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Who am I? http://data-assimilation.riken.jp/~mivyoshi/
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I Data Assimilation Research Team

Data Assimilation Research Team was launched in October, 2012, in RIKEN Advanced Institute for Computational Science (AICS), conveniently located
in the beautiful and historic city of Kobe. RIKEN is known as the flagship research institution in Japan. On April 1, 2018, RIKEN AICS was renamed
RIKEN Center for Computational Science (R-CCS). R-CCS is operating the world's leading supercomputer "Fugaku", and also has a strong Research

Division. R-CCS takes the lead in advancing the computational science and aims to be an international center of excellence for computational science
in collaboration with a wide range of research organizations. R-CCS integrates the computer science and computational science to conduct most
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advanced research and development of a wide range of applied scientific computation, as well as of high performance computing technologies. http ://WWW. data—aSSimilation.riken.iD/

Data assimilation (DA) is a cross-disciplinary science to synergize computer simulations and real-world data, using statistical methods and applied
mathematics. As computers become more powerful and enable more precise simulations, it will become more important to compare the simulations
with actual observations. DA Team performs cutting-edge research and development on advanced DA methods and their wide applications, aiming to
integrate computer simulations and real-world data in the wisest way. Particularly, DA Team tackles challenging problems of developing efficient and
accurate DA systems for "big simulations" with real-world "big data" from various sources including advanced sensors. The specific foci include 1)
theoretical and algorithmic developments for efficient and accurate DA, 2) DA methods and applications by taking advantage of the world-leading
supercomputer and "big data" from new advanced sensors, and 3) exploratory new applications of DA in wider simulation fields. These advanced DA
studies will enhance simulation capabilities and lead to a better use of high-performance computers.
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The Second IMT-Atlantique & RIKEN Joint Workshop: "Statistical Modeling and Machine Learning in Meteorology

and Oceanography”

Date: Feb. 10-13, 2020 (Mon-Thu)

Place: IMT Atlantique, Brest, France (Room: B1-114)

Language: English

@ Day 2: Feb. 11

Program
® Day 1: Feh. 10 Time Speaker Title
" " 6:30-10:00 Chen Wang Classification of global ocean SAR images for broader applications
Time Speaker Title
N N - N N . The psrameter estimation system in SCALE for reduced-precision floating-point
©:30-9:45 Takemasa Miyoshi & Pierre Tandeo |Opening (Perspective toward DA-AI fusion) 10:00-10:30 Tsuyoshi Yamaura
numbers
9:45-10:45 Michele Alessandro Bucci Keynote
10:30-10:45 - Break
10:45-11:00 - Break - - -
10:45-11:15 Kenta Sueki Estimation of key parameters in cloud microphysics using ensemble Kalman filter
11:00-11:30 Naonori Ueda AI approach for advanced weather forecasting — ) - — "
. . Accounting for the horizontal observation error correlation of satellite radiances in
11:30-12:00 Pierre Tandeo Selection of dynamic model using analog data assimilation 11:15-11:45 Koji Terasaki data assimilation
12:00-13:30 - Lunch break 11:45-13:15 - Lunch break
13:30-14:00 Paul Platzer Analog forecasting errors from a dynamical systems peoint of view ] Using precipitation radar for urban hydrology: motion interpolation and merging
- 13:15-13:45 Marie Boutigny
14:00-14:30 Arata Amemiya Mode s correction by ML with rain gauges
14:30-15:00 Shigenori Otsuka Toward hybrid NWP-AI system for precipitation nowcasting Application of analog data assimilation to the spatial-temporal interpolation of sea-
13:45-14:15 Zhen Yicun & Jean-Marie Vent
15:00-15:15 - Break surface sediment concentration and sea-surface height
15:15-15:45 Maha Mdini Toward model acceleration by ML 14:15-14:30 - Break
15:45-16:15 Maxime Beauchamp A geostatistical journey through data and modeling in air qualit 14:30-15:00 Jules Guillot Data-Modsl Coupling for SST-DA
15-16: R i i Data-driven identification of geophysical dynamics: incorporating stability constraints
16:15-16:30 Introduction to breakeut discussion 15:00-15:30 Said Ouala [ = " g
- 3 in neural networks models
16:30-17:00 - Breakout discussion ——
15:30-16:00 - Breakout discussion
16:00-17:00 - Plenary discussion




I IMT-Atlantique & RIKEN Online Joint Seminar Series (Jointly with Data Assimilation Seminar Series)

Dates: Feb.17 - Apr.14, 2021

Language: English Online seminar series

Place: Zoom

To join the video meeting, please contact the following address in advance. da-seminar@riken.jp

Theme: Statistical Modeling and Machine Learning in Meteorology and Oceanography

This online joint seminar series follows the first and second joint RIKEN-IMT Atlantique workshops in 2019 and 2020. The main topic is the fusion of
Data Assimilation (DA) with Artificial Intelligence (AI) in the fields of Meteorology, Oceanography, and Climate. The use of Al and statistical techniques
such as neural netwaorks in geophysics has a potential to enhance our knowledge and to improve physical models” performance by exploiting more
from available observations and by accelerating DA workflow for real time response. This seminar series aims to exchange ideas about potential future
research on the fusion of DA and AI with HPC in the research fields of meteorology and cceanography for enhancing future collaborations between
RIKEN and IMT-Atlantigue based on the internaticnal agreement signed in 2019.

Seminar 1

@ Feb. 17: Jointly with OceaniX project of IMT-Atlantique

Time Speaker Title

JST 21:30-23:00

Dr. Takemasa Miyoshi Big Data, Big Computation, and Machine Learning in Numerical Weather Prediction
CET 13:30-15:00

Seminar 2: Application of deep-learning methods to environmental data

® Mar. 3

Time Speaker Title

JST 17:30-18:00 Dr. Aurélien Colin
CET 9:50-10:00 (IMT Atlantique & CLS)

Semantic Segmentation of Metocean Processes and Estimation of Ancillary Data




Seminar 2: Application of deep-learning methods to environmental data

® Mar. 3

Time

Speaker

Title

JST 17:30-18:00
CET 9:30-10:00

Dr. Aurélien Colin
(IMT Atlantique & CLS)

Semantic Segmentation of Metocean Processes and Estimation of Ancillary Data

JST 18:00-18:30
CET 10:00-10:30

Dr. Hirotaka Hachiya

JST 18:30-19:00
CET 10:30-11:00

Discussion

Seminar 3: Model acceleration and emulation using ML

@& Mar. 18

Time

Speaker

Title

JST 17:30-18:00
CET 9:30-10:00

Dr. Maha Mdini

Accelerating Climate Model Computation by Neural Networks

JST 18:00-18:30
CET 10:00-10:30

Dr. Simon Benaichouche
(IMT Atlantique & e-odyn)

Variational learning of sea surface current reconstructions from AIS data streams

JST 18:30-19:00
CET 10:30-11:00

Discussion

Seminar 4: Characterization of model errors using ML

® Mar. 31

Time

Speaker

Title

JST 16:30-17:00
CET 9:30-10:00

Dr. Yicun Zhen
(Ifremer & IMT Atlantique)

JST 17:00-17:30
CET 10:00-10:30

Dr. Arata Amemiya

Connecting Data Assimilation and Neural ODEs

JST 17:30-18:00
CET 10:30-11:00

Discussion

Seminar 5

® Apr. 14

Time

Speaker

Title

JST 16:30-17:30
CET 9:30-10:30

Dr. Pierre Tandeo

JST 17:30-18:00
CET 10:30-11:00

Discussion




Only in 10 minutes!!
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1.34 m JFin 10 minutes!!

5 people died in River Toga in Kobe

on July 28, 2008
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4 Big Data Assimilation
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Observations Simulations
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omiorin Nacova =2NIED
nicPs Development of MP-PAWR s e

OSAKA UNIVERSITY

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.” WIE4/ <~ 8777
. 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
T

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. 12
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Real-time workflow

NCEP GFS NCEP GFS NCEP GFS NCEP GFS
NCEP PREPBUFR NCEP PREPBUFR NCEP PREPBUFR NCEP PREPBUFR
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D Dy

D1 (13- D1 (18-km mesh) DA
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$ UTC 12:10
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7
2
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o
@ PAWR obs
via JIT-DT

' D2 (6-km mesh)



Real-time job scheduling

Job schedule

1200

1000 Jem

800
5
S 600 D4 DA cycle & fcst
(992 nodes)
D1 DA cycle
400 (156 nodes, 20min)
D1&D2 fcst
(182 nodes, 45min x 2)
D3 fest
200 (208 nodes, 45min)
D4 boundary
(208 nodes, 10min x 4)
0
03)ST 06)ST 09)ST 12)ST 15)ST 18JST 21)sT 00JST 03)ST

(1BUTC) (21UTC) (oouTC) D3UTC) (DBUTC) (D9UTC) (12UTC) (15UTC) (1BUTC)



| 25 August 2019 00:40 JST | Past case Stud

JMA Nowcast This study MP-PAWR
10-min lead 10-min lead observation
Valid: 15:40:00 08/24/2019
JMA Nowcast (FT=10min) SCALE-LETKF (FT=10min) PAWR Obs (mm/h)
1 36.2°N
36.1°N
36°N
\
35.9°N 35.9°N
.
35.8°N 35.8°N
BTN 35.7*N
35.6°N ] 35.6°N
" . & -
139 2°E 1.3°E 139 4°E 139.5°E 13.6°E 139 ?‘3 8°E 13:9 9°E 140°E 139 2°FE 139.3°E 139.4°E 139.5“E-l3'3 6°E 139.7°E 139 8°E 139.9°E 140°E 139 2°E 139.3°E 139 4°FE 1395°E 139 B"E'139 T*E 139.8°E 139.9°E 140°E

Process-driven model predicts
rapid changes of rains

« Rapid development (red broken circles)
« Rapid weakening (left of red circles)




Smartphone app by MTI Co. Ltd.
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Verify & Publish Improve Test in 2021




Data Assimilation (DA)

Observations Simulations

Data Assimilation

1 + 1

>2
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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

/§imulated Statp/

Observations




Scientific methods

Observations
Experiments

Noisy/missing




Scientific methods

Observations
Experiments

Dealing with
oise/miss

damental Yaws
{nowledge

15t science (experimental)



. Scientific methods

Observations
Experiments

2nd gcience (theoretical)



Scientific methods

Observations Cor
Experiments

puting beyond
man abilit

Simulation

31d gcience (computational)



Scientific methods

Observations
Experiments

4t science (data-centric)



Data Assimilation

Observations
Experiments Simulation

Data Assimilation connects
data and simulation
and brings synergy



The 5% paradigm?

Observations
Experiments Dyna ams Simulation

5t science ??
(data X computation)



. DA worktlow

Best estimate
( )// Initial State

Simulation
Simulated Statp/
-pe-ieoobo-

S1m-to-Obs Ob -
SO ion
conversion SCIVallons

gim—minus-Ob/s/:

Broad-sense DA



. DA = math of errors




Merging 2 information (Bayesian estimation)

P,
/\ Probability distribution
1S essential.

Fcst Obs
Merging
Fcst&Obs
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sigma=0.117
skew=-0.551
kurt=—0.762
KLD=0.086
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Sample size = Resolution of probability
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- Kondo&Miyoshi
: (2019, NPG)
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Miyoshi

9, NPG)

doi:10.5194/npg-26-211-2019
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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




Fugaku K (and other HPCs)
€ Good for both Big DA € Good for Big DA
€ Not suitable for ML




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

computation data on

é imulat

ed Statp/ HPC (cannot move)

l odel-obs relationship

Sim-to-Obs

. s @
: ation
conversion %{Observ ons

Quality control

Sim-minus- Ob/s/

Broad-sense DA



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.

Better
Threshold: 1 mm/h Threshold: 10 mm/h
1.0 171 1.0 ot
i 1 Persistence
1—— TREC
_ 1 1 SCALE (%)
081 NI J betten 0.8
© I —
o ' 1 5 '
UD*E- \- UD.E
[7)] B . w =
s i 1 +
o : {1 © !
O 0.4} 4 2 o4
i - L - I
— —
0.2} - 0.2
P 0 40 bl | I BTN BT NS |

0.0 L 0.0 L
0 100 200 300 400 500 600 0O 100 200 300 400 500 600

Forecast time (s) Forecast time (s)
(*) SCALE: 30s accumu. rain, others: rain rate @2km (*) SCALE: 30s accumu. rain, others: rain rate @2km



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

from low-resolution mode

Best estimat :
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Climate Model Acceleration by Machine Learning

Experiment

£ B
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1. Process-Driven Physical Model (PDPM)
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Model Acceleration: Results

Criterion: Anomaly Correlation Coefficient (ACC)

Predictability range: ACC > 0.6 Wall-clock computer time
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Nonlinear bias correction with ML Amemiya, Mohta, Miyoshi

forecast observation
) S x{+1 Yt+1
Model
X1 = M(x;)
LETKF v
Analysis 1

Xiy1 = 35{+1 + K (yt+1 - H(’f{+1))




Nonlinear bias correction with ML Amemiya, Mohta, Miyoshi

forecast observation
f
T X Yt+1

Bias correction

% =bl,,..) RNN
Model

Xer1 = M(x,)

LETKF v
Analysis 1

Xip1 = :i{+1 + K (yt+1 — H(%{H))

Train the network b with {xfﬂ, x4}




|dealized experiments: LSTM is effective.

“Nature run”: Shear Lorenz96 model (Pulido et al., 2018)

d hc
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d hc
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Satellite simulator with ML

NOAA-15, Ch.7

Model Radiative Satellite

observations 1001 actual
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