al. 2013)
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GlObal 870'm SimU.lation (Miyamoto et al. 2013)
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nic?  Phased Array Weather Radar (PAWR)
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3-dim measurement using
a parabolic antenna (150
15 EL angles in 5 min)
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3-dim measurement using a phased array antenna
(100 m, 100 EL angles in 30 sec)
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Only in 10 minutes!!
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Kobe newspaper (https://www.kobe-np.co.jp/news/kobe/201807/0011486822.shtml)

1.34 m JJin 10 minutes!!

5 people died in River Toga in Kobe

on July 28, 2008
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Pioneering “Big Data Assimilation” Era
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~Revolutionary super-rapid 30-sec. cycle
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11/2014 morning, sudden rain




11/2014, sudden local rain
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9/11/2014 sudden Iocalram .




“‘9/11/2014 sudden Iocal ram
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Data Assimilation (DA)

Observations Simulations
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Data assimilation best combines
observations and a model, and
brings synergy.



Data Assimilation (DA)

Observations Simulations

Data Assimilation

1 + 1

>2
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DA and Chaos Synchronization (vang ez al. 2006)

Master (drive) system Slave (response) system
Observation
Information >
A




DA and Chaos Synchronization (vang ez al. 2006)

Master (drive) system Slave (response) system

Coupling strength
Obs (accuracy, density,
frequency), DA method

< Stability of synchronization >

« Dynamical instability
Strength of chaos




Logistic map

A simple system: x,,,1 = ax, (1 — x,,)

Assume a = 4

170.200000 7 0.200010

0.640000

0.640024

0.921600

0.921573

0.289014

0.289104

0.821939

0.822092

0.585421

0.585026

0.970813

0.971082

0.113339

0.112327

OO0 | NJ|OO|OT | B~ |lWwWwIDN

0.401974

0.398838

[EE
()

0.961563

0.959065

| —
| —

0.147837

0.157037

—
N

0.503924

0.529506

—
w

0.999938

0.996518

'_\
~

0.000246

0.013881

—
o1

0.000985

0.054755

[EN
(@)}

0.003936

0.207027

| —
-~

0.015682

0.656668

—
(00]

0.061745

0.901820

—
(©)

0.231730

0.354162

N
(e}

0.712124

0.914925




Logistic map

A simple system: x,,,1 = ax, (1 — x,,)

Assume a = 4
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Logistic map

Noisy observations O are generated
with random numbers.
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Logistic map: DA experiment
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. DA worktlow

Best estimate
( )//xn(analysis)

Model
xn+1(forecast)/

Obs




. DA = math of errors




Merging 2 information (Bayesian estimation)
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Merging 2 information (Bayesian estimation)
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. Numerical Weather Prediction

An example of synchronizing chaos
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True atmosphere (Unknown)




. DA worktlow

Best estimate
( )// Initial State

Simulation
/§imulated Statp/

Observations




. DA worktlow
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What DA can do
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