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1. (EnsembleKalmanfiltering

Dynamicamodel

Model error KF iooptimal when:
Xy = f(Xt-l) +‘ -

| E(v,)=0 A Theforecastand
xI A" Covv,)=0 observation
Observations _ operators ardineatr.
y, =h(x, )+v, —— Observatiorerror - A Theerrorsare
yi A E(w,)=0 Gaussian
Cov(wt) =R

Thevalidity of these conditiongdepends upon:

A Lengthof the forecast window/ frequencyof observations
A Magnitude of observational error

A Nonlinearityin the model dynamics
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1. Ensembl&almanfiltering

Updating the ensembleneanand covariances straightforward,
updatingthe perturbationsis not

XP- xa
DeterministicEnSRF StochastidEnKF
- Adirect transformatior_lfrom - BEnsemble members are
background to analysis (not updated individually using

unigue), can usebservations  nertyrbed observations

serially or altat-once . .
. . .- TheKF covariance equatiors
- The KFovariance equations . o
fulfilled only statistically.

satisfied exactly |
- Anydistortions of the - Theensembleis constantly

ensembleare prone topersist ~ ¥efreshedd @
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1. Ensemble TransfordalmankFilter family

Within the EnSRFE$he ETKRFamily relies on @ost-multiplication to
update perturbationsall-at-once

AiooRA A e AA (A af)d )
A OnesidedETKF (Bishop et al., 2001)j Ae )
A SymmetricETKKWang et al., 2004;

Hunt et al., 2007) n ANeE ) A
A No-symmetricsolutions (e.gSakowand, o _.
Oke 2008) M Ae ) n

Theone-sided ETKEF is biasgetihe symmetric ETKIS unbiased for the

not symmetric ETKFs it depends upon the particulpossibly random)
matrix S(Livings et. al, 2008)
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2. Ensemble clustering

Consider thaunivariate quadratic model(Anderson, 2010):
X1 = % +0.05x +b|xx )

It has arunstable fixed point we use it as truthix' =0 . The model is
integrated withDt =0.01  and we obsegve (&) every 2 steps. We us
SETKF for Anear(b=0) and anonlinear(b=0.15)case,M =10

LETKF M=10 b=0 LETKF M=10 b=0.15

—truth - . *
3| '« observations 1 -3 . trbuth ,
background/analysis | . obse ons )
-4 | background/analysis
0 5 10 15 20 | -4 : :
e | 0 5 qul_ 15




2. Ensemble clustering

As soon as nonlinearity strikes EC appear&nbRFEdt does not
happen in the stochasti€EnKFIt results from thedisparity of
nonlinear forecasiandlinear analysifAnderson, 2010).

This has been studied in the Ikeda model (Lawson and Hansen, 20
the Lorenz 1963 and 1996 models (Anderson, 2010) nitaguent
observationsand largeobservational errors

It does not affect the ensemble covariancbut it does affect higher
order moments.

EnSHF, Linaar EnSRF, Monlinaar

{ Thetruth is not statistically
Indistinguishable from the
ensemble membergfrom
Lawson and Hansen, 2004).
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2. Questions about EC

a) Is there asimple wayto diagnoseit?

D) Is itanirreversiblephenomenon oENSRFS

c) How much does iaffect the accuracyof EnSRFSDoes it
handicapthem?

d) Alternativescan be used to avoid it (e.Jon Symmetric
ETKFE ! YRSNER2Y Qa wl vyl | Aaid
advantageou?8
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3. Measuring EC

We use the followingnetrics ¢ KA OK & S cliRtSyiRd¥ghe®
2

cp=%u1  cp-TracdR.y)

Sy Trace(PM)
N=1 N>1

Considering again the modsgl: = x +()_()5(><t +b|x[|x[)

SETKF with M=10 b=0.1 with obs every 2 steps

- | | | | | | | |
L o & W LR R IR Y ] @ MHNE HE DS MEE BN
L1 LR R LR L. Rl R R L R L R A L -

e + Me ¢ wm WML e + +
4 4 BB W e

[
L= I

P W B OO ~ 00 W
position of the truth
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Time



3. Measuring EC

Varyingthe ensemble sizeand thestrength of thenonlinearity:
S-ETKF for the model xm=xt+ﬂ.ﬂ5*(k[+h*xf]

« O < + 0O

o % O o % 0O O

b=0,M=10
b=0,M=20
b=0,M=100
b=0.05M=10
b=0.05,M=20
b=0.05,M=100
b=0.1,M=10
b=0.1,M=20
b=0.1,M=100
b=0.15,M=10
b=0.15,M=20
b=0.15,M=100




time for CD to get below CD_.=0.04

Howfast does EC occur?

In this simple model it seems to

follow apower lawindependent E | b2
from b and weakly dependent on @"“d@
M.

10 -

Inthis caseclustering is -
inevitable. Is thisalwaysthe case? | = A(M )b'g
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3. Avoiding EC: NETKFs

(Unbiasedyandomly-rotated EnSRFavoid clustering

S-ETKF, b=0.2, M=10, cbservations every 5 time steps

g W
;%§§§§?% % Mégﬁ ﬁﬁ%i ) A
% : ”S;K§ =0.2, M=10, observations every 5 time steps ; %

s §§%g§§ﬁ%%% ﬁ

0 9 1D 11 12 13 14 15 16 1? 1B 19 EIJ
assimilation cycle

TheOzyaul- yu WYa ONJ YO prévg!n‘ﬂsme(mfﬁerfuoms
0SAY3I LISNEAAGSYU YR S@Syidz f ¢
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3. Avoiding EC: NETKFs

However, thisconstrained resamplin@f the ensemblesrasesthe
memory fromindividual trajectories, the effect of the\®rrors of the
dayQ A & Y2IRMTahoSiigf SIF @@ S OK | y I f ¢

5 S-ETKF M=10 b=0.15 MNS-ETKF M=10 b=0.15
3 .
— truth — truth
* ogbservations * observations
——background/analysis = background/analysis

il -

ai! /3]
U il

0 05 1 15 2 35 05 1 15 2
time time

Following individual trajectoriesvas one of the advantages BhSRFs
(Anderson, 2001)s it worth losing this ability?
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Thegrowth/decay perturbations is not constan{neither linearly
nor nonlinearly)n an attractor.

BO.

PP S T TS AU - Bred vector growthin the Lorenz

1963 model showing thgrowth

. rate for perturbations For
N / different regions, there can be

B v S decayor growth Glow, ,

N I - A I U fast).

-
Ty, -
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Reproduced from Evaret al., 2004.
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X1 =% +0.05(x +b|x|x )

[ S8 Q& ndvb~N(01) everyL ~Unif (L,,2L, )ssteps perform
DA in this model, and measure the clustering degree.

b~N(0,1} in intervals of length~U{(10,20) b~N(0,1) in intervals of length~U(50,100)
1 1 I. T ) T T T ) F T T |__ ....... B | |i

I I® I 0.2

I ] ol | i1 11 |

= 4. 1 B || [

B [ 1,!‘[": i WTH WA W ) n ,. 1] I h ~0.1
:“.0 5 ?_-' .' t 11 1b || -,rl' § 1::1.1.|;‘ | ' [t ' ) i r{r?l :“I |E || p“u ﬁmh.ll x: a0 o
i L ' yo | " 1yl i i NE 'll [l bt 01
1 I ’ i I : IL-0.2

%0 300 400 50 600 700 800 00 00 300 400 500 600 700 800 900
b~N(0,1) in intervals of length~LI(500,1000) b~N(0,1) in intervals of length~U(1000,2000)
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b~N(0,1) in intervals of length~U(50,100)

| S p————— i Ry A —

X1 = X +0.05(x +blx|x)

...............

— truth ' Time evolution b~N(0, 1) in intervals of length~U(50,100) c

___ensemble
members
x0 P IYE 1YdL Y - o 2 . A ‘ .l‘x“ ‘ ¥ ' ‘.‘ ‘ $ J.'
s AN st At
L 6.:)0 760 time 7'~l50 860 850

Clusteringcan bereverted by thealternation of nonlinear growthand
decay It is anntermittent phenomenon.
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4. EC In the Lorenz 1963 (L63) modt

The system:
#2 = x0(r - x9)- x@  =g/3
#3) = xWx@ - pxl b=28

Settings (Miller et al., 1997; o
Kalnayet al., 2007)Dt =0.0LH =I,R=2I"

A OFrequené 2 0 & S Nagdry8 epgyfidear regime.

A dnfrequenté 2 6 & S hﬂ@drxﬂ%i@%@onlinearregime.
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4. EC In L63

Clustering degree for L63 using ETKF M=10, R=2I, obs every 24 model steps
] | | | | | | | | |
= .1 —_
s ;
005 i
T
o
s
= | | | | | | | | e | | |
gPBS 167.5 170 172.5 175 177.5 180 time182'5 185 187.5 190 192.5 195 197.5 200
time interval: [17D.4,171.1] time interval: [190,190.7] time interval: [199,199.7]
40 . SR ___ensemble 40~
a5l members
! : : Lo : R 35
EX

Clustering isntermittent .
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4. EC In L63

As usualthe Non-Symmetric ETKéoes not present clustering

1 M=3 ,obs every 8 model steps M=20 ,obs every 8 model steps
] I I I I 1 I I I I
! = .
0.5 ﬁ 1 ] | 1 0.5
— ] h i 1 Ii l ﬁ : I N .' -
o [ ] 1 1 | ', [ i 1. ’ —_LETKF
g [l el S - - "MPNS-ETKF
g 1%25 1 530 1 535 1540 1 545 1550 1%25 1530 1535 1540 1545 1550
i M=3 ,obs every 24 model steps M=20 ,obs every 24 model steps
f 1 - : - Ta 1 - - - -
TR M
s |y A ! |
05 [- I } | 1l IMH I'I' 1y 'l 05
1 b I b ! i
; LI | '. = !I I= E ! 1 I |
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time time

EC in deterministi€EnKFsDARC seminar, 4 July 201%R



4. EC In L63

Clustering isntermittent, andless persistenthan in the univariate
guadratic model Why?

In theunivariate model, only themagnitude ofb could vary Plus,
0KA&d Y2RSf RARYQUO LINBaSyild YAE

In the Lorenz 1963 modeboth thedirection and magnitudeof the
nonlinear growthcan vary Besides, this model presents mixing.
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4. EC In L63

A statistical
summarywith 2
ensemble sizes
(M=3,10.

Clustering affects
the performance
of SETKKIn terms
of RMSElor large
size ensembles

Random rotations
Improve the rank
histograms but

not when inflation
IS used(M:3)_ deterministi€EnKFsDARC seminar, 4 July 2011)R




