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Introduction "

HARMONIE-AROME (H-A)

Observation biases

Variational Bias Correction (VarBC) linear model.

b(iﬂ, 5) = fBo + 511?1(3’) e 52192(37) i /Bnpn(x)

VarBC updates Betas every few hours inside NWP

. Predict B’

Physical ML
model

M(x(t))



Research questions

b(z, B) = Bo + Bipi(x) + Bapa(x) + .... + Bnpn(z)

1. Can ML models emulate VarBC in terms of estimating the betas outside of the data

assimilation scheme?
2. Is knowledge transferable from one instrument to another?

3. How does the forecast quality compare between a regular H-A 4D-Var VS an
ML-based H-A 4D-Var?
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Research design

DINI domain (2023) for training

Dutch domain (2021) for testing




@
Data groups
A
- —
14 L4 200 I 200 200 | - 200
2 - L
Ch.14 2
3 - -3
5 chia  Es 300 4 L 300 500 o
10 3 ch12  F 10 Cha chi1
= a =
£ 20 it 20 € 400 I 400 € 4004 cniz L 400
2 30 + 30 2 2
2 . H 2 h.a 2 N,
ﬁ 50 o ch10 | 50 & 500 o Ch- - 500 g s00 4 ©h13 \ L 500
a 3 E o a
E chg E ch1a N
1009 S [ 100 600 — ohs I 600 600 | L 600
N\ chs
200 [/ NG [ 200 700 I 700 700 Ch.15 L 200
"N ch7
300 | I 300
- - 800 800 800 I 00
ché w00
%00 3 chs F 900 - I g00 900 L a00
1000 E 1000 1000 I 1000 1000 L 1000
T T T T T T T T T T T T
00 02 04 06 08 20 -15 -10 -05 00 20 -15 -10 -05 00
Temperature Jacobian [K/K] Humidity Jacebian [K/{10%)] Humidity Jacobian [K/(10%)]

Sensors/ AMSU-A MHS MWHS2
Satellites

Metop-B channels 7, 8, | channels 3, 4, -

9 5
Metop-C channels 6, 7, | channels 3, 4, -

8,9 5

NOAA18 channels 6, 7, - -
8
NOAA19 channels 6,9 | channels 4, 5 -

FY-3D - - channels 4, 5,
6,11, 12,13, 14,
15

Figures from ECMWF observation monitoring package



ML models

Can we predict the Betas using ML methods instead of
VarBC?



® @ © @

/&'1//@["?'7 /blf/

6
% %
9& 2
©
% >
I




DY -
e @
N/

07273
NN RF AB
1.54 //i 1.54 1.5 . ‘ pa
1.0 101 101 i d
i 051 . 05 . 051
2 ool g g EEm constant
= 5 00 = BEN 1000-300hPa thickness
o 08 g 8 os T EEE 200-50hPa thickness
£, g0 2 o nadir view angle
- 10 —1.01 S o . Il nadir view angle **2
-15 ' s 3 ".“0 nadir view angle **3
-15 -1.51 './.. i '*
-2.0 //-“ .33:'.
220 -15 -1.0 —05 00 05 10 15 -15 -1.0 -05 00 05 10 15 _2'0—-2'.0 -15 -10 -05 00 05 10 15
True Betas True Betas True Betas
Scoring MSE R? Training
metrics/Models time
NN 0.0250 0.757 NN 3min
RF 0.0252 0.754 RF 9min
AB 0.0267 0.740 AB 2min
On-demand sub-km

domains?



Random Forest.
Sensitivity analysis

Is knowledge transferable from one instrument to another?



Remove a sensor from training
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Remove a sensor from training
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Remove MHS
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HARMONIE-AROME (H-A)

How does the forecast quality compare between a
regular H-A 4D-Var VS an ML-based H-A 4D-Var?



4D-Var in H-A
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ML bias coefficients
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ODB preliminary results
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Data Assimilation in KNMI

Erik Dedding (17p.01): Towards a full exploitation of satellite radiance
information using transformed retrievals in HARMONIE-AROME
4D-Var

18



Key takeaways & Looking
ahead



Discussion "

e Emulate VarBC
e Dependency between instruments

e Relevance:
o on demand sub-km domains
o new generations of instruments
e Next steps:
o Assess the skill difference between the traditional VS ML forecast

o Different training data
o Offline — online?
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Thank you!



