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Abstract : The accuracy of forecasting is remarkably important to reduce total cost or to increase customer services, so it has been studied
by many researchers. In this paper, the artificial neural network (ANN), one of the most popular nonlinear forecasting methods, is
compared with autoregressive integrated moving average(ARIMA) model through performing a prediction of container traffic. It uses
a hybrid methodology that combines both the linear ARIAM and the nonlinear ANN model to improve forecasting performance. Also,
it compares the methodology with other models in performance for prediction. In designing network structure, this work specially applies
the genetic algorithm which is known as the effectively optimal algorithm in the huge and complex sample space. It includes the time
delayed neural network (TDNN) as well as multi-layer perceptron (MLP) which is the most popular neural network model. Experimental
results indicate that both ANN and Hybrid models outperform ARIMA model.
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% | ARIMA- 2 | ANN TDNN 07107 | < TDNN | 05657
ANN | TDNN 2:10 4 19:9 | 03620 | 155 . A
o | Nave | MP | 10:- 2 - 00622 | 642 © | Hybrid | MLP 10894 | ™ | pyprg | MLP | 45431
AN [N 7 6 3:2 | 00719 | B . |ARANN| pNN | 14340 | [ARANN] NN | 37898
% T T
© | Hybria | MLP 15 - 16 - 00649 | 41 = | Hybrid MLP 08435 | = | Hybrid | MLP 43116
AR-ANN [ TDNN | 19:7 10 7:7 00433 | 470 = | ARIMA- = | ARIMA-
T Hpid [ M | 17:- | 1 - 00870 | 135 ANN | TDNN | 08335 ANN | TDNN | 28283
2] | ARIMA-
ANN |TDNN | 17:7 6 7:7 00806 | 244
Naive | MLP 18 : - 17 - 02084 | 231 ) . ]
3 ANN [TDNN| 20:8 | 2 3:1 | 01658 | 37 Table 3¢ F 103] WHEAFHE T3 b2 3hgo] A3z 4
| Hybia | MLP 16 : - 15 - 02036 | 145
AR-ANN | TDNN 6:7 13 18 :7 0.1307 | 605
T | Hybrid | MLP 18 : - 20 - 01782 | 802 1) ANNE 2] 247 ol A A}%ﬂh AaEe A st € JEAs
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Table 4 ANOVA table

el A= | AFE | HOAE | Fa | el EE
d=ry 2 12.30561 | 6.15280 | 4.64 | 0.0236
ANNEE 1 0.00116 | 0.00116 | 0.00 | 09767
o ZEE*ANNE 2 043051 | 021526 | 0.16 | 0.8513
oA} 18 23.84683 | 1.32482
A 236 | 36.58411
¥l ANNES| W& 7} o&r38e] MSE H+S 19
o2 I#HRW o Fig. 59 2o} Hirgke] BXE AHRA
obd Aute}l o] dZwPW ol EAGAW AgH
ANNE @2 Aol7h 158 & & vk
2.2557 ——MLP -=TDNN
2.0673
1.7282
1.91625
0.526275
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Naive ANN Hybrid AR-ANN Hybrid ARIMA-ANN

Fig. 5 Mean difference between groups
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Table 6 Result of forecasting model(Incheon)

o 5 2y MSE MAPE

ARIMA 0.1192 25.83%

MLP 0.0470 13.57%

TDNN 0.0606 16.27%

Hybrid AR-MLP 0.0737 21.61%

Hybrid AR-TDNN 0.3814 51.00%

Hybrid ARIMA-MLP 0.0890 21.93%

Hybrid ARMA-TDNN 0.1415 25.10%

ARIMA 0.0778 21.95%

MLP 0.1487 29.02%

TDNN 0.2319 44.37%

Hybrid AR-MLP 0.1086 18.98%

Hybrid AR-TDNN 0.1430 19.47%

Hybrid ARIMA-MLP 0.0625 15.11%

Hybrid ARIMA-TDNN 0.0617 15.35%
2 JNAA=E g dSRFTEe] | uE ghal
o o] ool o Sx o] ARIMAR R T} o
& dEF49E Bk ey B A5 g oS i}%

7t7] thE #1291 MSESH MAPEY] whe} the
9Tl MSE 7|#o= By, a9 3} % x}%
ol Al Naive ANNEFEo] 714 £ d344E B

AAH o2 MLPHR Y TDNNE ARE3E g9 ¢ =

= o= mg MSE MAPE
ARIMA 0.4453 30.88%

MLP 0.2618 29.91%

o3 TDNN 0.2755 30.70%
Hybrid AR-MLP 0.4635 42.16%

=4 Hybrid AR-TDNN 0.3203 33.03%
Hybrid ARIMA-MLP 0.4138 38.20%

Hybrid ARIMA-TDNN 0.3015 27.12%

ARIMA 0.4909 29.25%

MLP 0.1005 15.59%

4 TDNN 0.0924 16.50%
Hybrid AR-MLP 0.4636 43.01%

= Hybrid AR-TDNN 0.3867 38.79%
Hybrid ARIMA-MLP 0.4827 43.29%

Hybrid ARIMA-TDNN 0.3166 30.75%
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