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Main Motivation




Main Motivation of the “Ensemble Squeeze” Localization

» MAIN MOTIVATION:

= Implementation of the Local version of the Gamma Inverse-Gamma (GIG; Bishop, 2016) in a LETKF framework, widely used in
Operational Centers.

= LETKF uses the “Ob-Error-Inflation localization” technique.

» MAIN PROBLEM:

= “Ob-Error-Inflation” localization method does not work for GIG.

» SOLUTIONS:

= Development of a new localization technique “Ensemble Squeeze” suitable for GIG which is equivalent to the “Ob-Error-Inflation”
localization.

= The “Ensemble Squeeze” localization technique can be applied to any other ensemble-based DA system.



Main Motivation of this presentation




Brute Force Optimal Localization Length Scale




Main Results
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Main Results

Serial LEnKF (Ob Error Inflation) [ntrials=400] Serial MLEnKF (Ens Squeeze Loc.) [ntrials=400]
(MSE Opt =0.60791) (MSE Opt = 0.55486)
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Approach to the “Optimal” Multi-Scale
Localization Length Scale




1/K Rule: Getting “Optimal” Localization Length Scale from the

Multi-Scale True Correlation Function.
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1/K Rule: Getting “Optimal” Localization Length Scale from the

Multi-Scale True Correlation Function.
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1/K Rule: Getting “Optimal” Localization Length Scale from the

Multi-Scale True Correlation Function.
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Results so far suggest that the intersection of 1/K with the climatological covariance function might help speed

the tuning of the localization. .




Theoretical aspects behind the “Ensemble Squeeze”
Localization Method




The idea of “Ob-Error-Inflation”

(Local Volume LETKF Perspective)

Serial EAKF (NCAR-DART)

forj=1:p; % where p is the number of observations
Step 1: Obtain the observed value yj”., and the associated observation error variance, Rjj
Step 2 : Update the ensemble estimate of the observed variable using
T
T
O . G [ ) I S L (P )
HJ_Z(HJ.Z) +R P H; TR,

Jj

v =<yj>+\/[1—Pf(Pf +Rjj)1}(y;—<y-jf>), fori=12....K (P/=HP/H)

J J

Step 3 : Find corresponding analysis ensemble for observations and model variables using

melng) |
yi =yl + ~(y4—y!) fork=1,2,..pandi=12,...K, and
(12)12)
Z(u :)(H.Z)T
xzi :xl{i+ . ! - (y;—y-};) for u=1,2,....n, and i =1,2,...,K
(#,2)(#,2)

Step 4 : Let the analysis ensemble be the prior ensemble for the next observation

y}{’; =y, fork=12,.,p;i=12,..K

xl{i =x;, foru=1,2,...ni=1.2,..K
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The idea of “Ob-Error-Inflation”

(Local Volume LETKF Perspective)

1-dimensional “Ob-Error-Inflation” localization example

— — —

Local Serial EAKF “Ob-Error-Inflation Localization”

forj=1:p; % where p is the number of observations - ~~ -
7~
Step 1: Obtain the observed value y;?, and the associated observation error variance, R, P e ~ N Local Volume
Step 2 : Update the ensemble estimate of the observed variable using ob error inflation factor a, y 7/ b a3 N \
: =< X
T ij i’ § \
ViV / f T / A column of P
<yj>:<yjf> H/Z( T/ .‘)—-'-v,‘(y;_<yj>):<yjj_ﬁ>+ IjJ]i Ifi‘"-.’(y;—<yf>), and / \\
HZ(HZ) fa R’ HPH +a,R, /
"‘;.‘.,--" Cernans® / Center /" model grid \\
a a RN . oint of a local volume
yﬁ:<yj>+\/[FP‘f(Pf‘f%Rﬂ‘Z-‘ }(yff‘<yjf>) fori=12....K (P'=H P H]) l/ (LETKF) \
MTTE N , ‘I
Step 3 : Find corresponding analysis ensemble for observations and model variables using I /\ |
H,z(Hz) 0 7
y2=y£+—’T(y;’i—y-jfi) fork=1,2,.,pandi=12,..,K, and \ i=] OB
(H.iZ)(H./Z) \ ,‘
Z(u,:)(H _Z)T s\)urious correlations ,'
= xf s (y;; —y‘J‘,:) for u=1,2,..n, and i=12,...K \ P - /
(HJZ)(HJZ) | \ ! e /
. . . \ ,’ - ’ /
Step 4: Let the analysis ensemble be the prior ensemble for the next observation \ - “ o -
f_ e _ i \ Ob-Error-Inflation of the j© observation:
yi=y.,.fork=12,..,p;i=12,..K N
xiz =xZi, f0r5u=1a2a--'an; i=l’27--'5K N R]J S aﬂjRjj’ Where a.uj and R]] V R
- — 15
~ - -

end



The Local Serial Observation EAKF

(“Ensemble Squeeze™ localization)

Local Serial EAKF “Ensemble Squeeze Localization 1-dimensional “Ensemble Squeeze” localization example
forj=1:p; 9% where p is the number of observations - -7 T T~ ~ <
7~
Step 1: Obtain the observed value y?, and the associated observation error variance, R, P e ~ N Local Volume
Step 2 : Update the ensemble estimate of the observed variable using the ensemble squeeze factor b, = a;}/ g 7 N \
/ - ,2— < - // Pij=<x’i’x!j> \
<y‘?> — <yf > + bmH Z el Z) (yo. _ <y-f>) <y > )) H; (yO_ _ <yj_f>) and / A column of Pf__ \
J J H Zﬁb H Z) i R J J J (\bz H \PfHT + R J J B / \\
2 f\ 2 j\ ! r . Center /" model grid
Vi = <y/ \/[ b, P l(b P " R ](yji - <yj >) fori=12,..K | point of a local volume \
S - | (LETKF) \
where P/ = H P'H . I \
Step 3 : Find corresponding analysis ensemble for observations and model variables using Il |
T
. A kZ(H jZ) . ' | m. IR G R
v =yl + ~(v4—y}) fork=1,2,.,pandi=12,.,K, and AR ot R
(1,2)(,2) 5 o
\ 4
Z(p.2)(H,2) \ '
Xl = x.;i ’ / - <yj?i - yjfl) for u=1,2,..n, andi=12,....K swrious correlations ,' spurious correlatiohs
(HJZ)(HJ‘Z) \ ! R y
Step 4 : Let the analysis ensemble be the prior ensemble for the next observation \ L’ - /
— _ \ , , ,
Vi = Yie» fork=1,2,....p; i=1,2,..,K \ | Ensemble Squeeze at the j observation location
f — — —
Xy =Xy, foru=12,.,n;i1=12,.,K f r
u Var(yj )(—bﬂj Var(yj ), where b, V R .
~— = >

end



Equivalence Local Serial EAKF (Ob-Error-Inflation)

vs Local Serial EAKF (Ens Squeeze)

o LEAKF Ob-Err-Infl MseThisCase=0.13829, Mse Ave=0.24464, {CRPSS Ave=0.76641) ntrials=120
LEAKF Prior ensemble

— Posterior ensemble

(Ob-Err-Infl) . e okt 1

== Truth

— . » Obsorvtons

Variable values

Both localization
methOdS pl'Odllce ' ¢ “ G: L 100 120
precisely the same

results!! o LEAKF Ens-Squeeze MseThisCase=0.13829,trials:.'zo

LEAKF

(Ens-Squeeze)

——

17




The “Ensemble Squeeze” Localization applied to
the Multi-Scale DA problem




The Multi-Scale Localization

(Main Idea)
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Multi-Scale Local MLEnKF using “Ensemble Squeeze Localization”

(Pseudo-Code)

forj=1:p; % where p is the number of observations in the local volume

Step 0c : Find omk=o0 , = [ofi,of, ], fori=1,2,..,K such thaty’ =, (oﬁ ) =h, (o_ﬂ) +h’ (oﬁ - o_ﬂ)

Step 0 : omk_squeeze=0'/"“" = (o_ﬂ) +s0 (oﬁ - o_j,) = [(O_f,) +s' 0O (0; —(Tf,),((?j,) +s° O (0‘;. - 07)}, < |J

where elements of s squeeze the perturbations based on how far they are from the grid point being updated.

We define H,Z,;, as: - -
_ - OMK (Observation Model Kernel) variables o . refers
squeeze T| L L L T|.S N s Lyl SryS J
H .z :[hj [s o(oﬁ—oﬁ)],h,.[s oo} fo/i)ﬂz[s Z*omk.:1.5°Z* [omk.:])(VE 1) - . .
‘ ‘ to the minimum list of model variables
Also note that: . . £ :
required to predict the y; observation.

H Z7 = [hg [sL o(o} —o_ﬁl.)},hf [sS oo} —J)ﬂ =[s"B 21 1,2 T (VK -)

StepOc : squeeze_average =[s,,s, | = mean([sL ,8° J,l), then compute

Sy Ss

W, = —— and w, = = 2,sothatwf+w§=1
S+ Ss \S; +58
Step1: Do univariate Gaussian assimilation of y, using squeezing factor to obtain y%,, i =1,2,..., K

< a> < f> [SLZL [omk,:],SSZS[Omk,:]][sLZL[omk,:],SSZS[omk,:]]T ( ) < />)
N={yp/ )+ > —(y
P [ 5" 2" [omk, ), s Z° [omk, ] ][ s“Z" [omk, ], 5" Z° [omk,:]]T R,

T

H lZ.{Y)lZ:eEZE H lZZlZ:E@Z@ )

=(v/)+ o Ziqu( H( _ quueezek)T 1 2 (v =(7)
J

™ omk " omk

T
Squeeze Squeeze
yi = () 1- B o (H"’Z‘””’“T) [vi-(v)],  fori=12,..,2K Multi-Scale LEAKF
J J H ZS!]MB@ZE H ZS(]ME@ZL’ R J J
L (H 2™ ) +R, (Ens Squeeze Localization) 20




Multi-Scale Local MLEnKF using “Ensemble Squeeze Localization”

(Pseudo-Code)

Step 2: Find corresponding analysis ensemble for observations and model variables using

77

<h£ |:WL (Okz Okt 0/([ l:h 0 - 0]1 )’ S (O_fi - Ofi ):| >
. -\

<|:hf |:WL (O_I;i _01;1 s W 0 :Hh |: Ji 1;1 )aWL (Oj[ _Oji) >
T

<|:WL (fo xftf), /” }, th o —oﬂ W h (01 Of.,.) >

——(»4 -y} for p=12,..n, andi=12,...K
<[hf[wL(ofi—0fl (o5 ) [0 [ o 7)o 0107 >

Step 3: Let the analysis ensemble perturbation be the prior ensemble perturbations for the next observation

_ ./
Vi =Yt

(y;‘i —y-J’.;) fork=1,2,...,pandi=12,...,2K,

a _ f
x.—xm+

0/(1
0

1 6 _ o

Z-= N (x*-x")
Step 4: Let the analysis ensemble be the prior ensemble for the next observation
ylo =yl fork=12,.,p;i=12,.,2K
xl =xy, for u=1,2,..,m i=12,.,2K

end

X‘ =x* +VK —1((EA,E")Z" +(EA E)Z°
L S

Multi-Scale LEAKF
(Ens Squeeze Localization)
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Results
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Single Ob DA Correction
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Comparison Single-Scale LEnKF and Multi-Scale MLEnKF

with very accurate observations

1-dim Multi-Scale statistical model: Serial LEnKF: MseThisCase=o.54695,AveEnsVar=o.1 2705, ntrials=200
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Comparison Single-Scale LEnKF and Multi-Scale MLEnKF

with very accurate observations

1 1 1ot Serial LEnKF: MseThisCase=0.3744,(MSE Ave=0.3739,)AveEnsVar=0.018468, ntrials=200
1-dim Multi-Scale statistical model: ' i v v i

4 Prior
Koo A
n=120 X J \y\ws
p=60 7 j ‘
ntrials =200 31
Ob error var =0.01 B 2 = 0 s o 70 a0 a0 % o 20
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Comparison Single-Scale LEnKF and Multi-Scale MLEnKF

with less accurate observations

1-dim Multi-Scale statistical model:
K=10
n=120
p=30
ntrials =200
Ob error var=1.0

Loc. single-scale =7
Loc. Large multi-scale = 20
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(MSE=0.69711)
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Comparison Single-Scale LEnKF and Multi-Scale MLEnKF

with less accurate observations

. . .o Serial LEnKF: MseThisCase=0.44021,(MSE Ave=0.53032) AveEnsVar=0.35708, ntrials=200
1-dim Multi-Scale statistical model:

K=10

Prior

Posterior LEnKF
e Truth

Prior mean

= Observations

3 4 Posterior LENKF mean |/

n=120 Ve W
p=60 L)

ntrials =200 | |

Ob error var=1.0 ; " 120
Serial MLEnKF: MseThisCase=0.34891 , AveEnsVar=0.4028, ntrials=200
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YA
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Variable values

Multi-Scale LEAKF (MSE=0.47442)
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Concluding Remarks

* “Ensemble Squeeze” is equivalent to the “Ob-Error-Inflation” localization for same computational cost.

e “Ensemble Squeeze” localization works in a serial framework where we assimilate one observation after the other and
it is SIMPLER to implement than other model space localization methods (e.g., Shunji et al, 2021).

e Preliminary results suggests that the multi-scale DA using the “Ensemble Squeeze” seems to produce similar
percentage error reduction to the ones observed in Xuguang et al., 2020.

Potential use of the “Ensemble Squeeze” localization:

* “Ensemble Squeeze” localization could be useful for observations that are integral of the model state (e.g., Satellite DA)

FOR MORE DETAILS, PLEASE TALK WITH US LATER!!
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