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| - INTRODUCTION

In this study, we intfroduce a method for detecting eddies using deep learning, which we evaluate against the traditional Py-Eddy-Tracker algorithm within the framework of dynamical Observing System Simulation Experiments.
Our reference standard comprises eddy maps produced by an unconstrained model utilizing Py-Eddy-Tracker. The goal is to train a deep learning model on data from a degraded model to accurately replicate the eddy
patterns identified by the free-run model. This approach serves as a means 1o assess the quality of data assimilation from degraded models and to gauge the impact of such assimilation on eddy detection capabilifies.
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CONCLUSION & PERSPECTIVE

Deep learning technigues have demonstrated skill in emulating the eddy patterns observed in the unconstrained model by utillizing data from the assimilated model, outperforming the standard algorithm in terms of accuracy.
To broaden the scope of our insights on the applicability of these findings, future work will extend the study across multiple years and various oceanic regions. Furthermore, we are currently developing an eddy-tracking
methodology informed by this deep learning approach. Preliminary applications of this eddy detection framework to operational models have yielded promising outcomes. This research paves the way for ongoing
Improvements in the field of eddy detection and the enhancement of ocean modeling capabillities through the integration of data assimilation and advanced deep learning techniques.
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