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The study begins with an analysis of common marine and atmospheric phenomena that 
produce visible signatures in SAR imagery, aiming to clarify how these features contribute 
to image clutter. Special focus is given to how radar parameters and environmental 
factors influence the appearance of these patterns [1]. 

Synthetic Aperture Radar (SAR) has become a crucial tool for ocean monitoring, offering high-resolution imagery in all weather and lighting conditions. A key application is the detection 
of ship wakes, linear patterns on the sea surface caused by moving vessels, which can provide insights into ship presence, speed, and direction. However, the effective use of SAR for 
maritime surveillance is still challenged by the complex and dynamic nature of the ocean environment. Natural meteo-marine phenomena, such as wind streaks, internal waves, rain 
cells, and surface currents, can create similar patterns and obscure wake signatures. Differentiating these features remains a major challenge for reliable maritime surveillance.

This poster presents a research conducted within the UEIKAP project (Unveil and Explore the In-depth Knowledge of Earth Observation Data for Maritime Applications), which seeks to 
address this challenge by enhancing ship wake detection through the integration of SAR imagery with contextual environmental data. A key component of this work involves the 
development of a classification model that integrates meteo-marine variables with image data to better identify and distinguish different sources of sea clutter. Early results from the 
study suggest that this integrated approach can significantly improve classification accuracy and contribute to more effective maritime monitoring.

The first classification experiment demonstrated that a convolutional neural network 
(CNN) based on ResNet-50 [4] was capable of distinguishing ship wakes from other 
meteo-marine phenomena in SAR imagery. Trained on a dataset that was specifically built 
to include diverse sea surface features and ship wakes, the model achieved good 
performance in distinguishing between wakes and clutter. The results showed high 
classification accuracy, confirming that SAR signatures alone can provide sufficient 
information for initial classification. These findings laid the foundation for more advanced 
experiments involving contextual environmental data.

• Generated by surface wind creating 
Bragg-scale waves.

• Best seen in C and X-band at VV 
polarization.

• Strongest visibility when aligned 
with SAR look direction.

• Seen as dark patches due to 
dampened surface waves.

• Visible in C and X-band with VV 
polarization.

• Best seen at 2–7 m/s wind and 
obscured at higher speeds.

• Appear as bright or dark 
curved/linear bands.

• Most visible in L and C-band with 
VV polarization.

• Visibility depends on currents and 
wind.

• Originate from wind flowing over 
terrain.

• Create transverse and divergent
band patterns.

• Visibility reduced at high incidence 
angles.

• Appear as mottled textures.
• Best seen in C-band with VV 

polarization.
• More visible over warm water and 

fade in stable conditions.

• Results from raindrop impact on 
the sea surface and associated 
downdrafts.

• Detected at C and X-band.
• Visibility affected by rain rate and 

ambient wind.
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The experiment showed that integrating contextual meteo-marine data with SAR imagery 
significantly improves the classification of sea surface phenomena. Using a modular CNN 
architecture, the model combined Sentinel-1 images (from the TenGeoP dataset) with 
environmental variables. Compared to the image-only model, the combined model 
achieved a higher accuracy score of 0.87, enhancing the classification of visually 
ambiguous classes like wind streaks, rain cells, biological slicks, and oceanic fronts. 
Explainability tools [5] confirmed that the added data helped the model focus on 
relevant patterns, validating the importance of environmental context in SAR-based 
marine feature recognition.

In this case study, the model correctly reclassified an oceanic front that had been 
misclassified as an atmospheric front when using image data alone. Attribution maps 
from Integrated Gradients (IG) revealed that the addition of meteo-marine data helped 
the model better distinguish between the two classes by assigning opposite importance 
scores to key environmental variables like wave height. The saliency maps also showed 
that, with context, the model focused more precisely on the actual front structure, 
confirming that the environmental data improved the model’s interpretability and 
decision-making.
These results highlight the value of combining image and environmental data, reinforcing 
the importance of contextual information for more robust and interpretable remote 
sensing applications at sea.

SAR Imagery (TenGeoP Dataset [2]): Sentinel-1 SAR vignettes acquired in Wave Mode at
C-band and VV polarization, covering 20x20 km scenes with 50 m resolution, labeled into
ten classes of marine and atmospheric phenomena.

Meteo-Marine Data: Environmental variables from CMEMS and ERA5 [3], including wind
speed, wave height, surface currents, sea temperature, salinity, precipitation, and derived
parameters like wave steepness and potential density anomaly, mapped to each image in
a format named Meteo-Data (MD) file.

Data sources

Model architecture

Acknowledgments
The authors would like to gratefully acknowledge the financial support under the National 
Recovery and Resilience Plan (PNRR), Mission 4, Component 2, Investment 1.1, Call for 
tender No. 1409 published on 14.9.2022 by the Italian Ministry of University and Research 
(MUR), funded by the European Union – NextGenerationEU – Project Title "Unveil and 
Explore the In-depth Knowledge of earth observation data for maritime APplications 
(UEIKAP)" – CUP E53D23004300006 - Grant Assignment Decree No. 965 adopted on 30/06/2023.

References
1. Jackson, Christopher R., and Apel, John R. "Synthetic aperture 

radar : marine user's manual" , 2004.

2. Wang Chen, Mouche Alexis, Tandeo Pierre, Stopa Justin, Longépé 
Nicolas, Erhard Guillaume, Foster Ralph, Vandemark Douglas, 
Chapron Bertrand. Labeled SAR imagery dataset of ten geophysical 
phenomena from Sentinel-1 wave mode (TenGeoP-SARwv), 2018.

3. H. Hersbach, B. Bell, G. H. A. M. S. J. Berrisford, P.and Biavati, J. 
Nicolas, C. Peubey, I. S. D. S. A. Radu, R.and Rozum, D. Soci, C.and 
Dee, and J.-N. Thépaut, “Era5 hourly data on single levels from 
1940 to present. Copernicus Climate Change Service (c3s) Climate 
Data Store (CDS)”, 2023.

4. Z. Ge, S. Liu, F. Wang, Z. Li, and J. Sun, “Yolox: Exceeding yolo 
series in 2021” 2021.

5. M. Sundararajan, A. Taly, and Q. Yan, “Axiomatic attribution 
for deep networks,” 2017. [Online]. Available: 
https://arxiv.org/ abs/1703.01365.

Enhancing Deep Learning Ship Wake Detection and Feature Identification in SAR 
Imagery With Meteo-Marine Data Integration 

Angela Carmen Cristofano a, Andrea Mazzeo a, Maria Daniela Graziano a, Sergio Iervolino a, Roberto Del Prete a, Margareth Di Vaiaa, Marisa Sperandeoa, Giuliano 
Vernengob,  Davide Bonaldo c,  Diego Villab, Federico Franciosab, Gian Marco Scarpa c, Federica Braga c, Paolo Vavasori c, Stefano Menegon c, Amedeo Fadini c

aDepartment of Industrial Engineering, University of Naples  Federico II, Piazzale Tecchio, 80, 80125 Naples, Italy
bUniversity of Genoa – DITEN, Via Montallegro 1, 16100 Genoa, Italy

cConsiglio Nazionale delle Ricerche – Istituto di Scienze Marine (CNR–ISMAR) Arsenale-Tesa 104, Castello 2737/F, 30122 Venice, Italy

In the first classification experiment, only the image 
encoder was used, as the model was trained solely on 
satellite imagery.

For the second experiment, which included meteo-marine 
data, the architecture was extended to incorporate the 
meteo-marine (MD) encoder and the data fusion module.
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