EEHE LR
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BEESE  PRGE) ~ BIEEL ~ BITSS  HTE



o ATEMEEFRAL ?
- BRIRMLFIEREERE
- BRLEFL
- Bh}
- B
- FERER, mEGR. BESH, B8 . ABHE ., REEA
o B HEE (Quality Control, QC)
* Bif{t(Thinning)
 [F1k
. #45[E4L (3DVar, 4DVar)
« %% [R{t (EnKF, EnSRF, EAKF, ETKF, LETKF)
« JBREIFME (3DEnVar, 4DEnVar, En4DVar, HG-EnDA)
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yO JBIEAE R (x") - SR BLE RV ARTIE MR IR(x ) -
B A)REAE RS e ZEUAZER - DUy reis
LA
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Ana

Ana
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4 (Pd‘Pd‘T)\

B REUH - y” = HX")
(Bending angle)

\_ O-B:O'O:yo_yb/

" H :GPSROEMET )
N=ki (58) 23" + ko (%) 251+ ks (22) 23"

00 dlnn/d

a(a) = —2af X dx

o (x2—a2)'/2

kxznr, N=mnm-1)x10° /

b b
(0)
y
) 22 kD
kb L b
EH % 18
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BRI T B

o oo

‘“RHEE

Data Assimilation

11-.’;

A ITIR

| —a

L_a



o ZFLETIE % (Successive Corrections Methods, SCM )
froet = 7o = 1),
o ¥/ FHEFR ;% (Nudging/Newtonian Relaxation Methods)

ou vu+ fo— 224
—=—v-Vu+ fr——
ot 0x
o ix/NFEF % (Least—squares methods/BLUE)
X, =aX, + (X, a=1-0p,

minimize|E (c?)] =

o

LI N




BB E] IEVE (SCM)

@ (1)

fn+1=fn+@(r)+€2

%= 1"

Cressman method (1959)

Barnes method (1964)



CRESSMAN V.S BARNES



(EEST LINEAR UNBIASED ESTIMATION)

O-dimention example

« The optimal interpolation (Ol) scheme can be derived as the Best Linear
Unbiased Estimator ( )

X, =aX,+pX,, a=1-p E(c?) = E(a%0,? + B%0,% + 2aBo,0,)
= Xp + B (X, — Xp) = a’E(0p*) + B*E(0,°) + 2aBE(0,0,)
inear  %a=%t ~ 4a Assume E(o,0,) =0, E(oc) =0

= X; —aX, — BX,

z Zgb(t_l__ﬂ)gp) + B (X — X,) E(02) = a?E(0,2) + B2E(0,2) nbiased
2= (X, — X)) (X — Xo) ) :
’ = [“gb + .B%]t[aﬂb + [o,] minimize[E(c?)] 2 « E(95) E(op)

T E(0)) +E(62)’"  E(o2) + E(02)

____E@) E(9p)
“ T E(d) + E(aoz)Xb " E(of) + E(GS)XO

= a?0,? + f%0,% + 2af 0,0,

K1 est
o =Xe—Xp, G =Xe—Xo, E()= ) =P
k=1



KALMAN FILTER V.S. VARIATIONAL OPTIMIZATION

Kalman Filter(minimum variance) Variational(maximum likelihood)
ST H E(02) J(Xo) = (Xq — Xp)E(03) 1 (Ko — Xp)+ (Xo — X,)E(63) 1 (X, — X,)
_ _ _ b L dJ _ _
=1, + BX, ), B = E(0?) + E(02) Minimize ] = ——= E(c) (. =X )+E@®H™ (. —-X,)=0
A R _ E(09)7'Xp + E(95) "' X,
_ 2 2 2 2 E(of) 1 + E(c®)1
; E((sz)) +€ Eleo”) el \2 _ B(0R) Xy B(08) K (R KomE (0B
— (£l 2 % 2 B E(of) 1 +E(03) 1
(E(a§>+E<cr§)) Elay )+<E<a§)+E<a§)> E(95%) R )
_ E(ag)zE(abz)+E(0§)22E(002) =Xp T E(02)~1+E(a)~1
(E(ap)+E(09)) _ oy, 4 E08) " Ko=Xp) | E(@RIE(R)
_ E(a8)E(op*)[E(05)+E(0p)] T E(ef)T1+E(03)™t " E(6})E(02)
= E(02)+E(o? 2 _ E(of) _
e *o ¥ 5eprnep Ko Xb)
- ACIRIACE)) —1-p) = Xp + B(X, — Xp)

Weights



(AN

Likelihood of X;given :\/%O'b exp [— thgg ]
Likelihood of X, givenX ,: = exp [— X = %o ]
N 202
Joint Likelihood of X;: P = exp [— X = %o — e~ ]
210},0, 202 20}
To get let max[P] = min[ _ fo + _ > ] = min[/ ()]
2045 205

JOO) = (0, = X)E(0g) 0, — X))+ (X, — X)E ()10, — X,)
multivariate
JO) = (0, = X)E(@) (0, — X))+ (H(X) — v)E(68) "M (H (L) — Yo)

3DVar
JC) = (0 = x,)B7 0, = x,)) T +H[H () = Yo IRTHH(:,) = y,l"



« Optimal Interpolation(Ol)

Single point (BLUE)

TR

- + (X, — Xp),
E (o)

"~ E(p) + E(0d)

B

AR T HT
=1-5)

R

f
E N

/

FHA 4L

NWP (OI)
I HT R
— + W[Yo — H( )] )
B E(g5)H" _ BH'
~ HE(e2)HT + E(¢2) HBHT +R
REMTTEEH
= (I— WH)



BRHA AL

« Tangent Linear Normal Mode Constrain(TLNMC ) - Strong constraint)

/



Daryl Kleist
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- R

- BRI, HEBN, HEFN, FEFEN, KBEH,

REBH

o B (Quality Control, QC)
«  BiFa{L(Thinning)

- [F{E

« /3t (3DVar, 4DVar)

o R4t (EnKF, EnSRF. EAKF. ETKF. LETKF)

« JBAEFEL (3DEnVar. 4DEnVar., En4DVar, HG-EnDA)

DATA AN

Bt [k

D ASSIMILATION












B RERZEMEm (gross check ) : missing value or unreasonable

W=EfmEs (incremental check ) : omb

KFkalE (horizontal check): OI analysis

H EH il (vertical check) : check increment one above and one below
w1REE s (hydrostatic check) : virtual temperature

L4 fw s (baseline check) : hydrostatic determined height v.s. elevation



Himawari-8 AMV
(200km,200km, 100hPa,2hrs)

|
| N
Ky
| kS
G '@IXX ....... "
. _ _ A
// Q_
O
© 200 km

BRI

better)

/

Quality indicator for observation (smaller =
critl = half

Compute distance metric (smaller is closer to center of cube)
distl=(dxx*dxx+dyy*dyy+dpp*dpp) *two/three+half

Determine "score'" for observation.

crit = critl*distl

Lower score is better.

obs obs obs
A A A
{ 2hrs I 2hrs | 2hrs |











































ERAH )
(Subjective iﬂ_ﬁ {1 B(Pa‘)ca -
Analysis) ssimilation
I
e REAC T AR
HHLHT L 9p0
FHRRE (Objective Analysis) (Multivariate ) (Mggﬁli?gilgin)ce

— BAETIEIE(SCM) t BiERZ(OI)

—  #itE(Nudging)

—— /N5 Z(BLUE)




2o g rHE
VARIATIONAL DATA ASSIMILATION

3DVar, 4DVar




G3l DATA ASSIMILATION SYSTEM

1 1
J(x}) = 5 (x) B™'(x}) + 5 (Hx} — d) R™(Hx; — d)

X} : ANALYSIS INCREMENT
d : INOVATION AT, (d =y — H(x"))
B: BACKGROUND ERROR COVARIAINCE

R : OBSERVATION ERROR COVARIACNCE
H: OBSERVATION OPERATOR

38
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Gl DATA ASSIMILATION SYSTEM

K
1 1
J(x7) = > (X})TB_l(X}) + EE[HiL(to» t)Xr — di]TRi_l[HiL(tO» t)x; — d;]

1=0

Xt : ANALYSIS INCREMENT

d; : INOVATION AT TIME i, (d; = y; — H(x?))

L(t,, t;) : TANGENT LINEAR MODEL, EVOLVE FROM TIME 0 TO /
B : BACKGROUND ERROR COVARIAINCE

R : OBSERVATION ERROR COVARIACNCE

H;: OBSERVATION OPERATOR AT TIME ;



FEE AL
ENSEMBLE DATA ASSIMILATION

EnKF, EnSRF, EAKF, ETKF, LETKF




TR SR BORHA
HYBRID ENSEMBLE-VARIATIONAL DATA

ASSIMILATION

3DEnVar, 4DEnVar., En4DVar




)

GSI HYBRID- DATA ASSIMILATION SYSTEM

J(xf,a™) = Br (xf) B~(x7) + B ZZ(a")TA a™ + = (th—d)TR 1(Hx; — d)

1 1
xt=Xf+Z(a oX7) ﬁf+ﬁ=
e

X, : TOTAL ANAYSIS INCREMENT

X} : ANALYSIS INCREMENT ESTIMATED BY STATIC ERROR COVARIACNE
Br : THE WEIGHTING OF STATIC ERROR COVARIANCE

B, : THE WEIGHTING OF ENSEMBLE ERROR COVARIANCE
a™ : AUGMENTED CONTROL VECTOR (ACV)

x? : ENSEMBLE PERTURBATION

d : INOVATION AT, (d =y — H(x?))

A : LOCALIZATION MATRIX

B : BACKGROUND ERROR COVARIAINCE

R : OBSERVATION ERROR COVARIACNCE

H: OBSERVATION OPERATOR



GSI HYBRID- DATA ASSIMILATION SYSTEM

K
1
J(xp,a™) = B 2(xf) B~ (x7) + Be 3 Z(a”)TA Ha™) + EZ[HiL(to,ti)xz—di]TRzl[HiL(to,ti)xz—di]
=0

1 1
xt—xf+2(a ,B_f E=1

x, : TOTAL ANAYSIS INCREMENT

X¢ : ANALYSIS INCREMENT ESTIMATED BY STATIC ERROR COVARIACNE

Br+ THE WEIGHTING OF STATIC ERROR COVARIANCE

B, : THE WEIGHTING OF ENSEMBLE ERROR COVARIANCE
" : AUGMENTED CONTROL VECTOR (ACV)

x” : ENSEMBLE PERTURBATION

d; : INOVATION AT TIME i, (d; = y; — H(x?))

A : LOCALIZATION MATRIX

B : BACKGROUND ERROR COVARIAINCE

R : OBSERVATION ERROR COVARIACNCE

H: OBSERVATION OPERATOR



GSI HYBRID- DATA ASSIMILATION SYSTEM
](x]'c, a™) = Bf%(x})TB‘l(x}) + ,Be%Z(a")TA‘l(a") + %z H;x; —d;]"R; ' [H;x! — d;]

N
1
X = x! +2(a"o(x")-), .
l f — e/l ,Bf IBe

X! : TOTAL ANAYSIS INCREMENT AT TIME j

X¢ : ANALYSIS INCREMENT ESTIMATED BY STATIC ERROR COVARIACNE

Br: THE WEIGHTING OF STATIC ERROR COVARIANCE

B, : THE WEIGHTING OF ENSEMBLE ERROR COVARIANCE
" : AUGMENTED CONTROL VECTOR (ACV)

x” : ENSEMBLE PERTURBATION

d; : INOVATION AT TIME i, (d; = y; — H(x?))

A : LOCALIZATION MATRIX

B : BACKGROUND ERROR COVARIAINCE

R : OBSERVATION ERROR COVARIACNCE

H: OBSERVATION OPERATOR



SR ACERHE b
GAIN HYBRID DATA ASSIMILATION

HG-EnDA




. EJ‘HE{ Iﬁ%fﬁ:
. ﬁ‘éﬂ'ﬁ?ﬂ -
FHR b SRR

| 73|
WA R =) A RHA
£ A 40 R H




1 SR R R R BR TR R 90 5

Previous cycle  Current cycle

Deterministic

Main 3D Hybrid Main
Analysis GSlI Analysis

i

Model

Ensemble

Model




Variational Data Assimilation

Ensemble Data Assimilation

Resolution

Ens. Resolution

Beta Static Weights

Beta Ensemble Weights

Ensemble Member size

Additive Inflation

Recentering

TC and EC bogus data

Observations from

Horizontal localization

— |

LS R

=

EERERHA M R B

GSI Hybrid 3D-EnVar (Wang, 2010 ; Kleist 2016)
EnSRF (Jeff Whitaker, 2002)

T511L60 (~25km)
T319L60 (~40km)
0.25

0.75

/2 (36 EnKF + 36 Time lagging)

NMC Method
Yes

Yes

NCEP and GTS
800 km
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TR R B EHA A R ST 5%

20187
2016
2014
2011
2010
2003

1994 GSI 3DVar

1988 (T319L.40)
GS| 3DVar (T319L40 T180L40)
(T7(3II_18)

SCM(Barnes)



) /,\J 1

TRHS

/Ul

5300 LA e A




srtEEraH




