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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)

100x

data size

O %) 7 L :
e Py b ROBS
1

3-dim measurement using a phased array antenna
(100 m, 100 EL angles in 30 sec)
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refreshed every 30 seconds
at 100-m mesh

......................



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




x
||u|||||’

— — synchronize — —
Cyberspace predict & control Real world

Simulation Big Data I Sensing

Toward Weather-Ready Society5.0 with

>l

=
o
F
2
2|

5“

Nature




" ’

Toward Weather-Ready Society5.0 with & gpa

- Cyberspace e jfﬂf J“J o Real world

Simulation Big Data Sensing

‘,i"" — | Nature
Toward demonstratlon at

TOKYO 2020

T
D’)m.,u.

I [
I Human society and economy
= | I— ——————————— = |



CREST BDA achievement
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Goal: fully online, real-time workflow
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Test with U.Tokyo OFP on 29 August

Large-scale HPC Challenge
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Test with U.Tokyo OFP on 30 Nov.
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Computation time (6528 nodes)
64 DA cycles + 50 forecasts
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TOSHIBA NAGOYA =
Leading Innovation > UNIVERSITY .3NIED

nicPss Development of MP-PAWR . e

Multi-parameter phased array weather radar (MP-PAWR) was developed by G —
SIP (Cross-ministerial Strategic Innovation Promotion Program) in 2014-2018 ) Dl "

as a research subject of “torrential rainfall and tornadoes prediction.” RG34/~ = M7 075
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Early forecasting by water vapor, cloud, and precipitation observatlon MP-PAWR features

MP-PAWR antenna - W

~ * 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. 16



N(/fr) PAWR Data Utilization System (in NICT cloud)
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Phased-Array Weather Radar
3D precipitation nowcasting
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“‘ KANSAI PRECIPITATION NOWCAST “‘

30 second update, 10 minute forecast
Init time: 2017/05/10 16:45: 13 Warnings / Advisories (Japan) o
B Animate | Auto update {every 30 seconds, auto turn-off in 30mins)
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REAL-TIME 30-second-update nowcasting
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Real-time dissemination started on
7/27/2017 with MTI Ltd.
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Parallel test of real-time

: nowcasting w/ ConvLSTM
PAWR 3D I\Iovvcastmg since Juneg6, 20191
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Conv-LSTM is effective.

(Work with Mr. Viet Phi Huynh and Prof. Pierre Tandeo)
2.5-min prediction
t = 2018-07-27 20:35:30 + 2.5 min

Optical flow Observation

0 k
0 20 40 60

t = 2018-07-27 20:35:30 + 2.5 min

Optical flow Dbser'uratlon LSTM
I W V- I
6' .3 s,
20 40 60 0 20 40 60
X X
|



Future direction: Fusing ML+DA+Simulation
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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
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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
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Goals
1. “Big Data Assimilation” x Al

2. International collaborations
3. Demonstration at Tokyo 2020
4. Societal impacts
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