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Introduction

» Risks of oil spills: extraction, transport and use of ol

= Qil spills pose a danger to human health and have a major
impact on the marine and coastal environment.

» Russia’s old tanker fleet increases global risks.

» Monitoring of large areas and timely and accurate oil spill
detection using remote sensing

» Prevention of the spread of pollution and support of
clean-up operations

-> Minimisation of the negative impacts

—> identification of the polluter(s)
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Oil Spills on Landsat Images A#y
DLR
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QOil spills appear darker than the

surrounding sea water.

Oil spills appear brighter than Oil spill appears darker and brighter
the surrounding sea water. than the surrounding sea water.

= False colour images (SWIR2, NIR and blue band) with applied logarithmic stretch
» here: Landsat-8, North Sea

—>Task of study: Oil spill detection on Landsat-8/9 optical images using Deep OPEN
Neural Network (DNN) and U-Net (Convolutional Neural DATA
Network, CNN), AOI: North Sea CUBE
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Methods
Generation of Training Images and Oil Masks DLR
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-~ Indices enhance the contrast and the visual differentiation between olil slicks and the surrounding waters.
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Deep Neural Network
(DNN)
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U-Net (Convolutional Neural Network,
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= Downsampling

> = Upsampling
= Context (Feature Extraction) = -=--------

= | ocalization

» Pixel based approach,
ignoring spatial
component

=  Number of oil pixels
used for training: 61,176

Evaluation metrics:

= | ocalization and context information included
= ResNet-50 backbone as encoder

= Number of patches containing oil used for
training: 92

patch size: 128x128 px

Evaluation metrics:

precision recall f1-score
e ©.70 a8.74 B.72
1 B.73 9.69 B.71

precision recall fi1-score
% 8.95 1.00 e.97
1 ©.94 a.87 2.9
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DLR

- Fully connected
networks

- Landsat-8/9 images
(North Sea)

- Atmospheric corrected
data (ATCOR)

- Inputs: NDOI, G-SWIR
& CaBGS

- Classification
resolution: 30 m




Results A#y
Comparison DNN - U-Net DLR

= 2019-08-26, Landsat-8 1 DNN
= North Sea Bl ] U-Net (CNN)
= False colour images (SWIR2, NIR and blue band), logarithmic stretch [ Overlap of DNN and U-Net
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Results
Comparison DNN - U-Net DLR

= 2017-06-19, Landsat-8
= North Sea
= False colour images (SWIR2, NIR and blue band), logarithmic stretch [ Overlap of DNN and U-Net

] DNN
] U-Net (CNN)
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Conclusion #
DLR

Approach for oil spill detection on Landsat-8/9 images using DNN and U-Net (CNN) based on a limited
number of training data over the North Sea

» The potential for detecting oil spills through the use of deep learning methods has been confirmed.
= DNN: tendency to underestimate individual oil spill pixels or oil spill detections are missing
= U-Net: high performance regarding the olil spill detection but also tendency to underestimate oil spills

» False positive detections occur especially due to cloud shadows, suspended sediments and in dark image
areas.

- U-Net appears to be more suitable for oil spill detection (performance).

Next steps to improve the model performance:
- Expand the number of Landsat images in the model training
- Apply an additional, more accurate (cloud and) cloud shadow mask

- Add the look-alikes as an additional model training class
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