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Only in 10 minutes!!
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Kobe newspaper (https://www.kobe-np.co.jp/news/kobe/201807/0011486822.shtml)

1.34 m JJin 10 minutes!!

5 people died in River Toga in Kobe

on July 28, 2008



nic?  Phased Array Weather Radar (PAWR)
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3-dim measurement using
a parabolic antenna (150
15 EL angles in 5 min)
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3-dim measurement using a phased array antenna
(100 m, 100 EL angles in 30 sec)
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4 Big Data Assimilation
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Observations Simulations




Data Assimilation (DA)

Observations Simulations

Data Assimilation
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. DA worktlow

Best estimate
( )// Initial State

Simulation
/§imulated Statp/

Observations




. DA worktlow

Best estimate
( )// Initial State

Simulation

Process-driven
Human knowledge
Science
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. DA = math of errors




Merging 2 information (Bayesian estimation)

P,
/\ Probability distribution
1S essential.

Fcst Obs
Merging
Fcst&Obs



9/ 11/2014 sudden Iocal raln_
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Youtube: https://www.youtube.com/watch?v=42NZTGdp1Js



. 9/11/2014 sudden Iocalram

>41 000 wews
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Youtube: https://www.youtube.com/watch?v=42NZTGdp1Js
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Sample size = Resolution of probability
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Kondo& Miyoshi
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Improving NWP
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Kondo and Miyoshi (2016, MWR,
doi:10.1175/MWR-D-15-0388.1)



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




Fugaku K
Global 3.5-km mesh Global 112-km mesh
1000 samples 10240 samples

Fugaku: K=100:1

Mesh size: 32x
(Grid points: 1024x)

Sample size: 0.1x
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Big Data Assimilation
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= Effective disaster prevention




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

from low-resolution mode

Best estimate :
( )// Initial State Predict model error

Simulation

Surrogate model

DA algorithm

Need to learn big
computation data on

éimulated Statp/ HPC (cannot move)

l odel-obs relationship

Sim-to-Obs
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Broad-sense DA



Parallel test of real-time

: nowcasting w/ ConvLSTM
PAWR 3D I\Iovvcastmg since Juneg6, 20191

Observation _ _
Weather Simulation EPUT> 3D Precip. Nowcasting
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Improved forecast

,,_:_L.';x—_—"!"

t+1, t+2, ...
¢ FORECASTS

~gl— Generate forecast

Stack
outputs
\

x x HIDDEN/CELL
STATE [ 4
ConvLSTM, = / - =

( ne ( &
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| ConvLSTM,

INPUT

Push time series of
past observation

No input of future data
at this moment

Supervised Learning



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
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t = 2018-07-27 20:35:30 + 2.5 min
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Future direction: Fusing ML+DA+Simulation

Observation ] ]
Weather Simulation EPUT> New 3D Precip. Nowcasting
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Push time series of

Push time series of
past observation weather simulation

Supervised Learning

Input of future data
from NWP!!



D A- AI fUSiOn Predict high-resolution

from low-resolution mode

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

% Surrogate model

Simulation§e]

Need to learn big
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Integrating DA and Al

-> Pioneering new meteorology
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