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Introduction

different techniques with SA data to predict DT at a temporal resolution of 24 months.

Also, careful spatial data selection and outliers’ removal using data screening is prerequisite.

Determining Absolute Dynamic Topography (DT) of the ocean is a key component in examining realistic sea level and for
understanding meso-scale dynamics. It is common that tide gauge (TG) data once referred to the geoid can provide high resolution
DT estimates however, limited to a fixed location in the coastal areas. Satellite altimetry (SA) provides sea level data along their
tracks both at the coast and offshore. Whilst SA has some limitation (e.g., spatial, and temporal limitations, in adequate corrections,
land contamination etc.), utilizing high-resolution geoid models allows the determination of a more realistic DT. This study examines

Multiple autoregression methods including Autoregression (AR), Moving Average (MA), Autoregressive Moving Average (ARMA),
Autoregressive Integrated Moving Average (ARIMA) and Seasonal Autoregressive Integrated Moving-Average (SARIMA) are
employed using SA data during 1995-2019 (that includes ERS-2, Envisat, SARAL, Jason-1, Jason-2, CryoSat-2, Jason-3, Sentinel-
3A and Sentinel-3B) to predict detrended absolute DT. The predicted SA data are evaluated against the 12 TG stations records in
Baltic Sea. The results of this study of a more realistic DT can be applicable for engineering, navigation, and coastal management.

Datasets

TG: 12 TG stations data in Baltic Sea (Table 1)
SA: Sentinel-3A (S3A), Sentinel-3B (S3B), SARAL (SRA),

Objectives

Envisat (ENV), ERS-2 (ER2) data during 1995-

ALES+ retracker (Baltic+SEAL)

Model: NKG2015 Geoid & NKG2016LU Land Uplift

2019 using

 Detecting most robust model for SA data times
series forecasting at vicinity of TG station.

 Sea Level Trend analysis using forecasted SA data
In the Baltic Sea.
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