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2
P1 P2 P3 P4 Ps P6 P71 Ps
0.616 0.703 0.687 0.699 0.721 0.698 0.820 0.591
0.639 0.533 0.512 0.580 0.661 0.814 0.844 0.633
0.911 0.893 0.843 0.832 0.860 0.941 0.962 0.892
0.882 0.695 0.885 0.937 0.929 0.956 0.959 0.885
0.639 0.655 0.582 0.557 0.560 0.628 0.823 0.596
0.786 0.829 0.745 0.724 0.813 0.805 0.906 0.756
0.772 0.820 0.536 0.791 0.553 0.827 0.892 0.726
0.849 0.821 0.897 0.903 0.907 0.922 0.935 0.824
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, ¥, SVM ;v SVM (RBF), SMO(Sequential
3 2004~2017
X/ ) X/(x10*t) X3/(x10*t) X/(x10*t) Xs/(x10%) X/ )
2004 1576.33 1430.34 9741 986.8 6206 1430.34
2005 2411.11 1 460.54 10 530 1056 6 483 1 460.54
2006 2773.78 1 580.06 11249 1096 6 042 1 580.06
2007 3283.73 1553.22 12 686 1 080 6077 1553.22
2008 3814.62 1466.94 13 650 964.2 9 485 1 466.94
2009 423026 1460.71 12 686 1 080 6077 1 460.71
2010 5012.64 2213.67 14 983 1450 9561 2213.67
2011 6 145.52 2777.04 17 683 1 593.55 11292 2777.04
2012 7201.57 2861.32 19 820 1 820.49 14 090 2861.32
2013 8011.78 3517.22 22020 1 805.83 15 090 3517.22
2014 8 820.75 3623.73 23738 1701.55 15 556 3623.73
2015 9720.77 3 670.95 12 365 1 266.45 13 322 3 670.95
2016 10 502.02 382221 13 341 1299.38 13 812 382221
2017 11715.10 378438 14 974 1393 14 840 3784.38
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X ) Xo/(x10*t) X3/(x10*t) X/(x10%t) Xo/(x10°0) X/ )
2004 3450 752.12 6941 968.5 1892 1032.01
2005 413821 635.46 7762 887.19 2631 1 405.89
2006 4900.63 42633 8891 791.51 2208 1742.64
2007 5850.11 472.71 9958 763.65 1876 2117.96
2008 7078.09 492.59 10 863 622.11 1768 2285.26
2009 7740.2 622.99 10 820 571.06 550 2014.46
2010 922891 671.87 12 768 491 649 2740.76
2011 10 716.99 699.84 14 798 499.34 804 3008.63
2012 12011.65 771.21 16 441 405.21 884 3056.92
2013 13015.7 1137.61 10 799 279.32 987 3093.48
2014 13 760.89 1110.35 11855 221.84 1098 3113.06
2015 14 504.07 1 087.09 11814 178.4 1191 3053.50
2016 15475.09 113535 12 287 185.97 1221 2737.58
2017 17319.51 1109.15 13 614 188.5 1323 3160.79
(1) ;(2)
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, SVM 4 2004~2017
Xo/(x10%t) Xof /(x10*t)
4 2004 22586 554 3114.98
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20042017 14 ’ ’ 2006 30969 634 3957.23
, (3 4). 2007 34519 628 3485.34
2008 36 185 663 3.808.10
2009 38 385 658 4281.66
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2015 2011 43 339 657 4213.12
» 2016~2017 2012 45303 630 5081.15
’ 2013 49 592 627 5679.16
2018~2022 ' 2014 52 646 641 7 030.70
4.1 2015 51 004 563 6 334.06
, 2016 49618 574 5675.91
2017 55151 581 5933.23
‘ . v SVM ;v
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ARIMA(Autoregressive Integrated Moving Average)
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Method for prediction of river-sea combined transport volume

based on factor analysis and SVM model

YANG Dinghong'*?*, ZHENG Pengjun'**"
( 1.Faculty of Maritime and Transportation, Ningbo University, Ningbo 315832, China;

2.Collaborative Innovation Center for Ningbo Port and Logistics Service System, Ningbo 315832, China;

3.Ningbo University Sub-centre, National Traffic Management Engineering & Technology Research Center, Ningbo 315832, China )

Abstract: The volume of river-sea combined transport is affected by many factors. In order to solve the
problems found in forecasting this volume, its influencing factors are analyzed first, and then typical factors are
selected by grey relation analysis. Based on the result, a support vector machine (SVM), optimized by particle
swarm optimization (PSO) algorithm, is applied to establish a predictive model of the river-sea combined
transport volume. The model is then applied to the prediction of the river-sea combined transport volume in
Ningbo Port. The results show that the model is superior to the traditional time series forecasting method, and
has a high degree of fitness and forecasting accuracy. It provides a new way to solve the multi-factor nonlinear
system prediction problems, such as the one in river-sea combined transport volume prediction.

Key words: river-sea combined transport; factor analysis; grey relation analysis; particle swarm optimization;

support vector machine



