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New “Fugaku” or “富岳” is being developed
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Which is real, or a simulation?

A B

Courtesy of H. Miura



Simulation of global weather



Method for weather simulation

dx~480 km
dx~240 km
dx~120 km
dx~60 km
dx~30 km
dx~15 km
dx~7.5 km
dx~3.75 km

(courtesy of H. Miura)1. Discretize the atmosphere



Method for weather simulation
1. Discretize the atmosphere

Each grid box has the meteorological variables:
winds, temperature, humidity, clouds, pressure



Method for weather simulation
1. Discretize the atmosphere

2. Solve the equations of atmospheric dynamics and physics

Each grid box has the meteorological variables:
winds, temperature, humidity, clouds, pressure

Initial condition NWP MODEL
(dynamics, physics) Forecast

Boundary conditions

winds, 
temperature, 
humidity, 
clouds, 
pressure



Global 870-m simulation (Miyamoto et al. 2013)

©JAMSTEC・AORI (SPIRE Field3), RIKEN/AICS
Visualized by Ryuji Yoshida
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Phased Array Weather Radar (PAWR)

3-dim measurement using 
a parabolic antenna  (150 m, 

15 EL angles in 5 min)
3-dim measurement using a phased array antenna 

(100 m, 100 EL angles in 30 sec)

100x
data size

(Courtesy of NICT)
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Sudden heavy rain



Only in 10 minutes!!

5 people died in River Toga in Kobe
on July 28, 2008

1.34 m      in 10 minutes!!

Kobe newspaper (https://www.kobe-np.co.jp/news/kobe/201807/0011486822.shtml)



Big Data Assimilation

SimulationsObservations

Powerful supercomputerNew sensors, IoT

Big Data Big Data



Pioneering “Big Data Assimilation” Era

Mutual feedback

High-precision Simulations

High-precision 
observations

Future-generation technologies
available 10 years in advance



Revolutionary super-rapid 30-sec. cycle
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120 times more rapid than 
hourly update cycles



9/11/2014 morning, sudden rain
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9/11/2014, sudden local rain



9/11/2014, sudden local rain

>41,000 views
#6 of RIKEN channel



9/11/2014, sudden local rain



Data Assimilation (DA)

Data assimilation best combines 
observations and a model, and 

brings synergy.

SimulationsObservations



Data Assimilation (DA)

Observations

>2

1 1+
Data Assimilation

Simulations



Data Assimilation (DA)

Observations

>2

1 1+
Data Assimilation

Simulations

Process-driven
Deduction

Cyber world

Data-driven
Induction
Real world



DA and Chaos Synchronization (Yang et al. 2006)

Master (drive) system

Information

Slave (response) system

Nature
Observation

Model



DA and Chaos Synchronization (Yang et al. 2006)

Master (drive) system Slave (response) system

Dynamical instability
Strength of chaos

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

Stability of synchronizationNature Model



Logistic map
A simple system: 𝑥𝑥𝑛𝑛+1 = 𝑎𝑎𝑥𝑥𝑛𝑛(1 − 𝑥𝑥𝑛𝑛)

Assume 𝑎𝑎 = 4

1 0.200000 0.200010
2 0.640000 0.640024
3 0.921600 0.921573
4 0.289014 0.289104
5 0.821939 0.822092
6 0.585421 0.585026
7 0.970813 0.971082
8 0.113339 0.112327
9 0.401974 0.398838

10 0.961563 0.959065
11 0.147837 0.157037
12 0.503924 0.529506
13 0.999938 0.996518
14 0.000246 0.013881
15 0.000985 0.054755
16 0.003936 0.207027
17 0.015682 0.656668
18 0.061745 0.901820
19 0.231730 0.354162
20 0.712124 0.914925
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Logistic map
1 0.200000 0.200010
2 0.640000 0.640024
3 0.921600 0.921573
4 0.289014 0.289104
5 0.821939 0.822092
6 0.585421 0.585026
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10 0.961563 0.959065
11 0.147837 0.157037
12 0.503924 0.529506
13 0.999938 0.996518
14 0.000246 0.013881
15 0.000985 0.054755
16 0.003936 0.207027
17 0.015682 0.656668
18 0.061745 0.901820
19 0.231730 0.354162
20 0.712124 0.914925

truth no-da
Noisy observations ○ are generated 
with random numbers.



Logistic map: DA experiment

 Synchronized chaos!

Noisy observations ○ are 
assimilated.



DA workflow

Model

DA

𝑥𝑥𝑛𝑛(analysis)

𝑥𝑥𝑛𝑛+1(forecast)

Obs

(Best estimate)

Sim-to-Obs
conversion

Sim-minus-Obs
DA

Data-driven

Process-driven



DA = math of errors

forecast

0 1obs

analysis

DA



Merging 2 information (Bayesian estimation)
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Merging 2 information (Bayesian estimation)

p
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More accurate analysis is 
obtained.



Numerical Weather Prediction

time

Forecast

Observation

Analysis

Observation

True atmosphere (Unknown)

Analysis

Forecast

Analysis

Model 
Simulation

An example of synchronizing chaos



DA workflow

Simulation

DA

Initial State

Simulated State

Observations

(Best estimate)

Sim-to-Obs
conversion

Sim-minus-Obs
DA

Data-driven

Process-driven



DA workflow

Simulation

DA

Initial State

Simulated State

Observations

(Best estimate)

Sim-to-Obs
conversion

Sim-minus-Obs

Broad-sense DA

Data-driven

Process-driven



What DA can do

Simulation

DA

Initial State

Simulated State

Observations

(Best estimate)

Sim-to-Obs
conversion

Sim-minus-Obs

Broad-sense DA

Integrate various
dataInverse problem

solver

Model error/bias
estimation/correction Adaptive sensing

Parameter estimation
Model identificationState estimation

(initial, boundary)

Prediction
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