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Fig. 3 ROC curves of three red tide detection algorithms
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Fig. 4 Red tide hyperspectral detection results of data 1
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Fig. 5 Red tide hyperspectral detection results of data 2
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Accuracy analysis of five algorithms for data 1 red tide detection
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Tab.2 Accuracy analysis of five algorithms for data 2 red tide detection
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Fig. 6 Spectral analysis of FBH and full-band red tide hyperspectral remote sensing data
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Fig. 7 Red tide detection results before and after the removal Kappa %5 0.93 0.97
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Decision tree RX hyperspectral remote sensing algorithm for
high-precision and fast detection of red tide

YANG Hui-fang™ 2, MAYi" 2, LIU Rong-jie?, LI Xiao-min?
(1. Shandong University of Science and Technology, Qingdao 266590, China; 2. First Institute of Oceano-
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Abstract: In this paper, we apply the red tide hyperspectral remote sensing data of the Bayuquan Bay Research
Area in Liaodong Bay. Because there is an instability in the red tide detection results of single-source algorithms
such as mutual information Reed—Xiaoli (RX) and traditional correlation coefficient RX, and with the possible oc-
currence of problems such as missed and false detections, this study proposes a decision tree RX high-precision red
tide detection model based on mutual information and correlation coefficient. The test results demonstrate that the
ROC curve obtained by the decision fusion RX algorithm is more stable than that obtained by a single-source algo-
rithm. As compared with the classical unsupervised and supervised remote sensing classification algorithms, a sig-
nificant reduction in the misclassification of decision fusion RX algorithm is observed with higher detection accu-
racy. The overall accuracy of the decision fusion RX algorithm is more than 96%. The combination of feature bands
obtained by the subspace partition can significantly increase the detection speed by three times without reducing the
accuracy of red tide detection. The overall accuracy of the 1FBH red tide detection after the removal of the glint

was 98.69%, indicating an increase of 1.82%.
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