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A Study on Application of Neural Network using
Genetic Algorithm in Container Traffic Prediction

Su Hyun, Jeong

Department of Logistics Engineering

Graduate School of Korea Maritime University

Abstract

On this study, 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. The existing studies have been
used the rule of thumb in topology design for network which had a great effect on
forecasting performance of the artificial neural network. However, this study applies the
genetic algorithm, known as the effectively optimal algorithm in the huge and complex
sample space, as the alternative. And we use the time delayed neural network(TDNN)
instead of multi-layer perceptron(MLP) which is the most popular neural network model.
Finally, we use the hybrid methodology that combines both the linear ARIAM and the
nonlinear ANN models, and compare the methodology with other models in performance

for prediction.
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st AHEA o] AFEEHARE HA L AFAE o8 R 7] P A o] A byl
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2.2.2 N A AN E(TDNN)

GEFHAEZMLP)S 9 AFSHE AFAA TR o|ArE A7t whE WglE <l
Asta BAsE S o] 1 dAEES Belvty 4R vk A AAE o
o o] MLPEES digtezx AIZEA AL A (TDNN; time delayed neural
network)e] SA3HA H At TDNNL2 24 <2 (speech recognition)F-+#o] A
Waibel et al(1989)¢] A7l s A& AP Ja, ogg 40471 S4AEF
(phoneme classification)ol] L] ©& S FA4ddLEHe| W& L HIAE Hol
SH AT

<2 2-9>914 MLPS TDNN®| Apolidg hefsiAl agos mdsdnt
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0 Learning machins
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JARE, TDNN 22 45 8359 7S AYet BE A E] 719 FZE(memory
structure) & 7HIvk= Fol A ztolE Hlvh MLP 22 A9 A2 4oz A
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A7 WEo R 7tEA Y AEHHQ o] o] FolAr) o9t 72 FHA
3% (dynamic neural network)®] FHE w3l = TDNNLS 49-5 AR

(input-output mapping)° A A 7Htime)oletE W47t 7R+ #AES A A3 23 3sks)
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2.3 ALY F(GA)

AU e E(Genetic  Algorithm)©] A&k (evolution) s #TWs FEZA HA7|HY
(stochastic search method)o.2 E3], Wy E3o GAF7N AT A9 (global
Hog Ul k. g SN AR dY=

Ast EHIeE BEdlE®  AH(selection), A (crossover) LTI =AW

optimum)&7]d] ®3AQ 7]

. B34 £ 273 (termination criterion)o] %FEE o

dalelt), <9 2-12>% #fAgnEFe] FaAA o

)
B
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1B
!
lo
il
2
of
i
rir

i

A agoew wdstdr

=X ==

(Problem Representation)

(Initialize the Population)

At A AHCalculate Fitness)

: 254 ol

M El( Perform Selection)

alHYj(Perform Crossover)
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FALGnEES GAHE FESAE %7] 3 (nitialization), 2 #(selection), T2}
(crossover) 183l E W o](mutation) F 49AZ FAAH

713t A A = EA9 E3(problem representation)FE3  Z=7] Zk(population)
A el AFE(fitness) & AAtels FEowm A Stk 54 A dig

&) (solution)2}= ML FAUdTEFd = I8 A (chrmosome) & E# T} o] 23k s

£9 A% 5, FALIAFAA) A9A) P9 24 Spopulation)oleh ¥
QA ol obd AR FEN £, ot AY Sy

Population

Chromosome 1

(10l1l0l1l0lol0l1]0]110/10001

<a9 2-13> A9 xd

AagAoM = o AUz dAS F 79 AAELS shE 227] fsk A4k
o] o]Folxit}, o]FA HEH & FEal(parent)e} sttl FE AMGEHE Ao R =
589 (roulette  wheel) A&, &9 7]Wk(ranking-based) A ®, g EWWE

(tournament)A & o] Av}, 29 A -t SlEFH} d53 s Alole AjE A
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2.4 Hybrid ARIMA-ANN
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2-bit code Real number code

Other parametes

1110tl. L 1111004]2020506]102

<Y 3-1> A4 Fxd g 94 519

=

HEoAFA AMEEE GAS #E EFgoR AldgE 1004, 2

P

T
1007 Aetgrh, 2o Aegae HEuHE Assdn a9 A weg
o AA 2 FAF ARRA LALE 05 EAWLe 01% AArh <x

3-1>¢ 2 W& haetA Bk

<3 3-1> GA #d Xl i AT 2IHMSE” &)

Comols e 0.2 05 08
0.01 0.8678 0.8661 0.8504
0.05 0.7641 0.8637 0.7555
0.1 1.2990 0.7366 0.8800

o) FolA vhe gre AEAR oe Fitd

A 20 2ol AidEd. A= AAZk(actual value)el™, F,= <5 #k(forecast

9 x}H(MSE; mean square error)%

value)& =gt}

i
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MSE = ZA E)*/n (20)

ANNEH & Abge] AALARE E4617] Hdoll 1A a3 48 Azsel dd A
T 3Hnormalization) ¥7go] At ofefgt FAHow A H= A3t @ d¥As
(normalized input data)E°] A ANNREFH Mo ALgdvt, Aqgstady #ddE
22D offet 2

Normalized datat( )= Amp( ) X Raw datat( )—l—Off(z)
Amp(z') = (UpperBound—LowerBound)/(Max(i) — Min(i))
Off (i) = UpperBound — Amp (i) X Max (i) @2n

Al GAY oY dAAtE T O Al & 9¥FE Fe wabgAel wel ANN
0

2P A543} oW dPe AT Jopus] As AEAA WA

AP ) AWAFAE G e SIS M w5
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2005~20061 & WA AR 1e]al 2007~20080S HAAE R ARESEdT). Case B
A S AR, 183 200620083
F g sl

= 1991 ~2002 @7 A= &5AE, 2003~2000d 2 o
< HAAZFEE ARESEATE <E 32> dFEd

et gela F ek

Aol Hi= FREF

<E 3-2> A A As

Z 8 (& 21670

Training

Cross—validation

Test

Case A
(& 21670)

1991720043

2005372006

20073720083

168

24

24

Case B
(& 21670)

199172002

2003372005

2006372008

144

36

36
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3.2 ARIMA

atl

&34 ARIMA

AICSt SBCEA S 7oz 95 A

A Az s glelA
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Am gl weh R
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HMAD; mean
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(MAE; mean absolute error)”?} 2o o=t
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g 7
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<3 3-3> ARIMA &4 43
Hq o=
= ARIMA model
AIC SBC MAE MAD
oy Case A ARIMA(0,1,1)(0,1,1)s 446 448 7,304 20,745
4
Case B Log ARIMA(0,1,1)(0,1,1)s 682 685 9,841 14,902
- Case A Log ARIMA(0,1,1)(1,1,1)s 450 454 8,482 14,509
T
TE
Case B ARIMA(0,1,1)(0,1,1)s 685 689 9,517 16,518
o151 Case A Log ARIMA(0,1,1)(0,1,1)s 405 407 3,577 9,904
9
Case B ARIMA(1,1,0)(0,1,1)s 588 501 2,750 6,923
o151 Case A Log ARIMA(0,1,1)(0,1,1)s 399 401 2,963 11,863
TE
Case B ARIMA(0,1,1)(0,1,1)s 576 580 2,185 5,286
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A AeolHEEHE 8o ARIMARHES A3 A7l 3 AxE =0z =
ARIMAXZ o] wiazg o B ogtex A= Hybrid ARIMA-ANNEE )]
ANNZEFe] JE€xg =2 Ah&du},

|

obtl <IE 3-4>8 ANNEPS 58 98 AEHE FAARs w4
CEIES ZE TN

<% 3-4> ANNEZY] 4 zt5d oigh 7|25 A%
A 8 RS wEAa} o= A=
4 730 9161 -0.11 0.30
Case A -
) gL s -2848 9721 -1.15 1.61
=4 4 -467 8586 -0.22 0.98
Case B —
WA S ~2248 12177 -0.15 -0.15
4 -432 9218 0.16 0.95
Case A -
) gL s ~4252 9801 -0.49 0.26
= 4 476 8500 0.12 -0.39
Case B -
WA= -457 13078 -0.53 1.29
4 -173 2537 0.01 0.12
Case A .
o1 WA= 459 4283 -0.42 -0.90
=4 4 92 2470 0.23 0.94
Case B —
WA= 528 3333 0.04 -0.12
4 -99 1879 -0.09 0.67
Case A -
o1 3 gL s 836 3699 0.41 -0.38
= 4 179 1584 -0.06 0.92
Case B -
gL s 518 2826 0.4 0.41
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<E 3-5> ANNRF delaz
2 5 (F 21671) Training Cross-validation Test
- Zt 199372004 200572006 2007472008
Qase A
& 2067 | pzq 2 144 24 24
- Zt 199372002 2003720051 2006472008
_Case B
(& 267D | gzx 2 120 36 36

AT E A4 FRAFEAC) Qo] A5 % HHE 98] GAE A&
A3, 7 ANE A1E ATEANA AN W K PHES 0§ TEE AR
ME Wusta A9 ATENA Ak WA o] §F A4S Heuristic ANN

Stal obelf <3E 3-6>°A hEFetA HAkSEA
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NS oy =
A= .
line size Delay e line size Delay
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W heuristic MLP7} 852180 ojs 7 Agsdo] o

& A9 RE AEE o] GAE A&

<3 3-7> ANNEFH E dig 35 234 (MSE 71%)

A = heuristic heuristic TDNNGA
MLP TDNN 94w ol A

4 0.1153 0.1500 0.0417 0.0452
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oy i e B 0.1492 0.1873 0.1485 0.3027

2~ 0)
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2= 0]
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<3 3-10> MLP¢F TDNN9 o =4 3(MAD 7]&)

= MLP TDNN TDNN_GA
P! Case A 20,101 16,561 16,764
+4

Case B 15,193 14,705 13,263
2 Case A 15,255 13,305 12,882
= Case B 15918 17,468 15,336
ol 2 Case A 11,204 9,959 9,384
=

Case B 7,693 6,630 5,523
ol 7 Case A 11,050 13,641 10,623
= Case B 4,969 5,011 4,532
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<GE 31> b ), 7E 28T 4549
2 7 72y MAD MAPE 2 7 7y MAD MAPE
ARIMA 20,745 0.0650 ARIMA 14,509 0.0474
ARIMA_MLP 20,101 0.0630 ARIMA_MLP 15,255 0.0501
Case Case
A A
ARIMA_TDNN | 16,561 | 0.0521 ARIMA_TDNN | 13,305 | 0.0439
i=] i=]
£ ARIMA_TDNN H ARIMA_TDNN
A with GA 16,764 | 0.0527 A with GA 12,882 | 0.0421
o~ o~
T T
Q] ARIMA 14902 | 0.0482 = ARIMA 16,518 | 0.0530
ARIMA MLP 15,193 | 0.0489 ARIMA_ MLP | 15918 | 0.0512
Case Case
B
B ARIMA_TDNN | 14,705 | 0.0473 ARIMA_TDNN | 17468 | 0.0561
ARIMA_TDNN ARIMA_TDNN
it Ga | 13,263 | 0.0433 wih Ga | 15,336 | 0.0498
<E 3-12> A 8], FE EEE 549
2 7 72y MAD MAPE 2 7 72y MAD MAPE
ARIMA 9,904 0.1525 ARIMA 11,863 0.1863
ARIMA _MLP 11,204 0.1717 ARIMA MLP 11,051 0.1745
Case Case
A A
ARIMA_TDNN 9,959 0.1527 ARIMA_TDNN | 13641 0.2129
el ARIMA_TDNN el ARIMA_TDNN
2 i GA 9792 | 0.1473 || i GA 10,623 | 0.1681
5 5
o ARIMA 6,923 0.1047 = ARIMA 5,286 0.0840
H
ARIMA MLP 7,693 0.1151 ARIMA MLP 4,969 0.0795
Case Case
B ARIMA_TDNN 6,630 0.1011 B ARIMA_TDNN 5,011 0.0817
ARIMA_TDNN ARIMA_TDNN
i GA 5523 | 0.0885 i GA 4532 | 0.0736
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