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Forecasting water level of river using Neuro-Genetic algorithm
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As a national river remediation project has been completed, this study has a special interest on the capabilities to predict water

levels at various points of the Geum River, To be endowed with intelligent forecasting capabilities, the author formulate the neuro-

genetic algorithm associated with the short-term water level prediction model, The results show that neuro-genetic algorithm has

considerable potentials to be practically used for water level forecasting, revealing that (1) model optimization can be obtained

easily and systematically, and (2) validity in predicting one- or two-day ahead water levels can be fully proved at various points,

Key words : Water Level Forecasting, Neural Network, Genetic Algorithm, Geum River

FH0f: F=2foll =, M

4%, Uk 2a2lE, 52

T2 TS flal Aol B &
TA R S aefsto] Yot 22E shofof 8t
o o] Alg7|He] B ialo]opst ofrt Qlrk(
sy 41x), ®3, "R dF e
A 915 Lsto] Ha 2 - RFFE TTEA
axof] Hargk o7} QIeh(ohE A w5t A3
2. Aol = Baka A shde) S5z A A
Al S AR AL A o) A A k] 2
Aol A sk Aol dubAoltt, ofef, £g- 5
O 7053 4ol et A s o] 7hs Aol &
A 22 Aol

skt o] e Aolal 4143
A|LsH7] A= =2 dSEE Ad
w3o] PYaFe st o]
WA= 5 —/u\—yr‘ﬂo”*é] 7
nyg (o]t Eelny)e] &
et7)e=5, 2004). OWE& =R
S AHs|oF H= 947 WAL, stFE|yke]
b o2 Sl ANERIE AAIE (dis—aggre—
gation)ot= HAFIL o35 F7HA7IA H+=
ZFelo] I @5t (Solomatine?} Torres, 1996),
ol Algte] 71 EA4Jo] et o|#3t HE& oA
T2 2= A AATE YarEA o oA =
HYRte B2 = AT 5 AA g

HT

_\‘L

|

W
o Koo 4 >
P oyo M= fd

oo loopiox

op o Mo

rLooft
N oox

-

p

*Corresponding author :

547 |——



Journal of Korean Society of Water and Wastewater
Vol 26, No4, pp547-554, August, 2012

AAIZE s o] ARAYS BFHo=2 90
dof 24k o] % FEES tAE = Q= 71H
Sof i3t AEV} FPH o, W J1LE E

3l 71Ae+<5 % (machine learning model) 2]
g o] A=xo] 211 9t} (Dibike2t Solo—
matine, 2001). £9H3| 7| A5 L HOJA]
Zro] —,—TLHE SR o| H|sto] Ade] Ee
18l Aol 7t 7%, ASAA
T, AF 8 AR 275k= Aol 9l
o =3, AeAssel A7 olsS
5 Bt Ao, AFAEY B A
Ef’é}%}_ AEE gA F=5k] AlLE £
3l (Lorriai®}t Sechi, 1995),
HGskar %‘\—E Aw7F B2 A 9u, S84
o AV A A5 A folle £2 21E Al
(e}

o

At v} Qlth (Haykin, 1994).

thFet 7AISEEE ThedlolA, 154l
W2 AL RS of|Soll H8str]o] A
S "ol gh= -8 o]u] thofst ALE E3) 7

5 vk Utk 95l A8H s A=,
FAAY DAZT (2008)= FAA F=HE A=
3l7] Y3l log—sigmoid g}l @xped#
rﬂr lel\l_q] O FAIAY mHL ALgEgon 2

0. 282 "ok vAlA 9
009)= A A P'-_'o % 1}7]_7,\_;<1§ &S A}

@ dZstol 7
= v"-*éﬂﬁzuﬁ 7“47:% 0.990]
A% melrh. sfelolA e,

[e]

©
o
o
o r
é
1
1
m

{0 1o

s
ofl
ol
HiE
flo

olx]9itt (Maier £, 2010).

o= EtstaL, AR S o A3] 7]
SHoA, 12 @4 A8 =
ojof & o] rtal wekET
SHoA, Al Yol 22}t g
AFgaol 9ol AHRAT 7|7re] A

e 24 Roh BAVE A% YR

oo 2t

8+

i)Y
o N,
% Mooy o my

Montana®} Davis (1988) o|% t}afst A&
oJsff AT FHA daelEsa A
a7 ltk= dol Aets v ok, AR =
ShAg9] dSA] fAAF dagES AEAl
b 7150l A-851A Hobd, 23 2459 7N

AoIP FRE HS o] 2 28

o\'.‘l

N !

dn % ok

£ Ay st
>
32
fllo
>i
10
"
oZE
Jil
rﬂ
of
1
2
e
ol

o
)
e

]

4>

do Iy o
>
N

7} ol AT} S
A7k F8A ok, E3
|20] o] e 27

N
r.Trlr
N,
o N od -2

30 A
uls

L —9 2
i)

Jo 4
ot |
o
I

).

d 3
Bf
mZi
=2
s}

Fo

o

$~ o) H rlo S~
flo rx
N
iz
o 2
> 2
>
rr
L
5=
_O,_“,
rr
ol
o
N
N
&_&
o

.
H
oflt
o
—
o,
ot
o

)

2N

o

2o MLy
>
=2
=
et
)
I
I

2 4
ol
o

ol
fr S ot
W

)

F U of
= o
mlo %

o 30 kI
o S Qon
I
:ﬁ 30 |o
1-1I

wW

é

_\;

A

i1d

ol
o
do

%H%}ﬁ o, el A
ek 2t 8] 23]
FJ'E]”H :Lﬂ_]_ Sl 2] &}

oX. 9
ol

H e
ol

1o

é

o

o 2 r 1oﬂﬁ1}uMﬁﬁﬁm{nrlrzxﬁHrﬁﬁmlo—boﬁrlomm&

Ay
i o,
4a o
_I_>i oft >
g
i’
S 1o

N
e
.l
2
0
pc|
ot
=

w2 ARHE Fodel AskL gloH, &
°] 394.79 km, +9HA 9,912.15 k¢l s}a_
of, 22 G na A, g B5Re 1
=31 22 20709 ARV FRdE 7%

flo ot © Y

rir r

of 7}7ke-H, Hat7]22 11.0 ~ 12.5
A4S 1,100 ~ 1,300 mmeo|tt, 2
< WA ZolA TS
% 99.2 km 7+ AH B 12} 3



017 - 012 - HHH - Wl

Yot st3|A|, =2
263, 45 ppb47-554, 89, 2012

o
flo
fnf
uie)
o

S~

m e
3 %
my fo 1©
2 I
o I
o 2

o
2

r2

i o

Ay
(U

Eiw
| 19

B>
1o
+
=)

=
o
o
o |
du
oft
=2

N

)

)

lo

f
of

ol

el
filo
ns
D)
=

ol
H
Mo rr 4z 2 0

f
N
N

3

Q1 Aol 7] 20] gIE ot Ak W o A
oo AU oA AT SFELL Bl
sV 910 20| hsalac A et
FFAR R A ol Fol Kot H/d ol whet
ARA D] gerae o 292 H0] 7P
Aok, 91k e ARH BEHS gersfol, 4
":‘ { \Mih::‘mwr =
wigre / Le ot e

i) 2 o TR
i ) s . {0 .’l‘ )«'-D*"é:hu!-s (i

Geum River ~ \
N ¢ .

1/ ‘;l & . ‘\ {V’H_r{(;nh;kjver\t ] ‘; "
3 \ | P /

»
}

West Sea

C.SOUTH { East sea
KOREA

Fig. 1. Locations of study areas

Table 1, Input and output variables at each station
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Fig. 2. Multi-layered feed forward neural network using double
hidden layers
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Fig.3. Results of water-level prediction at Geumnam station
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Fig.6. Results of water-level prediction at Gangkyuong station
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