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Abstract: Based on the neighborhood rough set, the meteorological factors affecting the change of shrimp pond water
temperature were selected. A model was selected to predict the water temperature of shrimp pond, which provided a scientif-

ic reference for shrimp culture to seek advantages and

avoid disadvantages. Firstly, eight meteorological factors,
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diction model. Then considering the correlation, redundancy and interaction between meteorological factors and shrimp pond
water temperature, the main meteorological factors affecting the shrimp pond water temperature were selected by using
neighborhood rough set and entropy theory. Finally, the water temperature of the shrimp pond was predicted by using the se-
lected meteorological factors and SFNN model. Combination of five meteorological factors selected based on neighborhood
rough set, the combination of eight meteorological factors, and eight single meteorological factors were input into the SENN
model , respectively. The prediction results showed that, the combination of five meteorological factors selected by neighbor-
hood rough set had the best prediction results, and its root mean square error, mean square error and mean absolute error
were the smallest, which were 1.121 1, 1.256 9 and 0.893 8, respectively. And the determination coefficient was 0.791 6.
Among single meteorological factors, atmospheric pressure predicted best on shrimp pond water temperature. Therefore, the
combination of five meteorological factors selected based on the neighborhood rough set had the best prediction in shrimp
pond water temperature by the SFNN model. This method had practical value in seeking advantages and avoiding disadvan-

tages, and disaster prevention and reduction in prawn breeding.
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Fig.4 Effects of different single meteorological factors on predicting shrimp pond water temperature
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Fig.5 Effects of combination of eight meteorological factors and combination of five meteorological factors on predicting shrimp pond wa-

ter temperature
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