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http://data-assimilation.riken.jp/~miyoshi/
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Data Assimilation Research Team

I Data Assimilation Research Team

Weather prediction is a great achievement of human intelligence by integrating advanced sensing, supercomputing, and information and
communications technologies. Here, data assimilation plays a pivotal role. Connecting the most advanced radar sensing technology and
supercomputers "K" and "Fugaku", data assimilation made it possible to predict sudden downpours. Data assimilation brings links to the future and
expands synergistic opportunities.

» RIKEN Weather Forecast
» COVID-19 Realtime Forecast
»Youtube: AGU-TV RIKEN Digest(1 minute) / Full(5 minutes)
»Research Introduction (produced in February 2021)
» RIKEN Data Assimilation Channel

G § it @3 75
RIKEN Centerfo b

April 1. 2025 at R-CCS



History of LETKF implementation

dAn VIAI

NHMIA

2005 SPEEDY-LETKF (Miyoshi, Ph.D. thesis)

2006 NHM-LETKF (Miyoshi and Aranami, SOLA)

2007 AFES-LETKF (Miyoshi and Yamane, MWR)

2007 GSM-LETKF (Miyoshi and Sato, SOLA)

2010 MarsGCM-LETKEF (Hoffman et al., Icarus)

2010 MASINGAR-LETKEF (Sekiyama et al., ACP)

2010 SPRINTARS-LETKEF (Schutgens et al., ACP)

2012 WRF-LETKF (Miyoshi and Kunii, Pure and Appl. Geophys.)
2012 ROMS-LETKF (Hoffman et al., J. Atmos. Oceanic Tech.)
2014 IsoGCM-LETKEF (Yoshimura et al., JGR)

2015 NICAM-LETKEF (Terasaki, Sawada, Miyoshi, SOLA)
2017 SCALE-LETKEF (Lien et al., SOLA)

2022 sbPOM-LETKF (Ohishi et al., GMD)

More... (e.g., AFES-Venus-LETKF, ...)



Pushing the limits

Big Data X Big Simulations

Big ensemble (10240 ensemble members)
Rapid update (30-second update)
High resolution (100-m mesh)

=» Future Numerical Weather Prediction




https://awards.acm.org/bell-climate SC23 in Denver; CO (November 2023)

Specific Types of Contributions

ACM Gordon Bell Prize for Climate Modelling

Innovations in applying high-performance computing to climate modelling applications

Award Recipients Nominations Committee Members

FINALIST 3

Big Data Assimilation: Real-time 30-second-refresh Authors: Takemasa Miyoshi, Arata Amemiya, Shigenori Otsuka,
HEﬂ'ﬂf Rain Forecast Using FI.IQEII{I.I During TUI(VEI Yasumitsu Maejima, James Taylor, Takumi Honda, Hirofumi Tomita,

. ) Selya Nishizawa, Kenta Sueki, Tsuyoshi Yamaura, Yutaka Ishikawa,
Olympics and Paralympics

Shinsuke Satoh, Tomoo Ushio, Kana Koike, and Atsuya Uno

https://sc23.supercomputing.org/2023/09/eyes-beyond-the-prize/

10



A—)\—a>E1—4 [EE]

O ERRR [EFE%R]Resource for ordinary users is reduced (available resource: 91%, due to real-time execution)
EZERS COOEIE. —RETOREERMRNENET. 2021-08-02

EE] BT %A EERETITETORD. RESNIERREL. £F0HN1%Eg ArTa—)LETHE
ERATZa—IL COHE. —fmlrcEDdr> /- FLEERBTEEEA. 2021-02-08 00:00

Adrza—)L Bt ER
2021-07-19 15:00

During this period, the
Due to real-time job g
During this period,

urces provided to the public wall
& (he resource size providg
is not available fgg

bout 91% of the total.
- FREEE
FIRER—HIL
MERFE

EREE
FIRICELT

BRELES

Exclusive use of

~1% of Fugaku
(~0.5M cores)

A Fugaku rufirsu # Fugaku Fufisu 4 Fugaku Fufirsy ¥ - Fugaku

)

[
-
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Multi-Parameter Phased Array Weather Radar (MP-PAWR)

20200905_200023%.nc

% ® altitude=2000 m
t=0 seconds
Accurate I BKBRBEEORNTILFNATA—EGR % ~
. [ AH L—4 BRI AR RAS R B D —XF , : .
precipitation FLAGRL—4 DN T YK %
observation e N
~ f v L AL
_UNS EREXRAINGE : "pjll :
= ” = &1 <o
' Dual pOl radar (Takahashi et al. 2019) ] ; w‘ ’
- c gt 5 & . )
— L Hybrid - | _ - - . i
Fast ~ Multi-parameter R | - 1
volume scans ~  phased array ™ X g
~ ___ weatherradar i '

\ ' Fast and accurate
- Nt s&mue volumetric precipitation
observation

X-Band Frequency Radar

7/5m range resolution

~100 elevation angles

Full-sky scan every 30 seconds

_ Phased array radar

https://www.nict.go.jp/press/2017/11/29-1.html
(partially translated by S. Otsuka)

12



https://www.nict.go.jp/press/2017/11/29-1.html
https://www.nict.go.jp/press/2017/11/29-1.html
https://www.nict.go.jp/press/2017/11/29-1.html

30-s refresh real-time workflow with “Fugaku”

Multi-Parameter Phased Array Weather Radar NICT

. . Saitama Univ.
(at Saitama Univ.) TOSHIBA

Saitama Univ.
MP-PAWR

A gl JIT-DT
(T;kahashi eta|.'éa19) 106 MB per obs.
in 3 seconds

NICT ds01

RS TR

Fugaku loginl
b weather. SCALE-
weopage riken.jp LETKF
MTI
SmartphOIle Amazon AWS

RIKEN R-CCS
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Time-to-solution < 3 min.

s Olympic period s Palalympic period 5 Time-to-solution (min)
(a) (c)
4 41
£ T |
S o S
= £ =.1
c s 03 -3
e =] e
E 50 = E
o] e o]
° < Q
(o] E (o]
2 L40 £ 2 T2
()] = ()]
S = E I
= | .4 E = Total: 75248
30 § (active for 26 days, 3:04:00)
o
1+ 205 1 F20 14
=
— ©
L 10 8 -10
=3
(=)
0 T T T l“ w" T T T - 0 ;L-_, 0 T T T J‘I—N{"l T lJ‘I 0 0 T T T T T T
07/21 07/23 07/25 07/27 07/29 07/31 08/02 08/04 08/06 08/08 08/26 08/28 08/30 09/01 09/03 09/05 0 4 8 12 16 20 24
Forecast initial time (JST) Forecast initial time (JST) Count (x103)

Figure 5: Every 30-second time series of time-to-solution (minutes, left axis) for each forecast
initial time (JST) in 2021 for the periods of (a) Olympics and (b) Paralympics. Gray shadings
show the periods when 30-minute forecasts were not produced in due course. Cyan and blue
curves show the independent Japan Meteorological Agency observed rain area (100 km2, right
axis) in the computational domain for rain rates >= 1 mm/h (cyan) and >= 20 mm/h (blue). (¢)
Histogram of time-to-solution (minutes). Total 75,248 forecasts were issued.



Skillful forecast achieved

(a) SCALE (b) MP—PAWR observation
init:19:27:30, valid:19:57:30 2021-07-29T19:57:222Z
—
* FE 2
[ = l
o 36.0 - - v 36.0 7%1 A -
o) o ] =
5 = :
B = iy
= = 3
— - . ,E**
35.5 - - 35.5 . T
139.0 139.5 140.0 139.0 139.5 140.0
Longitude Longitude
[— ——
0 144 288 432  67.6 dBZ

Figure 6: (a) 30-minute forecast rains at 19:57:30 UTC, July 29, 2021.
Colors represent radar reflectivity (dBZ) at the 2-km height. (b)
Similar to (a), but for the actual MP-PAWR observation at the closest
time. Hatched areas indicate no data due to out of the 60-km range,

radar beam blockage, or other reasons.

SCALE(red),persistence(black), 30dBZ
1.0 L 1 Il 1 Il

0.8

Higher skill

than persistence

Threat score

0.2

0.0 T T T T T
0 5 10 15 20 25 30
(minutes)

Forecast time

Figure 7: Heavy rain forecast
skill as shown by threat scores
(the higher, the more skillful)
for radar reflectivity at the
30dBZ threshold for 120
forecast cases between 19:00:00
UTC and 20:00:00 UTC, July
29, 2021. Red and black lines
indicate the BDA system and
persistence, respectively.
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Bird’s-eye view

Figure 8: 3-D bird’s-eye view of 30-minute forecast rains at 04:48:00 UTC, July 30, 2021. Colors represent
simulated radar reflectivity every 10 dBZ for 10-50 dBZ. Vertical scale is stretched by three times. Map data
is from the web page of the Geospatial Information Authority of Japan (Courtesy of H. Sakamoto of RIKEN)).

17



120x faster, big ensemble, precision

(as of early 2023)

NWP Center Data assimilation | Forecast grid [ Frequency for [ Use of radar data | Ensemble
system method spacing initialization / forecast grid

# grid points free forecast spacing /
# members

LFM IMA, Hybrid 3DVar, 2 km / 1h/1h Assimilation of RH None
Japan 5-km grid spacing 1581 x 1301 x 76 from radar and (MEPS: 5 km /
radial wind 21 members)
NCEP, US Hybrid 3D EnVar, 3 km / 1h/1h Latent heating None
[10,11,12] 36 members 1799 x 1059 x 51
HRDPS ECCC, 4DEnVar 2.5 km / 6h/6h Latent heat None
6.0.0 Canada perturbations 2576 x 1456 x 62 nudging
[13,14,15] from global
ensemble
UKV Met 4DVar 1.5 km / 1h/1h Latent heat 2.2 km /
[16,17] Office, 622 x 810 x 70 nudging 3 members
UK
AROME Météo- 3DVar 1.25 km / 1h/3h Assimilation of 2.5 km /
France France 2801 x 1791 x 90 pseudo-RH from 12 members
[18,19,20] radar
ICON-D2 i} LETKF 2.2 km / 1h/3h Latent heat 2.2 km /
Germany 40 members 542040 cells x 65 nudging 20 members
levels
IJAvAivA RIKEN, LETKF 500 m / 30s/30s Reflectivity, 500 m /
This paper [BEIEL 1000 members 256 x 256 x 60 Doppler velocity 11 members



Home > Program > Invited Talks

BIG DATA

10:30-11:15 am CST

From Gordon Bell Finalist to the Osaka Expo: The Evolution of Real-Time Forecasting on

Fugaku

Takemasa Miyoshi
RIKEN Center for Computational Science (R-CCS)
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Osaka 2025 Real-Time Experiment

Tokyo 2021 Real-Time Experiment

Experiment Duration 1 month 1 month
Number of forecasts >75,000 75,248
Ensemble size (LETKF) 1000 1000

Number of MP-PAWRSs

2 (Kobe and Osaka MP-PAWR)
2 x Doppler wind and Reflectivity

1 (Saitama MP-PAWR)
1 x Doppler wind and Reflectivity

Inner Domain Size

192 x 192 km

128 x 128 km

Number of computational nodes

26,648 (16% of total nodes on Fugaku)

11,580 (7%)




Osaka 2025 30-minute Rain Forecast: 18:20 (local time) 12t Aug 2025

Smartphone screen shot of 3D rain cloud watch app showing rain at

RIKEN Weather Forecast ) ;
Osaka Expo site (circled)

| e |

] / [ ]
\ ‘
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= Fast moving line of convection from west with >80 mm/hr rainfall = Advanced warning given to visitors via smartphgne app



30-min.-lead forecast Verification truth (analysis)

35.2°N = 35.2°N

70

60

34.9°N 34.9°N

T
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T
N
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34.6°N 34.6°N

30

3on TR = 34.3°N i
134.9°E 135.2°F 135.5°E 134.9°E 135.2°F 135.5°E

34

Figure. A case of forecasting rain clouds using “Fugaku” during Expo 2025 Osaka, Kansai.
Rain intensity (red is stronger) at 18:53 JST 12 August 2025. Push notification via smartphone
app was made successfully based on this forecast.
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A ARBIHE] Chaos Synchronization

Master (drive) system Slave (response) system
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A ARBIHE] Chaos Synchronization

Master (drive) system Slave (response) system

B (R, R0, RS RARAMR)
F—HEULF %

B2 < ABOREN >

A EEE (DA REDRS)
AR (ETILEE)




2DDFEHMDEREHE (NAXHTE)

|

A B

AEBDIEHRD
FhREnNt




2DDFEHMDEREHE (NAXHTE)

2DDIMIILT=FHZEE

= 13

BEHhEAIET. KYEMD

LULMEREIZLES

AEBDIEERD

E

EREhHYE

|

B



BUEXRT T EH;RD LA

pig

TN S 1O/ BEDEADFEHRZE

EEE (FL) FHREIAFICIEAE

=13% ., >4 RXTTREME

time



7T —%3[R{E (DA) Dworkflow

Best estimate
( )// Initial State
Simulation

/§imulated Statp/
l
D '_\ Observations




7T —%3[R{E (DA) Dworkflow

Best estimat
(Best estima e)// Initial State
Human knowledge
v Science
/§imulated Statp/
l
D '_\ Observations

Simulation




7T —%3[R{E (DA) Dworkflow

Best estimate
( )// Initial State

Simulation

Simulated Statp/
oo

Sim-to-Obs - t'
. [ 10n
conversion servations

S T B
B,
>

éim—minus-()b/s/l
|

Broad-sense DA



F—A R (DA) TTEAZE

FHAE - R B+

ETILIREHTTE
INAT RFHIE

DA

i [ RE % i
ELTHODA

Best estimate
( )4/ Initial State

Simulation

FETI)LINSA—RHETE
ETILEE

SEER gl

éimulat

Sim-to-Obs|
conversion

sl D EE L

|
|
" Observations
|
|
|

ZRRIET —3

éim—minus-Ol;s/: o

Broad-sense DA



JRA project English >>
https://www.data.jma.go.ip/jra/html/JRA-30/index ja.html

[IRTE 3 RIABAA#EIT(JRA-3Q)
S N T e Yl Y

SMOEHS5E

2026*2 H2H New/Update !
JRA-3QFFfi5% X (Harada et al. 2026) H*Quarterly Journal of the Royal Meteorological Societyh 5 AR I L 7=
2025812828 New/Update!
9T TH1rDTZRLRA(URL) ZUATOEEDEBWLF LT
 |HURL: https://jra.kishou.go.jp/
o #URL: https://www.data.jma.go.jp/jra’html/

LYEOMIZFHURLICEFEXTNETH. BRICADR T v II—7ICIHURLZBER TN TV BEIEEHESBELLWLLE
3-0
2025548248
JRA-ZQEFMIE Y b (ETIRFT—4F) RRIREBIZREV2—HoREMABINE LT
2025528258
JRA-BQR A IRE /X (Kosaka et al. 2024) G REZHBNEISBIENE LT
JRA-3Q5Tfiza X (Naoe et al. 2025) MEarly Online Releaselff B’ RREZEHN S NI NFE L 1=,
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September 2012

Good for Big DA Good for both Big DA
Not suitable for ML and ML

“Fugaku Next™

2030-?)

Al focused
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data
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“rich”
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odel identificatic B

Big ensemble
Non Gaussian

Data driven
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Training Prediction
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Precipitation nowcasting
with deep learning

S. Otsuka and T. Miyoshi (RIKEN)

Acknowledgment

Y. Maejima, P. Tandeo, M. Ohhigashi, V. P. Huynh,
S. Satoh, T. Ushio, P. Baron

Data

OII RIKEN BO® Assimilation
O Center for BO0®  Team
akzi - R-CCS  Computational Science mmm




Phased-Array Weather Radar

3D nowcast (https://weather.riken.jp/)
Open to the public since July 2017 (Licensed by JMA)

RIKEN Weather Forecast Research

RIKEN AICS Data Assimilation Research Team
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Generate future
images by
ConvLSTM

Process past

observations by
ConvLSTM

Observations by Conventional
Phased Array Weather Radar nowcasting
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Process past Generate future

observations by images by
ConvLSTM ConvLSTM

Observations by Conventional
Phased Array Weather Radar nowcasting Numerical Weather Prediction
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Process past Generate future NWP-AI

observations by images by merged
ConvLSTM ConvLSTM predictions

Observations by Conventional
Phased Array Weather Radar nowcasting Numerical Weather Prediction
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Machine Learning approach to nowcasting
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Comparison with a conventional algorithm
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Comparison with a conventional algorithm
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Abstract

E. N. Lorenz discovered the highly sensitive nature of a chaotic dynamical system and conveyed it vividly by his famous
“butterfly effect”; namely, a flap of a butterfly could cause a storm a few days later somewhere far away. Extreme weather
like intense storms tends to be more chaotic and harder to predict, with increasing threat due to climate change. This
motivates us to ask if we could possibly modify extreme weather in a favorable manner by taking advantage of its strong
chaoticity. Here, the problem is that the causality from a flap of a butterfly to a storm formation is not trivial due to the
limited predictability. Due to chaos, a small perturbation grows exponentially and leads to a different future state, but the
difference becomes large enough only after the predictable range. This paper addresses this apparent paradox by presenting
the first rigorous mathematical formalization of the Control Simulation Experiment (CSE) framework, an extension of the
data assimilation (DA) paradigm. We then propose a duality principle based on chaos synchronization: while DA uses
observations to synchronize a model to nature’s trajectory, we argue that control uses interventions to synchronize nature to
a chosen target trajectory. The feasibility of this control rests on the key insight that these target trajectories can be selected
to have distinct dynamical properties from the original system, reframing the challenge from taming a fully chaotic system
to maintaining synchronization with a more manageable path.

Keywords Duality principle - Chaos control - Data assimilation - Chaos synchronization - Control simulation experiment
(CSE) - Predictability - Nonlinear dynamics
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