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ABSTRACT

In this paper, the water quality forecast was performed on the BOD of the Chungju Dam using the ARIMA model,
which is a nonlinear statistics model, and the artificial neural network model. The monthly data of water quality were
collected from 1991 to 2000. The most appropriate ARIMA model for Chungju dam was found to be the multiplicative
seasonal ARIMA(1,0,1)(1,0,1),; model. While the artificial neural network model, which is used relatively often in
recent days, forecasts new data by the strength of a learned matrix like human neurons. The BOD values were forecasted
using the back-propagation algorithm of multi-layer perceptrons in this paper. Artificial neural network model was com-
posed of two hidden layers and the node number of each hidden layer was designed fifteen. It was demonstrated that
the ARIMA model was more appropriate in terms of changes around the overall average, but the artificial nevral net-
work model was more appropriate in terms of reflecting the minimum and the maximum values.

Keywords : ARIMA, Artificial neural networks, Back-propagation, Forecasting

L M =

e SR vYehe sl S48 &
St 2 54E metele] dF FAMES 95k
FAA oA vl Fod a4 F9 ht
AEZGE vlolHE o8 AP FAASL
Ho]Ejulo]d (data mining)7]b“9] Uzo Holgl: &
Folu} ZhEEY 2¥ 9 ARIMAZE 50| Yutzo
2 AMg-EZ Sich %E‘i%* A g0l $lejA = Box-
Jenkins2 § 02 Hel= ARIMARHo| Qe] A8
Art. o]= 197068 Box®} Jenking’} dwbgow #H=
He AAEE 940l ofd A% AAER Azt
&3l R4 (parameter)®] 7 A3 7hAeE A AR
B AN ol A, 38

Aeizete] oein
ofol gel M4k Yo, FB L FARRIAE o]

N

] ©

s

P

o]

al
=

ol
=

*Corresponding author : Dept. of Environmental Health Sci-
ence, Graduate School of Public Health, Seoul National Univ.
Tel: 02-740-8871, Fax : 02-762-8760

E-mail : leehk@snu.ac.kr

o digh g A
B9 AZe] ojr FAFHEHY o ] st
e, 94714E ARIMAR3 3} Thomas-fiering 2%

Z FAdolE 9 Wloﬂwﬂf ARIMAR &o] Thomas-
fiering= & W} FHojdS HJrh 34 Hameed(1996)
= WEE WM g«l Fdol dial AJAIEE 2y
< B3l Ao g e &Avd-e &I, &
#H B £4F9] «FE AAEHT? o83 £2 7
FEHolEel izt ARIMARFS] 74 2 Heage
gk A7 2 Montanari(1997)0] A& 8l B3
91 *—I% 259 4, dZe] 4L ul=2A "Fg?
A, HZole A7) ARz gs 2HRE QA4
Ho| 3 B FREEoE FulE] 5850, ¢
A& A% AEA EFE ARRHI Stk 934
Fe- QIzte] FHE B3 Aoz wiEg 48
i Arg2e] =g 28l et bﬂﬁ‘ﬂ A}
ol RS o, shgd =alo) 9t ¥ Hol
Tt FHE FIHoE F2838 dolEnle]d(data
mining) 7] YFolct o]Tt AP Yo 22 A}

A77F AeikTh. Ahmad(2001)y=

=239
SE=

b

l~1:1

-

i)

ol ¥ of r

2 r

O

off

OE



20 HEE -

8ol QoA TZ9] P E oS T2 EFsled B
o] 0}2E 7 Q= Law(2000ys A-ZAAYe] G4z}
AIHEFE o83t THAY £ dEFE A=A
o olgg 270l 2-2 Kolehmainen(2001)°] 7]
Zo] AP T= oS A43192H,Y Maier
1998y 8kl cyanobacteria®] WEE ¢lFAAY
o2 sAsks 5 AT 2ok Bl HE&HT 3
T}9 T3 Luk(2000y5-2 d4H 924 ABE o1&
Bled Azl whE AeAME A& 584 WrkE
AFANZHE olgald 248 v AL See(2001)=
3] e AALIEL olgd] dEste 5 T
A gopll= $-&H Uk 8, Hwamg(2001)2
AgHo 2 BAZ oS30 Bl ol $IF ARIMA
235 AAUREA) TEAE HrRle A7E o
vl Pk B d3e 2335 BODFEAEAS 1)
7] 98 BABEARYE ARMARE T ¢lFA3 %
2YS 0|43l BOD dEEE HIiET

0. S74Y

1 FEx= L

B dpd A48 BODAAIEAEE 199195-H
2001A7kR19] EFHe] HFFARAZEE FFA T
5 HehE 97 3RRBolx2NE 98
AZAHAZE F 53 Ao[th. M) o A3 F
F5E fAAZ 0| 6,648 km'E e HAs= 7
a2 gEFgons A Ze2A)es 44
9] FIFFER o|8E Hold dAAEe ve &
ol vjg] ARl LEdo] HwA A Exsr| o
2o 194 Hxe g 48 fA5k Utk
S P AL G A Y A Z IS
12 glon, A7 HlwE 453 2= s
2o HMEFEX FQ g8 s ith
ARIMAR H¢] 72 2 79 o2 B4 Aizz
2l SPSS 10.09) A|AIE B4 BES ol&s5i3oH
AWl FH I gk oSl Matlab 5.39]
Neural Network ToolboxZ3 ©]-&3}it}.

of 2 o p
. lo
Ho2

e
(o

ol
R ]
=

o |
T

2. ARIMAR | &

AAG R 28 HHshs WHoZE Box$t
Jenkins7} A|QFe 2H ] 28 (model identification),
2ge]l FA(model estimation), =& 2 %(model
diagnostic checking)?] MGAE F7](cycle)= 3 ¥
Ho| dubd oz ARRET St} REe] 2PHuA oA
v A718179] A pet olFERY AF & ke

Ao 2 ANAYEZH(time series plot), A7]3&ES
(ACF), A7 |338~(PACF) 5% 183l ARY| 2t
= pot XA d, MAZRRE B 2R 2
AAIEE] AR RS ARG T vAAAEQ] 739l
© W wsoht XY T2 A-AES AA 58
ARBEIA HRAAE S THE T ACFSL PACFE ¥
3 p, & AR HH YA H] AREH = FA
%o 2 AIC(Akaike Information Criterion)$} SBC
(Schwartz's Information Criterion)E AFE-3}52H 7H&
3k 23 Fo| AIC®} SBCE Fislshs p, ¢ EY
of A2 At 23] 34 A= BH4
oAl Aoz Aeld ARIMA(p, d, gAY
B9 BFE sk Aolth YuiroE gol 2o
© B2 34 oz e A5 H (maximum
likelihood estimation), ®BlZZAYK LA FFHH
(unconditional least squares estimation), 7% &4
Al 557 ¥ (conditional least squares estimation)®] %1
on o]l Ho]23=AH (Bayesian estimation) 5]
fed, £ dfoxe v2AR HATFHEE 2
o] R4 olgdlyct 2] Al F3
" AAEe 2ol eargel wisk 7y, oAl 23l
2x1gto] MARLIAY L s AE AES= A
olth. ARIMA £ 9] 7|74 2kte] AJAE (a)°]
wAaRosgd e nEs Zos, £YT THo| A
AAG A 4 $o At BAFE A
w2t} mEpA BApeA RSl WS

Z2EAE #RI57] H8IA 95%2] Al=77keA
o] ACF¢} PACFE &3] R¥9 AAH=E Adst
At

99} 7ZHe =39l AW (jdentification), BF =4
(estimation), 73 % (diagnosis)®] TAIE ¥HEsle 28-&
gala, 2" 2YE o183l Feie] BODRLE o
Z31 .

3. QBAAYDYo| &
Ao EL 17k AAM TS o] A2HE AF
HE olgsl TEF ATAS Hop] shtaM, s
QA A W 2R obAd S 85T s
Zolr}, o]2igh AL Ql7re] Fxjo} ulssh WA
2] (parallel processing)”]5-0-2 1&) HEy3sl] gk of
RS YRE oY Zxolxe] LEE AL W
NA A|zAsE desde /R k. wekA
Yoy dojks duHe) e Yehhs A%
of a4 B AL AATE Z Y2 BFsA 2
o). B A7 TAS A4 ple) JHzs )

Korean Journal of Enviromental Health Society, Vol. 28(3)



ARIMAZ &3} Q15217
o &4F Elm viY $¥93E 7RE UAAY
o2 A &Y Aps su=4E AASRs
FHE o] B2 oA WEAR] ko) ulFEe]
A Ui B viE dAstE Jx, AFHos
o] /e] %‘4%— NMe gge Frtass A9 Jep
I A e AoE Y, B dPeME 29S|

Aee ?JHE 3t 3“!%"“ EAlsh=E Q17 W
o FDsle =E24E A% de dutdoez
A3 @ AP (trial and error method)S Z3l 73
o == AURA oW G807 Spo] Yo
WA ko, AUR)A 2O skgro]l 80 9]
oAz JEAE YeEZ I i) meba B e
ME 29F =E4E SN(N=1,2-)02 J7M]A
71HA MSEE #E3t 7o =8 ARG A
ZAolA AREEE EHR X%O]t} = AlaRon
(sigmoid)d, ADgr(hard limiter), A=) (threshold
logic)dts= o] Yot & oM e A A 2YEL
Aol AlTRO|=(sigmoid)FHr-E ARE-3I5om,
F A glolojolle AE(linear)&4E AR-sHATEH 9]
g A&y T Jje] HoldsE Y3 (hidden layer)
of AAsl A FH o] g3t AlLRe|=
e ﬁr—ﬂ%l‘*} Hagh F2oMes g wWalvt
AN PFREMe $Ee] eyt 3y miEsks
gt §hrolr] wiiol vjME ]"‘Eélgl el 7 g
ol gt} AAREES s gAlsE EY
3l 283 Holgro| 7<7ﬂ A2 E HESE F 4Y
X}i AL FAsE A7 0-0’] dPrso| o &8
oo 4 oy 3‘—4%‘4 = A &, 71Xy
o} AAA HEE WPIFE 1%‘6}‘34 27]§V‘] 1ar
dHolEE THAIA E AolEfol] SAMRT =S %
HAAT v g e 2 FHEE AlA o) A2 HolH
£ A3 &3 AAE Wk ol AlEY &
FollA YHEZeM 2YFE AX £8F0=2 ol
7t 285o] EXpH vlaE o] MSE(Mean Square
ErronE Heshe A4S 15271 (epoch)oletst 61\:} Al
Aol F717} Z7HEwA MSEgke] vlal 43 ¥
T =2 s o JEGe] gl %53}7” 2l
L2 %ﬂﬁﬂu 5241 MSEQ| §o] 1*E-40] 2 o

/\\l g2 1:1 2 oEo}Ei o}ﬁﬂ-
I Za 3 D&
1. ARIMA 2%

ARIMAR 35} QFUAYOIEE o]§8 F750|
1991

BOD| 2o g Avh= thd# ) Fig. 1

n(} i

o] BODY = vl 21

8 1o vﬂyﬁl Uﬂwﬁwﬂﬂ Uﬁyﬁw&ﬂ&wxw

4'0 6IO BIO 160 1&0
Month (1991-1999)

Fig. 1. Time series plot of BOD from 1991 to 1999.
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Fig. 2. Trend analysis of BOD using roess smoothing.
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Table 1. Statistical summary of tentative model
Model AIC SBC Standard error Log likelihood
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Fig. 4. ACF and PACF of residual time series.
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Table 2. Data transformation for transfer function(2002)

BOD
Month
Actual Transformed
1 0.9 0.139377
2 0.8 0.127636
3 0.9 0.139377
4 09 0.139377
5 1 0.150515
6 0.8 0.127636
7 0.7 0.115224
8 1.1 0.161111
9 1 0.150515
10 0.9 0.139377
11 0.8 0.127636
12 0.8 0.127636
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Fig. 6. MSE variation of BOD by hidden layer's node number.
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