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observations and a model, and
brings synergy.
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INSIGHTS and INNOVATIONS

“Big Data Assimilation” Revolutionizing
Severe Weather Prediction

BY TAKEMASA MivosHI, Masaru KUNII, JuAN Ruiz, GUo-YUAN LIEN, SHINSUKE SATOH,
Tomoo UsHio, KoTaro BessHo, HIRoMU SEko, HIROFUMI TOMITA, AND YUTAKA ISHIKAWA

ata assimilation (DA) integrates computer simula-

tionsand real-world observations based on statis-

tical mathematics and dynamical systems theory,
and plays a central role in numerical weather predic-
tion (NWP). As computing and sensing technologies
advance, DA will deal with “big simulations” and “big
data” Here we focus on rapidly changing convective
weather and explore a future direction of two orders
of magnitude more rapid weather forecasting by in-
novating what we call “big data assimilation” (BDA)
technology. Tremendous efforts have been devoted
to convective-scale NWP and radar DA, including
the U.S. effort on the “Warn-on-Forecast” project
(Stensrud etal. 2009; 2013), which has been pioneering
rapidly updated NWP to be used for warnings about
convective-scale hazards. Sun et al. (2014) provided a
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comprehensive review on this subject with a rich body
of literature. Extending a wealth of previous studies,
this article presents the concept of BDA research and
the first proof-of-concept results of a real high-impact
weather case, exploring 30-min forecastsat 100-m grid
spacing refreshed every 30 s—120 times more rapidly
than hourly updated systems. This revolutionary NWP
is only possible by taking advantage of the fortunate
combination of Japan’s most advanced technological
developments: the 10-petaflops (floating-point op-
erations per second) “K computer” and Phased Array
Weather Radar (PAWR; Ushio et al. 2014; Yoshikawa
etal. 2013). The science and analytics of big data, typi-
cally characterized by four “big V’s” (volume, variety,
velocity, and veracity), are growing rapidly, and BDA
is one of the first two projects awarded by the Japanese
government strategic funding program started in 2013
on general big data applications.!

In contemporary weather forecasting, radar ob-
servations and NWP play an essential role in real-
time monitoring and short-term prediction of severe
weather. The widely used parabolic-antenna radar ob-
serves rain intensity along a curvilinear beam track.
The radar is rotated, and changes the azimuth and
elevation angles to capture the whole sky typically in
5 min for 15 elevation angles. Also, typical convective-
scale NWP updates forecasts every hour for the next
O(10) hours at O(1)-km grid spacing. However, con-
vective weather systems evolve quickly in 5 min and
undertake a nonlinear evolution. The current NWP
systems that could possibly use all 5-min radar data at
the highest frequency may still be far from sufficient
to precisely represent individual convective activities.

Here we explore what the highest-end, next-gen-
eration supercomputing and sensing technologies
can do at their full capacity, pioneering the future of
weather forecasting for the next 10 years. The cut-
ting-edge PAWR implemented in Osaka, Japan, in

! The other project is on pharmaceutical science, focusing on

drug discovery and production.
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K computer and high-tech weather radar come together to predict Press Releases v

sudden torrental rains

2015
Today, supercomputer-based weather predictions are typically done with simulations that use grids spaced at 2014
least one kilometer apart, and incorporate new observational data every hour. However, due to the 2013
roughness of the calculations, these simulations cannot accurately predict the threat of torrential rains, 2012
which can develop within minutes when cumulonimbus clouds suddenly develop. Now, an international team
led by Takemasa Miyoshi of the RIKEN Advanced Center for Computational Science (AICS) has used the 2011
powerful K computer and advanced radar observational data to accurately predict the occurrence of 2010
torrential rains in localized areas. 2009
2008
The key to the current work, to be published later this month in the August issue of the Bulletin of the American 2007
Meteorological Society, is “big data assimilation” using computational power to synchronize data between large-scale 2006
computer simulations and observational data. 2005
News

Using the K computer, the researchers carried out 100 parallel simulations of a convective weather system, using the

nonhydrostatic mesoscale model used by the Japan Meteorological Agency, but with 100-meter grid spacing rather Events & Symposiums

than the typical 2-kilometer or 5-kilometer spacing, and assimilated data from a next-generation phased array
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Using the K computer, the researchers carried out 100 parallel simulations of a convective weather system, using the
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INVITED
FAPER

“Big

Data Assimilation”

Toward Post-Petascale
Severe Weather Prediction:
An Overview and Progress

This article summarizes the activities and progress of the big data assimilation
project for severe weather prediction and concludes with perspectives toward the

post-petascale supercomputing era.

By Takemasa MivosHi, Guo-Yuan Lien, SHINSUKE Saton, Tomoo UsHlio,

Koraro BeEssHo, Hirorumi TomiTa, SEiva NisHizawa, Ryuj1 YOosHIDA,

SACHIHO A. ApACHI, JIANWEIL L1A0, BALAZS GEROFI, YUTAKA [SHIKAWA,

Masaru Kunii, Juan Ruiz, YasumiTsu MagjIMA, SHIGENORI OTSUKA,

MicHiko Orsuka, Kozo OkamoTo, aND HiroMU SEKO

ABSTRACT | Following the invention of the telegraph, elec-
tronic computer, and remote sensing, “big data” is bringing
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another revolution to weather prediction. As sensor and
computer technologies advance, orders of magnitude bigger
data are produced by new sensors and high-precision com-
puter simulation or “big simulation.” Data assimilation (DA}
is a key to numerical weather prediction (NWP) by integrat-
ing the real-world sensor data into simulation. However, the
current DA and NWP systems are not designed to handle the
“big data” from next-generation sensors and big simulation.
Therefore, we propese “big data assimilation” (BDA) innova-
tion to fully utilize the big data. Since Octeber 2013, the Ja-
pan's BDA project has been exploring revolutionary NWP at
100-m mesh refreshed every 30 s, orders of magnitude finer
and faster than the current typical NWP systems, by taking
advantage of the fortunate combination of next-generation
technologies: the 10-petaflops K computer, phased array
weather radar, and geostationary satellite Himawari-8. So
far, a BDA prototype system was developed and tested with
real-world retrospective local rainstorm cases. This paper
summarizes the activities and progress of the BDA project,
and concludes with perspectives toward the post-petascale
supercomputing era.

KEYWORDS | Atmospheric measurements; computer applica-
tions; Kalman filtering; optimal control; phased array radar;
remote sensing simulation: supercomputers; weather
forecasting

This work is licensed under a Creative Commons Attribution 3.0 License. For more information, see http:/ creativecommons. org/licenses/by/ 3.0/
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Pioneering “Big Data Assimilation” Era
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- 9/11/2014 morning, sudden rain

JMA observation

2014E09 BN B0/ By 5575

I looked at this obs
at 8 am.

Decided to bike to office.
~+ [t takes about 30 min.
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9/11/2014 morning, sudden rain
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- 9/11/2014 morning, sudden rain

JMA observation

2011409 HNIE| 075577

I looked at this obs
at 8 am.

Decided to bike to office.
-+ ]t takes about 30 min.

It 1s almost impossible
to predict from this obs!
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Future directions

Timely and accurate forecast

‘ > <

Timeliness Accuracy

Observation data processing (Satoh G, Ushio G) Observation method (Ushio G)
Quality control (Satoh G) Quality control (Satoh G)

Observation data transfer (Ishikawa G) SCALE physical processes (Tomita G)
SCALE computation (Tomita G) LETKF assimilation method (Miyoshi G)
LETKF computation (Miyoshi G)

Inter-job data transfer (Ishikawa G)
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Overview
GSMaP_RNC is a short-term forecast of global precipitation based on space-time extrapolation of GSMaP NRT.
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Computers keep advancing. ..

e With the “post-K” supercomputer (~2020), we can afford
100 samples of the global 870-m simulation.

With the Post-K, we aim to run 1000-sample
global NICAM-LETKF at 3.5-km resolution

in close collaboration with the FLAGSHIP 2020 project

—

The Japanese 10-Peta-Flops K bomputer ©RIKEN
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Abstract

The local ensemble transform Kalman filter (LETKF) with an intermediate atmospheric general
circulation model (AGCM) is implemented with the Japanese 10 petaflops (floating point
operations per second) “K computer” for large-ensemble simulations of 10,240 members, 2
orders of magnitude greater than the typical ensemble size of about 100. The computational
challenge includes the eigenvalue decomposition of 10,240 x 10,240 dense covariance matrices at
each grid point. Using the efficient eigenvalue solver for the K computer, the LETKF computations
are accelerated by a factor of 8, allowing a 3 week experiment of 10,240-member LETKF with an
intermediate AGCM for the first time. The flow-dependent 10,240-member ensemble revealed
meaningful long-range error correlations at continental scales. The surface pressure error
correlation shows teleconnection patterns like the Pacific North American pattern. Specific
humidity error correlation shows continental scale wave trains. Investigations with different
ensemble sizes suggest that at least several hundred members be necessary to capture these
continental scale error correlations.
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K computer runs largest ever ensemble simulation of global weather

Ensemble forecasting is a key part of weather forecasting today. Computers typically run multiple simulations,
called ensembles, using slightly different initial conditions or assumptions, and then analyze them together to
try to improve forecasts. Now, in research published in Geophysical Research Letters, using Japan's flagship
10-petaFLOPS K computer, researchers from the RIKEN Advanced Institute for Computational Science (AICS)
have succeeded in running 10,240 parallel simulations of global weather, the largest number ever performed,

using data assimilation to reduce the range of uncertainties.

The assimilation of the 10,240 ensemble data sets was made possible by a cross-disciplinary collaboration of data
assimilation experts and eigenvalue solver scientists at RIKEN AICS. The "Local Ensemble Transform Kalman Filter”
(LETKF), an already efficient system, was further improved by a factor of eight using the "EigenkExa" high-
performance eigenvalue solver software, making possible a three-week computation of data from the 10,240
ensembles for simulated global weather. By analyzing the 10,240 equally probable estimates of atmospheric states,
the team discovered that faraway observations, even going beyond 10,000 kilometers in distance, may have an
immediate impact on eventual state of the estimation. This finding suggests the need for further research on
advanced methods that can make better use of faraway observations, as this could potentially lead to an

improvement of weather forecasts.
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Advantage of large ensemble
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Largest ensemble simulation of global weather using real-world data Press Releases v
2015

When performing numerical weather predictions, it is important that the simulation itself be accurate, but it 2014

is also key for real-world data, based on observations, to be accurately entered into the model. Typically, 2013

weather simulations work by having the computer conduct a number of simulations based on the current 2012

state, and then entering observational data into the simulation to nudge it in a way that puts it closer to the 2011

actual state. The problem of incorporating data in the simulation—data assimilation—has become increasingly

complex with the large number of types of available data, such as satellite observations and measurements 2010

taken from ground stations. Typically, supercomputers today spend an approximately equal amount of time 2009

running the simulations and incorporating the real-world data. 2008

- NICAM-LETKF
A real-world study using (Terasaki et al. 2015)

the NICAM
(Miyoshi, Kondo, Terasaki 2015)
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Big Ensemble Data
Assimilation in Numerical
Weather Prediction

Takemasa Miyoshi, RIKEN Advanced Institute for Computational Science,
University of Maryland, and Japan Agency for Marine-Earth Science and Technology

Keiichi Kondo and Koji Terasaki, RIKEN Advanced Institute for Computational Science

Powerful computers and advanced sensors enable precise
simulations of the atmospheric state, requiring data
assimilation to connect simulations to real-world sensor

GUEST EDITOR’S INTRODUCTION
Scientific (Grand Challenges: Toward
Exascale Supercomputing and Beyond

VLADIMIR GETOV

data using statistical mathematics and dynamical systems
theory. Numerical weather prediction (NWP) thus enables
simulations that more closely represent the real world.

The authors explore the NWP-associated challenges

NOVEMBER 2015 . . h ]
in managing big data through supercomputing.
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Accelerating SPEEDY-LETKF

O Improve the eigenvalue solver (67~84% of the LETKF)

» EigenExa (Imamura et al. 2011)
- Timing [sec ] (48 nodes)

e R N R RN

Original 14.9 72.6 346.8 2035.3 -
EigenExa 3.1 6.6 12.2 30.6 91.0 320.4 1595.0

— Timing [sec.] (4608 nodes)

Ensemble size | 2560 | 5120 _| 10240

Original 165.4 1017.5 7419.3
EigenExa 22.3 118.0 802.1 9x

O Remove vertical localization, remove the vertical loop
« Timing with 10240 samples with 4608 nodes

_ Timing [sec.] RAM usage [GB]

Original 802.1 14.2
No vert. loc. 150.6 5X 8.8



Accelerating NICAM-LETKF

O MPI_SCATTER, GATHER = ALLTOALL

« 20 samples, 804 nodes
19.3 - 11.8 sec.

O Optimized DGEMM for the K computer
« 1809 - 808 sec.

O Remove the vertical loop
« 1280 samples, 804 nodes
I
Timing for LETKF 12488 sec. ® 2025 sec. ® 200 sec.
FLOPS/Peak FLOPS 7.4% 44.6 % 15.6 %



Data size in NICAM-LETKF

O 80 samples vs. 10240 samples

_ 80 samples 10240 samples

# of files 25,600 3,276,800
data size 30 GB 3,937 GB
timing 332 sec. (804 nodes) 140=%30 min. (~*6000 nodes)

_/

190x
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. Worktlow with current data size

Best estimate
( )// Initial State

~300GB
(100 samples, | ~300GB (100 samples, 1 time level)
1 time level) Simulation
| ~2TB (100 samples, 7 time levels)
N300Gﬁ§imulated Statp/
(100 samples, | ~2TB (100 samples, 7 time levels)
+1 time level ;
DA 2 [ Sim-to-Obs ~2GB - t'
. conversion £ servations
~200GB

(IOO SﬂHlplCS\ v N200GB (100 Samples)

gim—minus—()b/s/




. Workflow with extreme-scale

(Best estimate) —
Initial Stat
200TB / nitial State

(1000 samples, | ~400TB (1000 samples, 1 time level)

1 time level) Simulation

~3PB (1000 samples, 7 time levels)

N4OOTR{§imulated Statp/
(1000 samples, | ~3PB (1000 samples, 7 time levels)

y 1 time level) Sim-t0-Ob
1m-to- S

NITB
DA conversion Observations /
~1PB

~1PB (1000 samples) Challenge in global
(1000 samp h?m ml‘nus Ob/s/ data sharing

1/0 intensive!
Repetitions of I/O between separate programs
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Cyber-Physical framework for weather prediction
Data Assimilation is the key

Cyberspace Physical world

Nature
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Societal benefits

Industry applications
Industry partners SSINEREIETER ry app
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Medical sci. “cyber-weather”
“cyber-highway”, etc.
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Diverse communities Creating a new scientific movement
across the borders through DA

Education
New applications




