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Fig.1 Interface for training the RBFNN
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Fig.2 Interface for extracting rules from RBFNN by using harmony search (HS) algorithm
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Abstract: In order to solve the issue of blind fishing, which arises from over-reliance on experience in offshore
fishing, marine environmental and historical production data have been used to effectively analyze the fishery. This
method was proposed to forecast indices of the Indian Ocean big eye tuna’s (Thunnus obesus) habitat based on
radial basis function neural network (RBFNN). Fuzzy c-means clustering algorithm was utilized during training the
neural network. While in the process of rule extraction, a harmony search algorithm was used to extract fishery
rules from the trained RBFNN. Finally, the proposed method was used to forecast the fishery habitat indices of the
Indian Ocean big eye tuna. Experiments showed that harmony search algorithm can extract classification rules from

the trained neural network. The extracted rules reflected the status of the Indian Ocean big eye tuna fishery.
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