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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
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Multi-Parameter Phased Array Weather Radar (MP-PAWR)
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Fast and accurate
volumetric precipitation
observation
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_ Phased array radar

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

(Takahashi et al. 2019)
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7/5m range resolution
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Full-sky scan every 30 seconds
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30-s refresh real-time workflow with “Fugaku”

Multi-Parameter Phased Array Weather Radar NICT

. . Saitama Univ.
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Saitama Univ.
MP-PAWR
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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)).
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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%)




Experimental real-time NWP system to assimilate MP-PAWR every 30s

Obtain latest JMA MSM and
MP-PAWR observations
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Osaka Expo Experiment Summary — August 2025
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Osaka Expo Experiment Summary — August 2025
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Osaka Expo Experiment Summary — August 2025
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Osaka Expo 2025 30-minute Rain Forecast: 18:20 12t Aug 2025

RIKEN Weather Forecast Smartphone screen shot of 3D rain cloud watch app

| | e showing rain at Osaka Expo site (circled)
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30-min.-lead forecast

35.Z°N
34.9°N
[ ]
34.6°N
34,30 Lt T e
134.9°F 135.2°F 135.5°E

A case of forecasting rain clouds using “Fugaku” during Expo 2025 Osaka, Kansai.

Reflectivity intensity (red is stronger) at 18:53 JST 12 August 2025.

Verification truth (observations)
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Osaka Expo Experiment Summary — August 2025
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A case of forecasting rain clouds using “Fugaku” during Expo 2025 Osaka, Kansai.

Reflectivity intensity (red is stronger) at 18:30 JST 14 August 2025.
Push notification via smartphone app was made successfully based on this forecast.



Osaka Expo Experiment Summary — August 2025
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SCALE-LETKF predicted rainfall over Expo:

Initialized at 10:08 JST on 7t August 2025

Model Analysis Model 10 min Forecast Model 20 min Forecast Model 25 min Forecast Model 30 min Forecast
0:08JST_ _ ‘ |nit.10:0$ | Init.10:08 Init.10:08 Init.10:08
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Osaka Expo Experiment Summary — August 2025

4 5 — Experiment
Start 12:00
500 mems
11 o 12 e
YD YD
18 19 20 21 Q
25 26 27 28 did 29 30 31—

‘5 _

Switch at 12:00 00:00




Case study 3: Localized heavy rain forecast for 30 minutes ahead at 06:00 on August 24, 2025

Radar Observation 06:00
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Model Analysis 06:00

Radar Observation 06:10
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Model Forecast + 10 mins

Radar Observation 06:20

Radar Observation 06:30
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* General structure and intensity of main convection is predicted by the model
27

* Rapid development of convective activity over Awaji Island (further west) missed by forecast
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Case study 3: Localized heavy rain forecast for 30 minutes ahead at 06:00 on August 24, 2025
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Precipitation nowcasting
with deep learning

S. Otsuka and T. Miyoshi (RIKEN)
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Phased-Array Weather Radar
3D nowcast (https://weather.riken.jp/)
Open to the public since July 2017 (Licensed by JMA)

Jpdated SN
very 30 BT o

App by MTI Ltd.

247,000+
downloaded







Process past Generate future NWP-AI

observations by images by merged
ConvLSTM ConvLSTM predictions
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Integrating big data assimilation and deep learning for precipitation nowcasting



Machine Learning approach to nowcasting

e GSMaP-based Al forecast
e ConvLSTM-based encoder-decoder

» Adversarial training
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Comparison with a conventional algorithm
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Comparison with a conventional algorithm
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Comparison with a conventional algorithm
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Verification scores for Jan-Dec 2024




RI K E N We a th e r FO reca St Data Assimilation Research Team, RIKEN R-CCS

| | Global forecast | Tokyo forecast Osaka forecast
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A machine learning approach to
the observation operator for
satellite radiance data assimilation

@ J. Liang and T. Miyoshi
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Machine Learning for satellite obs. operator
x% =x/ + K[y —H(x)]

H(xf) : Forecast

(1) Physically-based  x/: Forecast
Radiative Transfer in model space in obs. space
Model (RTM) (e.g., Temperature) (e.g., Radiance)




Machine Learning for satellite obs. operator
x% =x/ + K[y —H(x)]

(1) Physically-based  x/: Forecast H(x') : Forecast
Radiative Transfer in model space in obs. space
Model (RTM) (e.g., Temperature) (e.g., Radiance)
sow \/

(2) Linear regression model Fast




Machine Learning for satellite obs. operator
x% =x/ + K[y —H(x)]

H(xf) : Forecast

(1) Physically-based  x/: Forecast
Radiative Transfer in model space in obs. space
Model (RTM) (e.g., Temperature) (e.g., Radiance)
Slow TrainV

(2) Linear regression model Fast xf\T\_ y
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(3) Machine learning model Fast _

y = H(xtrue) + £°

y: Real observations xt4€: Approximated by x” and x®
(e.g., AMSU-A) from the NICAM-LETKF system



Machine Learning for satellite obs. operator
x% =x/ + K[y —H(x)]

H(xf) : Forecast

(1) Physically-based  x/: Forecast
Radiative Transfer in model space in obs. space
Model (RTM) (e.g., Temperature) (e.g., Radiance)
Slow TrainV

(2) Linear regression model Fast xf\T\_ y
r /g/
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(3) Machine learning model Fast _

Liang et al. (2023, JMSJ) o
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Machine Learning for satellite obs. operator
x% =x/ + K[y —H(x)]

H(xf) : Forecast

(1) Physically-based  x/: Forecast
Radiative Transfer in model space
Model (RTM) (e.g., Temperature) (e.g., Radiance)

in obs. space
Slow Training

A

(2) Linear regression model Fast

DA w/o satellite data x4 y

\T{?'”'n Purely data-driven approach: Utilize

obs. promptly
without the physically-based models

1l

l

(4) Machine learning model (this study)

y = H(xtrue) + £°

y: Real observations xt4e: Approximated by x” and x®
(e.g., AMSU-A) from the NICAM-LETKF system
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Validation relative to ERA Interim
Temperature RMSD (1-month Global Average)

Sensitivity experiments
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ERAS at 2.5 deg.

Verified against
ERAS5 at 0.25 deg.

Machine Learning-Based

Regional Weather Prediction

T

Global

G. Saliou, S. Ouala, P. Tandeo,
M. Goodliff, T. Miyoshi

T+12

2020_06_01_12

olution

Rollout

2020_06_01_12




ERAS
(Verification truth)

Super-resolution

Local

Nested

SuperResolution ERA5 (Reference)

Local

Nested

Full Domain — MSL

47.5°N
45°N

42.5°N

37.5°N
e~~~ - .
35N | £ e S PRV
f -
32.5°N ez
7 e

130°E 135°E

99927 100185 100442 100699 100957 101214 101471 101729 101986

Mean Sea Level Pressure (Pa)

Zoomed Region — |Model — ERAS5|

A

“on - -

- Réfe;ence
(|ERA5 - ERA5|) = 0f

. Cgd . ;
A 4 Sguilo! . 4 4 4 4
130°E 135°E 140°E 145°E 150°E
0.0 55.8 111.6 167.5 2233 279.1 334.9

Absolute Error |[Model — ERA5| (Pa)

Difference
from ERAS



RMSE (g kg™?1)

—e— Persistence

=—e— SuperResolution

Q850

=—e— |ocal

—o— Nested

0.0030

0.0025

0.0020

0.0015

0.0010 A

A

0.0005 /

0.0000 A

MSL

800 A

700 A

] [*)]
o o
o o

1 L

RMSE (Pa)
D
o
)
1

N w
o o
o o
L 1

100 A

U850

[e)]
L

RMSE (m s~1)
sy
1

2.5

5.0

7.5

10.0
Lead Time (h)

12.5

15.0

17.5

20.0



Using Data Assimilation to
Improve Data-Driven
Surrogate Models
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The Systems: Lorenz 63 (3 and 5 variables)

Using the 3 variable Lorenz 63 Numerical Model, can we use machine learning and data assimilation
to create a surrogate model of the 5 variables Lorenz 63 model, for the same 3 variables?

Numerical Model (Imperfect Model) Goal (Perfect Model)
40 - 40 1
Lorenz 63 Models
30 30
dxg
—— = —0(xy —x1) + x4
dt 20 1 20 1
dx; — Xo
dd—f_ —pPXg — X1 — XX + X3 X1
dd—XtZ:XOXl_BXZ * 10 A =10 A \/\/\ —xj
dd—?=—wx4 —k(x3 —x3) —x; 0- 0- 4
B~ oy =)k, 5 \ /\/VV\ /\/\/\ i
—10 - —10 4
—20 - —20 1
992 994 996 998 1000 992 994 996 998 1000

time time



Experiment Setup

Perfect Model Generat_es
Observations
-

| |
| |
| |
| |
| |
| |
S A N
| | Optimisation Loop [
| ™ | N | [
| | ‘ | Replace Irn_p erfect [
| Imperfect Model n=0 I—:—- Data Assimilation ‘ i model of pravious LITH |
| | n=n+1 I
| | Y
| | 1
| : i | New LSTM [
: [ ' (LSTM-n) {
| : Analysis Trajectory | | * 7
| | I
e o . I J | [
| Start: Data Assimilation Step l | |
Yy I l ' , l
|l Fal e T Train LSTM K
_ .| False rue rain on
Optimised LSTM ‘ | v Analysis Trajectory {
| N |

\output

Figure 1. This figure shows the cycling algorithm implemented in this paper. The blue dashed
box is the traditional DA cycle, the purple dashed box is our additional loop until the max iteration
number is reached, giving an optimised LSTM. When n=0 indicates the iteration number, LSTM-0
would be the initial LSTM trained on the imperfect model analysis trajectory after its borrection
using DA.

(Goodliff and Miyoshi, 2025, submitted, DOI:10.5194/egusphere-2025-933)

Run our numerical model

Update trajectories using data
assimilation on observations
from the 5-variable system.

o € (", X", 5]
Create an LSTM using the
analysis trajectory.

Use this LSTM to run a new
trajectory

Repeat 2-4 until convergence
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0.66 1
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= ®
e
0.64 -
°
®
]
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®q0 ®eo oooe °
L ® o © oo0o
0.62 +— . . . . . ~  (Goodliff and Miyoshi, 2025, submitted,
0 5 10 15 20 25 30 DOI:10.5194/egusphere-2025-933)

Generation Number

Figure 2. This figure shows the analysis RMSE of our cycling algorithm on the Lorenz 63 model.
As we cycle through the algorithm, we see the analysis/forecasts getting closer to the perfect
system.



Increasing Model Error: armse

0.75 4

0.70 1
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Analysis RMSE
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— LSTM:dt 1
——- Imperfect: dt 2
—————————————————————————————————————————————————— —— LSTM: dt 2
——- Imperfect: dt 3
—— LSTM: dt 3
Imperfect: dt 4
LSTM: dt 4

Here, we show what happens over a range of model
error values (2.5 to 3.4).

(perfect model is 2.5).

As the model error increase, the imperfect model moves
away from the perfect model (as expected).

The Original LSTM also slowly increases in ARMSE with
increased model error.

The Optimal LSTM ARMSE stays at similar levels (approx.).
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Deep Bayesian Filter (DBF) with SPEEDY

https://arxiv.org/pdf/2405.18674
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Deep Bayesian Filter (DBF) with SPEEDY ;-

Data Assimilation
(Regular formulation)

TIY
OO e

-
<O

https://arxiv.org/pdf/2405.18674 vuta Tarumi

DBF
(z: latent variables)

P(Zt41l2e) = N[241; Az, Q]
A, Q A, Q
Zi-1—p Zt —PpZt+1

o o —~ o
- - . P(Xelze) = N[Xe; p(2¢), R]
S S + ©-
X i“ X é X Trainr, ¢, A
t—1 T_: t Ni t+1 € Compute Gaussian-constrained “test
- posteriors” p(z;|Y;.+) on the latent
space
€ Limiting the latent dynamics to linear
Ye—1 Yt Y1

and assume Gaussianity of r(z¢|Y;) ,
KF-like recursive formula applies
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The Systems: Lorenz 63 (3 and 5 variables)

Using the 3 variable Lorenz 63 Numerical Model, can we use machine learning and data assimilation
to create a surrogate model of the 5 variables Lorenz 63 model, for the same 3 variables?

Numerical Model (Imperfect Model) Goal (Perfect Model)
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Rollout
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Raw _observations: y | Current

Emulation of the
reanalysis data

Training Prediction
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: Future?
Raw-observations: y Latent space: ¢ -

Diffusion model

Full Bayes?
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(Nakano et al:2017)
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