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Intensive Course on Data Assimilation
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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.

I s
A NG
o n I o u ~ OBIETIVOS: proveer herramientas para comprender como se aborda en la actualidad la
7 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

s A\ \ 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.
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©JAMSTEC-AORI (SPIRE Field3), RIKEN/AICS

TEDxSannomiyad< ) Visualized by Ryuji Yoshida
http://tedxsannomiya.com/speakers/takemasa-miyoshi/
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HAA[RIHE] Chaos Synchronization

Master (drive) system Slave (response) system

1A
1ﬂ675\®'|‘%$l§11‘:5£>

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 Synchronization (Yang et al. 2006)

Master (drive) system Slave (response) system

Coupling strength
Observing system
(accuracy, density, frequency)

< Stability of synchronization >
| r4

« System’s Instabilities

Chaotic dynamics

3>

Drive Response & y(t) drive

FIG. 1. The attractors for the Rossler drive system and the
(x'-z') response system and y(¢) drive variable.
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T7—%4[EE (DA) Dworkflow

Best estimate —
( )// Initial State

Simulation| PDF represented by an ensemble

/§imulat"ed Statp/

Observations




T7—%4[EE (DA) Dworkflow

Best estimate
( )// Initial State

Simulation| PDF represented by an ensemble

Simulated Statp/
A F =TT
l Sim-to-Obs| !
DA .« Observations
| conversion| (£
I |
I A 4 I
l Sim-minus-Obs”!
L_ - |

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

~ N

Geopotential height at upper atmosphere
Is basically parallel to winds.



A simple example: two thermometers

B 2
P, /\ pA(T) x| — L 12)
] 20, |
- (T-T,) |
pa (T) oz exp| — ; 5‘)
GB |

Pare(T)=Pa(T)e pg(T)

i _ 2 _ 2
cexp - T=T) (T TZB)}
| 20, 205
. 2 2+ \?
o expl — GA-IZ—GZB T GBT2+G§TB
20,0 o,+0;g
] 30  [C]

A B
Best estimate

Temperature of this room




A simple example: two thermometers

p 2 2 2 __2

— ’G:

2 2 2 2
O, +0pg O, +O0jpg

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 PDF

p’ (x) cexp[—5 (x—x")’ I3{1(><—><f )]
Observation PDF
p°(x) c exp [~ (Hx~Yy°)’ l?‘l(HX—y")]
Joint distribution
P (x)=p’ (x) e p°(x)
oc exp[-3{(x=x") B (x=x") +(Hx-y°)  R™(Hx~-y°)}]

Observation error covariance

Analysis Is given by the maximizer x (maximum likelihood).



~We consider the evolution of PDF
Obs.

-

Analysis ensemble mean _R

*
An approximation to KF with
ensemble representations
Pf ~ é‘xtfl(éxtfl)T
tl m _1
Analysis w/ errors FCST ensemble mean

T=t0 T=t1 T=t2



LET KF (Local Ensemble Transform Kalman Filter)

Analysis is given by a linear combination of forecast ensemble:

X =x"+X'T

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

T=P* (oY) R (y° —H (X)) +[(m-1)P]*3

ensemble mean update uncertainty update

P2 =[(M=DI/ p+(5Y) RISY]™
Analysis error covariance in the ensemble subspace



LETKF algorithm (Hunt et al. 2007)

Local Ensemble Transform Kalman Fllter

90"

Each grid point Is
treated independently.

—> essentially perfectly parallel

° Multiple observations are
treated simultaneously:.

\ !
\ ’
N 7
o9 0 0
\\~~ ”/

O
QOO @

T matrix I1s computed at each grid point independently.



COvarIaﬂCe |OCa| |Zat|0n (e.g., Houtekamer and Mitchell 1998)
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Empirical treatment for
» reducing sampling noise
* Increasing the rank

Localized >
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Localization in LETKF

o0 0 0 O
0 Analysis of the I-th variable:

Xt =% L+ O T (3Y, R, 0)

l
(N xm) (Nxm) (mxm)

Two steps of localization:
1. Selecting a subset of global obs for the i-th variable
oY." R.,d. are composed of only selected local obs.

2. Obs error std. Is weighted by the localization factor
R, « ,5i‘1 oR; SO that far-away obs have large error.

R-localization, Hunt et al. (2007)



. Difficulties of localization

Difficulties include...
* dependence on (X, Y, z, t) =» loss of flow-dependence

e palance 1ssue

o =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

o =0.51

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

o =0.08

NO LOCALIZATION
‘-

TTOWTOGHT 020 B5L D0 BSW SOW 750 70W 650 BOW S50 SOW 454 400




10240-member SPEEDY-LETKF (Miyoshi and Kondo 2014)

(a) 20 members w/o localization

60° 120°

60°

30°

PEAN

v
ral

60° ‘ 180°

(b) 20 members V\ﬂ:7_60—km IocalizatiSE}

= —-——F_—

el
j& & -~
%m-éj &

30° W\;Y

60° 120°

60°

180° 240°

(d) 320 members w/o localization

ETpeS T
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: OCH L Sl
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1 ! 1 1 |
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A challenge: multi-scale localization

No localization

Localization plays an essential role
in an EnKF to cope with limited
ensemble size.

40 L

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

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°




Scale-separated analysis increments

We will construct analysis increments at high (h) and low (1)
resolutions separately.

0x = O0xp + 0x;

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 (600-900 km)

Global-average RMSE

Analysis RMSEs (U, Z = 4, Global) Analysis RMSEs (Temp, Z = 2, Global)

Mid-level U —°* | .| Low-level T — = |

—— DLOC

n
o
-
o

iy
(%]

- ploc

RMSE [m/s]
5

o
wn

o
o
o
o

50 100 150 200 250 300 350 0 50 100 150 200 250 300 350

o
Assimilation Time [Days] Assimilation Time [Days]
AnaIyS|s RMSEs (O Z=1 Global) Analysis RMSEs (Ps, Global)
05 2.0 t
S— CTRL

s+ Near-surface Q — ‘;{2; .| Surface pressure ;"
=
D03 i
% LI(IJJ 1.0

0.2 B =
E o 0.5

0.1 .........

0.0 0.0

0 5IO 160 1 50 2(I)O 250 3(I)0 35|O 0 50 100 150 200 250 300 350
Assimilation Time [Days] Assimilation Time [Days]



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)

a0” T ; =
_ | % =__ . p ;_‘_-r__!_i;
60" - i Rl oy S W o
i e S g
- - L -
= W W S L BN G
o wly S -
0 1 =
Tl wi" e
-30° = S
F . - Lﬂ"‘é’ Py
_Eﬂn ‘bw—-ﬁ_ﬂ"'m"“‘"‘“—-ﬂ' -_ —

o 60’ 120° 180° 240°
Improvement [%] ( Q)

L O ———

-40 -30 -20 -10 -5 O 5 10 20 30 40 -40 -30 -20 -10 -5 O 5 10 20 30 40




COvarIanCe Iﬂﬂ&thﬂ (e.g., Houtekamer and Mitchell 1998)

Empirical treatment for...
e variance underestimation

Error variance 1S underestimated due to

various sources of imperfections:
» [imited ensemble size
* nonlinearity
» model errors

Lorenz96-LETKF(10MEM) OBER=1.0 Lorenz96-LETKF(10MEM) OBER=1.0
5 I I | I 5 I I 1 I
RMSE —— RMSE ——
AL ] ] SPREAD AL ] _ SPREAD |
No inflation \PW 5% inflation
3 . 3 —
Fi i, M—
,)@\ /w | ] |nflat|on>2 ' |
V
| " : ! -
\’\&v\/\%ﬂjﬂwh‘.ﬁ%—mﬂh‘tm J\‘H \’/ W“Wm-“ﬂm"’ HRWJ\WMWW’W U\‘VM}\ "ﬂ“‘h‘w«‘w‘”&;wwwﬂf .
0 | ] 1 | 1 0 | | | ] 1
0 30 60 90 120 150 180 0 30 60 90 120 150 180

TIME [DAY] TIME [DAY]



. Variance underestimation

Forecast ensemble tends to be
under-dispersive.

T=t0 T=t1



~Covariance Inflation

Covariance inflation inflates
the underestimated variance.

Yaps



~Covariance Inflation

Covariance inflation inflates
the underestimated variance.

This also inflates the
off-diagonal terms:
a side effect.

L 4
plr 10 3 0s
P¥(1+ajp o B! D
’."-..----"“ R

30 i ks

[

40 1
10 20 30 40



Inflation methods

1. Multiplicative inflation: §x/ «:a’ 5x/

0 hPa T ensemble spread ~ Tuned constant

T =, A< Dense obs - under-dispersive
B EOWR ~¢<— Sparse obs > over-dispersive
Problematic in real applications




Inflation methods

1. Multiplicative inflation: §x/ «:a’ 5x/
0 hPa T ensemble spread \ Tuned constant

--------------
**
o*

~§OMDE§,J: ensemble spread /7 ----------
This brings new directions to span,

but it is not trivial to have proper random fields.
Generally better spread, but an unfavorable

high-frequency pattern appears.



Inflation methods

1. Multiplicative inflation: §x/ «:a’ 5x/
0 hPa T ensemble spread \ Tuned constant

-------------
**
o*

~50 'hPa T ensemble spread /7 ...............
This brings new directions to span,

but it is not trivial to have proper random fields.
Generally better spread, but an unfavorable

" K hlgh frequency pattern appears.
3. Relaxation to prior: 6x® « (1 — f) - 5x% + f - 6x” Y

Zhang et al. (2004) showed this worked well.




Inflation methods

1. Multiplicative inflation: 6x/ < ar oxt
20 hPa T ensemble spread \ Tuned constant

-------------
**
o*

TQQMDE&,,SL,QAQ%mbIe spread /7 -------------
This brings new directions to span,

but it is not trivial to have proper random fields.
Generally better spread, but an unfavorable
" K hlgh frequency pattern appears.

3. Relaxation to prior: 6x® « (1 — f) - 5x% + f - 6x” 807
Zhang et al. (2004) showed this worked well.

4. Relaxation to prior spread: |6x%| « (1 — B)|5x%| + B|6x' ]
Whitaker and Hamill (2012), Ying and Zhang (2015)




. Ad aptlve | nﬂ atl on (Anderson’s Bayesian approach)

Anderson (2007; 2009) applied the Bayesian estimation theory to
adaptive inflation.

Pl ) [ P(Y;i [ ) p(Yiy &) p(yi—p+l | & } p(aib)ll norm.

Posterior Obs Prior

Obs PDF is Gaussian w.r.t. obs vy:
1 (yi B Hixi)2
p(y; ) = = x| — 7
J27(aH,PH +R) 2(asHRH;" +R)
This is not Gaussian w.r.t. «; ) n |

Gaussian prior PDF is assumed: :, Obs

p(aib) = N(O_fibNib | le— .

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

14 15 16
inflation



~Adaptive inflation

Anderson (2007; 2009) applied the Bayesian estimation theory to
estimate the inflation parameter a adaptively.

pla’) = P(Y; [ ) p(Yig [ ) P(Yipa |l & } p(aib)ll norm.
Posterior Obs Prior

Li et al. (2009) applied the Gaussian assumption.
p(a?)|=IN(&°,Vv jb(aib)|/norm.

Posterior Obs Prior 1
: ||
w
éo.a- Non.G ot AN
. . Nn- Iani
The Gaussian approachis | & | o A
. . = 06Y] is very weak.
adopted, with additional 3
enhancements of v and So4
. . . @D
localization (next slide). S — Bayesian posterior
Miyoshi (2011) £~ T payesian ebsevation
c 0 t ———Ggussian ol:gservation

12 14 16 18 2
inflation

—_—



. |_ocalization of inflation estimates

e o o o o 5 Currentgrid point

> o o % o ® : Grid points

e | ® : Local observations
O : Remote observations

p(e)|=|N (O_QO’Vinb(aib)I/ norm.

Posterior Obs Prior

Apply the maximum likelihood estimate
at each grid point independently.

EU Miyoshi (2011)

a=a(x,vy,2zt)



~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 — Fast computations
B FIXED 9% | allow many kinds
c | m0.01r27 | of sensitivity tests.

W 0.0272  Adaptive inflation with

4 T wo.0any | various prior variance
3 s e e i i
2 __________
1
0
RMSE RMSE RMSE
(Global) (Land) (Ocean) Miyoshi (2011)

Adaptive inflation reduces the RMS errors significantly.




~Results with the Lorenz model

6

W FIXED 9%
m0.0172
m0.02/2

Fast computations
allow many kinds
of sensitivity tests.

- Adaptive inflation with
various prior variance

e e o e e e R m e e e M mmm M R M S M M Rmw M M M R s e R -

§

i

RMSE

SPREAD
(Global) (Global)

* *
‘a®

RMSE
(Land)

SPREAD
(Land)

fl¢

over-dispersive
with sparse obs

_- under-dispersive
with dense obs

~N

| Adaptive inflation

improves the

|| ensemble spread.

RMSE SPREAD
(Ocean) (Ocean)

Miyoshi (2011)

Adaptive inflation reduces the RMS errors significantly.




- Step 2: more realistic testing

SPEEDY model, Molteni 2003

2£Intermediate 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

(a) IMPROVEMENT [%] (U)

0.2 1

o
i

| ~20% improvemen
of analysis RMSE"

= o
m in e

IGMA LEVEL

=}
=l

ool . W

0.8

Miyoshi (2011)

B0 305 EQ) J0H B0
—40 =30 =20 =10 0O 146 20 30 40




Improvements due to adaptive inflation

(a) IMPROVEMENT [%] (U) (b) ADAPTIVE INFLATION
| _ HE:NYE = e
51 ~20% Improvemen —ly B M
; <

| Pf analysis RMS 3°

B0 305

e

=3 -30-20-10 010 20 30 20 .- 0.5 pan I

(¢) SPREAD-RMSE (FIXED, <7 {d) SPﬁEA.D RMSE (AD-APT)

_I zi ______ — . e e : ,‘L .

> o \

—! 05 \

<

g 0.6 1

= 07
0.8 1 \ \ I l
D‘QI ) 305, o N = i i3 305, # EQ ' MIyOShI (2011)
—1 : : —0.5 0 0.5 1

,'§p5r§e-obsx dense obs; ﬂ[j> Adaptive inflation improves
arge s;prga.d all sprege the ensemble spread.




~Step 3: real applications

3{ Real systems }
(e s)

.g., operational model




Test with real observations

Lower troposphere Middle troposphere

Multiplicative Inflation Factor {lev = 8) Multiplicative Inflation Factor {lev = 15)
12212SEP2008 12Z12SEP2008

ADPSEC
SFCSHP
ADPUPA
ATRCEHT
PROFLR
SATWND
VADWND
SPSSMI
QKSWND

+DERxO0OOPe

110E 120E 130E 140E 150E 160E 170E 110E 120E 130E 140E 150E 160E 170E

» Adaptive inflation accounts for imperfections such as
model errors and limited ensemble size.
» Large adaptive inflation > 100 % (2.0) appears
occasionally and is appropriate in limited regions.

Miyoshi and Kunii (2011)



Ensemble spread (T500)

50N

45N

40N

35N

30N

25N

20N

15N

10N

SN

b)Y ADAPT 12712SEP2008

ADAPTIVE

110E 120E 130E 140E 150E 160E 170E

Adaptive inflation improves
the ensemble spread.
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Miyoshi and Kunii (2011)



~6-hr forecast vs. radiosondes
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Adaptive inflation reduces the RMSE and BIAS consistently.

Miyoshi and Kunii (2011)



Benefits to many applications

1 {Toy models}
(e.g., Lorenz model) Zﬂlntermediate AGCM

(SPEEDY model, Molteni 2003; 3[ Real Systems }
s)

(e.g., operational model

[——]

—

@ N

g . :
Benefits to diverse research,
world-wide users,
and even operations

- )

The LETKF code is available at
http://code.google.com/p/miyoshi/




Application to CO, data assimilation

Near-surface CO, concentration error

GON b

SON
EC
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SOM -
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E 1 w

305 5
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RMSE=0.91

Adaptive inflation
improved the CO,
analysis

RMSE=0.59
Courtesy of J.-S. Kang



Results of Mars GCM

Pa Zonal mean temperature RMSE o MEOH-LETKF RHSE of Forecast [K] Cowpared vith Observations
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~JMA operational NWP system

—— Adaptive inflation
— Fixed inflation

500 hPa Geopotential Height AC

— 100 v - —
=, 850 hPa Temperature RMSE
_S X - | Relative to radiosondes
T a0 n
L >
- X ,
S
> &0 &
® o 2
<< 4n F o . ‘
0 3 6 9 0 3 6 9
Forecast lead time [days] Forecast lead time [days]

Adaptive inflation improved the
global 9-day forecasts significantly.

Courtesy of Y. Ota (JMA)



Experlence from Brazilian CPTEC

Implementation steps:

-LETKF ERIC
v Interfaces : model MCGA/CPTEC<->
LETKEF {It was not easy as we were

thinking before to start);
v Coding resolution changes to be
friendly (original TO62L28);, ZGEO250hPa - RMSE - ANL 00Z T0621.28
v Coding for use of NCEP PREPBUF ) 2
observations ; Versao f ] : &
Takemasa = BHE . "8 i S
- LETKF TAKEMASA (parallel version, Ffeduzerroda ../ .
T062L28) analiseeo |
Sistemase £ .| Takemasa
- Actual effort : tuning experiments. estabiliza 011 me"uttuead ", | ate e
mais rapido.

ANL REF: NCEP YT TR T T
tempo

Solange S. de Souza; José A. Aravéquia; Paulo Kubota www.cptec.inpe.br




Feedbacks inspire future studies

1 Toy models
(e.g., Lorenz model

J 2£Intermediate AGCM

(SPEEDY model, Molteni 20039 3[ Real systems

(e.g., operational model

SJ

N

Feedbacks
are essential!

O

[——]

—

\ 4

4 . :
Benefits to diverse research
world-wide users,

9 and even operations

~

/

» Inspiring new Ideas
» Demands from operations
» Technical improvements




Expanding collaborations

K[AFES} ————— [1MA GSM K- A
A /
CFES [SCALE] [1MA MsM NICA\!V']

Nt \v{ - CPTEC Brazil]

— e . . o . o

P

L OFED | GFS |
{ROMS SPEEDY CO2}.
(s e
(Mars GcM| [JAMSTEC Chem} 7
: Existing [U Tokyo Aerosol}

-r .:Possible future expansion [MRI Chem}
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