-y

Estimation of NWP parameters using EnKF-based
algorithms

Yvonne Ruckstuhl
LMU

Tijana Janjic
Hans Ertel Centre for Weather Research, DWD




\\\B/ /[

Motivation

Representation of clouds in convection permitting models is sensitive to NWP parameters
that are often very crudely known.

Goal

Treat these parameters as uncertain and estimate them along with the state in order to:
o Reduce forecast errors

o Better capture the uncertainty of forecasts

Challenges
o Non-Gaussianity
o Violation of conservation laws

Research Question
What is more effective:
o Taking higher order moments into account (Quadratic Filter, Hodyss 2012)

o Satisfying conservation laws and physical bounds (QP Ensemble, Janjic et al 2014)
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J(8x;v;): = 8xT P718x + [v; — H6x] 'R~ [v; — H8x]
Vp=y+£?—HG?+sD

Algorithms

EnKF (Evensen, 1994)

x{ — x; = min J(8xv;)

= PHT(HPHT +R) v,
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J(8x;v;): = 8xT P718x + [v; — H6x] 'R~ [v; — H8x]
=y+¢& —H(X + &)

Algorithms

EnKF (Evensen, 1994)

x{ — x; = min J(8xv;)

= PHT(HPHT + R) v;

Quadratic Filter (Hodyss, 2012)
x? —xI = PHT(HPHT + ﬁ)_lﬂ

B _ [P skew] R — [ Rskew] 7 = [ Vi ]
Pskew  Pkurt Rskew  Rkurt : Vi *Vj
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J(8x;v;): = 8x P718x + [v;
=y+g

— HSX]TR_l[Vi
— H()‘(f + sf)

— Héx]

Algorithms

QPEns (Janjic et al, 2014)

x2 —xf = r%in J(6x; vy )
X

subjectto Aox < a,

Box=Db

a f
Xi _Xi

= PHT(HPHT + R) v;

EnKF (Evensen, 1994)
= min J(6x;v; )
O0X

Feasible region

Quadratic Filter (Hodyss, 2012)
x? —xI = PHT(HPHT + ﬁ)_lﬂ
skew

R= |,

Pkurt] Rskew

[Pskew Rkurt

Rskew] 5 —

QP-Enssolytion
y ¥ AN >
< EnKF solution

Qjﬁramed solution
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Augmented state parameter estimation

—
@ xP(@) (Xa(l) ga(l))
pb() Oa(l) \ !
Initial Conditions <EnKF>
x? 02

P _
Oa gb (Cov(ﬂb,xb)> HT(HPHT + R) 1(y — Hx")

Forecast
xb,eb

(servationD

Parameters are updated through their correlation with the state!
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Dynamical model
for parameters

Hz{i = 91?—1,1’ + f(X¢)
X.~Beta(a;, ;)
E[f(Xp)] = 6{,

Var[@[] = g*

Spread for state variables:

Initial Conditions

Initial Conditions

Spread for parameters:

Initial Conditions

Initial Conditions
A
I
/
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Covariance Localization (Gaspari and Cohn)

™ 2 No localization in
— " | parameter space >
' localization matrix
\ positive indefinite!!
f of \
Y Localization [ P COV(X 0 )
matrix for the COV(Xf ,0f ) COV(Gf of )

Quadratic Filter

Global updating:

[ P Pskew]
Pskew Pkurt

L c]

1
wherec = —e
CT 1 n
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Experiment set-up
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Algorithm comparison

0.0020

0.0019¢
0.0018¢
0.0017¢

0.0016+

0.0015} Y ST

0.0014F &~
0.0013| & . -#

0.0012. @ .

0.030

0.028¢
0.0261

0.024
0.0221

0.018; &~

0016 & o----- -

0.014 o~

0.020+ Y TR

0.012

0.011

0.0101
0.009 ¢

0.008

0.007 - A
0.006
0.005 1
0.004

0003 =556 100 200
Ensemble size

400

0.014

0.013/
0.012}
o.011| 3 ‘
o.010} @ .
0.009 |
0.008}

0.007

0.005

0.004 |

0.003

0.002 |

0.001}

0.000

0.0035

0.0030}

0.0025}

0.0020

| RMSE r (drly an‘d Wgt) |

Absolute error mass h

‘o +

g
N &
- S

¢ A g

Absolute error mass r

0

50 100 150 200 250 300 350 400

Ensemble size

0.000130

| 0.000125}
0.000120}
| 0.000115}
1 0.000110+
{ 0:000105}
4 0.000100}
0.000095 |
1 0.000090}
4 0.000085

0.040

0.035 ¢

0.030

0.025+

0.020

0.015+

0.010

0.023

0.022
0.021+
0.020+
0.019+
0.018+
0.017

0.016

o |®—® EnKF

¢ QF
¢ EnKF+QF
94— QPEns

6.

(f |

2550 100 200 200
Ensemble size

QF needs a sufficiently large
ensemble size to beat the EnKF
but is most sensitive to
ensemble size

Positive feedback between state
and parameters

RMSE/Spread ratio is best for
QPEns

Taking higher order moments
into account reduces mass bias

QPEns suppresses spurious
convection

11



\\\B /[

— truth

e e observations
0.020

_EnKF

— ensemble mean Sna pShOt

VQP Ens'

0.015|
0.010
3 0.005]
2 0.000
'S —0.005f
—0.010f
—0.015}

-0.020
90.30

90.25 |
o 90.20¢
o 90.15}
5, 90.10
‘© 90.05}
< 90.00

89.95|

89.90

0.14
0.12¢
0.10¢
0.08¢
0.06}
0.04}
0.02}
0.00
-0.02

rainr

0 50 100 150 200 250 0 50 100 150 200 250

Parameter error evolution
for EnKF (50 members)

0.00020

0.00015¢

0.00010

0.00005

0.00000

0.06 ; ; %

0.05

0.04+¢

0.03¢

0.02¢

0.01}

0.00

0.030

0.025p

0.020}

0.015¢

0.010

0.005}

0.0005 50 100 150 200 250

Time in assimialtion cycles
12

o3

—— mean error
— mean bias ||




\\\B/ /[

Conclusion
(Ruckstuhl and Janjic, 2018)

o For small ensemble sizes conserving physical properties is
more beneficial

o Taking higher order moments into account becomes more
beneficial as ensemble size increases

o Taking higher moments into account for parameter estimation
shows benefits for all ensemble sizes

o Even EnKF does well for all ensemble sizes!!!

Outlook
o Estimation of roughness length in COSMO-KENDA
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Estimation of roughness length in COSMO KENDA

Motivation

Cloud representation is highly dependent on accuracy of calculated
surface fluxes. But calculation of surface fluxes contains many
uncertainties. These uncertainties lead to model errors that are
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ignored in weather prediction systems. w2 M.
correlation of Z0,V_10M | Lo * = e
' = Approach
" |dentify parameters that directly -
"~ influence surface fluxes (roughness === = wm—m
—lengths) and estimate them along |
.. With the state to: e |
-» o Reduce forecast errors o
** o Better capture uncertainty of
" forecasts N _d
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