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Tab.2 Output signification of BP neural network

BP ,
, BP 1 [1,0,0,0,0,0]
2 [0.8, 0,0, 0,0, 0]
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4 [0.4,0, 0,0, 0, 0]
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Tab.3 Study patterns of BP neural network
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, s EA4 0.8 0 0.25 0.25 0.3 1 0.8
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6 ) [1] Tab. 4 Actual output and expected output of BP neural
’ network study patterns
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Tab.1 Input significance of BP neural network EA1l 02015 0 0 O O O 02 O O O O O
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Tab.5 Sensitivity matrix of BP neural network

F1 F2 F3 F4 F5 Fo6 F7

EA1l 137 —0.19 -1.19 025 046 -084 —0.2
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EA6 147 —02 -127 026 049 —09 —022
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WAL _1.08 -0.25 -098 027 0.57 -0.71 -0.01
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Tab. 6 Results of the analysis of influence factors
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Tab. 7 Actual output and expected output of BP neural
network study patterns after optimization
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Tab. 8 Prediction accuracy of BP neural network before
and after optimization
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Structure optimization of ocean oil and gas resources via BP
neural network prediction model based on sensitivity analysis

ZHAOQO Jian, LIU Zhan
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Abstract: To resolve problems existing in the backpropagation (BP) neural network structure design, we used the
sensitivity analysis method to optimize the BP neural network prediction model. First, we investigated the impact
factors of the input and output attributes of the network by combining the BP algorithm and parameter sensitivity
analysis. Then, based on an accurate premise, we optimized the input attributes of the BP network and simplified
the model network structure to improve the network’s generalization ability and to greatly reduce the subjective
choice of the structural parameters. Lastly, taking ocean oil and gas resources prediction as an example, we estab-
lished the BP neural network prediction model using the measured data, and conducted a sensitivity analysis and
prediction accuracy evaluation. The results indicate that the optimized model can effectively improve the stability

of the prediction results with no loss in prediction accuracy.

EET T L I

108 /2016 / 40 / 5



