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PROGRAMME OF . V aa CAMAERA is a Horizon Europe CAMS /
THE FUROPEAR BHION @pgmﬁgﬁ - > ECMWF advancement project which aims to /

enhance the quality of the aerosol

products delivered by CAMS through

V4L 1 - improvements of the modelling capabilities

M L aCtIVItIeS fo r the I FS co M PO and data assimilation aspects of the CAMS
regional and global systems.

Two ongoing activities to implement ML in IFS-COMPO

- Replace selected processes by ML (Horizon Europe CAMAERA project). Focus on:
- Whitecap fraction and sea-salt aerosol emissions (1/1/2024 — 30/6/2025) Part 1 of
. Desert dust emissions (1/7/2025 —31/12/2026) Process-based ML this talk

- Replace the whole model + DA by ML (ECMWF — Paula Harder)
. A first prototype of AIFS-Compo Full data-driven forecasting

Part 2 of
this talk
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ESTIMATING WHITECAP FRACTION FOR SEA-SALT AEROSOL EMISSIONS

IN IFS-COMPO

Current status of sea-salt aerosol emissionsin cycle 49R1 IFS-COMPO:
- The whitecap fraction (WF) is estimated by the Albert et al. (2016) parameterization:
WF = a(SST)[WSP + b(SST)]?

- Sea-salt aerosol emissions are derived using the Gong (2003) assumed size distribution

A16 Gong
(WSP,SST) > WF > Sea-Salt

Our objective : Estimation of whitecap fraction and sea-salt emissions in IFS-
COMPO with deep neural networks (DNN) by :
1. Training offline a DNN model to estimate whitecap fraction

2. Integrating this DNN modelinto IFS-COMPO




Dataset description

Ground truth : Whitecap fraction (WF) at 10.7 and 37
GHz derived from remote sensing (Anguelova et al
2019)

Time range : 2 years of data with an hourly resolution

Predictors : 8 predictors collected

From ERAS :
 Wind Speed
* Wind Direction
» Sea Surface Temperature
* Mean Wave Period
« Significant Wave Height

From HINDCAST :
+ Total Wave Height

« Significant Wave Height - . = = i
» Dissipation of turbulent energy from breaking . . . :
waves Example of daily map of whitecap fraction from Windsat
L Dimension : around 200 million pixels ) acquisition [Anguelova et al.]




OFFLINE DNN MODEL ARCHITECTURE

Pixel to pixel approach

Model backup file

2 ONNX file required
. @ 7 < for INFERO
Standard Scaling \ Z g;v ®
2 e -
¢« o %;: 8 i ® ® Netcdf file containing
. : e e & = model inferences
Product with @ : ¥ 4 : 4 ®
PCA kernel ) N 7 &
)
Inpul Layer € S Hidden Layer € ¢ Hidden Layer € R®  Hidden Layer € R Hidden Layer € B2 Oulpul Layer € R* Animation of model

predictions in GIF format

5 layers of predictors

Description of the Deep Neural Network (DNN) model architecture and pre- and post-processing operations



RESULTS OF THE OFFLINE DNN MODEL AND COMPARISON WITH OTHER

METHODS

Comparison of simulated and retrieved
whitecap fraction — January June 2017:

New « FMI » arithmetic model
developed in CAMAERA

Arithmetics models (Monahan 80,
Albert 16) show a low bias as
compared to our dataset

DNN outperforms arithmetic
models

DNN manages to score better than a
simple neural network architecture
(MLP)

No dependency to SST found
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RESULTS OF THE OFFLINE DNN MODEL AND COMPARISON WITH OTHER

METHODS

Bias = 1.673 Bias = 0.477
7 RMSE = 1.839 7 RMSE = 0.672
4 A r2 (Person) = 0.814 r2 (Person) = 0.885
DNN outperforms arithmetic models ° °

u

and a simple neural network
architecture (MLP)

Monahan 80
s

w

-

Bias = 1.327 Bias = 0.486
7 RMSE = 1.550 7 RMSE = 0.703
r2 (Person) = 0.874 r2 (Person) = 0.871

Albert 16
I

T8 o 1 2 3 4 5 & 1 8
Observation Observation

Simulated (y axis) versus observed (x axis) whitecap fraction (WF) in %



INTEGRATION OF THE DNN INTO IFS-COMPO

Incorporation of an exported version
(ONNX format) of the DNN to compute Representation of the incorporation of our model into IFS

whitecap fraction and sea-salt aerosol .
o o HPC application
emissions online in IFS-COMPO. | e \

1

! N \ I
1 A \ :
: ,’ Il'g/eﬁace,’ :
1 « C/C++

! P \\ + Fortran \\ y INFERO s !
! 4 « Python 7 :
1 ’ ’ |
: Input Tensor \\ \\ { Qutput Tensor :
R [

The INFERO library has been integrated

into IFS-COMPO to interface with Deep )

Learning models @Q

Interest : runs a learning model in c
ONNX format from a Fortran script Trained model

- /
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Simulated whitecap fraction by IFS-COMPO on 1/1/2017 OUTC, using the newly developed FMI scheme (left), and with
deep learning model (using 5 predictors) enabled through the INFERO library (right).



EVALUATION

~

Forecast only simulations have been carried out for 2017,
for A16 (operational setup), FMI and Neural network (NN).
In general,

* The impact on simulated AOD is very small
* Some impact on coastal PM10

* Some impact on simulated surface concentration of
Na/Cl over Europe, but no clear improvement

Obs —— NN-10GHzZ —— FMI-37GHz —— FMI-10GHz —— NN-37GHz

MNa_surf (ug/m3) Mean. Madel versus EBAS.

26 sites in Europe. 1 Jan - 30 Dec 2017. 00Z, T+3 to 24. Ver0D 12.14.7.

— AlG

Mar Apr May Jun Jul Aug Sep Oct Mowv Dec
PM10 (ug/m3) Mean FC Value Diff (NN-37GHz-A16) versus AirBase.
1 Jan - 30 Dec 2017. Weekly means using 00Z, T+3 to 24. Ver0D 12.14.7.
[ ]




WHAT IS NEXT?

* Use of the same methodology for desert dust emissions

* Reference dataset : best estimate of daily IFS-COMPO dust emissions through offline
inversion with an ensemble approach.
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* Use of the same methodology for desert dust emissions

* Reference dataset : best estimate of daily IFS-COMPO dust emissions through offline
inversion with an ensemble approach
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Ratio of mean monthly dust emissions from best estimate over those from the control run; January (left) and May
(right) 2017. Red indicate larger emissions from best estimate, blue, lower emissions.
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40 km resolution
5-day AC and NWP forecast at0 and 12 UTC

Carbon Monoxide forecasts

Base time: Mon 16 Sep 2024 00 UTC Valid time: Mon 16 Sep 2024 03 UTC (+3h) Area : Global Level : Total column

>

Satellite observatio

o Total column of carbon monoxide [10°18 molecules / cm2] (provided by CAMS, the Copernicus Atmosphere Monitoring Service) (10~18 molecules / cm2)
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\ AIFS - ECMWEF’S DATA-DRIVEN FORECASTING SYSTEM

SJAB AIFS for NWP

Simon Lang® Mihai Alexe* Matthew Chantry Jesper Dramsch Florian Pinault Baudouin Raoult

Mariana C. A. Clare Christian Lessig Michael Maier-Gerber Linus Magnusson

Zied Ben Bouallégue Ana Prieto Nemesio Peter D. Dueben Andrew Brown Florian Pappenberger

Florence Rabier

May 2024

Sets of training data from ERA5 Example of training loop ML model
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Input Output
Atmospheric state+AC variables: Prediction:

X0 X(t+3h)
> AIFS-Compo MODEL S T

encoder g4  processor

v

Variables:
 Atmospheric composition variables Training Scheme:
+ AOD, PMs, Reactive gases 1. Train on EAC4
* Mixing ratio at pressure levels 2 Fine-tune on
* Upper-air variables at 13 pressure levels .
T operatl_onal
« Surface variables (temperature,  winds, analysis/forecast and
pressure, radiation) lead times up to 36h

» Static geographical features, location and time

information as input forcing Implemented in

anemoi



Results: AOD

AIFS-Compo 0.1

RMSE against observations

RMS error. Model AQT at 550nm against L1.5 Aeronet AOT at 500nm.
473 Voronoi-weighted sites globally (r,,. =1276km).
Jun - Aug 2024. 00Z. Ver0OD 12.16.0.

Bias against observations

FC-OBS bias. Model AOT at 550nm against L1.5 Aeronet AOT at 500nm.
473 Voronoi-weighted sites globally (r,, =1276km).
Jun - Aug 2024. 00Z. Ver0OD 12.16.0.
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QB Results: AOD
AIFS-Compo 0.1

AIFS-Compo IFS-Compo
AOD day 3 forecast AIFS- Compo 20-06-2024T00:00:00 AOD day 3 forecast operatlonal 20-06-2024T00:00:00 -1.0
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improvements
for NWP vars +
reactive gases
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included as
input
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