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Detection of Sea Surface Oil Spill in SAR Images Based on
ResNet-UNet Model

GUO Du, YANG Pengju
(School of Physics and Electronic Information, Yan’an University, Yan’an 716000, China)

Abstract; Aiming at the problem of oil spill detection in synthetic aperture radar (SAR) images. four convolutional neu-
ral network (CNN) models are used to study and test on oil spill detection in SAR images, including U-Net model, Res-
Net18-UNet model, ResNet34-UNet model, and ResNet50-UNet model. A more suitable mode for oil spill detection was se-
lected for this research and experiment. By using the four CNN models for SAR image sea surface oil spill detection on the
same dataset, the performance differences and oil spill detection effects among different CNN models were compared and ana-
lyzed. Experimental results show that by using the same SAR dataset for this oil spill detection, the performance of the Res-
Netl8-UNet model has some advantages on the basis of the U-Net model, and compared with the other two ResNet-UNet
models, the ResNet18-UNet model has the highest performance and the best oil spill detection effect in the detection experi-
ment, achieving higher detection accuracy and efficiency.
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