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The trained model doesn’t require scatterometer observations to produce the
corrections and:

e It can be used in operational forecasting;

e It enhances reanalysis stress-equivalent wind products for the periods when
scatterometer observations were not available.
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Persistent local wind biases globally for the zonal (a) and the meridional (b) components, i.e.,
scatterometer vs NWP differences accumulated over 30 days (February 2019).
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performance against HSCAT-B but is much
faster when training the model.
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HSCAT-B stress-equivalent winds are also much closer to the background model winds used
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P P ° during the inversion which makes the reduction of the errors smaller.

ERA* method limitations:

e It only corrects local biases persistent over several days.

e It is very sensitive to scatterometer sampling, especially over shorter time
windows.

e It doesn’t directly show NWP error dependence on both atmospheric and ocean state
conditions.

e It has limitations in operational use: computationally expensive and need to shift

temporal window (which in turn degrades performance).

Conclusions and future work

In this preliminary work, we demonstrate that it is possible to reduce ERA5 stress-
equivalent wind biases, based only on NWP atmospheric and oceanic output. At this stage,
we only use the simplest fully-connected feed-forward neural networks and manually
calculate the spatial gradients and derivatives, while future work will include the
implementation of the convolutional neural networks architectures (CNNs) that will learn
i the filters required to extract the spatial relationships from the data.

256-128-64-32 (top) and ERA* N15 scatterometer

Corrections for u and v-components predicted by NN
corrections (bottom) for 10/02/2019 AN 06 FC 06

References: 1.Sandu, I. et al., 2020, “On the causes of systematic forecast biases in near-surface wind direction over the oceans.” 3. Portabella, M. et al., 2022. World Ocean Circulation: Algorithm Technical Baseline Document for ERAstar (v2.0).

2.Trindade, A. et al., 2022 WOC ERA* Hourly Global Stress Equivalent Wind and Wind Stress (V.2.0) [Dataset] 4. Makarova E. et al., Proposal and Evaluation of the Machine Learning Models for Correcting ERA5 Stress Equivalent Wind Forecasts as
a Function of Atmospheric and Oceanic Conditions. Ocean and Sea Ice SAF : OSI VSA22 01: 1-52 (2022)



	Slide 1

