9/12/2016 ITHES ’

Ph.D. (Meteorology)




Takemasa Miyoshi, Ph.D.

h r) Team Leader
W O al I l I . Data Assimilation Research Team

RIKEN Advanced Institute for Computational Science

Visiting Professor
University of Maryland, College Park

http://dataassimilation.riken.jp/miyoshi/

Visiting Senior Scientist
Application L aboratory, JAMSTEC

Research Counselor
Servicio Meteorolégico Nacional (National Meteorological Service), Argentina

Education
2 )
('Q e 2005 Ph.D. in Meteorology, University of Maryland, College Park, Maryland, USA
(Dissertation PDF)
(1 3 ) e 2004 M.S. in Meteorology, University of Maryland, College Park, Maryland, USA
Gl (Scholarly Paper PDF)

e 2000 B.S. in Physics, Faculty of Science, Kyoto University, Kyoto, Japan

JSTréws

(2 ,M.S.and Ph.D.
@

\

@
4 )

an ,,
@ NOI

B 4

|

> fusm&fsogﬁn;:wuaau

@ F-IMOPITRE
AFIERS y

takemasaniyoshi/

o0 W Rmgana



> —YJE{E TS ./

Data Assimilation Research Team

| F— IR F — AlCOWNT

F—IELRRF—LIE. BEFERF - ARNFFEIRBIC2012F108 CHEZCERSNFUE. T—FEMLE. 2oL -3 ¢BRF-SEEREUE
FNREEHETEHBRLCEDVCEENNETT. HRMIRELCLI I 2L —230MRAICLRBIEE. ERBCEMEZNF—9&33a -3 8%
EHHNE. TNSEVBSTILORR - DANRULFT. F—PEERRF—LTE. A—/(-32E21—9 (Rl ZENUEARES 2L -2320120H0
BEOHNOMBAELT—FREFITVILERRBERI D LB, TIRLOXENRBRARY. BLVEERRETVET. RENICE. BXFISIF
L TRl CEEREIHEF—FREZLIVZLEREL. TRl ORIZREVTERSEROF —FRLEARETSLEEL. TR ONEAFICETIRE
TRV I RO FEBRELET.

@ ||
® AICS

RIK=N

Data
BO®O® Assimilation
HOO® Team
HEN

http://dataassimilation.riken.jp/

201654818 BERRAICSICT



10/14 & AnMAa~NnNY AV

9/9-10/24 & A AaA

T—RRHEE/NT LA /R—=2 3% AT
HTr—AME RIASA=T SB LU
ERETIAERRAIIA=TAORRBSEVER g cmamrenns-n0s—F

3 ; il ARAZ—bT YT DRE
11/1418 & Y n MA@ 4

/\‘—_‘\/3 \
F—ARLDEREHEE TS A/ ~/
AMBR. T—2FE{aza

T4 DEHFILK

2017/2/27-3[2 & AnMAaJd YJdUM 1

NTILEBE T—ARHEDICABEBRAZIAIT. RRETFITNARIZT4—F /1 \vD
HEEHEES TEHIHEHFEELTOT—E2RIEESLHIZEIE
A/R—23 075 AHITERBERTNT I~NOHH



SPEEDY-LETKF

A 2008

I 2

Intensive Course on Data Assimilation
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Dr. Eugenia Kalnay - Dr. Celeste Saulo
Organizers

GOALS: provide participants with a solid foundation to understand current approaches for in situ
and remotely sensed data assimilation, with a concentration on basic concepts and developments,
and simple computational exercises.

Prepare attendants to participate in the Workshop that will take place the following week on 4D-
Var and Ensemble Kalman Filter.

Scholarships: Through WWRP /THORPEX support, there will be grants to support the travel,
lodging and per diem of up to 10 Latin American participants. Other regional and local qualified
participants can participate in the course, without support, but without additional tuition costs.

OBIETIVOS: proveer herramientas para comprender como se aborda en la actualidad la
problematica de la asimilacion de datos -tanto de observaciones in situ como remotas-,
concentrandose en los conceptos basicos y en los desarrollos esenciales. Prepara a los cursantes
a participar en el Workshop a realizarse la semana siguiente sobre 4D-Var y Ensemble Kalman
Filter.

Becas: Mediante el auspicio de la WWRP/THORPEX se contara con becas para financiar viaje y
estadia de hasta 10 participantes de Latinoamérica. Otros participantes calificados locales y
regionales tambien pueden solicitar asistir al curso, sin apoyo econémico, pero sin costos de

inscripcion.
SPOMSOR ORGAMIZATIORMS
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\!l". 1}) CONICET
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PE Endorsed by CPTEC (Brazil) and by La Plata Basin Regional Hydraclimste Project (LPB)
¥ Auspiciado por CPTEC (Brasil) y por La Plata Basin Regional Hydroclimate (LPB)
b in support of capacity buiding in Latin America /en apoyoala ion de recursos en Lati
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TEDxSannomiya 67 Visualized by Ryuji Yoshida
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Chaos Synchronization

Master (drive) system Slave (response) system

Drive Response & y(t) drive

FIG. 1. The attractors for the Rossler drive system and the
(x'-z') response system and y(¢) drive variable.



DA as Chaos Synchronizati@yang et al. 2006

Master (drive) system Slave (response) system

Coupling strength
Observing system
(accuracy, density, frequency)

< Stability of synchronization>
| r4

«Systemﬁs

Chaotic dynamics

Simulation

Drive Response & y(t) drive

FIG. 1. The attractors for the Rossler drive system and the
(x'-z') response system and y(¢) drive variable.






DA  workflow

(Best estimate/)/

Initial State
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Simulation PDF represented by an ensem

/éimula;ed St@t@
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DA  workflow

(Best estimate) ——
/ Initial State

\ 4

Simulation PDF represented by an ensem

éimulated St@t@

g Sim-to-Obs.

conversion Observations”
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Broad-sense DA



“Data Assimilation

DA corrects forecast fields to T T~

fit better with observations. @

DA produces the best estimate
of the current state, which is N
used as the initial condition. e

Geopotentiaheight at upper atmosphere
IS basically parallel to winds.



A simple example: two thermometers

, e (T-T,)°0

P, 0 M) ewg T T8
e A U

, e (T-T,)°@

P(T) expé-( f)u

e 258 u

Pazs(T) = PaA(T) TpP(T)

, e ([T-T)" (T-Ty)°@
expg 252(* - 2523 N
e A B U

A B
Best estimate

Temperature of this room



A simple example: two thermometers

p‘. 2 2 2.2
/\ T*:sBTA+sATB & = S,Sg
SatSe SaAtSe

More accurate analysis Is
obtained by combining two
Independent information.

A B
Best estimate

Temperature of this room




~Multidimensional generalization

Generalizing to a multidimensional variable

Background error covariance
Background”DF

p'(x)" expl- 3(x- Xf)Tle(X- X")]
ObservatiorPDF
p°(x) " exp[- 3 (HXx- y°)Tl§'1(HX- yo)l
Joint distribution
p P (x)=p (x)Tp°(x)
" expl 3{(x- x") B (x- x' )+ (Hx- y°) R (Hx- y°)}]

Observation error covariance

Analysisis given by thanaximizerx (maximum likelihood).



“We consider the evolution of PDF

Obs.

Analysis ensemble meanR

Analysis w/ errors
T=t0

P

An approximation to KF witl

—

ensemble representations

o o BKn(@Xy)'
tl
m-1

FCST ensemble mean

T=tl

T=t2



LETKF (Local Ensemble TransforkalmanFilter)

Analysis is given by a linear combination of forecast ensemble:
a _of o=~
[X =X' +aX T}

Ensemble Transform Matrix
/ (ETKF, Bishop et al. 2001; LETKF, Hunt et al. 2007)

T=P(@) R(y°- H(x")) +[(m- YP]"3

ensemble mean update uncertainty update

P> =[(m- DI/ r +(a¥) R aY]}

Analysis error covariance in the ensemble subsps



LETKF algorithm(Hunt et al. 2007)

Local Ensemble Transform Kalman Filter

£ |

ieF e pat S T S I o T A O PG W S g I e
BN g Rt i d e h e A e IR DT

treatedndependently SinsrE eV
A essentially perfectly parallef e ;

605

R AE T Ia 3.':5'::5:::5
. . . . . 052 A0E 120E 180 1200 AOW )

° . Multiple observations are

—® _
‘o treatedsimultaneously

-1 o
oo o o o

T matrix is computed at each grid pointlependently



COvarIan Ce |OCallzatIO[e19 Houtekamer and Mitchell 1998)

Empirical treat me
Areducing sampling noise
Aincreasing the rank
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Localization in LETKF

o0 0 0 O
0 Analysis of tha-th variable:

XP =X Ly + 0 T (aY R, )

(N3 m) (N3m) (m3 m)

Two steps of localization:
1. Selecting a subset of global obs forithle variable
dy.' ,R.,d. are composed of only selected local obs.

2. Obs error std. is weighted by the localization factor
R « 7. "AR. so thatfaraway obs have large error.

R-localization, Hunt et al. (2007)



. Difficulties of localization

Di f f |

Adependence on (x, y, z,@) loss of flonrdependence

c ul

Abalance issue

s =0.95

NO LOCALIZATION

TACATOSUT 02 B5W Q0% B30 S0W 750 200 G50 GOW S50 S00 450 400

FIXED LOCALIZATION

TACATOSUT 02 B5W Q0% B30 S0W 750 200 G50 GOW S50 S00 450 400

t 1 es

s =051

NO LOCALIZATION

TADWTOSHT 020 B5U D0 BSW SOW 750 70W 650 BOW S50 SO0 454 400

FIXED LOCALIZATION

TADWTOSHT 020 B5U D0 BSW SOW 750 70W 650 BOW S50 SO0 454 400

ncl udeeé

s =0.08

NO LOCALIZATION
‘-
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10240member SPEEDNY_ETKF (Miyoshi and Kondo 201}

(a) 20 members w/o localization
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A challenge: multiscale localization

No localization

Localizationplays an essential role  «
in anEnKF to cope with limited
ensemble size.

40 L

Higher resolution requires more
localization, limiting the use of
observations.

1207 140° 160°

60°

We look for better use of ’
observations by separating the
scales.

40"

Analysis increment from a single =¥
profile observation (20 members) | A%%

120° 140° 160°




Scaleseparated analysis increments

We will construct analysis increments at high&nd low ()
resolutions separately.

60°

40°

20" 1%

L Gy
120° 140° 160°




“Results are promising.

Experiments with the T30L7 SPEEDY model (Molteni, 2003

Regular localization (700 km)
Dual localization (60600 km)

Global -average RMSE

Analysis RMSEs (U, Z = 4, Global)

Analysis RMSEs (Temp, Z = 2, Global)
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Improved almost everywhere

1982/02/01 00 Z — 1983/02/01 00 Z 1982/02/01 00 Z — 1983/02/01 00 Z
Improvement [%] ( U ) Improvement [%] ( Temp)
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COvarlan Ce inﬂati()m;.g.,Houtekameand Mitchell 1998)

Empirical treat me
Avariance underestimation

Error variance I1s underestimated due to

various sources of imperfectians
Alimited ensemble size

Anonlinearity
Amodel errors
Lorenz96-LETKF(10MEM) OBER=1.0 Lorenz96-LETKF(10MEM) OBER=1.0
> ' | RMSE — > ' ' RMSE —
AL _ _ SPREAD AL , _ SPREAD |
No inflation . PM[H 5% inflation
3 - 3 —
2 N\ oy . inflation>2 \ _
\ M w\f 1
1k , . - .
\’\«w\/\mpjﬂwh‘.ﬁ%—fhﬂh“.m J\‘H\’/ W“Wm-“ﬂm"’ PIWWJ\V*W"WW’WN U\‘VM}\ "ﬂ“‘h‘w«‘w‘”&;wwwﬂf .
0 0 30 60 a0 120 150 180 0 0 30 60 90 120 150 180

TIME [DAY] TIME [DAY]



. Variance underestimation

Forecast ensemble tends to be
under -dispersive .

T=t0 T=tl



~Covariance Inflation

Covariance inflation Inflates
the underestimated variance.

Yaps



~Covariance Inflation

Covariance inflation
the underestimated variance.

Yaps
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Inflates
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This also inflates the
off-diagonal terns
a side effect.

0.4

0.5



Inflation methods

1. Multiplicative inflation] @ N {0 @

~50 hPaT ensemble spread ~ Tuned constant
e A< Dense obs A under-dispersive

‘¥ "'¢«<— Sparse obs A over-dispersive

Problematic in real applications




Inflation methods

1. Multiplicative inflation] @ N {0 @
~20. hPaT ensemble spread \ Tuned constant

-------------

. .
. g
. .

2. Additive inflationt w N ] @w ] w
~50hPaTl ensemble spread /7 """"""
This brings new directions to span,
but it is not trivial to have proper random fiel
Generally better spread, but an unfavorable

high-frequency pattern appears.




Inflation methods

1. Multiplicative inflation] @ N {0 @
~50 hPaT ensemble spread \ Tuned constant

-------------

. .
. g
. .

2. Additive inflationf w N T w ] w
~50hPaTl ensemble spread /7 """"""
This brings new directions to span,
but it is not trivial to have proper random fiel
Generally better spread, but an unfavorable
" K high- frequency pattern appears.

3. Relaxation to prioffw N p [ Jw T Iw ;g
Zhang et al. (2004) showed this worked well.




Inflation methods

1. Multiplicative inflation] @ N {0 @
~50 hPaT ensemble spread \ Tuned constant

-------------
. .
. g
. .

2. Additive inflationf w N T w ] w
~50hPaT ensemble spread 7
This brings new directions to span,
but it is not trivial to have proper random fiel
Generally better spread, but an unfavorable
" K high- frequency pattern appears.

3. Relaxation to prioffw N p [ Jw T Iw ;g
Zhang et al. (2004) showed this worked well.

4. Relaxation to prior spread: ® [N p T [ o] 1] o]
Whitaker and Hamill (2012 Ying and Zhang (2015)




. Adaptive inﬂati()n( Andersonds Baye

Anderson (2007; 20099 pplied theBayesian estimation theotg
adaptive inflation.

p(a®) = p(y; 12,)p(Y,.1 @)+ B(Y;. p |, Jlp(al)f norm

Posterior Obs Prior

Obs PDF Is Gaussian w.r.t. obs y: .
1 g _ (-Hx) 8
p(y la;) = expe I 0
J20(aHPHT+R) & 2@HRH'+R)2
This is not Gaussian w.r&, ) n |

Gaussian prior PDF is assumed: :, Obs

p(@’) =N@’.v) o |Je— .

\ Posterior
This is a tuning parameter!! * ) i

14 15 16
inflation



~Adaptive Inflation

Anderson (2007; 20099 pplied theBayesian estimation theotg
estimate the inflation parameteadaptively.

p(a?) [ Py [a,) p(Yix 1)) - P(Yi_pn 12, )lP(@?)f nOrm
Posterior Obs Prior

Li et al. (2009)applied theGaussian assumption
p(a’)|=|N(@°,v*)p(a’)y norm

Posterior Obs Prior 1
: ||
w
é 0.8 G N
) . Non- lani
The Gaussian approachis | & | X on-aussianity
_ - S 06F is very weak.
adopted, with additional 3
enhancements of v and S04
. o = (b}
localization (next slide). S — Bayesian posterior
Miyoshi (2011) £° T payosian tbssration
c 0 t ———Ggussian ol:gservation

12 14 16 18 2
inflation

—_—



. | ocalization of inflation estimates

o o o o @ < Currentgrid point

O . .
T ® : Grid points
et @ : Local observations
o000 :
® ‘o O : Remote observations
o9 000
sile
— a b
oo o o o p(a’)|= N(aio’Vin p(a, )I/norm
Posterior Obs Prior

Apply the maximum likelihood estimate
at each grid point independently.
— Miyoshi (2011)

N
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First step to test the new idea

1 [Toy models}
(

e.g., Lorenz model)

Easy to implement, fast to run,
accumulating experiences by trial and error



. Results with the Lorenz model

6

B FIXED 9%
m0.0172

m0.0472

RMSE
(Global)

Fast computations
allow many kinds
of sensitivity tests.

RMSE
(Land)

W 0.0272  Adaptive inflation with
various prior variance

RMSE
(Ocean)

Miyoshi (2011)

Adaptive inflation reduces the RMS errors significantly.




. Results with the Lorenz model

6

) Fast computations |
B FIXED 9% | allow many kinds
 mo0.0172] | of sensitivity tests. | ; W%€------ over-dispersive

W 0.0272  Adaptive inflation with
m 0.04r2 | various prior variance

CPEI
i

RMSE SPREAD
(Global) (Global)

with sparse obs

= .- under-dispersive
with dense obs

| Adaptive inflation

N T— Improves the
vy, b

* | ensemble spread.

RMSE .S.l‘;READ RMSE SPREAD
(Land) (Land) (Ocean) (Ocean) Miyoshi (2011)

Adaptive inflation reduces the RMS errors significantly.




~Step 2: more realistic testing

SPEEDY model, Molteni 2003

2 Elntermediate AGCM}
( )

Testing applicability and feasibility
with a single PC!



Spatial pattern of inflation

ADAPTIVE INFLATION at Z=1

angd . o

Ed

203

B05

BOE 120E 180 120 B0

0.7 0.75 0.8 0.85 0.8 0985 1 105 1.1 1.15 1.2 1.25 1.3

Generally large inflation over densely observed areas
Miyoshi (2011)




Improvements due to adaptive inflation

~20% Iimprovements
of analysis RMSE

Miyoshi (2011)



