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Fig. 1 Establishment of red tide grade prediction model
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Tab. 1 Data from red tide events in Qingdao coastal waters and corresponding meteorological factors recorded from
2000 to 2017
BEAGE B %%%ﬁ/ R3] A ) VA7 VA G5 b DO TYE A O W A yﬂa%/A%ﬁMﬁ
C mm (m/s) % hPa h

1 TS 20.600 0 1.900 0 1.000 0 71 1008.900 0 2.7 0.300 0
2 RS 21.4000 11.000 0 1.000 0 75 1007.800 0 35 0.500 0
3 ML 20.800 0 6.700 0 1.650 0 72 1005.400 0 5.7 0.100 0
4 RIS 23.0000 12.800 0 1.200 0 69 1005.500 0 4.8 0.300 0
5 FILSEE. 23.5000 11.700 0 1.500 0 86 1005.800 0 9.9 0.500 0
6 MM HEEL 21,500 0 2.200 0 1.500 0 59 1006.600 0 3.4 0.300 0
27 FUEHEE 17.900 0 6.900 0 1.960 0 64 1013.700 0 7.2 0.100 0
28 ML 27.600 0 13.700 0 2.320 0 79 1019.400 0 8.3 0.500 0
29 ML 21.300 0 2.400 0 1.600 0 74 1006.700 0 3.4 0.500 0
30 TS 24.600 0 12.600 0 1.500 0 81 1005.900 0 9.9 0.700 0
31 MM HEEL  19.200 0 10.800 0 1.750 0 70 1011.200 0 8.6 0.300 0
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Tab. 2 Attribute information gain rates of meteorological
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Fig. 2 Topology of BP neural network prediction model
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Tab. 3 Red tide grade forecast results of different forecast
models in 2015—2017
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Tab. 4 Comparison of performances of different predi-
ction models
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Application of a BP neural network based on decision tree
and two partition algorithm in prediction of red tide severity

LI Hai-tao’, LIU Tai-lin', SHAO Ze-dong', HUANG Hai-guang?®

(1. School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao
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Abstract: To predictred tide severity, we propose a back propagation (BP) neural network model based on a C4.5
decision tree and a dichotomous algorithm. To solve the problems associated with selecting input parameters and
determining the number of hidden layer nodes when usingthe traditional BP neural network, the proposed model
uses decision-tree classification to obtain an optimal combination of attributes and a “two-partition algorithm”
todetermine the number of hidden layer nodes. The experimental results showed that the root mean square error
(RMSE) of the prediction results of the proposed model is less than that of the traditional BP neural network, and
the training time of the network is shortened.The prediction accuracy is also improved, so accurate prediction re-

sults can be obtained.This research providesa novelapproach for the prediction of red tideseverity.
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