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Abstract

In China’s transportation system, ports play an important role. By establishing the improved
neural network algorithm and using the grey correlation analysis, the input index of RBF neural
network was determined by extracting the index factors with strong correlation from several ma-
croeconomic indicators. The empirical results show that the model not only well reflects the rela-
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tionship between port throughput, gross output value of the primary industry, gross output value
of the secondary industry and passenger volume, but also effectively improves the prediction ac-
curacy and provides reference for decision makers.
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Table 1. Factors influencing port cargo throughput
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Table 3. Correlation coefficient matrix
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Figure 1. Search the optimal interval for the spread and hidden layer nodes
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Table 4. Comparison of prediction results and errors
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