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Design of Rapid Interpretation Method for Enteromorpha Remote Sensing
Images Based on PSPNet and DBSCAN
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(College of Oceanography and Space Informatics, China University of Petroleum (East China), Qingdao 266580, China)

Abstract: The annual large-scale outbreak of Enteromorpha prolifera in the Yellow Sea brings serious harm to the marine envi-
ronment. Monitoring it by remote sensing technology is the most effective early warning method for dealing with the Enteromorpha
prolifera disaster. In remote sensing images, Enteromorpha prolifera is mostly discrete small targets with irregular shapes, and tradi-
tional interpretation algorithms suffer from low interpretation accuracy and efficiency. To address this issue, this paper proposes a
high-precision Enteromorpha prolifera detection method based on the PSPNet network, which embeds the DAM attention mecha-
nism module to enhance the network's attention to Enteromorpha prolifera regions in remote sensing images. Then, the DBSCAN
clustering algorithm is used to draw the contours of Enteromorpha prolifera regions and provide Enteromorpha prolifera interpreta-
tion results. Experimental results on MODIS remote sensing images of Enteromorpha prolifera show that the PSPNet+DAM model
can achieve high-precision and high-efficiency Enteromorpha prolifera detection, and the DBSCAN clustering method can quickly
generate interpreted images of Enteromorpha prolifera. The proposed framework in this paper can provide technical support for the
early warning and disposal of Enteromorpha prolifera disasters.
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Table 1 Evaluation index of ablation experiments
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Model mloU Precision Recall Flscore
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Table 2 Evaluation index of comparative experiments

(%0)
Model mloU Precision Recall Flscore
Deeplabv3+ 62.61 93.77 20.17 33.20
U-net 80.56 73.43 38.76 50.74
Ours 82.67 96.12 72.48 82.64
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Table 3 compares the experimental efficiency and the model

parameters
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