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Why use ML for desert dust emissions?

ÅComputational cost small compared to other 
processes (photolysis, wet deposition, etc.)

ÅBut many sources of uncertainties impact desert dust 
emissions (inputs, resolution, representativeness, 
processes, etc.)

ÅIn CAMAERA, we want to explore if there a possibility 
to train a statistical approach on a dataset of dust 
emissions that merges simulations and observations ï
a dust emissions analysis 

ÅSo the objective here is to improve skill, not speed.

Schematicfrom LISA representingthe key processesfor 
the production of desertdustaerosols.



Work plan

ÅSome desert dust emission datasets from flux inversion exist 
(Escribano et al 2017), but estimates depend a lot from model to 
model, so probably not applicable here.

ÅA first task is to create a reference dust emission analysis, computed 
with an offline ensemble Kalman smoothing applied to IFS-COMPO 
emissions.

ÅThis offline dust inversion methodology can also have other uses:
ÅProvides information on systematic/frequent biases of the dust emission 

scheme

ÅProvides a comparison point to the future dust emissions from the IFS-
COMPO emission inversion framework (work of Michael and Mel)

ÅThen, use this reference dust emission data to train a ML/NN algorithm 
offline.

ÅFinally implement in IFS-COMPO the capacity to call the inference 
model computed offline in order to estimate dust emissions
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Offline dust emission inversion  how?

ÅData assimilation of remote sensing dust AOD or 
AOD at 550nm to estimate dust emissions

ÅModified workflow of the Local Ensemble 
Transform Kalman Filter (LETKF) used at BSC

ÅProvides scaling factors of the prior emissions (3 
days temporal resolution, grid point spatial 
resolution) 

(BSC ïJ Escribano)
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Control run and ensemble
Å1 control and 20 perturbed 

members

Å15 days forecasts, cycling every 3 
days, no data assimilation

ÅMeteorology nudged to ERA-5 
during the forecast

ÅPerturbations of dust emissions 
applied in the first three days

ÅT511 (~50km grid cell) L137 
resolution

ÅAerosol only IFS-COMPO, pre 
cycle 50R1, no chemistry 
configuration

ÅProcessed from 31/12/2016 to 
1/1/2022

(BSC ïJ Escribano)
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Ensemble versions

ÅVersion 1 with currently operational dust emission 
scheme and fixed correlation length of ensemble 
perturbations (250km)

ÅVersion 2 with new dust emission scheme from 
CAMAERA WP5 (adapted from SILAM dust emission 
scheme), and with varying correlation length (300-
3000km)

ÅResults of V2 shown

(BSC ïJ Escribano)
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Results: emission changes

(BSC ïJ Escribano) 9

2017 only

Assimilation of 
DODx1.5



Results: emission changes

(BSC ïJ Escribano) 10

2017 only

Assimilation of 
AOD



Use of scaling factors in IFS -COMPO
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ÅUse of daily desert dust emissions scaling factors in IFS-COMPO dust 
emissions 

ÅTest in forecast only (no DA) simulations over several years

ÅOften lower emissions in summertime

ÅRMSE vs AERONET improved in summertime

ÅNo improvement in correlation
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ÅUse of daily desert dust emissions scaling factors in IFS-
COMPO dust emissions 

ÅOften lower emissions in summertime

ÅRMSE vs AERONET improved in summertime

ÅNo improvement in correlation



Computation of mean monthly emissions weighted scaling 
factors
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ÅCould be used to debias IFS-COMPO dust emissions

ÅCurrently being tested

January June
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Inference model versions

ÅV0 (technical test) with 5 predictors ïMarch 2026

ÅV1 with 15 predictors ïEnd of April 2026

ÅV2 with various updates and use of log (dust emissions) as reference ïJune 2026



Å15 predictors from cycle 50R1 IFS-COMPO simulations

ÅThe inputs include meteorological variables, surface properties (fixed), climatological input

Input data - predictors



Input data - reference

ÅData from the dust emissions analysis ïAOD control variable
Å Training: 2018ï2020 (36 monthly files) Ÿ 90% train / 10% validation

ÅTest: 2017 (12 monthly files)

ÅGrid: 361 Ĭ720 = 260K spatial locations per timestep

ÅDataset heavily tilted towards small values

ÅIn a v2, in order to reduce the relative weight of small values, use of log(normalized emissions) as a reference



ÅThree constraints guided the choice of a model

ÅThe most suitable model is a feed-forward Neural Network (DNN)

Model selection



Hyperparameter optimisation

Finding the best hyperparameters is like searching for the highest point in a mountain range

without a map (in foggy conditions)



Hyperparameter optimisation

Possible approaches:

Key idea: Build a probabilistic model (surrogate) of the objective function Use it to decide
whereto samplenext. 100 trials executed.

Hyperparameters:



Hyperparameter optimization ðinput norm



Final pre -trained inference model architecture



Final pre -trained inference model architecture ðv2



Final pre -trained inference model architecture
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Use of the inference model in IFS -COMPO

ÅUse of the ECMWF INFERO library in cycle 50R1 IFS-COMPO 
(https://infero.readthedocs.io/en/latest/)

ÅINFERO allows to run a pre trained inference model (exported in ONNX format) in IFS-COMPO
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https://infero.readthedocs.io/en/latest/
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The use of desert dust emissions from NN has

been tested into IFS-COMPO forecast only

experiments with the following specifics :

ÅCycle 50R1 + new dust emission scheme

from CAMAERA WP5, adapted from SILAM

+ new dry deposition (proposed for 51R1)

Å 2017 and second half of 2025 tested

Three experiments are shown:

Å reference experiment using the physical

scheme

Å experiment using the full 15 predictors neural

network for dust emissions

Å experiment using a similar configuration but

only in the blue area ïoutside, desert dust

emissions are always null.

Use of the inference model in IFS -COMPO



Simulated dust emissions averaged in June 

2025:
Å General features are quite similar

Å High latitude dust sources visible over Canada

Å NN predicts lower emissions over Taklimakan

Å For experiment with (15 predictors, no mask), 

large areas with low but non null emissions

Simulated desert dust emissions

REF

15PRED_NOMASK

15PRED_MASK



Timeseries of simulated dust emissions over 

Mezaira (UAE ïdusty region) and Berlin 

(Germany, not dusty!) show:

ÅNN without mask predicts low but still

significant dust emissions over Berlin, 

effectively masked out with the use of a DSF 

based mask

Å The occurrence of dust emissions in Mezaira

is forecasted in quite a similar way

Å The diurnal cycle shows a lower amplitude 

with NN : no null values at night, lower

maxima in daytime

Simulated desert dust emissions
REF
NN
NN_MASK



Å A comparison of simulated AOD at 1020nm 

over a selection of « dusty » AERONET 

stations show comparable results

ÅNo strong signal on error ïsometimes better, 

sometimes worse

Impact on simulated AOD



Å A comparison of simulated AOD at 1020nm 

over a selection of « dusty » AERONET 

stations show comparable results

ÅNo strong signal on error ïsometimes better, 

sometimes worse

Å Correlation is clearly degraded

Impact on simulated AOD


