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]:‘Z e @ Context

Probability forecasting 0

Taking into account
e Calculation errors
e Uncertainties in decision-making
e Extreme events

Determinist

Nowadays, at Météo-France

e ARPEGE-EPS: 35 members

e AROME-EPS: 24 (+1) members
60 fields to consult

For each member: Ignore it? Follow it? With which trust?

How to, among all those pieces of information, identify
essential information for decision making?



From AROME-EPS to a synthesis in scenarios, adapted to a user

Methodology
Adapted from Mounier et al. (2025)

Ensemble member wind field

1) Defining climatological classes, while
introducing non-meteorological variables

2) Operational use: assigning each ensemble o} | -
member to a class Classification { W /

Class i Class j
— Representing the main class (Scenario 1) I 7
AND the minor classes/scenarios Scenario 1 Scenario 2
Probability: 75% Probability: 25%

Mounier, A., Raynaud, L., Rottner, L., Plu, M., & Arbogast, P. (2025). Rainfall classification of kilometer-scale ensemble forecasts using
convolutional neural networks and soms. Artificial Intelligence for the Earth Systems. https://doi.org/10.1175/AIES-D-24-0108.1



https://doi.org/10.1175/AIES-D-24-0108.1

N Study case and dataset CA

Compagnie Nationale du Rhone (CNR) CNR wind energy delivery points

Collaboration with the CNR on their renewable wind energy

Wind farms from northern and western France

CNR variable: Electrical production

Database’s time range: 6 years (2017-2022)

CNR hourly average electrical energy output on all delivery points

Meteorological fields: Wind field

U and V hourly analysis from AROME, at 100m height, on the north-west quarter of France

Data dimension: over 190 000



AP Methodology

1) Dimension reduction
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AP Methodology

1) Dimension reduction
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Latent space iy

\ N ~/ Reconstructed wind analysis

Autoencoder (AE)

Training dataset
(Wind analysis)

2) Dataset reduction
and clustering
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v B @ Methodology

1) Dimension reduction

-----
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Autoencoder (AE)

2) Dataset reduction
and clustering

— Encoder —* [a,,a,,...,a]

i Latent space

Clustering ataset
(Wind analysis)

3) Operational use

Classification

— Encoder —>| [a,,8,,...,8]

Latent space

Classiﬁcé n dataset
(Wind ensemble members)



initialization
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initialization

Self Organizing Maps (SOMs)

100 iterations
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Self Organizing Maps (SOMs)

100 iterations 10,000 iterations
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initialization 100 iterations

Hyperparameter’s (i:j) selection criterias
e Topographic error
e Within-class energy production variance

10,000 iterations
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SOMs - variance in energy production

Variance of production’s boxplots in each class for different trainings
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SOM dimension (meteorological in green, user-oriented in red)
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SOMs - variance in energy production

Variance of production’s boxplots in each class for different trainings
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SOM dimension
Initial hypothesis validation

Taking into account the impact variable = User adapted clusters obtained 14
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SOMs - distribution of energy production by class
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v B @ Methodology

1) Dimension reduction
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2 EPS information processing = Very different operational conclusions

User-oriented: Better discrimination skill as a decision support tool for users @




Number of scenarios

Meteorological versus user-oriented scenarios

Number of scenarios along lead time

—— Meteorological
—— User-oriented

without size constraint

10 20 30 40 50
Lead time

Clustering scores from the user’s point of view

Davies-Bouldin / Calinski-Harabasz
e Minimize within-classes variance
e Maximize between-classes variance

No-Overlap
e Proportion of disjointed main and secondary
scenarios

e Generalizing the study case’s comparison

Score Meteorological | User-oriented
Davies-Bouldin 19.72 8.12
Calinski-Harabasz 3.19 9.7
No-Overlap 9.01% 26.11%

EPS synthesized in a few discriminating scenarios for end-users 20



Conclusion

S
Done so far
e Meteorological and user-oriented classifications
e Comparison between both classifications

e Visible contribution from variable integration

e Study case and scores

In progress
e Other study cases
e Article submitted

e Manuscript currently being written

21



¢Appendix - Neural network architecture
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Input Output
(Uand V) (reconstructed U and V) i
2 x 256 x 384 2x256x384 &
| B - ¥+
i
Conv2DTranspose
Filter size : 8x8 Filter size : 8x8
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32 32
Latent space
64 64
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& Ko Appendix - used losses

cn:m
loss
loss = Fmeteo MSE peteo + Fenerey MSE
kmeteo + kenergy R kmeteo + kenergy ey

changing arctan loss

epoch
facteur = —
ePOCh mar

kenergy

k 1 1
loss = (% - la,rctan(lO x facteur — 5)) e MSE ;.ta0 + (5 + —arctan(10 x facteur — 5)) MSE-energy
T

Kmeteo + kenergy 7r kmeteo + kenergy
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~ B @Appendix - topographic error: results

m

Topographic error (%)

Meteorological User-oriented
33 573 6.07 6.88 I 74 185 4§ 343 349 377 352 346 34 324 I4.04 5.77
-9
309 46 544 571 651 645 54349 523 584 6.19 601 515 451 424 4.62 T
SHIENA238 497 557 679 6.31 64377 584 799 822 706 668 60 544 552
71 33 309 366 415 493 607 648 6.09 6.39 71352 619 822 82 788 736 648 6.17 6.01 e
g 8{573 46 423 493 543 555 791 78 1716 g 84346 6.01 706 7.88 824 76 698 68 657
94 6.07 544 497 6.07 555 677 642 845 835 91 34 515 6.68 736 7.61 847 751 6.85 6.86 5
104688 571 557 648 791 819 731 816 6.85 104324 451 6.0 648 698 845 7.68 748 739
14 74 651 679 609 78 845 816 821 6.96 114404 424 544 617 68 685 818 7.82 797
0
121785 645 631 639 716 835 869 841 743 124 577 462 552 601 657 686 739 795 7.87
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