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History of LETKF implementation
• 2005 SPEEDY-LETKF (Miyoshi, Ph.D. thesis)

• 2006 NHM-LETKF (Miyoshi and Aranami, SOLA)

• 2007 AFES-LETKF (Miyoshi and Yamane, MWR)

• 2007 GSM-LETKF (Miyoshi and Sato, SOLA)

• 2010 MarsGCM-LETKF (Hoffman et al., Icarus)

• 2010 MASINGAR-LETKF (Sekiyama et al., ACP)

• 2010 SPRINTARS-LETKF (Schutgens et al., ACP)

• 2012 WRF-LETKF (Miyoshi and Kunii, Pure and Appl. Geophys.)

• 2012 ROMS-LETKF (Hoffman et al., J. Atmos. Oceanic Tech.)

• 2014 IsoGCM-LETKF (Yoshimura et al., JGR)

• 2015 NICAM-LETKF (Terasaki, Sawada, Miyoshi, SOLA)

• 2017 SCALE-LETKF (Lien et al., SOLA)

• 2022 sbPOM-LETKF (Ohishi et al., GMD)

• More… (e.g., AFES-Venus-LETKF, …)



Project Overview (FY2013-21)

NICAMGPM

LETKF

Local Ensemble Transform Kalman Filter 
(Hunt et al. 2007)

Goal: Look for most effective use 
of GPM precipitation 

measurements.

(JAXA)



Project Overview (FY2022-)
NICAM
sbPOM

GPM
AMSR3&GCOM-W

GCOM-C, EarthCARE

LETKF

Local Ensemble Transform Kalman Filter 
(Hunt et al. 2007)

Goal: Look for most effective use 
of satellite observations for clouds, 

precipitation, and the ocean

(JAXA)
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1. NEXRA

3. Ocean DA & Daily Analysis Production

4. GPM DPR DA

6. Obs-error correlations

5. EarthCARE CR

9. Ocean-Atmosphere Coupling

2. GSMaP_RNC and Seamless Precipitation Prediction System

7. ML for satellite obs operator

8. Local Particle Filter (LPF)

NEXRA updateOcean product
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NEXRA: overview

NICAM-LETKF JAXA Research Analysis
• A 5-day semi-realtime weather prediction system 
• Co-developed by AORI, RIKEN, and JAXA.
• https://www.eorc.jaxa.jp/theme/NEXRA/index_e.htm

NICAM-LETKF process 5-day forecast process

DA cycle: 6 hourly (00, 06, 12, 18 UTC）
Resolution: Glevel-6（112 km）
Ensemble size: 128
Assimilated Observations: PREPBUFR, 
AMSU-A, and GSMaP



NEXRA_2.0 14 km ensemble forecast test
■ Accumulated precipitation
■ Initial time：8/10 09JST (00UTC)
■ Duration：08/12 00JST–08/14 23JST



DA cycle and Forecast of NEXRA 2.0/3.0
DA cycle (LETKF) NEXRA 2.0 NEXRA 3.0 
NICAM version 16.2 (bug on land surface precipitation) 21.1 (bug fix, Optimized A64fx)
Horizontal res. 112km (GL06) 56 km (GL07)
Vertical layer 38 78
Cloud microphysics LSC NSW6-Roh
Cumulus parameterization PAS None
Member 128 128
Analysis(Forecast) U, V, W, T, Qv, (Qc) U, V, W, T, Qv, (Qc, Qr, Qi, Qs, Qg)
Observation Prepbufr, Amsu-A, GSMaP, mhs, atms Same as the left column 

Deterministic Forecast NEXRA 2.0 NEXRA 3.0

NICAM version 16.2 (bug on land surface precipitation) 21.3 (bug fix, Optimized A64fx)

Horizontal res. 14 km (GL09) 14 km (GL09)

Vertical resolution 38 78

Cloud process NSW6 NSW6-Roh +(Cumulus Parameterization?)

ATM initial condition Pressure level NEXRA ens-mean(26 layer) 
P, U, V, W, T, Qv, Qc, 

Model level NEXRA ens-mean(78 layer) 
P, U, V, W, T, Qv, Qc, Qr, Qi, Qs, Qg

LND initial condition Climatology A forecast ensemble member



Impact of Cumulus Parameterization (CP) using NICAM

Cumulus Parameterization (CP) would be required for NEXRA (GL09).

GSMaP (dx=0.1°) w/o CP with CP
NICAM GL09 (dx=14km) 1-day forecastHourly rain[mm/hr]

GSMaP (dx=0.5°) GL07 (dx=56 km)

Little rainfall



Sensitivity experiments using NEXRA

Resolution Cloud Convection

NEXRA2.0 GL06
(dx=112km) LSC PAS

NEXRA3.0
-ASIS

GL07
(dx=56 km) NSW6-Roh None

NEXRA3.0
-CHIKIRA GL07 NSW6-Roh CHIKIRA

Data Assimilation period: 2022/04/16 0600UTC-2022/05/31 1800UTC

Analysis period: 2022/05/16 0600UTC-2022/05/31 1800UTC (half month)

Ensemble size: 32



Zonal-mean Precipitation

Black: NEXRA2
Red: NEXRA3-ASIS
Green: NEXRA3-CHIKIRA
Blue: GSMaP

NEXRA3-ASIS overestimated precipitation compared with GSMaP.
 NEXRA3-CHIKIRA would be the most accurate.

Latitude
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• RMSD time series of temperature vs. JRA3Q : NEXRA 3 is better 

Compare between NEXRA2 and NEXRA 3 (LETKF, analysis mean)

NEXRA3.0 NEXRA2.0
100hPa

1.5 years 



• RMSD time series of zonal winds vs. JRA3Q : NEXRA 3 is better 

Compare between NEXRA2 and NEXRA 3 (LETKF, analysis mean)

NEXRA3.0 NEXRA2.0
100hPa



• RMSD time series of geopotential height vs. JRA3Q : NEXRA 3 is better 

Compare between NEXRA2 and NEXRA 3 (LETKF, analysis mean)

NEXRA3.0 NEXRA2.0
100hPa



• Time series of RMSD(Black)、Spread(red) 500hPa 60N-60S

NEXRA3.0 analysis



NEXRA 3.0 5 day forecast 

• 2023/08/01-31 (120+ forecasts are used)

• RMSD time series vs. JRA3Q : NEXRA 3 is better 
Black：NEXRA2
Green：NEXRA3

z500@NH T500@NH



NEXRA 3.0 forecast 

• Thread score vs. GsMAPv8

Over 0.5 mm/hr, 60N-60S Over 5 mm/hr , 60N-60S 

Black：NEXRA2
Green：NEXRA3



Research plans
FY2022 FY2023 FY2024

1. NEXRA

3. Ocean DA & Daily Analysis Production

4. GPM DPR DA

6. Obs-error correlations

5. EarthCARE CR

9. Ocean-Atmosphere Coupling

2. GSMaP_RNC and Seamless Precipitation Prediction System

7. ML for satellite obs operator

8. Local Particle Filter (LPF)

NEXRA updateOcean product



Machine Leaning approach for nowcasting

• GSMaP-based AI forecast
• ConvLSTM-based encoder-decoder
• Adversarial training

(NASA)



Previous version New version

Machine Leaning approach for nowcasting



New version

Machine Leaning approach for nowcasting



Machine Leaning approach for nowcasting

RNC

0.1 mm/h Threat scores
with respect to
GSMaP MVK

January 2024

MVK/NRT v8-based
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(1) Physically-based Observation Operator (P-OO)

Issue: Large effort to develop observation operator 𝐻𝐻
 
(2) Machine Learning (ML) Observation Operator (ML-OO)

Goal: Build ML-OO without physical-based model

Machine Learning for satellite obs. operator

𝐻𝐻 𝒙𝒙𝒇𝒇  : Forecast 
in obs. space 
(e.g., Radiance)

𝒚𝒚: Observation 
(e.g., Satellite radiance)

𝒙𝒙𝒂𝒂 = 𝒙𝒙𝒇𝒇 +  𝐊𝐊[𝒚𝒚 − 𝐻𝐻(𝒙𝒙𝒇𝒇)]
Nonlinear obs. operator

𝒙𝒙𝒇𝒇: Forecast
in model space
(e.g., Temperature)

𝒚𝒚: Observation 
(e.g., Satellite radiance)

𝒚𝒚: Observation (AMSU-A)
𝒙𝒙𝒂𝒂: Analysis (Temperature)

Training

𝑯𝑯: Physical Model
(RTTOV)

𝑯𝑯: Machine Learning
(DNN)

𝐻𝐻 𝒙𝒙𝒇𝒇  : Forecast 
in obs. space 
(e.g., Radiance)

𝒙𝒙𝒇𝒇: Forecast
in model space
(e.g., Temperature)



Validation relative to ERA Interim
 Sensitivity experiment

- CONV+AMSU-A （with bias correction) (P-OO)
- CONV+AMSU-A (ML-OO)
- CONV only

 Spatiotemporally averaged RMSD over the global and 1 month
Temperature Zonal wind

RMSD (K) RMSD (m s–1)

H
ei

gh
t (

hP
a) CONV only

CONV
+AMSU-A (P-OO)

CONV
+AMSU-A (ML-OO)

CONV
+AMSU-A (P-OO)

CONV
+AMSU-A (ML-OO) CONV only

ML-OO is slightly worse than P-OO,
but it is better than assimilating only CONV observations.

Better Better



Liang et al. (2023; JMSJ)



Research plans
FY2022 FY2023 FY2024

1. NEXRA

3. Ocean DA & Daily Analysis Production

4. GPM DPR DA

6. Obs-error correlations

5. EarthCARE CR

9. Ocean-Atmosphere Coupling

2. GSMaP_RNC and Seamless Precipitation Prediction System

7. ML for satellite obs operator

8. Local Particle Filter (LPF)

NEXRA updateOcean product



29

Idealized Experiment with NICAM-LETKF
• Simulated observations with Δx = 150 km

– Error standard deviations
• T = 2 (K),       U & V = 4 (m/s)

– Error correlations
• 15 pressure levels
• No correlation in different levels
• Condition number > 1010

Observation coverage map

Error correlation for the observation 
located at 136.047°W and 14.887°N 

Error correlations: 
Use Gaussian Function

(𝑅𝑅𝑖𝑖,𝑗𝑗) = 𝑒𝑒[12
𝑑𝑑 𝑖𝑖,𝑗𝑗
𝜎𝜎

2
]



30

Reconditioning the R Matrix

• The purpose of reconditioning is to stabilize the LETKF by 
reducing the condition number of the R matrix (cf. Weston et al. 
2014 for 4D-VAR)

– 𝜆𝜆𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚−𝜆𝜆𝑚𝑚𝑖𝑖𝑚𝑚𝜅𝜅𝑟𝑟𝑟𝑟𝑟𝑟
𝜅𝜅𝑟𝑟𝑟𝑟𝑟𝑟−1

≈ 𝝀𝝀𝒎𝒎𝒂𝒂𝒙𝒙
𝜿𝜿𝒓𝒓𝒓𝒓𝒓𝒓

• Friedman et al. (1981) estimate the largest eigenvalue of 
correlation matrix

– 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 ≥ 1 + (𝑛𝑛 − 1)�̅�𝑟, where �̅�𝑟 is the average of 
the non-diagonal components
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Analysis RMSE of temperature at 500 hPa(K)

Solid: RMSE
Dashed: Spread

Reconditioned to 103 is the best

Diagonal R is not optimal
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Summary of Idealized Experiments (1/2)
• Monthly-mean analysis RMSE (T at 500 hPa)

– Experiments with diagonal R (Monthly mean of March)

– Experiments with non-diagonal R (Gray: No experiment)
RTPS parameter

0.4 0.5 0.6 0.7 0.8 0.9 0.95 1.0
Full R F/D F/D
CN102 0.1362 0.1320 0.1386 0.1547
CN103 F/D 0.1108 0.1058 0.1173 0.1595
CN104 F/D F/D F/D 0.1127 0.1591

RTPS parameter
0.2 0.3 0.4 0.5 0.6

CTRL 0.3095 0.2772 0.2768 0.2798 0.2914
INFL 0.2591 0.2518 0.2522 0.2577 0.2705
THIN 0.2541 0.2477 0.2496 0.2598 0.2710
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• Monthly-mean analysis spread (T at 500 hPa)
– Experiments with diagonal R (Monthly mean of March)

– Experiments with non-diagonal R (Gray: No experiment)

RTPS parameter
0.2 0.3 0.4 0.5 0.6

CTRL 0.1086 0.1169 0.1272 0.1403 0.1557
INFL 0.1472 0.1589 0.1731 0.1921 0.2158
THIN 0.1889 0.2037 0.2225 0.2470 0.2767

RTPS parameter
0.4 0.5 0.6 0.7 0.8 0.9 0.95 1.0

Full R F/D F/D
CN102 0.1717 0.1985 0.2351 0.2854
CN103 0.1118 0.1284 0.1604 0.2101 0.3110
CN104 0.067 0.087 0.1183 0.1796 0.2802

Summary of Idealized Experiments (2/2)



Terasaki and Miyoshi (2024, MWR)
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LORA: LETKF-based Ocean Research Analysis ver. 1.0
- Daily 3D-analysis ensemble mean and spread
- Daily 128 ensemble analyses at the sea surface
- Daily each term of MLT and MLS budget equations

Western North Pacific (WNP)
 - dx = 0.1°, 50 σ-layers
 - 2015.07–2024.01

Maritime Continent (MC) 
 - dx = 0.1°, 50 σ-layers
 - 2015.07–2024.01

*LETKF: Local Ensemble Transform Kalman Filter (Hunt et al. 2007)



What’s new in LORA ?

3D-VAR 4D-VAR KF EnKF

5 datasets 2 2 PEODAS

 Global reanalysis datasets

 High-resolution regional reanalysis datasets (dx < 1/10°)
in the Pacific region

3D-VAR 4D-VAR KF EnKF

JCOPE2M
(JAMSTEC)

FRA-ROMS (FRA)

FORA-WNP30
(MRI & JAMSTEC)

DREAMS
(Kyushu Univ.)

(c.f. Balmaseda et al. 2015; Martin et al. 2015)
*3 (4)D-VAR: 3 (4) Dimensional VARiational data assimilation

*KF: Kalman Filter *EnKF: Ensemble Kalman Filter

Currently not available

LORA

New high-resolution ensemble analysis product in the Pacific region



Validation
 RMSD differences between JCOPE2M (3D-VAR product) and LORA

Sea surface temperature Surface zonal velocity

LORA has sufficient accuracy for geoscience researches etc.

LORA is better

JCOPE2M is better

LORA is better 

JCOPE2M is better 



Release LORA v1.0 website

Release on 31st March 2023



Ohishi et al. (2022a, b, GMD; 2023, OD; 2024, OM)
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Appendix



2023.09– 2024.01-
2024.03 
(hopefully)

2024.06 2024.XX

Current version; as 2023.09

NEXRA 2.0 working

NEXRA 3.0 Real time working 

Finish?NEXRA 3.0 spin up

Stop ?

NEXRA 2.0/3.0 comparison

Development of NEXRA 3.0 forecast part

NEXRA Development schedule



Global averaged RMSD (NEXRA vs. 
JRA-55)

Black: NEXRA2, Red: NEXRA3-ASIS, Green: NEXRA3-CHIKIRA
Solid: RMSD, Dash: Spread

Temperature Specific humidity Zonal wind

Better
accuracy

NEXRA3-ASIS and -CHIKIRA are more accurate than NEXRA2.

RMSD

H
ei

gh
t



• Bias time series of temperature vs. JRA3Q

NEXRA3.0 analysis

NEXRA3.0 NEXRA2.0



• Bias time series of geopotential height vs. JRA3Q

NEXRA3.0 analysis

NEXRA3.0 NEXRA2.0



• Bias zonal mean u vs. JRA3Q

NEXRA3.0 analysis

NEXRA3.0 NEXRA2.0

latitude latitude



• Bias zonal mean t vs. JRA3Q

NEXRA3.0 analysis

NEXRA3.0 NEXRA2.0



NEXRA3.0 LETKF observation 
number



– Kuroshio path south of Japan –

 Three typical paths in Kuroshio (Kawabe 1995)

- nNLM (nearshore NonLarge Meander)

- oNLM (offshore NonLarge Meander)

- LM (Large Meander)



– Predictability –

↑Analysis standard deviation 
  in 2016-22

Deterministic: 100-110 days < Ensemble: 130-140 days

1 month

*Persistence: RMSD of the initial analysis condition
*Ensemble:  RMSD of the forecast ensemble mean

*○: Significant difference relative to the persistence

Analysis 
domain



– Initial: 2017.08 (Straight to Meander)  –

Black contour: (left) analysis
   (middle and right) forecast
Green contour: (middle and right) analysis 

Larger southward meandering 

in deterministic forecast 
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Estimating parameters for cloud microphysics

• NSW6 (vapor, cloud, ice, rain, snow, graupel)
– Parameters : terminal velocity coefficients

NICAM default NICAM for MJO
Cr 130.0 58.0
Cs 4.84 0.90
CD 0.60 2.50

[ ] [ ]
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=  
 

To estimate model parameters of 
cloud microphysics w/ GPM/DPR



OBS

NICAM-JSIM
(ensemble)
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Parameter Estimation based on CFAD

• Data used for parameter estimation
– weighted average of reflectivity (-16-4 deg.)
– KuPR, KaPR & DFR are used



Estimated Parameter



Misfit to Observation (averaged over three height)

KuPR

KaPR



Change in CFAD (Parameter DA Experiment)

OBS
(GPM/DPR)

NICAM
(7/1-7/7)

NICAM
(7/19-7/25)

Heil or Graupel?



RMSD vs. ERA Interim

 Parameter DA is better Parameter DA is worse 

degraded



BIAS vs. ERA: CTRL (Cs=4.84) & TEST (Cs DA’ed)

TEST getting  warmer

• Warmer bias in higher troposphere
– (1) smaller Cs (i.e., slower snowfall) increased snow
– (2) snow absorb long wave radiation  warmer 

• How can we solve? 
– Dr. Seiki proposed using optical parameters of NICAM high-resolution-MIP that reduces the 

absorption of long wave radiation
• e.g. crystal shape, 
• http://jmsj.metsoc.jp/EOR/2021-018.pdf

– Do we need to tune other model parameters?
• e.g. radiation-related parameters

– To estimate latitude-dependent Cs estimation
• should be universally constant, but practically different 

test is warmer 



OLR & OSR Bias w.r.t. CERES



OLR :: CTRL (Cs=4.84) vs. TEST (Cs Estimated)



Kotsuki et al. (2023, JGR-A)
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Ensemble Transform Matrix

analysis is given by 
a linear combination 
of forecast ensemble

analysis error
cov. Pa at t-1

obs. error 
covariance R at t

( )1
1m
δ δ≈

−
TP X X

background error 
covariance Pb at t

analysis 
ensemble at t

( )1 , ,t m=X x x
Ensemble matrix:  

( )1 , ,t mδ = − −X x x x x

Ensemble approximation of error cov.

Ensemble perturbation matrix:  

a b b
t t t tδ= ⋅ +X x 1 X T

ens. members ens. members

ensemble transform matrix



LPF and GM extension

Pr PrPenny and Miyoshi (2016, NPG)
Potthast et al. (2019, MWR)

Walter and Potthast 
(2021, submitted)

LPF GM extention (LPFGM)

Pr 𝑥𝑥 =
1
𝑚𝑚
�
𝑘𝑘

𝛿𝛿(𝑥𝑥 − 𝑥𝑥𝑘𝑘)
the delta function

Pr 𝑥𝑥 =
1
𝑚𝑚
�
𝑘𝑘

𝑁𝑁(𝑥𝑥𝑘𝑘 ,𝐁𝐁𝑘𝑘)
Gaussian kernel

( )1
b b b

k t t tm
γγ δ δ= ≈
−

T
B P X X

γ is a tuning parameter to determine width of Gaussian kernel. 
(tuned to be 1.5 in this study) 



SPEEDY, REG2, LETKF vs LPF

LETKF
(L=600km)

Large inflation 
needed

m=40

Higher 
accuracy



Kotsuki et al. (2022, GMD)



Transform Matrix in LPF
a b b
LPF LPFδ= ⋅ +X x 1 X TLPF

a resampling matrix 
Potthast et al (2019; MWR)

m

m

Ideal transform matrix satisfies

,
1

1 ( 1,..., )
m

i j
i

j m
=

= =∑T 　　

,
1

1 ( 1,..., )
m

i j i
j

w i m
m =

= =∑T 　　

(1) 

(2) 

jth particle is given by
weighted average of 

m prior particles 

j

, ,
1 1

m n

i j i j
j i

minimize T C
= =
∑∑

,i jC : transport cost from i  j 

(3) 

 infinite solutions

 a unique solution (a.k.a. optimal transport; OT)

(necessary condition)

(ideal condition)

Used for LPF by Reich (2013) and Farchi and Bocquet (2018)



Comparison
SU MR Stochastic 

MR OT Sinkhorn

Computational order m mlog
m

mlogm
x N m2 m2

◎ ◎ ◎ ◎ ◎

△ △ 〇 ◎ 〇

× × × ◎ 〇

,
1

1 ( 1,..., )
m

i j
i

j m
=

= =∑T 　　

,
1

1 ( 1,..., )
m

i j i
j

w i m
m =

= =∑T 　　

, ,
1 1

m n

i j i j
j i

minimize T C
= =
∑∑

(1)

(2)

(3)

◎: exactly satisfied
〇: approximately satisfied

△: roughly satisfied
×: not considered

must be satisfied

 analysis accuracy

Used in our paper
to GMD

m: ensemble size

= to minimize increment of each ensemble Physically balanced AN ensemble



SU MR Stochastic 
MR OT Sinkhorn

Computational order m mlog
m

mlogm
x N m2 m2

◎ ◎ ◎ ◎ ◎

△ △ 〇 ◎ 〇

× × × ◎ 〇

,
1

1 ( 1,..., )
m

i j
i

j m
=

= =∑T 　　

,
1

1 ( 1,..., )
m

i j i
j

w i m
m =

= =∑T 　　

, ,
1 1

m n

i j i j
j i

minimize T C
= =
∑∑

(1)

(2)

(3)

must be satisfied

 analysis accuracy

= to minimize increment of each ensemble Physically balanced AN ensemble



SU MR Stochastic 
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Sinkhorn Optimal Transport

SU OT Sinkhorn

Computational time Best △ 〇

Analysis accuracy △ ◎ 〇

OT and Sinkhorn were implemented into SPEEDY-LPF and LPFGM
 will be compared
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