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The daily fish catch forecast is indispensable information that can support fishery workers with their decision-
making for efficient operation. Machine learning generally performs well if big data are available. Those data,
however, are not always available in developing fish catch forecasting systems. The present study proposes a
fish catch forecasting method using a state space model that emulates the process of fixed shore net fishing.
Experimental comparisons conducted using actual fish catches and meteorological data demonstrated that the
proposed method yielded a significant improvement over general machine learning-based forecasting when only
limited amount of data are available.
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2.2.2 HMC

Hamilton Monte Carlo (HMC) [Duane 87]
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Alg. 1 HMC
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Algorithm 1 HMC
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