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Fig.1 The improved mesoscale eddy detection model based on multimodal data fusion
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Fig.2 Efficient channel attention structure
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Fig.3 Comparison of residual learning structures
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Tab.1 Comparison of model eddy detection performance

i SRR -2 Dice B8 JNA Dice 2%
U-net 0.886 5 0.628 8 0.493 6
U-net+5% 25 e+ CBAME 0.930 4 0.788 3 0.710 6
EddyNet+SST 0.899 1 0.6412 0.500 4
EddyNet+MDST 0.904 2 0.658 1 0.5196
EddyNet+SSH 09145 0.763 4 0.673 6
EddyNet+Fil & %4 09221 0.773 0 0.688 1
EddyNet+5% 2% §.IG+SSH 0.926 8 0.776 9 0.697 4
EddyNet+5% 22 Bt + il & 5 0.936 2 0.794 9 0.7199
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Fig.6 Comparison of our model and PET
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Fig.7 Eddies distribution map
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An improved mesoscale eddy detection model based on multimodal data fusion

LI Zhongwei', LIU Gege?, LI Yong", XU Bin’, GONG Kaixuan'
(1. College of Oceanography and Space Informatics, China University of Petroleum, Qingdao 266400, China; 2. Qingdao Institute of Software, College of
Computer Science and Technology, China University of Petroleum, Qingdao 266400, China)

Abstract: In this paper, an improved mesoscale eddy detection model based on multimodal data fusion is
proposed. On the basis of sea level height data, the model extends the sea surface temperature fusion method into
multi-depth ocean temperature fusion method for the first time. Taking the depth layer of ocean temperature data
as a channel with channel attention mechanism, the model can focus on the depth layer with the most
distinguishing degree in ocean temperature data. Residual learning unit is used in the encoding and decoding
processes to improve the detection accuracy of the model, which not only deepen the depth of the network, but
also better fit the activation function and alleviate the training problem. Utilizing the model in the South China
Sea mesoscale eddy detection shows that the accuracy rate of the mesoscale eddy detection reaches 93.62%. The
effective and reliable results suggest that the model can provide a new and reasonable idea for the research of
mesoscale eddy detection.

Key words: mesoscale eddy; multimodal data; efficient channel attention; residual learning unit; deep learning



