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1
Tab.1 Sample data
X, X, X5 Xy Xs X y
2000 195.22 509. 00 415.39 61.65 429.22 256. 06 1 284. 00
2001 195.39 514. 48 438.03 40. 87 456. 88 261. 04 1 309. 00
2002 200. 02 544. 68 462. 01 46. 31 497. 34 289. 30 1 380. 00
2003 205. 36 611.02 500. 86 57.36 540. 22 330. 10 1 470. 00
2004 223.73 707.29 575.83 73.04 625.33 388.29 1 576.00
2005 220. 85 812.99 626. 03 86. 06 722. 86 464. 55 1 736.00
2006 214. 13 964. 90 693. 20 98. 62 841. 51 543. 18 2 014. 60
2007 240. 56 1 140.01 819. 32 109. 00 1 007. 69 655. 71 2 301.04
2008 285. 61 1 362.07 946. 04 117.53 1233.11 796. 00 2 806. 47
2009 298. 09 1 469. 07 1 071.70 125.87 1 479.20 1011.35 3 101. 80
2010 339.93 1732.62 1233.18 159. 87 1 841.55 1 304. 04 3 509. 30
2011 392.45 2 005. 35 1 449.31 185.59 2 206. 18 1492.82 4 005. 00
2012 427.22 2 247. 46 1 607.57 188. 11 2 271.41 1729.73 4 562.79
2013 455.61 2 543. 16 1 770. 54 196. 06 2 519.36 2 144. 42 5037.90
2014 484.51 2 798.22 1 950. 29 206. 18 2 840. 89 2 817.05 5 160. 91
2015 516. 36 2 923.35 2 183.54 219.24 3 225.41 3 596. 43 5 180. 90
2016 578.04 3043.47 2 488.75 209.53 3 608. 99 4 170. 05 4 985.05
2017 582. 69 3 306. 96 2 812.43 206. 17 3 985. 80 4 981.53 4 889.70
. ( MAPE) MAPE
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Tab.2 Training errors of BP neural network
13 14 15 16 17 18 19 20
/% 3.11 2.85 4.94 3.66 3.09 3.55 3.08 3.14
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Tab.1 Simulation results
/ BP RBF
/ 1% / /% / /%
2013 5037.90 5 065.98 -0.91 5 089. 64 1.03 5 080.72 0.85
2014 5 160. 91 5 148.09 -0.01 5 388. 87 4.42 5298.08 2. 66
2015 5 180.90 5177.37 -0.13 5299. 81 2.30 5253.64 1.40
2016 4 985.05 5180. 15 3.79 5 074. 40 1.79 5114.27 2.59
2017 4 889.70 5 180.22 5.73 4 853. 67 -0.74 4 976. 80 1.78
4. 4 BP. RMSE BP-RBF
RBF

3 MAPE
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4 RMSE 1.62% 103. 06.
Tab.4 Comparison of prediction accuracy 5
Tab. 5 Test result
( MAPE) /% ( RMSE) ,
BP 2.11 157. 12 ! 1%
RBF 205 124.95 2013 5 037.90 5 080. 72 0. 30
186 100.23 2014 5 160. 91 5 298.08 2.77
2015 5 180. 90 5 253. 64 0.16
2.5 2016 4 985.05 5114.27 -1.50
201 4 . 4 . =-3.
(2018~ 017 889.70 976. 80 3.35
2022 )
2000 ~ 2017
1 (x,—x) 2018 ~ 2022
2000~2012 2013 ~2017
6
(y)
5. MAPE 2018 ~2022 ( 6) .
6
Tab.6 Forecasting results
X, X, Xy Xy X5 X y
/% 6. 64 11. 64 11.91 7.36 14.01 19. 08 —
2018 621.40 3691.78 3147.33 221.34 4 544.09 5931. 81 5502. 16
2019 662. 69 4121.37 3522.11 237.63 5 180. 58 7 063. 38 6 401. 19
2020 706. 72 4 600. 96 3941.51 255.12 5 906. 23 8 410.79 6 961. 21
2021 753. 67 5 136. 36 4 410. 86 273.90 6 733.51 10 015. 25 7 138.03
2022 803. 74 5 734.05 4 936. 09 294. 06 7 676. 67 11 925.77 7 208. 32
6
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A Model Based on the Combination of BP and RBF Neural Network for
Port Logistic Demand Forecasting

CAl Wanzhen' HUANG Han’

( 1.Department of Economic Management Shantou Polytechnic Shantou 515078 China; 2.School of Software Engineering South
China University of Technology Guangzhou 510006 China)

Abstract: In order to get the excellent accuracy for port logistic demand forecasting a combination model
based on the BP and RBF neural network was utilized to forecast the logistic demand of Shantou port in this
paper. According to the nonlinear change of logistic demand the BP neural network and RBF neural network
were used to establish the single forecasting sub-model separately. And then the sub-models were combined
through the magnitude of the forecasting error to forecast the logistic demand. The simulation was performed by
using MATLAB software. Experiment results showed that the combination model could achieve considerably
better predictive performances than the single model of BP or RBF neural network. It could reduce the mean
absolute percentage error and root mean square error in the logistic demand of Shantou port. These results indi—
cated that forecast combination could improve the precision of the single neural network model for port logistic
demand forecasting and could help the decision maker in relevant port sector make proper decisions.

Key words: BP neural network; RBF neural network; combined model; forecast; port logistic demand



