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Research on oil spill monitoring of multi-source remote
sensing image based on deep semantic segmentation
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Abstract: In remote sensing images, oil spill areasareusually affected by spot noise and uneven
intensity, which leads to poor segmentation. A deep semantic segmentation method was introduced to
combine a deep convolution neural network with a full connection conditional random field to form an
end-to-end connection. Based on Resnet, first, the multi-source remote sensing image was roughly
segmented as input by the deep convolutional neural network. Then, using Gaussian pairwise and
mean field approximation,the conditional random field was established as the output of the recurrent

neural network. The oil spill area on the sea surface was monitored by amulti-source remote sensing
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image and estimated by optical images. Experimental results show that the proposed method improves

class ification accuracy and captures finer details of oil spill are ascompared with other models using

the dataset established by the multi-source remote sensing image. The mean intersection over the

union is 82. 1%, and the monitoring effect is significantly improved.

Key words: spilled oil on the sea; Convolution Neural Network (CNN); semantic segmentation;

conditional random field; remote sensing image
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Tab. 3 Effect of number of iterations on model

Iteration 1 2 3 4 5

mlOU 79.5 80.0 81.2 81.7 82.1

Iteration 6 7 8 9 10

mlOU 82.2 82.3 82.4 82.5 82.6
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Fig. 12 Loss function curve
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Tab. 4 Time-consuming analysis of different models

x5 WRAEREGHEHRER

Tab. 5 Oil spill area of visible remote sensing image

Method Runtime/s
FCN-8s 0.55
Deeplab 1.4
SPNet 1. 25
CRF-RNN 0.75
Proposed 0.8
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