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DA Lectures A (Basic Course)

> (1) Introduction and NWP

> (2) Deterministic Chaos and Lorenz-96 model
> (3) A toy model and Bayesian estimation

> (4) Kalman Filter (KF)

>~ (5) 3D Variational Method (3DVAR)

> (6) Ensemble Kalman Filter (PO method)

> (7) Serial Ens. Square Root Filter (Serial EnSRF)
> (8) Local Ens. Transform Kalman Filter (LETKF)
> (9) Innovation Statistics

> (10) Adaptive Inflations

> (11) 4D Variational Method (4DVAR)



Today’s Goal

» Lecture: Kalman Filter (KF)
> to introduce background error covariance
> to introduce analysis error covariance
> to introduce Kalman gain

> Training: Lorenz 96
> to develop Tangent Linear Model (TLM)
> to iImplement Kalman filter into L96



Review:
Minimum Variance Estimation

(B8 =/\DEUHETE)




Minimum Variance Estimation

x % truth

forecast x; = x4+ g
€ :random error

xtru ~+ &g

observation X, ot
< * >: expectation

Assumption (1) : unbiased error

(x1) =(x) =x" & (&) =(e) =0

Assumption (2) : uncorrelated error

(61:8)=0



Minimum Variance Estimation

forecast x; = x4+ g4 (1) unbias  (x;) = (x,) = x!"¢

observation x, = x!"% 4 &, (2) uncorr.  (g,&5) =0

X~ = axq + (1 — a)xz & minimize variance of analysis (a)

(69 = ((x = x™)?) = ((@(x; — x'™) + (1 — @) (xz — x7))?)

= a2(e?) + 2a(1 = a)es;) + (1 — X(ed)

= a?c? + (1 —a)’c?

definition of variance O :standard deviation

Vix) =E ((x — E(x))z) g% =(g-¢) 2

O “: variance



Minimum Variance Estimation

forecast x; = x4+ g4 (1) unbias  (x;) = (x,) = x!"¢

observation x, = x!"% 4 &, (2) uncorr.  (g,&5) =0

x*=oax;+ (1 —a)x,
(O'a)z = a? 0'1 + (1 — C{)ZO'Z weighted average by variance (0% =accuracy)
N S
0(c%)? S R s L B R R
=2a0f —2(1—a)of =0 oy + 03 0; + 03
oa
2 0'2
05 _ 1
= a = = X1+ 2 z(xz_xl)
2 2 o +O
o t 0, 1 2
first guess increment
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Exercise

> to introduce Kalman gain w/ following Equations

0
Ty _ T
— r(XYXT) = X(Y +Y7)

0
— p— T
XY =Y



Assumption & Definition

Assumption (1) : unbiased error

xP = xt"% 4 gP (eP) =0
x4 = x"% 4 g4 (e =0
yo = yirt 4 g0 (£°) = 0
|
H(Xtru)

Assumption (2) : uncorrelated error

(He2(e9)T) = ((€2)"Hel) = 0
since background and obs errors are independent

(Hef (e2)") # 0
He? €7

(e2(eHT) # 0 Hef

X model state € R"
3 error

y observation € RP
M() | nonlinear model

M Jacobian of M € R™"
K Kalman gain € R™*P
H() | nonlin. obs. operator

H Jacobian of H € RP*"
P model error covariance | € R™"
R obs. error covariance € RP*P
n # of model vars.

p # of observations

m # of ensemble

tru | truth

b background

a analysis

t time

0 observation

<> | expectation




Error Covariance

Variance, Standard Deviation

1o _
Var(x) = ((x — (x))* ) = EZ 1(xi — X)* Std(x) = +/Var(x)

i=

Covariance
1 n _ _

Cov(x,y) = ((x — (N (Y — () = EZ_l(xi — D — )
Correlation

Corr(x,y) = Cov(x,y)/Std(x)/Std(y) error symmetric

variance é)
Error Covariance /E' OO EI\
OO OooOd

P? = ((ef — (e2))(f — (1)) = et = | B D ana

error \EIEIEIEII:IEI/
R = (£2(e))") covariance\O O OO O O

r(P) =) (),

P and R are symmetric matrices by definition.



Linear Approximations

Tayler expansion (scalar)

HOPNRC

flrte)=f0)+—— (&) +—; ()% + -+
Tangent Linear Model (TLM)
M(x + €) = M(x) + Me + 0((g)?)
~ M(x) + Mg where M = (dM/0X)|4
attractor
of analysis ,//_\ +or M is the linearized model
M(x + €) of truth for propagating errors.
M (x) ® (M cannot be used to x)
X+ € T
------ e M(x) + Mg

- 5— M = (M /0Xx)|a
t-1 t time




Forecast Error Covariance

State Prediction

» X = M(x™)  suppose that M= Mt

Error Prediction

gl = xb — xtru

— M(Xtru + St 1) M(Xtru
= i1) + My, &4 + M‘M
~ M_1€¢_4
Error Covariance Prediction
= <$lt9 (Slt))T> ~ My_q1(ef_1 (ef )" )M{_4

» P/ ~ M, P M{_,

M; 1 = (0M/0X)|xa .  Tangent Linear Model (Jacobian of M)



Analysis Error Covariance

x? =x? + K(y? — Hx?)) H(x?) = H(x{™) + He;

x{ = x¢ = x7 =x¢™ + K(yf — Hx¢™) — Het)

& s? — s? + K(sg — Hs?) No correlation b/w Hslt’ and €7

b oNT\ — b oNT\ _
o £% = (1 — KH)e? + Ke? (He? (£2)T) = (€2 (Ke2)T) = 0

P? = (e£(e1)7) = (1 — KH) (¢ (e})") (01 — KK

+K(e2 (e))")K" + (cross —term)

P& = (2(e®)T) = 1 — KH)P?(1 — KH)T + KRK”



Kalman Gain

> KF minimizes analysis error variance
= to find K that minimizes trace(P?)

o(tr(P3))/0K =0

&0 (tr ((1 — KH)P? (1 - KH)T + KRKT)) /0K =0

< 0 (tr(P? — KHP? — P?(KH)” + KHP? (KH) + KRK") ) /0K = 0
& 0— (HP?)' — (HP?) + 2KHPPHT + 2KR = 0

< K(HP?HT + R) = PPHT

o K = P’HT(HP’H” +R) (1

0 0
Eq. (1) a—xtr(XYXT) =X(Y+Y") Eq. (2) a—Xtr(XY) =Y’



Analysis Error Covariance
substitute K = PPHT (HPZHT + R)_1
into P# = (1 — KH)P?(1 — KH)T + KRK”

P? = (I — KH)P?(I1 — KH)T + KRK”
= P? — KHP? — (KHP?)' + KHP?HTK” + KRKT”
=P/ — P’H"S™'HP? — P/H"S™'HP/ + KSK”
= P? — 2P?H"S"'HP? + P’ HTS~1HP?
=P/ — P/H"S™'HP/

= (I — KH)P?
( Pt ‘ where S=(HPthT+R)



Kalman Filter

Prediction (state)

b _ a
Xt = M(Xt—l) Prior Error Cov. PP
(flow-dependent!)

Prediction (error covariance)
b _ a T
P> = MP: MT” +Q
linearized model

Kalman gain

K, = PPHT[HP’HT + R| ™

Analysis (state)

x¢ = x¢ + Ke(y? — H(xP))

Analysis (error covariance)

P? = [1 — K.H]P?

obs error cov: R



Kalman Filter Algorithm

a [
/Xt—l’ Pt—l/ 1

Prediction
(t-1 2> 1)

X? = M(X{-1)

P? = MPA M7

next time ste

/ x?,‘Pf /

Background | Analysis
Vi S
Observations X? = X? -+ Kt(y{? — H(X?))
/ VORH /- P% = [I — K, H|P?




Sequential Kalman Filter

P
Prbe dICtloan ,,,,,,,,,,, ASSImllatlon
Xltj = M(it_l)T : . Kt — Pt HT[HPt HT + R]

\ - PA=[I-K H]P,?
. ;
,\z&\ ! Pt A' fest

(‘/ (t+19t+2)
qu—l —\ N 1\
;R Q

true state (unknow)

| >
t t+1 time

*: forecast {} observation ‘* analysis (DA) Q > error cov. (accuracy)




Tangent Linear Model (Numerical)

Require: to get M such that £ = Me?_,

o
\E/ \ )\E/\/a“ae

M(x? + Sepy = M(x{) + Mbe; where €j =

Jth element computable
of M

v Ve T

M = (0M/0x)|xa

Jth column of M describes
how error of jth variable

propagates
(o)
0
0

0
Jth
variable

@
\8/ 0 K1
(e.g.107°)

> repeat these steps for j=1,...,n (e.g. n=40 for L96)
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DA Study w/ 40-variable Lorenz-96

Lorenz-96 model (Lorenz 1996) Forj 1..N Xj:ij
dX; /dt = (Xjy1 —Xi—2)Xj-1 — X; + F
Advection term Dissipation term Forcing term

NERETN « T — 2 FHCEREEAT OFE = — X

Training Course of Dynamical Model and Data Assimilation

January 31, 2020, Shunji Kotsuki
updated 2020/03/19, 2020/06/29, 2021/07/15

By : @5 N¥EE7 1 Lorenz @ 40 =74 (LUF L96; Lorenz 1996) # {#i - THEED
F—AREFEEALCEEL, ke aEBETI. T—FALr A7 A EFERIC, 0062
—FAVITEILT, NFEETV v 77— 2F{biclid 2 EBAL TEx 5 ) BRI
2ERT 5,

Purpose: Using the 40-variable dynamical a.k.a. Lorenz-96 (L96; Lorenz 1996), we are
going to perform various experiments with multiple data assimilation (DA) methods. By
actually coding a data assimilation system from scratch, you will acquire practically "usable”

basic techniques related to mechanical modeling and data assimilation.
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Text Books
@ Train

B O B szse

ing Description pswd: ceres

’ o 4
NN NEREFNA + F— % FULEREEA OBE = — =
WRE WHRAT FHEAR A>n—

[ty —— pe 7en Training Course of Dynamical Model and Data Assimilation

January 31, 2020, Shunji Kotsuki
updated 2020/03/19, 2020/06/29, 2021/07/15

B

il

@
-
<

C {3 https:/kotsuki-lab.com/education/intern

BB : @5 .0%EF 0 Lorenz @ 40 BEEF 4 (LUF L96; Lorenz 1996) #{# » T D
F—AM{LFEEALEREL, Ry OERLITI. T—2RLry 27 L %2FERIC, 06
—FAvrTac ke, NEEF) w77 —2RHEICET 2 B TEx 5 | BEHEGT

HOME - FE-HREAl - FEAH

, (T A,
7 Purpose: Using the 40-variable dynamical a.k.a. Lorenz-96 (L96; Lorenz 1996), we are
// going to perform various experiments with multiple data assimilation (DA) methods. By
== A=y -
HEITVICDOWT /7 actually coding a data assimilation system from scratch, you will acquire practically "usahle"
// basic techniques related to mechanical modeling and data assimilation.
o RRELLTEBLTVEHEIL T YO—BERRALTLET. s
o FathrdHbELLES.I55( kotsuki.lablat)gmail.com }EFTITEB L, /
B ﬂ‘jw‘E‘Adf)fmrr‘}‘-mw-r'uétxglofﬂmﬁmzd sxoes, 7 y-F. 3 LTofErB6FEEL, L Tnw <, #AEEL77» 74— Liilbik
P v, TFRED MTG T, SEAEFEHRE L. FESEENL T 8RRz MTG
RREALN—@F / oftd, BEGHEZ G0 5. EAFEC2LTE, Fich 2k dhg, TAHEREO%E
% EREMCRoALTR BRGNS ORI ST, // 57z python 23 F b, T HEE TR A ERHECo—F 4 v 27T 2H, Thuk,
o —RICARMTNBERICEZOT. IS Review - MELTLIEY, IB'E'H:.E}T'J"% kl‘tf{ LTIFL ¢ ﬂlﬁ LTwE ﬁ“ﬁfﬁﬁﬂ'{" EX AR

R ; /
o MADER/LLIZ.BABR ERICHIARII—HIL TR TS . -
- Method: Implement and solve the following problems yourself. Any programing languages or

platforms can be used in this exercise. At the Kotsuki Lab. mtg, each personnel will report the
Training Course progress, and try to solve the problems. Questions are accepted during the MTG as well as at
the office when necessary. As for the programing language, python, which is easy to perform

Data Assimilation matrix operations, is recommended unless specific language is preferred. Also, vou should

Training Course

code in double precision instead of single precision. Otherwise, confirming whether

T perfarming properly or not compared to the previous studies will not be possible.

Kotsuki Laboratory, CERaS, Chiba Univaraity

https://kotsuki-lab.com,

- https://kotsuki-lab.com/internal-pages/

<
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Basic Task 3

¥ Science
Laboratory

3. L96 % 2FEHEH L, BYIO 1 Eg2 ALY Ty 7L LTETS, ¥ 1E5% 6B
BEIcRFL. 22 EfEL 75, Metsenne Twister i£7x L DEE DB WELEAER 7
077 LA CHE ]l DIERGRELEIZ ER T 2. ZDFE, e A M7 7 LFCERL
TRELEER I N T A ELERLT S, 2oL T, REFELZ 6 BEBOEEICEL Z
AT, lICREST 2, ChEBElT—2L 5%,

3. Integrate L96 for 2 years and discard the first year as a spin-up. The latter half of the year

is saved every 6 hours, and this is set as the true value. A normal distribution random

number with variance 1 is generated using a random number generation program with
good properties such as the Metsenne Twister method. At that time, confirm that the
intended random number is generated by using a histogram. Then, add the random
numbers to the saved true value (nature run) every 6 hours and save them separately.

This is used as observation data.

This means the experiments assume R to be | (i.e., identity matrix)



OSSE: Observing Sys. Sim. Experiment

® independent

simulation @

also known as Ildealized Twin Experiment

forecast }

analysis
@ Data
Assimilation

Qimulatioh Model/

@ nature run

observation ©

Y Y

Y Y Y
Y

@ to generate obsﬁ
w/ Gaussian noise

(®) validation
(e.g. RMSE)

True state J
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An additional treatment

Basic Task 4 will be needed.

4,

Let's think about by your self.

6 B4 7 roF— 2@ Ly AF L ##E+ %, Kalman Filter (KF) @ﬁ?’?ﬁ%ﬁ%
CHhoTEv, 72720, KF O FHEELDBOE D ICEHEZ AL NS X 5 ICEHETL
THL, (FErANG L, 3RTESELAETHZ)
b v ) KF ofFEFHliT % & 212, RMSE & a(P)DFEHOFFREZH RS & R,
ZTNLHFEZHREZ2EFOERICOVTHEZTAHAL I,

Build a 6-hour cycle DA system. [t may directly solve the Kalman Filter (KF) equation.
However, the system should be designed so that a constant can be put in the part of the
background error covariance of KF (If a constant is entered, it is equivalent to the 3D
variational method).

Hint) When evaluating the accuracy of KF, it is good to compare the average square root

of RMSE and tr (Pa). Think about the meaning of comparing those numbers.

KF (also known as Extended KF)




Initial Condition

> X(C)l

» =» randomly chosen from nature run in spin up
> Pg

>~ =» should be large (e.g. 10.0 X I)

Prediction
(t-1 >0

X? = M(x{_,)

P? = MPZ_ M7 J/ oxppe S/

Background | Analysis
[P { K, = PPHT[HPPH” +R]™
Observations X¢ = X? + K. (y? — H(X?))
/st Ri f—— BE = [1-KH]P]




Variance Inflation (KF)

Empirical treatment for variance underestimation due to
(1) limited ensemble size .y . <%
(2) model nonlinearity

4
______

(3) model imperfection inflation factor (a tuning parameter)
. Lorenz96-KF 0% inflation OBER=1.0 . Lorenz% KF 10/ mflatlon OBER 1. O
—— RMSE . . : ' ' ' ' —— RMSE
—— SPREAD i i —— SPREAD
4—-——;—————-——Ji- ———————— I—- - : = -: 4____|_____.__J.________L_______.l________L______..l________ll.___-____:____
o | |
g L IR SRS SR P S S S N AU SN SN N N
@ : @
z z
21 5
1- 14
01— | : | : | : : 01— | | | : : : .
0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175
TIME[DAY] TIME[DAY]

RMSE = \/Z(x — xtr¥)2 /n Spread = \/tr(Pb)/n — \/Z((x — xt')2) /n



First Variable X(1) as a func. of time

6 = 0.00

EKF, EUPDO0.00 (JO1)

EKF, EUPDO0.03 (JO1)

6 = 0.03

6 = 0.05

EKF, EUPDO0.05 (JO1)

10 T 10 - 10 .
forcast forcast forcast
9 analysis g| anaysis | 9] analysis
8 | observe [~ observe N 8 - observe a
T truth —— A truth ——
6t 6t
X 5 5+
4t 41
3t 3F
2| 5|
1+ 1!
0 : : -2 : : : 0 : :
0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
time (day)
12
10
8 L
6 [
4 [
x 21y
o
2+
4
.6 t
.8 1 L L L
0 10 20 30 40
time (day) time (day) time (day)
12 . ‘ . 12 : ‘ : ‘ ‘
forcast —— 10 | [forcast —— 12 forcast ——
10 analysis analysis — 10 analysis
g | oObserve 8 e 8| bserve
\ truth —— 6 I /
6t ¢ 4l 6t
4 H
> 2 4
2 ol 2
0 2| 0r
_2 . _4 L 2L
4 1 I 6 | 4t gt
-6 - : : ‘ -8 : ‘ : ‘ -6 : : : :
250 260 270 280 290 300 250 260 270 280 290 30C 250 260 270 280 290 300
time (day) time (day) time (day)

Prediction
¥ Science
Laboratory

forecast
analysis

truth
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Analysis RMSE

"\J

=000 —— | | delt=0.00 ——
L gg:Lg:gg 35| del003 —
doit-0105 | ' M —

| delt=0110 f} o5 | delt=0.20

det-Of i K, [\ h ‘ir

ave RMSE
Mo (%] I [8)] [8)]

‘l |
R T e % e SRR R LF i R i v al B v 1 : ‘ _—
o el b e | %
-1 1.4 [ delt=0.03 ——
0 60 120 __---T80 240 300 | delt-0.05 ——
_____ : 1.2 f\!\ delt=0.10 ——
fomm=" | delt=0.20

delt=0.00

0.8  delt=0.05
0.7 | delt=0.10
delt=0.20

0.9 delt=0.03 ——

time (day)

Ave RMSE (from 10t day to 300t day)
6=0.00 - RMSE=3.970
6=0.03 - RMSE=3.970

ave RMSE

) 6=0.05 = RMSE=0.204
time (day) 6=0.10 - RMSE=0.211




Sensitivity to Infl. Factor

ave RMSE
o =t k%] (8] i [8)] (8] ~J

time (day) 4.0 7
3.5 1 \
5 5]
too small inflation 8201
° ° 2 1.5 1
causes filter divergence =
0.5
0.0

delt=0.00 ——
delt=0.03
delt=0.05 |
delt=0.10 |}

“hy
N

WM ‘“"Mtf F“fr*

60 120 180 240 300

too large inflation
degrades gradually

- RMSE (analysis-true)

000000 © e

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200

Inflation ratio



6 = 0.00

6 = 0.03

FCST Error Covariance P/

Pf  delta=0.03 day=1

6 = 0.05

delta=0.05

6 = 0.10

delta=0.10

day=1

B

delta=0.10

da

_ Pf delta=0.03 day=10 delta=0.05
£
Fa = L g
- . - .
= -
S
- = = =
m-m. - .
- -
ol -~ I .
- -
|
Pf delta=0.03 day=300 delta=0.05
|
-
oom
E= [ N
b ==
- .
= o
i =
-
-
i
L ]
—
—o.05 =002 =001 0.02

Environmental
Prediction
Science
Laboratory
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(1) Splitting M into sub Ms

Average RMSE

(a) Construct M once

(b) Construct M separately
M= M4M3M2M1MO e ’

¥ Science
Laboratory

R
-
-
e
-

s
2
v
7 -

P
-
-
-
-
-
-
.
-
-
-
<
z

xt  _—  m _ x¢ My 2z
| | | | | | > | | | | | | o
T T I [ I I > T 0! I [ I | .
5 0.5
J\,‘ ~©- Construct M once —-©-- Construct M once
8- Construct M seperatel 8- Construct M seperatel
44 B-g peraey 0.4 1 peraiey
3 "8y S 0.3
o )
8 8’ (¢ ___._———-_—_-_:'.‘.:::‘_‘_‘_‘_'E_‘_‘_‘_’_'_' ————————
2 $ 021 o-8-8-a-8-87
Z
1 0.1 1 splitting M
S improves slightly
0 T T T T T T T 1 00 T T T T T T T
0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200 0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200

Inflation ratio

Inflation ratio



(2) Alternative Way of M

dX;
(1) dr (Xj+1 - Xj—Z)Xj—1 —Xj+F

d(X; +6X;
(2) ( Jdt J) = (Xj+1 + 6Xj+1)(Xj—1 + 6XJ-1) - (Xj—Z + 6Xj—2)(Xj—1 + 6X]_1) — (X] + 6X]) + F
(2) — (1) & ignore second order terms gives 6Xj= 6X;(t)

d(6X;)
ar - Ki+10Xj-1 + Xj10Kq — Xj20X)1 = Xj_10Xj, — 0X;
5X;(t + dt) — 8X; R e )

dt

5X](t + dt) — —Xj_16Xj_2dt + (Xj_|_1 — Xj—Z) 6X]_1dt
+(1 — dt)6X;+X;_18X; 44 dt




(2) Alternative Way of M

5X](t + dt) — — j_15Xj_2dt + (Xj_|_1 — Xj—Z) 5Xj_1dt
+(1 — dt)8X;+X;_16X;,q dt

For example

5X1(t + dt) — _X405X39dt + (Xz — X39) 5X4_0dt
+(1 = dt)6X,+X,400X, dt

6X1(t + dt) 1 - dt X40dt °°c (Xz - ng)dt 5X1
6X40(t + dt) ngdt 0 °°c 1 - dt 5X40

=M



(2) KF Comparison of M

Numerical Method

M(x? + 6ej) — M(x{)

= Mej ~ S
10
Numerical method — w0
**| shows better RMSE — o
slightly

0.6

RMSE

T T T
270 280 290

time(day)

T
260 300

M =

RMSE

1.0

Mathematical Approx.
(Xg - X4_0)dt 1 - dt _det

X3odt 0 1—dt

0.8

— delta=0.0
—— delta=0.03
— delta=0.05
— delta=0.1
— delta=0.2

T T
280 290

time(day)
Splitting M (i.e, M= M,M;M,M; M)
Is necessary for this method to include
impacts beyond neighboring grids.

T T
260 270 300

We would be appreciated if you obtained different results




MaoiB

it

1.0 :
Numerical method (Construct M once) delta=0.00
delta=0.03
08 delta=0.05
= delta=0.10
06 delta=0.20
=
@
c
I
= 04
%)
=
4
0.2+
0.0 T
250 260 270 280 290 300
Time (day)

- IRATHA 2 L —2 3> RESRN?

> XA R ?

RMSE (analysis-true)

RMSE (analysis-true)

1.0
Mathematical Approximation delta=0.00
delta=0.03
0.8 delta=0.05
delta=0.10
0.6 delta=0.20 -
0.4+
0.2 4
0.0
250 260 270 280 290 300
Time (day)
1.0 5 5
Splitting M = M5M4M3M2M1 of delta=0.00
mathmatical approximations delta=0.03
0.8 delta=0.05
delta=0.10
0.6 delta=0.20 -
04
0.2
0.0
250 260 270 280 290 300

Time (day)

Prediction
Science
Laboratory




jihank§yollfogyoldattention!

Presented by Shunji Kotsuki
(shunji.kotsuki@chiba-u.jp)

Further information is available at
https://kotsuki-lab.com/




	Data Assimilation� - A04. Kalman Filter - 
	DA Lectures A (Basic Course)
	Today’s Goal
	Review: �Minimum Variance Estimation��(復習: 最小分散推定)
	Minimum Variance Estimation
	Minimum Variance Estimation
	Minimum Variance Estimation
	Kalman Filter
	Exercise
	Assumption & Definition
	Error Covariance
	Linear Approximations
	Forecast Error Covariance
	Analysis Error Covariance
	Kalman Gain
	Analysis Error Covariance
	Kalman Filter
	Kalman Filter Algorithm
	Sequential Kalman Filter
	Tangent Linear Model (Numerical)
	Training Course
	DA Study w/ 40-variable Lorenz-96
	Text Books
	Basic Task 3
	Basic Task 3
	OSSE: Observing Sys. Sim. Experiment
	Basic Task 4
	Basic Task 4
	Initial Condition
	Variance Inflation (KF)
	First Variable X(1) as a func. of time 
	Analysis RMSE
	Sensitivity to Infl. Factor
	FCST Error Covariance  𝐏 𝑡 𝑏 
	Tips
	(1) Splitting M into sub Ms 
	(2) Alternative Way of M
	(2) Alternative Way of M
	(2) KF Comparison of M 
	Mao追試
	スライド番号 41

