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Port Throughput Prediction Based on Improved BP Neural Network
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Abstract: In order to improve the applicability of the port throughput prediction model and meet the re-
quirements of port decision-making the traditional prediction model of time series based on BP neural network
is improved. An improved prediction model of time series based on BP neural network is established by taking
the throughput of the next three years as the output layer parameter. Meanwhile, the functions of tansig and
logsig are used as the transfer function. The function of trainlm is utilized to train the neural network to predict
the port throughput of the next three years. The forecasting of container throughput of Shenzhen Port indicates
that the improved prediction model of time series based on BP neural network has stronger ability of generaliza-
tion and higher fitting degree. As a result, it avoids the error superposition generated by the loop prediction of
traditional model and has good applicability.
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Tab.1 Container throughput of Shenzhen Port from 1997 to 2018

A B AL it Ay B AR NL i
Year Container throughput/ ( J7 TEU) Year Container throughput/ ( J7 TEU)
1997 114.70 2008 2141.62
1998 195.20 2009 1825.01
1999 298. 60 2010 2250.97
2000 399.40 2011 2257.08
2001 507.20 2012 2294.13
2002 761.40 2013 2327.80
2003 1065. 00 2014 2403.00
2004 1365. 60 2015 2421.00
2005 1619.70 2016 2398.00
2006 1846.90 2017 2520. 86
2007 2110.40 2018 2573.59
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Tab.2 Comparison of mean square error between traditional and improved model
under different numbers of hidden layer nodes

55 B S ST TSR0 45 O Ry
B S R AR 5 1R 22 2RI T TR 22 NI TT R 22 23 L
Hidden layer Training mean square Training mean square Reduced percentage of mean square
nodes error of traditional error of improved error of improved prediction model
prediction models prediction models compared to traditional prediction model/ %
4 0.013 640 0.005 920 56.60
5 0.009 248 0.007 975 13.77
6 0.009 389 0.004 449 52.61
7 0.008 817 0.007 396 16.12
8 0.009 322 0.004 615 50.49
9 0.008 109 0.002 742 66.19
10 0.006 294 0.003 999 36.46
11 0.004 108 0.000 431 89.50
12 0.009 671 0.005 941 38.57
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Tab.3 Test sample verification error under different numbers of hidden layer nodes

FHXTIRZE Relative error/ %

B AR B (7 TEU) AR b B
Hidden layer nodes Predictive value( Ten thousand TEU) 2016 2017 2018 REFIE
The average error of
test sample prediction
4 {2408. 46 ,2467. 62 ,2532. 42 | 0.44 2.11 1.6 1.38
5 12369.99,2477.62,2508. 35} 1.17 1.72 2.54 1.81
6 12466.43 ,2468. 05 ,2553. 48 | 2.85 2.1 0.78 1.91
7 {2395.19,2462.73,2624. 15! 0.12 2.31 1.96 1.46
8 {2363.28,2515.18,2501. 68 | 1.45 0.23 2.8 1.49
9 12389.29,2431.93,2491.60} 0.36 3.53 3.19 2.36
10 {2437.87,2433.33,2480. 38} 1.66 3.47 3.62 2.92
11 {2367.01,2526.40,2475. 13 | 1.29 0.22 3.83 1.78
12 {2340.29,2554.07 ,2625.42 2.41 1.32 2.01 1.91
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Fig.3 The error of traditional prediction model Fig.4 The error of improved prediction model
under different numbers of hidden nodes under different numbers of hidden nodes
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