Data assimilation emulation for AROME
using SEVIRI observations only
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Introduction Experiments and results
e A NWP model M needs an estimate of the atmospheric state to launch a forecast for the next time step. Experiments
Data assimilation produces this estimate, referred to as the analysis vector £® and defined by Eq. 1. Sensitivity experiments were conducted by varying the training hyperparameters, the input data and the
: : : - - 1 neural network’s architecture hyperparameters. The model was most sensitive to the hidden size, which was
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Figure 4 — SEVIRI channels weighting functions
The purpose of this work is to emulate the data assimilation step in Météo France’s regional
model AROME using the SEVIRI imager observations. Specific humidity Temperature
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Figure 5 — Relative RMSE mean vertical profiles averaged over all the validation samples, for specific
humidity (left) and temperature (right)

Emulated analysis increment : 65:9

Figure 2 — Diagram of the data assimilation emulator, inspired by [1]. Given the background x® and the
observations 4°, the model fy retrieves the predicted analysis increment §&¢ = fo(x?, y°) by minimizing

The temperature and specific humidity increments (Fig. 6) show that large scale structures are well repre-
the distance to the target da. 6 is the set of neural network parameters. P P Y (Fig. 6) show 5 WELLIEp

sented, with strong spatial correlations between predictions and targets. However, fine scale features are
smoothed.
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Variables/ « Temperature (T) * 6 temperature channels Figure 6 — Specific humidity (left) and temperature (right) increments at 1012 hPa valid on 23/02/2021 at
channels = Zonal (u) and meridional (v) winds * 2 water vapor channels Ja.m.
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Conclusions and prospects

e Training, validation and test datasets
- Period : from 15/02/2021 to 14/10/2024, with a one hour time step
- Training and validation datasets : years 2021, 2022, 2023. For each month : e Conclusions

0 80 % 13 9 31 The model exhibits a strong physical consistency with the observations :

- EERRLa——— - it performs better at the layers of the atmosphere where SEVIRI channels are the most informative.
- temperature and specific humidity increments are better predicted than wind and surface pressure
increments. Indeed, SEVIRI observations mostly provide information about temperature and water vapor
variations.

- - SEVIRI observations deliver large scale information, used by the network to retrieve most of the large
Model architecture scale signal.

The model used is the MFAI |2] library’s UNETR++ (Fig. 3), a Vision Transformer architecture adapted

Train 1 day Validation 1 day

from [3]. The model has approximately 15 000 000 trainable parameters. e Future prospects
Input Output ~ Efficient Paired-Attention (EPA)Block - Compare predictions with a SEVIRI-only AROME analysis.

- Feed more observations and/or consecutive time steps into the model.
- Increase the training dataset size.
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Figure 3 — UnetR++ architecture |3]
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