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The prediction of appearance of jellyfish through Deep Neural Network
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ABSTRACT

This paper carried out a study fo reduce daomage from jellyfish whose population has increased due to global warming. The
emergence of jellyfish on the beach could result in casualties from jellyfish stings and economic losses from closures. This paper
confirmed from the preceding studies that the pattern of jellyfish’s appearance is predictable through machine leaming. This paper is
an extension of The prediction model of emergence of Busan coastal jellyfish using SVM. In this paper, we used deep neural network
to expand from the existing methods of predicting the existence of jellyfish fo the classification by index. Due fo the limitafions of the
small amount of data collected, the 84.57% prediction accuracy lmit was sought fo be resolved through data expansion using
bootstraping. The expanded data showed about 7% higher performance than the original data, and about 6% better performance
compared to the fransfer leaming. Finally, we used the fest dafa to confirm the prediction performance of jellyfish appearance. As
a result, although it has been confirmed that jellyfish emergence binary classification can be predicted with high accuracy, predictions
through indexation have not produced meaningful results.
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(Table 1) Jellyfish stings and capture
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(Figure 1) The prediction flow of jellyfish appearance
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(Table 2) jellyfish appearance prediction index
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(Table 3) Compare Original and Expanded Data
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6.2 Model Construction
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(Figure 3) Nemopilema nomurai validation result
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