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The Optimal Hydrologic Forecasting System for Abnormal Storm due to Climate Change
in the River Basin
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Abstract

In this study, the new methodology such as support vector machines neural networks model (SVM-NNM) using the statistical
learning theory is introduced to forecast flood stage in Nakdong river, Republic of Korea. The SVM-NNM in hydrologic time series
forecasting is relatively new, and it is more problematic in comparison with classification. And, the multilayer perceptron neural
networks model (MLP-NNM) is introduced as the reference neural networks model to compare the performance of SVMENNM. And,
for the performances of the neural networks models, they are composed of training, cross validation, and testing data, respectively.
From this research, we evaluate the impact of the SVMENNM and the MLP-NNM for the forecasting of the hydrologic time series in
Nakdong river. Furthermore, we can suggest the new methodology to forecast the flood stage and construct the optimal forecasting
system in Nakdong river, Republic of Korea.

Key words : Optimal forecasting system, Abnormal storm, SVM-NNM, MLP-NNM

LME

e 9 ANPAS BTGB sdkmS DA, FReHE FHOR sol T U, 34 93 5 3
Mo FReh SuES shte] B oloj7bia ABHANE FAsH: AAelch o] RS @ o]y} B
4 oo Jbg FRE 4 3 shpoln], SaI) FAMIKY, FAC M B25) 2 Fujolzid|Ae] A
Aol Fom Fa wete] Slilo] Ha itk 53] Z1EHe SHolAlE $3AA 5, ol5 L B2 SolA
2 =gl Hla gleh HEgelde] A Sue nelshd S5 thest Adeldel e Ang olgsie]
% goralsalzgle] Aol B Ul Aol Wag Ay o FEARES AZsH Zo] 7bsd Aol e}
*1 SR B o gaelsl s ASe hals) A ool lo)d 2T geng 94Ut 56 Fold

=
”‘H—‘E TTAE] ?:“ﬂl’_i o] o FEel gk AR ARE AT = 9l
]O%:O‘PZH] =eo] = Zio]‘:} (Kim and Kim, 2008a).

2 :rLoﬂ’H‘“ ool T8 FAFAHER EAHNA FAF (Rusa) 22 viT] (Maemi)$F 32 o S5-0] A
Al HA 24 °ﬂﬁ ] HS A Hste] AAHE 7] A7 RS (Support Vector Machines Neural Networks
Model, SVM-NNM) 3} TUSHAMEE 217423 (MultiLayer Perceptron Neural Networks Model, MLP-NNM)S- A A5} 2
W, JET mERe aEa B AREW AR ] ARE o &SISith g AAZE o] 97l g &
A WA E 9 HAERAS Elo] HA upiige] M4 2 wio] HIAFS AEson B ALANE Bl
2 TS ASAEH A5 o] & ¢ JS FoE JrkErk

AAYR I FHMA}L 2d02|F
2.1 J(|7(|”—'I|5-‘|7|‘_r1 AMZHUTE (Support Vector Machines Neural Networks Model, SVIVENNM)

AAE )T ARG (SYMNNME T T 7bA] el Sldte] £dsis A= Adel Aol R A

>
r

= IAFTre 2] AR X4§1'°]‘11 OB B A HUES /IR HAS BAE Ay wEAe] R ARgs

T I st BAR do] & 4 otk F #HAlE SVMINNME] A9 B35 g3k £ o & ARE AT = 97

ulel] A4 HH Ao = %X] S YEs o]8sta, EH Al o3l §71E 7}X]7ﬂ k. SVM-NNM %8

off Qoja A HALY wle IAYFReR ok Zlojth. ditdoR o] 7; Amof| 7RIS Ashs WA
* M|l SIS | SAL SOetn M eSS W4 ; E-mail : swkim68@phenix.dyu.ac.kr

= Mol getaAlelsitistn StAE=asE S u= ; E-mail : sookim@inha.ac.kr

2193



{0

7|23 (Radial Basis Function, RBF)E A8-3}e] o]Fo]xIt). Z1g|ste] £AJF 1t (Feature Space)> AF&.o] WM 718
ok ey dd o s RV v ARAE ARkl flste] TReAIREe] Ay xsks FAAIT] ¢
o1 A3
T

i

[<)

Al
o] AMu} FHLTE]FE (BackPropagation Training Algorithm)S- ©]-8-3tc) &y} & A4 SVMINNMS FH 748
218t divtRe] S &7 (Margin Classifien)®] 7'dS ARSI o]3le QlEEto s HEQ BRFe §3& ek
SAlOl FEg diskE AlFEth o2l ERE A% o)Al Ejolvy FHYElES WA EF el s ot
EE dug]F (Adatron Algorithm)S 7% 2 3}aL 9t} ol ER dard]E2 AES (Kemel Function)oll 9Jske] WjH-3-3F

o X HEe] WAE wAFo =M WA 2T EA A WF&M 453 apnik, 1992, 1995; Principe et al., 2000).
2 Ao M= SAIZEE (Step Size)S 0.001, HT WHESISEE 10,0008 2 ARSI TR 18 12 E o] e
SVM-NNM 722 UERd Aot

22 CESHY EER AMAYDE (Multilayer Perceptron Neural Networks Model, MLP-NNM)

U HAIEE 214U (MLP- - SVM-NNMO] FFal52S Hlusly] 913k A4 s S} .l
o MIPNNME 983, 295 2 21 Aolel 17 & 1 o) puFem P4l Qlom, 7 FolNe) wrr
otk o) weseh 4 1™abl QAEe] AT e B 7oA MIPANNME Hgalt e Fel
HeEagon s} glrk Ao T W wAULIYE Bt} MLPNNME] HH v s
e m7iE o8-8t MLP-NNM®| HIAEZAS G813t} (Haykin 2003). i Aol FRdare]Es s -
) E (Levenberg-Marquardt) &al#]&-S o]-&3lom, o vkE-819== 10,0003 = 24813t

?

01\1'

N
K

2.3 FHAF L02|F (Genetic Algomhm, GA)

W ATelA FAAE daels (GA)—°— A Wdle Faxs 2 wARSARE o83k SYM-NNM 2 MLP-NNM &
FHAT)E Bold, T HAlE 3 WA ZgelA FgdE SVM-NNM 9 MLP-NNM< 01%0}04 Hl~ExLR gk XA
de At d HeE 71350]—: Aotk GAT 7 94¥% x=ol digh WEIA} 55 Multiplier)E 2L 9loH, HE
TR diste] BAVHOR GAS AMSEHA &8 AR AR F U AT HAEX R dste 7P 4
Al £9E 4 A= SVMANNM % MLP-NNMS 1A e zl\” ALt AFAME GAY AES fste] Aldlgs
(Generation)= 100, 4294|4= (Chromosome) 50 2 FHth WHE-319== 10,0003] = A3} ch
. NZLEHY 7MY ME
31 EMUAXE 2 EXIRS MY

2 ATelA e AAHRES A8al] At 8 FARARE G Bl AAg s FHEAEeR A4
sglom, YEAE R TN P HEu FRAHe TAEE o] 8313 E]r/‘i 7} AR TSP
71e] AAmFolA Ao AlFAdo] i—%—% a9 ARE FEREE ’ﬂ‘éqo}oiq Sk EAPE 12718 AA YRS
o] T, 1—’?47\]‘” 3s 2%

o) SRS % EAPANE A5 A4l HAe gl Aotk
R A|2~El (Water management information system, WAMIS)S] Z#o]#] (
SohATE Oy T 12 B Aol AHBE SR9ARE Uehie )

Ao A8 AE= 7} TZ}%’FJ
www.wamis.go.kr)9] F& F/IAEE ©

ﬁ—“ioﬂ

w

.2 EHIAH (Training Performance)

B ATte] FAAAE SYMNNM ¢+ MLP-NNM2] &9
Fae] FFAEE Fﬁﬁ}ﬂ(ﬁ 1*3;}91% kAo g YHATES
B0l A2 tE U9EA #5E #ES YRl 7] wiEel 0131?‘& PHHATES &

FES AMATe RN, 7t HgEEe WVJEI Y= AAS) Y93 Aew dgkdcnt b B o
AR AR S 480702 FHEHITh

WXIHS2A (Cross-Validation Performance)

B ﬁ%b] WRPAFIL SVM-NNMEF MLP-NNM7F 2 4 RMSEoﬂ gl g7lx] RE FEAEE &
Aol ofa1, 7t FRigkAle] mpxdo| M}ﬁthiﬁ nzpEEE otk whek BAgE 5
o] PWHAlFoAte FHHAFL FHAEY) AHF] FHE L 9% A% AEA] %

t} (Bishop, 1994; Kim and Kim, 2008b). wehA] oi?oﬂxi WA Z A AR AR = 240702 AT

AZIA 8=

Gl
W gHAERE

3.4 E|AEDE (Test Performance)

HoAge] HAEAAL T 9 wAHFTIS Sslo] APdE mlRgE o
A ATl A HIZERAGl| AR A= g5 240702 SIS e 1™ 2
d=9] H2EAF gk vuE Yepd Zolth w3 o % 2 Z

galo] HlREARS AT u
L U7 2% R HoA B9
AFEA AN ElmEA T e

s
£©
off
ol
2L
offt
3%

2194



SVMANNM MLP-NNMe] §714] Zake ekl 9ok 28] 29 3 28 $510) SVMNNME] 23447} MLP-NNM®]
ABAEL} v A4sA e AoR UERT

4.4 B

E AFollMe= YA sRddM e 919 dSTES B3 HAY TS AIAE A4S flste] BAIEA 8
O|ES V2R & AAWEHQ SVMNNM 2 HHEZHQl AAWREHQ] MLPNNME: o]&3l5ith wetr] Y57 «
AFAAANN TR ASS flst] wEn 2 Axw FHEAHe] IFAAERE JEAER Atk
SVM-NNME] ZZEX]7} MLPNNME] AR} vjhsi gadt Aoz FAFLy a8y 2 A= 259
of gk AJZFAQl B sEelE AaAzke] n7t A3 glglen, JEzEe] AT 27 A3nk A
W 59 APdE AelE E ek o] 83l uhekA] ARt

}01‘ k;];
i

o

>~ E2
s

Fdoll tiste] wiF arefed A9 i AellA &
o T2 A%E FEY 75 g Aolrh sARE & A4 AAE SVMNNMS F5-9]of|50] A=
T

7}
= A

Al 4= Qe AoE FuET, o5 7R sl FHE FRASA|AES FAY - IS Aeg ke T3 G5
=

o

=
(<0
.
1
i
w2 2

ore] olefdt HH FrAdSAATe TH R Yy s Adshes AReske] 7]l AA 2 AFEr
o] Aol oA Fa7 7|2 ARE Aled o gleet Ak, FR-eeke] RS Srshet el | Ao

1. Bishop, C.M. (1994). “Neural networks and their applications.” Rev. Scien. Instru. Vol. 65, pp. 1803-1832.

2. Haykin, S. (2003). Neural networks : A comprehensive foundation, 4th Indian Reprint, Pearson Education, Singapore.

3. Kim, S, and Kim, H.S. (2008a). “Uncertainty reduction of the flood stage forecasting using neural networks model.”
J. Americ. Water Resor. Associ.,, Vol. 44, No. 1, pp. 148-165.

4. Kim, S, and Kim, H.S. (2008b). “Neural networks and genetic algorithm approach for nonlinear evaporation and
evapotranspiration modeling.” J. Hydro,, Vol.351, pp. 299-317.

5. Vapnik, V.N. (1992). “Principle of risk mimization for learning thoery” , Adv. Neural Inf. Processing Syst. Vol. 4, pp. 831-838.

6. Vapnik, V.N. (1995). The Nature of statistical learning theory, Springer Verlag, NY.

7. Principe, J.C., Euliano, N.R., and Lefebvre, W.C. (2000). Neural and adaptive systems; fundamentals through simulation, John Wiley
& Sons, Inc., NY.

Input Layer Qutpui Layer

I

b
[4# . — Stage_Jin

Summation

ﬂ
Srtage ko -
—

Stage Juk 4’%

% 1. SVMENNM 2| 7=

2195



Flood Stage(m)

14.0

Jindong Station (Test Data)

Observed
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1991.08.22 - 08.31 240 8.35
1993.07.11 - 07.20 240 8.21
A==
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2003.09.11 - 09.20 240 12.07 HF wln]
1991.08.22 - 08.31 240 8.34
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1993.08.07 - 08.16 240 8.97
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1991.08.22 - 08.31 240 8.78
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s 1993.08.07 - 08.16 240 9.01
2003.09.11 - 09.20 240 11.70 HF wjjr]
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Models
Station Statistical Index
SVM-NNM MLP-NNM
CC 0.977 0.972
RMSE(m) 0.991 1.007
Jindong

E 0.904 0.900
MAE(m) 0.037 0.786
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