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Fig. 1 Marine cage aquaculture area at Potou and Xiashan in Zhanjiang
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Fig.2 Marine cage aquaculture area at Lingao in Hainan Province
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Fig. 7 Comparison of offshore cage extraction effect
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Table 1 Accuracy verification results of nearshore cage
WX Canny®.-+ Otsufy = PCA_Kmeansfii% JETESPHIRFA 1 U-Net SLA-UNet
OA/% 84.7 87.3 88.2 90.5 95.6 98.3
RI% 86.3 89.2 90.3 91.5 97.8 98.6
MIOU/% 55.7 62.5 65.7 67.2 80.2 83.5
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Fig. 8 Extraction results of offshore cages in Potou District
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Fig. 9 Comparison of deep-sea cage extraction effect
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Table 2 Accuracy verification results of deep sea cage in Zhanjiang

M X Canny®.-+ Otsuf ik PCA_Kmeans$% T ESPIYRFRA L U-Net SLA-UNet

OA/% 85.2 86.7 88.9 91.3 97.3 99.2
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Fig. 11 Comparison of deep-sea cage extraction effect
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Table 3 Accuracy verification results of deep sea cage at Lingao

WX Canny#-+ Otsuf % PCA Kmeans# % JLTESPIIRFA U-Net SLA-UNet

OA/% 75.1 79.3 80.2 85.6 95.1 98.6

RI% 78.4 80.2 82.5 86.2 95.6 98.1

MIOU/% 59.1 59.9 61.7 69.8 76.4 82.3
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Marine cage aquaculture information extraction based on SLA-UNet

Ke Li’na!, You Jinhao!, Fan Jianchao®

(1. School of Geographical, Liaoning Normal University, Dalian 116029, China; 2. School of Control Science and Engineering, Dalian Uni-
versity of Technology, Dalian 116023, China)

Abstract: Cage aquaculture is one of the most important types of marine aquaculture. Different types of cages have
varying shapes in remote sensing images, and the background is complex. Previous methods for cage extraction
have not been able to fully simulate human visual behavior and efficiently utilize spectral information. To address
these issues, we propose a Spectral Loopy Attention U-Net (SLA-UNet) network model for cage aquaculture in-
formation extraction. The model utilizes the Random Forest (RF) algorithm based on the Estimation of Scale Para-
meter (ESP) to remove redundant spectral information after band operations. It also incorporates a human-like atten-
tion mechanism to enhance the important feature channels that affect cage information extraction. Additionally,
edge completion is performed to supplement the loss information, achieving high-precision extraction of cage
aquaculture information. We selected Zhanjiang City, Guangdong Province and Lingao County, as the study areas.
Comparisons were made with the extraction results of the Canny algorithm, Otsu algorithm, PCA Kmeans al-
gorithm, RF algorithm based on ESP, and the U-Net model. The extraction accuracy of the SLA-UNet model for
nearshore cages is 98.3%, and the average extraction accuracy for deep-sea cages is 98.9%, validating the effective-

ness of the SLA-UNet model in cage aquaculture recognition.

Key words: cage aquaculture; U-Net model; Loopy Attention mechanism; deep features; highly efficient spectral charac-

teristics
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