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Heavy Rains and Our R & D Strategy
Examples for heavy-rain-induced disasters

20200707 00UTC

Pacific High

Seasonal rain front

July 2020 in Kyushu
(Damage: 4.1billion USD)

Sept 2015 in Kanto/Tohoku
(Damage: 2.1billion USD)

・to limit evaporation from the ocean ☹
・to change large-scale circulations ☹
・to reduce water vapor before arrival on land
 generating heavy rain artificially over upstream ocean

Jan 2023 in California, US
(Damage: 31 billion USD)

Heavy Rain
Heavy Rain

tenki.jp Los Angeles Times

20230115 *AccuWeather, US

Possible strategies to mitigate such disasters

Typhoon

L

20150910 06UTC

Heavy Rain

tenki.jp



Generation of Heavy Rains

Ocean

W
ater

Vapor

①initiate updrafts 
(kite, fountain)

②heating up 
the atmosphere

(MW, Gas)

Land

Generated
Convections

To generate heavy rains artificially, we need to
(1) generate convections

by lifting up dynamically (~LFC), or heating thermodynamically (~CIN)



Generation of Heavy Rains

Ocean

W
ater

Vapor

Land

③
Seeding

W
ater

Vapor

generate heavy rains reduced water vapor reduced rain

To generate heavy rains artificially, we need to
(1) generate convections

by lifting up dynamically (~LFC), or heating thermodynamically (~CIN)
(2) organize subsequent convections

by leading back-building-type successive rains using cold pool   

Organized
Convections

②heating up 
the atmosphere

④
Overseeding



Orders of LFC and CIN
To generate heavy rains artificially, we need to

(1) generate convections
by lifting up dynamically (~LFC), or heat thermodynamically (~CIN)

just before the heavy rain
(20210810 00UTC)

during a heavy rain 
(20210811 00UTC)

LFC : 770 m
CIN Energy : 1.31 (J/kg)

LFC : 3,200 m
CIN Energy : 47.0 (J/kg)

(Data: Kagoshima sonde of University of Wyoming, USA)

★

tenki.jp

★

tenki.jp



Problems to be solved toward weather control

Meteorology
how to generate heavy rains?

Question: Can artificial interventions mitigate heavy rains?
 Numerical experiments with NWP models before field experiments.

Overseeding Kites



An over-seeding experiment using an NWP model (WRF)

Heavy rain in Hiroshima (2014) CTRL w/ overseeding

Qcloud,  Qice, Qrain3hr Precipitation
CTRL: 225 mm
(Obs: 248mm)

Changes in
3-hr precip. increase

decrease

Changes in precip.

© wikipedia

Overseeding successfully reduces heavy rain by suppressing deep convections. 

reduced precip.
approx. 0.5%

damage reduction
(about 230 million JPY)

PI Hiraga PI Kazama



Kite experiments using an NWP model (SCALE)
Kites increase precip. over upstream ocean, leading to reduced precip. in downstream regions.

PI Yasunaga
(Toyama U.)

PI Okazaki
(Chiba U.)

200 m

300 m

a kite (or atmospheric embankment) over ocean.

tenki.jp

×100 kites
24-h precipitation (a mamber)

decrease Increase 

24hr
Precip. (mm)

CTRL w/ Control 

Reduced
Precip.



Problems to be solved toward weather control

Manipulations

Mathematics

Meteorology

RRI

Legal Problems

how to optimize manipulations?

how to generate heavy rains?

how to realize interventions?

how to realize in society?

how to design society?

RRI: Responsible Research and Innovation



Problems to be solved toward weather control

Manipulations
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Meteorology

RRI
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how to generate heavy rains?

how to realize interventions?

how to realize in society?

how to design society?



DA Research for Weather Control



Objective of Data Assimilation Research
St

at
e

timepresent (t)

separatrix

uncertainty

future (t+T)

w/o control

w/ control

Challenge:
limited impacts of control inputs

w.r.t. atmospheric dynamics

control input

Mathematical weather control methods are necessary to optimize interventions.
 to introduce the model predictive control (MPC) into data assimilation



Model Predictive Control for Weather Control
Suppose we would like to lead the 

atmosphere toward a desirable future From NICAM-LETKF 100 member forecasts

Ensemble Forecast
(e.g. 2-day fcst)

Analysis
Ensemble



Model Predictive Control for Weather Control
Suppose we would like to lead the 

atmosphere toward a desirable future From NICAM-LETKF 100 member forecasts

Analysis
Ensemble

a desirable future

Add control inputs
consecutively



Trajectory-tracking MPC as DA

MPCData Assimilation 

𝐽 𝐱଴

𝐻: observation operator
𝐁: background error covariance matrix
𝐑: observation error covariance matrix

=  𝐱଴ − 𝐱଴
௙ ୘

𝐁ିଵ 𝐱଴ − 𝐱଴
௙ + ෍ 𝐻௧ 𝐱௧ − 𝒚௧

୘𝐑ିଵ 𝐻௧ 𝐱௧ − 𝒚௧

𝝉

௧ୀଵ

𝐽௕௔௖௞௚௥௢௨௡ௗ 𝐽௢௕௦௘௥௩௔௧௜௢௡

𝐽 = 𝐽௜௡௣௨௧ + 𝐽௦௧௔௧௘ + 𝐽௧௘௥௠௜௡௔௟

𝑦௥, 𝑦௣

𝐻௥, 𝐻௣

𝐒௥, 𝐒௣

𝐽௜௡௣௨௧ 𝐽௦௧௔௧௘

trajectory tracking approach:❷ 𝐽 = 𝐮଴ 𝐒𝐮
ଶ + ෍ 𝐻௧

௥ 𝐱௧ − 𝑦௧
௥

𝐒𝒓
ଶ

೛்

௧ୀଵ

penalty term approach: ❶ 𝐽 = 𝐮଴ 𝐒𝐮
ଶ + ෍ 𝐻௧

௣ 𝐱௧ − 𝑦௧
௣

𝐒𝒑

ଶ
೛்

௧ୀଵ

= 𝛿𝐱଴ 𝐁
ଶ + ෍ 𝐻௧ 𝐱௧ − 𝒚௧ 𝐑

ଶ
ఛ

௧ୀଵ

: pseudo-observations
: pseudo-observation operators
: pseudo-observation error covariance matrix

Oral (Day 3)
by K. Kurosawa

Dr. Kurosawa

Kurosawa et al. (in prep.)

MPC can be represented by data assimilation: Henderson et al. (2005), Sawada et al. (arXiv) 



Optimizing Interventions using SCALE-MPC

a warm bubble experiment

L1: sparse and strongerL2: dense and weaker

bottom

top
Z

Y

∆𝐱೔೙೔೟
௜௡௜௧ s.t. ௜௡௜௧ ௜௡௜௧ ௥௘௙

Convex optimization using SCALE

CTRL (w/o interventions) 

Reference
(to reduce intense precip.)

L2 norm

L1 norm

We started coupling model predictive control (MPC) with NWP model,
in which initial perturbations are optimized by solving convex optimization problem.

PI Ohtsuka
(Kyoto U.)

Problem: perturb RHOT (potential temp.)
for leading preferable precip. Ohtsuka et al. (submitted)



Suppose we would like to lead the 
atmosphere toward a desirable future 

Analysis
Ensemble

a desirable future

Add control inputs
consecutively

From NICAM-LETKF 100 member forecasts

Step 1. to boost ensemble forecasts 
Step 2. to find a desirable trajectory

from ensemble forecasts
Step 3. to accelerate MPC optimization

a case of heavy rain in 2018

Remaining Issues



Coupling AI-based Model with DA

Kotsuki et al. (arXiv, and submitted)



Boosting ensemble predictions using AIs
We are advancing downscaling AI to predict heavy rainfall 

as well as medium-range forecasts enabled by AI weather model coupled with data assimilation.

AI-based 6h forecasts
(SwinUnet + Diffusion)

Radar Obs.

135 min
in 6h

Downscaling & ensemble generation (~1day)

2016/7/9
0:00(UTC)

intense precip.
predicted!

Medium-range ensemble forecasts (~5days)

T500 (observed)

ー: RMSD, ---: Spread

AI model ClimaX
coupled with

LETKF

1-yr data assimilation cycle 

PI Kera PI KotsukiPI Matsuoka

Kotsuki et al. (submitted)



Training of ClimaX
• This study: low-resolution version of ClimaX (x:64, y:32, z:7)

• about 12 hours for training using an NVIDIA/A6000ada

• Reference Information: GraphCast (0.25 resolution)

3.22 (/hr/TPU) * 32 (TPU) * 24 (hr) * 28 (days) 69,242 USD 10,386,150 JPY 
(only for the final training) 



SPEEDY/ClimaX – LETKF System (as of Oct. 2024)

Simulation Models
・SPEEDY (96x48x7; Global)
・ClimaX (64x32x7; Global)
・NWP model(s)?

Data Assimilation Core
・LETKF, Stochastic EnKF (i.e., PO) 

LPF, LPFGM and their hybrid
(transform mtx-based implementations)

・Inflations: multiplicative, RTPP/RTPS, additive

Obs DataObs Operator

analysis

forecast

obs-fcst

obs ・OSSE for SPEEDY
・OSE for ClimaX

(based on WB)
 Prepbufr (WIP)

Verification Metrics
・RMSD vs. Spread
・CRPS

Fortran or Python

Fortran

Fortran

Using two docker containers for ClimaX-LETKF
approx. 20 hrs for 1yr cycle with 20-core CPU



ClimaX (Training, Observation)
(1) Training Curve (ACC)

(2) Observing Network (Simulated obs)



Data Assimilation Experiments (20-member)

Temperature at 500 hPa (observed) GPH at 500 hPa (unobserved)

Data assimilation cycled stably for ClimaX over one year with EnKF.

ー: RMSE

--: Spread

Improvements due to direct and indirect impacts
RMSE: verified against WeatherBench



Data Assimilation Experiments

Temperature at 500 hPa (observed)

Optimal localization scale for ClimaX was much shorter than NWP model.
This implies the AI model is less efficient to capture dynamically-balanced error cov.

20-member ClimaX-LETKF
(AI model ~ 500 km resolution)

20-member SPEEDY-LETKF
(an NWP model ~ 400 km resolution)

ー: RMSE

--: Spread



Covariance Inflation (L=600 km)

ClimaX-LETKF (AI model) NICAM-LETKF (NWP model)

ClimaX required much more inflation than NWP model.
This implies the AI model is much less chaotic, maybe due to training w.r.t. reanalysis

Kotsuki+17, QJRMS



A naïve wonder: Can AI acquire “Chaos”?

averaged over December 01, 2017

RMSE – Ens. Spread

CRPS (skill-spread)

RMSE and Skill verified against Weather Bench

★ ★the true
trajectory

DNNs use “edge of chaos” to realize various  predictions from slightly different inputs. 
Whether or not such AIs can acquire “chaos”?

Or, the less chaoticness came from the training w.r.t. analysis w/ MSE?



Capturing Preferable Trajectory

Oettli and Kotsuki (2024; JGR-A)
Oettli et al. (in prep.)



Question: Which trajectory should we track? 

a case for
16-member

forecast



How to interpret ensemble forecasts (conventional)

State-space
Ensemble Prediction

Schematic Image of 
Ensemble Prediction

homogeneously-spreading forecasts



How to interpret ensemble forecasts (proposed)

State-space
Ensemble Prediction

Initial
state

Heavy
rain

Non-
disaster

Latent-space
Landscape

ensemble
prediction

separation

Non-
disaster

la
te

nt
 s

pa
ce

Forecasts clustered by attractor
Idea comes from Waddington’s epigenetic landscape 



100-member Prediction of Heavy Rain in 2018

OBS

4.5-day FCST

3.5-day FCST

4 / 100
successful

96 / 100
successful

5.5-day FCST

Initial
state

Heavy
rain

Non-
disaster

ensemble
prediction

separation

Non-
disaster

We have been encountering 
regime changes of forecasts

for disastrous events

w/ NICAM-LETKF
(Kotsuki et al. 2019)



A trial to capture “meteorological” landscape
Waddington’s 

Epigenetic Landscape (1957) 

a cell before differentiation

possible differentiations

Dr. OettliPI Imoto PI Tokuda

separation

Oettli et al. (in prep.)



Quantum Data Assimilation

Kotsuki et al. (2024; NPG Letters)
Tsuyuki et al. (in prep.)



Challenges for Weather MPC (DA)
• Implications from L63, L96 & SCALE MPC experiments

• (1) MPC should be accelerated
• (2) sometimes optimizations drop into local minima

Quantum Annealers (QA) may solve the issues above.
 Start investigating QAs for 4DVAR, a well-known DA problem



Quantum Annealer

Hamiltonian Qubits (to be read out from QPU)

Quadratic Unconstrained Binary Optimization (QUBO; a.k.a. Ising model)

input



To reformulate 4DVAR to QUBO
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Can handle 16 integers (-8, -7, ….., +7)



Experiments

Cost Function Method

QUO-NL

QUO-L

QUBO-Sim

QUBO-Phy

𝐽 = δ𝐱଴
்𝐁ିଵδ𝐱଴

+ ∑ 𝐝௜
௢ − 𝐇௜𝐌௜|଴δ𝐱଴

்𝐑௜
ିଵ 𝐝௜

௢ − 𝐇௜𝐌௜|𝟎δ𝐱଴

𝐽 = δ𝐱଴
்𝐁ିଵδ𝐱଴

+ ∑ 𝐝௜
௢ − 𝐇௜𝐌෩ ௜|଴δ𝐱଴

்𝐑௜
ିଵ 𝐝௜

௢ − 𝐇௜𝐌෩ ௜|଴δ𝐱଴

் ்

் ்

Quasi-Newton 
Method

Quasi-Newton 
Method

Simulated QA

QA

①

②

③

③

• Model : Lorenz-96
• DA : 2-day window 4DVAR , every 6-hourly 40 obs
• Experimental period : 100 day (off-line DA)

Fixstars Amplify
(65536 bits)

https://dwavejapan.com/system/

D-Wave
(about 5000 bits
~ 170 logical qubits)



slightly degraded
stochastic noise

Scipy BFGS 
w/wo outer loop 

(w/wo TLM/ADJ updates)

Simulated
QA 

(GPU-based)

Physical
QA

(D-Wave)

very fast!

QAs used 4 quantum bits (QBs) 
for a real number

due to the limitation of total QB. (170 QBs)

Average of 50 data assimilations (window: 2 days, 40 obs, B is manually tuned)

linearized FGbinarized

Quantum Data Assimilation for 4DVAR w/ L96

Kotsuki et al. (2024; NPG Letters)

Poster Session 4

F. Kawasaki



Considering “quartic” cost function 

𝐽 𝛿𝒙଴
(௟) =  

1
2 𝛿𝒙଴

(௟) + ∆𝒙଴
(௟) ୘
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(௟) + ∆𝒙଴

(௟)

         +
1
2 ෍ 𝑯௞𝛿𝒙௞

(௟) − 𝒅௞
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(௟) ≔ 𝒙଴ − 𝒙଴

௟ = 𝑳𝒖, ∆𝒙଴
௟ ≔ 𝒙଴

௟ − 𝒙଴
௕, 𝑩 = 𝑳𝑳୘

𝛿𝒙௞
(௟) ≔ 𝒙௞ − 𝒙௞

௟

≈ 𝑴௞
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(௟) + ଵ
ଶ

𝛿𝒙଴
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(௟)

⋮
𝑵௞ ௡

(௟)
 𝛿𝒙଴
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- Cost function for the l th outer loop - 2nd-order approximation

local minimum
minimum by QA

global minimum

𝒙଴
(௟)

Fully nonlinear trajectory

Mk , {Nk i }

Quantum 
Annealing
for QUBO

Gradient method

O
ut

er
 lo

op

Prof. Tsuyuki



How can we treat quartic function by QA?
‣ QDA can solve polynomial equations 

‣ i.e., beyond quadratic unconstrained problems like 4DVars

ଵ ଶ ଷ

a simple example with three binaries:

ଷ ଵ ଶ ଵ ଶ

a cubic function

a quadratic function

ଵ ଶ ଷ
a dummy variable

ଵ ଶ
0 0 0 0
0 1 0 0
1 0 0 0
1 1 0 1
0 0 1 3
0 1 1 1
1 0 1 1
1 1 1 0

E becomes 0 only when = ଵ ଶ
 adding this term

imposes = ଵ ଶ

Point: 
Any polynomial equations

can be converted into QUBO.

a scalar



4DVAR-QA Experiments w/ Lorenz63 (w/ long window)

Prof. Tsuyuki𝒙଴
௕, 𝒚௢, 𝑩

GM 𝒙ସୈ୚ୟ୰
௔

𝐽 < 𝐽௖

QA GM 𝒙ସୈ୚ୟ୰
௔

𝒙୉୬୏୊
௔

𝐽 ≥ 𝐽௖

𝐽 < 𝐽௖

𝐽 ≥ 𝐽௖

Outer 
loop

GM: Gradient Method
QA: Quantum Annealing

RMSE _success = 0.542 failures = 66.7%

QA
RMSE = 0.547    failures = 8.4%

Tsuyuki et al. (in  prep.)

GM (4DVAR)-only

GM + QDA
DA window length = 3.0

Conventional
4DVAR

Proposed
4DVAR-QA



Summary
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Summary and Future Plans
• We started the new weather control project for heavy rains.
• Our project needs to be enhanced for

• engineering studies for interventions
• international collaborations for accelerating R & D

Ocean

W
ater

Vapor

①Create 
cold pool or dome

Land

③
Seeding

W
ater

Vapor

Organized
Convections

②heat up 
the atmosphere

We are happy to
take any suggestions!



Take Home Message

Real World

Data Assimilation

Figure from JMA website
Cyber World

Control

The DA community has realized generalized synchronization via data assimilation.
Weather control tries to realize another synchronization for the atmosphere as physical reservoir.

Weather control is a data assimilation problem, and can deepen DA research too.


