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Forecast [mm/h] 19:20:00 July 29

Observation [mm/h] 19:20:00 July 29
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+0 min.

Forecast [mm/h] 19:20:00 July 29  Forecast [mm/h] 19:30:00 July 29 Forecast [mm/h] 19:40:00 July 29  Forecast [mm/h] 19:50:00 July 29

T

|+10 min.l |+20 min.l |+30 min.l

139.2E  139.4E 139.6E 139.8E 140 139.2E 139.4E 139.6E 139.8E 140 139.2E 139.4E 139.6E 139.8E 140, 139.2E 139.4E 139.6E 139.8E 140
Observation [mm/h] 19:20:00 July 2¢Observation [mm/h] 19:30:00 July 29 Observation [mm/h] 19:40:00 July 29 Observation [mm/h] 19:50:00 July 29

&8

I,

139.2E  139.4E 139.6E 139.8E 14( 1392E 139.4E 139.6E 139.8F 140 139.2E 1394E 139.6E 139.8E  140] 139.2E 139.4E 139.6E 139.8E  140]

Eey £




20215F7H30H15:30t8
305 %45 | ‘i\; i

\
& T < . 2
- :
b ©
\,\ 0 s
80
50
o 30
W =0 ; r Izg
'.' 5
1 2
[ E1 J 1
Bt 7 ar
{ - 1]
= =\ 9
D 4 ‘ R
5 @5 Assimilation F 1 sH i J :
RS\ A T S W) it =220
mm/h
‘[0 78
» 7]
o == 397
5
F | 5R R HE R (>30mm/h)
1
0s - -
01 L5 ) S 1
0 -
ch | ! =
R \
mee on ;g| . . - Q
Rom g -\ 5 BAATT VLR R \
o £
; > 30mm/h
20 E‘ 57 %
: 0
|
£ 70
= 7 =
v/,
g ¢ »’W 30
) =]
> 88 & Assimiation /i 5] : Sl :
e R!!Slx E:: 4 4 / Fi8l 2021/07/30 15;)




HETHOERE )
SBDANRINIET
(20084E7H28A8)




Ewh T —ARE4E

ESE R A

E==E E/S
ESFE Fi B
BIG DATA ASSIM TION

g8 -EERT—4 Ial—iay




— August 2019

September 2012




s ©JAMSTEC- AORI (SPIRE Field3), RIKEN/AICS

of. TEDxSannomiya Visualized by Ryuji Yoshida
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nic?  Phased Array Weather Radar (PAWR)

PurrEROBS

a parabolic antenna (150
15 EL angles in 5 min)

3-dim measurement using a phased array antenna
(100 m, 100 EL angles in 30 sec)
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Mlyoshl et al. (201 6, BAMS ,doi:10.1175/BAMS-D-15-00144.1)
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OSAKA UNIVERSITY

Multi-parameter phased array weather radar (MP-PAWR) was developed by Gr 120
SIP (Cross-ministerial Strategic Innovation Promotion Program) in 2014-2018 “ Dl ‘

as a research subject of “torrential rainfall and tornadoes prediction.” WG4/~ 87077
. g_enerate > d I -
- P " - ~ f“at‘fre » dual polarization
radiometer o ) = :-r 1 1':-| C I~ / ;.'-._: I__-";" : f ] $ > 100x100
K o9 o . S - R ——a 7\ elements array

s ater vapor .'\”_ L7y 4 : be 8 ) antenna

|__m e MESSUTEME i ¥, ) '_-::"__J N / \I

Doppler Lidar rIﬁ . t_ ? loud iaduis q 'ndg "W’Wgt

-| MP-radars E?dd
Early forecasting by water vapor, cloud, and precipitation observatlon MP-PAWR features

MP-PAWR antenna B

~ * Saitama Univ. (MP-PAWR site)
" @ Olympic and Paralympic venues

MP-PAWR installed at Saitama Univ. on Nov 21, MP-PAWR observation area
2017, and observation began in July 2018. 26



Real-time data transfer

NICT
Saitama Univ.
TOSHIBA

Saitama Univ. NICT dsO1

MP-PAWR
JIT-DT e
ata monitor
106 MB per obs. auto-restarter

in 3 seconds

RIKEN R-CCS

Fugaku loginl

b weather. SCALE-

webpage riken.jp LETKF
MTI

Smal'tphOIle Amazon AWS




Real-time workflow

JMA mesoscale model (5km)

‘boundary condition

3-hour update
Outer domain (1.5km)

2002 nodes

‘.V boundary condition
. 30sec i
30-sec update “ » | MP-PAWR

Latitude

observation

141

| 138 139 140
Longitude

Inner domain
(500m) SCALE X1 LETKF

guaogp-

8808 nodes ] ¢

K SCALE 30-min ensemble forecasts . /
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UQ (uncertainty quantification)




AA AEHA Chaos Synchronization

Master (drive) system Slave (response) system
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AA AEHA Chaos Synchronization

Master (drive) system Slave (response) system
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T —%3[RE (DA) Dworkflow

Best estimate

( )// Initial State
Simulation

/§imulated Statp/

Observations
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T —%3[RE (DA) Dworkflow

Best estimate

( )// Initial State
Simulation

/§imulated Statp/

Observations




T —%3[RE (DA) Dworkflow

(Best estlmate)// Initial State

Human knowledge
|
/§imulated Statp/

Observations

Simulation




T —%3[RE (DA) Dworkflow

Best estimate
( )// Initial State
Simulation
Simulated Statp/
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Sim-to-Obs - t'
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conversion servations

gim—minus-()b/s/:

Broad-sense DA
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An Observing System Simulation Experiment (OSSE)
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Rain forecast (FT=0h-1h) Valid time 0400 JST~0500 JST, July 4
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Rain forecast (FT=1h-2h) Valid time 0500 JST~0600 JST, July 4
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GPM (2014-)

TRMM (1997-2015) Low-earth orbit satellites (<2000km)

Low-earth orbit satellite (<2000km)

GPR (2030?-) ~

and the next 5.
generation? ... ¥

Taylor, Okazaki, Miyoshi, et al. (2021, JA TE y.
https://doi.org/10.2151/s0la.2021-008 '

Geostationary >'35',000km
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Observing System Simulation Experiment

(OSSE)
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D A- AI Inte grati()n Predict high-resolution

from low-resolution mode

Best estimat .
(Best estima e)// Initial State Predict model error

Simulation

Surrogate model

Need to learn big

DA algorithm
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l odel-obs relationship

Sim-to-Obs

. s @
: ation
conversion %{Observ ons

Quality control
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Otsuka, Miyoshi, et al.

Fusing ML+DA+Simulation

Ob ti i i
Weath;‘f g‘ﬁfn:,".;'tion EPUT> New 3D Precip. Nowcasting
e e

2o e
Improved forecast

e t+1, t42, ...
, ¢ FORECASTS
—~2#— Generate forecast

Stack
outputs
[

* HIDDEN/CELL
STATE 4
ConvLSTM, Z / o> .

| Convolved.features HIDDEN/CELL | ; Cony STM4
2T STATE T {
ConvLSTM, 77 / C o> G
[ ’ [
4._ ‘._ ConvLSTM,

Push time series of Push time series of
past observation weather simulation

Supervised Learning

Input of future data

from NWP!!
(NICT)



Otsuka, Miyoshi, et al.
Preliminary results:
Using future data in Conv-LSTM is effective.
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Climate Model Acceleration by Machine Learning

Experiment

Vorticity

= Models:

» Quasi-Geostrophic model: Potential
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Model Acceleration: Results

Criterion: Anomaly Correlation Coefficient (ACC)
Predictability range: ACC > 0.6
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Fusing Al and DA with HPC
- New meteorology
(the 5™ Science)
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PREDICTION

Science - understanding principles and fundamental laws of phenomena, or answering “why.”

Every human being leads our lives by predicting what will happen now and near future. We always have something curious
about the future but often it is hard to know. Therefore, we developed methods for prediction based on science.

Thus far, we did not explore a science of prediction itself. Instead, prediction has been developed in each field separately.
Fusing the prediction methods and finding what are common and different in different fields might lead to a new science of
prediction. This is a grand challenge of this project.

Prediction Science
Laboratory,

RIKEN Cluster for
Pioneering Research
Takemasa Miyoshi
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