DEEP LEARNING-AIDED TEMPORAL DOWNSCALING OF SATELLITE GRAVIMETRY TERRESTRIAL WATER STORAGE
ANOMALIES ACROSS THE CONTIGUOUS UNITED STATES (CONUS) (EGU2023-632)

EG U European Metehan Uz! Orhan Akyilmaz' C.K. Shum?? o oo |
Union (uzmel6@itu.edu.tr) ITU '
UNIVERSITY

1 Geomatics Department, Graduate School of Science Engineering and Technology, Istanbul Technical University, Istanbul, Turkey

2 Department of Geodetic Science, School of Earth Sciences, The Ohio State University,Columbus, OH, USA

3 Institute of Geodesy and Geophysics, Chinese Academy of Sciences, China

ABSTRACT B. TRAINING, SIMULATION AND VALIDATION C. DISCUSSION AND CONCLUSION
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studies requiring better localization of TWSA signal both in spatial and temporal domains, in recent 13 o @ w | | F f 2 3 “ 5 f6 )£
years, considerable efforts have been devoted to downscaling TWSA to higher resolutions. However, the 8 E Stipred T § i il g * We simulate monthly and daily TWSAs similar to GRACE by avoiding bias or aliasing resulting
majority of these studies have focused on spatial downscaling; only a few studies attempted to improve E . g 2 L y w ul '”Y | ' e 3 from interannual or longer-term climate signals and extreme weather events.
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