
INTRODUCTION
Satellite altimetry has revolutionized our understanding of sea surface height 
(SSH) variations, providing valuable data for climate studies, oceanography, 
and coastal management. However, accurately predicting SSH in coastal 
areas remains a significant challenge. This study explores the feasibility of 
predicting Sea Surface Height, using data from Sentinel-3, in the coastal 
region of the Aegean Sea, a region distinguished by its dense network of 
islands and complex coastline, while also establishing a framework to 
incorporate data from other satellite altimetry missions in the future.

METHODS
Data and Preprocessing
High-resolution altimetry data from the Sentinel-3A and Sentinel-3B 
missions is utilized, with a focus on both coastal and open-ocean regions of 
the Aegean Sea. A structured preprocessing workflow is applied to extract 
valid waveform–SSH pairs, compute waveform descriptors, and filter outliers 
in order to construct a robust dataset for machine learning. 

• Data Scources: L1b (Waveforms and corresponding time, latitude, and 
longitude per echo) and L2 Altimetry Products (Sea Surface Height (SSH), 
Sigma-0, Significant Wave Height (SWH), Range, distance to coast).

• Preprocessing: Geographic Filtering             Time Alignment (L1b ↔ L2)  
Waveform Descriptor Extraction         Outlier Filtering Interquartile Range 
(IQR)      Normalization using StandardScaler after merging all orbits to 
ensure consistent scaling across years and conditions.

Model Architecture

The waveform branch processes the first 80 gates of the SAR waveform 
using convolutional layers to extract spatial and temporal patterns related to 
sea surface height. It learns features such as the shape and position of the 
leading edge, the slope of the trailing edge, and potential asymmetries or 
secondary peaks that are particularly relevant in coastal areas.
The tabular branch receives geophysical and contextual variables that are 
not directly observable in the waveform itself. These include latitude, 
significant wave height, distance from the coast, signal-to-noise ratio, 
backscatter (sigma0), leading edge width, and two components encoding 
seasonality based on the timestamp (sine and cosine). This branch enables 
the model to account for environmental and seasonal conditions that 
influence sea level.
The orbit branch takes the orbit ID of each observation and encodes it 
through an embedding layer. This allows the model to learn orbit-specific 
behaviour and systematic variations associated with satellite ground tracks, 
enhancing its ability to generalize across different orbits and observation 
cycles.

Waveform Branch
Ø CNN (3 Residual Blocks)
Ø Global Average Pooling + 

Dropout

Tabular Branch
Ø 8 Geophysical 

Parameters 
Ø 2 Fully Connected Layers 

+ Batch Norm

Orbit Branch
Ø Contexualizing Orbit ID

Fusion and Output
Ø Concatenation of 

Branches 
Ø Dense Layers + SSH

This approach improves the model’s ability to handle natural variability in 
waveform shapes, especially in complex measurement conditions.
Model2 - Selective Coastal Augmentation, builds upon the same 
architecture but includes a targeted augmentation strategy for waveforms 
recorded within 50 km of the coastline. This selective coastal 
augmentation simulates common distortions found in coastal waveforms, 
such as secondary peaks and trailing edge anomalies. By exposing the 
model to these conditions during training, it gains a stronger ability to 
generalize to challenging coastal regions. 

Evaluation Results

Table 1 summarizes the performance of the two proposed models under 
three distinct test scenarios (Figure 1):
(1) a standard validation/test set sampled from the same distribution as the 
training data,
(2) coastal data from orbit 007 over the Aegean Sea, and
(3) completely unseen data from orbit 107, collected in a different 
geographical region.

On the validation set, both models achieve comparable accuracy, with a 
mean absolute error of approximately 4.2 cm. In the coastal region of orbit 
007, Model1 slightly outperforms its counterpart, despite not using any 
coastal-specific augmentation during training. However, when evaluated on 
the unseen and more diverse orbit 107, Model2 shows superior 
generalization, benefitting from its targeted coastal augmentation strategy. 
This suggests that coastal-aware augmentation improves robustness to 
waveform variability in previously unobserved environments.

Predicting Sea Surface Height in Coastal Regions
Using Hybrid Neural Networks

A Case Study in Aegean Sea
N.Flokos, M.Tsakiri
National Technical University of Athens
School of Rural, Surveying and Geoinformatics Engineering

Table 1

Figure 1: Orbit Coverage & Data Characteristics

FUTURE WORK

RESULTS
After extensive experimentation with various neural network architectures 
and data configurations, two final models were selected based on their 
performance and generalization capabilities: Model 1 – Waveform 
Augmentation and Model 2 – Selective Coastal Augmentation. These 
models share a common backbone architecture but differ primarily in their 
training strategies and augmentation methods. 
Model1-Waveform Augmentation, is trained without coastal-specific 
augmentation and serves as a strong baseline. It uses residual convolutional 
layers to extract spatial features from the waveform, while simultaneously 
incorporating tabular geophysical variables and orbit embeddings for 
contextual learning. To enhance robustness, waveform augmentation is 
applied during training, introducing controlled distortions such as noise 
injection, amplitude scaling, and gate shifting.

To further improve generalization and make more effective use of waveform 
information, 4 model enhancements are currently under investigation.
• Waveform Stack: Use consecutive waveforms as 2D input (e.g., 5×80 

gates) to provide spatial and temporal context.
• Coastal Augmentation Optimization: Adjust augmentation intensity 

based on distance to coast or SNR, to better reflect real-world variability.
• Time as Input:  Introduce cyclical encoding of time (sin, cos) to help the 

model learn seasonal patterns in SSH.
• Attention Mechanisms: Apply attention over waveform gates to let the 

model focus on informative regions (e.g., leading edge).

SUPPORTING FIGURES

Figure 2: Predicted vs Actual SSH (Denorm) for Model1
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Figure 3: Train Plot for Model1

Figure 4: Train Plot for Model2
Figure 5: Predicted vs Actual SSH (Denorm) for Model2
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